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Abstract

This thesis examines the techniques and technologies that can lead to a more optimized, more
accessible, and more sustainable WEB and E-commerce. The development of software tools in both
PHP and Python programming languages is undertaken, leveraging advanced Large Language Models
(LLMs) and Natural Language Processing (NLP) to automate E-commerce processes previously
deemed inaccessible. To confirm and enhance the results of the research, data analysis tools, predictive
modeling, and Machine Learning (ML) algorithms were utilized. Throughout this research, all the
aforementioned technologies are harmoniously combined, leading to an E-commerce that will not only
survive but thrive in the future's intense competition.

This research is divided into four distinct chapters, each specialized in one of the
aforementioned technologies. The investigation begins with LLMs, exploring ways to integrate them
into E-commerce and how their advanced Artificial Intelligence (AI) and NLP capabilities can automate
E-commerce processes. Subsequently, an exploration of Web Accessibility is undertaken, highlighting
its status as an emerging domain for future consideration within the virtual landscape. This occurs
notwithstanding the escalating demand for an enhanced level of accessibility on the web. Progressive
Web Apps (PWA), anew web technology relying on cutting-edge technologies to transform web pages,
particularly E-commerce, into a multi-device tool, increasing accessibility and usability, are then
explored. Subsequently, an evaluation of PWAs regarding accessibility and their ability to deliver on
promises is conducted. Subsequent to the ongoing research, each aspect of Search Engine Optimization
(SEOQ) is systematically examined, exploring opportunities within diverse domains under E-commerce
umbrella, including retail E-commerce and service-oriented sectors such as booking platforms. This
involves identifying SEO techniques and technologies that exhibit heightened efficacy in securing
elevated rankings on search engines and fostering increased organic traffic. Another technology,
Accelerated Mobile Pages (AMP), and how it contributes to the growth of an E-commerce's visibility is
finally explored.

During the exploration of LLMs, the initial focus was on investigating NLP and its capacity for
understanding human language, the Generative Pre-trained Transformer (GPT) architecture, and its
innovative use of transformers and self-attention mechanisms to process input sequences. This
encompassed the pre-training phase involving billion parameters utilized in the training of GPT
models, as well as their capability to undergo fine-tuning for domain-specific tasks. Subsequently,
specific attention was given to GPT-3.5, GPT-4, and LLaMA-2 models. Their integration into E-
commerce was scrutinized, and potential enhancements, such as automation, were explored to
significantly improve both functional and customer-centered aspects of online commerce. It's important
to note that this exploration went beyond LLMs, delving into renowned NLP models such as BERT and
RoBERTa. Additionally, unsupervised and supervised learning algorithms like k-means clustering,
content-based filtering (CBF), hierarchical clustering, as well as logistic regression and neural network
algorithms were examined. To achieve the research objectives, Chrome Apps and flask-based APIs
were developed using Python and JavaScript. The aforementioned models underwent fine-tuning
through few-shot learning tailored for specific domains, providing valuable insights into the
integration of LLMs and NLP within the realm of E-commerce. The focus extended to hot topics,
including sentiment analysis, recommender systems, sustainable purchasing decisions, and churn
modeling. This comprehensive examination aimed to uncover the practical applications and benefits of
leveraging advanced language models for optimizing the E-commerce landscape.

In the examination of Web Accessibility, through a critical review of Web Content Accessibility
Guidelines (WCAGQG), each design principle, guideline, check point and success criterion were identified
and presented in detail. Limitations in WCAG were identified in terms of both Accessibility Guidelines
and efforts made by web developers and machine auditing tools. As the investigation progressed, a
shift in focus occurred towards an emerging web app technology known as PWAs. PWAs rely on a
blend of cutting-edge technologies such as service workers, app shell architecture, web app manifest,
and caching storage API for offline functionality. In a parallel critical evaluation, the advantages and



limitations of adopting this innovative technology were explored. A sample of PWA websites and E-
commerce platforms was selected, and a comparative analysis against their non-PWA counterparts was
manually conducted employing popular accessibility evaluation and auditing tools. Valuable insights
regarding the accessibility of PWAs compared to non-PWA websites were derived following sample
collection and a descriptive analysis utilizing Jupyter and Python. This study underscores the
imperative role of accessibility in the web landscape.

During the systematic literature review (SLR) in SEO, the necessity of SEO techniques and
technologies for the correct presence of E-commerces on the World Wide Web and for higher rankings
in the Search Engine Result Pages (SERPs) is established. The research is not limited to SEO Techniques;
instead, the use of existing web technologies to boost SEO is suggested. For the purpose of the research,
prototype tools in PHP and Python with crawler-like features were developed. These tools are designed
to analyze targeted web pages, extracting valuable insights into the SEO techniques utilized on those
pages. To simulate real-world conditions, these tools were connected to AP]Is, allowing them to retrieve
additional metrics such as the number of backlinks, Domain Authority (DA), keywords, search ranking
positions, responsive design, and website speed. Moreover, a pre-trained model was engineered
through the integration of ML and predictive algorithms into the software. This model facilitated the
precise prediction of the requisite number of backlinks and DA essential for a website to attain first-
page ranking in search results, all while considering the intricacies of its competitive landscape. These
particular tools have been released as open-source on GitHub, providing non-specialized SEO teams
and business owners with the opportunity to implement SEO strategies and observe results through
the software's recommendations. To confirm the tools' effectiveness and obtain more concrete insights
into which SEO techniques are more efficient, case studies were conducted on specific domains within
live E-commerce platforms.

Following the research, the rapid growth of the mobile phone industry was observed, leading
to the exploration of alternative methods for developing web apps that are more mobile-friendly. One
technology that captured the interest of webmasters was AMP. By utilizing existing technologies and
imposing certain restrictions, AMP aimed to create pre-loaded web pages with advantages in terms of
load time. These pages not only offered a reduction in page size but also improved rankings in search
results, resulting in increased organic traffic due to their speed and user-friendliness. To ascertain
whether the promised speed and ranking benefits are indeed delivered by AMP, a comparative analysis
on the pages of a live E-commerce site was conducted in comparison to the corresponding pages of the
same E-commerce site created using AMP technology.

Keywords: Accelerated Mobile Pages, Churn Modeling, Customer Satisfaction, E-commerce, Few-shot
Learning, Fine-tuning, Large Language Models, Machine Learning, Natural Language Processing, Organic
Traffic, Pre-trained models, Progressive Web Apps, Recommender Systems, Search Engine Optimization,
Unsupervised Learning, Web Accessibility
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H mtagovoa diatoiPr] e€eTdlel TIC TEXVIKES KAL TEXVOAOYLEG TTOL UTTOQOVV V& 00N YOOV O
évat O PEATIOTOTIOUEVO, TIO TIQOOPRACLUO KAL TO BLWOLHO TAYKOOHLO 0TO KAl NAEKTEOVLKO
epmoglo. ' Tovg okomovg g €pevvag, avantixOnkav egyaleia Aoylopkov 1éoo o& YAwoooa
nipoyoappatiopov PHP 6oo kat oe Python, eva xonotpomow|Oniay moonypéva Meyada I'Awooua
MovtéAa (LLMs) kat povtéAa Eme&eoyaoiac Puvowric I'Adooag (NLP) yux tnv avtopatomnoinon
OLdKATIOV NAEKTQOVIKOV EUTIOQIOV TIOL  TEONYOLUEVWS Bewpovvtav dvompodottes. ' va
emuPeBatwdoiv kat va evioxyvboLv ta anoteAéopata G €Qevvag, XonoLHonomOnkay eoyadeio
avAALONG dEDOUEVWY, TIROYVWOTIKY] HovteAomoinon kat adydolOuol unxavikrs padnong. Kad’
OAN TN dudQKeElx AUTNG NG €QELVAG, OAEC Ol TEOAVAPEQOUEVES TeEXVOAOYIleC cuvdvalovto
aQUOVIKA, 0dNywvTag o€ éva E-commerce 1tov 0L [LOVO O etiPraioel aAAd Oa axpdoel otov EVTOvVo
QVTAYWVIOUO Tov pEAAOVTOC.

H nagovoa égevva dlangeltan oe té0oepa dlakQLtd kepaAaiax, to kabéva eEeduevpévo oe
pia amo tig meoavagepOeioeg texvoloytec. H épevva Eexiva pe ta Meyada T'Awoowa MovtéAa
(LLMs), €£eQevvavtac TEOTIOUS EVOWHATWOT|G TOUG OTO NAEKTQOVIKO €UTIOQLO KoL TIWS OL
noonypéveg kavotnteg Texvntig Nonpoovvng (TN) wkoaw Emefeoyaoiag Pvowrc I'Awooag
HLTTOQOVV VOt ALTOHATOTIOL|TOLV TIG DLadIKATEC TOL NAEKTQOVIKOV emoQiov. Xan ovvéxewn, YiveTol
Hix égevva tng IoooPaoipdtntac otov lotd, emonuaivovtag t 0€omn g ws avadvOKEVOL Ttediov
vYix to péAAov. ‘Emerta, e€etalovtat ot ITpoodevtikég Epappoyéc lotov (PWA), pa véa texvoAoyia
LOTOL IOV PacileTal oe TQONYIEVES TEXVOAOYIEC YIX TOV LETATXUATIOMO TWV LOTOOEADWYV, ELOUKA
TOU NAEKTQOVIKOU gUTIOQlOL, O& €va eQYAAEl0 Yir TIOAAATIAEC OVLOKEVES, auEAvovTag ThV
TIEOOPACLUOTNTA KAL T XONOTIKOTNTA TOUG. LTI CLVEXELR, TIOAY HLAXTOTIOLE(TAL LA AELOAGYNOT) TV
PWA oxetkd pe tnv mMEOOBACIHOTTA OV TIROOEQEQOLV. L OLVEXELX TG é0evvag, efetdletal
ovotuatikd kaOe mTvxny ¢ BeAtiotonoinong Mnxavav Avalrtnong (SEO), e&epevvavtog
evkapleg o0& dLkPOEOUG TOHES KATW Ao TNV OUTIREAQ TOL TAEKTQOVIKOV  gpTtoQlov,
OLUTIEQLAAUPAVOLEVWY TOU ALAVIKOU TAEKTQOVIKOU €UTIOQIOV Kol TWV TOHEWV TIOU TIAQEXOLV
LTNEETiEG, OTWS Ol TTAATPOQIES KQATIOEWY. EEKIVWVTAC LLE TNV AVAYVOQLOT] TWV TEXVIKWVY Kol
texvoAoywwv SEO, evtomifovtal eKelveg OL TEXVIKEC TMOL ELVAL TUO ATOTEAEOUATIKEG YiX TNV
eEaopaAion vYMAOGTEENS KaTATAENg oA anoteAéopata avalyTnong Kat aLENUEVNS 0QYAVIKT|S
eruokePppotnTac. TéAog, e€etdletal n texvoloyia Erutayvvopeveg eAideg yia Kivnta (AMP) kat
WS OLVUPAAAEL 0TIV AVENOT TNG eTOKEPLUOTNTAG 08 MAXTPOQLEG NAEKTQOVLKOV ELLTTOQLOV.

Kata v éoevva twv MeydAwv INwoowwv MovtéAwv (LLMs), egevviiOnke agxukd n
EneEegyaocia Puvoumc F'Awooag (NLP) kat 1) tkavottd e va Katavoel v avionvn YAwooa,
v apxttektovikt) tov Generative Pre-trained Transformer (GPT) kat tnv Katvotopo xorjon twv
transformers Kol TWV UNXAVIOHWOV QUTO-TIROCO0XTS Yix TV emefepyaoio akoAovOiv eloodov.
EoevvnOnke madAANAa n @aon g mEo-ekmaidevong mov TEQIAAUPBAVEL VA DLOEKATOULUQLO
TIOQOLLETQOUG TTIOL XQT|OLLLOTIOLOVVTAL KAT TNV TRO-ekTtaidevon) twv povtéAwv GPT, kabwg koL
dvvatotntd Tovg va vmootoLv  Aemrtopeor ovOuon (FT) yix eoyaoiec mov  agogovv
OUYKEKQLUEVOUG TOpEl. Xan ovvéxewr, N éoevva edkevTNke ota povtéAa GPT-3.5, GPT-4 kat
LLaMA-2, efetalovtac TV EVOWHATWON] TOUG OTO TMAEKTQOVIKO €UTIOQO0 Kal TG TOavég
PEATIOOELS, CUUTTEQUARILBAVOREVIC TS AVTOHATOTIOMONG, TTOL Bat LTTOPOVOTAY VA TIQOTPEQOLY YLt
™ PeATion TV AEITOLEYIOV KAl TV TEEAATOKEVTOIKWY TITUXWV TOL NAEKTQOVIKOV ELTTOQLOL.
A&iCet va onpelwBel 0L 1 magovoa égevva vrtepPatvetl tae LLMs, kaOdg eEetdotnkay AeTTopeQS
otdonua povtéAa NLP, émtwg to BERT kat to RoBERTa. ErumAéov, efetdotnrav aAyoptOpot un
ETTOTTEVOLLEVNC KAL ETIOTTEVOLEVNG HAONONG, 0TI oL opadortomjoels k-means, To pUATOdQLOpX
Paowopévo oto meptexopevo (CBF), ou tepapxikéc opadomowoels, kabws Kol oL aAyoglopot
AOYLOTIKNG  TALVOQOUINOTG KAl VELQWVIKWY Owktbwv. T'ix toug owxomovg Tng  épevvag,
onuoveynonkav epagpoyéc Chrome kot APlIs Baowopéva oe Flask xonowpomnowdvtag Python kat
JavaScript. Tat mooavageg0évta povtéAa véotnoav Aemtopeor) eLO o (FT) Yy ovykekoipévoug
ToLElS, TapéxovTac alloAoya amoteAéopata yiax TV eVowpatwor] twv LLMs kat NLP otov topéa



TOL NAeKTEOVIKOU eumtopiov. H épevva eotinoe oe kopupala OEépata, CVUTEQLARLBAVOIEVNC TG
avadAvong oLVALTONUATWY, CLOTNUATWY CVOTACTC, CLOTHUATWY ATIOPACTC BLWOOLLWY AYOQWYV
KQL TOU HOVTEAOTIOMTIKOV XEQLOLOV AOXWENOTNG. AvTr) 1] o@aiown] eE€Taon elxe wg 0TOXO TV
ATIOKAALYPN OAWV €KEIVWV TIOAKTIKWV EQAQLOYWOV KAL TOL OQEAOVS atd T XOT|ON TQOTYHEVWY
HOVTEAWV YA@WOOAGC Yiot T PEATIOTOTOMOT TOL NAEKTQOVIKOU €UTIOQLOV.

Kata v e&étaon tng meooPactotntag otov 1oto, péow g KQLTIKNG avaoKOT oG TWV
Oonywv  IoooBaowotntag Ilegiexopévov tov Iotov (WCAG), avayvowolotnkav —kat
TIQOVOLACTIKAY AETTOUEQWS KkAOe apxr] oxediaong, odnyia, onuelo eA€yxov kat KQOLTHOLO
erutvyxlac. Qg anotéAeopa g éoevvag, evtomtiotnkay meplogtopol ota WCAG tdéo0 doov apopd
TIc 0dnyieg mMEOOBACIHOTTAS, OO0 KAl OTIC TIROOTIADELES TWV TIOOYQAUATIOTWY LOTOV Kol To
eoyaleia  avtopatorompévov  eAéyxov. Kabwg n éoevva mooxweovoeg, M avaduopevn
TeEXVOAOYi epaQUOYTS LoTov ToL elval yvwot] wg Ilgoodevtikéc Epaouoyés lotov (PWAs)
epevvnOnke oe Paboc. Ot PWAs BaciCovtal g évav cuvOLAOO TOOTYHEVWV TEXVOAOY WV, OTIWS
oL vmnpeoieg service workers, 1 AQXITEKTOVIKY] TOL KEAVPOUS €QAQUOYTG, TO HAVIQEOTO TIG
EPAQHOYNS LOTOV KAL N ATOOT)KELOT) TEOOWELVNG HVTLNG Yix Aettovgyia extog ovvdeonc. Katd t
OLdoKeElX UG TIXQAAANANG KQOLTIKNG AELOAGYNONG, €EETATTNKAV TA TAEOVEKTIHATX KAL OL
TEEQLOQLOHOL TNG VIDOETNOTG AUTIS TG KALVOTOROL TeEXVOAOYiag. Zuvdualovtag TIg YVWOELS IOV
amokoplotnkav oxetucd pe v IoooPaoipotnta kat tic PWAs, emiAéxOnie éva delypa lototontwy
KAL  TTAQTQOQUWYV  NAEKTQOVIKOU  €UTIOQIOL  TOL  XQNOLUOTIOOUY TNV  TeXVoAoyia avth.
Xonowomowvtag dNUOPIAY eoYadelar aELOAGYNOTNG TOOOPACIUOTNTAS KAl eQyaAeia eAéyxov,
OleveQynOnke YewQokivnn OoLYKQLTIKY] avaAvon évavtl twv avtiotolxwv pn-PWA. Metd
OULAAOYN DELYHATWV KAL TNV TEQLYQAPIK avdAvon e ) xonon Jupyter ko Python, 1 éoevva
KATEANEE 08 TOAVTIHA amtoteAéopata OXETIKA e TNV oooPactpdtnta twv PWAs oe ovykolon pe
TOUG LOTOTOTIOVG TIOV deV XEnatpomoovy PWA. Avtr) n peAétn vmoyeappiCel Tov amaaitnto goAo
TNG TEOOBATIHOTNTAS OTOV LOTO.

Kata 1 dudokewx NG OLOTNHATIKNG avaokomnong g PipAoyoapiac (SLR) otn
BeAtiotomoinon Mnxavwv Avalnitnong (SEO), toviotnke 1 avaykaldt)ta TV TEXVIKWY KAl
texvoAoywv SEO 1600 yix TN OwoT] MAQOLOIX TWV TNAEKTOOVIK@V KATAOTUATWV OTOV
INaykoopo Iotd 600 kat yix vymAdtepes katatalels ota anmoteAéopata avall)Tnong 0QYaVIKOU
tomov (SERPs). H magovoa épevva wotooo dev megropiletat povo otig vrtdoxovoeg Texvucég SEO.
AvtiOeta, mooTelveTal 1 XONOT LTTAQXOLVOWY TEXVOAOYLOV LoTOV Yiar TNV evioyvon tov SEO. '
TOUG OKOTIOUG TNG €gevvag, dnuoveynOnkav mewtdtuvnia epyaldelia oe PHP war Python pe
XXQAKTIOWOTIKA TAQOHOWx HeE avtd evog crawler. Avtd ta eoyadeia avaAvouvv otoxevpéva
totooeAideg, eEdryovtag mMOAVTIHA OToLx el OXETIKA e Tig TexVikéc SEO mov xonotpomoovvtat o€
avtéc. I'w va kaAveBovv oL teéxovoeg avdykes oto SEO, ta ovykekQuléva eoyaleio
ovvdvdotniav e APls, eTitQémMovVTdg TOvS VA avakToUV eTUTIAEOV OEdOHEVA, OTIWS O AQLOLLOG TWV
backlinks, 1 e€ovoia tov topéa (DA), Aé€eic-kAedid, Oéoelg otic avalnToels, oxXedAOUO Yix
TOAAQTIAEG OLOKEVEG Kal TaxVvTnTa G WtooeAidac. EmmAéoy, péow g evowpAtwong tng
HNXaviKnG pabnong kot aAyoplOuwyv meopAeymng ota Aoyiopd avtd, dnpoveynonike éva mo-
EKTIAXOEVHEVO HOVTEAD. AUTO TO HOVTEAOD dlevkOALVE TNV aKELPpr] TEOPAedN Tov anagaitntov
aoOpov backlinks kat e e£ovaiag tov Topéa (DA) mov MEETEL va €xeL (it LOTOTEADA Y Vo
KeQOLOEL TNV KATATAEN OTNV TIRWTH OeAdA TwV AToTEAETUATWVY avalytnong, AappdvovTac vTToYn
TO AVTAYWVLIOTIKO TG TTEQLRAAAOV. Tar egyadeion Tov dNUIOLEYTONKAY VLot TIG AVAYKEG TNG £0ELVAG
éxovv dnpootevtel we avoktov kwduka oto GitHub, mapéxovtac oe pun-educevpuéveg opddec SEO
KAl WOOKTTEG EMIXEWQNOEWV T duvatdtnta va vAoroujoovv otoatnywkés SEO kat va
TIOLQALTNQT)OOLY T ATIOTEAETUATA HEOW TWV OLOTAOEWV TOL AOYIopKOL. 'l va emufeBatwdel n
ATIOTEAETUATIKOTTA TV €0YaAelwV, kabws Kol Y va oeBovv moteg amd Tig texvikég SEO etvat
MO  ATOTEAEOHATIKES, OleENXOnNoav HeAETEG TEQIMTWOEWYV O OUYKEKQLLEVOUG  TOUELS
NAEKTOOVIKOU EUTIOQLOV.

Y10 tedevtaio otadlo e €pevvac, maQatnonOnke 1 dvodog g Blopmnxaviag Kivntwv
OLOKELWYV, TIOL WONTE TOVS DIAXERLOTEG LOTOV VA €EEQEVVIIOOLY EVAAAAKTIKES LeOOOOLE Y THV



avATTLEN LOTOCEAIDWVY MOV ElVAL TTEQLOCOTEQO PLALKES TIQOG TIG KIVITEG OLOKEVES. M TexvoAoyia
TIOL KEQOLOE TO €VOLAPEQOV TV DLXEIQLOTWY LOTOL Ntav ot Emitayvuvopeveg LeAdeg Kuvntwv tng
Google (AMP). XonoOwomoLVTaS ULTAQXOVOES TEXVOAOYleC kal emPAAAOVTAC KATIOLOUG
meQlogLopovs, ot AMP eixav wg otoXo TN dNUIOLQYIA TIQO-POQTWHEVWY LOTOOEADWY e
TIAEOVEKTIUATO OO0V APOQA TOV XQOVO POQTWONGC. AUTEC OL 0eALdES TTIROTPEQOLY OXL LOVO LLeiwan
oL peYEBoug Tne oeAldac, aAAd kat PeAtiooon TV katatdéewv ota anoteAéopata avalrtnong,
He amotéAeopa TNV aLENUEVT] 0QYAVIKT] eTUOKEPIUOTNTA AOYw TNG TaXUTNTAS TOUG KOl TNG
PUIKOTNTAG TOLG TIQOG TOV XONOTN. Le auTrVv TN peAétn, yia va eEaxotpwdel eav ot AMP modrypatt
TIAREXOLV T VTIOOXOUEVA OQEAT] O& TaXUTNTA KAl KATATAED, TEAYHATOTOW|OnKe oLYKQLTU
avAALON OTIG OEADES EVOG LOTOTOTIOL NAEKTQOVIKOV EUTIOQLOL O€ TXE0T) HE TIG AVTIOTOLYEG OeALdEG
TOV (O10V LOTOTOTOL TIOL XONOLHOToOVOAY TV TeXVoAoyiae AMP.

Aé&eic KAedia: BeAtiotonoinon Mnyavav  Avalntnone, Emnefepyacia Dvokne TI'Awooag,
Emutayvvopeveg Xedidec yia Kwvntéc Xvokevéc, HAextpoviko Eumopio, Ixkavomoinon IleAatwv,
Aemtouepnc PoOuion MovtéAwv, MaOnon MovtéAwv ue EAdxiota Acdouéva, Meyala I'Nwooika
Movtéda, Mn Emontevouevn MaOnon, Mnyaviky Ma0Onon, Movtedomomtikoc Xeipiouoc
Arnoxwpnong, Opyavikn Kivnon, Ilpo-exnaidevuéva MovtéAa, Ilpoodevtikéc Epapuoyéc lotov,
Ipoopaoipotnta Iotov, Zvotnuata Xvotaons
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Preface

This thesis is submitted in fulfillment of the requirements for the degree of Doctor of Philosophy at the
University of Peloponnese. The research presented here was conducted at the University of
Peloponnese under the supervision of Professor Nikolaos Tselikas.

The main subject of this thesis is to maximize web usability, user experience, accessibility, and web
traffic in E-commerce by integrating software, Machine Learning (ML), Large Language Models
(LLMSs), Natural Language Processing (NLP), and Search Engine Optimization (SEO) techniques. This
thesis is based on a collection of twelve papers published in international journals and conferences,
which have been adapted to fit into four main chapters.

The main chapters are preceded by an introductory chapter that establishes their interrelation, provides

background information on the study's significance, and includes a summary of each. Finally, the
concluding chapter presents the main points and prospects of this work, bringing the thesis to a close.
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1. Introduction

In today's digital landscape, e-commerce is experiencing rapid growth, driven by technological
advancements and shifting consumer preferences. The traditional boundaries of physical commerce
have disappeared, giving rise to an interconnected network of online marketplaces. Within this
dynamic realm, businesses fiercely compete for attention, and consumers leverage technology to make
purchases from their screens.

The competition within this marketplace is intense, demanding that businesses be agile,
adaptable, and innovative to thrive. Unlike traditional commerce, e-commerce is a fluid environment
where businesses navigate challenges through technological solutions and innovation.

Armed with digital knowledge, consumers now expect more than mere transactions; they seek
engaging experiences where each click and interaction unfolds seamlessly. To secure not just a click,
but a purchase and loyalty from customers, businesses must not only meet but surpass these
expectations.

The key to success in this dynamic e-commerce market is technology and innovation.
Businesses utilizing these tools to innovate and adapt stand a better chance of thriving amid
competition and evolving consumer expectations.

This thesis delves into the intricate relationship between technology, innovation, and e-
commerce. By scrutinizing and combining cutting-edge advancements, the aim is to uncover strategies
that not only sustain present-day e-commerce but also propel it into the future—a future where e-
commerce remains a dynamic stage for those who master technological innovation.

1.1. The Role and Necessity of Al in E-Commerce

In the dynamic realm of e-commerce, the rise of Artificial Intelligence (AI) emerges as a
transformative influence, redefining the dynamics of businesses' interactions with their digital
audience. At the forefront of this Al revolution are Large Language Models (LLMs) and Natural
Language Processing (NLP) models, scientific breakthroughs that transcend the conventional
boundaries of human-computer interaction.

LLMs, with their colossal neural networks and powerful language understanding capabilities,
redefine the very essence of digital communication. Exemplified by pioneers like GPT-3, these models
have the capacity to comprehend and generate human-like text, unlocking a new dimension of
possibilities in e-commerce [1]. LLMs enable machines to not just respond but to converse, empathize,
and understand the nuanced language of consumers.

NLP, a counterpart in the Al family, empowers machines to decode, interpret, and respond to
human language in a manner that exceeds mere syntax [2]. This linguistic advancement allows e-
commerce platforms to bridge the gap between user intent and machine understanding, facilitating a
more intuitive and natural interaction between consumers and the digital storefront.

1.1.1. Enhancing the E-Commerce Experience through Al

The integration of Al technologies, specifically LLMs and NLP models, in the e-commerce
ecosystem marks the beginning of a revolutionary phase in transforming customer experiences. These
technologies go beyond mere algorithms; they contribute to shaping a digital environment
characterized by personalization, smooth operation, and responsiveness.

¢ Improved Personalization: Al, with its capacity to analyze extensive data sets and comprehend
user behavior, empowers a degree of customization that surpasses the conventional boundaries
of targeting based on demographics. Language models like LLMs and NLP models unravel the
subtleties of individual preferences, crafting personalized shopping experiences to align with

the distinct tastes and requirements of every individual consumer [3].

e Streamlined Operations: Al serves as a discreet conductor, optimizing processes for optimal
efficiency and precision. Whether it's managing inventory or fulfilling orders, Al algorithms,
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driven by data-driven insights, guarantee the seamless operation of every aspect of the e-
commerce machinery. This not only automates processes but also contributes to enhanced
customer satisfaction.

¢ Data-Driven Decision-Making: The union of Al and e-commerce stands as a testament to the
prowess of data-centric decision-making. Language models like LLMs and NLP models
navigate through vast datasets, extracting actionable insights that empower businesses to make
well-informed decisions [4]. Whether it's suggesting products or devising pricing strategies,
Al-driven analytics acts as the guiding compass steering e-commerce enterprises through the
intricate landscapes of the digital marketplace.

1.1.2. Key Competitive Advantages Using Al

In the relentless quest for a competitive edge, Al emerges as a powerful ally, equipping e-
commerce platforms with capabilities that redefine industry standards.

¢ Improved Customer Service through Chatbots: Empowered by LLMs and NLP models, Al-
powered chatbots redefine the concept of customer service. These virtual assistants provide
instant, 24/7 support, addressing inquiries, resolving problems, and participating in natural,
context-aware conversations [5]. The outcome goes beyond efficient customer service, creating
an interactive and engaging digital storefront experience.

¢ Enhanced Product Recommendations: The age of generic recommendations fades away as Al-
driven personalization takes center stage. Leveraging LLMs and NLP models, the
recommender systems scrutinize user preferences, purchase history, and real-time behavior to
provide tailored product recommendations that align with individual tastes [6]. This doesn't
just enhance the shopping experience; it also fosters heightened customer satisfaction and
loyalty [3].

e Efficient Search and Discovery Mechanisms: Leveraging the natural language understanding
of LLMs, search algorithms are enhanced, allowing users to express their queries in a
conversational manner [7]. NLP-driven search engines decode the context of user intent,
providing results that are more accurate and relevant. This not only minimizes search friction
but also empowers users to seamlessly explore and discover products.

The integration of Al in the e-commerce domain holds paramount significance, presenting
robust tools to both customers and businesses. These tools not only result in time savings but also
contribute to the enhancement of the overall user experience.

1.2. The Imperative of Web Accessibility in E-Commerce

As we navigate through the remarkable transformations brought about by Al in the e-
commerce domain, it becomes crucial to address an aspect of digital commerce that is fundamental yet
often overlooked: web accessibility. Accessibility in the e-commerce context transcends mere
convenience—it embodies the principle of creating a digital marketplace that is accessible, ensuring
that everyone, including people with disabilities, can navigate, understand, and interact with online
platforms [8].

The significance of web accessibility is undeniable. It broadens the market reach by ensuring e-
commerce platforms are universally accessible, embodying the principles of web accessibility [9]. By
incorporating accessibility features, e-commerce entities not only break down barriers but also
demonstrate their dedication to delivering an equitable shopping experience. This accessibility,
consequently, widens the audience scope, allowing businesses to access a market segment that has
traditionally been underserved.
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1.2.1. Beyond Moral and Legal Obligations

While the adherence to web accessibility standards is commonly discussed in the context of
moral and legal compliance, the argument for improving accessibility holds significant business merit.
In the digital era, consumers are attracted to brands that align with their values and ethics, and
accessibility stands out as a crucial consideration. Improving web accessibility, therefore, transcends
mere regulatory fulfillment; it represents a strategic investment in constructing a brand that connects
with a broader demographic, encompassing the over one billion individuals worldwide living with
various forms of disabilities [10].

The rationale extends beyond ethical considerations; it is firmly grounded in robust business
logic. E-commerce enterprises, through expanding the accessibility of their platforms, tap into a
consumer market segment that holds substantial size and purchasing power. Additionally, accessible
websites generally provide an improved user experience for all customers, not solely those with
disabilities, fostering higher satisfaction and loyalty [11]. Essentially, by giving precedence to web
accessibility, e-commerces go beyond mere compliance with standards; they actively elevate their
market appeal and competitive edge.

1.3. Progressive Web Apps: Bridging Accessibility and Engagement in E-
Commerce

In the pursuit of establishing a digital marketplace that is both inclusive and accessible,
Progressive Web Apps (PWAs) emerge as a technological paradigm reshaping the user experience
online. The PWAs essentially represent websites utilizing cutting-edge web technologies to provide a
user experience that is virtually identical to native mobile applications [12]. Crafted to leverage the
complete capabilities of web browsers, they bring functionalities that were traditionally exclusive to
native apps.

1.3.1. Defining Progressive Web Apps

PWAs seamlessly integrate the expansive accessibility of the web with the immersive
interaction found in mobile applications. Crafted using conventional web technologies such as HTML,
CSS, and JavaScript, these applications prioritize harnessing cutting-edge browser features to provide
users with a dynamic and app-centric user interface [13]. The distinctive feature of PWAs lies in their
universal compatibility, extending their functionality to every user, irrespective of their chosen browser
or device—a testament to the foundational principles of progressive enhancement [14].

1.3.2. Core Features of PWAs

Several key features make PWAs a compelling choice for enhancing web accessibility and user
experience in e-commerce platforms:

¢ Offline Functionality: PWAs employ service workers to pre-cache essential resources, enabling
seamless loading and functionality even in the absence of an internet connection [8]. This offline
capability guarantees users access to content and the ability to perform various actions, such
as browsing products and reading product descriptions, regardless of their connectivity status.

e TFast Loading Times: User experience and engagement hinge significantly on speed, making it
a pivotal factor. PWAs prioritize speed optimization, employing strategies like cache-first
networking to facilitate swift loading of web pages, even in challenging network conditions
[12]. This heightened responsiveness contributes to a seamless user experience, effectively
minimizing bounce rates and fostering extended engagement times.

e App-Like Experience: PWAs deliver an immersive, full-screen encounter akin to native
applications [15]. With functionalities like home screen icons, push notifications, and access to
device hardware such as the camera and GPS, PWAs create a robust and engaging user
interface, ensuring a compelling experience that encourages repeated user engagement.
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1.3.3. Enhancing Engagement and Conversion Rates

PWAs go beyond merely enhancing web accessibility; they stand as a potent tool for elevating
engagement and conversion rates within the realm of e-commerce. The app-like experience they
provide cultivates a feeling of familiarity and ease of use. When coupled with offline functionality and
swift loading times, this combination significantly amplifies user satisfaction [12]. Satisfied users are
inclined to engage more profoundly with the platform, delving into product exploration, dedicating
more time to the site, and ultimately completing purchases.

Furthermore, PWAs possess the capability to send push notifications, empowering e-
commerce platforms to sustain user engagement beyond their site visits [8]. These notifications serve
as reminders for abandoned carts, unveil new product launches, or present personalized discounts.
This direct communication channel with users proves invaluable in promoting recurrent visits and
nurturing brand loyalty.

Enhancing the user experience through attributes like offline functionality, rapid loading times,
and an app-like interface, PWAs not only enhance the accessibility of e-commerce platforms but also
elevate their engagement levels [13]. This heightened engagement plays a pivotal role in driving
increased conversion rates, as a smooth and enjoyable shopping experience directly impacts purchasing
decisions.

1.4. Search Engine Optimization (SEO) for Elevated E-Commerce Visibility and
Growth

In the ever-changing landscape of digital commerce, where the battle for consumer attention is
intense and constantly evolving, Search Engine Optimization (SEO) stands out as a key element for e-
commerce triumph. Going beyond a simple digital marketing technique, SEO embodies a holistic
strategy that extends beyond a website, influencing its visibility, relevance, and accessibility to a broad
online audience [16].

Fundamentally, SEO involves fine-tuning a website to secure a higher position in search engine
results, guaranteeing enhanced visibility to prospective customers in search of pertinent products or
information [17]. In the realm of e-commerce, where the virtual shelf space is expansive yet fiercely
competitive, SEO emerges as an essential strategy for businesses aspiring to establish a unique and
prominent presence in the digital marketplace.

1.4.1. The Relationship Between Rankings, Traffic, and Business Growth

The core of the SEO story lies in the link between high search engine rankings and a boost in
web traffic [18]. Acting as the guardians of the digital realm, search engines serve as the main gateway
for users seeking products, services, or information. Websites that secure top positions in search results
gain digital prominence, leading to increased visibility and, consequently, a significant increase in
targeted traffic [17].

When strategically directed, this increased traffic becomes the driving force behind sustainable
business growth. Each click symbolizes a potential customer, and every visit presents an opportunity
for engagement and conversion [19]. The path from search engine rankings to heightened web traffic
is essentially a transformative journey that enables e-commerce platforms to broaden their reach,
establish brand authority, and nurture enduring customer relationships.

1.4.2. Using SEO for Shaping E-Commerce Success

The SEO landscape is dynamic, adjusting to the constantly evolving algorithms of search
engines and the shifting behaviors of online users [16]. To comprehend the modern SEO landscape and
its implications for e-commerece, it is crucial to spotlight recent trends that have reshaped the dynamics
of digital visibility:
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¢ Content Relevance: In addition to keywords, modern SEO places significant emphasis on the
relevance of content [20]. Search engines prioritize content that goes beyond being merely
keyword-rich; it should also be contextually relevant, valuable, and aligned with user intent.
For e-commerce platforms, this means creating product descriptions, blog posts, and landing
pages that deeply resonate with the needs and interests of the target audience.

e User Experience (UX): The user experience has become a crucial element influencing SEO
rankings [21]. Search engines prioritize websites that provide seamless, intuitive, and satisfying
user experiences. E-commerce platforms need to fine-tune their site architecture, navigation,
and overall design to guarantee a smooth journey for users from initial discovery to the final
checkout.

e Mobile Optimization: As mobile device usage escalates; search engines give preference to
mobile-friendly websites [22]. E-commerce platforms require responsive designs that adjust to
different screen sizes, guaranteeing a uniform and user-friendly experience for customers who
access the site from smartphones and tablets.

e Technical SEO: The technical foundations of a website are pivotal for achieving SEO success
[20]. Elements such as site speed, crawlability, and structured data markup significantly
influence a website's search engine performance. E-commerce platforms that invest in technical
SEO initiatives not only boost their online visibility but also provide search engines with
essential signals for optimal indexing.

In essence, staying abreast of these trends is not merely an option but a necessity for e-
commerce success. A strategic alignment with the SEO principles positions e-commerces to not only
navigate the current SEO landscape but also to thrive in the face of evolving algorithms and user
expectations.

1.5. Revolutionizing Mobile E-Commerce with Accelerated Mobile Pages (AMP)

As the digital landscape pivots toward mobile-centricity, the imperative for a smooth,
lightning-fast user experience on handheld devices grows. In answer to this demand, Accelerated
Mobile Pages (AMP) emerges as a revolutionary technology, not just expediting the loading times of
mobile web pages but also reshaping the entire mobile e-commerce experience.

1.5.1. AMP and Its Relevance to Mobile E-Commerce

AMP stands as an open-source framework designed to create web pages with nearly
instantaneous load times on mobile devices [23]. Its speed is attained by streamlining the HTML, CSS,
and JavaScript components of a webpage, guaranteeing an optimized and efficient rendering process
[24]. In the realm of mobile e-commerce, where attention spans are fleeting and seamless interactions
are pivotal, AMP serves as a catalyst for elevating the overall user experience.

1.5.2. Benefits of AMP for E-Commerce Websites

e TFaster Page Loading Times: The main advantage of AMP lies in its capacity to significantly
reduce page loading times [25]. Through the removal of non-essential elements and the
utilization of a streamlined coding structure, AMP-enabled pages load almost instantaneously,
guaranteeing that potential customers are not discouraged by slow loading times. This rapid
responsiveness is especially vital for capturing the impulsive nature of mobile shoppers.

e Improved Mobile Search Engine Rankings: Search engines prioritize pages that are both
mobile-friendly and load quickly in their rankings [22]. Incorporating AMP offers a competitive
edge by aligning with search engine algorithms, resulting in enhanced visibility in mobile
search results. E-commerce websites that leverage AMP are more likely to feature prominently,
catching the attention of users actively searching for products or services on mobile devices.
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¢ Enhanced User Experience on Mobile Devices: In addition to its speed benefits, AMP enhances
the user experience on mobile devices [26]. The streamlined and standardized design of AMP
pages guarantees a consistent and intuitive browsing experience across different devices and
screen sizes [27]. This not only cultivates user satisfaction but also lowers bounce rates, enticing
users to delve into and engage with the content.

1.5.3. Potential of AMP to Increase Visibility and Engagement in E-Commerce Sales Funnel

e Increased Visibility: The rapid loading times and mobile-friendly features of AMP play a
crucial role in boosting visibility, particularly in mobile search results [22]. E-commerce
platforms that embrace AMP are well-placed to seize the attention of users during the crucial
searching phase, elevating brand visibility and enticing potential customers.

e Higher Engagement Rates: AMP facilitates a smooth and responsive browsing experience,
allowing users to navigate through product listings, view images, and initiate transactions with
ease [27]. This heightened engagement not only enhances the overall user experience but also
boosts the likelihood of conversions.

e Supporting the E-Commerce Sales Funnel: AMP aligns with the foundational principles of a
well-structured e-commerce sales funnel. It guarantees swift-loading pages during the
discovery/search phase, facilitates seamless navigation through product pages, and streamlines
the checkout process, making AMP an integral element in guiding users through the sales
funnel [28]. The outcome is a user-friendly journey that transitions seamlessly from discovery
to conversion.

Accelerated Mobile Pages emerge as a game-changer in the mobile e-commerce landscape. The
fusion of speed, mobile optimization, and an elevated user experience positions AMP as a pivotal
technology for e-commerce websites, aiming not only to meet but surpass the expectations of mobile
consumers.

1.6. Collective  Contribution: Necessity for E-commerce Growth and
Sustainability

The integration of these technologies, when viewed collectively, transcends the realm of trend
and manifests as a necessity for e-commerce businesses aspiring for growth and sustainability in the
digital age. Al augments the customer experience, PWAs bridge accessibility and engagement, SEO
establishes visibility and authority, and AMP accelerates mobile experiences. The synergy of these
innovations creates an ecosystem where user expectations are not just met but exceeded, forming the
foundations for long-term customer relationships and business success.

In this thesis, the overall objective is not only to discern all the advancements and technologies
that could enhance e-commerce sustainability but also to apply each of these advancements to real-
world and practical scenarios, extracting valuable outcomes regarding their suitability, efficiency, and
the benefits derived for enhancing e-commerce competitiveness.

In Chapter 2, an in-depth exploration of LLMs and NLP is conducted. The research delves into
the complex world of NLP, where computer science, linguistics, and Al converge. A comprehensive
analysis of the Generative Pre-trained Transformer (GPT) architecture follows, shedding light on its
complexities. The examination then transitions to the processes of Pre-Training and Supervised Fine-
Tuning, designed specifically to meet the unique requirements of LLMs. Expanding on this, the
discourse covers the art and science of prompting engineering and provides a concise overview of the
open-source LLaMA-2 model, highlighting its sophisticated architecture.

The research extends to evaluating LLMs’ effectiveness in analyzing sentiment within e-
commerce product reviews. A comparison is made between two cutting-edge LLMs (GPT-3.5 and
LLaMA-2) and two renowned NLP models (BERT and RoBERTa). The evaluation assesses their ability

28



to perform sentiment analysis on product reviews, examining their capabilities both before and after
being fine-tuned for this specific purpose. The study aims to discern the potential of LLMs in enhancing
customer satisfaction analysis, making a significant contribution to the e-commerce domain, with
promising findings indicating high predictive accuracy rates.

An innovative approach is also introduced for enhancing product recommender systems
through the integration of unsupervised learning models—specifically, K-means clustering, content-
based filtering (CBF), and hierarchical clustering—with the advanced capabilities of the GPT-4 LLM.
The core innovation of this methodology lies in the application of GPT-4 for the evaluation phase,
leveraging its sophisticated natural language understanding to significantly improve the precision and
relevance of product recommendations. Experimental results underscore the effectiveness of this
integrated framework, demonstrating its superiority in refining recommender systems. This represents
a noteworthy advancement in the field of recommender systems, providing e-commerce businesses
with an efficient and scalable tool to improve their product recommendation capabilities.

Addressing the growing importance of sustainability in various industries and the increasing
consumer demand for environmentally friendly products a GPT-powered software is introduced for
automating the identification of sustainable features in product descriptions. Utilizing the GPT-3.5, the
software is capable of classifying products into distinct sustainability categories and extracting crucial
indicators of sustainability, such as the use of eco-friendly materials, energy efficiency, recyclability,
and ethical sourcing practices. The automation facilitated by this software obviates the necessity for
manual analysis, thereby streamlining the process of evaluating product sustainability. This technology
not only enables consumers to make more informed and sustainable purchasing decisions but also
assists businesses in highlighting their commitment to environmental stewardship. Experimental
results underscore the efficacy and precision of the software in pinpointing sustainable product
features, attesting to the GPT model's potential in the domain of sustainability assessment.

Finally, Chapter 2 highlights the strategic importance of mitigating customer churn in the
dynamic e-commerce environment, where substantial customer acquisition costs necessitate a cost-
effective approach to retaining customers. It underscores the significance of predictive models in
identifying potential churners not only for increasing customer lifetime value but also for enhancing
brand reputation and sustaining profitability. To achieve these objectives, the research employs two
well-established models trained on a specialized dataset tailored for churn modeling. The primary goal
is to assess the precision levels of these models in predicting customer churn. The results indicate that
both models demonstrate high accuracy, with the neural network trained model slightly outperforming
the logistic regression trained model in terms of precision. The research further highlights the critical
role of dataset quality and balance in the training process, emphasizing their impact on the models'
predictive capabilities. This strategic approach aims to guide businesses towards enduring success by
addressing customer churn and fostering long-term customer satisfaction.

Chapter 3 delves into the dynamic landscape of PWAs and their intersection with web
accessibility, a crucial aspect in today's digital realm where an ever-expanding user base interacts with
websites, e-commerce platforms, and mobile applications on a daily basis. This exploration unfolds
against the backdrop of the significant rise in mobile app usage, highlighting the importance placed on
their usability and user experience (UX). This is further accentuated by the emergence of hybrid apps
seamlessly integrating web technologies with native functionalities. Despite their advantages, both
hybrid and native apps face challenges, such as the need for ample device storage and complexities
associated with cross-platform upgrades.

In response to these limitations, Google introduced PWAs in 2015, aiming to blend native app
features within mobile browsers through modern application programming interfaces (APIs). PWAs
promise enhanced capabilities, reliability, and installability across devices using a unified codebase.
The study recognizes a concerning trend: as web technologies progress, attention towards accessibility
for individuals with disabilities appears to diminish, despite the growing importance of inclusive access
to new technologies. This issue is exacerbated by the lack of accessibility in academic and government
websites, further complicating the challenges faced by people with disabilities.
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Through a comprehensive literature review on PWAs and accessibility technologies, driven by
the urgent need for accessibility solutions across various platforms, the research critically examines
PWAs, covering their technological benefits and limitations. Additionally, it provides a critical analysis
of current accessibility technologies, with a specific focus on the recently introduced Web Content
Accessibility Guidelines (WCAG) 2.2 draft.

The primary objective of this research is to compare and evaluate PWA as a technology against
other (non-PWA) web technologies in terms of their compatibility with existing accessibility guidelines.
This evaluation aims to determine whether PWAs offer superior accessibility compared to their
counterparts.

By synthesizing insights on PWAs and accessibility technologies, the study aspires to promote
enhanced web accessibility for all users, advocating for a more accessible digital world. The challenges
and opportunities discussed at the convergence of PWAs and web accessibility in this chapter lay a
solid foundation for future research. The multifaceted contribution of this research not only broadens
the understanding of PWAs and their potential for enhancing web accessibility but also underscores
the necessity for ongoing advancements in technology that are inclusive and accessible to everyone,
regardless of their abilities.

Chapter 4 provides a comprehensive exploration of SEO, covering both on-page and off-page
SEO techniques. Beyond merely focusing on SEO Techniques, it suggests leveraging existing web
technologies to boost SEO, thoroughly examining each technology's potential to enhance SEO
strategies. The study also examines black hat SEO techniques and paid traffic.

Special attention is drawn to the increasing reliance of websites on digital marketing,
particularly SEO, for sustainable growth in today's dynamic digital landscape. The integral link
between website traffic and developmental success intensifies the engagement of SEO experts who
utilize premium SEO audit tools. These tools scrutinize a website's source code, pinpointing structural
changes essential to meet specific ranking criteria (SEO factors). However, the considerable costs
associated with these tools and specialists pose financial barriers.

In response to these challenges, the research introduces an open-source Python-based Machine
Learning SEO software tool. This tool offers a cost-effective alternative for both website owners and
SEO specialists, conducting meticulous analyses of top-ranking websites for designated search terms
and providing tailored recommendations to optimize website performance, enabling them to surpass
competitors.

Through illuminating case studies, particularly one centered on a competitive keyword, the
software's efficacy in significantly boosting organic traffic for an e-commerce platform is vividly
showcased. When applied in a practical e-commerce context, the tool delivers substantial results,
offering guidance that elevates average daily organic traffic from 10 to 143 visitors.

Additionally, this chapter addresses pivotal questions regarding crucial SEO techniques,
strategies employed by renowned websites and e-commerce platforms, and the determination of the
priority for implementing these SEO techniques. A specialized PHP-based SEO tool is developed to
crawl websites and analyze applied SEO techniques, generating a comprehensive database detailing
the SEO techniques employed by each entity.

The research synthesizes these findings into a figure illustrating the usage score of various SEO
techniques among the top-listed websites and e-commerce platforms. This figure functions as a
practical guide-map for Webmasters. By aligning their strategies with those implemented by highly-
ranked websites, even those lacking specialized SEO knowledge can effectively apply the
recommended techniques. The overarching objective is to assist Webmasters in elevating their website's
Search Engine Ranking Positions (SERPs) and attracting more traffic by adopting proven and effective
SEO practices.

Further exploration delves into the impact of SEO strategies on airline and hotel websites
during the COVID-19 era, leading to the adoption of new digital marketing strategies to navigate
heightened competition. Both industries have made substantial investments in optimizing their
websites to enhance rankings on SERPs, resulting in increased organic traffic and conversions. These
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studies aim to reveal the specific SEO strategies employed by airline and hotel websites, encompassing
their e-commerce booking platforms, during this challenging period. To achieve this, an internally
developed tool is employed to scan the source code of each website, extracting information about the
implemented SEO techniques. Concurrently, four third-party APIs are utilized to gather real-time data,
including domain authority, organic keywords, backlinks, and web traffic over a 12-month period.
Through meticulous data analysis, the study identifies the most widely adopted SEO techniques and
explores their impact on web traffic for airline and hotel websites. The research establishes a significant
correlation between SEO techniques and metrics, web traffic, and subsequently, increased conversions
and bookings for airlines and hotels. By isolating the most prevalent SEO techniques, the studies
suggest that these strategies, when applied by large companies like airlines and hotels, could also yield
positive results for smaller websites.

Lastly, the SEO techniques and technologies discussed earlier are applied to a live E-commerce
platform to assess and validate their impact on organic traffic. The results of this implementation reveal
a remarkable increase of 782% in organic traffic. Additionally, the E-commerce site achieves first-page
rankings for multiple keywords in search results, indicating the tangible and positive impact of the
implemented SEO techniques.

Chapter 5, investigates the exponential growth of mobile subscriptions, which surpassed 7.7
billion by late 2017, and addresses the persistent issue of suboptimal user experiences for mobile users.
Despite the widespread use of mobile devices, challenges such as slow-loading web pages and the lack
of responsive design technologies persist. In response to discussions with news publishers and
technology companies aimed at improving mobile web performance, Google introduced the AMP
project in October 2015.

The AMP project represents an open-source HTML framework crafted to simplify the creation
of rapid, seamlessly loading web pages prioritizing user experience. The study explores AMP Usage
and Restrictions, as well as the application of AMP technologies to a real-life E-commerce project,
presenting a comprehensive comparative analysis between Organic and AMP traffic.

The Conclusion chapter provides a brief overview of the meticulously conducted research,
shedding light on its innovative contributions within the dynamic e-commerce landscape. The
integration of AI, NLP, LLMs, Web Accessibility, PWAs, SEO, and AMPs stands as an indispensable
framework for e-commerce enterprises aspiring to thrive and endure in the ever-evolving digital era.

The synergistic incorporation of these cutting-edge technologies forms an ecosystem where
user expectations transcend mere fulfillment to reach levels of surpassing satisfaction. This cohesive
integration not only establishes a solid foundation for enduring customer relationships but also serves
as a catalyst for overall e-commerce success. The collective impact of AL, NLP, LLM, Web Accessibility,
PWAs, SEO, and AMPs goes beyond individual enhancements, creating a holistic and innovative
approach that aligns seamlessly with the evolving demands of the contemporary e-commerce
landscape.
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2. Large Language Models (LLMs) and Natural Language Processing
(NLP) in E-commerce

Adapted from:

Roumeliotis, K.I.; Tselikas, N.D.; Nasiopoulos, D.K. Precision-Driven Product Recommendations Software:
Unsupervised Models, Evaluated by GPT-4 LLM for Enhanced Recommender Systems. Software 2024.
https://doi.org/10.3390/software3010004

Roumeliotis, K.I.; Tselikas, N.D.; Nasiopoulos, D.K. LLMSs in e-commerce: A comparative analysis of GPT
and LLaMA models in product review evaluation. Natural Language Processing Journal 2024, 6, 100056.
https://doi.org/10.1016/j.nlp.2024.100056

Roumeliotis, K.I; Tselikas, N.D. Churn Modeling in E-commerce: Leveraging the Power of Logistic
Regression and Neural Networks. Conference on Business Intelligence and Modelling. Springer Proceedings
in Business and Economics. (Acceptance Letter. Pending DOI)

Roumeliotis, K.I.; Tselikas, N.D.; Nasiopoulos, D.K. Unveiling Sustainability in Ecommerce: GPT-Powered
Software  for Identifying  Sustainable Product Features. Sustainability 2023, 15, 12015.
https://doi.org/10.3390/su151512015

Roumeliotis, K.1.; Tselikas, N.D.; Nasiopoulos, D.K. Llama 2: Early Adopters’ Utilization of Meta's New
Open-Source Pretrained Model. Preprints 2023, 2023072142.
https://doi.org/10.20944/preprints202307.2142.v2

Roumeliotis, K.I.; Tselikas, N.D. ChatGPT and Open-Al Models: A Preliminary Review. Future Internet
2023, 15, 192. https://doi.org/10.3390/£i15060192

2.1. Introduction

Large Language Models (LLMs) have revolutionized the Artificial Intelligence (Al) landscape
through their advanced Natural Language Processing (NLP) capabilities. Characterized by massive
neural networks with billions of parameters, these models excel in understanding and generating
human-like text [29]. In the realm of E-commerce, LLMs have played a crucial role in enhancing
customer interactions through chatbots, virtual assistants, and personalized recommendation systems.
These models leverage techniques such as transfer learning, enabling them to generalize from a broad
range of data sources and adapt to specific E-commerce domains [2].

By employing sentiment analysis, entity recognition, and language understanding algorithms,
LLMs can interpret user queries, discern customer preferences, and provide tailored product
suggestions [1]. This not only streamlines the shopping experience but also contributes to increased
customer engagement and satisfaction. Moreover, the continuous training and fine-tuning of LLMs
with evolving datasets ensure that these models stay abreast of market trends and user behaviors,
making them indispensable tools for the dynamic landscape of E-commerce.

The subsequent sections of Chapter 2 are structured as a cohesive exploration of various
aspects related to NLP and LLMs. Section 2.2 delves into the multifaceted realm of NLP, situated at the
intersection of computer science, linguistics, and Al In Section 2.3, the focus shifts to a detailed analysis
of the architecture characterizing the Generative Pre-trained Transformer (GPT). Moving forward,
Section 2.4 intricately examines the nuanced Pre-Training Phase and Supervised Fine-Tuning
processes, specifically tailored to address the demands of LLMs. Section 2.5 extends this inquiry to
encompass an examination of the prompting engineering. Section 2.6 provides an overview of the
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opensource LLaMA-2 model. Subsequently, Sections 2.7 to 2.10 present our published articles
separately, highlighting the application of AI models in E-commerce.

2.2. Natural Language Processing (NLP)

NLP holds immense significance in the field of Al, as it enables machines to comprehend,
interpret, and manipulate human language. NLP plays a crucial role in bridging the gap between
human communication and machine understanding [30]. It encompasses a wide range of tasks,
including speech recognition, text classification, sentiment analysis, machine translation, information
extraction, and question answering [30]. NLP techniques allow for the extraction of meaningful insights
from vast amounts of unstructured textual data, facilitating efficient information retrieval, analysis, and
decision-making processes [31]. NLP has numerous practical applications, such as chatbots, virtual
assistants, language translation services, content summarization, and sentiment analysis in social
media. By unlocking the power of language, NLP enables the development of intelligent systems that
can understand and communicate with humans in a more natural and intuitive manner.

2.3. Generative Pre-trained Transformer (GPT) Architecture

In recent years, the significance of language models, particularly the groundbreaking GPT
developed by OpenAl, has witnessed an exponential surge across a broad spectrum of applications [2].
The GPT model has exhibited exceptional aptitude in producing coherent and contextually pertinent
textual content [2].

The introduction of transformer architecture has brought about a revolution in the fields of
NLP and machine translation [32]. This breakthrough was enabled by the self-attention mechanism,
which facilitates parallel processing and enhances the capture of long-range dependencies [2]. The
incorporation of self-attention layers in the transformer allows the model to weigh the significance of
individual words during prediction, leading to improved context comprehension [32]. By replacing
traditional recurrent neural network (RNN) or convolutional neural network (CNN) processing, the
transformer achieves faster training and inference times [33]. As a foundational framework, the
transformer has elevated language-understanding tasks, serving as the basis for state-of-the-art NLP
models such as BERT, GPT, and RoBERTa [2]. Its success emphasizes the critical role of attention
mechanisms in deep learning and stimulates continuous research in the field of NLP. The transformer’s
ability to process sequences in parallel contributes to its scalability and adaptability to parallel
hardware systems, enhancing its widespread utilization across diverse applications and architectures
[34]. Moreover, the encoder—decoder structure within the transformer significantly improves machine
translation and language generation, representing a pivotal advancement in the realm of NLP [35].

2.4. Pre-Training Phase and Supervised Fine-Tuning

The pre-training phase of GPT (Generative Pre-trained Transformer) constitutes a pivotal step
wherein the model is immersed in vast and diverse text data originating from various sources [2]. By
harnessing the self-attention mechanism inherent in the transformer architecture, GPT gains the ability
to comprehend the contextual relationships within the text and engage in unsupervised learning to
predict subsequent words in a sentence [35]. GPT models lack true comprehension and knowledge of
the world; they do not possess genuine understanding of syntax, semantics, or discourse in the way
humans do. Instead, they rely on statistical associations and patterns they have learned from the vast
amounts of text during training [36]. While they can generate impressive responses, especially in
context, they are fundamentally different from human intelligence. As a result of the pre-training phase,
GPT acquires the adaptability to be fine-tuned for specific tasks, granting it versatility in generating
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contextually appropriate text. The exposure to diverse textual data further enriches GPT’s
understanding of language and enhances its recognition of contextual nuances [37,38]. The resounding
success of the pre-training phase can be attributed to GPT’s remarkable capacity to assimilate
knowledge from diverse sources and process vast volumes of data, laying the foundational
groundwork for its exceptional language-understanding capabilities [2].

The fine-tuning phase of GPT, a critical step in its development and is essential for optimizing
performance in specific downstream tasks. During this phase, the pre-trained model undergoes further
training using task-specific data that include labeled examples [2]. By fine-tuning, GPT can adapt its
language representation to meet the unique nuances and requirements of the target task [30]. This
process involves adjusting the model’s weights and biases to achieve optimal performance on the
specific task at hand [39]. The fine-tuning process empowers GPT to hone its language generation
capabilities, ensuring contextually appropriate responses for the given task [5]. Moreover, it facilitates
GPT’s specialization in a diverse array of NLP tasks, encompassing text classification, summarization,
and sentiment analysis [5]. Through fine-tuning on diverse datasets, GPT becomes amenable to
customization for various real-world applications, elevating its practicality and versatility [2]. The
success of the fine-tuning phase is intricately tied to the quality and size of the task-specific data used
for training, as these factors significantly impact the model’s performance on the targeted task [40,41].

2.5. Prompts in GPT Models

In the context of GPT models, prompts refer to specific instructions or starting points provided
to guide the generation of text [42]. Prompts serve as input cues that help shape the output generated
by the model, allowing users to influence the direction and content of the generated text [43]. These
prompts can take various forms, such as sentences, questions, or even keywords, and are designed to
elicit desired responses from the model [43]. The use of prompts provides a means for users to convey
their intentions and preferences, effectively acting as a way to interact and collaborate with the
language model [42].

Prompts play a crucial role in guiding the generation of text in GPT models. When a prompt is
provided as input, the model leverages its pre-trained knowledge to understand the context and
generate text that is coherent and relevant to the given prompt [43]. The initial prompt acts as a starting
point, influencing the subsequent text-generation process. The model’s understanding of grammar,
vocabulary, and contextual dependencies allows it to build upon the prompt and generate coherent
and contextually appropriate text. By adjusting the prompt, users can control the tone, style, or specific
content of the generated text, enabling a more personalized and tailored output [2,44]. This flexibility
in utilizing prompts empowers users to shape the output according to their desired outcomes, making
GPT models a versatile tool for various applications.

Constructing effective prompts requires careful consideration to achieve desired outcomes.
One approach is to provide specific instructions or constraints within the prompt to guide the model’s
response. For example, specifying a format, desired length, or specific keywords can influence the
generated text accordingly [44]. Another technique is to incorporate context within the prompt by
including relevant background information or setting the stage for a particular topic [45]. This helps
the model generate text that aligns with the intended context. Additionally, iterative prompting can be
employed, where users can progressively refine or add to the initial prompt to shape the ongoing text
generation process [45]. Experimentation and fine-tuning of prompts are essential to optimize the
model’s performance and ensure the desired output [44]. By carefully crafting prompts, users can
effectively guide GPT models and harness their capabilities to generate text that meets their specific
requirements or objectives [42].
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2.6. LLaMA-2 model

The LLaMA and LLaMA-2 models are instances of GPT models, built upon the original
Transformers architecture [46]. The LLaMA models employ GPT-3-like pre-normalization, utilizing the
RMSNormnormalizing function at the input of each transformer sub-layer [47]. This approach enhances
training stability by rescaling the invariance property and implicit learning rate adaptation ability.
Additionally, LLaMA benefits from the SwiGLU activation function, replacing the conventional ReLU
non-linearity activation function, leading to improved training performance [46].

Incorporating insights from the GPT-Neo-X project, LLaMA incorporates rotary positional
embeddings (RoPE) at each layer, contributing to its overall performance [46]. Notably, LLaMA-2
introduces essential architectural differences which include an increased context length, doubling the
context window size from 2048 to 4096 tokens [47]. This extension enables the model to handle more
extensive information, proving beneficial for tasks involving long documents, chat histories, and
summarization.

Furthermore, LLaMA-2 implements a grouped-query attention (GQA) format with eight key-
value projections, addressing the complexity concerns associated with the original Multi-Head
attention baseline [46]. This modification proves effective in managing the increased context windows
or batch sizes.

As a result of these updates, LLaMA demonstrates significantly improved performance across
various tasks, surpassing or closely matching other specialized GPT models such as Falcon and MPT
[48]. The model's promising performance paves the way for further research, anticipating future
comparisons with prominent closed-source models like GPT-4 and Bard.

2.6.1. LLaMA-2 Models and Versions

Meta has developed and publicly released the LLaMA-2 family of LLMs, comprising a set of
pre-trained and fine-tuned generative text models with parameter sizes spanning from 7 billion to 70
billion [46]. The parameter size plays a crucial role in determining model accuracy, with larger
parameter sizes signifying extensive training with vast amount of data, leading to more precise and
dependable responses. Among these, the fine-tuned LLMs, specifically named LLaMA-2-Chat, have
been tailored to optimize performance in dialogue-based use cases. Through comprehensive
benchmark assessments, LLaMA-2-Chat models have demonstrated superior capabilities compared to
open-source chat models. Additionally, in human evaluations focused on assessing helpfulness and
safety, LLaMA-2-Chat models have shown comparable performance to some prominent closed-source
models, including ChatGPT and PaLM [49,50].

2.6.2. Pretraining Phase

The training corpus of LLaMA-2 comprises a novel blend of publicly accessible data sources,
excluding any data originating from Meta's products or services. During the data selection process,
diligent measures were taken to exclude data from websites known to contain substantial volumes of
personal information about private individuals. The model underwent training on an extensive dataset
comprising 2 trillion tokens, exhibiting twice the context length of its predecessor, LLaMA-1 [51]. This
design choice strikes a balance between performance and computational cost, with a deliberate
emphasis on up-sampling the most factual sources to enhance knowledge while mitigating potential
hallucination issues [46].

The developers of LLaMA-2 retained much of the pretraining settings and model architecture
employed in LLaMA-1. The model adheres to the standard transformer architecture proposed by
Vaswani [32], utilizing pre-normalization with RMSNorm [52] and the SwiGLU activation function [53].
Furthermore, it integrates rotary positional embeddings (RoPE) [46,54].

Key differences between LLaMA-1 and LLaMA-2 lie in the augmentation of context length and
the adoption of grouped-query attention (GQA). These architectural modifications contribute to the
improved capabilities of LLaMA-2 and its ability to handle more extensive contextual information
during language generation tasks [46].
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2.6.3. LLaMA-2 Fine-tuning

LLaMA-2 is pre-trained using publicly available online data [50]. An initial version of LLaMA-
2-chat is then created through the use of supervised fine-tuning. Next, LLaMA-2-chat is iteratively
refined using Reinforcement Learning from Human Feedback (RLHF), which includes rejection
sampling and proximal policy optimization (PPO) [46].

In the pursuit of optimizing the performance of LLMs for dialogue-style instructions, the key
aspects revolve around the quality and diversity of third-party Source-Free Tuning (SFT) data [54].
Although numerous sources provide such data, their limited diversity and quality led the focus to
prioritize the collection of high-quality SFT examples, resulting in significant improvement. Meta’s
study also found that a limited set of clean instruction-tuning data could yield satisfactory outcomes,
and approximately tens of thousands of SFT annotations were sufficient for achieving high-quality
results [46]. Notably, the annotation platform and vendor choices influenced the downstream model
performance, emphasizing the significance of thorough data checks. The validation process confirmed
the high quality of outputs from the SFT model, suggesting a potential to reallocate annotation efforts
towards preference-based annotation for RLHF. The investigation encompassed 27,540 annotations,
excluding Meta user data, and drew parallels with related research highlighting the effectiveness of
focusing on quality over quantity in instruction-tuning endeavors [46].

The RLHF is a model training approach used to further align the behavior of a fine-tuned
language model with human preferences and instructions [55]. Human preference data is collected,
where annotators select their preferred choice between two model outputs, aiding in the training of a
reward model that automates preference decisions [56]. The collection procedure involves a binary
comparison protocol to maximize prompt diversity, with annotators rating the degree of preference for
their chosen response. Safety and helpfulness aspects are specifically focused on, allowing the
application of distinct guidelines to each. The reward modeling data, referred to as "Meta reward
modeling data," comprises over one million binary comparisons, surpassing existing open-source
datasets in terms of conversation turns and average length [46]. Continuous updates to the reward
model are essential to adapt to the evolving LLaMA-2-Chat iterations and maintain accurate rewards
for the latest model.

The reward model plays a crucial role in RLHF, where it takes a model response and its
corresponding prompt, and outputs a scalar score indicating the quality in terms of helpfulness and
safety [56]. By leveraging these response scores as rewards, the RLHF process optimizes LLaMA-2-Chat
to align better with human preferences and enhance helpfulness and safety [46]. To address the trade-
off between helpfulness and safety, two separate reward models are trained - one for each aspect. The
reward models are initialized from pretrained chat model checkpoints to ensure knowledge transfer
and prevent information mismatch. Training objectives involve converting collected human preference
data into binary ranking labels, with a margin component to handle different preference ratings [6,46].
Additionally, the reward models are trained on a combination of newly collected data and existing
open-source datasets to improve generalization and prevent reward hacking.

2.7. LLMs in e-commerce: A comparative analysis of GPT and LLaMA models in
product review evaluation

2.7.1. Section Summary and Significance of the Study

In today’s rapidly evolving digital landscape, the e-commerce sector has emerged as a
significant economic force, with revenue projected to surge to an impressive US$4.18 trillion by 2024,
signaling its crucial role in shaping the future of global commerce [57]. It is essential to emphasize that
customer satisfaction remains and will continue to remain at the forefront of any domain associated
with e-commerce [58]. Nevertheless, comprehending the customer’s emotional state and satisfaction
following a purchase requires considerable human resources and ongoing advanced data analysis.
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One approach to gauge customer satisfaction following a purchase is the evaluation and
comprehension of each product review [59]. Understanding the underlying significance of each product
review holds paramount importance for e-commerce platforms, marketplaces, and product
manufacturers [60]. Questions like the customer’s contentment, encountered issues during shipping or
product utilization are among the inquiries e-commerce owners and manufacturers seek answers to, in
order to optimize their services. However, analyzing each review individually, considering the
multitude of product reviews associated with each product in an e-commerce platform, is a time-
consuming and economically impractical endeavor [61].

The solution to the aforementioned issue is addressed by data analysts employing advanced
statistical and Machine Learning (ML) models that systematically extract information from each review.
Subsequently, this information is conveyed to the relevant team for the purpose of adjusting the e-
commerce strategy. Some of the ML models previously utilized for related tasks included Transfer
Learning Models [62], Naive Bayes [63], Logistic Regression [64], Semantic Analysis [65], and others.
However, with the advancement of Al, the advent of deep learning, and the revolution introduced to
the world in early 2023 by LLMs, many tasks previously performed with older models can now be
executed much more efficiently through the use of LLMs.

This research aims to evaluate the effectiveness of two prominent LLMs in comprehending and
extracting information from product reviews. The LLMs utilized in this study are the GPT-3.5 by
OpenAl [66] and the open-source LLaMA-2 by Meta [46]. Initially, the two base models will be assessed
based on their performance in predicting product review ratings. Subsequently, these models will
undergo fine-tuning using a large dataset of product reviews, and their performance will be assessed
following the fine-tuning process. Concurrently, fine-tuning will be applied to two NLP models, BERT
and RoBERTa, using the same training set. Comparisons will be made both within the NLP models and
between the NLP models and the LLMs.

The primary aim of this research is twofold: firstly, to assess and compare the performance of
the models, and secondly, to address specific research questions that have not been adequately
answered by prior studies:

e Q1: Which LLM demonstrates superior efficacy in assessing product reviews?

¢ (2: Among the LLMs, which exhibits superior performance after undergoing fine-tuning for
the assessment of product reviews?

e Q3: How significant is the process of fine-tuning LLMs for domain-specific tasks?

¢ (Q4: Whatis the impact of both the quantity and quality of the dataset designated for fine-tuning
purposes?

e Q5: To what extent does an optimized prompting engineering plan and fine-tuning contribute
to achieving better and more cost-effective results from LLMs?

e Q6: What impact does fine-tuning have on the generated output of LLMs?

e (Q7: Are LLMs, such as GPT-3.5 and LLaMA-2 models, or NLP models like BERT and RoBERTa,
more effective in predicting product review ratings and, more generally, in regression and
sentiment analysis tasks?

e (Q8: Can LLMs be effectively utilized for the evaluation of product reviews, and how can LLMs
revolutionize the e-commerce sector?

To address the aforementioned research questions, the research initiates by providing a concise
literature review in Section 2.7.2. This review aims to assist readers in gaining a deeper understanding
of topics related to customer sentiment analysis and satisfaction, as well as the utilization of NLP and
LLMs for this particular study. Section 2.7.3 outlines the methodology employed in facilitating the
current research, encompassing the data collection of product reviews, dataset cleaning, the creation of
a universal prompt, model execution, fine-tuning, and the utilization of these models to identify the
lexical components that influenced both reviewers and LLMs in assigning ratings to product reviews.
Section 2.7.4 presents the research findings, while Section 2.7.5 not only addresses the research
questions, but also compares pre- and post-fine-tuning models. Key insights from the authors’
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observations are also highlighted in this section. Finally, the research concludes in Section 2.7.6, by
discussing implications and providing directions for future research work.

2.7.2. Literature review

Customer satisfaction in E-commerce

In the realm of e-commerce, the foundation of success is customer satisfaction [67]. In the
constantly shifting world of online retail, where countless choices are merely a click away, contented
customers play a pivotal role in ensuring the endurance and prosperity of e-commerce enterprises.
Furthermore, customer satisfaction (CS) is closely linked with customer retention (CR) and loyalty (CL)
[68]. Happy customers are not only more inclined to return for future purchases, but also to become
loyal advocates, creating a ripple effect by recommending the e-commerce platform to their network of
friends and family [69]. Significantly, retaining an existing customer often costs less than acquiring a
new one [70]. Consequently, customer satisfaction emerges as an economically efficient strategy for
sustained business growth [71].

In the interconnected digital realm, satisfied customers transform into influential brand
ambassadors. They eagerly share their positive experiences through social media, review platforms,
and word-of-mouth endorsements. These spontaneous recommendations can significantly enhance an
e-commerce business’s reputation and visibility, thereby attracting new customers and broadening its
market reach [72].

Furthermore, customer satisfaction exhibits a direct connection with sales and revenue. Pleased
customers tend to spend more, make repeat purchases, and show a higher lifetime customer value [71].
Additionally, favorable reviews and ratings from satisfied customers actively stimulate sales by
providing social proof and enhancing the perceived trustworthiness of the e-commerce platform [73].

High customer satisfaction levels, therefore, act as a safeguard against customer attrition. E-
commerce businesses operate in a fiercely competitive landscape, where dissatisfied customers or those
experiencing subpar service are prone to switch to a competitor [67]. Consequently, maintaining high
levels of customer satisfaction becomes crucial not only to prevent customer loss, but also to ensure
long-term business sustainability.

It is evident that customer satisfaction can serve as a crucial differentiator. E-commerce
businesses that consistently provide exceptional customer experiences gain a competitive advantage,
which, in turn, draws and retains customers [74]. This competitive edge can lead to increased market
share and, ultimately, enhanced profitability.

The feedback obtained from contented customers represents a valuable resource for e-
commerce enterprises looking to innovate and enhance their offerings. Customer satisfaction surveys,
reviews, and direct feedback offer essential insights into what is working well and what needs
improvement [75]. This information empowers e-commerce businesses to adapt and evolve in response
to shifting customer preferences and market dynamics.

Product reviews in understanding customer sentiment

In today’s consumer landscape, product evaluations have evolved into a pivotal element of
decision-making processes. The rise of e-commerce and digital marketplaces has forged a deep reliance
on reviews among customers seeking insights into a product or service’s performance, quality, and
overall satisfaction [76]. These reviews serve as a wellspring of knowledge, guiding consumers toward
well-informed purchase choices, molding perceptions of products and services, and holding businesses
accountable for their offerings [77].

The digital realm, enriched by online platforms, social media, and e-commerce websites, has
opened up a vast arena for individuals to share their encounters and viewpoints on various products
and services. This profusion of product appraisals has revolutionized how consumers approach their
buying decisions. A survey from Askalidis et al. (2017) underscores this shift, revealing that a
staggering 95% of shoppers peruse online reviews before committing to a purchase, and the purchase
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likelihood for a product with five reviews is 270% greater than the purchase likelihood of a product
with no reviews, which strongly underscores the surging significance of product evaluations in the
consumer decision-making process [78].

Diverse sources, including e-commerce websites, social media platforms, specialized review
sites, and mobile applications, serve as reservoirs of these product assessments. In these platforms,
customers thoughtfully recount their experiences, meticulously outlining both the favorable and
unfavorable aspects of a given product or service. These appraisals take on a variety of forms, from
textual narratives to numerical ratings, star-based evaluations, or a fusion of these elements [79].

Understanding customer sentiment from these reviews requires the application of
sophisticated NLP and sentiment analysis methodologies. Sentiment analysis algorithms scrutinize the
language, tone, and contextual nuances within the reviews, categorizing them as either positive,
negative, or neutral [80]. These algorithms leverages ML and linguistic analysis to extract valuable
insights from textual data.

Product evaluations have a multifaceted impact on consumer behavior [81]. First and foremost,
they furnish invaluable insights into a product’s performance, features, and quality. These reviews
bridge the information gap between customers and products, empowering consumers to make more
judicious choices [82]. Additionally, these reviews play a crucial role in building trust. Numerous
positive evaluations for a product can establish a sense of credibility and reliability, while a lack of
reviews or an excess of negative ones may trigger caution for potential buyers [78].

Product reviews serve not only consumers but also provide value to manufacturers and
retailers. They act as feedback mechanisms, offering valuable insights into areas for improvement and
gauging customer satisfaction. Companies can leverage this feedback to enhance their products and
services, address customer concerns and suggestions, and adjust their marketing strategies accordingly
[60].

LLMs in E-commerce

Despite being in an early stage compared to other NLP models, recent research has
demonstrated the efficiency of LLMs in various tasks related to e-commerce. Kanaan et al. (2023)
introduce a novel approach using GPT for product category matching, showcasing the superior
effectiveness of the GPT-based model [83]. Chen et al. (2023) explore LLMs for relation labeling in e-
commerce Knowledge Graphs, demonstrating remarkable learning capabilities and the potential to
replace human labeling [84].

Gao et al. address limitations of LLMs and Specialized Translation Models (STMs) in e-
commerce translation, introducing an LLMs-based E-commerce machine translation approach (LEMT)
that outperforms state-of-the-art Neural Machine Translation (NMT) models [85]. Wang and Na (2023)
propose a novel approach to enhance e-commerce search and recommendation systems by converting
structured data into textual data, allowing for more effective search and recommendation using LLMs
[86].

Al Wahshat et al. (2023) focus on combating manipulated reviews in e-commerce platforms
using GPT-4, demonstrating its efficacy in identifying and flagging manipulated reviews with
remarkable accuracy [87]. Zhou et al. (2023) automate product description generation in e-commerce
using the LLaMA-2 7B language model, emphasizing the potential of LLMs in optimizing e-commerce
[88].

Continuing the research, Roumeliotis et al. (2023) introduce a software powered by GPT to
automatically identify sustainable product features in e-commerce, aiding informed, sustainable
purchasing decisions [29]. Shi et al. (2023) address limitations of general LLMs in handling personalized
features unique to e-commerce, introducing LLaMA-E, achieving state-of-the-art results in e-commerce
authoring tasks [89]. Liu et al. (2023) explore the synergy between conversational recommender systems
(CRSs) and LLMs, highlighting their complementary strengths in improving pre-sales dialogue tasks

[7].
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Ma et al. (2023) tackle challenges in applying LLMs to specific domains by focusing on domain-
specific continual pre-training, demonstrating its effectiveness in improving few-shot learning and
zero-shot performance in the e-commerce domain [90]. Maragheh et al. (2023) investigate using item
aspects generated by LLMs to improve ranking tasks, introducing Theme-Aware Keyword Extraction
(LLM TAKE) for enhanced keyword generation in e-commerce [91].

Finally, Orzot and Szopik-Depczyniska (2023) explore how ChatGPT can enhance customer
communication and boost sales in the e-commerce industry, providing insights into the potential
benefits of ChatGPT for e-commerce stores [92]. Li et al. (2023) contribute by addressing challenges of
applying general LLMs to e-commerce tasks, proposing the first E-commerce instruction dataset,
EcomlInstruct, and introducing EcomGPT, a specialized model demonstrating superior zero-shot
generalization capabilities [93].

Collectively, these studies emphasize the substantial potential of LLMs in revolutionizing and
enhancing various facets of the e-commerce landscape.

2.7.3. Research methodology

This study aims to unravel the intricate emotional nuances embedded within product reviews
through the proficient application of LLMs, with a particular focus on the widely recognized GPT-3.5
model and the novel open-source LLaMA-2 model. Our primary objective is to gain a profound
understanding of the psychological states that drive reviewers when composing their assessments,
whether they manifest satisfaction, dissatisfaction, or a complex ambivalence toward the products they
have purchased.

To evaluate how proficiently LLMs can determine the sentiments expressed in individual
words within product reviews, we began our study by using these models to predict star ratings for a
large dataset of product reviews. We hypothesized that since LLMs can efficiently predict the rating
stars of a review, they also have the capability to understand the meaning and emotions conveyed by
the words in each review.

To assess the effectiveness of LLMs for this specific task without bias, we concurrently
employed two well-known NLP models (non-LLM): BERT and RoBERTa. These models were tasked
with making predictions for the same tasks as the LLMs, generating valuable results for meaningful
comparisons.

In the preliminary phases of our research, we meticulously scrutinize the ability of LLMs to
accurately discern the intricate emotional subtleties expressed by product reviewers, conducting a
comprehensive performance comparison between the two aforementioned models. Following this, we
undertake the task of fine-tuning both LLMs and their non-LLM counterparts for sentiment analysis
within the context of product reviews. This fine-tuning process enhances their capacity to respond with
increased precision to the multifaceted emotional dimensions present in reviews.

Confirming through our research that fine-tuned LLMs exhibit significantly higher
performance compared to their base counterparts, we advanced our investigation one step further by
deploying fine-tuned models to identify specific lexical elements — words within product reviews that
influenced their selection of review rating stars. We compiled these words into a table, which will aid
future studies in comprehending how LLMs perceive the sentiment of a reviewer by analyzing the
words they choose to employ in their product reviews.

The entire codebase utilized for the research, spanning from the Flask-based Chrome
application designed for review collection to the fine-tuning process of the models, along with the
associated datasets, is available in a GitHub repository with an MIT open source license [94].

To accomplish the objectives of this research, given the volume and complexity of the processes
involved, it became imperative to adopt a specific research methodology. This methodology has been
carefully selected to facilitate both the development of the software for review collection and the
subsequent execution and fine-tuning of the models. The detailed framework for these procedures is
presented in the following subsections to provide a comprehensive and coherent strategy for the study.
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Chrome app development and data collection

The research was initiated with the development of a Chrome application, meticulously
engineered using object-oriented Python, Flask, and JavaScript. This application was purposefully
designed to facilitate the systematic extraction of product reviews from prominent online marketplaces,
including industry giants like Amazon and eBay.

The Chrome application was crafted with precision to ensure its reliability and effectiveness in
data retrieval. Leveraging object-oriented Python, a structured and modular codebase was established,
allowing for efficient maintenance and future enhancements. The utilization of Flask, a Python web
framework, streamlined the development process, facilitating seamless interactions between the
frontend and backend components. Additionally, JavaScript played a pivotal role in collecting and
transmitting data to the Flask server.

The primary objective of the application was to collect comprehensive information from online
product listings. The researchers systematically gathered a multitude of data points, including product
titles, product descriptions, product categories, and user-generated product reviews. The product titles
and descriptions provided valuable insights into the attributes and features of the items under scrutiny.
The product categories enabled efficient product classification and categorization. The focus, however,
was on user reviews, extracting the review title, the complete body of the review, and the
accompanying star rating given by the reviewer.

The acquired data, extensive and diverse, was systematically stored within an SQLite database.
This relational database management system ensured data integrity and offered a structured
environment for organizing and querying the collected information. Each data point, from product
descriptions to user reviews, was indexed, allowing for efficient retrieval and analysis.

The extensive scope of the data collection efforts resulted in a substantial repository of
information. The application successfully collected data from 616 distinct products, creating a robust
dataset consisting of 5,029 product reviews.

Beyond being the foundation for the research project, the data collected through the Chrome
application holds significance in both academic and practical contexts. This dataset provides numerous
opportunities for subsequent analysis, including sentiment analysis, trend identification in product
reviews, and the examination of potential correlations between product attributes and review ratings.
Moreover, it provides valuable insights for businesses, enabling a deeper understanding of customer
satisfaction and preferences in the highly competitive e-commerce landscape.

Dataset splitting and preprocessing

To ensure the quality and effectiveness of our predictive modeling and fine-tuning processes,
we prepared the dataset, adhering to a systematic approach. These processes involved several key
steps, each designed to enhance the suitability of the data for subsequent analysis.

Data preprocessing plays a pivotal role in enhancing the quality of the dataset. In this stage,
we addressed several aspects of text data to make it more amenable for modeling. One of the primary
tasks in data preprocessing involved the removal of special characters and extra white spaces, critical
for maintaining data cleanliness and consistency. Special characters, if left unattended, can lead to noise
in the dataset and hinder the effectiveness of NLP techniques.

Text normalization is also essential for ensuring that text data is consistent and standardized.
As part of this process, we performed operations such as converting accented characters to their base
form. This step is especially important for languages with diacritics, as it ensures that words with
accents’ variations are treated uniformly.

Furthermore, to ensure that text data is case-insensitive, we uniformly converted all text to
lowercase. This avoids the distinction between, for example, “Review” and “review”, ensuring that
NLP models are not sensitive to the case of text.

In addition, in an effort to make the most of the textual information within the reviews, we
merged the review titles and bodies. This consolidation step simplifies the input data and ensures that
the complete content of each review is considered when making predictions.
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In order to gauge the number of tokens within each review, essential for processing by a LLM,
we employed the tiktoken Python library. This provided us with a close estimation of the number of
tokens, ensuring that we stay within the capacity limits of the LLM while maintaining the integrity and
completeness of the text.

In the realm of NLP tasks, splitting a dataset is pivotal for effective model development,
refinement, and assessment. This practice plays a crucial role in achieving robust and reliable models
capable of generalizing adeptly to new, unseen data across diverse linguistic contexts. In our specific
approach, we partitioned our dataset into training (70%), validation (15%), and test (15%) sets,
employing the train test split function from scikit-learn (training: 3520, validation: 754,
test: 755) [95]. This partitioning occurs in two stages: an initial split generates a training set and a
temporary set, with the latter subsequently undergoing further division into validation and test sets.
The training set serves a critical role during the fine-tuning phase, where the model acquires patterns,
relationships, and representations from the input data, enabling it to make predictions or execute
specific tasks. The validation set is crucial for the model tuning phase, involving adjustments to
hyperparameters and configuration. Evaluating the model’s performance on the validation set informs
modifications that enhance generalization and curbed overfitting. Finally, the fine-tuned models
employ the test set for making predictions, completing the comprehensive process of model fine-tuning
and evaluation.

To highlight the importance of the dataset during the fine-tuning of NLP models, subsequent
to splitting the dataset containing 5,029 product reviews, we created a smaller dataset comprising
approximately half of the training and validation data (training: 1,757, validation: 365). This reduced
dataset was then utilized to re-fine-tune the same base models, making predictions on the same test set
(test: 755).

Creating a compelling prompt understandable to both LLMs

By employing well-established prompting engineering techniques, our goal was to create a
prompt that is compatible with various LLMs, enhancing the accessibility of their output through our
code. Our approach prioritizes not only the content of the prompt but also the formatting of the output.

Creating a universal prompt starts with a deep understanding of the diverse LLM landscape.
Each model, such as GPT-3, GPT-4, LLaMA-2, and others, have unique characteristics, strengths, and
limitations. Designing a prompt that can elicit meaningful responses from these models while
maintaining accessibility is a complex challenge. To address this, we applied two well-established
prompting engineering techniques, considering the idiosyncrasies of various LLMs [96].

1. Model-Agnostic Content: Our approach involves developing a prompt that is model-
agnostic, meaning it does not rely on the specific architecture or knowledge of any
particular LLM. This enables our prompt to be adaptable and transferable across a range
of models. We focus on creating a prompt that convey the task clearly, providing relevant
context and information that any LLM can comprehend.

2. Accessibility through Output Formatting: An often-overlooked aspect of prompt design is
the format of the output. We strongly emphasize designing a code-friendly output format
that enhances accessibility. This is achieved by structuring the responses in a coherent and
intuitive manner. For the specific requirements of this task, it was necessary that the
outputs be structured in JSON format.

After numerous iterations and experiments with both LLMs, the final prompt, comprehensible

to both models, effectively elicited responses in the desired output format, is illustrated in Figure 1.

prompt = 'Assign integer star ratings (between 1 and 5) to the following product reviews.' \
'Return your response in JSON format like this example:' \
'{"ratingl":integer, "rating2":integer, ...}.' \
'Do not provide explanations or justifications for the ratings. Reviews'"\n'

Figure 1. Model-Agnostic prompt
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Model deployment, fine-tuning LLMs and predictive testing

In this study, four NLP models were employed: the BERT model, the RoBERTa model, and the
LLMs GPT-3.5 and LLaMA-2. For each of these models, a specific methodology was followed for both
fine-tuning and product review rating prediction.

GPT-3.5 model

In this phase, the gpt-3.5-turbo-1106 base model was initially employed to make
predictions for the review ratings in the test set using a specific prompt presented in Figure 2.
Leveraging their extensive training, LLMs have acquired the ability to discern subtle cues influencing
reviewer sentiment, enabling them to generate predicted star ratings. Our methodology involved
inputting the language model with the textual content of reviews, allowing it to comprehend nuances,
sentiments, and underlying themes in both review titles and their bodies. To make predictions and
perform fine-tuning on the gpt-3.5-turbo-1106 base model, we utilized the official OpenAl APL
Additionally, based on statements from Azure CTO Mark Russinovich [97], Azure employs Low-Rank
Adaptation (LoRA) Parameter-Efficient Fine-Tuning (PEFT) and DeepSpeed techniques to reduce GPU
usage and enhance memory efficiency during the fine-tuning of its GPT-3 model.

The predicted ratings generated by GPT-3.5 were then meticulously compared with the
original ratings provided by the reviewers. This comprehensive analysis allowed us to evaluate the
effectiveness of the base model in capturing the essence of reviews and predicting ratings that align
closely with human judgments.

During the fine-tuning phase, the gpt-3.5-turbo-1106 model was exposed to extensive
data and fine-tuned to adapt to specific nuances and patterns in the training set. The multi-epoch
training approach allowed the model to iteratively refine its understanding and capabilities,
progressively enhancing its performance on target tasks and ensuring readiness for accurate
predictions and valuable insights in subsequent evaluations.

Two fine-tuning processes were conducted, one identified by the Job ID ftjob-
fduMpiY1j23j217b9wXooyBd and the other (reduced dataset) by ftjob-
P6xOmuaYW4JiIxkTkCg6ytpF. The former processed 1,468,176 tokens with training loss at 0.0574
and validation loss at 0.0216 across three epochs. The latter processed 730,491 tokens with a training
loss of 0.3690 and a slightly higher validation loss of 0.3927 in three epochs. These metrics indicate the
models’ adaptability and generalization during fine-tuning.

After the completion of the fine-tuning phase, the fine-tuned models were assigned the task of
predicting star ratings for product reviews in the same test set. The obtained results were then
integrated into an SQLi te table, simplifying further comparative analysis.

To facilitate the fine-tuning of the LLMs, two JsonL files were created, encompassing prompt
and completion pairs, as illustrated in Figure 2.
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# Llama 2 JsonL Sample

{"prompt": "You are a product reviewer. Assign integer star ratings (between 1 and 5)"
"to the following product reviews."
"Return your response in JSON format like this example:"
"{\"rating1l\":integer, \"rating2\":integer, ...}."
"Do not provide explanations or justifications for the ratings. Reviews\"\n"
"1. almost perfect. these would be perfect if they had pockets",

"completion": "{\"ratingl\":4}"}

# GPT 3.5 JsonL Sample
{"messages": [{"role": "system", "content": "You are a product reviewer"},
{"role": "user", "content":
"Assign integer star ratings (between 1 and 5)to the following product reviews."
"Return your response in json format like this example"
"{'ratingl':integer, 'rating2':integer,...}."
"Please avoid providing additional explanations. Reviews:\n"
"1. almost perfect. these would be perfect if they had pockets"},
{"role": "assistant", "content": "{\"ratingl\":4}"}]}
Figure 2. Fine-tuning JSONL samples.

LLaMA-2 model

In this phase, the 11ama-2-70b-chat base model was initially used to predict review ratings
in the test set using a specific prompt from Figure 2. Predicted ratings from 11ama-2-70b-chat were
carefully compared with the original ratings provided by reviewers. Given the significant
computational resources required by LLaMA models, similar to GPT-3.5, we leveraged the Replicate
API for predictions and fine-tuning. Similar to Azure’s use of LoORA PEFT techniques to reduce GPU
requirements during the fine-tuning of its GPT-3 model, Replicate employs LoRA — specifically, QLora
techniques — for the fine-tuning the LLaMA model.

Two fine-tuning processes were performed, identified by the Job IDs ecommerce-
reviews5029:4a107315 [98] and (reduced dataset) ecommerce-reviews50:b05681bd [99]. The
first job utilized 8x A40 (Large) GPUs, with a total runtime of 377.02 min. Training lasted 22,394.4514 s,
achieving a speed of 0.465 samples per second, 0.116 steps per second, and a final training loss of 0.462
over three epochs. In the second job, the fine-tuning process also utilized 8x A40 (Large) GPUs, with a
total runtime of 182.11 min. Training lasted 10,708.3497 s, achieving a speed of 0.478 samples per
second, 0.12 steps per second, and a final training loss of 0.4918 over three epochs.

After the completion of fine-tuning, the fine-tuned models predicted star ratings for product
reviews in the test data, and the results were also integrated into an SQLite table for further
comparative analysis.

BERT model

In this phase, we utilized the bert-base-uncased variant [100] for our NLP task.
Specifically, we employed the BertForSequenceClassification model from the transformers
library. The foundational BERT model captures contextualized representations of input tokens through
its transformer layers. BertForSequenceClassification, a distinct iteration of BERT,
incorporates an additional classification head pre-configured for sequence classification tasks.
Typically, this classification head consists of a fully connected layer that transforms the BERT output
into class probabilities [101].

The bert-base-uncased model is a case-insensitive iteration of BERT, wherein all input text
is converted to lowercase during training. Similar to the broader BERT architecture, this variant is
transformer-based, featuring multiple layers and hidden units. The architectural specifications of the
bert-base-uncased model include 12 layers, 768 hidden units, 12 heads, and 110 million parameters
[102]. The self-attention mechanisms integrated into BERT facilitate the capture of contextual
dependencies within input sequences.
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During the fine-tuning process, the bert -base-uncased model was employed for sentiment
classification using the training set comprising reviews and their corresponding ratings. The fine-
tuning and prediction processes were executed in Google Colab, utilizing an A100 GPU. The dataset,
loaded from a CSV file in Google Drive, underwent preprocessing, which included tokenization using
the BERT tokenizer [103]. Hyperparameteres for the fine-tuning process were specified, including a
learning rate of 2e-5, a batch size of 8, and utilizing the Adaptive Moment Estimation (Adam), Adam
with Weight Decay (AdamW) and Stochastic Gradient Descent (SGD) optimizers. The model
underwent training for three epochs, with progress tracked using the t gdm library [104]. The training
loop encompassed backpropagation, optimization, and validation on a separate dataset. The code
checked for GPU availability for faster computation. Following training, the fine-tuned model and
tokenizer were saved to a directory in Google Drive for future use and predictions. Our code embodies
a systematic and thorough fine-tuning methodology, assuring the model’s alignment with the unique
requirements of the sentiment classification task and its preparedness for deployment. After the fine-
tuning process, the model proceeded to generate predictions for the test sample. The corresponding
code, the training and validation loss, and the validation accuracy for this process are available in an
ipynb Jupyter file on GitHub [94].

RoBERTa model

In this phase, we employed the roberta-base model, accessible at [105], for sentiment
classification. Following the BERT-base architecture, the RoBERTa model architecture incorporates
numerous layers of self-attention mechanisms, facilitating the effective capture of contextual
relationships within input sequences. The specific configuration of the RoBERTa model involves a 12-
layer transformer-based neural network with 768 hidden units, 12 attention heads, and a total of 125
million parameters [102]. Each transformer layer within this architecture typically integrates self-
attention mechanisms and feedforward neural networks, collectively enhancing the model’s
proficiency in comprehending and representing intricate relationships within sequential data. For the
prediction phase, the RobertaForSequenceClassification model was utilized from the
transformers library [106], involving the loading of the pre-trained model through the pretrained
method.

The same fine-tuning methodology like the BERT model followed for the RoBERTa model,
tailored for sentiment classification using a custom dataset of reviews and corresponding ratings. The
fine-tuning and prediction processes were also executed in Google Colab, utilizing an A100 GPU. The
training set, sourced from a CSV file in Google Drive, undergoes preprocessing, employing the
RoBERTa tokenizer to tokenize text data and preparing it as PyTorch tensors. The hyperparameters
governing the fine-tuning process, including a learning rate of 2e-5, a batch size of 8, and the AdamW,
Adam, and SGD optimizers, are specified to optimize model parameters effectively. The training
unfolds over three epochs, with GPU utilization for accelerated computation when available. The
training loop, visualized using the tgdm library, encompasses both training and validation phases,
evaluating the model’s accuracy. Post-fine-tuning, the RoBERTa model and tokenizer are saved for
future use in a designated Google Drive directory. Subsequently, the model engaged in the generation
of predictions for the test set. The script and associated resources, such as the training and validation
loss, as well as the validation accuracy, are available on GitHub in a Jupyter notebook file (1pynb) for
broader accessibility and collaboration [94].

Linguistic factors influencing product review ratings

In the final phase of the research, the fine-tuned models trained on the entire training set were
selected, along with those reviews to which the LLMs assigned a rating equal to that provided by the
human reviewer. The fine-tuned LLMs were then prompted to identify specific lexical components,
specifically the words contained within product reviews that significantly influenced the assignment
of rating stars. For both models, a universal prompt was used, as presented in Figure 3, and their
responses were saved in a CSV file to facilitate analysis.
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prompt = f'''Please carefully analyze the review text provided and identify the words or phrases
that played a significant role in influencing both your and the reviewer's rating decision.
Your response should be in JSON format, listing the words or phrases
and their corresponding influence on the rating.
For example: {{"1": "word or phrase", "2": "word or phrase", "3": "word or phrase", ...}} \n
Review text: {review_text}\n
Review rating: {review_rating}'"’

Figure 3. Model-agnostic prompt for identifying lexical elements in product reviews

This analysis aimed to uncover and clarify how specific words or phrases significantly
influenced the overall assignment of rating stars by reviewers. The ultimate goal was to enhance our
understanding of the linguistic factors that impact the determination of product review ratings, thus
improving our insight into the decision-making processes employed by both human reviewers and
fine-tuned LLMs.

2.7.4. Comparative analysis and models’ evaluation

In Section 2.7.3, we elaborate on the methodological framework employed to evaluate the
predictive capabilities of four NLP models, including GPT-3.5 and LLaMA-2 LLMs, BERT, and
RoBERT%4, in the context of star-rating product reviews and understanding their underlying nuances.
This section presents the results of the comparative analysis conducted among the four models at
various stages of our research.

Fine-tuned models evaluation

Before presenting our findings, it is crucial to emphasize the importance of model evaluation.
Within the domains of ML and NLP, the process of evaluating models assumes a central role, affording
us invaluable insights into the performance and effectiveness of our fine-tuned models. Model
evaluation acts as a guiding compass, enabling us to make well-informed decisions regarding their
suitability and, in parallel, propelling us toward progressive advancements in fine-tuning and
optimization tailored to specific applications. Table 1 presents a comprehensive range of evaluations
for each model, encompassing a set of critical evaluation metrics.

Table 1. Model Performance Metrics Comparison

Model Accuracy Precision Recall F1 Score
base:gpt-3.5-turbo-1106 0.5483 0.553 0.5483 0.5467
base:llama-2-70b-chat 0.5086 0.5029 0.5086 0.5038
ft:gpt-3.5-turbo-1106 (100%) 0.6424 0.6416 0.6424 0.6409
ft:llama-2-70b-chat (100%) 0.6185 0.6162 0.6185 0.6147
ft:bert-adam (100%) 0.5881 0.5881 0.5881 0.5871
ft:bert-adamw (100%) 0.5841 0.5921 0.5841 0.5766
ft:bert-sgd (100%) 0.2225 0.0706 0.2225 0.0888
ft:roberta-adam (100%) 0.6066 0.6157 0.6066 0.6017
ft:roberta-adamw (100%) 0.5536 0.5951 0.5536 0.5325
ft:roberta-sgd (100%) 0.2225 0.0495 0.2225 0.081
ft:gpt-3.5-turbo-1106 (50%) 0.6212 0.6207 0.6212 0.6197
ft:llama-2-70b-chat (50%) 0.604 0.6009 0.604 0.5997
ft:bert-adam (50%) 0.5523 0.5575 0.5523 0.5532
ft:bert-adamw (50%) 0.5775 0.5741 0.5775 0.5736
ft:bert-sgd (50%) 0.1629 0.0269 0.1629 0.0462
ft:roberta-adam (50%) 0.5152 0.5305 0.5152 0.5181
ft:roberta-adamw (50%) 0.5497 0.5351 0.5497 0.5286
ft:roberta-sgd (50%) 0.1642 0.027 0.1642 0.0463
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Base models evaluation phase

In the initial phase of our research, we engaged both LLM base models, namely gpt-3.5-
turbo-1106 and 1lama-2-70b-chat, in the task of predicting the star ratings associated with the
test set comprising 755 product reviews. Our primary objective was to assess the accuracy of these
LLMs in predicting the star ratings originally assigned by users when crafting their reviews.

Upon careful examination of the responses generated by the base models and comparing them
to the original star ratings provided by users, we made several notable observations. The gpt-3.5-
turbo-1106 model exhibited a satisfactory grade of accuracy, precisely predicting 54.83% of the star
ratings, which is translated to a successful prediction in 414 out of the 755 reviews that constituted our
test dataset. In contrast, the 1lama-2-70b-chat model, while still displaying noteworthy
performance, achieved a slightly lower accuracy rate of 50.86%, i.e., accurate predictions for 384 out of
the 755 reviews in our test set. These findings suggest that both LLMs possess satisfactory predictive
capabilities, with the GPT-3.5 base model showing a marginally higher accuracy in this specific task.

It is essential to emphasize that achieving a 50% accuracy rate in predictive modeling is akin to
making predictions equivalent to random chance. However, when dealing with a classification task
involving more than two choices, such as in the case of review ratings with 5 options, the baseline
accuracy due to random chance is calculated to be 20% (1 out of 5).

In practical terms, this implies that a predictive model that simply guesses without any learning
or information should, on average, be correct 20% of the time. Therefore, models that surpass this
baseline are providing more meaningful predictions. For instance, the LLM base models achieved
prediction accuracies of 54.83% and 50.86%, respectively, demonstrating a considerable improvement
over random chance in discerning the nuances of the given reviews.

These accuracy percentages signify that the models are making predictions significantly above
what one would expect from random guessing, indicating their ability to capture patterns and
relationships within the data, thereby enhancing the quality of predictions.

However, the efficiency of the models can be further enhanced by fine-tuning them for the
specific task, improving their ability to capture and understand intricate patterns and relationships in
the data.

Fine-tuned LLMs evaluation phase

In the subsequent phase of our study, we conducted fine-tuning on the GPT-3.5 and LLaMA-2
models, simultaneously applying the same fine-tuning process to the BERT and RoBERTa models using
three different optimizers. This process was carried out on the training set, consisting of 3,520 product
reviews, with the objective of improving the models” performance and enhancing their adaptation to
the task at hand.

Subsequently, the fine-tuned models were put to the test once more, tasked with the challenge
of predicting star ratings for the same test dataset. The results of this phase were quite effective. The
LLaMA-2 model, post fine-tuning, managed to correctly predict star ratings in a 61.85% of cases, i.e.,
467 out of the 755 reviews included in the test set, showcasing a considerable improvement in its
predictive capabilities. In contrast, the GPT-3.5 model demonstrated even more noteworthy progress
following the fine-tuning process. It achieved a remarkable 64.24% accuracy rate, i.e., accurately
predicting star ratings in 485 out of the 755 reviews within the test set. This substantial improvement
in predictive accuracy highlights the effectiveness of fine-tuning in enhancing the performance of both
LLMs, with GPT-3.5 exhibiting a particularly strong response to this optimization process.

At the same time, the non-LLM models responded to fine-tuning to a similar extent, with the
BERT model achieving 58.81% correct predictions and RoBERTa reaching 60.66% using the ADAM
optimizer. With the ADAMW optimizer, both models showed a slightly lower performance on
predictions, i.e., 58.41% and 55.36%, respectively. In contrast, with the SGD optimizer, the results were
highly disappointing at 22.25% for both models, indicating that this particular optimizer is not suitable
for the given task.
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Evaluation of fine-tuned LLMs for half of the dataset

To assess the impact of the amount of training data in the fine-tuning process of an NLP model,
we employed the same fine-tuning procedure on four models. However, this time, we utilized
approximately 50% of the training data, specifically 1,757 samples out of the previously employed
3,520.

In this specific phase, the GPT-3.5 fine-tuned model continued to maintain its edge with a
62.12% accuracy rate in predicting star ratings, correctly predicting 469 out of the 755 test samples.
Meanwhile, the LLaMA-2 model achieved a 60.4% accuracy, correctly predicting star ratings in 456 out
of the 755 test samples.

In a corresponding manner, NLP models (non-LLM), fine-tuned on approximately half of the
dataset, yielded BERT predictions of 52.23% and RoBERTa predictions of 51.52%, employing the
ADAM optimizer. Employing the ADAMW optimizer resulted in predictions of 57.75% and 54.97%,
whereas utilization of the SGD optimizer led to predictions of 16.29% and 16.42%.

Assessing models’ performance and proximity with original ratings

In order to gain meaningful insights into the performance of base and fine-tuned models and
the degree to which their predictions align with the original ratings provided by reviewers, we utilized
the mean absolute error class from the sklearn library. The Mean Absolute Error (MAE) was
used to calculate the difference between the predictions of the base and fine-tuned models and the
original ratings provided by the reviewers. The results are presented in Figure 4, Figure 5 in the form
of scatterplots. In these diagrams, the perfect fit line reflects the points where predictions are in perfect
alignment with the actual values.
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Figure 4. MAE for Base Models
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Figure 5. MAE for Fine-Tuned Models

The MAEs provide insights into the accuracy of various NLP models across different fine-
tuning configurations. A lower MAE suggests that, on average, the model’s predictions are closer to
the true values, indicating better accuracy, predictive capabilities, and overall performance. The base
gpt-3.5-turbo-1106 and base 11lama-2-70b-chat models exhibit MAEs of 0.5166 and 0.6026,
respectively, indicating the average absolute differences between their predictions and true values.
When fine-tuned on the full training set (100%), both GPT and LLaMA models show improvements,
achieving much lower MAEs of 0.3974 and 0.4755, respectively.

Furthermore, the fine-tuned versions of BERT and RoBERTa on the same training set, with the
ADAM optimizer providing better predictions according to our statistic results, yield MAEs of 0.5046
and 0.4741, respectively. Notably, in these evaluations, the RoBERTa model outperforms the BERT
model.

Evaluation of emotional nuances and lexical elements

In accordance with the methodology and logic presented in Linguistic factors influencing
product review ratings section, the fine-tuned LLMs were called upon to distinguish those words and
phrases within the product reviews that led them to correctly predict the reviewers’ ratings. For the
purposes of the research, a sample of 5 reviews was chosen in which the predictions of both fine-tuned
models matched the ratings given by the reviewers. The results were highly interesting and are
presented in Table 2.

Table 2. Lexical elements detected by fine-tuned LLMs in review bodies

Review Content Rating ft 1llama_100 ft_gpt_100
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junk sound cuts inout for a while
at first but following not long after
it completely stopped working
nice hiking shoes it fits well i
returned it because i felt the sole
wasnt padded enough and the
bottom was a bit stiff
this is great theres just one thing
great shower curtain thats nice and
light and soft the one thing i wish
it had was magnets in the corners
but other than that its great
soft good quality it is very soft and
would recommend only flaw is the
threading on the pillow cases are a
little loose im sure not all
manufactured are like that
nice nice color and stretchyfits a
little baggy for slim fit
nice shirt for the price looks nice
pressed out very neat plenty long
to stay tucked in
works good sound sucked but not
the cord retured the xlr and mic

[junk’, 'sound’, 'cuts inout', not
long after', 'completely stopped
working']

[junk’, 'sound cuts inout',
‘completely stopped working']

['nice hiking shoes', 'it fits well’,  ['nice’, 'fits well', 'sole wasnt
‘returned’, 'wasnt padded  padded enough’, 'bottom was a
enough', 'stiff'] bit stiff']

['great’, 'shower curtain’, 'nice’,
['great’, 'light', 'soft', 'magnets’, light', 'soft', 'wish it had
'corner’'] magnets', 'other than that']

['soft!, 'good quality’, 'very soft,
'recommend’, 'loose’,
'threading’, 'pillow cases',
'manufactured’, 'flaw’']

['soft’, 'good quality’,
‘recommend’, 'threading on the
pillow cases are a little loose']
['nice’, 'color’, 'stretchy’, 'fits a ['nice color', 'stretchy’, 'fits a little
little baggy', 'slim fit'] baggy', 'slim fit']
['nice shirt', 'for the price', Tooks ['nice’, 'shirt’, 'price’, 'looks nice',
nice', 'pressed out', 'very neat', 'pressed out', neat’, 'plenty long',
‘plenty long’, 'stay tucked in'] 'stay tucked in']

['works good', 'sound sucked',
‘'not the cord’, 'retured the xIr

['good’, 'sucked’, 'cord’,
'returned’, 'xIr', 'mic’, 'cant

and cant return this for some
reason 3 and mic', "can't return this"] return']

In the majority of the reviews presented in Table 2, the words identified by the fine-tuned
LLMs were the same. At the same time, when viewed from a human perspective, these words are
indeed the most representative and justify the reviewers’ ratings, highlighting the potential of LLMs to
identify the most important words in a text in a similar way to humans. Undoubtedly, making a
sweeping generalization would lack objectivity. However, judging from human evaluation, it appears
that LLMs can understand the context behind lexical elements to a lesser but encouraging extent,
similar to humans.

2.7.5. Research findings

In the preceding sections, we presented, the methodology and results for evaluating the
predictive capabilities of GPT-3.5 and LLaMA-2 LLMs, as well as BERT and RoBERTa models in tasks
related to the star-rating assessment of e-commerce product reviews. In this section, the research
findings and the observations made by the authors that have emerged from the study concerning the
utilization of LLMs for sentiment analysis on product reviews are being presented, while also
addressing the research questions.

Base models comparison

e Research Question 1: Which LLM demonstrates superior efficacy in assessing product
reviews?

e Research Statement 1: The gpt-3.5-turbo-1106 base model outperforms the 1lama-2-
70b-chat model by 3.97% in tasks associated with predicting star ratings for product reviews.
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In the Base models evaluation phase, the research results regarding the performance of the
base models gpt-3.5-turbo-1106 and 1lama-2-70b-chat in predicting star-ratings in a test-
sample of 755 product reviews were presented. Notably, it was observed that GPT-3.5 is significantly
more accurate than the LLaMA-2 model. This particular difference is attributed to the training phase,
where the GPT-3.5 model is assumed to have been trained with over 175 billion parameters [107], while
the LLaMA-2 model has 70 billion parameters [46].

One plausible hypothesis to explain this deviation in performance lies in the distinct training
processes that these two models underwent, particularly in their exposure to various public datasets.
It is conceivable that GPT-3.5 benefited from a more extensive and diverse range of training data,
including potentially more meticulous and specific fine-tuning. This expanded review training dataset
might have provided GPT-3.5 with a deeper understanding of nuanced topics, enabling it to generate
more accurate and contextually relevant responses.

In essence, the notable performance of GPT-3.5 underscores the importance of not only the
quantity of parameters, but also the quality and diversity of the training data in achieving optimal
language model capabilities.

Fine-tuned models comparison

e Research Question 2: Among the LLMs, which exhibits superior performance after undergoing
fine-tuning for the assessment of product reviews?

e Research Statement 2: Following the fine-tuning process, the GPT-3.5 model exhibits superior
performance to the LLaMA-2 model by a margin of 2.39% in tasks related to predicting star
ratings for product reviews.

Based on the results obtained in Fine-tuned LLMs evaluation phase, the fine-tuned GPT-3.5
model demonstrates an accurate assessment of 64.24% of review ratings in comparison to the LLaMA-
2 fine-tuned model, which predicts ratings with a success rate of 61.95%. Although the difference
between the two models is not greater than 2.39%, the superiority of the fine-tuned GPT-3.5 model in
comparison to the LLaMA-2 fine-tuned model, can be ascribed to several factors inherent in its
architecture. Notably, the GPT-3.5 model showcases a more effective utilization of the training data
during the fine-tuning process. This effectiveness can be attributed to several key characteristics of the
GPT-3.5 architecture.

¢ First and foremost, the GPT-3.5 model benefits from a more extensive and diverse pre-training
corpus, which provides it with a broader foundation of linguistic knowledge and context. This
vast pre-training dataset empowers the model to have a deeper understanding of the language,
including nuanced expressions and review-related content. Consequently, when fine-tuned on
review ratings, it demonstrates a greater proficiency in identifying and comprehending the
subtle nuances inherent in rating assessments, thus leading to a higher accuracy rate of 64.24%.

e Furthermore, the GPT-3.5 architecture incorporates optimized transformer-based deep
learning mechanisms, which are capable of capturing intricate relationships and dependencies
within the training data. This results in a more sophisticated representation of review content
and its correlation with rating scores. In contrast, despite the LLaMA-2 model being fine-tuned
and utilizing an optimized transformer architecture, SFT, and RLHF, it may not benefit to the
same extent from such a sophisticated architecture. This difference may explain its slightly
lower success rate of 61.95%.

e Additionally, the GPT-3.5 model’s architecture inherently facilitates better generalization,
enabling it to adapt more effectively to the nuances and variations within the review data,
which may arise from different sources and domains. This adaptability is a consequence of the
model’s extensive pre-training and fine-tuning stages.

The importance of domain-specific fine-tuning

¢ Research Question 3: How significant is the process of fine-tuning LLMs for specific tasks?
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e Research Statement 3: The fine-tuned LLaMA-2 and GPT-3.5 models demonstrated a 10.99%
and 9.41% increase in predictions in comparison to their base models predictions.

Building upon the results of our research, it is essential to situate our findings within the
context of how these fine-tuned models outperform their respective base models. In this context, we
detect a noteworthy and substantial enhancement in prediction accuracy. The fine-tuned GPT-3.5
model showcases an impressive 9.41% increase in prediction accuracy, while the LLaMA-2 model
exhibits an even more remarkable 10.99% rise in prediction accuracy when compared to their base
models, respectively. In a direct comparison, it becomes apparent that the LLaMA model responds
slightly more effectively to fine-tuning than the GPT model. These observations collectively emphasize
the fundamental significance of utilizing fine-tuning techniques to optimize LLMs for specific tasks.

The importance of data quantity and quality on fine-tuning

e Research Question 4: What is the impact of both the quantity and quality of the dataset
designated for fine-tuning purposes?

e Research Statement 4: The fine-tuned LLaMA-2 and GPT-3.5 models demonstrated a 1.45%
and 2.12% increase in predictions when the dataset was doubled in size.

In the Evaluation of fine-tuned LLMs for half of the dataset section, with the aim of
investigating the significance of the quantity of training data in the performance of LLMs, a new
training set was randomly created, comprising 50% of the records from the base training set. Using this
specific set, both models were fine-tuned, and then they were tasked with predicting star ratings for
same test data in the form of product reviews.

Following a comparative analysis of the models trained with 50% of the training data and the
models trained on the entirety of the training data, a substantial difference in response accuracy became
evident. To be specific, the fine-tuned LLaMA-2 model exhibited a 1.45% decrease in response accuracy
compared to its fully trained counterpart, while the GPT-3.5 model displayed a 2.12% reduction,
respectively. These findings strongly emphasize the crucial role that the quantity of training data plays
in shaping the overall performance and accuracy of fine-tuned models.

Simultaneously, research from similar studies has demonstrated that, in addition to data
quantity, data quality plays a significant role in fine-tuning LLMs [108]. It is crucial to emphasize that
ensuring exceptional quality in labeled data is just as important as meeting quantity thresholds.
Achieving high-quality data in real-world applications requires a multifaceted approach involving data
cleaning, data labeling, and rigorous data quality assessment.

Cost-efficiency aspect of fine-tuning on LLMs

¢ Research Question 5: To what extent does an optimized prompting engineering plan and fine-
tuning contribute to achieving better and more cost-effective results from LLMs?

e Research Statement 5: Effective prompting engineering and fine-tuning of LLMs play a crucial
role in achieving improved outputs and greater cost efficiency.

It is imperative to underscore the cost-efficiency aspect of fine-tuning when deploying LLMs.
To elucidate this point, we must consider the computational tokens as a unit of measurement. A
descriptive output of 1,000 characters, calculated through the tiktoken library, corresponds to 204
tokens. These tokens are a representation of the cost incurred for executing a model in terms of the
computational resources required for the model to comprehend the input prompt and generate a
response for the end user.

According to the billing policy of gpt-3.5-turbo-1106, these 204 tokens amount to an
output cost of 0.000408 USD (0.002 USD per 1,000 tokens). In contrast, a structured output, consisting
of 20 characters (equivalent to 4 tokens), would incur a cost of 0.00004 USD for the operator running
the GPT-3.5 model. While the difference may seem inconsequential for a single output, when applied
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to a dataset with millions of records necessitating millions of outputs, the cost differential becomes
substantial. The cost difference is even more significant for the fine-tuning of the LLaMA-2 model,
which, in our research, required 8x A40 (Large) GPUs for 377.02 min in runtime. Particularly during
the prediction phase of 11ama-2-70b-chat, due to its chat-oriented nature, responses before fine-
tuning contained dialogue text, even though the prompt explicitly specified returning JSON format.
This fact accentuates the critical role of fine-tuning LLMs in cost reduction.

Furthermore, cost efficiency is particularly pertinent in the context of the input prompt. Fine-
tuned models have the potential to yield equivalent results to those generated by a base model, but
with a more concise prompt, using the appropriate prompting engineering techniques. This holds
significant implications for the economic consideration associated with deploying LLMs.

In summary, this examination highlights the economic implications of fine-tuning LLMs,
emphasizing that while the cost difference may seem marginal for isolated outputs, its significance
becomes pronounced when dealing with extensive datasets requiring numerous responses.
Additionally, the ability of fine-tuned models to achieve similar outcomes with shorter prompts
underscores the imperative nature of fine-tuning in optimizing both performance and cost-efficiency
in the deployment of LLMs.

Generated output structure on LLMs

e Research Question 6: What impact does fine-tuning have on the generated output of LLMs?
e Research Statement 6: The generated output of LLMs can be enhanced through fine-tuning,
with the LLaMA-2 model improving its responses by 100% following the fine-tuning process.

While utilizing the base model 11ama-2-70b-chat, it became apparent that, on numerous
occasions, the generated output did not align with the desired JSON structure, even when explicit
instructions were provided in the prompt. In contrast, the base model gpt-3.5-turbo-1106
consistently delivered correct JSON-formatted answers from the outset. However, a pivotal turning
point occurred after the fine-tuning process was applied to the LLaMA-2 model. Remarkably, the
results exhibited a substantial improvement in adhering to the JSON format for all responses generated.

This noteworthy transformation in the model’s behavior highlights a critical aspect of the utility
of fine-tuning when working with LLMs. It serves as a compelling testament to the profound impact
that fine-tuning can have on molding these models into highly effective tools for specific tasks.

The significant shift from inconsistent output to a perfect JSON format output following fine-
tuning showcases the malleability and adaptability of LLMs. Fine-tuning empowers these models to
not only understand the specific requirements of a task but also execute them with precision. This
transformation underscores the practical importance of fine-tuning as a powerful mechanism for
tailoring these models to meet specific goals, whether in structured data generation or any other
specialized language processing task.

Comparing fine-tuning and prediction performance: LLMs vs non-LLM NLP models

e Research Question 7: Are LLMs, such as GPT-3.5 and LLaMA-2 models, or NLP models like
BERT and RoBERTa, more effective in predicting product review ratings and, more generally,
in regression and sentiment analysis tasks?

¢ Research Statement 7: Overall, LLMs are more accurate in predicting product review ratings
than non-LLMs after fine-tuning.
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Figure 6. Model-wise variability in accuracy percentage of model predictions

Observing Figure 6 depicts that the performance of the ft:gpt-3.5-turbo-1106, trained
on 100% of the training set, is more accurate by 9.41% compared to the predictions of the base:gpt-
3.5-turbo-1106 model and 2.12% more accurate than the ft:gpt-3.5-turbo-1106 trained on
50% of the training set.

Similarly, the performance of the ft : 11ama-2-70b-chat, trained on 100% of the training set,
is more accurate by 10.99% compared to the predictions of the base:1lama-2-70b-chat and 1.45%
more accurate than the ft : 11ama-2-70b-chat trained on 50% of the training set.

In comparison to the ft:bert-adam model, the ft:gpt-3.5-turbo-1106 makes more
precise predictions by 5.43%, and the £t : 11ama-2-70b-chat by 3.04% (on 100% of the training set).
Compared to the ft:roberta-adam model, the ft:gpt-3.5-turbo-1106 makes more accurate
predictions by 3.58%, and the ft:11lama-2-70b-chat by 1.19% (on 100% of the training set).

Overall, LLMs are more efficient than non-LLMs after fine-tuning.

An interesting point observed is the percentage performance difference between models
trained on 50% and 100% of the training data. The increase in accuracy for BERT and RoBERTa models
is 3.58% and 9.14%, respectively, while for GPT-3.5 and LLaMA-2, it is 2.12% and 1.45%, respectively.
This implies that with the increase in the training set by 1,763 samples, the predictions of BERT and
RoBERTa are more accurate compared to GPT-3.5 and LLaMA-2. This finding raises additional
questions about whether LLMs will continue to be equally efficient if the dataset is further increased.
However, studies have shown that LLMs need more than 1,000 samples during training to understand
nuances and specific patterns in a dataset [109,110]. This may suggest that if we have a small dataset, it
is preferable to use BERT and RoBERTa, while LLMs become more efficient for the specific task with a
much larger training set.

Using the same logic, we can also consider the cost of running and fine-tuning models for
specific tasks. For training BERT and RoBERTa models on a training set of 3,520 samples, it took less
than 5 min (0.41 compute units) with an A100 GPU, and the cost of 100 compute units is $9.99 on Google
Colab. In contrast, fine-tuning 11ama-2-70b-chat using the replicate API took 377 min with 8x A40
GPUs, costing $133.47, and fine-tuning gpt-3.5-turbo-1106 took 56 min with $11.68. Therefore, it
is up to the user to decide whether to use an LLM for higher performance, considering the cost, or
choose a more economical NLP model by comparing costs and benefits. In the course of our
investigation, empirical evidence substantiates the superior efficacy of LLMs in contrast to alternative
NLP models when applied to the prediction of product review ratings. While the task at hand pertains
specifically to regression and sentiment analysis, rendering a broad inference regarding the
overarching efficiency of these particular models across classification tasks would constitute an
oversimplification.
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2.7.6. Implications and directions for future research

Implications of the study

The results of this study present both theoretical and practical implications for the fields of
research related to LLMs and Al, as well as for managers, marketers, and data analysts in the e-
commerce sector. Our research underscores the importance of understanding the emotions of e-
commerce customers following a purchase, as well as their satisfaction levels. In the past,
comprehending customer emotions was a challenging task, as models could not grasp the context
behind each customer review. In this study, we recommend the use of the latest advancements in the
Al field, the LLMs, as a more efficient solution for understanding the emotions behind each product
review and identifying customer satisfaction. LLMs not only provide advantages to e-commerce
owners, managers, marketers, and data analysts benefit, but also ensures customers receive faster
responses to their feedback, thereby enhancing the e-commerce strategy’s effectiveness.

Adhering to the collective findings from this study positions us to address the ultimate and
most critical research question (Q8), which concerns the effective use of LLMs for evaluating product
reviews. Considering the discoveries that LLMs represent a highly promising Al technology capable of
providing tangible solutions across various tasks, including the assessment of sentiment in product
reviews within an e-commerce context, our results, both pre and post fine-tuning, have demonstrated
the considerable success of GPT-3.5 and LLaMA-2 in predicting the rating stars of reviews and
identifying the words influencing user ratings.

Limitations and directions for future research

Our research has highlighted the effectiveness of LLMs for tasks related to assessing reviewers’
sentiments and gaining a deeper understanding of the words and context within a review that
significantly impact the rating of that specific review. However, additional enhancements could be
attained through both dataset and fine-tuning process improvements, as well as advancements in LLM
technology. Nevertheless, within this section, we not only discuss the limitations but also emphasize
certain future directions that the authors consider essential for advancing the e-commerce field and
integrating LLMs into processes aimed at automating e-commerce and customer-related tasks.

Limitations of this study:

While the study’s findings are valuable, it is crucial to consider several important aspects. First,
the conclusions are derived from a randomly selected sample of 5,029 product reviews, potentially
limiting their representativeness in the diverse e-commerce landscape. To ensure more comprehensive
insights, future research should prioritize the inclusion of a broader and more diverse dataset.
Furthermore, the study emphasizes the potential of LLMs, but highlights the need to acknowledge that
their adaptability may not be universal across the e-commerce spectrum. Factors such as specific
product categories, service models, and diverse customer demographics can significantly influence the
effectiveness of LLMs in various contexts. In addition, the use of LLMs for scrutinizing customer
sentiment raises ethical concerns, particularly related to privacy and data security. These ethical
quandaries need thoughtful consideration and appropriate measures to ensure responsible use.

Future Directions:

Looking forward in the field of Al for e-commerce, several key pathways for advancement
come into focus. Firstly, there is a crucial need for a comprehensive comparative performance
assessment, meticulously evaluating how LLMs compare to other Al models to ascertain their
suitability for specific e-commerce applications. Our research has highlighted the importance of
evaluating the performance of LLMs, incorporating scalable increases in the training set and fine-
tuning. This involve calculating prediction accuracy and the learning rate of the model for each task,
allowing, through scalable fine-tuning, for precise predictions of the most efficient training set size in
the future.
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Additionally, the development of a robust ethical framework is paramount. This framework should
offer clear and comprehensive guidelines for the responsible integration of Al into e-commerce, with a
strong emphasis on the ethically handling customer data and ensuring privacy protection.

Moreover, it is imperative to delve deeply into segmentation strategies. This entails the
customization of LLMs to cater to distinct customer segments and product categories, thereby
enhancing their effectiveness and relevance. Furthermore, we should explore the integration of multi-
modal data, encompassing text, images, and videos, into sentiment analysis to attain a more holistic
understanding of customer emotions and satisfaction.

Finally, the future of e-commerce involves not only using LLMs for analytical purposes, but also
harnessing their power for the personalization of recommendations and the optimization of chatbot
interactions. This holistic approach aims to significantly elevate the overall user experience, leading to
increased customer satisfaction and engagement.

2.7.7. Section Conclusion

In conclusion, understanding consumer sentiments, purchase decisions, and ensuring
unconditional customer satisfaction are vital for the sustained success of e-commerce enterprises in the
face of intense competition. Technology, especially LLMs, offers robust solutions to common e-
commerce challenges. In this study, the use of LLMs for understanding reviewer satisfaction post-
purchase was explored. The results were highly encouraging, with LLMs, both in their base and fine-
tuned forms, achieving predictive accuracy rates approaching 65% for review ratings. A notable
observation was the alignment of lexical elements considered significant by LLMs in rating
assessments, underscoring their ability to comprehend the importance of specific words within the
context, similar to human evaluators. The use of LLMs is undoubtedly a promising tool, benefiting e-
commerce owners in making strategic decisions and offering customers valuable insights that enhance
their satisfaction and experience.

2.8. Precision-Driven Product Recommendations Software: Unsupervised Models,
Evaluated by GPT-4 LLM for Enhanced Recommender Systems

2.8.1. Section Summary and Significance of the Study

The cart phase represents a pivotal juncture in e-commerce, serving as both the moment of
truth and an opportune moment for upselling. Personalized product recommendations during this
stage are crucial for elevating the average order value (AOV) without compromising conversion rates
[111].

Evaluating recommender systems has consistently posed a challenge. Several metrics,
including user surveys, accuracy metrics, user engagement metrics, precision and recall, and A/B
testing, have been introduced as methods to assess recommendation systems. While several evaluation
metrics are available, the subjective judgment of customers emerges as the crucial factor in determining
the authentic success of a recommender system. Their discernment regarding the value of a product
recommendation becomes the ultimate benchmark for the system's effectiveness. As such, striking a
balance between quantitative metrics and customer satisfaction remains a paramount consideration in
the ongoing refinement of recommender systems.

In this study, we propose an innovative methodology to elevate precision within product
recommendation systems through the integration of advanced unsupervised ML models with the state-
of-the-art GPT-4 LLM [3]. Our investigation focuses on three unsupervised models—specifically, K-
Means clustering, Content-Based Filtering (CBF), and Hierarchical Clustering —all meticulously trained
to enhance the accuracy of product recommendations. To evaluate the effectiveness and conduct
comprehensive comparisons among these models, we harness the robust capabilities of the GPT-4
model [112].
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The devised methodology incorporates the development of a user-friendly Flask-based API,
strategically designed to provide e-commerce owners with a seamless solution for the integration and
optimization of their product recommendation systems. Leveraging this API, e-commerce proprietors
can effortlessly input their product data in CSV format, initiating an automated process that
encompasses the training and evaluation of the three unsupervised models. The pivotal inclusion of
the GPT-4 LLM introduces a groundbreaking dimension to our approach, enabling a sophisticated
understanding and refinement of the semantic context associated with product features. This
augmentation significantly amplifies the precision and relevance of the recommendations provided.

In practical application, our proposed system facilitates user interaction by allowing e-
commerce owners to input a product title via the API. Subsequently, the software employs the trained
models and GPT-4 LLM to deliver the most contextually fitting product recommendations. This
pioneering framework not only streamlines the implementation of intricate unsupervised models but
also capitalizes on the advanced natural language understanding capabilities inherent in GPT-4,
resulting in refined and personalized product recommendations.

The empirical results derived from our extensive experiments underscore the superiority of
employing an LLM as an evaluation tool over the time-consuming and cost-inefficient process of
human evaluation. Our proposal involves utilizing the GPT-4 model as an evaluation tool to refine the
precision of recommendations generated by traditional unsupervised algorithms. This is achieved
through multiple rounds of training and evaluations on these models, with adjustments made to model
parameters or hyperparameter tuning, all aimed at enhancing recommendation precision.

This paper significantly contributes to the ever-evolving landscape of recommender systems
by introducing an efficient and scalable solution. It empowers e-commerce enterprises to optimize their
product recommendation systems by seamlessly integrating state-of-the-art ML and NLP technologies.

The primary aim of this research is multifold: firstly, to assess and compare the performance of
the supervised models for recommendation tasks; secondly, to introduce the GPT-4 LLM for model
evaluation; and thirdly, to address specific research questions that have not been adequately answered
by prior studies:

Q1: Which unsupervised recommender system algorithm demonstrates superior efficacy in
product recommendation tasks?

Q2: Is the GPT-4 model capable of evaluating the predictions of traditional unsupervised
models?

Q3: Can LLMs replace human evaluations?

(Q4: Do NLPs have the capability to evaluate recommendations from unsupervised learning
algorithms?

Q5: Can the proposed Flask-based API contribute to the accessibility and usability of
sophisticated recommendation systems for e-commerce owners?

To address the aforementioned research questions, the study initiates by providing a concise
literature review in Section 2.8.2. Section 2.8.3 outlines the research and development methodology,
encompassing the training of unsupervised models and their evaluation using the GPT model. Section
2.8.4 delves into the results, extracting insights and formulating statements that address the research
questions. Finally, Section 2.8.5, an alternative traditional method is presented for assessing the
effectiveness of recommender systems, drawing comparisons with our proposed GPT-based evaluation
tool.

2.8.2. Literature Review

In the ever-evolving realm of e-commerce, the curation and presentation of recommended
products have traditionally rested on the shoulders of e-commerce owners, entailing a manual and
intricate process across various online platforms, encompassing both product pages and shopping
carts. E-commerce proprietors historically undertook the laborious task of manually selecting products
believed to align with the current visitor's preferences, or proposing complementary items strategically
timed just before the checkout stage [113]. This manual curation spanned a spectrum of strategies,
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including cross-selling, up-selling, bundle recommendations, frequently bought together suggestions,
and personalized recommendations. The associated workload for e-commerce owners in executing
these strategies was undeniably colossal.

However, the landscape of e-commerce underwent a paradigm shift with the advent of ML
and Al, ushering in a transformative era. This era introduced automated solutions through models and
algorithms meticulously trained for the explicit purpose of handling the intricacies of recommendation
systems [114]. Initially adopted by major marketplaces, these models have since evolved and adapted
to augment and streamline the product recommendation processes within individual e-commerce
platforms.

This literature review section embarks on an exploration of the profound evolution brought
about by ML and Al in the realm of e-commerce product recommendation systems. It delves into the
most renowned product recommendation strategies, elucidating how these strategies have been
transformed and optimized through the integration of automated technologies. Moreover, the review
aims to present the most effective algorithms tailored for each specific recommendation strategy,
shedding light on the efficiency, accuracy, and adaptability of these intelligent systems in catering to
the diverse needs of online shoppers.

Personalized Product Recommendation Strategies

In the realm of e-commerce, strategic approaches such as cross-selling play a pivotal role in
maximizing customer value and satisfaction. Specifically, complementary product recommendations
form a key component of this strategy, where businesses suggest products that complement those
already in the customer's shopping cart [115]. For example, if a customer adds a camera to their cart,
cross-selling might involve recommending accessories like lenses or tripods. This not only enhances
the overall shopping experience by providing relevant options but also opens avenues for the seller to
increase the average transaction value and build a more comprehensive relationship with the consumer
[116]. Thoughtful execution of a cross-selling recommender system not only boosts sales but also fosters
customer loyalty by showcasing a genuine understanding of their needs [117].

Conversely, up-selling is another strategic sales tactic in e-commerce that focuses on
encouraging customers to consider higher-value or superior-quality alternatives to the items in their
cart [118]. By suggesting premium product alternatives, such as an advanced smartphone model with
enhanced features, businesses aim to entice customers to spend more [119]. This approach not only
contributes to increased revenue but also elevates customer satisfaction and loyalty by highlighting the
added value associated with premium offerings [117]. Through an effective up-selling recommender
system, customers are provided with an opportunity to explore superior options and enhance their
overall shopping experience.

Moving on to bundle recommendations, this approach involves suggesting sets of products
that include items already in the customer's cart along with additional related products [120]. For
instance, if a customer selects a camera and accessories, a bundle recommendation might offer a
complete photography kit with added items like a camera bag and cleaning kit. This strategy simplifies
the shopping process for customers, offering a ready-made solution and often presenting a cost-saving
opportunity compared to individual purchases [121]. Bundle recommender systems enhance the
overall shopping experience by catering to the customer's needs in a holistic manner, contributing to
increased sales and customer satisfaction [122].

Frequently Bought Together, rooted in collaborative filtering algorithms and historical
purchasing patterns, suggests products commonly bought in tandem with items in the customer's cart
[123]. By analyzing previous customer preferences using user profiling techniques, this strategy offers
companion products or popular pairings. For example, if a customer selects a laptop, the system might
recommend commonly paired accessories like a laptop bag or wireless mouse. This data-driven
approach streamlines decision-making, enhances the shopping journey, and increases the likelihood of
upsells and additional purchases, contributing to a more satisfying overall experience [124].
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In the era of modern e-commerce, personalized recommendations stand as a cornerstone,
leveraging customer data, preferences, and behavior to offer tailored and customized product
suggestions [121]. This sophisticated approach analyzes diverse factors such as past purchases,
browsing history, and demographic information to create a highly personalized shopping experience.
By providing unique recommendations aligned with each customer's specific interests and needs,
businesses aim to enhance customer engagement and satisfaction [125]. Whether suggesting similar
products based on past purchases or offering personalized promotions, this strategy not only
contributes to a more enjoyable and efficient shopping experience but also fosters customer loyalty
through a thoughtful and individualized approach [117].

Product Recommendations Models and Algorithms

In the ever-evolving realm of e-commerce, the integration of ML and Al models, particularly
in recommender systems, is ubiquitous. These models play a crucial role in providing a wide array of
dynamic and efficient product recommendations. Each recommendation strategy exhibits its distinctive
characteristics, utilizing varying datasets, features, and objectives. Consequently, the selection of the
appropriate model becomes paramount in ensuring the effectiveness of the recommendation system.

In the realm of cross-selling, the application of algorithms is instrumental in scrutinizing
customer behavior and proposing complementary products [115]. The Apriori algorithm, a key player
in Association Rule Mining, adeptly identifies patterns in purchased items, enabling businesses to
strategically promote related products and enhance the likelihood of cross-selling success [126].
Collaborative Filtering, encompassing user-item interaction and item-item collaborative filtering,
leverages collective preferences to provide personalized recommendations aligned with individual
customer tastes, enriching the cross-selling potential [127].

Up-selling strategies, designed to promote higher-value products, rely on sophisticated
algorithms like Decision Trees. These trees analyze customer behavior, pin-pointing factors leading to
premium purchases [128]. Concurrently, ranking models such as RankNet or LambdaMART contribute
by predicting and ranking products based on revenue potential, ensuring personalized
recommendations that resonate with customer desires [129]. The synergy between Decision Trees and
Ranking Models equips businesses to optimize up-selling initiatives and maximize revenue
opportunities [128].

For crafting effective bundle recommendations, businesses employ algorithms that
comprehend inherent product relationships. Market Basket Analysis and clustering algorithms prove
indispensable, revealing patterns in customer transactions and organizing products into cohesive
clusters [126]. These insights empower businesses to recommend entire clusters as bundles, enhancing
the overall shopping experience and boosting sales through well-matched product combinations.

Frequently Bought Together recommendations capitalize on advanced algorithms, with
Collaborative Filtering playing a pivotal role. By analyzing user preferences and behaviors or drawing
connections between similar items, this technique suggests products commonly purchased together
[127]. Association Rule Mining complements this approach, identifying relationships within
transaction data and offering insights into tandem purchases [130]. The amalgamation of collaborative
filtering and association rule mining enhances recommendations, providing customers with
suggestions aligned seamlessly with their preferences and purchase history.

In addition, Personalized Recommendations rely on a diverse set of algorithms, prominently
featuring Collaborative Filtering to recommend products based on similar user profiles (user profiling)
[131]. Content-Based Filtering suggests items based on the features of previously engaged-with
products [132]. Matrix Factorization techniques, including SVD and ALS, contribute by breaking down
user-item interaction matrices [133]. Deep Learning Models, such as RNNs and NCF, offer complex
and accurate personalized recommendations by learning intricate patterns in user behavior data [134].
The fusion of these algorithms ensures a nuanced and highly personalized shopping experience,
reflecting individual preferences and enhancing user satisfaction.

59



Crucially, many modern recommender systems adopt hybrid approaches, combining various
techniques to harness their strengths for more accurate and diverse recommendations [135,136]. The
choice of algorithms hinges on the dataset, product characteristics, and the specific goals of the e-
commerce platform.

2.8.3. Materials and Methods

The current research is centered on the implementation of cross-selling, up-selling, and
personalized recommendation strategies for customers who have already added products to their
basket. This encompasses the integration of recommender systems to enhance the overall shopping
experience. The primary objective is to encourage customers to consider additional related products
that complement those already in their cart. This strategic approach is designed to elevate customer
satisfaction with the offered products and concurrently augment the overall order value and average
order value (AOV), thereby fostering additional sales for the e-commerce platform. For the purpose of
this research, three distinct unsupervised ML algorithms were chosen and trained on a shared dataset.
Following their training, these algorithms were assigned the task of generating product
recommendations for specific product titles and categories.

Each algorithm employed a unique approach, either clustering products or recommending
items based on their attributes. The models aimed to provide recommendations or predictions for the
most fitting product within the training set for each product in the testing set. The resultant
recommendations for each product in the testing set, generated by the three trained models, were stored
in a CSV file for subsequent analysis.

The selected algorithms were as follows:
¢ K-means Clustering Algorithm: It is a widely adopted unsupervised ML technique designed to

organize data points into distinct groups or clusters, leveraging their shared characteristics [137].
The "K" in K-means signifies the algorithm's objective of identifying a specific number of clusters
within the dataset [138]. Through iterative processes, the algorithm assigns data points to clusters
and refines cluster centroids until a convergence criterion is satisfied.

e Content-Based Filtering (CBF): It stands as a distinctive recommendation system methodology,
drawing its efficacy from the inherent attributes of items and user inclinations to curate
personalized suggestions. Diverging from collaborative filtering, which relies on user-item
interactions, CBF zeroes in on the intrinsic content characteristics of items and user profiles (user
profiling) [127]. Items are delineated through features or metadata like keywords, genres, or
pertinent descriptors. By scrutinizing users' historical preferences, the system adeptly suggests
items aligning with their past choices or explicitly stated preferences [139].

e Hierarchical Clustering: It is recognized as a robust technique in data analysis and clustering,
orchestrating the arrangement of data into a hierarchical tree or dendrogram structure based on
similarities among data points [140]. This method systematically builds clusters by iteratively
merging or dividing existing clusters until a comprehensive hierarchy is established. The decision-
making process in hierarchical clustering, deciding whether to group or separate data points, relies
on a selected distance metric like Euclidean distance or correlation [141]. The agglomerative
approach starts with individual data points, progressively merging them into clusters, whereas the
divisive approach begins with a single cluster and iteratively fragments it into smaller clusters
[142]. This hierarchical representation provides a nuanced comprehension of relationships and
structures within the dataset, unveiling insights into the diverse levels of similarity and
dissimilarity between data points.

Post-prediction, the evaluation phase utilized the GPT-4 model, considering that the product
suggested by the algorithms is related to the items already present in the customer's cart and could be
recommended for combined purchase.

To fulfill the objectives of this study, a specific methodology was adhered to, encompassing
distinct steps for training, recommendation generation, recommendations’ evaluation and software
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development. The ensuing subsections outline these steps to present a comprehensive and cohesive
strategy for the study.

Dataset splitting and preprocessing

For the research purposes, the Amazon UK Products dataset was utilized [143]. This specific
dataset is available on the Kaggle platform and is distributed under the Open Data Commons
Attribution License (ODC-By) v1.0. The ODC-By v1.0 license allows users to freely use, modify, and
share datasets, provided proper attribution is given to the original data source. The dataset has a size
of 137 MB and contains 2.2 million products. This dataset was chosen due to its origin from a reliable
source, with each product in the collection offering comprehensive information such as title, category,
ASIN, price, reviews, stars, and more. In this study, although all columns were retained from the
original dataset, only the title and categoryName columns were used for both training and
recommendations.

In the initial phase, a random selection of 10,000 products was conducted using the
train test split function from the sklearn library [144], chosen from the pool of 2.2 million
products in the dataset. Subsequently, a new CSV dataset was generated to encompass this subset of
products. Care was taken to ensure that for each entry in the new dataset, the fields of product title and
category were populated. Subsequently, the dataset was split into training (70%), validation (15%), and
test (15%) sets, and each set was saved into separate CSV files.

Both the 10,000-product dataset and the training, validation, and test sets are available in a
GitHub repository [145].

Training K-Means Clustering, Content-Based Filtering (CBF), and Hierarchical Clustering
Models for Product Recommendations

In this section, the methodology followed for both training and predictions/product
recommendations is presented separately for each model. To expedite the results, the training and
prediction phases were conducted on Google Colab using a A100 GPU [146]. The source code for each
training and recommendation phase for the three algorithms is available in a ipynb file on GitHub
[145].

K-Means Clustering Training

For the K-Means clustering training phase, the process begins by importing necessary libraries
and mounting Google Drive, to access and save files. Global variables for TF-IDF transformers are
defined, and a function to transform input data using pre-trained TF-IDF transformers is implemented
[147].

The K-Means clustering model is trained using a combined dataset of training and validation
data. The input features are extracted using TF-IDF for both the title and categoryName attributes.
The number of clusters is set to 10, and the model is trained on the combined transformed data. The
fine-tuned model, along with the TF-IDF transformers, is saved for future use.

The model's performance is evaluated on the validation set using the Silhouette Score, which
measures the well-definedness of clusters in the data. Recommendations are made based on input data,
with the CSV file being updated to include the kMeansRecommendation column.

To make recommendations, the model is loaded, and input data is transformed using TF-IDF
transformers. The cluster is predicted for the input data, and products within the same cluster are
identified. The cosine similarity between the input product and each product in the cluster is calculated,
and recommendations are sorted based on these similarity scores. The top N recommendations are then
returned.

Finally, a function iterates through all the products in the test set. It retrieves recommendations,
selects the top N recommendations for each product, and stores the first one in the
kMeansRecommendation column.
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Content-Based Filtering (CBF) Training

In the outlined procedure for training and generating product recommendations using
Content-Based Filtering (CBF), the initial step involves mounting Google Drive to access and save files.
The Python script utilizes the pandas library to handle data frames, the joblib library for file I/O
operations, and scikit-learn for NLP tasks, employing the TfidfVectorizer to transform
product titles and categories into feature vectors [148]. A separate function is created to facilitate the
transformation of input data based on pre-trained TF-IDF transformers, and the main training function
is then employed to train these transformers using the provided training data.

The core recommendation process is encapsulated in a function that calculates cosine similarity
between the input product and those in the training data, sorts them by similarity scores, and returns
a list of recommended product titles. Finally, another function utilizes the trained transformers to
update a CSV file with recommendations, incorporating the cbfRecommendation column for each
product. This function iterates through the existing data, applies the recommendation algorithm, and
updates the CSV accordingly. The entire process is orchestrated to enhance product recommendations
based on the Content-Based Filtering approach.

Hierarchical Clustering Training

For Hierarchical Clustering, the initial steps involve importing necessary libraries and
mounting Google Drive to access and save files. Two global variables, title tfidf and
category tfidf, are declared to store pre-trained TF-IDF transformers. The transform input
function is then defined to transform input data using these pre-trained transformers. The training
process begins by combining the training and validation datasets and extracting features using TF-IDF
for both the product title and category. The chosen number of clusters is set to 2, and an Agglomerative
Clustering model is trained on the combined transformed data. The model, along with the TF-IDF
transformers, is saved for future use. Evaluation is performed using the Silhouette Score.

To generate product recommendations, the recommend product function is designed to
predict the cluster for the input data, identify products in the same cluster, calculate cosine similarity
scores, and sort products based on these scores. The top N recommended titles are then returned, and
the first of them is selected. The get recommendations function loads the pre-trained model, makes
recommendations for a specific row in the dataset, and updates a CSV file with the recommendation
information. The entire process is executed on a training and validation dataset, and the
recommendations are stored in the hierarchicalRecommendation column in the test set.

Zero-Shot Evaluation Methodology using GPT-4 model for Assessing Product
Recommendations

The primary objective of our research was to discover an innovative approach for evaluating
the efficiency of the specific algorithms in product recommendation beyond the conventional methods
presented in earlier studies. Many research endeavors comparing models in similar tasks often employ
the similarity score and other evaluation metrics, which utilize the SequenceMatcher from the
difflib module to calculate the similarity ratio between the product title and the recommended
product title [149,150]. In this study, we propose the use of the GPT-4 model for evaluating the
effectiveness of models in product recommendations. As mentioned in Section 2.3, the newly
introduced GPT-4 model by OpenAlis an LLM that exhibits numerous applications in various domains
and tasks.

At this stage of the research, we possess a comprehensive CSV file containing product
recommendations for each item in the test set. At this juncture, we construct a prompt designed to
prompt the GPT model to evaluate the recommendations made by the three models for each product
in the test set. For every product and each recommendation, the GPT model was tasked with assessing
the recommendation with a binary rating: 1 indicating a high likelihood of customer purchase, and 0
signifying a low probability of purchase. In addition to the binary evaluation, to gain further insights
from the GPT model's assessment, the model was prompted to provide textual justification for its
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decision. Both the evaluation scores and the accompanying textual justifications were stored in the CSV
file. After multiple attempts, the selected prompt capable of simultaneously performing both tasks is
presented in Figure 7.

conversation = []
conversation.append({'role': 'system',
'content': "You're assisting a customer as a salesperson, and they've added" +
" the product with the title [" + title + "] to their basket."})
conversation.append({'role': 'user',
'content': "Evaluate whether it's a good idea to recommend adding the product" +
" with the title [" + recommendation + "] as an extra." +
" Provide the reason in JSON format why the customer might accept" +
" your offer {\"accept\": 1, \"reason\": 'add here the reason for accept'}" +
" or the reason they could decline your offer" +
" {\"accept\": @, \"reason\": 'add here the reason for decline'}."})

Figure 7. GPT prompt for evaluating product recommendations

The dialogue in Figure 7 is structured as a series of dictionaries, with each dictionary
corresponding to a turn in the conversation. The initial dictionary contains the system's prompt,
functioning as a salesperson proposing a product recommendation aligned with an item already
present in the customer's cart. The second dictionary contains the user's prompt, in which we ask the
system to assess the product suggested by the unsupervised algorithms.

For the execution of the GPT-4 model, the official OpenAl API was utilized [151]. To achieve
the desired JSON format as the return from the API, the prompt was carefully designed to provide clear
instructions to the GPT model regarding the expected structure of the JSON format. In the majority of
cases, the results were in the correct structure. However, for instances where the GPT model returned
additional text, an additional function was implemented to locate the JSON within the text, convert it
into a suitable dictionary, and appropriately process and store it in the CSV file.

Development of a Flask-Based API Software for Integrated Training and Deployment of
Product Recommendation Models

Our research aims to empower e-commerce owners by facilitating the integration of advanced
ML algorithms into their recommendation systems, even without prior experience in ML or Al. While
there are existing automated tools or extensions for e-commerce platforms that offer recommendation
system capabilities, some may rely on simplistic ML algorithms that lack customization for specific
product sets. Moreover, these algorithms may not be easily trainable on low-budget web servers.

In contrast, our proposed solution, a flask-based software, enables any webmaster with basic
programming knowledge to deploy it on a web server (such as PythonAnywhere hosting). By
leveraging the API features, the webmaster can seamlessly connect their e-commerce platform with our
recommendation software. The distinct advantage lies in the ability to train the algorithm on the
specific products of the e-commerce site, ensuring tailored product recommendations.

During the development phase, we consolidated functions previously used on Google Colab,
organized them into classes, and encapsulated them within a flask application. Once set up on a web
server, the webmaster can initiate the process by providing the e-commerce products' URL in a CSV
format through the APIL The software downloads the CSV, conducts training and GPT evaluation, and
identifies the algorithm that delivers the most effective product recommendations. Subsequently, the
webmaster can utilize the same API to make calls, supplying a product title, and the software will
predict the best matching products likely to be purchased by the customer.

To further explain API deployment and interaction with the user, a flow chart was created
using Lucidchart software [Figure 8]. This block diagram describes both the training phase and product
recommendation phase.
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Figure 8. Training and Product Recommendations using the Flask API

Our software can be further enhanced to provide additional functionalities for the webmaster.
Moreover, expanding the training of algorithms for the recommendation task offers the webmaster a
broader range of options, whether for prediction speed or improved recommendation outcomes. The
source code of the software is available on GitHub in an open-source format under the MIT license
[145].

Critical Factors Shaping Software Effectiveness in Collaborative and Real-Time
Environments

In the realm of collaborative projects or real-time scenarios requiring human interaction, the
effectiveness of the software discussed in this study hinges on several key factors:

e Seamless Integration: The Flask-based API offers an intuitive interface for integration, streamlining
the process for developers and e-commerce proprietors to seamlessly incorporate and deploy the
model in real-time applications.

e Automated Training and Evaluation: The software automates the training and evaluation
processes, sparing users the intricacies of managing ML algorithms, model validation, and
assessment.

¢ Enhanced Natural Language Understanding with GPT-4: Leveraging GPT-4 for model evaluation
harnesses its advanced natural language understanding capabilities, fostering effective human
interaction. GPT-4's adeptness at refining the semantic context of product features has the potential
to elevate the precision and relevance of product recommendations.

e Scalability and Efficiency: The software stands out as an efficient and scalable solution, tailored to
handle varying levels of structured data specific to e-commerce needs. This adaptability is crucial
for collaborative projects and real-time scenarios.

e  User-Centric Experience: In real-time scenarios, the success often hinges on user experience. The
model generates personalized and effective recommendations, enhancing the likelihood of positive
user reception.

While the proposed software model exhibits promising features for collaborative projects and
real-time scenarios, particularly in the context of e-commerce, practical implementation and user
feedback are indispensable for a comprehensive assessment of its performance in such environments.

2.8.4. Research Results

In the preceding sections, we introduced three distinct unsupervised learning algorithms
tailored for product recommendations, with a specific focus on in-cart product recommendations.
Through training on both a given training set and a validation set, these algorithms were meticulously
trained to provide optimal predictions and recommendations for the test set.

Building upon this, we propose an innovative approach in which the GPT-4 model takes on the
role of evaluating the effectiveness of recommendations generated by the trained models. This
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evaluation involves assigning a binary rating along with a contextual justification for the given rating.
The subsequent section unveils the outcomes of this evaluation, addressing the research queries
outlined in the introduction section.

Comparing unsupervised learning algorithms trained for product recommendation in e-
commerce

e Research Question 1: Which unsupervised recommender system algorithm demonstrates
superior efficacy in product recommendation tasks?

e Research Statement 1: The Content-Based Filtering (CBF) and k-means clustering trained
models demonstrate higher accuracy in in-cart product recommendation tasks.

In accordance with the Training K-Means Clustering, Content-Based Filtering (CBF), and
Hierarchical Clustering Models for Product Recommendations section, three unsupervised models
underwent training on a shared dataset consisting of 7,000 products, validated with a set of 1,500 items.
Following the training phase, the models were tasked with generating product recommendations from
the training set for each of the 1,500 products in the test set. The resulting predictions were recorded in
a CSV file, and the evaluation process was handed over to the GPT-4 model. The GPT-4 model
evaluated the recommendations, assigning a binary rating on a scale from 0 to 1. A rating of 1 indicated
a high likelihood of customer purchase based on the recommendation, while a rating of 0 signified a
low probability of purchase. It is crucial to note that the focus of this evaluation was on in-cart product
recommendations, where the customer already has at least one product in their basket, and we propose
supplementary products likely to be added to their cart. The outcomes of the GPT-4 model evaluations
are depicted in Figure 9 and Table 3.

Comparison of Product Recommender
Models
1200 1085 1094
1000 946

800

600 554

415 406
400

200

KMC_1 CBF_1 HC_1 KMC_0 CBF_O HC_0

Figure 9. GPT-4 Evaluations of Unsupervised Learning Trained Models

Table 3. Efficiency of unsupervised learning-trained models in recommender systems

0 1 Total

KMC Evaluation 415 1085 1500
CBF Evaluation 406 1094 1500
HC Evaluation 554 946 1500

Figure 9 reveals that the Content-Based Filtering (CBF) trained model outperforms the others,
achieving a commendable 72.93% accuracy, equivalent to 1,094 correct recommendations out of 1,500
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products assessed by the GPT model. Following closely, the k-means clustering trained model achieved
a 72.33% accuracy, providing 1,085 correct recommendations for the products in the test set. In contrast,
the Hierarchical Clustering trained model exhibited a lower success rate, accurately recommending 946
out of the 1,500 test set products, corresponding to a 63.07% accuracy.

The GPT model evaluation underscores the superior performance of the Content-Based
Filtering (CBF) trained model, likely attributed to its more sophisticated nature. The k-means clustering
trained model closely follows, with a negligible distance from CBF, indicating high accuracy in its

recommendations.

It's noteworthy to emphasize that achieving an accuracy of 70% is considered significant in

recommendation tasks.

Evaluation of models using the GPT-4 model

¢ Research Question 2: Is the GPT-4 model capable of evaluating the predictions of traditional

unsupervised models?

¢ Research Statement 2: The GPT-4 model exhibits significant potential in evaluating predictions

from unsupervised models.

Upon delving into our research findings, it is imperative to highlight the effectiveness of the
GPT-4 model as an evaluation tool. This model not only assesses trained models in a binary format but
also provides insightful justifications for its ratings. Table 4 presents some of the ratings assigned by
the GPT-4 model along with their corresponding justifications.

Table 4. In-cart product recommendations and GPT model evaluation

In-cart Product Recommendation Product  Model Bm.ary Justification
Rating
267Pcs Molecular Model Organic The customer is purchasing a human sk
Holibanna Human Skull  Inorganic Structure Kit, Atoms teaching model for Halloween decoratic
Teaching Model Lifesize Bonds Orbitals Chemistry which suggests they are interested in
Human skeleton Structure Kit Atom Link Model, anatomical models rather than chemist:
Anatomical Head Bone = Educational Molecule Set for models. Recommending a molecular mo
Model Halloween Teachers Students Student kit might not align with their current
Decoration Chemistry Learning HC 0 purchase intention.
VOIO Men'S Hoodies,Warm The recommended product is for men, wl
Sweatshirt Crew Neck Print the customer has added a women's
Sweatshirt Christmas Tree Plaid sweatshirt to their basket. It's unlikely tt
Hellyhansen Women's Print Sweatshirt 3D Pullover the customer would be interested in
Crew Sweatshirt Women's Suitable Autumn Winter purchasing a product that is not suitable
Sweatshirt Sweatshirt CBF 0 their gender.
The customer might accept adding the Li
my Fire Camping Mess Kit because it
complements the Silicone Foldable Cup
The Mess Kit includes reusable campin
2 Pack Silicone Foldable plates and bowls, which would be useful
Cups BPA-Free Collapsible outdoor picnics, camping, and hiking.
Travel Mugs 270ML  Light my Fire Camping Mess Kit Additionally, the fact that it is microwa
Portable Reusable Cup Set - Picnic Set 6 Pcs - Lunchkit - and dishwasher safe makes it convenient
with Plastic Sealing Lid for =~ Camp Mess Kit - Reusable the customer to use and clean. Overall, t
Outdoor Picnic Camping Camping Plates and Bowls Set - Camping Mess Kit enhances the custome
Hiking Traveling (Grey & BPA Free - Microwave & outdoor dining experience and provide
Blue) Dishwasher - Camping Picnic Set KMC 1 them with a complete set of cookware
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1 KMC: K-Means Clustering, HC: Hierarchical Clustering, CBF: Content-Based Filtering

Upon examining Table 4, it becomes evident that the GPT-4 model possesses significant
potential as an evaluation tool. Its unique capabilities extend beyond accurately assessing predictions
from other models; as an NLP model, it can also articulate justifications, effectively putting itself in the
customer's shoes. By adopting our novel approach, data analysts can enhance their unsupervised
recommender system algorithms, enabling more precise and insightful predictions.

Comparison of LLMs evaluation and Human evaluation

e Research Question 3: Can LLMs replace human evaluations?
e Research Statement 3: LLMs present a more cost-effective and time-efficient alternative to
human evaluations, but they cannot surpass human prowess.

This research inquiry leans more towards theory than experimentation. NLP Models, including
LLMs, exhibit the capability to comprehend the meaning behind human-provided text through context,
and they can make evaluations akin to humans. However, human evaluations stem not only from
context but also from life experiences, a dimension challenging for LLMs to replicate. Therefore, while
LLMs can be utilized for evaluations in product recommendation tasks, they do not surpass humans in
evaluative prowess.

Human evaluations, though effective, come with a high cost and presume that the human,
often the webmaster in this context, possesses unlimited time for the task. In contrast, LLM evaluations
can offer a more cost-effective and time-efficient alternative. In conclusion, LLMs may not match the
success rate of human evaluations, but they can execute similar tasks swiftly, saving both time and
money for the webmaster.

Natural Language Models Evaluations on Unsupervised Learning Algorithms

e Research Question 4: Do NLPs have the capability to evaluate recommendations from
unsupervised learning algorithms?

e Research Statement 4: NLPs, specifically LLMs like the GPT-4 model, have proven through
our study to be effective tools for evaluating product recommendations generated by
unsupervised learning models.

Based on our research findings, it is evident that NLP models, particularly the GPT-4 model,
demonstrate remarkable capabilities in performing diverse tasks, including the evaluation of product
recommendations generated by unsupervised models. These evaluations exhibit high accuracy in both
binary ratings and justifications.

A key question that arose during our research is why we persist in using unsupervised
recommender system algorithms like clustering and CBF for product recommendation tasks instead of
leveraging an LLM for potentially more efficient results. While an LLM might indeed excel in a
comparable task, it's crucial to consider that incorporating an LLM introduces costs, whether in terms
of hardware or API expenses. In contrast, evaluating the unsupervised recommender system
algorithms presented in this study incurs minimal hardware costs for product recommendations.

Furthermore, our study proposes utilizing the evaluation capabilities of GPT-4 not only for
providing ratings to discern which product recommendation algorithm is more efficient. Data scientists
can leverage this by multi-training and evaluating these models, adjusting parameters or using
hyperparameter tuning to enhance their precision, potentially exceeding the 70% accuracy reported in
this study.

The contribution of the software to e-commerce

e Research Question 5: Can the proposed Flask-based API contribute to the accessibility and
usability of sophisticated recommendation systems for e-commerce owners?
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¢ Research Statement 5: The software proposed in this study has the potential to enhance both
the product recommendation capabilities of e-commerce and the resulting benefits from
additional sales, thereby providing high accessibility for e-commerce owners aiming to
improve their recommendation system and, consequently, their e-commerce sales.

The resolution to our final research question lies in the hands of e-commerce owners who opt
to employ our software to elevate their e-commerce platforms’ product recommendation capabilities.
The effectiveness of our software can be gauged by the additional sales potential it unlocks for e-
commerce businesses. This sophisticated software not only saves time and is cost-efficient but also
proves highly effective, combining the insights of an LLM with the sophisticated nature of
unsupervised recommender system algorithms. Undoubtedly, our proposal stands to benefit e-
commerce owners, whether by saving time on manually adding product recommendations or by
enhancing the effectiveness of in-cart product recommendations.

2.8.5. Recommender Systems Evaluation and Discussion

In Section 2.8.4, the research outcomes are presented, addressing the research questions and
extracting valuable research statements. This section is dedicated to assessing the recommender
systems developed in this research through a traditional approach. The outcomes of this evaluation
will be juxtaposed with those of the GPT-Powered evaluation tool proposed in this study, shedding
light on how our assessment tool attains its binary ratings and how closely its evaluations align with
the traditional approach. Following this, a discussion ensues regarding the limitations and inherent
risks associated with our proposed tool.

Assessing Recommender Systems Effectiveness

Assessing the effectiveness of a recommender system involves gauging how well the
recommended products align with user preferences or actual behavior. Various evaluation metrics,
such as user surveys, accuracy metrics, user engagement metrics, precision and recall, A/B testing, and
more, are commonly used. However, most of these methods require human evaluation. For instance,
user surveys necessitate asking users about their satisfaction with recommended products, accuracy
metrics require user ratings for recommended products, user engagement metrics involve tracking
click-through rates and time spent on recommended product pages, precision and recall require
feedback in binary form, and A/B testing involves randomly selected human evaluators assessing
product recommendations.

Our proposed methodology introduces an alternative using GPT-4 as an evaluation tool. GPT-
4 acts as a virtual human evaluator, assigning binary ratings based on its assessment of whether the
product recommendation from the unsupervised model is more likely (1) or not (0) to be purchased by
the customer. While the ratings are binary, the precision and recall technique cannot be applied due to
its requirement of two columns—one with true values and one with predicted values.

The most effective means of evaluating both the recommendations of the unsupervised models
and the performance of the GPT-4-powered evaluation tool is undoubtedly through human evaluation.
However, with 1,500 rows of test data and 7,000 rows of training data, conducting human evaluation
becomes time-consuming. An alternative is to assess the precision without human interference by
calculating the similarity score between the product title and the recommended product title. This score
possesses the ability to evaluate recommendations produced by unsupervised trained models while
concurrently assessing the effectiveness of evaluations conducted by the GPT-4 model. Moreover, the
similarity score can be considered a practical alternative to the GPT-4-powered evaluation tool
suggested in this research.

For our study, we employed the cosine similarity measure to evaluate the effectiveness of our
recommender systems. This methodology uses the TfidfVectorizer to convert the text into TF-IDF
vectors and then calculates the cosine similarity between these vectors.
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The similarity scores were calculated between the title and the recommendations made by the
unsupervised trained models, and the results were stored in different columns for each of our
recommendation systems (K-Means Clustering, Hierarchical Clustering, and Content-Based Filtering).
Descriptive statistics for each new column have been computed and are showcased in Table 5.

Table 5. Descriptive statistics for the similarity scores in each recommendation system

Maetrics KMC HC CBF
count 1500 1500 1500
mean 0.315991 0.228553 0.304138

std 0.203004 0.163804 0.200361
min 0.000000 0.000000 0.000000
25% 0.151775 0.103950 0.145600
50% 0.276650 0.190900 0.259550
75% 0.440075 0.310575 0.426925
max 1.000000 0.958000 1.000000

1 KMC: K-Means Clustering, HC: Hierarchical Clustering, CBF: Content-Based Filtering

Interpreting the findings from the descriptive statistics presented in Table 5, all three
recommendation systems consistently display a count of 1500, indicating that similarity scores were
calculated for the entire dataset. The mean similarity scores for the K-Means Clustering (KMC),
Content-Based Filtering (CBF), and Hierarchical Clustering (HC) recommendation systems are 0.316,
0.304, and 0.229, respectively. Higher mean values suggest that, on average, recommendations
moderately resemble the original titles.

Examining standard deviations, KMC and CBF exhibit similar values (around 0.203 and 0.200,
respectively), implying moderate variability in scores, while HC shows a slightly lower standard
deviation (around 0.164), suggesting relatively less variability. Minimum similarity scores are 0 for all
systems, indicating instances with no similarity between titles and recommendations, while maximum
scores of 1 suggest perfect alignment in certain cases.

Based on the descriptive analysis, it is evident that KMC and CBF perform closely and
significantly outperform HC. As per Table 3 and Figure 9, our GPT-Powered evaluation tool indicates
that CBF and KMC are closely aligned in precision, with approximately 72.93% for CBF and 72.33% for
KMC. In contrast, the HC recommendation system exhibits a lower precision of about 63.07%. These
results suggest that our proposed methodology closely aligns with traditional approaches, such as
similarity scores.

In our evaluation methodology, CBF is slightly more precise in recommendations than KMC
by about 0.6%. Using similarity scores, KMC appears slightly more precise than CBF by 1.2%. Both
evaluation tools underscore that the HC recommendation system is significantly less precise, with CBF
and KMC consistently recommending the best products more likely to be purchased by the customer.

As mentioned earlier, the evaluation methodology proposed in this study closely aligns with
traditional approaches like similarity scores to determine which model has the greatest potential for
generating product recommendations likely to be purchased by a customer.

Upon reviewing Table 5, it becomes evident that the similarity scores appear to be quite low.
It is important to note that a score of 1 indicates perfect alignment, while 0 signifies no alignment. In
contrast, our proposed methodology demonstrates success percentages ranging from 63.07% to 72.93%.
This observation highlights significant disparities in how the evaluation tools assess recommendations.

Unlike similarity scores, which attempt to measure the likeness between a given product and
its recommended counterpart in vector terms, our GPT-4 evaluation tool takes a different approach.
Instead of evaluating textual similarity, it comprehends the meaning behind each product title and
recommendation within the context, leading to a more thoughtful evaluation.

From a customer perspective, a perfectly aligned recommendation product already in their cart
may not be the optimal suggestion. Rather, understanding the nuanced meaning of the product title
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and proposing a complementary product, even if not perfectly aligned, proves to be a superior
recommendation. This approach holds greater potential for enticing customers to make a purchase by
offering supplementary products that enhance their overall shopping experience.

The primary objective of this study is to introduce an alternative evaluation tool for
recommender systems, highlighting the effectiveness of LLMs and particularly the GPT-4 model.
Undoubtedly, to comprehensively assess whether our proposed methodology surpasses traditional
approaches, human evaluation is deemed necessary. It is crucial to note, however, that the
understanding capabilities of LLMs hold potential across various domains, making them a versatile
evaluation tool applicable in diverse contexts and industries.

Threats To Validity

The envisioned incorporation of GPT-4 as an evaluation tool for assessing unsupervised
learning algorithms in recommender systems holds promise, but its implementation comes with
inherent limitations and risks.

e Data Bias and Generalization Issues: The efficacy of the model hinges on the quality and
diversity of the training data. Biased or insufficiently varied data provided by e-commerce
owners may result in skewed recommendations that lack generalizability to a broader
audience.

¢  Overfitting: The integration of multiple models, particularly with a substantial language model
like GPT-4, raises the risk of overfitting. This occurs when the model excels on training data
but struggles to generalize to new, unseen data.

e Computational Resources: The use of the GPT-4 model in the proposed recommender system
could incur significant API costs for both fine-tuning and predictions, depending on the dataset
size. This presents challenges for smaller e-commerce platforms with limited budgets.

e Interpretability: Complex integrated models may lack interpretability, making it difficult to
comprehend how the model generates specific recommendations. This lack of transparency can
be a concern for businesses that prioritize understanding the decision-making process.

e Privacy Concerns: The advanced natural language understanding capabilities bring forth
privacy concerns, especially if sensitive or personal information is inadvertently captured and
utilized in the recommendation process. The software developed relies on trust in the data
provided by e-commerce owners through the API, without evaluating potential sensitivity.

¢ Maintenance and Updates: Keeping the recommendation system current with the latest data
and ensuring compatibility with evolving e-commerce platforms poses a challenge. Regular
maintenance and updates are imperative, considering the possibility of GPT-4 being
deprecated in the future or changes in API functions and Python libraries.

e User Engagement and Satisfaction: While experimental results may suggest the effectiveness
of the proposed methodology, it is essential to acknowledge that the GPT-powered evaluation
tool comprehends the meaning behind each word, diverging from reliance on simple word
similarity for its evaluation outcomes. Consequently, it becomes imperative to factor in user
satisfaction and engagement. Users may not consistently prioritize the utmost accuracy in
recommendations, underscoring the importance of striking a balance between precision and
accommodating user preferences.

In conclusion, while the proposed integration of GPT-4 as an evaluation tool signifies a
groundbreaking approach, addressing and mitigating these potential limitations and risks is vital for a
successful real-world implementation.

2.8.6. Section Conclusion

In summary, this study presents an innovative methodology that integrates unsupervised
learning models, such as K-Means clustering, Content-Based Filtering (CBF), and Hierarchical
Clustering, with the cutting-edge GPT-4 LLM to elevate e-commerce product recommendation
systems. The training of these models, utilizing both the training and validation sets, involves
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generating recommendations for a designated test set. To assess the models' recommendations, the GPT
model assigns ratings ranging from 0 to 1, where 1 signifies a high likelihood of customer purchase
based on the recommendation, and 0 indicates a low probability of purchase. Notably, the GPT model
also provides justifications for its ratings within the same prompt.

The study's outcomes reveal compelling results, with the CBF achieving an accuracy of 72.93%,
the K-Means clustering trained model achieving 72.33%, and the Hierarchical Clustering trained model
achieving 63.07% in product recommendation evaluations conducted by the GPT model. Additionally,
it is observed that LLMs, particularly the GPT-4 model, effectively evaluate recommender system
algorithms' predictions. Consequently, the central proposition of this study advocates for the utilization
of LLMs as an evaluation tool, especially in the context of product recommendation tasks. While
acknowledging that GPT models cannot replace human intelligence in evaluation tasks, their
demonstrated effectiveness underscores their valuable contribution, particularly in the e-commerce
domain.

To translate this knowledge into practical application, we have developed a user-friendly
Flask-based software with an easily installable API. This tool is designed to support e-commerce
owners in enhancing their product recommendation systems, consolidating the synergy of
unsupervised recommender system algorithms and advanced language understanding offered by
GPT-4 LLM, thereby providing an actionable solution for businesses seeking to optimize their customer
engagement strategies.

2.9. GPT-Powered Software for Identifying Sustainable Product Features

2.9.1. Section Summary and Significance of the Study

In today’s global context, sustainability has emerged as a crucial concept with significant
implications for our planet and future generations. Sustainability encompasses a holistic approach to
addressing the pressing environmental, social, and economic challenges we face [152]. It emphasizes
the need to meet the needs of the present without compromising the ability of future generations to
meet their own needs [153]. The significance of sustainability lies in its potential to mitigate climate
change, protect natural resources, promote social equity, and foster long-term economic prosperity
[154]. By recognizing the interconnectedness of these pillars, sustainability encourages responsible
consumption and production patterns, innovative solutions, and collective action to create a more
resilient and harmonious world [155]. As we navigate complex issues such as climate change,
biodiversity loss, and social inequality, adopting sustainable practices and policies becomes imperative
for a sustainable and thriving future for humanity and the planet we call home.

Each year, an increasing number of initiatives related to sustainability, both promotional and
operational, come to the forefront, with numerous applications supporting the overall effort [156].
Technology, particularly Al can aid in the promotion and development of sustainability by providing
appropriate tools to businesses and individuals, enabling them to engage in and facilitate more
sustainable purchases and sales [157]. However, both consumers and developers of these specific Al
tools must exercise great caution regarding the limitations, potential unintended consequences, and
ethical implications associated with utilizing Al for sustainability purposes.

This study presents an innovative software solution aimed at addressing sustainability
challenges through the utilization of a GPT (Generative Pre-trained Transformer)-powered application.
The primary objective of this software is to automate the identification of sustainable product attributes
from product descriptions, titles, and product specifications. By harnessing the capabilities of NLP and
ML, the software effectively categorizes products based on their sustainability characteristics. Through
the analysis of textual information, it extracts crucial indicators of sustainability, such as eco-friendly
materials, energy efficiency, recyclability, and ethical sourcing. By automating this process, the
software eliminates the need for manual assessment, streamlining the evaluation of product
sustainability. This software implementation is facilitated through an easily installable Chrome app,
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which informs users about the sustainability features based on the product description and title,
without requiring user intervention. Significantly, this software empowers consumers to make
informed and sustainable purchasing decisions, while also assisting businesses in showcasing their
sustainable offerings.

The present research extends beyond the mere development of software; rather, it delves into
the evaluation of the suitability of the GPT model in identifying and assessing the sustainability of
products using a real-world dataset. Four pivotal hypotheses are introduced, which will be
substantiated through the outcomes of the experiments:

e Hypothesis 1. Research Objective: The study seeks to evaluate the accuracy of GPT model
responses.

e Alternative Hypothesis: The GPT model produces accurate responses when appropriate
prompts are employed.

e Hypothesis 2. Research Objective: The study aims to examine the format of responses
generated by the GPT model.

e Alternative Hypothesis: The format of GPT model responses is accurate and aligns with the
explicitly defined structure in the prompt.

¢ Hypothesis 3. Research Objective: The study aims to assess the effectiveness of the GPT model
in identifying sustainable features based on product titles and descriptions.

¢ Alternative Hypothesis: The GPT model is capable of evaluating the sustainable features of a
product when provided with its title and description.

¢ Hypothesis 4. Research Objective: The study aims to evaluate the effectiveness of the GPT
model in identifying product sustainable features, particularly when product titles and
descriptions are less descriptive.

e Alternative Hypothesis: The GPT model can successfully retrieve sustainable features of a
product even when the provided title and description lack sufficient descriptive information.

Through these hypotheses, we intend to gain insights into the performance and potential
applications of the GPT model in the context of sustainable product identification. By exploring its
accuracy, format, and effectiveness under various conditions, we aim to contribute valuable findings
to the field of NLP and its practical implications in sustainability assessment.

The research is organized as follows: In Section 2.9.2, an in-depth analysis of the three pillars
of sustainability and their interplay with products and their corresponding attributes is presented,
drawing upon a comprehensive review of current academic literature. Moreover, it rigorously
investigates the predominant sustainable product attributes that align with these pillars, offering
valuable insights into the prevailing trends and considerations within this domain. In Section 2.9.3, the
study provides a comprehensive presentation of the research objectives, significance, and contribution
to the domain of sustainability research. Additionally, it expounds upon the rigorous methodology
encompassing data collection and preprocessing, as well as the process of model evaluation.
Proceeding to Section 2.9.4, the research delves into diverse aspects, including the detailed depiction
of the experimental setup and results, an analysis of user interaction, insights into software
implementation and system design, and illustrative case studies and examples. Furthermore, the
section also presents the results derived from the research, which effectively validate the proposed
research hypotheses. The final section, Section 2.9.5, offers a comprehensive analysis of the authors’
reflections concerning potential future enhancements of the software. Furthermore, it conducts an
exploration of the ethical considerations associated with the application of the GPT model in the context
of sustainability assessment tasks.
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2.9.2. Sustainability Literature Review

The realm of e-commerce has been continuously evolving, exerting a direct impact on
consumer purchasing habits [158,159]. While consumer choices have expanded, the corresponding
legal frameworks governing consumer protection have not progressed at an equal pace [160]. Aspects
such as consumer protection of privacy, misinformation, product quality, environmental impact, and
related concepts necessitate addressing to safeguard consumers in the realm of e-commerce. Apart from
legislative measures, educating consumers about responsible e-commerce practices is of paramount
importance. Al, in turn, holds the potential to empower consumers to make informed decisions,
whether pertaining to product quality or considerations of sustainability and environmental impact.

Sustainability is not an individual effort; it requires collective action and collaboration across
all sectors of society to transform our consumption patterns and create a sustainable future [152,154].
Both production companies and retail businesses, as well as consumers, need to collectively change
their mindset regarding sustainability [156]. Before designing and manufacturing a product,
production companies should always consider how it will bring benefits or at least have a neutral
impact on the environment and the economic and social aspects. Simultaneously, retail businesses
should have sustainability awareness in order to inform and promote sustainable products to their
customers, educating them on how an individual sustainable purchasing decision can make a
difference [160,161]. Furthermore, consumers should develop a sense of sustainability and contribute
to a more sustainable future by actively supporting and prioritizing sustainable products [162].
Through their support of sustainable products, individuals can effectively convey a clear message to
industries and policymakers that they prioritize long-term ecological balance over short-term profits.

Sustainability can be defined as the practice of meeting the present generation’s needs without
compromising future generations’ ability to meet their own needs [153,160]. It is a comprehensive
approach that recognizes the interconnectedness of environmental, social, and economic aspects in
achieving long-term well-being [163]. The environmental pillar of sustainability focuses on preserving
and protecting natural resources, mitigating climate change, and promoting biodiversity conservation
[155,164]. The social pillar emphasizes the importance of social equity, human rights, and community
well-being, aiming to ensure that all share the benefits of development [155,165]. The economic pillar
recognizes the need for sustainable economic growth that promotes prosperity, job creation, and
innovation while considering the environmental and social impacts of economic activities [155,166]. By
addressing these three pillars in an integrated manner, sustainability seeks to create a balanced and
harmonious society that respects the limits of our planet’s resources and fosters a better quality of life
for current and future generations.

Within this context, this literature review section delves into the domains of sustainability, and
sustainable products. Through an extensive review of the existing literature, this section aims to explore
and critically analyze the interplay of these themes, examining their potential implications in the
context of e-commerce and consumer well-being.

Sustainable Products

The importance of sustainable products within the broader concept of sustainability lies in their
ability to serve as catalysts for positive change [160]. Sustainable products embody responsible
production and consumption practices, helping to transition towards a more sustainable future [156].
By adhering to eco-friendly materials, minimizing waste, and prioritizing ethical sourcing, sustainable
products significantly reduce environmental impact throughout their lifecycle [166]. They promote
social well-being by upholding fair labor practices, supporting local communities, and ensuring the
welfare of workers [163]. Moreover, sustainable products contribute to the long-term viability of the
economy by driving innovation, creating job opportunities in green industries, and enhancing market
competitiveness [165]. They demonstrate that economic growth and environmental responsibility are
not mutually exclusive, but rather interconnected elements that can thrive together.

In terms of environmental conservation, sustainable products prioritize the use of renewable
resources and eco-friendly materials, reducing carbon emissions, minimizing waste, and preserving
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natural habitats [160,166]. Socially, they enhance the well-being of individuals and communities by
ensuring fair wages, safe working conditions, and equitable treatment throughout the supply chain,
fostering social equity and empowerment [164,165]. Additionally, sustainable products often support
local communities through various initiatives, such as sourcing ingredients locally or reinvesting a
portion of profits into community development programs [167]. From an economic perspective, they
drive market innovation, attract environmentally conscious consumers, inspire competitors to adopt
sustainable practices, create job opportunities in green sectors, and stimulate socially and
environmentally responsible economic growth [164]. Overall, sustainable products serve as powerful
agents for positive change, addressing environmental, social, and economic challenges for a more
sustainable and prosperous future [166].

Main Sustainable Product Features

Having gained an understanding of the classification of sustainable attributes into distinct
categories, we proceed to outline a selection of prevalent and pervasive sustainable product features.
This compilation serves as a valuable resource for our ongoing research, as it equips us with the
essential knowledge to delve deeper into the subject matter. By familiarizing ourselves with these
widely recognized sustainable product features, we aim to enhance our understanding of their
significance and implications within the broader realm of sustainability.

¢ Organic: The term “organic” refers to a specific attribute of a product, particularly in the context
of food and agriculture. Organic products are grown, produced, and processed using methods
that prioritize environmental sustainability and the avoidance of synthetic chemicals [168].
Organic farming practices focus on enhancing soil health, biodiversity, and ecological balance,
while minimizing the use of synthetic fertilizers, pesticides, antibiotics, and genetically
modified organisms (GMOs) [169]. Organic products are cultivated using natural fertilizers like
compost or manure, and their pest and disease control measures rely on natural methods such
as crop rotation, biological pest control, and the use of beneficial insects. By adhering to these
principles, organic products aim to reduce environmental impacts, promote soil fertility,
protect natural ecosystems, and offer consumers a healthier and more sustainable choice [170].
Organic certification standards, such as those set by regulatory bodies or third-party
organizations, ensure that products labeled as “organic” meet specific criteria and undergo
regular inspections to maintain their organic integrity [171,172].

e Fair trade: Fair trade is a product feature or certification emphasizing ethical and equitable
trading practices, particularly in international trade with producers in developing countries
[173]. It ensures that producers receive fair compensation, promotes sustainable livelihoods,
and supports community development [173]. Fair trade certification guarantees that the
product has been sourced from producers who meet specific social, economic, and
environmental standards [174]. By supporting fair trade products, consumers contribute to the
empowerment of small-scale farmers, artisans, and workers, addressing social and economic
inequalities while promoting sustainable development [175]. Fair trade serves as a significant
feature in the realm of sustainable products by fostering fairer trade relationships and
promoting the well-being of marginalized producers [176].

e Recyclable: The “recyclable” feature is a crucial attribute of sustainable products, as it promotes
the efficient use of resources and minimizes waste [177]. Recyclable products can be collected,
processed, and transformed into new materials or products, reducing the demand for virgin
resources and the environmental impact of extraction [178]. By designing products with
recyclability in mind, manufacturers contribute to the circular economy, where materials are
kept in use for as long as possible [179]. Recycling also helps reduce landfill waste and the
associated environmental and health hazards, making it essential to achieving a more
sustainable and resource-efficient society [177].
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Reusable: The “reusable” feature offers an alternative to single-use items that contribute to
waste and resource depletion. Reusable products are designed to be used multiple times,
reducing the need for constant replacements [180]. By encouraging reuse, these products
minimize the environmental impact associated with manufacturing, transportation, and
disposal [181]. Reusable products can include items such as shopping bags, water bottles, coffee
cups, and food containers, providing consumers with sustainable choices that reduce their
reliance on disposable options [180]. By embracing reusable products, individuals can
significantly contribute to waste reduction and the conservation of resources, ultimately
promoting a more sustainable and environmentally friendly lifestyle [181].

Renewable energy: The “renewable energy” feature involves harnessing energy from
renewable sources that are naturally replenished. By utilizing renewable energy sources like
solar, wind, hydro, or geothermal power, sustainable products reduce reliance on fossil fuels
and contribute to mitigating climate change [182]. Incorporating renewable energy into
product design and production processes helps minimize greenhouse gas emissions and air
pollution, promoting cleaner and more sustainable energy systems [183]. Furthermore, the
adoption of renewable energy in manufacturing can lead to energy cost savings, increased
energy independence, and a more resilient and sustainable economy [182]. By embracing
renewable energy, sustainable products contribute to a greener future and support the
transition to a low-carbon and sustainable energy system.

Energy efficient: The “energy efficient” feature is a crucial characteristic of sustainable products
as it helps minimize energy consumption and reduce environmental impact [184]. Energy-
efficient products are designed to use less energy while maintaining their functionality and
performance. By incorporating energy-efficient technologies and design principles, these
products contribute to lower energy bills, reduced greenhouse gas emissions, and more
sustainable use of resources [185]. Additionally, energy-efficient products often meet or exceed
strict energy efficiency standards set by regulatory bodies, ensuring their reliability and
effectiveness. By promoting energy efficiency, sustainable products help combat climate
change, conserve natural resources, and support a more sustainable and energy-conscious
lifestyle [184].

Sustainable packaging: “Sustainable packaging” focuses on minimizing the environmental
impact of product packaging. It involves using materials and design strategies that prioritize
resource efficiency, waste reduction, and recyclability [186]. Sustainable packaging aims to
minimize the use of non-renewable resources, such as petroleum-based plastics and
encourages the use of renewable and biodegradable materials. Additionally, sustainable
packaging considers the entire lifecycle of the product, including its production, transportation,
use, and end-of-life disposal, striving for minimal environmental impact at each stage [187]. By
adopting sustainable packaging practices, products can contribute to reducing plastic
pollution, conserving resources, and promoting a more circular and environmentally friendly
economy [186].

Biodegradable/compostable: The “biodegradable/compostable” feature is a significant
attribute of sustainable products as it relates to their ability to break down naturally and return
to the environment without leaving harmful residues [188]. Biodegradable products can be
broken down by microorganisms into natural elements over time, minimizing their impact on
ecosystems [189]. Compostable products, on the other hand, are specifically designed to break
down in composting systems, resulting in nutrient-rich soil that can be used for agricultural
purposes [190]. The use of biodegradable or compostable materials reduces waste and landfill
burden, promotes sustainable waste management practices, and supports the transition
towards a more circular economy [188]. By choosing biodegradable or compostable products,
consumers can make a positive impact on environmental conservation and contribute to a more
sustainable future.
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Low carbon footprint: The “low carbon footprint” feature is a sustainable product attribute
signifying products’ minimal contribution to greenhouse gas emissions and climate change
[191]. Products with a low carbon footprint are designed, manufactured, and distributed in a
manner that minimizes energy consumption and the release of carbon dioxide and other
greenhouse gases. This is achieved through various strategies such as utilizing energy-efficient
production processes, sourcing materials locally to reduce transportation emissions, and using
renewable energy sources [192]. By reducing their carbon footprint, these products help
mitigate climate change, preserve natural resources, and promote a more sustainable and
environmentally responsible lifestyle [191]. Choosing products with a low carbon footprint
allows consumers to make environmentally conscious choices and contribute to a greener and
more sustainable future.

Carbon neutral: The “carbon neutral” feature indicates that the emissions generated
throughout products’ lifecycles have been effectively offset or balanced by supporting projects
that reduce or capture an equivalent amount of greenhouse gases [193]. Carbon neutrality is
achieved by implementing measures to minimize emissions during production, transportation,
and disposal, and then offsetting the remaining emissions through activities like reforestation,
investing in renewable energy projects, or supporting carbon capture and storage initiatives
[194]. By being carbon neutral, these products have a net-zero impact on greenhouse gas
emissions, making them environmentally responsible choices [193]. Supporting carbon
neutrality in product development helps combat climate change, fosters a more sustainable
economy, and encourages a shift towards a low-carbon future [194]. Choosing carbon-neutral
products allows consumers to make a positive environmental impact and contribute to global
climate action [194].

Ethically sourced: The “ethically sourced” feature focuses on ensuring that the raw materials
used in products’ production are obtained in a socially and environmentally responsible
manner [195]. Ethically sourced products prioritize fair trade, respect for human rights, and
adherence to labor standards throughout the supply chain [196]. This includes fair wages, safe
working conditions, and the prohibition of child labor or exploitation [196]. By choosing
ethically sourced products, consumers can support companies that prioritize social equity,
worker well-being, and environmental stewardship [195]. Ethical sourcing promotes
transparency, accountability, and sustainable practices, making it an essential aspect of
sustainable product selection [197].

Water conservation: The “water conservation” feature aims to minimize water usage and
promote responsible water management throughout the product lifecycle [198]. Products
designed with water conservation in mind employ strategies such as efficient water use, water-
saving technologies, and responsible manufacturing processes that reduce water waste and
pollution [199]. By minimizing water consumption, these products help alleviate water
scarcity, preserve freshwater ecosystems, and protect this vital resource for future generations.
Additionally, water conservation in product design encourages consumer awareness and
responsible water usage, fostering a more sustainable and environmentally conscious mindset
[199]. Choosing products with a water conservation feature allows individuals to contribute to
water sustainability and promote a more water-efficient society.

Non-toxic: The “non-toxic” feature ensures that products are free from harmful substances and
pose minimal risks to human health and the environment [200]. Non-toxic products are
designed and manufactured using materials that do not contain toxic chemicals or pollutants,
including heavy metals, harmful solvents, or volatile organic compounds (VOCs) [201]. By
prioritizing non-toxic ingredients and materials, these products minimize the potential for
adverse health effects, allergies, or pollution during production, use, and disposal [200].
Choosing non-toxic products promotes a safer living environment, reduces the burden on
ecosystems, and supports sustainable consumption practices [200]. Furthermore, non-toxic
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products often undergo rigorous testing and certification processes to provide consumers with
assurance regarding their safety and environmental impact [201].

o Cruelty-free: The “cruelty-free” feature indicates that products have been developed without
any involvement or harm to animals throughout their production process [202]. Cruelty-free
products are not tested on animals and do not contain ingredients derived from animals or
animal by-products [203]. By choosing cruelty-free products, consumers can support ethical
and compassionate practices in the beauty, personal care, and household industries [203]. This
feature promotes the well-being and rights of animals, encourages the development of
alternative testing methods, and contributes to the overall shift towards more ethical and
sustainable choices [202]. Additionally, cruelty-free products often carry certifications or labels
from reputable organizations, providing transparency and assurance to consumers seeking
animal-friendly options [203].

e Upcycled: The “upcycled” feature is a significant attribute of sustainable products, indicating
that they have been created by repurposing or transforming waste materials into new and
valuable items [204]. Upcycling is a process that diverts materials from landfill and reduces the
need for new resource extraction. By upcycling, products can give new life to materials that
would otherwise be discarded, contributing to waste reduction and resource conservation
[204,205]. Upcycled products showcase creativity and innovation in design, highlighting the
potential for transforming waste into unique and functional items [205]. Choosing upcycled
products promotes a circular economy mindset and supports sustainable production practices
that minimize waste and maximize the value of existing resources.

e Locally produced: The “locally produced” feature emphasizes products’ origin from nearby
sources, typically within a specific geographic region [206]. Locally produced products support
local economies, reduce carbon emissions associated with long-distance transportation, and
promote community resilience [207]. By choosing locally produced items, consumers can
contribute to the vitality of their local communities and support local artisans, farmers, and
businesses. Furthermore, local production often involves shorter supply chains, allowing for
better transparency, traceability, and a closer connection between consumers and producers
[207]. This feature encourages sustainable consumption by fostering a sense of place, reducing
environmental impact, and strengthening local economies [206].

e Social impact: The “social impact” feature highlights products’ positive influence on society
and communities. Products with a focus on social impact contribute to social welfare, equality,
and empowerment [208]. They may support fair trade practices, provide employment
opportunities for marginalized groups, or invest a portion of their profits in social initiatives
[173,174]. By choosing products with a social impact, consumers can align their purchasing
power with their values and actively support positive change in society [209]. These products
often go beyond profit-driven motives and strive to create a lasting, positive difference in the
lives of individuals and communities, making them an integral part of the sustainable product
landscape [209].

e Low/zero VOC: The “low/zero VOC” indicates that products contain minimal or no volatile
organic compounds (VOCs) [210]. VOCs are chemicals that can be released into the air and
contribute to indoor and outdoor air pollution, posing risks to human health and the
environment [210]. Low/zero VOC products prioritize the use of non-toxic or low-emission
materials, such as paints, adhesives, and cleaning products [201]. By choosing low/zero VOC
products, consumers can create healthier indoor environments, reduce their exposure to
harmful chemicals, and contribute to improved air quality [210,211]. This feature aligns with
sustainable practices that prioritize human well-being and environmental stewardship [197].

2.9.3. Materials and Methods

In Section 2.9.2, the concept and necessity of sustainability were analyzed, as well as the
characteristics that products must possess in order to be considered sustainable. It was also found that

77



sustainability is not solely about the material composition of a product and its environmental footprint,
but social and economic factors can also influence it. In Sections 2.2 to 2.5, the GPT Models and NLP
were discussed as emerging Al technologies. The concept of pre-training and fine-tuning in GPT
models was explained, along with how prompts are used to guide the generation of text, and how GPT
models contribute to advancing NLP capabilities.

Research Objectives

The primary objective of this study is to propose a novel approach for automating the
identification of sustainable product features using GPT-powered software. The proposed software will
leverage NLP techniques to classify products into distinct sustainability categories based on their
descriptions, titles, and product specifications.

Expected Outcomes and Benefits

By achieving this research objective, we anticipate several significant outcomes and benefits:

¢ Enhanced Consumer Empowerment: The GPT-powered software will empower consumers to
make more informed and sustainable purchasing decisions effortlessly. By automatically
extracting sustainability indicators from product descriptions, titles, and product
specifications, consumers will have access to crucial environmental and ethical information at
their fingertips, enabling them to align their purchasing choices with their sustainability values.

e Time and Resource Savings: The automated sustainability assessment through the GPT-
powered software will streamline the evaluation process for consumers and businesses alike.
The software will eliminate the need for time-consuming and labor-intensive manual
assessments, saving valuable resources and allowing businesses to allocate their efforts to other
sustainability initiatives.

e Environmentally Conscious Business Practices: The proposed approach will encourage
businesses to showcase and prioritize their environmentally friendly offerings. By providing
automated sustainability classifications for products, the software will motivate businesses to
adopt sustainable practices, ultimately contributing to a more eco-conscious market.

Significance and Contribution to Sustainability Research

This research is highly significant in addressing the existing challenges in sustainability
assessment. The increasing global focus on sustainability necessitates efficient and accurate methods
for evaluating product eco-friendliness. The proposed GPT-powered software represents an innovative
fusion of advanced language models with product classification, bridging the gap between NLP and
sustainability evaluation.

The integration of GPT technology in sustainability assessment not only ensures more
comprehensive and objective analysis but also extends the applicability of NLP to environmental and
social domains. By combining language-understanding capabilities with ML techniques, the software
can capture subtle nuances and context-specific sustainable features that might be challenging to
identify using traditional methods.

The contribution of this research lies in its potential to revolutionize the way sustainable
product features are identified and communicated. By automating sustainability assessment, the
proposed approach paves the way for a more sustainable and eco-conscious future. It facilitates a shift
towards greener consumption patterns, which can significantly reduce the environmental impact of
products and promote circular economy practices.

Overall, the proposed approach holds promising implications for both consumers and
businesses, fostering a more sustainable marketplace and supporting efforts towards achieving global
sustainability goals. It represents a valuable addition to the field of sustainability research, offering an
innovative and efficient solution to address the pressing challenges of sustainability assessment across
various industries.
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Methodology

To validate the efficacy of the software and the suitability of the GPT model for assessing and
identifying sustainable features in products, a specific methodology was employed. A representative
sample of products from three well-established marketplaces was gathered, and the GPT model was
utilized to evaluate and identify the sustainable features of each product. The subsequent sections detail
both the data collection and preprocessing process, as well as the model evaluation based on the
responses obtained.

Data Collection and Preprocessing

Ensuring data quality and relevance is crucial to maintain the integrity and reliability of the
research findings. In this study, the following data-preprocessing steps were undertaken to achieve
this:

e Data Collection: For the purpose of this research, we utilized the most well-known
marketplaces, namely Amazon, eBay, and AliExpress, as reference points. From each of these
marketplaces, we collected a total of 30 randomly selected products, spanning across 6 distinct
product categories. Care was be taken to cover various industries and product categories to
ensure the software’s and GPT model’s applicability across different domains.

e Data Cleaning: Raw text data often contain noise, irrelevant information, or typographical
errors. Data cleaning involved removing special characters, punctuation, and irrelevant tags or
metadata. Additionally, any duplicated or redundant entries were eliminated to enhance data
quality.

e Text Normalization: Text normalization is crucial to standardize the data, ensuring consistency
in word representations. This step involves converting all text to lowercase, handling
contractions, and applying stemming or lemmatization techniques to reduce words to their
base form.

¢ Tokenization: The process of tokenization breaks down the textual data into individual tokens
(words or subwords). Tokenization is a critical step for language models like GPT, as it allows
the software to process and understand text at a granular level.

e Feature Extraction: Relevant features related to sustainability, such as “eco-friendly materials,”

” “recyclability,” and “ethical sourcing,” will be identified and extracted
from the preprocessed text. This step is vital to building a robust classification model that can
differentiate products based on their sustainability characteristics.

e Software assessments: With the GPT-powered Chrome app activated, we accessed the
webpage of each product, and the application was tasked with extracting the product title,
description, and available product specifications, as applicable. Subsequently, the collected
data were transmitted to a remote server, which established communication with the
appropriate GPT model, soliciting responses concerning the sustainability features of the
product based on its title and description. The resulting outcomes were stored in a CSV file to
facilitate further analysis. A comprehensive description of this process can be found in
Software Implementation and System Design section. The sample products and software’s
assessments are readily available in CSV format on GitHub repository [212].

“energy efficiency,

By rigorously implementing these data preprocessing steps, we aim to guarantee the quality
and relevance of the dataset used to test the GPT-powered software. These steps ensure that the
software can effectively and accurately identify sustainable product features across various domains,
providing reliable and actionable insights for consumers and businesses alike.

Upon data collection and processing, the CSV file was imported into a Python script
responsible for populating a data frame (df) to facilitate the extraction of meaningful plots. For this
purpose, two Python libraries, namely pandas and matplotlib, were utilized. Pandas is a robust
Python library extensively employed in data manipulation and analysis tasks, offering essential data
structures such as data frames that facilitate the effective management of substantial datasets [213]. On

79



the other hand, matplotlib, a widely adopted Python library, specializes in data visualization
endeavors, providing a versatile selection of plotting techniques to generate diverse graph types and
visual depictions derived from data stored in arrays or data frames [214].

In Figure 10, the percentage of utilization of sustainable features among the products in our
dataset is presented, while in Figure 11, the frequency of sustainable feature occurrences categorized
by marketplace is illustrated.
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Figure 11. Number of Occurrences of Sustainable Features by Marketplace.
Model Evaluation

As stated in Section 2.4, the GPT model utilized in this research is a pre-trained model that has
undergone extensive training on diverse textual datasets from various sources. This pre-training
process exposed the GPT model to vast amounts of text, enabling it to learn language patterns, syntactic
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structures, and contextual relationships. The pre-training phase aimed to establish a robust language
understanding foundation, which is crucial for subsequent fine-tuning on specific tasks.

For the purposes of this research, the GPT pre-trained model was utilized without undergoing
fine-tuning. This decision was based primarily on the strong language and contextual capabilities of
the pre-trained model, as well as its training on diverse sources of textual data. Another reason was to
assess the quality of responses generated by the pre-trained model for this specific task.

To evaluate the performance of the GPT-powered software in accurately identifying
sustainable attributes, a manual inspection of the 90 sampled products was conducted. Additionally,
the evaluation process incorporated a comprehensive qualitative analysis of the results. This qualitative
assessment sought to identify potential patterns, limitations, or challenges encountered by the GPT-
powered software in sustainable feature identification. The objective of this analysis was to gain
valuable insights into the model’s decision-making process and to pinpoint areas for potential
improvements in the proposed approach.

2.9.4. Experimental Setup and Results

User Interaction

The initial idea was to create a desktop or mobile app that would allow consumers to receive
an answer about whether a product has sustainable features or not, either by pasting a link or a product
description. However, adding another mobile app to the thousands already existing on our mobile
devices, which are likely to never be used, seemed counterproductive. The rationale from the beginning
was to facilitate the user making a more sustainable purchasing decision without burdening them in
any way. For this reason, we chose to develop a Google Chrome app that, once installed, would
function autonomously without any user intervention.

The developed software facilitates user interaction with an e-commerce or marketplace
platform. Upon accessing a product page, the accompanying Chrome application assumes the
responsibility of extracting the product’s title, description, and features. Through communication with
a remote server, employing a GPT model, the gathered information undergoes analysis to ascertain the
presence or absence of sustainable attributes within the product. Consequently, the system provides
the user with a response indicating whether the currently viewed product exhibits sustainable
characteristics. In summary, the user’s act of opening a product page prompts the GPT-powered
Chrome application to deliver information essential for making informed sustainable purchasing
decisions.

Software Implementation and System Design

The implementation of the software involved the utilization of various technologies and
programming languages. JavaScript, JQuery, and Ajax with Manifest version 3.0 were employed for
creating the Chrome APP/Extension [214]. On the server side, Python was utilized along with the Flask
framework and relevant libraries. For the implementation of the GPT component, Python was
responsible for invoking the OpenAl API[151], retrieving the response, and returning it to the Chrome
APP, where JavaScript would handle the printing of the results to the user.

A detailed description is provided below, outlining the steps undertaken by the Chrome app
to identify and make a decision regarding the sustainable attributes of a product.

e The user proceeds with the installation of the Chrome app on the Google Chrome browser,
utilizing the extensions area in developer mode;

e The user navigates through one of the prominent marketplaces/e-commerces, such as Amazon,
and arrives at a product page;

e The background-running Chrome app detects the user’s presence on a product page and
utilizes JavaScript and JQuery to extract the title, description, and characteristics of the product;

e Through Ajax, the Chrome app initiates an asynchronous POST request to a remote server;
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e The script is hosted on PythonAnywhere [215], a project associated with Anaconda [216],
renowned among both data scientists and other users;

e The server employs Flask [217], a micro Python-based framework, to handle the incoming
POST request from the Chrome app;

e Python is responsible for loading the OpenAl library and generating an appropriate prompt
containing the title and description of the product observed by the user;

e Upon receiving the response from the OpenAl API, Python undertakes the processing of the
response data and formats them in a manner suitable for the Chrome app to interpret. These
formatted data are then returned to the Chrome APP;

¢ Depending on the response, the Chrome app asynchronously displays a badge on the page
being viewed by the user. On mouse hover, a popup message appears, presenting text that
elucidates the sustainable attributes identified by the GPT for the product. In the scenario
where no sustainable attributes are detected, a distinct badge is printed on the page, which,
upon hover, notifies the user that no sustainable attributes were found for the specific product.

Figure 12 depicts the prompt employed to elicit the desired response from the GPT model and
OpenAl APIL The placeholder {product title} is automatically replaced with the product title,
{product description}, which represents the product description, and
{sustainable attributes to_ string} corresponds to a stringified array containing all the
sustainable attributes analyzed in Main Sustainable Product Features section.

prompt = f"I have a product titled '{product_title}' and product
description '{product_description}'. Match the product with
sustainable attributes and explain why. Sustainable attributes:
{sustainable_attributes_to_string}. If the product can't match any
of the sustainable attributes, return False.\n Else, return a
dictionary like this: {{'attribute': 'Explanation'}}"

Figure 12. Prompt to obtain the appropriate response from the GPT model.

For the purposes of this study, the text-Davinci-003 model, which belongs to the GPT-3
model family, was employed [218].

The text-DaVvinci-003 model incorporates several enhancements, including the ability to
generate higher-quality writing, thereby facilitating the delivery of clearer, more engaging, and more
compelling content through applications. Moreover, it demonstrates improved proficiency in handling
complex instructions, enabling users to explore more creative ways to leverage its capabilities.
Additionally, the model exhibits enhanced competence in generating longer-form content, expanding
its utility to encompass tasks that were previously deemed challenging [219].

Undoubtedly, the software can be readily upgraded in the future to utilize the GPT-4 model,
which is presently undergoing limited beta testing and is exclusively accessible to a select group of
authorized individuals [220].

The source code of the Chrome APP, both for the client-side and server-side components, is
made available as open-source on GitHub [212].

Case Studies and Examples

This section presents two case studies pertaining to the functioning of the software when a user
navigates a product page with the GPT-powered Chrome app enabled. Subsequently, an associated
badge is displayed to the user following the evaluation of the sustainable features of the product. Upon
hovering the mouse over the badge, the user receives a textual representation of all the sustainable
features that the GPT model identified within the specific product.
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Case Study 1

Figure 13 presents a visual representation of a product page in its initial state before receiving
any response from the Chrome app. In Figure 14, the same product page is depicted after the response
generated by the Chrome app has been incorporated. Notably, a green badge has appeared above the
title, which, upon hovering, displays the GPT model’s responses concerning the sustainable features of

the product.

A

Roll over image to zoom in

Figure 13. Screenshot of a product page before receiving the response from the Chrome app and GPT model.

A

Roll over image to zoom in

Rechargeable Toothbrush, Sage,

Visit the Store
4.5 Yedede oy v 23,423 ratings | 146 answered questions
1K+ bought in past week

-350/, $2 599 (525.99/ count)
List Price: $39:96 ©

No Import Fees Deposit & $12.07 Shipping to Greece Details v
Available at a lower price from other sellers that may not offer free Prime shipping.

Color: Sage

Configuration: Rechargeable

Rechargeable

By analyzing the product description and its title, GPT model identified the sustainable
attributes possessed by the product as follows:

* reusable: The Rechargeable Toothbrush is reusable, as it is
designed to be used multiple times and its battery life can last up to 30 days.

* energy efficient: Rechargeable Toothbrush is energy efficient as
it has a battery life of up to 30 days and is made to travel, making it an ideal product for
those on the go.

* recyclable: The y Rechargeable Toothbrush is recyclable due to its

plastic components, which ca'n be reused or repurposed.

List Price: $3996 ©

No Import Fees Deposit & $12.07 Shipping to Greece Details ~
Available at a lower price from other sellers that may not offer free Prime shipping.

Brand
Age Range (Description) Adult

Special Feature Rechargeable, Brushing Timer, Lightweight, Travel Size, Compact,
Portable

Figure 14. The same product page displaying modifications after the response generated by the Chrome app and

Case Study 2

GPT model.

Figure 15 displays a non-sustainable product along with the corresponding badge that appears
to the user following the evaluation performed by the GPT model.
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Based on the estimates of the GPT model, it appears that the product does not possess any
sustainable attributes.

Visit the Store
4.0 v 5,933 ratings | 3 answered questions
¢ Climate Pledge Friendly

-19% %687 ($1.15/ count)

List Price: $8-49 ©

No Import Fees Deposit & $10.60 Shipping to Greece Details ~
Save $3 on 2 select item(s) Shop items >

Brand

Roll over image to zoom in

Item Form Strips

Figure 15. The non-sustainable product page displaying modifications after the response generated by the
Chrome app and GPT model.

Results

The assessment of a domain-specific model typically necessitates the use of domain-specific
evaluation metrics. In the domain of sustainability, coupled with the GPT model, there are currently no
available evaluation metrics.

To confirm the inadequacy of general evaluation metrics in appraising a sustainable evaluation
software, as presented in this study, the BLEU (Bilingual Evaluation Understudy) [221] metric was
experimentally employed. Loading the CSV file into the Jupyter Notebook and comparing the product
titles and descriptions with the responses generated by the GPT model yielded discouraging results,
with a BLEU score of 0.07259360665469289 on average. This score suggests that the model-generated
text bears some resemblance to the reference data, but the degree of similarity is relatively low. A higher
BLEU score, closer to 1, would indicate a more favorable alighment between the model’s outputs and
the reference data.

Following the methodology outlined in Methodology Section, human evaluation was
conducted to scrutinize each line of the CSV in order to ascertain whether the responses from the GPT-
powered software adequately align with the hypotheses presented in the Introduction (Section 2.9.1).

Hypothesis 1

e Research Objective: The study seeks to evaluate the accuracy of GPT model responses.

e Null Hypothesis (H0): There is no significant accuracy in GPT model responses when
appropriate prompts are utilized.

e Alternative Hypothesis (H1): The GPT model produces accurate responses when appropriate
prompts are employed.

The investigation involved the use of multiple prompts in an iterative manner until the desired
and appropriate response was achieved from the GPT model. Throughout this process, the generated
responses consistently maintained relevance to the topic and demonstrated precision. This observation
indicates that tailoring prompts to elicit specific information from the model can effectively enhance
the accuracy and pertinence of its outputs. As a result, the null hypothesis HO can be rejected, leading
to the conclusion that with meticulous prompt selection and refinement, the GPT model can serve as a
valuable tool for providing accurate and pertinent information across various contexts.
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Hypothesis 2

e Research Objective: The study aims to examine the format of responses generated by the GPT
model.

¢ Null Hypothesis (H0): The responses produced by the GPT model do not conform to the
appropriate format.

e Alternative Hypothesis (H1): The format of GPT model responses is accurate and aligns with
the explicitly defined structure in the prompt.

In the course of the research, multiple prompts were utilized to prompt the GPT model to
generate responses in a dictionary format suitable for retrieval in the Chrome app via an Ajax request.
However, the returned dictionaries presented multiple choices, leading to instances of truncated
responses due to the imposed constraint on the maximum tokens per request by OpenAl. Addressing
this issue programmatically involved merging the choices and eliminating duplicates, but this did not
provide sufficient evidence to confirm the alternative hypothesis (H1).

As a result, the null hypothesis cannot be rejected, and the encountered limitation in response
format indicates the need for further investigation and refinement to achieve the desired response
structure. Future research efforts should focus on developing more effective methods to ensure that the
GPT model consistently delivers complete and unambiguous dictionary-style responses. By achieving
this objective, the usability and applicability of the GPT model within the context of the Chrome app
can be significantly enhanced.

Hypothesis 3

e Research Objective: The study aims to assess the effectiveness of the GPT model in identifying
sustainable features based on product titles and descriptions.

¢ Null Hypothesis (HO0): The GPT model is unable to identify sustainable features of a product
when given its title and description.

e Alternative Hypothesis (H1): The GPT model is capable of evaluating the sustainable features
of a product when provided with its title and description.

Following a comprehensive manual evaluation of 90 products within the sample, the responses
generated by the GPT model regarding the sustainable features of these products demonstrated a high
degree of accuracy. The model exhibited proficiency in recognizing sustainable features through both
the identification of relevant keywords and the comprehension of contextual cues present in the
product titles and descriptions. As a result, the null hypothesis HO is rejected, indicating that the GPT
model possesses the capability to effectively assess and identify sustainability-related attributes of
products. This finding underscores the potential of the GPT model as a valuable tool for sustainable
product analysis and evaluation.

Hypothesis 4

e Research Objective: The study aims to evaluate the effectiveness of the GPT model in
identifying product sustainable features, particularly when product titles and descriptions are
less descriptive.

e Null Hypothesis (H0): The GPT model is incapable of identifying product sustainable features
when confronted with limited or less descriptive product titles and descriptions.

e Alternative Hypothesis (H1): The GPT model can successfully retrieve sustainable features of
a product even when the provided title and description lack sufficient descriptive information.

Upon conducting a meticulous manual evaluation, notable observations were made, revealing
the GPT model’s ability to delve into its own training data and retrieve pertinent information about a
product, even in scenarios where the product titles and descriptions were inadequately descriptive.
Despite encountering limitations in the available details, the model skillfully employed its pre-trained
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knowledge to generate accurate responses pertaining to the sustainable features of the products.
Consequently, the null hypothesis HO can be confidently rejected. The GPT model’s remarkable
adaptability and capacity to complement incomplete information with acquired knowledge from its
training data underscore its robustness and versatility in identifying sustainable attributes, regardless
of the quality of input descriptions. As a result, the GPT model emerges as a promising tool for
effectively assessing sustainability in products with varying levels of descriptive information.

2.9.5. Discussion

In previous sections, an in-depth examination was conducted to elucidate the methodology
and tools employed during the software implementation and evaluation process, as well as to address
the limitations and challenges encountered. In this section, the authors offer their contemplations
regarding potential future enhancements of the software. Additionally, they delve into the ethical
considerations surrounding the application of the GPT model in sustainability assessment tasks.

Application of Findings and Future Research Directions

Commencing with the software, it aspires to serve as a solution with the aim of raising
awareness among the broader consumer base and encouraging potentially more sustainable
purchasing decisions that may positively impact the environment and socioeconomic aspects of life.
Concurrently, it can assist product producers in crafting more comprehensive descriptions that
accurately delineate the sustainable attributes of their products. The issue of a lack of a sustainable
mindset should not solely rest upon consumers. The issue originates from the lack of appropriate
information available to consumers. At the consumer level, if individuals were aware that a product is
more sustainable than another, without exerting any effort, they would undoubtedly choose the former
over a non-sustainable alternative. Furthermore, e-commerce platforms and marketplaces should also
assume a corresponding role, either by developing their own tools to inform consumers about the
sustainability features of products or by incorporating the automated open-source solution provided
by this study simply by integrating the Chrome app’s JavaScript into their underlying source code.

From the perspective of GPT and NLP, their integration into emerging technologies is
inevitable, and they undeniably have the potential to serve as the cornerstone of an Al technological
revolution. However, it would be prudent for the OpenAl AP], in particular, to facilitate development
by providing documentation not only on how to communicate with the API but also on how to handle
the numerous choices that often differ or are truncated due to token limitations. For instance, the
“create” method within the completion class could potentially be enhanced to accept parameters
defining the expected format of the output, such as JSON encoded, text, or integer representations.
Additionally, since the creation of a suitable prompt is highly significant, the API itself should assist
developers in generating appropriate prompts through a corresponding tool. This would aid the GPT
model in understanding the intention of the prompt and providing the precise responses that
developers expect. The ChatGPT, currently based on GPT 3.5/GPT 4, could be leveraged for generating
prompts. A corresponding graphical user interface (GUI) could be integrated into the user panel,
enabling developers to input the expected outcomes and their respective formats. The GPT model
would then respond with the appropriate prompt, assisting the developers in obtaining the desired
responses.

As explicated in the section concerning model evaluation, the GPT pre-trained model was
employed in this research without undergoing fine-tuning, aiming to assess its existing capabilities in
detecting sustainable product features. Subsequent investigations may consider fine-tuning the GPT
model by training it with additional knowledge specifically related to sustainability. However, such
fine-tuning would necessitate a substantial and well-balanced dataset to accurately train the GPT model
to perform sustainability tasks more effectively.
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Software Limitations and Challenges

Undoubtedly, no software is immune to problems and challenges, which can be addressed and
are presented below:

e Prompt-related issues: To achieve the desired outcome described in Software Implementation
and System Design section, numerous attempts were made to find the appropriate prompt
that would guide the GPT model in understanding the required actions. For instance, despite
prompting the model to evaluate the product based on specific attributes, it would still generate
its own assessments for attributes not provided as options. This problem was resolved by
refining the prompt.

e Efforts were also devoted to handling the responses returned by the OpenAl API. After each
response, the API provided multiple choices, with each choice containing fragmented answers
due to token limitations. By refining the prompt and providing the exact expected format of
the result, the answers became more accurate. However, the presence of multiple choices
continued to complicate the extraction of results.

e At present, the software is fully functional with the Amazon marketplace, which has well-
structured source code using CSS classes and IDs. In contrast, in similar attempts on eBay, it
proved almost impossible to extract product descriptions using JavaScript, as the eBay rich
description operates on iframe technology. This issue can be addressed by accessing the
product information through the official APIs provided by the marketplaces instead of relying
on JavaScript-based extraction.

Ethical Considerations

Ethical considerations surrounding the utilization of the GPT model for identifying sustainable
features of a product based solely on its title and description are of paramount importance. While the
model’s ability to analyze textual data and provide insights can be valuable in promoting sustainable
practices, certain ethical concerns must be acknowledged. One major concern is the potential for biased
or inaccurate assessments due to the limitations of context and comprehensiveness in the provided
information. Relying solely on the title and description may overlook critical details, leading to
incomplete or misleading conclusions. Moreover, there is a risk of perpetuating greenwashing
practices, where products are falsely labeled as sustainable, leading to consumer deception. To address
these ethical challenges, researchers and developers must ensure transparency in the methodology,
actively acknowledge and disclose the model’s limitations, and consider incorporating supplementary
materials sources to enhance the accuracy and reliability of the sustainability assessments.
Additionally, implementing robust validation mechanisms and engaging with domain experts can help
mitigate potential ethical pitfalls and foster responsible and meaningful use of the GPT model for
sustainability evaluations.

Chrome Extensions and APPs in Similar Contexts

In the market, various chrome extensions and mobile applications are available, mirroring the
proposal presented in this research. These applications, like our GPT-powered extension, contribute to
the promotion of sustainability and incentivize consumers to make more informed and sustainable
decisions. For instance, the Ethical Shopper chrome extension informs consumers about the
sustainability practices adopted by different brands. The Ecowiser chrome extension aids consumers in
selecting more sustainable products from marketplaces like Amazon, by identifying corresponding
keywords in the recommended products. Additionally, the Good On You Android app serves as a
valuable resource for sustainability ratings in the realm of fashion.

The achievement of sustainability is further attainable with the availability of appropriate tools
and applications. By leveraging the capabilities of GPT-powered technologies, along with other
innovative approaches, consumers are better equipped to align their choices with sustainability
principles, fostering a more eco-conscious future.
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2.9.6. Section Conclusion

In conclusion, this study highlights the growing importance of sustainability in today’s
industries and the increasing consumer demand for sustainable products. It introduces a novel
approach, utilizing GPT-powered software to automatically identify sustainable product features from
product descriptions, titles, and product specifications. By leveraging NLP and ML, the software
successfully classifies products into different sustainability categories and extracts key indicators of
sustainability. This automated process eliminates the need for manual assessment and enhances the
evaluation of product sustainability. The software empowers consumers to make more sustainable
purchasing decisions and enables businesses to showcase their environmentally friendly offerings. The
experimental results demonstrate the effectiveness and accuracy of the GPT model in the field of
sustainability assessment, rendering it a valuable tool for promoting sustainability and paving the way
for a more eco-conscious future. Prospective investigations hold the promise of further narrowing the
gap between Al models and sustainability, where the latter will be meticulously fine-tuned for specific
sustainability objectives. The realization of such advancements bears the potential to augment and
optimize human existence, thereby fostering heightened eco-consciousness in decision-making
processes.

2.10. Churn Modeling in E-commerce: Leveraging the Power of Logistic
Regression and Neural Networks

2.10.1. Section Summary and Significance of the Study

In the dynamic realm of e-commerce, understanding and predicting customer churn has
become imperative for businesses aiming to sustain growth and profitability [222]. The challenge of
churn, where customers disengage from a brand or platform, poses significant hurdles for e-commerce
enterprises. Churn modeling emerges as a critical facet of this effort, offering businesses insights into
the factors influencing customer attrition [223]. Recognizing the imperative for proactive strategies in
mitigating churn, this study aims to investigate the dual-pronged approach of harnessing both Logistic
Regression and Neural Network models to elevate the accuracy and effectiveness of churn prediction
within the e-commerce domain.

Logistic Regression, a well-established statistical technique, proves to be a robust tool for
scrutinizing the relationships between various predictor variables and the likelihood of customer churn
[224]. Its interpretability and simplicity make it an ideal choice for comprehending the drivers behind
customer attrition. Conversely, Neural Networks, with their capacity to capture intricate non-linear
patterns, provide a more profound and nuanced understanding of customer behavior [225]. By
harnessing the strengths of these methodologies, the objective is to leverage their complementary
features and train them specifically for a specialized churn prediction task, ultimately leading to more
precise predictions of customer churn in e-commerce domain.

Through an exploration of a specific real-world dataset, this study aims to train the Logistic
Regression and Neural Network models for churn modeling, compare their performance, and extract
valuable insights. Synthesizing insights derived from these models allows businesses not only to
identify customers at risk of churning but also to formulate targeted strategies for retention and re-
engagement.

2.10.2. Literature Review

In the dynamic realm of E-commerce, the study of churn modeling takes center stage as
businesses grapple with the pervasive challenge of customer attrition. Providing a comprehensive
overview of customer churn within the E-commerce industry is crucial for illuminating the
complexities associated with customer retention in this rapidly evolving digital landscape. Customer
churn, defined as the rate at which customers disengage from a platform, holds immense significance
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for businesses seeking sustained growth and profitability [226]. Effectively addressing and
understanding churn becomes imperative not only for maintaining a loyal customer base but also for
optimizing operational efficiency. The intricacies of customer behavior and the myriad factors
contributing to churn necessitate a strategic and data-driven approach [227]. This is where the
importance of predictive modeling in E-commerce becomes evident.

Leveraging advanced analytical techniques, such as logistic regression and neural networks,
empowers businesses to anticipate and proactively manage customer churn. The subsequent
exploration of predictive modeling in the context of E-commerce underscores its pivotal role in
developing effective strategies for customer retention, fostering business resilience in the face of
competitive markets and evolving consumer preferences.

Historical Perspectives on Churn Modeling

Historically, churn modeling within E-commerce has witnessed significant evolution and
innovation. In its early stages, methodologies focused on rudimentary models, relying on basic
statistical analyses to understand customer behavior. As the E-commerce landscape matured, so did
the sophistication of churn modeling techniques [228]. Key advancements, including the incorporation
of ML algorithms and predictive analytics, reshaped the landscape, allowing for more nuanced and
accurate predictions. Recognizing the historical journey of churn modeling provides valuable insights
into challenges overcome, lessons learned, and the continuous refinement of methodologies in the
contemporary understanding and application of customer churn.

Frameworks for Customer Retention

Theoretical frameworks related to customer retention form the cornerstone for effective
strategies within the E-commerce domain. These frameworks provide a conceptual foundation, guiding
businesses in devising practical approaches to retain customers in a highly competitive environment.
In the application of customer retention strategies in E-commerce, businesses draw upon a rich tapestry
of theoretical models, ranging from traditional loyalty theories to contemporary behavioral economics
[229]. Strategies encompass personalized marketing, loyalty programs, and enhanced customer
experiences. Analyzing these insights enables E-commerce practitioners to tailor their approaches,
fostering a deeper understanding of customer needs and preferences.

Logistic Regression in Churn Modeling

Introducing logistic regression as a predictive modeling technique in the realm of E-commerce
churn modeling signifies a methodological cornerstone. Logistic regression, a statistical approach well-
suited for binary outcome predictions, has gained prominence for its simplicity and interpretability. In
the context of E-commerce churn modeling, numerous studies have harnessed the power of logistic
regression, show-casing its effectiveness in predicting customer attrition [224]. Its strength lies in its
ability to provide transparent insights into the relationship between independent variables and the
probability of churn, making it accessible and practical for businesses seeking actionable intelligence.

Neural Networks in Churn Modeling

Delving into the role of neural networks in churn modeling within the E-commerce landscape
necessitates an exploration of their overarching capabilities in predictive analytics. Neural networks,
inspired by the human brain's interconnected structure, excel in discerning intricate patterns and
relationships within vast datasets. In the context of E-commerce churn prediction, studies leveraging
neural networks have showcased their ability to uncover nuanced customer behavior, offering insights
beyond the reach of traditional modeling techniques [222].

Customer Behavior and Segmentation in E-commerce

A thorough exploration of customer behavior and segmentation within the domain of E-
commerce serves as a foundational element in the pursuit of effective churn modeling. The literature
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review in this area encompasses a diverse range of studies focused on understanding the intricacies of
customer behavior [230]. This examination is crucial for discerning patterns, preferences, and triggers
that influence customer engagement and retention. Equally significant is the emphasis on
segmentation, allowing businesses to categorize customers based on shared characteristics, needs, or
behaviors. Understanding customer behavior and implementing segmentation strategies becomes
pivotal in the context of churn modeling, allowing for the identification of high-risk segments and
tailoring retention strategies accordingly.

Business Intelligence for Churn Management

The integration of business intelligence tools into churn management represents a strategic
imperative for businesses navigating the complexities of customer retention in the E-commerce sphere.
The literature on this integration delves into the diverse array of business intelligence tools available
and their applications in deciphering and mitigating customer churn [231]. Case studies illuminate
successful instances where business intelligence has been instrumental in identifying patterns, trends,
and customer insights crucial for effective churn management strategies. These real-world examples
demonstrate the tangible impact of leveraging business intelligence tools in enhancing decision-making
processes. However, this integration is not without its challenges. E-commerce businesses face hurdles
such as data integration issues, ensuring data accuracy, and the need for skilled personnel to interpret
and act upon insights generated. Navigating these challenges presents opportunities for innovation
and refinement in the application of business intelligence for E-commerce churn modeling. By
addressing these challenges and capitalizing on opportunities, businesses can harness the full potential
of business intelligence tools, fostering a proactive and adaptive approach to churn management in the
dynamic and competitive landscape of E-commerce.

2.10.3. Methodology

Data Collection and Preprocessing

The data collection and preprocessing phase focused on utilizing the "Ecommerce Customer
Churn Analysis and Prediction" dataset created by Ankit Verma [4]. Governed by a CC BY-NC-5A 4.0
license, this dataset granted researchers permission to share, copy, and redistribute the material under
the condition of providing appropriate credit, linking to the license, and specifying any modifications
made. The original dataset was in x1sx format, which was converted to csv for better management.

To align the dataset with our research objectives, unnecessary columns were removed, and
each column represented a  different customer characteristicc.  These included
PreferredLoginDevice (string), PreferredPaymentMode (string), Gender (string),
PreferedOrderCat (string), SatisfactionScore (int 0-5), Complain (int 0-1), CouponUsed (int),
OrderCount (int), CashbackAmount (float), and Churn (int 0-1). These variables encompassed both
categorical and numerical features, providing a comprehensive view of customer behavior.

Following data selection, rigorous cleaning techniques were applied, involving column
renaming, removal of empty rows, and elimination of special characters that could impact the accuracy
of algorithmic predictions. This meticulous data preparation aimed to enhance the quality and
reliability of the dataset for robust churn predictions.

The resulting dataset underwent random splitting into training (70%), validation (15%), and
test (15%) sets. However, an issue arose during the random splitting process where many labels
identified during prediction were not present in the training or validation sets. To address this, the
stratify parameterinthe train test split function was utilized, ensuring that the distribution
of labels was similar in the training and validation/test sets. This approach aimed to maintain a
representative sample for effective model training and evaluation.
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Logistic Regression and Neural Networks Training and Predictions

The main question of the research aimed to determine whether the Logistic Regression model
is more efficient than the Neural Network after training for churn prediction in e-commerce. For the
purposes of the study, the dataset was uploaded to Google Drive, and Google Colab/Jupyter with a
CPU was utilized to train and run the models.

In the process of training a logistic regression model for churn prediction in the E-commerce
domain, the datasets, comprising both training and validation sets, are seamlessly loaded from Google
Drive using Pandas. The categorical variables undergo transformation into dummy variables via one-
hot encoding, streamlining the model training process. Following this preprocessing step, a logistic
regression model is instantiated and effectively trained on the specified training dataset. The model's
convergence is ensured with a maximum of 1,000 iterations, and reproducibility is guaranteed by
setting a specific random seed. Subsequently, the adeptly trained model is applied to make predictions
on the validation set, and its performance is meticulously evaluated using the accuracy score metric.
To ensure the preservation and accessibility of this valuable model, it is conscientiously saved in the
designated Google Drive directory for potential future use.

In the pursuit of training a neural network for churn modeling within the E-commerce domain,
the initial step involves mounting Google Drive for efficient file access and storage. Subsequently, the
training and validation datasets are seamlessly loaded using Pandas. The features and target variable
are then meticulously separated, and categorical variables undergo transformation into
dummy/indicator variables through one-hot encoding. For enhanced model performance, numerical
features are standardized. The construction of the neural network entails a sequential architecture with
two hidden layers, comprising 64 and 32 nodes, respectively, and a final output layer employing a
sigmoid activation function for binary classification. The model is compiled using binary crossentropy
loss and the Adam optimizer. Training unfolds over 10 epochs with a batch size of 32, utilizing
validation data for robust generalization assessment. Following training, predictions are generated on
the validation set, and the model's accuracy is evaluated using scikit-learn's accuracy_score
metric. The adeptly trained neural network model is then saved as an HDFS5 file in the designated
Google Drive directory, ensuring its accessibility for future use. Notably, the model's predictive
capabilities extend to making predictions on the test set, thereby completing the comprehensive churn
modeling process.

To facilitate transparency and reproducibility, all relevant resources, including the dataset, the
data cleaning process, the split datasets, the complete code, and Jupyter Notebook (ipynb) file, have
been made available on GitHub under an MIT license. This comprehensive sharing of resources aims
to encourage collaboration, scrutiny, and further exploration within the research community [232].

2.10.4. Results and Discussion

Understanding E-commerce Customers

In our e-commerce dataset, we have identified that 19.79% of male customers and 14.69% of
female customers are susceptible to churn. This initial exploration of gender-specific churn rates serves
as a foundational step for in-depth analysis and the development of targeted retention strategies for
both male and female customer segments.

Examining churn rates in relation to payment methods, we found variations, such as 26.98%
for credit card, 25.68% for cash on delivery, 8.33% for cash on delivery, 15.88% for credit cards, 14.96%
for debit cards, 24.56% for e-wallets, and 17.35% for UPI. This breakdown sheds light on customer
preferences and reveals potential areas for improvement within the payment processing system.

Moreover, the probability of churn is influenced by the ordering method, with 25.27%
experiencing churn through phone orders, 18.86% through computer transactions, and 13.09% through
mobile phone transactions. Recognizing the impact of ordering methods on churn rates underscores
the necessity of optimizing mobile user experiences and tailoring strategies accordingly.
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Delving into specific purchase categories, our analysis indicates that 30.23% of customers are
likely to churn while purchasing mobile phones, 27.71% for general mobile purchases, 15.71% for
fashion goods, 5% for grocery items, 8.9% for laptops and accessories, and 9.3% for other products.
Understanding churn rates across different product categories empowers targeted marketing and
retention efforts aligned with customer preferences.

Furthermore, our dataset unveils that 35.69% of customers who previously voiced complaints
are prone to churn, while 10.58% of customers churn without registering any complaints. This
highlights the critical importance of addressing customer concerns, as satisfied customers are less likely
to churn. Establishing a connection between customer complaints and churn emphasizes the pivotal
role of proactive customer service and resolution in maintaining overall customer satisfaction and
loyalty.

Indicatively, in Figure 16, the results of the data analysis before training on the full dataset are
presented for two of the customers’ features/columns, namely, PreferredLoginDevice and
SatisfactionScore.
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Figure 16. Churn Distribution by PreferredLoginDevice and SatisfactionScore

2.10.5. Performance Comparison of Logistic Regression and Neural Networks

Following the training of logistic regression and neural network models with the training and
validation sets, these trained models were utilized to predict customer churn based on features within
the test set. The resulting predictions were stored in distinct columns, namely, prediction lr and
prediction nn. To evaluate the precision of each model's predictions, we employed the
confusion matrix and classification report methods from the sklearn library. In this
analysis, each prediction was compared with the actual churn value, and the outcomes are presented
in Table 6 and Table 7, with the corresponding confusion matrices in Figure 17.

Table 6. Accuracy of the predictions made by the Logistic Regression-trained model.

Precision Recall F1-Score  Support
0 0.85 0.98 0.91 893
1 0.65 0.18 0.28 193
accuracy 0.84 1086
macro avg 0.75 0.58 0.59 1086
weighted avg 0.81 0.84 0.80 1086
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Table 7. Accuracy of the predictions made by the Neural Network-trained model.

Precision Recall F1-Score  Support
0 0.86 0.97 091 893
1 0.66 0.27 0.38 193
accuracy 0.85 1086
macro avg 0.76 0.62 0.65 1086
weighted avg 0.82 0.85 0.82 1086
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Figure 17. Confusion matrices for predictions made by the trained models

Upon reviewing the data in Table 6 and Table 7, it is evident that the logistic regression trained
model achieves an overall precision of 81%, while the neural network trained model attains a precision
of 82%. The overall precision is calculated as the weighted average of precision values for each class,
considering their respective support. This information is outlined in the weighted avg line of the
classification reports.

The comparison indicates that the neural network trained model exhibits slightly higher
precision in its predictions compared to its counterpart, the logistic regression trained model. Both
models demonstrate high effectiveness in this task, especially considering the relatively small size of
the training and validation set, which comprises approximately 4,092 rows.

However, it is crucial to highlight the limitations of the dataset, particularly in the training set,
where only 533 out of 3,069 customers have churned. The scarcity of churned customers in the training
set restricts the models from accurately predicting churn for these specific cases, underscoring the
importance of a balanced dataset for achieving more accurate predictions post-training.

The underlying concept of churn modeling in e-commerce holds immense significance for e-
commerce owners. Knowing in advance whether a customer is likely to churn, based on their unique
characteristics and previous purchases, is crucial. By fine-tuning their e-commerce strategy using the
insights derived from the trained models in this study, any e-commerce owner can predict and
proactively mitigate churn.

This proactive approach to churn prediction not only allows e-commerce owners to retain
valuable customers but also contributes to the overall success and sustainability of their business.
Understanding the factors that contribute to customer churn provides a strategic advantage, enabling
owners to tailor marketing efforts, enhance customer experiences, and address potential issues before
they escalate.

Furthermore, the insights gained from the trained models empower e-commerce owners to
personalize interactions with customers, offering targeted promotions or incentives to those identified
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as at-risk for churn. This level of personalized engagement not only fosters customer loyalty but also
helps optimize resources by directing marketing efforts towards segments with a higher likelihood of
conversion.

2.10.6. Section Conclusion

In the dynamic e-commerce landscape, characterized by substantial customer acquisition costs,
the strategic imperative of averting churn emerges as a cost-effective necessity. The capacity to foresee
and address potential churners not only translates into heightened customer lifetime value but also
contributes to an enhanced brand reputation and sustained profitability. This study employed two
well-established models trained on a specialized dataset tailored for churn modeling. These models
were tasked with making predictions to discern their respective precision levels. The results revealed
both models to be highly accurate, with the neural network trained model slightly surpassing the
logistic regression trained model in precision. Additionally, the study underscored the pivotal role of
dataset quality and balance in the training process. Beyond the realm of predictions, this research
furnishes e-commerce owners with more than just insights; it offers a proactive roadmap for customer
relationship management, paving the way for enduring business success.
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3. Web Accessibility and Progressive Web Apps (PWA)

Adapted from:

Roumeliotis, K.I.; Tselikas, N.D. Evaluating Progressive Web App Accessibility for People with Disabilities.
Network 2022, 2, 350-369. https://doi.org/10.3390/network2020022

3.1. Introduction

An increasing number of users are interacting with websites and mobile apps daily, and mobile
apps are experiencing tremendous growth, with users appreciating the usability and the user
experience (UX) they offer. The growing users’ need for mobile apps has led to the discovery of hybrid
apps that combine web technologies and native functions. However, both hybrid and native apps have
some limitations, such as a free space commitment on devices and more difficult multiplatform
upgrades. In 2015, Google provided a solution to the above-mentioned restrictions with the
introduction of a new technology called Progressive Web Apps (PWAs). PWAs bring features we
expect from native apps to the mobile browser [14]. They are built and enhanced with modern
application programming interfaces (APIs) to deliver enhanced capabilities, reliability, and
installability while reaching anyone, anywhere, and on any device with a single codebase [15].

At a time when web technologies are rapidly evolving, developers’ interest in accessibility is
fading. The need concerning people with disabilities for equal access to new technologies is growing.
Even academic and government websites fail to offer real accessibility, thus making the lives of people
with disabilities difficult [233].

Although much research focuses on the performance evaluation and Search Engine
Optimization (SEO) of PWAs, their corresponding efficiency in terms of accessibility guidelines’
conformance has not been investigated to date [12,14,15,234,235]. This study presents a review of the
existing literature on PWA and accessibility technologies, and it is motivated by the need for
accessibility solutions among platforms. The contributions of this research are summarized as follows:

¢ Weinclude a discussion of PWAs and accessibility challenges as a guide for future research.
e We extensively review PWAs as a technology and articulate some drawbacks that arise.
e We critically investigate the accessibility technologies to date, including the newly introduced

as a working draft Web Content Accessibility Guidelines (WCAG) 2.2.

¢ We combine and evaluate PWAs and accessibility technologies to promote web accessibility
for anyone.

3.2. Materials and Methods

The purpose of this study is to evaluate the PWAs’ effectiveness against the Accessibility
Guidelines and to promote the necessity of a more accessible web.

We followed six research stages to achieve the desired outcomes:

i.  Literature review. Both PWAs and Accessibility Guidelines have been reviewed
summarizing the existing literature.

ii.  Critical review. Both PWAs and Accessibility Guidelines address certain limitations that
complicate the overall user experience (UX). From a critical point of view, we summarize
those limitations.

iii. ~ Sample retrieval. In this stage, a sample of 20 PWA and 20 non-PWA websites are
discovered and placed on a table.

iv.  Data retrieval. Each of the websites was fully tested against 10 accessibility evaluation
tools—auditing tools. The results from the accessibility evaluation were added to a table.
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v.  Descriptive analysis. In this stage, using the Jupyter Notebook software, we made the
descriptive analysis of our dataset.
vi.  Presenting the results of the descriptive analysis.

a. Evaluation tools’ limitations. After the descriptive analysis, the assumption that each
accessibility evaluation tool performs its own measurements was confirmed.

b. PWASs’ accessibility limitations. It was also confirmed that PWAs are not fully
accessible by default and that web developers must make an effort to conduct both
machine and manual audits to achieve actual accessibility.

c. PWASs' overall performance. In this stage, we conclude that PWAs are more
accessible than conventional websites, observing that they have a lead in
performance and SEO.

Figure 18 summarizes the methodology that has been used to conclude valuable outcomes
regarding the PWAs’ accessibility performance.

PWAs ]

Limitations

Review
PWAs

s 3s R 3
Sample Data Descriptive
Results
Retrieval Retrieval Analysis
Review i
Accessibility

Accessibility g it
' Limitations

Guidelines

Figure 18. Overall step-by-step representation of the proposed methodology, reflecting the stages for evaluating
PWASs’ accessibility.

3.2.1. Research Limitations

Since PWAs are quite new as a technology, they also have a low adoption rate by web
developers. To avoid inaccurate results from websites that have partially or wrongly adopted PWAs,
for our analysis, we used the PWA websites presented as case studies on the official Google page for
PWAs. For each PWA website of our dataset, we chose a regular non-PWA website of the
corresponding niche and industry (top-listed in Google search results).

The online tools used for the purposes of this research are:

¢ Lighthouse by Google;

e  Wave by WebAim;

o Web Accessibility by Level Access;
¢ Power Mapper;

e (S5 Validation Service by W3;

e Nu Html Checker by W3;

e Axe DevTools Accessibility;

¢ Insights Chrome;

e Equal Access by IBM;

e Site Improve.

3.3. Progressive Web Apps (PWA)

Prior research has found that almost four fifths (79%) of internet users access the internet on
their mobile devices [236]. Statistical research agencies support the statistics that mobile internet traffic
as a share of total global online traffic is greater than 55.64% and that, in 2020, mobile app downloads
worldwide amounted to 218 billion [237].

Mobile devices are an indispensable part of human life nowadays. Mobile apps have been
developed for every field and any need, from taking and editing photos to accessing social media,
attending online meetings, and more. The incremental need for mobile apps led development
companies to develop native or hybrid applications to overcome the limitations that the web as a
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platform imposes on mobile devices [14]. However, even mobile apps face some limitations, such as
the following:

e Platform-specific applications;

e Devices’ resources consumption;

e  Multiplatform updates;

e SEO;

e Challenging app store optimization.

To overcome these limitations, in 2015, Google introduced a new technology, namely, PWAs,
which are web applications built with modern APIs to deliver enhanced capabilities, reliability, and
installability while reaching anyone, anywhere, and on any device with a single codebase [15]. As
browsers become more modern, an increasing number of features become available to end users. This
is known as progressive enhancement [12]. PWAs try to solve UX and user offline use. Moreover, they
combine the advantages of apps and the web, such as being progressive, reliable, responsive, offline
functional, interactive, installable, and notifiable [237]. PWAs are based on three main pillars:

e Capable: new and upcoming APIs are more capable than ever, introducing new capabilities,
from file system access to app badging.

e Reliable: PWAs are reliable, fast, and dependable, regardless of network speed.

e Installable: PWAs run as apps on a user’s home screen without any browser tab.

Furthermore, PWASs’ main characteristics are as follows:

e DProgressive: using service workers and a web app manifest, PWAs work on every modern
browser.

e App-like: they use the app-shell model to provide app-style navigations and interactions [13].

¢ Installable: installed PWAs appear on the launch surfaces of any devices, such as the Mac OS
X Applications folder and Spotlight function.

¢ Independently installed: they bypass App Store and Google Play installations.

e Responsive: PWAs are responsive and accessible from any platform and browser.

¢ Independent of connectivity: they are reliable even under unstable network conditions.

e Capable of delivering an offline experience: using service workers and the IndexedDB storage
system, PWAs can provide offline experience.

e Safe: PWAs are served over Transport Layer Security (TLS) to ensure a secure connection.

e App badging: PWAs allow badging for app icons to subtly notify users of a new activity that
might require their attention [15].

e Capable of supporting custom offline pages and splash screens: like native apps, PWAs
support offline pages and splash screens.

e Fresh: PWAs are always kept up to date using the service worker update process.

e Discoverable: PWAs following W3C manifests are more likely to be discovered by search
engines.

3.3.1. Service Workers

A service worker is a set of APIs introduced by PWA, running in its own thread and providing
generic entry points for event-driven background processing that allows developers to
programmatically cache and preload assets and data and manage push notifications, among other
things [238]. More specifically, a service worker is a JavaScript script that runs in the background of the
application, deploying in a separate thread from the UI, thereby avoiding app freezing. It acts as an
intermediary between the app and the internet [234], and its main purpose is to execute functions as
“promises,” in a specific order, sending results back to the app. A JS Promise is an asynchronous
managing mechanism that enables programmers to chain asynchronous computations while
supporting proper error-handling methods [239]. Promises technically fix the gap between function
execution order by telling the asynchronous method that it “promises” to call a given function as soon
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as the asynchronous (async) function is finished. An alternative method to promises is the callbacks.
As regards the callbacks, the executing function knows in advance what has to be done when the
asynchronous task has been completed. In promises, instead, the executing function returns an object
(the promise), in which we describe what it has to do when the asynchronous task has been completed.
A general approach is that the callbacks follow a more functional way of programming, instead of
promises following a more object-oriented way.

Before service workers, the legacy technology called AppCache was the one that provided
users an offline experience on the web. Although AppCache API was a straightforward solution to
the offline experience, it faces a lot of issues that service workers avoid, such as caching all pages by
default whether they have changed or not.

A service worker, as a middle service, is vulnerable to cross-site scripting (XSS) attacks, and a
secure connection is, thus, required [240]. In addition, service workers have the power to provide async
capabilities to an app, such as periodic sync, and act similarly to a cronjob performing specific actions
at a certain date or time.

To set up a functional service worker, three main actions must be implemented: registration,
installation, and activation. Through an on-page load, service workers must check for browser
compatibility. Then, using the serviceWorkerRegistration function, the installation starts as a
promise [241], where the install and activate AddEventListener functions follow a specific
procedure to install and activate the service workers. The process followed by developers to set up a
service worker is presented in Figure 19.
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Figure 19. Service worker’s lifecycle.

Modern web browsers have adopted the use of service workers, and others support them in
their latest versions. Supported web browsers are Chrome, Firefox, Opera, Safari, IE, and Samsung
Internet. These browsers also support features such as promises; navigator.serviceWorker; and
fetch, install, and activate events. In contrast, background sync is currently only supported in Chrome
[242]. According to Google’s Web Updates in 2015, background sync is a web API that lets you defer
actions until the user has stable connectivity. This is useful for ensuring that whatever the user wants
to send is actually sent.

3.3.2. Caching Storage Application Programming Interface (API) and Offline Functionality

The service worker kernel is equipped with a caching interface; the cache can store static
content that users can access without an internet connection. Depending on the caching settings that
have been set, the service worker undertakes caching of the content that the user has already visited. If
the user’s device does not have an internet connection, all cached information is temporarily displayed
until the connection is restored [243]. In that way, PWAs achieve the fastest loading of apps, making
the apps usable even without an internet connection. The only limitation is the browser’s storage limit.
The process of creating and retrieving caching content is presented in Figure 20.
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To set up a caching mechanism, an addEventListener must be installed. Through the
installation, event items are added on the cache’s property as an array, and these properties can be used
instead of the server’s content when there is no internet connection. Moreover, even if an internet
connection exists, the service worker sends the cached content back to the app, and only the missing
content is requested by the webserver. To keep the cached content up to date, the service worker must
regularly update its cached contents by deleting old caches and creating a new one. If the page is
dynamic and its content changes frequently, refreshing the dynamic cached elements is possible with
periodic JSON fetch calls.

Adopting techniques from native apps, PWAs suggest creating an offline fallback page with a
custom service worker. On this page, the user is notified of the lack of internet connection and, with an
automatic reload based on the online event, is informed that a new reconnection attempt will be
performed in x seconds [15].

3.3.3. Web App Manifest

The web app manifest is a JSON file that informs the browser about the PWA and how it should
behave when installed on the user’s desktop or mobile device [15]. This file contains the PWA’s
properties in JSON format. The properties required for a web app to be considered as a PWA are
presented in Table 8, although many other optional properties exist that define more accurately the
web app manifest [15].

Table 8. Web manifest properties.

Property Description

short_name and name | These properties define the app’s name shown under the app icon.
icons These properties present the app icons in different sizes. For each icon, src, type, and
sizes must be included.

start_url This property describes the browser, which is the starting URL of the app.

background_color This property sets the background color of the app.

display This property is the display option. There are four display options: full-screen,
standalone, minimal-ui, and browser. Each of these options displays the app
differently.

scope This property is a string that specifies which directories and files the web app
manifest affects.

theme_color This property defines the color of the toolbar.

shortcuts This property is an array of app shortcut objects whose goal is to provide quick access
to key tasks within the app. For each icon, name and URL values must be included.

description This property is a short description of the app’s scope.

screenshots This property is an array of image objects, representing the app as a screenshot in

common usage scenarios. For each image, src, sizes, and type must be defined.

Once the JSON file is created, it should be added as a link to the head of each page. A file
validation using Chrome’s dev tools is also deemed necessary.
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Acting as native apps, PWAs can be added to users’ home screens so that the users do not have
to navigate to a URL every time they want to use an app [244]. Furthermore, through the launching
process, instead of a blank white screen, a splash screen is displayed [12]. Chrome for Android
automatically shows a custom splash screen as long as the PWA meets some basic requirements, such
as name, background color, and icons, in its web app manifest [15].

3.3.4. Push API and Notifications

PWAs have the ability to display re-engaging notifications as defined in the Push API [244].
On desktops, Chrome, Firefox, and Opera all support both the Push API and web notifications. While
Safari supports web notifications, it has a custom implementation for push notifications too. Moreover,
Edge supports web notifications, but has no Push API support. On the mobile side, iOS has no support
for either feature, while Android supports only the Push API [12].

3.3.5. Application Shell (App Shell) Architecture

An application shell (app shell) refers to the local resources required by a web app to load the
skeleton of the user interface (UI) [235]. After native app implementation, all of the views, fonts, and
images are uploaded and rendered as a basic app skeleton on the app store. In contrast, PWAs are not
uploaded to the native app store but are fetched at runtime when the app is opened [245]. The app shell
contains HTML, JavaScript, and CSS files that change infrequently and can be cached so that they can
be loaded instantly from the cache on repeat visits. If the app shell has been cached by the service
worker, then, on repeat visits, the app shell allows users to rapidly receive meaningful pixels on their
screens without a network. Ul pieces across different pages, such as headers, toolbars, and footers, are
commonly fetched and cached on the app shell. The main purpose of the app shell is to make a PWA'’s
users feel as though they are using a “real” app [15].

The app shell should:

e Load fast;

e Use as little data as possible;

e Use static assets from a local cache;

e Separate content from navigation;

e Retrieve and display page-specific content (HTML, JSON, etc.).

3.3.6. PWA Critical View

This study identifies and evaluates, through testing, all of the advantages and disadvantages
of PWAs that have emerged to date. These advantages and drawbacks are identified and thoroughly
analyzed in Table 9.

Based on Table 9, we conclude that PWAs are fully compatible only with Android devices,
thus depriving iOS users of many default features. However, PW As are not responsible for the majority
of these limitations; Apple’s operating systems have many safety valves to enhance the security of their
users, but set limits on innovation. Furthermore, PWAs constitute a new, rapid technology, and dealing
with the limitations that arise takes time. Updates are frequent, making PWAs closer to native
functions. For this technology to evolve, both developers and operating system must work together
with browser companies.

Table 9. Advantages and disadvantages of PWAs.

Advantages Disadvantages

PWAs are cross-platform solutions. They are created PWAs cannot be deployed to the App Store or
once for all platforms. Google Play. Nonetheless, third-party technologies
can convert PWAs into native apps using a protocol

based on Custom Tabs.
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PWAs allow for quick installations without waiting
times.

PWAs are not fully supported by iOS and OsX
devices. Many features, such as push notifications for
iOS, cannot be achieved without a developer
registering an app in the Apple developer portal.

The cost to develop a PWA is much lower than a
native or hybrid app.

The add-to-home-screen feature is not available for
iOS. Users must manually add the app to the home
screen through settings options.

The cost to maintain a PWA is much lower than a
native or hybrid app.

PWAs cannot access native iOS components, such as
Face ID and Bluetooth.

PWAs are installable. Installing a PWA allows it to
look, feel, and behave like all other installed apps.

PWAs are not allowed to access Apple’s iBeacons,
depriving them of using phone battery and altimeter
features.

PWAs can be updated on the fly without a user’s
interaction.

PWAs have no access to the iOS local filesystem,
contact book, and current location.

PWAs provide a custom offline page.

Background sync, which is a core web AP], is only
supported by the Chrome browser.

PWAs are reliable, fast, and
dependable regardless of the network speed.

Web developers must calculate the caching limits for
each browser to offer a decent offline
caching experience.

Chromium-based PWAs can
access the hardware features on Android devices in
the same way as native mobile applications.

Face and Speech Recognition is only available
through third-party APlIs.

PWAs are equally usable with a mouse, a keyboard, a
stylus, or touch [15].

Only in-app purchases can be used, not payments for
each app download.

PWAs are incompatible with old devices’
obsolete browsers.

Well-known platforms, such as WordPress and
Magneto, have already implemented plugins and
templates to easily develop PWAs.

PWAs escape the app approval process, and
low-quality web apps will eventually emerge.

A PWA can be used as a light version of an app for
devices with fewer resources.

Ratings, reviews, and responses on app stores are
indispensable in helping users to select the most
appropriate app depending on their needs.
Unfortunately, PWAs are not a part of app stores.

PWAs can be accessible by meeting WCAG
standards.

The mobile-first approach that PWAs often promote
will end with mobile-only apps. PWAs’ templates are
not as desktop-friendly.

PWAs can interact flawlessly with powerful APIs.

Using more internet resources compared with native
apps, PWAs consume more battery.

A PWA can be properly indexed on search engines,
promoting itself using search engine
optimization techniques.

As web applications, PWAs are more likely to
be hacked.

PWAs can expand the number of returning visitors,
increase conversion rates and engagement, and
reduce data usage. Google’s case studies have shown
that AliExpress increases the conversion rate of new
users by 104%, with new PWAs and the Twitter Lite
PWA significantly increasing pages per session by
65%, and exhibiting a 75% increase in Tweets sent
and a 20% decrease in bounce rate [246].

PWA developers use pop-ups to alert users that can
add the app to their home screen. However, some
pop-up notifications may be blocked by

modern browsers.
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3.4. Web Accessibility

Web accessibility allows everyone, including people with disabilities, to perceive, understand,
navigate, and interact with the internet [247]. The same applies to mobile apps and PWAs. Web
accessibility can be defined as making a website navigable and tractable through various user
categories, especially users who have disabilities and normally face obstacles and limitations when
interacting with the web via electronic devices [248]. Web accessibility is related to the practice of
generating web pages accessed by people with all types of abilities and disabilities [249]. Despite
technological growth and international regulations, the majority of websites and apps remain
inaccessible to certain groups of people. Although accessibility seems to be obsolete, an increasing
number of new technologies are relying on its guidelines to create user-accessible applications, such as
voice search and PWAs.

3.4.1. Guidelines and Regulations

The growing number of national and international laws addressing the accessibility of
information and communication technologies (ICT), including the web, has resulted in many different
approaches in practice [248]. The first accessibility law adopted by the US in 1990 is the Americans with
Disabilities Act (ADA). According to the law, websites and apps are deemed to be places of
accommodation and have the duty to be accessible; those that are not accessible are considered to
discriminate against people with disabilities [250].

There is a wide range of people with disabilities, including visual, auditory, physical, speech,
cognitive, language, learning, and neurological disabilities, and combinations thereof [251]. While
numerous guidelines and tools have been developed to help improve access to and understanding of
websites” content, the most relevant ones are W3C WCAG, ISO, and Section 508 [252].

Although this study focuses on W3C WCAG guidelines, it is imperative to mention shortly ISO
9241-151:2008 and Section 508 regulations. With the aim of increasing usability, ISO 9241-151:2008 —
Guidance on World Wide Web Uls provides guidance on the human-centered design of software web
Uls [253]. ISO 9241-151 focuses on the design aspects and provides design guidance and
recommendations in four major areas, which are [252,254]:

e High-level design decisions and design strategy;
¢ Content and functionality;

¢ Navigation, search, and interaction;

¢ Media design and presentation.

In 1998, US Congress amended the Rehabilitation Act of 1973 to require federal agencies to
make their electronic and information technology (EIT) accessible to people with disabilities [255].
Section 508 of the Rehabilitation Act applies to the federal agencies, and it requires e-government
websites to be accessible to people with disabilities [252]. Section 508 complies with the requirements
of other guidelines and standards for both the US and the European Commission, as well as the W3C
WCAG.

W3C Web Content Accessibility Guidelines (WCAG)

The World Wide Web Consortium (W3C) has developed WCAG to make the web accessible to
people with disabilities [256]. Following these guidelines will make content more accessible to a wider
range of people with disabilities. Making the web accessible benefits individuals, businesses, and
society [251], and the WCAG'’s goal is to provide a single shared standard for web content accessibility
that meets the needs of individuals, organizations, and governments internationally [256].

Four different WCAG versions exist: WCAG 1.0, WCAG 2.0, WCAG 2.1, and WCAG 2.2. Each
version extends its predecessor and takes its requirements for granted.

WCAG 1.0, created by W3C on 5 May 1999, is the foundation stone of WCAG regulations. This
first version consists of 14 guidelines or general principles of accessible design. Each guideline has a
unique statement, a guideline number, and checkpoints. Respectively, the checkpoints have a unique
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statement, a checkpoint number, and a link to a section of the Techniques Document where
implementations and examples of the checkpoint are discussed. To categorize the checkpoints
depending on their importance each checkpoint has a priority level assigned by the Working Group
based on the checkpoint’s impact on accessibility [257]. In this process, there arose three levels of
conformance:

¢ Conformance Level “A”: all Priority 1 checkpoints are satisfied;

e Conformance Level “Double-A": all Priority 1 and 2 checkpoints are satisfied;

¢ Conformance Level “Triple-A”: all Priority 1, 2, and 3 checkpoints are satisfied.

Although the conformance level was created to identify the priority of each checkpoint, at the
same time, as the level increases, it is difficult for web developers to achieve the corresponding
requirements, meaning that A-level checkpoints are easier to achieve than the Triple-A.

WCAG 2.0 came as an update to WCAG 1.0 in 2008. They improved the structure and
consistency of the prior guidelines and, at the same time, added additional success criteria. The
checkpoints were renamed to success criteria and the priority was assimilated from Level A to AAA.
WCAG 2.0is organized around four design principles that provide the foundation for web accessibility
(perceivable, operable, understandable, and robust) [248].

e Level A is the minimum level that defines the foundations of web accessibility [258]. It consists
of 12 guidelines, including 25 success criteria.

e Level AA includes all Level A and AA requirements [251]. In addition, it attaches 13 new
success criteria to the existing six guidelines. These success criteria provide the basic objectives
that authors must achieve to create more accessible content for users with different levels of
disability [30].

o Level AAA includes all Level A, AA, and AAA requirements [251]. Moreover, it attaches 23
new success criteria to the existing nine guidelines. These success criteria allow for the
evaluation of requirements and needs, such as design specifications, purchasing, regulation, or
contractual agreements [258].

WCAG'’s 2.1 updated version came in June 2018. WCAG 2.1 came as an extension of the 2.0
version, adding five A, seven AA, and five AAA success criteria to the existing guidelines.

The newest WCAG 2.2 was introduced as a working draft in August 2020 and updated in May
2021. WCAG 2.2 extends its predecessor’s guidelines, adding the following nine success criteria [259]:

e Accessible Authentication (3.3.7; Level A).

If an authentication process relies on a cognitive function test, then at least one other method
must also be available that does not rely on a cognitive function test [259]. Cognitive deficits usually
occur in older people [260], who find it difficult to memorize passwords, make calculations, or even
solve a puzzle. Since this success criterion is required for conformance to Level A, there must be an
alternative method in case the website uses a cognitive authentication function.

e Redundant Entry (3.3.8; Level A).

Redundant entry is a success criterion of Level A, which requires auto-populated or user-
selected information in fields previously entered by the user. However, there is an exception when re-
entering essential information [259].

e Consistent Help (3.2.6; Level A).

When facing problems completing a task on a website, people with some types of disabilities
may not be able to work through the issue without further help. Issues could include difficulty
completing a form or finding a document or page that provides the information required to complete
a task [259]. Therefore, up-to-date Frequently Asked Questions and human contact details, or a
messaging mechanism is required.

e Page Break Navigation (2.4.13; Level A).
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The purpose of this success criterion is to allow people using assistive technology or screen
readers to find references to content based on the page break locators found in the default view or
printed version of a publication [259].

e Dragging Movements (2.5.7; Level AA).

All functionality that uses a dragging movement for operation can be operated by a single
pointer without dragging, unless dragging is essential [259]. Dragging movements are observed in
services such as Google Maps on mobile phones, where more pointers are needed to drag a map.

o Target Size (2.5.8; Minimum; Level AA).

This success criterion belongs to the AA conformance level and aims to help users with hand
tremors and those who have difficulty with fine motor movement to activate interactive areas, such as
in-line links and pop-over content accurately. Visible Controls (3.2.7; Level AA).

The controls needed to progress or complete a process are visible at the time they are needed
without requiring pointer hover or keyboard focus, or a mechanism is available to make them
persistently visible [259]. Tasks such as on-mouseover user interactions can make it challenging for

people with impaired memory and other cognitive and learning disabilities.
e Focus Appearance (2.4.11; Minimum; Level AA).
The purpose of this success criterion is to ensure that a keyboard focus indicator is clearly
visible and discernible following the appropriate minimum area and contrast [259].
e Focus Appearance (2.4.12; Enhanced; Level AAA).
This success criterion is an extension of the previous one, extending the minimum area,
increasing contrast, and excluding obscured elements.

All the updated WCAG’s design principles, guidelines, and success criteria are presented in

depth in Table 10.

Table 10. WCAG design principles, guidelines, and success criteria.

1. Perceivable 2. Operable 3. Understandable 4. Robust

1.1 Text Alternatives 2.1 Keyboard Accessible 3.1 Readable 4.1 Compatible

(A) 1.1.1 Non-text Content (A) 2.1.1 Keyboard (A) 3.1.1 Language of Page ~ (A) 4.1.1 Parsing
AA)312L

1.2 Time-based Media (A) 2.1.2 No Keyboard Trap ( ¢ P) ) anguage (A) 4.1.2 Name, Role, Value
of Parts

A) 1.2.1 Audio-only and Video- (AAA) 2.1.3 K d

(A) udio-only and Video- (AAA) 2.1.3 Keyboar (AAA)3.1.3 Unusual Words  (AA) 4.1.3 Status Messages

only (Prerecorded) (No Exception)

A)1.22 A) 2.1.4 Charact

(A) L. (A)2.1.4 Character (AAA) 3.1.4 Abbreviations

Captions (Prerecorded) Key Shortcuts

(A) 1.2.3 Audio Description or

Media 2.2 Enough Time (AAA) 3.1.5 Reading Level

Alternative (Prerecorded)
(AA) 1.2.4 Captions (Live)
(AA) 1.2.5 Audio

(A) 2.2.1 Timing Adjustable

(AAA) 3.1.6 Pronunciation

A)222P , Stop, Hid 3.2 Predictabl
Description (Prerecorded) () ause, stop, Hide redictable
AAA)1.2.6 Si
(AAA)1.2.6 Sign (AAA) 2.2.3 No Timing (A) 3.2.1 On Focus
Language (Prerecorded)
AAA)1.2.7 Extended Audi
( ,) . xaended Audio (AAA) 2.2.4 Interruptions (A) 3.2.2 On Input
Description (Prerecorded)
(AAA) 1.2.8 Media (AAA)225 (AA)3.2.3
Alternative (Prerecorded) Re-authenticating Consistent Navigation
AAA)1.2. AA)3.24
( . )1.29 . (AAA) 2.2.6 Timeouts ( ). e
Audio-only (Live) Consistent Identification
1.3 Adaptable 2.3 Sfizures an.d (AAA) 3.2.5 Change
Physical Reactions on Request
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(A) 1.3.1 Info (A) 2.3.1 Three Flashes or

and Relationships Below Threshold

A)1.3.2

(A) 3 (AAA) 2.3.2 Three Flashes
Meaningful Sequence

(A)1.33 (AAA) 2.3.3 Animation
Sensory Characteristics from Interactions

(AA) 1.3.4 Orientation 2.4 Navigable

(AA) 1.3.5 Identify
Input Purpose
(AAA) 1.3.6 Identify Purpose  (A) 2.4.2 Page Titled

(A) 2.4.1 Bypass Blocks

1.4 Distinguishable (A) 2.4.3 Focus Order
A)244 Link P
(A) 1.4.1 Use of Color (A) thic Futpose
(In Context)
(A) 1.4.2 Audio Control (AA) 2.4.5 Multiple Ways
(AA)1.4.3 (AA) 2.4.6 Headings
Contrast (Minimum) and Labels
(AA) 1.4.4 Resize text (A) 2.4.7 Focus Visible
(AA) 1.4.5 Images of Text (AAA) 2.4.8 Location
(AAA)14.6 (AAA) 249 Link
Contrast (Enhanced) Purpose (Link Only)
(AAA)1.4.7 Low or No (AAA)24.10
Background Audio Section Headings
(AAA)1438 (AA) 2.4.11 Focus
Visual Presentation Appearance (Minimum) [NEW]
(AAA) 1.4.9 Images of Text (No (AAA) 2.4.12 Focus Appearance
Exception) (Enhanced) (NEW)
(A) 2.4.13 Page Break
AA) 1.4.10 Refl
(AA) 1.4.10 Reflow Navigation (NEW)
AA)1.4.11
(AA) 2.5 Input Modalities
Non-text Contrast
(AA) 1.4.12 Text Spacing (A) 2.5.1 Pointer Gestures
AA)141 tent on H
(AA) 3 Content on Hover or (A) 2.5.2 Pointer Cancellation
Focus
(A) 2.5.3 Label in Name
(A) 2.5.4 Motion Actuation
(AAA) 2.5.5 Target
Size (Enhanced)
(AAA) 2.5.6 Concurrent
Input Mechanisms
(AA) 2.5.7 Dragging
Movements (NEW)
(AA) 2.5.8 Target Size

(Minimum) (NEW)

(A) 3.2.6 Consistent
Help [NEW)

(AA) 3.2.7 Visible
Controls (NEW)

3.3 Input Assistance

(A)3.3.1

Error Identification

(A) 3.3.2 Labels

or Instructions

(AA) 3.3.3 Error Suggestion
(AA) 3.3.4 Error Prevention
(Legal, Financial, Data)

(AAA) 3.3.5 Help

(AAA)3.3.6

Error Prevention (All)
(A) 3.3.7 Accessible
Authentication (NEW)
(A) 3.3.8 Redundant
entry (NEW)

3.4.2. Web Accessibility Critical View

Prior research has queried diverse approaches to address accessibility guidelines. This research
not only identifies those guidelines, but also presents the problems that web developers face when

trying to follow them, as well as the limitations of online tools that check for accessibility.
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The success of web-based applications depends on how well they are perceived by the end
users [256]. Making websites and apps accessible is mandatory. Thus, for example, in every new
technology that Google presents, it emphasizes the need to create human-centered web applications.
Furthermore, web developers, motivated by the best search engine rankings, follow some of the
accessibility guidelines. However, the majority of web applications that are created are not fully
accessible, thereby creating accessibility issues for people with disabilities. While some laws oblige
website owners in both the public and private sectors to create websites that are accessible to everyone,
these laws do not apply unless a person with disabilities complains about noncompliance.

Limitations of Accessibility Guidelines

Previous research has shown that, even though accessibility guidelines lay the foundations for
a more accessible web, they also have some limitations. Evidence suggests that compliance with
accessibility standards does not always guarantee a satisfying UX on the web [261]. Furthermore,
guidelines are difficult to evaluate, even if a combination of human and machine audits are used [262].
In a study with intellectual disabilities participants, it was observed that, even if a website follows the
W3C WCAG, users’ satisfaction is not 100% [263].

Web Developers’ Limitations

From a developer’s point of view, dealing with accessibility is a demanding task that requires
much time following each of the guidelines and success criteria. To implement real accessibility, every
web development agency should hire a special team that will test the accessibility of the application,
both with online tools and manually. A lack of awareness, education, and motivation leads developers
to create inaccessible websites.

Limitations of Machine Auditing and Plugins

Online tools (machine audits) and plugins have been developed to help website owners and
web developers to create more accessible websites. Using online evaluation tools, such as WAVE (by
WebAim), the W3 validator (by the W3C), and Lighthouse (by Google), every website can be checked
against the WCAG and success criteria. These tools scan a website’s source code and highlight the
corrections that must be made to make the website more accessible. Some of them use visual composers
to highlight areas where errors occur, while others refer to the appropriate success criterion to
understand exactly what needs to be corrected. Although machine evaluation tools offer a useful
pathway, each of them presents different website errors compared to the others.

In addition, some plugins for popular open-source platforms promise full accessibility with a
single click. These plugins make some changes to a website’s source code without necessarily covering
any guidelines or success criteria.

Based on the information presented in this section, we conclude that the need for accessibility
is increasing; however, an increasing number of websites —even government websites, online libraries,
and university websites—do not follow the guidelines. On the one hand, even though accessibility
guidelines cannot cover every disability issue, they are improved day by day. On the other hand, web
developers have a moral obligation to provide a website that is as accessible as possible. To achieve
this, both manual and machine auditing must be performed.

3.5. Results

In Section 3.3, PWAs were extensively reviewed, and we conclude that the adoption of this
new technology is accompanied by both positive and negative aspects. Then, in Section 3.4,
accessibility guidelines that have been created to date were analyzed in depth, along with the
limitations they face. In this section, we combine and evaluate the efficiency of PWAs in relation to
accessibility.
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Google’s website states that PWAs are fully accessible and, on the same page, web developers
are encouraged to perform manual and machine auditing to achieve accessibility [264]. The term “fully
accessible” is used by a growing number of technologies to indicate that the core of that technology is
accessible. Accessibility, however, cannot be applied to the core, but to areas to which people with
disabilities have access (i.e., the front end). As a result, PWAs could be described as a technology that
promotes accessibility.

The ultimate goal of this research is to compare and evaluate the PWA as a technology against
other (non-PWA) web technologies regarding their compatibility with the existing accessibility
guidelines in order to conclude whether the former is more accessible than the latter or not. In this
stage, a sample of 20 PWA and 20 non-PWA websites and e-commerces are selected as depicted in the
first column of Table 11 and Table 12, respectively. Our dataset consists of two groups of websites. The
first group (first column in Table 11) contains 20 websites that were built based on the PWA
architecture. These websites are also listed as case studies by Google [246]. The second group (first
column Table 12) contains 20 conventional non-PWA websites. To achieve uniformity in our results,
for each PWA website, a non-PWA website was found in the same niche. The non-PWA websites
examined in this study are top-listed in Google’s search results based on their niche.

Table 11. Accessibility compliance errors for PWA websites

Dataset/Auditing Tools | T1 T2 T3 T4 T5 | T6 T7 T8 T9 T10 | Niche
(%) (%)
Nikkei.com 18 102 | 88 15 5 1000 | 450 | 56 55 115 | News Blog
George.com 11 2 10 17 30 63 49 10 18 62 Clothing Brand
Ele.me 12 1 2 19 0 5 23 7 10 30 Food Ordering
BookMyShow.com 4 6 127 | 26 11 851 252 | 233 | 242 | 32 Ticketing
Forbes.com 11 6 38 26 12 69 33 12 7 30 News Blog
Infobae.com 3 1 6 17 11 21 123 |7 257 | 214 | Digital-only news
Lancome-usa.com 8 1 13 14 72 154 166 | 0 85 190 | Luxury cosmetics
Makemytrip.com 14 4 1 23 5 7 161 | 22 22 199 | Travel Booking
Mynet.com 8 3 8 17 0 54 353 |23 290 | 257 | News Blog
Olacabs.com 22 166 |1 33 1 50 150 | 83 163 | 139 | Car Rental
Olx.in 33 13 1 30 5 65 50 40 78 52 Free Classifieds
Twitter Lite 26 11 2 0 1 24 53 38 34 40 Social Network
Wego.com 11 2 19 12 0 3 386 | 90 162 | 190 | Travel Booking
Housing.com 41 12 9 12 4 26 117 | 26 22 54 Property Website
Alibaba.com 51 153 [ 171 | 4 23 2 286 | 185 | 270 | 371 | Marketplace
Weather.com 12 2 6 26 2 129 21 4 9 162 | Weather Platform
Carnival.com 25 9 19 35 54 185 130 | 28 39 80 Travel Booking
Washingtonpost.com 13 39 5 0 17 254 65 47 58 64 News Blog
Aliexpress.com 58 26 46 2 0 16 211 | 83 215 | 183 | Marketplace
Extra.com 25 64 143 | 9 15 129 152 | 85 50 113 | Marketplace
Table 12. Accessibility compliance errors for non-PWA websites.
Dataset/Auditing Tools | T1 T2 | T3 T4 T5 T6 | T7 T8 | T9 T10 | Niche
(%) (%)
Bbc.com 7 3 4 2 59 47 127 10 17 82 News Blog
Nike.com 19 14 139 | 31 70 224 | 109 31 62 116 | Clothing Brand
Doordash.com 22 3 4 33 0 6 14 1 10 19 Food Ordering
Booking.com 12 2 41 14 59 15 729 5 198 99 Ticketing
Dw.com 9 4 15 19 16 25 192 36 288 308 | News Blog
Usatoday.com 18 9 33 22 12 99 483 126 | 175 44 News Blog
Harrods.com 11 1 0 33 10 739 | 61 16 28 46 Luxury cosmetics
Hopper.com 89 4 8 8 0 32 131 48 57 131 | Travel Website
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Nbcnews.com 43 30 64 22 454 | 33 472 29 72 106 | News Blog
Americacarrental.com 28 27 19 21 22 79 41 15 25 19 Car Rental
Gumtree.com 5 6 64 17 14 11 237 47 159 178 | Free Classifieds
Facebook.com 11 3 1 0 4 22 79 27 70 92 Social Network
Expedia.com 9 3 0 22 43 108 | 30 7 62 57 Travel Booking
Zillow.com 8 2 2 24 11 82 20 1 7 14 Property Website
Snapdeal.com 35 227 | 87 7 27 309 | 566 | 431 | 683 | 276 | Marketplace
Weather-forecast.com 13 4 5 5 11 21 62 7 149 125 | Weather Platform
Royalcaribbean.com 21 13 3 12 113 | 397 | 133 22 91 218 | Travel Booking
Dailymail.co.uk 28 50 145 | 20 45 348 | 2134 | 217 | 1067 | 530 | Newspaper
Ebay.com 8 26 27 12 23 319 142 43 80 115 Marketplace
Amazon.com 12 39 79 14 38 199 191 54 159 168 Marketplace

The dataset of 20 PWAs and 20 conventional non-PWA websites was manually fully tested
against 10 accessibility evaluation tools—auditing tools. For each website of the dataset, a manual
procedure was performed, taking the website’s URL and placing it to the auditing tool’s input area.
Auditing tools, in turn, accept the URL, sending a bot to the given website to perform accessibility
inspections. The results returned by the auditing tools for each website were documented in excel
sheets to be easily manageable by the program that will perform later the descriptive analysis. Each
tool has its own metrics for measuring and displaying the results—total errors. Two of them, Google
Lighthouse and PowerMapper, show the errors as a percentage of total checks. The remaining eight
tools show the results as the number of the errors found. For the sake of simplicity, a unique ID key has
been assigned to each auditing tool presented in the following tables: (T1) Lighthouse by Google, (T2)
Wave by WebAim, (T3) Web Accessibility by Level Access, (T4) Power Mapper, (T5) CSS Validation
Service by W3, (T6) Nu Html Checker by W3, (17) AXE DevTools, (T8) Accessibility Insights Chrome,
(T9) Equal Access by IBM, and (T10) Site Improve. The evaluation results for PWA websites are
presented in Table 11 and for non-PWA in Table 12, respectively.

To analyze our dataset to achieve valuable results, Jupyter software has been used. Jupyter
Notebook is the most widely used system for interactive literate programming for data science
purposes. It was designed to make data analysis easier to document, share, and reproduce [265]. In our
analysis, for simplicity purposes, we have used the terms “older technology” for non-PWA websites
and “new technology” for PWA websites, respectively. Jupyter software, although based on Python
language, can support many other languages, such as Java and R. In our analysis, we have used Python
3 programming language, which is highly supported by Jupyter’s core.

Figure 21 presents the Python libraries we have used for our data analysis and Figure 22
presents the way we imported our dataset into Pandas Data Frame.

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt
%matplotlib inline
plt.style.use('ggplot')

from matplotlib import rcParams
rcParams [’ figure.figsize'] = 15, 5

import seaborn as sns; sns.set_theme()

Figure 21. Import required in Python Libraries.

old_tech = pd.read_excel('OLD-TECHNOLOGY.x1lsx")
new_tech = pd.read_excel('NEW-TECHNOLOGY.x1lsx"')
new_tech.head()

Figure 22. Read data into Pandas Data Frame.

The results after the descriptive analysis, both for new and older technology, are presented in
Table 13 and Table 14, respectively.
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Table 13. Descriptive analysis for new technology (PWA)—new_tech.describe().

T1 (%) | T2 T3 T4 (%) | T5 T6 T7 T8 T9 T10
count 20 20 20 20 20 20 20 20 20 20
mean 20.30 31.15 35.75 16.85 13.40 15535 | 161.55 | 53.95 104.30 | 128.85
std 15.21 50.72 52.72 10.59 19.10 273.16 | 126.23 | 60.97 99.86 91.38
min 3 1 1 0 0 2 21 0 7 30
25% 11 2 4.25 11.25 1 19.75 52.25 11.50 22 53.50
50% 13.50 7.50 9.50 17.00 5 58.50 140 33 56.50 114
75% 25.25 29.25 40 26 15.50 13525 | 22125 | 83 176 190
max 58 166 171 35 72 1000 450 233 290 371

Table 14. Descriptive analysis for older technology (non-PWA)—old_tech.describe().

T1 (%) | T2 T3 T4 (%) | T5 T6 T7 T8 T9 T10
count 20 20 20 20 20 20 20 20 20 20
mean 20.40 23.50 37 16.90 51.55 155.75 | 297.65 | 58.65 17295 | 137.15
std 19.07 49.94 45.42 9.65 98.84 187.42 | 476.80 | 101.11 258.52 | 12292
min 5 1 0 0 0 6 14 1 7 14
25% 9 3 3.75 11 11 24.25 61.75 9.25 49.75 54.25
50% 12.50 5 17 18 22.50 80.50 132 28 76 110.50
75% 23.50 26.25 64 22 48.50 24525 | 29575 | 47.25 163 170.50
max 89 227 145 33 454 739 2134 431 1067 530

The x-axis scale in both Table 13 and Table 14 presents the auditing tools undertaken to
perform the accessibility checks on sample websites, while the y-axis scale presents the metrics used by
the tool to perform the descriptive analysis. To clarify the results shown in Table 13 and Table 14 we
provide some additional information bellow:

e The count () function used to count the sum of the data.

¢ Themean () function used to count the average value.

e The std () function used to compute the standard deviation along the specified axis.

e The 25%, 50%, and 75% are three quartile values (Q1, Q2, and Q3, respectively). The second
quartile (Q2) is the median of the whole data, the first quartile (Q1) is the median of the upper
half of the data, while the third quartile (QQ3) is the median of the lower half of the data.

e Themax () andmin () functions used to present the max and min values of errors per auditing
tool.

A way to start the descriptive analysis is by looking at what kind of ranges each tool has and
how much they vary around their average values (mean). We can observe from the above plots that
CSS Validation Service by W3 (T5) error value reduced to a significant level in new technology. The
average error value in new technology is 13.40, while it is 51.55 in older technology. Similarly, in new
technology, the maximum axe DevTool (17) error value is 450, while it is 2134 in older technology,
showing that PWAs are operating significantly better and that error rates in websites have been
lowered to a larger extent. Both Table 13 and Table 14 demonstrate that conventional non-PWA
websites retain more errors than PWA websites in checks performed by accessibility auditing tools. As
a result, the PWA websites of the dataset follow the accessibility guidelines more strictly than
conventional non-PWA websites. Examining the mean values in Table 13 and Table 14, we notice that
nine out of ten auditing tools return less errors on average for PWAs than non-PWA websites,
concluding that websites that use the PWA technology are more compatible with the existing
accessibility guidelines.

To further support our findings, we graphically present the results for each tool into plots in
Figure 23 and Figure 24 and Figure 25.
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fig,axs=plt.subplots(nrows=2)
fig.set_size_inches(15,10)

sns.barplot(y="Equal Access by IBM", x="Dataset/Auditing Tools", data=new_tech,ax=axs[0], dodge=False)
sns.barplot(y="Equal Access by IBM", x="Dataset/Auditing Tools", data=old_tech,ax=axs[1], dodge=False)

axs [0]).set_title('Figure 1: Access by IBM in New-Technology')
axs[1].set_title('Figure 2: Access by IBM in Older-Technology')
axs[0].tick_params(axis="x", labelsize=12, rotation = 45)
axs[1].tick_params(axis="x", labelsize=12, rotation = 45)
plt.tight_layout()

plt.show()

Figure 23. Presenting outcomes into plots—Equal Access by IBM (T9).
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Figure 24. Equal Access by IBM (T9) errors for new technology (PWA) websites.
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Figure 25. Equal Access by IBM (T9) errors for Older technology (non-PWA) websites.

Figure 24 and Figure 25 compare errors/bugs in the IBM Equal Access toolkit (T9). The y-axis
scale shows that error values in modern technologies are substantially lower than in older technologies,
as calculated by several auditing tools. The last column in both Table 11 and Table 12 presents the
niche—industry for each website checked, grouping for extension of our datasets. The calculation of

errors per industry is depicted in Figure 26, while the corresponding plot is presented in Figure 27,
based on Axe DevTools (17).

110



import plotly
import plo
from plotly.

fig.update layout (height=600, width=1 , title text="Axe Devl )
Figure 26. PWA vs. non-PWA industry plots—Axe DevTools (T7).
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Figure 27. Presenting outcomes per industry into plots (red: older technology, blue: new technology)—Axe
DevTools (T7).

The plot in Figure 27 illustrates that the Axes Devtool (17) error rate is reduced in PWA when
compared to the corresponding non-PWA performance. As a result, we can conclude that the general
performance of websites in new technology is far better than the older ones with regards to accessibility
conformance to the respective guidelines. However, many of the websites still need to be improved. It
is crucial to mention that the websites that theoretically have the most traffic—visitors, such as news
blogs and marketplaces, are the ones that mainly ignore the accessibility guidelines, either on PWA or
non-PWA websites.

To conclude with, the results confirm that each auditing tool performs its own measurements
and displays its own errors based on its assessment. Measurements in Google Lighthouse (T1) indicate
that PWAs emphasize performance and SEO. Although, the majority of PWAs present less accessibility
errors than the non-PWAs, and only few of the former ignore in a great scale the accessibility guidelines.
This observation confirms that PWAs are not fully accessible by default and that web developers must
make an effort to conduct both machine and manual audits to achieve actual accessibility.

To expand our research, five ready-made, premium PWA templates from ThemeForest were
selected and analyzed using the same accessibility tools. ThemeForest is a ready-made template
repository where web designers and developers sell their templates. These templates state on their
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purchase page that they fully adopt PWA techniques, including accessibility. However, the results from
the measurements revealed that none of them follow the accessibility guidelines. The sales of these five
templates have reached 2,000, meaning that 2,000 new websites can be added to the list of non-
accessible websites on the World Wide Web. Template repositories are the only place where most
website owners buy their templates. If these sources ignore the need for accessibility, then the majority
of websites will ignore this need as well.

3.6. Section Conclusion

Web accessibility aims to provide usable web information and services to as many people as
possible [266]. A growing number of technologies are characterized as accessible without actually
following the accessibility guidelines. An essential need exists to adapt accessibility across to the World
Wide Web, covering each platform and each technology. In this study, we conducted an in-depth
review of both PWAs and web accessibility as technologies, and we combined them to evaluate PWAs’
effectiveness as regards the accessibility they offer. Following specific methodology, a representative
sample of 20 PWAs and 20 conventional non-PWA websites and e-commerces in corresponding niches
were collected and analyzed against 10 accessibility evaluation tools. The results have shown a great
lead on accessibility guidelines” conformance for the websites that have adopted the PWA architecture.
We conclude that PWAs constitute a new technology with many limitations, which it exceeds daily.
Despite these limitations, PWAs offer early adopters a lead in performance, SEO, and accessibility. Web
developers’ awareness is key to achieving the upgrade of the World Wide Web to a place where every
user, regardless of his/her ability, can have equal and trouble-free access. PWAs as a technology,
accessibility guidelines, and accessibility auditing tools are living organisms that evolve according to
the needs of people with disabilities. Human-centered future research could create tools that will not
only check websites based on a list of accessibility guidelines, but incorporate suggestions from the
individuals who face a problem highlighting the website’s area that is difficult for them to read,
understand, or access.
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4. Search Engine Optimization (SEO) in E-commerce

Adapted from:
Roumeliotis, K.1.; Tselikas, N.D. A Machine Learning Python-Based Search Engine Optimization Audit
Software. Informatics 2023, 10, 68. https://doi.org/10.3390/informatics10030068

Roumeliotis, K.I.; Tselikas, N.D. An Effective SEO Techniques and Technologies Guide-map. Journal of Web
Engineering 2022, 21, 5, 1603-1650. https://doi.org/10.13052/jwe1540-9589.21510

Roumeliotis, K.I.; Tselikas, N.D.; Nasiopoulos, D.K. Airlines” Sustainability Study Based on Search Engine
Optimization Techniques and Technologies. Sustainability 2022, 14, 11225.
https://doi.org/10.3390/su141811225

Roumeliotis, K.I.; Tselikas, N.D.; Tryfonopoulos, C. Greek Hotels” Web Traffic: A Comparative Study Based
on Search Engine Optimization Techniques and Technologies. Digital 2022, 2, 379-400.
https://doi.org/10.3390/digital2030021

Roumeliotis, K.I.; Tselikas, N.D. Search Engine Optimization Techniques: The Story of an Old-Fashioned
Website. International Conference on Business Intelligence and Modelling. Springer Proceedings in Business
and Economics. Springer, Cham 2021, 47-55. https://doi.org/10.1007/978-3-030-57065-1_4

4.1. Introduction

From the very first “document-based” Web 1.0 founded in 1990, proceeded to the “social and
mobile” Web 2.0 founded in 1999 and shifted to the “semantic” Web 3.0, the WEB has rapidly grown
in only three decades [267]. The same rapid growth occurred in web technologies [268].

In the past, the number of websites was restricted, so the web users knew in advanced the URL
of the website they wanted to visit. In current Web, with almost up to 2 billion of live websites [269],
search engines used as a way for users to find the information they are looking for. Search engines act
as an intermediate between websites and web users, and could be considered as a bookmark that points
to specific pages depending on the query.

Web users search words or phrases, called keywords, in search engines. After each search
query, users expect search engines to answer their query. The answer comes in the form of a list of
websites related to the keyword and can provide the user with the answer he/she is waiting for. The
results that appear after each search are called Search Engine Result Pages (SERPs). Some of the results
are related to paid advertisements and some others appear strictly algorithmically without advertising
payments, called organic search results. Paid results appear higher in searches and they are marked
with an “Ad” badge. On the contrary, organic results are displayed below the ads. As a consequence,
some website owners pay per click (PPC) to appear higher in the search results—paid results—and
some others are ranking organically below the ads without any payment —organic results.

Under these circumstances, the need to optimize websites according to search engine
guidelines was produced with the ultimate goal of a better position in the search results.

Search engines are constantly trying to improve their algorithms in order to provide the best
possible results to user searches [270]. According to Google’s search engine, there are over 200 factors
that Al algorithms take into consideration to rank websites in each search query in the organic results
area [271,272]. Search engines do not publicly reveal their algorithmic methods for ranking websites
[273]; as a consequence, SEO experts have to follow every available rule, making changes to the website
source code and uncover its effectiveness. Search engine optimization (SEO) is the process used by SEO
experts to improve both the quality and quantity of traffic to a website from search engines [274]. SEO
experts have introduced SEO techniques intended to improve the ranking of a website in the search
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results for given target keywords that assist website owners achieve the standards of each ranking
factor [275].

The Internet era is characterized by the abundance of information, so search engines have
become an integral tool for Internet users [276]. According to several surveys, 61% of global Internet
users are looking for online products, while 44% of them are using search engines to search for any
kind of product [277]. However, people tend to be interested only in the first pages' results, i.e., the
results that are higher on searches [278]. While there are plenty of paid search marketing (PSM) ads,
residing in the highest positions in search results, SEO techniques are trying to optimize the site's
ranking position to increase (without cost) their organic traffic through search results [279]. The aim of
SEOQ is twofold. On one hand, SEO targets to display the website correctly on search engines, while, on
the other, it aims at meeting the needs of its visitors [280]. More specifically, the term SEO refers to all
these techniques used to optimize the website appearance, the webpage code and the webpage content
as well [276]. By applying SEO techniques to a website, all usability, user experience (UX) and content
quality are increased resulting to higher scores in the search engine rankings, respectively [281].

SEO techniques and technologies are grouped into two main categories, on-page SEO and off-
page SEO, respectively. On-page SEO techniques concern the changes and additions that the website
must apply to its source code in order to achieve each ranking factor. On the contrary, off-page SEO
techniques concern tasks that must be carried out on third web sources that will give credibility to the
website [273].

When implementing a SEO technique, individual changes and/or modifications are made at
least in some parts of the website. These kind of modifications do not often lead to the expected results,
but, if combined with more SEO techniques, they could result in significant improvement as regards
the organic traffic of the website [282]. The SEO techniques and technologies that will be presented in
this study belong to the White Hat SEO techniques category, i.e., techniques that promote quality
content and do not try to trap web crawlers, as Black Hat SEO techniques do [277,283]. Black Hat SEO
techniques usually attempt to increase the ranking of malicious pages in search engine results for
popular search terms [284]. Just for the reader who wants to find extra information about Black Hat
SEO techniques, Content Automation [285], Cloaking [286] and Guest Posting Networks [287], are
listed among the most well-known of them, but they are out of the scope of this study, since this kind
of techniques are trying to violate the terms of use of search engines.

Past related research articles manage to identify what SEO techniques exist and how important
they are to achieving better positions in search results. However, none of these publications suggest
exactly which SEO techniques a website owner should use and in what order to optimize SEO results.

Our research came to fill this gap by examining which SEO techniques will produce better
results.

The presentation starts with a detailed review of all SEO techniques from the existing literature,
extending the study to SEO technologies that can help a website from a technical point of view to
achieve a better presentation to both search engines and end-users who browse it.

Table 15 contains all the SEO techniques and technologies were reviewed in this chapter.

Table 15. SEO techniques and technologies summary table.

SEO Techniques Technologies Promoting SEO

4.2.1 Copywriting and Keyword Optimization 4.4.1. Responsive Design - Mobile Friendliness

4.2.2 Crawlable URLs — SEO Friendly URLs 4.4.2 Website Speed

4.2.3 Descriptive Meta Tags 4.4.3 Serving Data over HTTPS

4.2.4 Heading Tags 4.4.4 Schema.org and Structured Data

4.2.5 Optimizing Images for Search Engines 4.4.5 Accelerated Mobile Pages Project (AMP)

4.2.6 Tags on Images and URLs 4.4.6 Apache Deflate and Gzip

4.2.7 Rating and Review 4.4.7 Page Caching

4.2.8 Sitemaps and RSS Feed 4.4.8 Minify Resources (HTML, CSS, and JavaScript)
4.2.9 Robots.txt 4.4.9 Opengraph Protocol
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4.2.10 Breadcrumbs 4.4.10 Content Delivery Network (CDN) Links

The remainder of the Chapter 4 is organized as follows: Section 4.2 analyzes as a review on-
page SEO techniques that optimize, in terms of presentation, a website both to its visitors as well as to
search engines. These techniques and technologies give particular emphasis on the structure and the
layout of the website, as well as to its content. Off-page SEO techniques are presented in Section 4.3.
Section 4.4 introduces the new technologies that promote SEO, focusing on the special speed and
security, as well as on the implementation of structured data in the website. Section 4.5 briefly presents
the Black Hat SEO techniques. Paid Traffic is analyzed in Section 4.6.

During the course of the research, three web-crawler-like software programs were
implemented in PHP and Python. These programs, through scraping and ML algorithms, aim to
identify the SEO techniques and technologies employed by a website, as well as the strategies adopted
by its competitors for specific keywords. Through thorough competitor analysis, they aim to provide
valuable insights into the techniques that a webmaster should follow to secure top positions in search
results, surpassing the competition, and consequently increasing organic traffic and, by extension,
sales.

To confirm the effectiveness of these specific SEO software programs, individual case studies
were conducted, revealing significant insights into SEO techniques followed by specific business
domains under the umbrella of e-commerce, such as hotel booking platforms and airline booking
platforms. As a result, in Section 4.7, the methodology for developing one of the three software
programs in Python with the assistance of ML models is presented.

In Section 4.8, the first case study is introduced, involving a sample of 1,689 e-commerce
websites and 311 other websites, for which an evaluation was conducted regarding the SEO techniques
they employ. Section 4.9 presents a corresponding case study for airline companies, and Section 4.10
presents a case study for Greek hotels. As a result of these studies, the most effective SEO techniques
and technologies for achieving better search rankings were identified, with a focus on competition for
specific keywords.

In the final stage of the research (Section 4.11), the most dominant SEO techniques were
utilized to upgrade an older e-commerce platform, yielding long-term results with a remarkable 782%
increase in organic traffic.

4.2. On-Page SEO Techniques

On-page SEO techniques are related to the modifications that must be implemented in the
website's source code to meet each ranking factor's requirements [281]. These techniques are designed
to enhance the visitor's browsing experience (UX) by providing useful and high-quality content. In
contrast, off-page SEO is a set of techniques applied outside the context of a website [273]. Off-page
techniques aim to influence rankings through SERPs, primarily by increasing authority on the domain
through acquiring links from other websites [273]. This section primarily focuses on the analysis of on-
page SEO techniques and technologies. In Section 4.3, off-page SEO techniques will also be presented.

4.2.1. Copywriting and Keyword Optimization

Content is the most important ranking factor on a website [282]. The sustainability, the traffic
and the rise of a website, depends mainly on its content [288]. The primary reason a searcher visits a
website is, in most cases, to find answers to one of their problems, needs, or questions. For example,
they may be looking for a book, wanting to buy a pair of shoes, searching for the address of a local
business, or seeking to read the news, etc. All potential solutions to their problems, needs, or questions
comprise the content of websites. Without content, websites have no reason to exist, as visitors wouldn't
find answers to any of their problems, needs, or questions.

115



Keyword Analysis and Research

Keywords are the words entered by a user into a search engine to find specific content on the
internet (search queries). Users input keywords based on their requirements and perceptions [289].
Through searches, keywords become the crucial factor bringing visitors to a website. SEO experts are
aware of the keywords that should be employed to rank their websites high. However, a keyword
analysis needs to be conducted to identify a set of keywords for optimizing the website [276]. This
analysis involves determining which keywords are relevant to the website and, simultaneously, are
frequently searched in search engines. Google Adwords is an efficient tool for discovering the most
used keywords [290]. By entering a keyword, Google Adwords suggests similar keywords and
classifies them according to their corresponding frequency appearances in searches.

Keywords can be organized into levels, starting from Level 1 for more general keywords up to
Level 4 for very specific ones. As the levels increase from Level 1 to Level 4, the keyword-specificity
also increases, resulting in fewer results and traffic in a search, as depicted in Table 16. On the contrary,
as the level decreases from Level 4 to Level 1, the keyword becomes more general and yields more
results in a search [280]. The above analysis concerns the query of a user in search engines, while, from
the website's perspective, the more specific a keyword is, the easier to rank the website higher in
searches is, as well. Typically, the so-called long-tail or medium-tail keyword increases the likelihood
of finding the site higher in search results [282].

Table 16. Keyword Level Types

Level Keyword Avg. monthly searches
Level 1 Apple 3.350.000

Level 2 Apple macbook (Medium-Tail Keyword) 49.500

Level 3 Apple macbook pro (Long-Tail Keyword) 40.000

Level 4 Apple macbook pro m3 (Long-Tail Keyword) 10.000

Descriptive Title Elements

According to the W3C, the title tag is a fundamental part of a website. The title consists of a
combination of words and phrases that represent the content of the web page [291]. As long as the title
is descriptive and concise, it is used by search engines to add the website to the search results [271]. Its
relevance to the search query gives the searchers a quick insight into the content as far as they decide
which of the results to click.

The title tag should have a specific length size to positively affect both web users” experience
and search engines. The recommended title length should be neither less than 6 nor more than 78
characters [292]. There are many cases where the title tag is misleading for ranking purposes, including
keyword stuffing techniques. In the corresponding cases, search engines replace the search result title
with a tag considered more relevant to the content of the web page [271]. As reported by Moz's testing
and experience, keywords closer to the beginning of the title tag may have more impact on search
rankings [293].

Articles and Content

The websites consist of text, images and multimedia (audio/video). Text can be articles,
business information, terms of use, etc. Every text within a website should be optimally structured, but
not overoptimized, to attract not only visitors, but also search engines [294]. The Google search engine
in Search Console Help has announced that the site should be primarily human first [295]. For this
reason, the text of a website should have as its primary purpose to be useful to its visitors [296]. Once
a text that meets the needs of the visitor is created, it can then be optimized to make it look better for
search engines, too. When search engines parse a text or article they are not really aware of the actual
content and what exactly it is dealing with. To fill this gap, a search engine reads the title of the article,
meta tags, and content using advanced AI models to understand the subject matter of the article. A
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digital marketing technique that deals with the process of creating a friendly text to both visitors and
search engines is SEO copywriting, based on a set of rules that content's structure should follow, as
shown in Table 17 [297].

Table 17 presents the essential guidelines for SEO Copywriting and explains how to effectively
display keywords on a single page of the website. As far as the content is concerned, another concept
that must be taken into account is keyword density, i.e., the frequency that a keyword displays between
the text of a page. According to [292] and [276], the percentage of occurrence of the keyword within a
page should be between 3% and 8% of the total number of words. Also, keyword distribution is the
distribution of the keyword in the structure of an HTML document to deliver the best possible search
results. A keyword can be placed in the page title, the meta keywords section, the meta description
section, the page header tags (H1,..., H6), the internal links, the external links, the alt attribute of the
images, and the URL [276]. It should be noted that the over-optimization of the page's content should
be avoided, because it may produce negative results, since the most important aspect is to create unique
content or articles that fulfill the searcher's goal and address the problem that the searcher had when
accessing the website [276].

Table 17. Copywriting Structure

Rule Title Copywriting rules

Page Title The recommended title length is between 6
and 78 characters [292].

= The target keyword should be included in
Page Title and would be beneficial if used at
the beginning of this [276,298].
Page Description and Meta Description *  Meta Description must be at least 150

characters long and should not be longer
than 312 characters [299].

= The target keyword should be included in
Page and Meta Description [276,298].

Main Content =  Main Content should consist of at least 500
words [300].

= The target keyword should be within the
first 50 words of Content [300].

=  The recommended Keyword Density is
between 2% and 8% [292,298].

=  Content should be hierarchically structured
correctly using h1, h2, and h3 headings
[298].

=  In the headings, it would be useful to add
the target keyword - Keyword Distribution
[276,298].

= It would be useful for the target keyword
and its synonyms to appear in bold and
italic format where they are used in the text
[298,300].

= Internal links should be added to refer to the
website itself [298], parsing authority from
one page to another.

=  External links should be added which might
explain the meaning of a word [298].

=  Content must contain at least one image with
SEO friendly URL and SEO friendly alt tags
[300].
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4.2.2. Crawlable URLs — SEO Friendly URLs

Web crawlers work persistently in the background by following links to collect updated data
from the World Wide Web and store them in large databases, which are used by search engines, like
Google, to fulfil the search queries of searchers [298]. Indexing by a search engine is the process of
creating an indexed list, consisting of websites and their associated content [298]. Once a search request
occurs, the search engine processes it and compares it to the data stored in its database. Finally, search
engine algorithms undertake to display the most relevant results and present them to the user [283].

URL (Representational state transfer (RESTful) URLs or search-friendly URLs or user-friendly
URLs) is a human-readable text that defines the structure of files within a web server. Each URL has
three distinct parts and consists of the access protocol, the domain name, and a path [301]. The URLs
of a website are crucial ranking factors and among the fundamental elements that search engines
consider to comprehend a website's content and, consequently, connect it to a search query or not. A
well-structured URL provides both visitors and search engines an easy way to understand the page's
content even before visiting it. Search engines also expect the target keyword to be present in the URL
keywords [302].

Additionally, several times, users copy a URL to share it via email or through social media. If
the URL is well written, legible and understandable, it is more likely that users will click on it [302].

Differences between SEO URL & non SEO URL

Years earlier, most URLs were illegible, making it difficult for search engines to understand the
content of the page. On the other side, SEO Friendly URLs contain the page path using words that
describe the content, separated by hyphens (-), as depicted in Figure 28 [303]. A common practice is to
use the title tag of a page as a URL, since it usually contains keywords related to the search query [282].

//Not SEO Friendly URL
@ https://www.domain-name.tld/page.php?id=5
//SEO Friendly URL

@ https://www.domain-name.tld/folders/subfolders/page-name

Figure 28. Differences between SEO friendly and Not SEO friendly URL

How SEO Friendly URLs are Created

In the not SEO friendly URL case, the corresponding URL syntax depends on the server-side
scripting language. For example, by typing the above URL (Figure 28), the id =5 clause implies an article
having the value five as the unique primary key in a database's table, but there is nothing clear about
its content. On the other hand, to create SEO-friendly URLs the developer has to put an effort using a
scripting language in a combination with a web server software. There are multiple ways to achieve
SEO-friendly URLs. Two of them are:

i.  Many opensource CMS platforms, like Wordpress, use the front controller design pattern.
The Front Controller pattern consists of a central controller that serves as a single point of
entry into the application. Either using Apache, NGNIX or ISS web server software, the
developer has to redirect all the traffic to a single point of entry using the appropriate URL
Rewrite Module [304]. In this single point of entry, regardless of the programming
language used, the front controller undertakes to break the given URL into sections that
can help locating the content in the database.

ii.  An alternative way to achieve SEO-friendly URLs is to use the prior URL Rewrite Module
to rewrite every single type of URL pointing to the appropriate scripting file. A rewrite rule
using the. htaccess on Apache and PHP programming language is presented in Figure
29. In this example the rewrite rule matches the URL provided by the browser, identifies
the appropriate rule, and redirects the user to the blog.php file witha HTTP GET request.
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Options +FollowSymLinks -MultiViews

RewriteEngine on

RewriteBase /

RewriteCond %{REQUEST URI} !\.(?: css[]s|jpeg|glf|png|1co|eot|ttf|otf|woff|html|php)$ [NC]
RewriteRule “blog/([A-Za-z0-9-]+)/?$ blog.php?article=$1 [NC,L]

Figure 29. Source code from an .htaccess file

At this point , it's important to note that URLs should not exceed 2083 characters, in order to
ensure visibility on all browsers, including mobile searches [282,305,306].

4.2.3. Descriptive Meta Tags

The meta description tag follows the title tag in the head container [291]. When searching and
reviewing search results, users typically see the page's title first, followed by the URL, and finally the
meta description. This HTML tag serves as a concise abstract for the page, presenting real sentences
related to its content [275]. The meta description provides users with information about what they are
about to find on the page [273]. SEO experts optimize meta descriptions to ensure that listing are
compelling and consistent with the the website's content [305]. It should be at least 51 characters long
but not exceed 350 characters [20]. Including the target keyword in the meta description can also
enhance SEO results [276].

Results indicate that pages containing metadata tend to rank higher than those without [274].
However, it's noteworthy that, despite a webpage having a meta description tag, the search result
description may differ. Search engines, mostly Google, often consider meta descriptions as non-
representative, because they can be misleading. This is due to instances where the <meta> description
is not correctly crafted to describe the exact content of the page. Advanced search engine algorithms
determine whether <meta> description or <meta> keywords are relevant and may replace them with
text from the page deemed more pertinent.

It is advisable to create a <meta> description for each page that accurately describes the page
content accurately in 50 to 160 characters [307]. For optimal visibility in search queries, the <meta>
description could contain the target keywords, as depicted in Figure 30.

<head>
<meta charset="UTF-8">
<title>Macbook Pro MJLQ2</title>
<meta name="description" content="Macbook Pro, 2.2GHz Intel Core i7 processor with
Turbo Boost up to 3.4GHz, the MacBook Pro delivers speedy performance.">
<meta name="keywords" content="macbook,apple macbook">
</head>

Figure 30. Appropriate <meta> description and <meta> keywords

4.2.4. Heading Tags

According to w3c web standards, HTML defines six levels of heading tags. The heading
elements are H1, H2, H3, H4, H5, and H6, with H1 being the highest (or most important) level and H6
the least [308]. The Google Central Blog urges webmasters to use heading tags to emphasize the
important parts of a text [271]. Heading labels are practically the highlights of a site. Heading names
are given more worth by means of web indexes than ordinary body copywriting [291]. It can also be a
great pathway used by screen readers for people with visual disabilities. In addition, H1 and H2 tags
are important when a web crawler examines a website. For SEO purposes, the main keyword should
appear in both H1 headings and H2 subheadings and the length should be between 10 and 13 words
[309]. In SERPs, the title tag could be ignored by the search engines and, in these cases, it is replaced by
the H1 one.

4.2.5. Optimizing Images for Search Engines

Each page, whether containing an article or a text describing the activity of a business, includes
many times images as well. Images contribute to better ranking in search engines, because they can
enhance the user experience, provided that they are in the proper form, i.e., with an appropriate file
size first [310]. Independent studies indicate that images exceeding 100 kb in file size are often
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challenging for users to view, despite recent improvements in internet speeds [310,311]. Even today,
many pages are slow to load, which prevents users from visiting them. Thus, an essential factor
influencing a website's load time is undoubtedly the file size of the images displayed on it [277].
Utilizing Next-Gen formats such as JPEG 2000, JPEG XR, and WebP, along with an Image CDN can
significantly increase a website's speed [310,312].

4.2.6. Tags on Images and URLs

In addition to the file size of an image, the file name and alt tags play a crucial role in SEO.
Although algorithms have evolved by applying ML techniques to identify the content of images, alt
tags and filenames are considered more representative and indicative of the description of images on a
website [313]. Apart from searching for websites, many search engine users choose to search for images
in order to decide which website fits their needs. For both reasons, the file name should be relative to
what the image is displaying, and the alt tag should describe what the image represents, too. Because
the images are part of a page and are related to the content of the page, it would also be beneficial to
contain the page title (Figure 31). Alternative tags also contribute to better accessibility. Starting from
the WCAG 2.0 the W3C has included alternative tags in the accessibility guidelines. According to the
success criterion 1.1.1 (Non-text Content), when using the img element, it is mandatory to include a
short text alternative with the alt attribute [314]. Screen readers report alternative text in place of
images, helping users with visual or certain cognitive disabilities perceive the content and function of
the images [315].

<!-- Not SEO Friendly Image Tag -->

<img src="img/image3.jpg">

<!-- SEO Friendly Image Tag -->
<img src="img/macbook-pro-mjlg2.jpg" alt="Macbook Pro MJLQ2">

Figure 31. Image SEO Filename & Alt Tag

Each page contains internal and external links. A link could refer, for example, to an article or
a product. When a user sees a link on a page, they usually hover the mouse over it clicking. Before
clicking this link, the user would probably want to know where that link goes. Similarly, search engines
also want to know about the content of the landing page [305]. For all the above reasons mentioned
above, the title tag is necessary for both describing and the understanding of an internal or external link
(Figure 32).

<l-- Not SEO Friendly URL Tag -->
<a href="/product.php?id=2">

<l-- SEO Friendly URL Tag -->
<a href="/product/macbook-pro-mjlg2/" title="Macbook Pro MJLQ2">

Figure 32. Link SEO & Title Tag

4.2.7. Rating and Review

Many users search for products and services on the Internet, and a significant number of them
ultimately make a purchase on the corresponding ratings and/or reviews. User-generated content
(UGC) is an effective tool for selling online products and services, as consumers often decide to
purchase an item after reading personal information generated by other users on the platform [316].
The psychological reaction that leads users to believe the reviews of other users of a website are accurate
is called social proof [317]. From the side of the website or e-commerce, social proof can significantly
increase conversion rates by building a feeling of customer trust [318].

As aresult of the above, by implementing a rating and review system, each website can benefit
from user ratings and reviews. Through this system, users create valuable content for the website while
encouraging other users to trust their choices. Search engines, in turn, reward websites that promote
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user ratings and reviews., e.g., the Google search engine often prominently displays user site reviews
in search results (Rich Results) (Figure 34).

In order for search engines to be in position to locate the rating system, the website should
contain structured data describing the reviews (Figure 33).

Structured data can be written in three ways, i.e, with Microdata that are the widely used
structured data, with Resource Description Framework in attributes (RDFa) or with JavaScript Object
Notation for Linked Data (JSON-LD) [319]. Microdata is a set of Web Hypertext Application
Technology Working Group (WHATWG) HyperText Markup Language (HTML) specification
properties that are used to display metadata on existing page content. Search engines, web crawlers
and browsers extract and process microdata from a website and use them to provide a richer browsing
experience for users [320]. RDFa is a W3C recommendation that adds a set of attribute-level extensions
to existing HTML and XHTML to import metadata into web documents [321]. JSON-LD is a metadata
encoding method using JSON [322]. Microdata and RDFa are applied directly to HTML by adding
HTML properties. According to W3C use cases, JSON-LD has many advantages over RDFa since JSON-
LD templates can be easily inserted as a single block of structured data within the <head> element of
a web page [323].

<!-- MicroData Rating and Review -->
<div itemscope itemtype="http://schema.org/Review">
<div itemprop="itemReviewed" itemscope itemtype="http://schema.org/Product">
<img itemprop="image" src="macbook-pro-mjlg2.jpg" alt="Macbook Pro MJLQ2"/>
<span itemprop="name">Macbook Pro MJLQ2</span>
</div>
<span itemprop="reviewRating" itemscope itemtype="http://schema.org/Rating">
<span itemprop="ratingValue">4</span>
1‘1 </span> stars -
<b>"<span itemprop="name">A good product.</span>" </b>
<span itemprop="author" itemscope itemtype="http://schema.org/Person">
<span itemprop="name">Bob Smith</span>
</span>
<span itemprop="reviewBody">The product is great.</span>
<div itemprop="publisher" itemscope itemtype="http://schema.org/Organization">
<meta itemprop="name" content="Washington Times">

</div>
</div>
<!-- JSON-LD Rating and Review -->
<script type="application/ld+json">
{
"@context": "http://schema.org/",
"@type": "Review",
"itemReviewed": {
"@type": "Product",
"image": "https://www.website.com/apple-macbook-mjlg2.jpg",
"name": "Macbook Pro MJLQ2"
b
"reviewRating": {
"@type": "Rating",
l; "ratingvValue": "4"
}
"name": "A good product.",
"author": {
"@type": "Person",
"name": "Bob Smith"
}I
"reviewBody": "The product is great.",
"publisher": {
"@type": "Organization",
"name": "Washington Times"
}
}
</script>

Figure 33. Structured Data Ratings and Reviews — A) Microdata and B) JSON-LD

121



Amazon.com: Apple 15 Inch MacBook Pro Laptop (Retina Display, 2.2 ...
https://iwww.amazon.com/Apple-MacBook-Display...MJLQ2LL/dp/BOOXZGMBVC ~

Yk Rating: 4.3 - 296 reviews

PERFORMANCE: 2.2GHz Intel Core i7 processor with Turbo Boost up to 3.4GHz, the MacBook Pro
delivers speedy performance. Includes 16 GB of memory so ...

Apple Macbook Pro MJLT2LL - Apple MacBook Pro MJLQ2LL ...

Figure 34. Ratings, Reviews and Feedback on Search Results

4.2.8. Sitemaps and RSS Feed

The sitemap is an XML file that provides information about the pages of a website [324]. By
reading this file, search engines can better map the layout of a website. Each line in the sitemap
describes to search engines, not only the structure of the website and which pages are more important
than others, but also how often the information is updated (Figure 35). Without the sitemap, search
engines would need to check the internal linking of the website to determine the layout, risking a

misunderstanding and incorrect indexing.
<?xml version="1.0" encoding="UTF-8"?2>
<urlset xmlns="http://www.sitemaps.org/schemas/sitemap/0.9">
<url>
<loc>http://www.website.com/article-url</loc>

<lastmod>2018-12-01</lastmod>
<changefreg>monthly</changefreqg>
<priority>0.8</priority>

</url>
</urlset>

Figure 35. Sitemap Example

The RSS feed is also a decisive factor in improving the visibility of a website by search engines.
The RSS format was originally developed by Netscape in the late 1990s for use on My Netscape
Network, a customizable start page for Netcenter [325]. My Netscape Network is provided a simple
RSS framework for websites to create channels that can then be added to the customizable start page
[326]. Currently, the primary use of the RSS feed for websites is to inform visitors about the new data
added to a website [327]. Typically, blog sites use RSS to offer their users a more immediate update. To
enhance users' experience, RSS feed readers plugins have been created to help users stay informed
about developments in topics that interest them. From the search engines' perspective, they are more
likely to locate the most recent content on a website by following its RSS feed, since it contains the
information properly structured to be read programmatically by a search engine [277], (Figure 36).

<rss version="2.0">
<channel>
<title>Website RSS feed</title>
<link>https://www.websites.com</link>
<description>The latest content of Website</description>
<language>en-us</language>
<copyright>Copyright (C) 2018 website.gr</copyright>
<item>
<title>Article Name</title>
<description>Article Description</description>
<link>

https://www.website.com/article-url/
</1link>
<pubDate>Sat, 01 Dec 2018 19:23:31 +0000</pubDate>
</item>
</channel>
</rss>
Figure 36. RSS Article Example
4.2.9. Robots.txt

The Robots.txt file is a text file created by webmasters to guide web robots on how to crawl the
pages of a website [277]. Web robots, follow links, and visit millions of websites daily, engaging in
spidering. When a robot arrives at a website, its first action is to look for the robots.txt file. In case such
a file is not available, the robot investigates the content of the site by crawling into it [328]. However, if
the robots.txt file exists, it first read it and then enters as many pages it has access to. In Joomla CMS,
web administrators can use the robots.txt file to allow access to web content while simultaneously
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prohibiting access to pages that they do not want to be indexed, such as the administrator panel [329]
(Figure 37).

#Robots.txt on public_html #Robots Meta

User-agent: * <html>

Allow: / <head>

Disallow: /administrator/ <title>Administrator</title>

Sitemap: https://www.websites.com/sitemap.xml <l;l§tadname="r0b°t5" content=“noindex, nofollow”>
</head>

Figure 37. Robots.txt and Robot Meta

4.2.10. Breadcrumbs

Breadcrumbs are text that consist of links (usually internal) and are typically located at the top
of the website as shown in Figure 38 [330]. They show the visitor exactly where they are within a
website. These links describe the path that a visitor should follow, for example, to reach a product. By
clicking on one of the links, the visitor can return to the appropriate location.

Home | Apple / Macbook Pro MJLQ2

Figure 38. Breadcrumbs

In terms of visual design, Figure 39 provides an example of how breadcrumbs are created.

<!-- Breadcrumbs Visualization Bootstrap -->
<nav aria-label="breadcrumb">
<ol class="breadcrumb">
<li class="breadcrumb-item"><a href="/">Home</a></li>
<li class="breadcrumb-item"><a href="/Apple/">Apple</a></1li>

<li class="breadcrumb-item active" aria-current="page">Macbook Pro MJLQ2</1li>
</ol>
</nav>

Figure 39. Using Bootstrap to Visual Design Breadcrumbs

Structured data (Microdata, RDFa or JSON-LD) can be employed to maximize the utility of
Breadcrumbs, aiding users and search engines in understanding and exploring a site effectively [331],
as illustrated in Figure 40.
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Figure 40. Structured Data — A) Microdata, B) RDFa and C) JSON-LD to improve Breadcrumbs

<!-- Breadcrumbs with MicroData -->

<ol itemscope itemtype="http://schema.org/BreadcrumbList">

<li itemprop="itemListElement" itemscope
itemtype="http://schema.org/ListItem">
<a itemtype="http://schema.org/Thing"

itemprop="item" href="https://website.com/">

<span itemprop="name">Home</span></a>
<meta itemprop="position" content="1" />
</1i>
>
<1li itemprop="itemListElement" itemscope
itemtype="http://schema.org/ListItem">
<a itemtype="http://schema.org/Thing"

itemprop="item" href="https://website.com/Apple/">

<span itemprop="name">Apple</span></a>
<meta itemprop="position" content="2" />
</1li>
>
<1i itemprop="itemListElement" itemscope
itemtype="http://schema.org/ListItem">
<a itemtype="http://schema.org/Thing"

itemprop="item" href="https://website.com/Apple/macbook-pro-mjlg2/">
<span itemprop="name">Macbook Pro MJLQ2</span></a>

<meta itemprop="position" content="3" />
</1li>

</ol>

<!-- Breadcrumbs with RDFa —-->

<ol vocab="http://schema.org/" typeof="BreadcrumbList">

<1i property="itemListElement" typeof="ListItem">
<a property="item" typeof="WebPage" href="https
<span property="name">Home</span></a>
<meta property="position" content="1">
</1li>

<li property="itemListElement"” typeof="ListItem">
<a property="item" typeof="WebPage" href="https
<span property="name">Apple</span></a>
<meta property="position" content="2">
</1i>

<li property="itemListElement"” typeof="ListItem">
<a property="item" typeof="WebPage" href="https
pro-mjlg2/">

://website.com/">

://website.com/Apple/">

://website.com/Apple/macbook—

<span property="name">Macbook Pro MJLQ2</span></a>

<meta property="position" content="3">
</1li>

</ol>

<!== Breadcrumbs with JSON-LD =-->

<script type="application/ld+json">

{
"@context": "http://schema.org",
"@type": "BreadcrumbList",
"itemListElement": [{

"@type": "ListItem",
"position": 1,
"name": "Home",
"item": "https://website.com/"
A
"@type": "ListItem",
"position": 2,
"name": "Apple",
"item": "https://website.com/Apple/"
oA
"@type": "ListItem",
"position": 3,
"name": "Macbook Pro MJLQ2",
"item": "https://website.com/Apple/macbook-pro-mjlg2/"
H
}
</script>

Visitors often find themselves lost on a website. Breadcrumbs utilize links for the primary paths

of the page, assisting visitors in finding the right path for what they are looking for and, by extension
improving the overall user experience [330]. For instance, some users may land on a product page
through search engine results. If the visitor wants to navigate to the category to which the product
belongs, they would have to search through a vast menu of categories to find the one that the product
belongs to. Breadcrumbs offer a solution to this problem by presenting the visitor the exact location of
the product on a website, including the category or subcategory to which it belongs.

Furthermore, Breadcrumbs, besides aiding visitors, provide search engines with insight into

Apple MacBook Pro A1398 15.4" Laptop - MJLQ2LL/A | eBay

https://www.ebay.com ... » Laptops & Netbooks » Apple Laptops v

Figure 41. Breadcrumb shows website hierarchy and categorization.

how a website is structured [276]. The Google search engine rewards the use of Breadcrumbs by
displaying them in rich search results, as shown in Figure 41.
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4.3. Off-Page SEO Techniques

Abacklink is created when an external link of a referring website points to a page on a receiving
website. We assume that the receiving website contains a critical article while other websites encourage
their visitors through a link to read the article. In this scenario, all these links are considered backlinks.
For search engines, when a website has many backlinks, it is deemed reliable because numerous other
websites trust it and recommend their visitors follow the links on it. Nevertheless, not all backlinks
carry the same weight. A backlink from the New York Times certainly does not have the same influence
as a backlink from a local business. SEO Experts rank websites according to their importance by using
Domain Authority (DA) classification fluctuating between DAl and DA100 (where DA100
characterizes highly important websites) [332].

Therefore, if a website has many backlinks with a high DA, search engines are likely to reward
it by elevating its position in their search results. It is imperative to clarify that search engines don't use
the DA metric to rank web pages in search results. DA is a simulated metric created by SEO experts to
model the algorithms used by search engines. Another crucial ranking factor in addition to the DA of
the referring website is the relevance of the content between the referring and the receiving websites
[282]. If the content of these two websites is relevant, the search engines evaluate it positively,
something that does not happen in the case that the referring and the receiving websites consist of
irrelevant content, as shown in the example of Figure 42.

Ly &

Figure 42. DA100 and DAA40 Clothing Websites Point Backlink to Related Clothing Website and Not Related
Perfume Website

There are various approaches to earning backlinks.

e Guest Posting or Guest Blogging Backlinks: This involves writing and submitting articles to
relevant niche blog websites [273]. These blogs accept valuable articles, which in turn allow the
author to place a backlink pointing to their website.

e Article Submission Backlinks: Similar to Guest Posting these backlinks are created by
submitting articles, but in this case, to article directories instead of blog website [333].

e Directory Submission or Link Directory Backlinks: Created by submitting a website's name,
description, and URL to popular link directory submission sites [273].

e Profile Backlinks: Implemented by creating profiles to social media platforms. The majority of
the social media platforms accept a user's URL during the registration of their profile [333].

e Social Media Sharing Backlinks: Created by social media users when posting a URL of their
own website to their social media profiles [273,333].

e Forum Posting Backlinks: Created while producing and commenting on discussion topics in
popular forums [333]. Many forums allow users to redirect forums' traffic using URL to
external resources as long as the source provides essential information solving a problem [333].

¢ Comment Backlinks: Created by commenting on an article or product page, placing an external
link within the comment. Comments on a website are equally beneficial to search engines and
visitors as mentioned in the Rating & Review (Section 4.2.7). However, it's important to note
that earlier SEO experts attempted link building through spam comments with links on blog
pages. Advanced search engine algorithms can now detect spam comments, resulting in
penalties for both the spammer’s website and the spammed website [273].
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¢ Question-and-Answer (Q & A) Comment Backlinks: On many Q & A websites, like
StackOverflow and Quora, there are typically three kind of visitors: (a) users seeking help on a
specific subject, (b) users providing answers to questions, and (c) visitors finding solution to
problems through search engines. Backlinks from such websites are beneficial. However, to
create a backlink to them, the webmaster will first have to answer some of the user questions.
By answering a question, the webmaster has the option to add a link pointing to their website
proposing a solution to a specific problem. This added link is a backlink, which not only
receives positive evaluations from search engines but also drives traffic to the website.

4.4. Technologies Promoting SEO

4.4.1. Responsive Design - Mobile Friendliness

Currently, about half of Internet users' searches originate from mobile smartphones and tablets
[334]. When a user visits a website and finds it challenging to read the provided information, they are
likely to abandon it quickly. Utilizing responsive design technologies enables a website to enhance
access, readability, and, more broadly, improve the user experience (UX) of its visitors [277,335]. By
improving these aspects, visitors spend more time on the website, leading to a decrease in the bounce
rate and an increase in the average time spent on the website (Session Duration) (Figure 43).

Session duration and bounce rate are two of the most critical criteria that the Google RankBrain
algorithm uses to rank websites in search engine results [288]. If a website is not mobile-friendly, it may
hinder visitors from reading it, prompting them to leave quickly, thereby reducing session duration
and increasing the bounce rate.

Google Analytics Home ‘ ‘
Users Sessions Bounce Rate Session Duration
1.1K 1.2K 57.55% 2m 58s
14.3% 15% 10.9% 13.3%

vs last 7 days

Figure 43. Google Analytics - Bounce Rate - Session Duration

In the early stages of responsive design, mobile pages were created as a separate section of the
main website. The website utilized the user's HITTP headers to identify the device they used to access
the website. If the user accessed the website from a mobile device, the mobile version of the website
was delivered from the webserver. Conversely, when the user accessed the page from a desktop
computer, the website sent the main version, using the dynamic serving technique [336]. Responsive
web design [337] was developed, to address the issue of having separate websites. One of the leading
companies in responsive web design, providing ready-made templates for websites viewed on various
devices, is Twitter's Bootstrap [337] (Figure 44).
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Desktop iPhone X 1Pad Mini

Company name Features Enterprise Support Pricing Sign up Company name Company name

Features Enterprise Support Pricing

Pricing

Pricing ~ Pricing =

ng table for

Quickly build an effective pricing table for your potential customers with this
Bootstrap example. It's built with default Bootstrap components and utilities with
little customization.

Free Pro Enterprise

$0/mo $15 /mo $29 /mo

Free Pro Enterprise
$0/mo $15 /mo $29 /mo
10 users included 20 users included 30 users included
2GB of storage 10 GB of storage 15 GB of storage
Email support Priority email support Phone and email support Signup o Foatures Resources Aot
Help center access Help center access Help center access 9 Resou
Sign up for free Pro

$15/mo

Figure 44. Responsive Design for Mﬁlfiple Devices — Bootstrap

Google has created a tool called Mobile-Friendly Test. This tool checks whether the website
appears appropriately on mobile devices and, if not, it informs the developer about the encountered
problems [338].

4.4.2. Website Speed

Webpage loading speed is a crucial factor for search engine ranking and plays a vital role in
achieving better results in the SERPs [339]. Search engines consider page speed as one of the key
elements a website should possess. Numerous tools are available for website owners and visitors to
conduct tests on websites, including Google Lighthouse, Pingdom, GTMetrix, and SiteAnalyzer [340].

Both Lighthouse and PageSpeed Insights tools, developed by Google, assist webmasters in
controlling and improving website performance. They collect data from a website and generate a
performance score along with estimated opportunities for savings. The main difference between these
tools is that the former only uses lab data to determine website performance on a single device and a
fixed set of network conditions, while the latter employs both lab and field data to evaluate website
performance on a various devices and real-world conditions. Depending on the performance score, the
webmaster can proceed to recommended changes in order to achieve better performance on their
website [341]. The Pingdom tool utilizes similar techniques [342].

4.4.3. Serving Data over HTTPS

Every day, millions of users employ the web to carry out essential tasks, e.g., banking
transactions, capital investment in the stock market, etc. Every user undoubtedly desires the interaction
with a website to be secure, just as their personal data.

HTTPS encodes and encrypts the connection between the user's browser and the web server
hosting the website, ensuring that data exchanged between them is not interrupted or intercepted. Any
website that aims to encrypt traffic requires an SSL Certificate.

SSL Certificate can be installed on any web server to secure communication between visitors
and the web server.

In 2014 Google search engine on its Search Central Blog announced that security is a top
priority for Google [343]. As a search engine that redirects searchers to websites, Google wants to ensure
that websites people access from Google are secure [343]. The same document provides detailed best
practices to protect any website. Meanwhile, a warning from Google takes place cited that secure,
encrypted connections are a signal for its search ranking algorithms, meaning that SSL certificates affect
a website's ranking on SERPs.

Google Chrome version 68 was the first to highlight websites without SSL certificates as ‘not
secure’ [344]. Nowadays, the majority of browser companies have incorporated user warnings on their
user interface (UI) to protect their users from non-SSL encrypted websites. The HTTPS or HTTP/2
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Internet Protocol utilizes different technologies to make a website secure and faster, thus enhancing
user experience (UX). For all the above reasons the use of an SSL certificate is considered of vital
importance.

4.4.4. Structured Data and Rich Snippets

Schema.org is a collaborative community that creates, maintains, and promotes schemas for
structured data on the Internet, on web pages, in email messages, and beyond [319,345]. Structured
data are a standardized format for providing information about a page and classifying the page content
[271]. Schema.org vocabulary can be used with many different encodings, including RDFa, Microdata,
and JSON-LD [18]. Schema markups can be added to the HTML source code of a website through
semantic annotations that can be processed by search engines to understand the meaning of the content
fragments and provide users with enriched information in the search results [320]. The use of markup
formats is an emerging trend in the semantic web, in particular, because of the support of the main
search engines [346]. Google rewards the use of structured data by displaying rich results—rich
snippets in SERPs, such as the price and the availability of a product [20].

By utilizing schemas’ the content becomes more understandable to search engines, providing
them information on what the page is about. The most used item types include Organization, Person,
Place, LocalBusiness, Product, and Offer. Each item type contains numerous properties. For instance,
in the case of the Offer item type, these properties include the name of the offer (itemprop = name), the
image of the offer (itemprop = image), the color of the offer object (itemprop = color) as well as other
relevant properties.

Search engine bots browse every website and attempt to understand what each page presents.
Thus, without the existence of structured data, from the phrase “Apple Macbook MJLQ2" a bot might
assume that it is the title of the page, while from the “apple-macbook-mjlq2.jpg” it may infer an image
illustrating the content of the page. In contrast, with structured data, search engine bots recognizes that
the “Apple Macbook MJLQ2” is the name of a product, and “apple-macbook-mjlq2.jpg” is a product
photo [319]. Figure 45 demonstrates an example showcasing the use of three alternatives for structured
data, i.e. Microdata (A), RDFa (B), or JSON-LD (C), respectively.
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<!—- Product with MicroData -->
<div itemscope itemtype="http://schema.org/Product">
<span itemprop="brand">Apple</span>
<span itemprop="name">Macbook Pro MJLQ2</span>
<img itemprop="image" src="macbook-pro-mjlg2.jpg" alt="Macbook Pro
mjlg2" />
<span itemprop="description">The Apple MJLQ2 MacBook Pro with Retina
Display has a compact and suave design that accommodates immense power.
It has sleek dimensions and a narrow body that measures only 1.8cm in
141 height, which makes it easily portable.</span>
<span itemprop="offers" itemscope itemtype="http://schema.org/Offer">
<meta itemprop="priceCurrency" content="USD" />
$<span itemprop="price">2299.99</span>
Condition: <link itemprop="itemCondition"
href="http://schema.org/NewCondition"/>New Condition
<link itemprop="availability" href="http://schema.org/InStock"/>In
stock! Order now!
</span>
</div>
<!—- Product with RDFa -->
<div vocab="http://schema.org/" typeof="Product">
<span property="brand">Apple</span>
<span property='"name'">Macbook Pro MJLQ2</span>
<img property="image" src="macbook-pro-mjlg2.jpg" alt="Macbook Pro
MJILQ2" />
<span property="description">The Apple MJLQ2 MacBook Pro with Retina
Display has a compact and suave design that accommodates immense power.
It has sleek dimensions and a narrow body that measures only 1.8cm in
B height, which makes it easily portable.</span>
<span property="offers" typeof="Offer">
<meta property="priceCurrency" content="USD" />
$<span property="price'">2299.99</span>
Condition: <link property="itemCondition"
href="http://schema.org/NewCondition"/>New Condition
<link property="availability" href="http://schema.org/InStock"/>In
stock! Order now!

</span>
</div>
<!—-— Product with JSON-LD —-->
<script type="application/ld+json">

{

"@context": "http://schema.org/",

"@type": "Product",

"name": "Macbook Pro MJLQ2",

"image": ["https://www.website.com/img/macbook-pro-mjlg2.jpg”],

"description": "The Apple MJLQ2 MacBook Pro with Retina Display has a
compact and suave design that accommodates immense power. It has sleek
dimensions and a narrow body that measures only 1.8cm in height, which
makes it easily portable.”,

C "brand": {
"@type": "Thing",

"name": "Apple"
Y,
"offers": {
"@type": "Offer",
"priceCurrency"”: "USD",
"price": "2299.99",
"itemCondition": "http://schema.org/NewCondition",
"availability": "http://schema.org/InStock"”

}
</script>

Figure 45. Structured Data on Product A) Microdata B) RDFa C) JSON-LD

In Figure 45, it is evident that applying structured data with Microdata or RDFa requires
improvement to each line of the page by adding the property - “itemprop”. On the contrary, with JSON-
LD, all structured data is within a script element located at the top of the page, eliminating the need to
correct the entire page code. To conclude, the most well-known structured data, i.e., Microdata, offers
optimal understanding of the website content by search engines and is considered a valuable aid for
SEO [333].
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4.4.5. Accelerated Mobile Pages Project (AMP)

Over the last decade, the number of mobile users has grown rapidly, surpassing 7.7 billion by
late 2017 [27]. Accelerated Mobile Project (AMP) is a recent effort started by Google with a similar goal
of improving the mobile browsing experience [22]. Google identifies which pages follow the AMP
standards and keeps a cached copy of their source code on Google’s web servers [347]. When a mobile
user clicks on an AMP result in the SERPs, they automatically receives the cached copy from Google’s
web server on its browser [271]. As a result, mobile users immediately receive the information they are
looking for without any further network delay. Web pages that follow the AMP standards rank higher
in mobile SERPs [22]. Although AMP technology is effective for both search engine rankings and web
page performance, achieving the AMP standards is a demanding task [27,348].

Google locates and evaluates pages that adhere to AMP standards on a daily basis. Once
Google identifies a page as AMP-compliant, it stores a cached copy of the page code on its servers. This
caching enables the page to appear more quickly in search results. While AMP pages tend to rank
higher in searches, visitors will view the content from Google’s web server, and their visit won't be
counted in the actual website traffic. Although the primary concern of SEO is to increase website traffic,
utilizing AMP technologies adds value to the business's brand rather than directly boosting organic
traffic to the server. Figure 46 illustrates the differences in search results for pages rated as AMP and
those that are not.

Search Results Without AMP Search Results With AMP
AMP: Accelerated Mobile Pages Project AMP: Accelerated Mobile Pages Project
https://www.ampproject.org © https://www.ampproject.org

AMP is built thanks to a deep — AMP is built thanks to a deep  —
collaboration with thousands of p— collaboration with thousands of —
developers, publishers and developers, publishers and —

I

websites, distribution platforms websites, distribution platforms g
and tech ... and tech ...

What is AMP — AMP What is AMP — AMP

https://www.ampproject.org > ov... © https://www.ampproject.org > ov...

AMP's ecosystem includes 25 million domains, AMP's ecosystem includes 25 million domains,
100+ technology providers, and leading platforms, 100+ technology providers, and leading platforms,
that span the areas of publishing, ... that span the areas of publishing, ...

Figure 46. Search results without and with AMP

Each AMP page must adhere to a specific format to successfully pass Google Bots AMP testing
[23]. Initially, the page should contain Meta Data with structured data, specifically in JSON-LD format.
Navigation should be structured using the “amp-sidebar” component. Images should follow a specific
format, as should the price of the product [349].

When creating an AMP page, a canonical link and an amp link, respectively, as shown in Figure
47, should be added to the AMP header and the non-AMP page header. Canonical and amp links
essentially inform search engines, that besides the AMP page, there is also a non-AMP page. Without
the canonical and amphtml link, the AMP page can not be discovered by search engines [24].
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//AMP Page Source
<!doctype html>
<html ="" lang="en">
<head>
<meta charset="utf-8">
<link rel="canonical" href="https://www.website.com/product/macbook-pro-mjlqg2/">
</head>

//Website Page Source
<!DOCTYPE html>
<html lang="en">
<head>
<meta charset="utf-8">
<link rel="amphtml" href="https://www.website.com/product/macbook-pro-mjlqg2/amp">
</head>

Figure 47. Canonical and Amp html link on header

To verify if a generated page is an AMP Page, Google has developed a tool [349]. The
Washington Post emphasizes the significance of AMP pages, stating, “If our site takes a long time to
load, it doesn't matter how great our journalism is, some people will leave the page before they see
what's there”.

Accelerated Mobile Pages (AMP) are covered in more detail in Chapter 5.

4.4.6. Apache Deflate and Gzip

There instances where websites load extremely slowly, leading users to become discouraged
and choose to leave. The loading time of a website (page load time) is increasingly crucial for search
engines when assessing its optimization [277].

The process of loading a website starts when the user, through their browser, requests an web
address — URL. The web server receives the request and sends back the requested page. If the page is
too “heavy”, the web server may delay in sending it to the user's browser, resulting in a prolonged
waiting time for the user. In such cases, users might opt to look for another page that provides the
desired information more efficiently and quickly, contributing to the bounce rate.. The average
recommended page size is 150 kilobytes [292].

Two advanced and reliable solutions that can be applied to speed up websites are Deflate in
Apache Server or Gzip on any other web server software solution [350]. In both cases, the content is
compressed on the web server and sent back to the user's browser in a compressed form. The browser
then handles the decompression and displays the content to the user. With this technique, users receive
the page up to 70% faster. Since the page load time is shorter, users are less likely to abandon the website
due to slow loading, and search engines may reward the site with a higher ranking [292,351].

4.4.7. Page Caching

Client-side Page Caching, in turn, enhances website loading speed. Instead of compressing the
page on the web server and sending it to the browser, it retrieves the page from the web server and
temporarily stores specific files in the user's browser cache. When the user revisits the page, the browser
loads the stored files from the cache and only requests the rest from the web server. This results in a
quicker loading time on subsequent visits.

Additionally, there are server-side caching approaches that generate a cached copy of the
produced HTML in a temporary location until the page is modified. Users receive a cached copy of the
page without waiting for the scripting language to retrieve data from the database. A great but not
limited example of server-side caching is the TWIG template engine [352].

Client-side and Server-side caching approaches can work simultaneously without interfering with
each other. Both contribute to a faster-loading website , leading to higher rankings [292,353].

4.4.8. Minify Resources (HTML, CSS, and JavaScript)

Minification refers to the process of removing unnecessary data without affecting how the
resource is processed by the browser, for example, removing code comments, formatting, shorter
variables, and function names [271]. In addition to optimizing images, as described in Section 4.2.5, all
other files on a website should be as lightweight as possible to enhance page load time and user
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experience (UX) [20]. Javascript (js), Cascading Style Sheets (.css), and HyperText Markup Language
(-html) files can be minified in order to improve a website’s load time and SEO results. Performance
evaluation studies have shown that minification can supply up to a 16% decrease in load time and up
to 70% smaller files’ total size [308]. Beyond enhancing website speed, minification can also contribute
to the security of a website. During the minification process, variable and function names in JS code are
replaced by short and meaningless names, thus, making the code extremely unreadable and human-
unfriendly [351]. Figure 48 provides an example of a file from the jQuery library before and after
minification.

. .
Uncompressed jQuery 3.3.1 Compressed jQuery 3.3.1
Filesize: 272kb Filesize: 87kb
VAR /*! jQuery v3.3.1 | (c) JS Foundation and other
* jQuery JavaScript Library v3.3.1 contributors | jquery.org/license */
* https://jquery.com/ tfunction(e,t){"use strict";"object"==typeof
* module&&"object"==typeof module.exports?
* Includes Sizzle.js module.exports=e.document?t(e,!0):function(e)
* https://sizzlejs.com/ {if (!e.document)throw new Error("jQuery requires
* a window with a document");return t(e)}:t(e)}
* Copyright JS Foundation and other contributors ("undefined"!=typeof window?
* Released under the MIT license window:this, function(e,t){"use strict";var n=
* https://jquery.org/license []1,r=e.document,i=Object.getPrototypeOf,o=n.slice
* ,a=n.concat,s=n.push,u=n.index0f, 1=
* Date: 2018-01-20T17:242 {},c=1l.toString, f=1.hasOwnProperty,p=f.toString,d
*/ =p.call(Object),h={},g=function e(t)
( function( global, factory ) { {return"function"==typeof t&&"number"!=typeof
t.nodeType},y=function e(t){return
"use strict"; null!=t&&t===t.window}, v=
{type:!0,src:!0,noModule:!0};function m(e,t,n)
if ( typeof module === "object" && typeof {var i,o=
module.exports === "object" ) { (t=t||r).createElement("script”);if(o.text=e,n)fo
r(i in v)n[i)&&
// For CommonJS and CommonJS-like (o[i)=n[i]);t.head.appendChild(o).parentNode.remo
environments where a proper “window" veChild(o)}function x(e){return null==e?
// is present, execute the e+"":"object"==typeof e||"function"==typeof e?
factory and get jQuery. 1lfc.call(e)]||"object":typeof e}var
// For environments that do not b="3.3.1",w=function(e,t){return new
have a “window™ with a “document™ w.fn.init(e,t)},T=/"[\s\uFEFF\xAO0]+
// (such as Node.js), expose a [\s\uFEFF\xA0]+$/g;w.fn=w.prototype=

Figure 48. Filesize Uncompressed & Compressed jQuery

4.4.9. Open Graph Protocol (OGP)

Open Graph (OGP) is also a form of structured data developed by Facebook to enable the
integration of external content into the social networking platform [346]. The OGP enables any web
page to become a rich object in a social graph. For instance, OGP is used on Facebook to allow any web
page to have the same functionality as any other object on Facebook [354]. Once a website’s URL is
shared on social media, social media bots visit the website trying to find three key elements of the web
page, such as title, image, and short description.

With the integration of OGP, webmasters pre-markup these elements and make it easier for
social media bots to display the result they are looking for. The use of OGP, like any other structured
data format, provides richer results to search engines and social media end-users and is a crucial factor
for a user to decide whether to click on and visit the corresponding website or not [18].

OG are essentially meta tags, each one containing properties and contents, placed in the header
of the page, preferably after its title. The most well-known properties are og:title,
og:description, og:type, og:url, og:image [282]. OG is also considered structured data, like
Microdata; however they can be applied either simultaneously or independently, too. The latter is
depicted in Figure 49.
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<!DOCTYPE html>

<html lang="en">

<head>
<meta charset="utf-8">
<title>Macbook Pro MJLQ2</title>

<!-- OG Tags -->

<meta property="og:url" content="https://www.website.com/product/macbook-pro-mjlg2/" />

<meta property="og:type" content="website" />

<meta property="og:title" content="Macbook Pro MJLQ2" />

<meta property="og:description" content="The Apple MJLQ2 MacBook Pro with Retina Display

has a compact and suave design that accommodates immense power." />

<meta property="og:image" content="https://www.website.com/img/macbook-pro-mjlg2.jpg" />

</head>

Figure 49. The Opengraph Protocol Example

In terms of SEO, OG meta tags play a crucial role. Web crawlers routinely visit millions of
websites, and if they observe that a site consistently generates new content, they tend to visit it more
frequently. Since social media users regularly create fresh content, web crawlers spend significant time
searching for new content on these platforms. Therefore, when website content is republished on social
media using OG, there is a higher likelihood that search engines will index this content. Moreover,
social media generates substantial traffic, leading republished content to garner more clicks and
websites to attract additional visitors (Figure 50).
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Figure 50. Facebook page post using OG, earn visitor to website

4.4.10. Content Delivery Network (CDN) Links

A content delivery network (CDN) is a globally distributed network of proxy servers, known
as Points of Presence (POPs), strategically placed around the world, so that end users can access the
Internet content with low latency and high Quality of Experience (QoE) [312]. Its primary purpose is to
store and create cached copies of assets (HTML, JS, CSS, images, etc.) of websites. When a user visits a
website, these assets are served by the POP that is closest to the user, resulting in faster service to the
end-user, due to reduced propagation delay, from the shorter physical distance. Many content
providers offer CDN services, providing options such as monthly payment packages or pay-as-you-go
packages, as exemplified by Google's Cloud CDN.

While many companies desire to adopt technologies to improve the page load speed of their
website, some may not have the resources to invest in CDNs with sufficient bandwidth to cover their
website traffic. A cost-effective solution is offered by Cloudflare, which provides free CDNs with
limited bandwidth [355].

Alternatively, websites can opt for partially CDN adoption by using CDN URLs to load
libraries such as jQuery CDN and Bootstrap CDN. For instance, a website could utilize the CDN
provided by the “jquery.com” website to load the jQuery, saving both space and traffic on its web
server. Visitors would then receive the jQuery library from CDN Utl, i.e., from the closest POP Server
to them. Figure 51 illustrates a partial adoption of the CDN, showcasing examples of Bootstrap, jQuery,
and Font Awesome CSS libraries.
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<!-- Bootstrap CSS CDN -->
<link href="https://stackpath.bootstrapcdn.com/bootstrap/4.1.3/css/bootstrap.min.css">|

<!-- jQuery JS CDN -->
<script src="https://code.jquery.com/jquery-3.3.1l.min.js"></script>

<!-- Font Awesome CSS CDN -->
<link href="https://use.fontawesome.com/releases/v5.5.0/css/all.css">

Figure 51. Partial adoption of CDN (Bootstrap, jQuery and Font Awesome libraries)

PageSpeed is an equally important ranking factor for a website [356]. In its 2010
announcements, Google informed webmasters through its Webmaster Central Blog that “Speeding up
websites is of vital importance — not just to site owners, but to all Internet users. Faster sites create
happy users and we've seen in our internal studies that when a site responds slowly, visitors spend less
time there” [357].

4.5. Black Hat SEO Techniques

White hat SEO is a term used to refer to SEO strategies and techniques that operate within the
rules and expectations of search engines and search users [358].

The impact of white hat SEO requires considerable effort from website maintainers and
manifests gradually [359]. To achieve higher rankings in SERPs in a shorter period, black hat SEO
techniques have been devised [284]. Black hat SEO techniques violate the rules and promote spam
websites by deceiving users and search engines [285]. While this study is dedicated to revealing various
White Hat SEO techniques as a review, a brief overview of the most common black hat SEO techniques
are also presented below.

¢ Content Automation — Content Spinning: Websites have to create valuable content to survive.

This content is evaluated by the search engines, and the web page is indexed to the SERPs for

specific keyword queries. Content Automation is a procedure where multiple articles are

combined into one, while an automation tool attempts to spin the position of words to achieve

a unique outcome [285].

¢ Cloaking: Cloaking is a black hat SEO technique used by Webmasters to trap visitors and search
engines by presenting a different copy of content to users than to the search engines [286]. In
this way, they manage to achieve positions in searches on specific high-traffic keywords, while

irrelevant content is presented to their users [286].

¢ Keyword Stuffing: Keyword Stuffing is also a common black hat SEO technique in which
keywords are placed multiple times within the web page in an attempt to mislead search

engines about the content [360].

e Private Blog Networks (PBN): PBN are groups of high DA websites used exclusively for link
building. Each PBN website links, by using backlinks, to the site they want to boost in the search

results [361].

4.6. Paid Traffic

Many websites cannot afford to wait a long time to attract organic visitors to their content.
Acquiring organic visitors is a gradual process that requires time, thoughtful design, high-quality
content, and effective SEO strategies. To address this challenge, a common solution is to purchase paid
traffic, which essentially drives visitors to the website for a fee. Websites with significant traffic, such
as social networking pages, can send thousands of visitors to a website in just a few hours, depending
on the budget allocated for the paid traffic [288].

Search engines also provide opportunities for paid traffic. Webmasters can specify the number
of users want to visit their website by choosing keywords and engaging in pay-per-click (PPC)
advertising. Knowing that a website has paid to appear first in the searches for a particular keyword,
search engines place it at the top of the search results. Following this process, the website increases its
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traffic through paid ads. However, to maximize results, targeted campaigns must be created, consisting
of several high-volume keywords.

While paid traffic is not a SEO methodology, it may be necessary for websites that lack the
time-luxury to invest in SEO techniques. Combining paid traffic and SEO strategies can certainly yield
even better results.

4.7. A Machine Learning Python-Based Search Engine Optimization Audit
Software

4.7.1. Section Summary and Significance of the Study

In the field of website traffic optimization, a need has emerged to adhere to search engine
guidelines in order to attain a higher position in search results. Without a doubt, for more than two
decades, the research productivity to highlight a plurality of SEO techniques and their importance in
obtaining improved search rankings has been established in a clear manner. Nevertheless, there is a
very limited amount of publications that recommend in an explicit manner which techniques can be
employed by a web admin and in what order to maximize their website’s SEO outcomes.

Under these circumstances, the necessity to optimize websites following the search engine
guidelines has arisen, with the ultimate aim of attaining a higher position in search results, and hence
greater possibilities to receive clicks and organic search traffic. Prior research studies have successfully
identified the available SEO techniques and their significance in achieving better positions in search
results. However, none of these publications explicitly recommend which SEO techniques website
owners should utilize and in what sequence to optimize their SEO outcomes.

Commercial SEO audit tools have been developed to address this gap by scanning the source
code of websites to identify implemented SEO techniques and detect any shortcomings. These tools are
offered in freemium versions that enable users to monitor a single web page and encourage them to
purchase the SEO tool to extend scanning to additional websites. As a result, website owners are
required to pay monthly to identify their competitors” strengths and weaknesses, regardless of whether
they are in the early stages or have an established online presence. While the cost may be manageable
for profit-generating websites, it can be overwhelming for new websites or non-profit organizations.
Startups possess an even more pronounced imperative for engaging in SEO to swiftly capture visitors,
thereby fostering the sustainability of their ventures [362].

The present study aims to develop an open-source Python-based SEO audit software tool that
will be accessible to the general public without charge and perform functions comparable to those
offered by commercial SEO audit tools at a cost. The overarching objective is to produce an open-source
SEO tool that will provide users with recommendations on appropriate SEO techniques based on
analyzing their competitors” websites to optimize their websites for SEO and achieve improved search
rankings and traffic.

Section 4.7.2 explains the process and the rationale behind the creation of the Python-based
SEO tool, which analyzes the website’s source code and competitor websites. Free APIs are used to
extend the tool’s functionality and ML to predict off-page SEO techniques and critical metrics.

Section 4.7.3 encompasses the utilization of an SEO tool to examine the competitive landscape
of an operational e-commerce website. The findings suggested the incorporation of additional SEO
techniques into the website’s source code to enhance its prominence within search engine rankings.
The findings of the study were remarkably significant, as the website experienced a substantial average
increase of 143 daily organic visitors following the implementation of the recommended enhancements
derived from the SEO tool. The incremented organic traffic coming from the proposed SEO tool is
noteworthy since the corresponding previous average was merely ten daily organic visitors obtained
from search engine results before the integration of our enhancements.
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The proposed tool is designed to cater to a wide range of audiences, including website owners,
digital marketers, and SEO professionals who are seeking to optimize their websites for improved
search rankings and increased traffic. By utilizing our open-source Python-based SEO audit software
tool, users can gain valuable recommendations on appropriate SEO techniques tailored to their specific
needs. An important aspect worth highlighting is that even individuals lacking prior knowledge of SEO
principles can benefit from the tool’s comprehensive instructions, empowering them to independently
implement the suggested SEO modifications on their websites.

One of the main advantages of the software developed for the purposes of this study, compared to
commercial tools, is its initial open-source nature, which makes it accessible to individuals with limited
budgets or non-profit organizations. This particular software provides an all-in-one solution by offering
recommendations for both on-page and off-page SEO techniques that a website should follow to
outperform its competitors [363]. In contrast, commercial tools specialize either in on-page or off-page
SEOQ, forcing users to purchase multiple services.

4.7.2. Materials and Methods

This section presents the approaches and methodology followed to create the SEO Audit
software. Furthermore, a comprehensive depiction is provided regarding the Python packages, external
APIs, and machine-learning techniques utilized during the software development process. It is
noteworthy to mention that the software developed for the purposes of this study is openly accessible
as an open-source repository on GitHub [364].

The methodology followed for the creation of the software, model training, and the utilization
of the software in a specific case study is described in the following 15 steps:

1. Identification of on-page and off-page SEO techniques;

2. Development of functions that detect SEO techniques in the source code of the webpage

for each SEO technique;

3. Creation of classes containing SEO techniques;

Integration of the software with a third-party API for fetching SERPs;

5. Integration of the software with third-party APIs for gathering data related to speed,
responsive design, and DA;

6. Generation of a dataset from live websites with measurements for DA, Linking Domains,
and Backlinks;

7. Training of the Random Forest Regression model to predict Linking Domains and
Backlinks based on DA;

8. Evaluation of the model’s results;

9. Selection of a high-traffic relevant keyword;

10. Collection of ranking data for websites ranking on the first page of SERPs for the specific
keyword;

11. Competitor analysis using the SEO audit tool;

12. Assessment of a live e-commerce site before implementing SEO techniques and keyword
targeting;

13. Application of the SEO techniques suggested by the software audit tool to the target e-
commerce site;

14. Collection of ranking data after 85 days of implementing SEO techniques on the targeted
e-commerce site;

15. Evaluation of traffic results from Google Analytics for the e-commerce site.

o

SEO Tool Functionality and APIs

The current study presents an SEO tool that requires the provision of a live website’s URL and
a target keyword by the user, with the objective of attaining a first-page ranking for the specified
keyword. To attain such a ranking, both on-page and off-page SEO techniques must be superior to or
at least comparable with those employed by competitors. The SEO tool, therefore, adopts a
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methodology that entails the detection of competing websites for a specific keyword, followed by a
comprehensive competitor analysis of their on-page SEO techniques. The tool then employs free APlIs
and ML to identify competitors’ off-page techniques. Once these data are obtained, the SEO tool scans
the user’s website to identify both on-page and off-page SEO techniques following a similar
methodology. Equipped with knowledge regarding the strategies employed by competing entities, the
SEO tool proffers SEO recommendations for the website at hand. Implementation of these suggested
solutions has the potential to facilitate a first-page ranking and increase the target website’s traffic.
The following sections present the methodology and rationale for implementing the SEO tool.

Retrieve Search Engine Result Pages from Google (SERPs)

The intention was to utilize a software program for scraping Google’s search results. However,
while developing the corresponding method, it was discovered that multiple requests from the same
IP were detectable by Google’s search engine, leading to the software being blocked after a few requests.
To mitigate this challenge, proxies were integrated into the SEO tool, allowing for the rotation of IP
addresses at regular intervals. While the free-proxy package [365] was functional, it primarily utilized
free public proxies often already blocked by Google. The purchase of premium proxies was considered
but conflicted with the study’s principles as an open-source solution.

Consequently, the ZenSerp API [366] was employed, which retrieves Google search results in
JSON format through an API request. Users can access up to 50 API requests per month without a
subscription by creating an account. Upon receiving a target keyword from the user, the SEO tool
utilizes the ZenSerp API to make a request, resulting in the first-page search results being returned in
a JSON-structured format. These results are then processed and stored in a Python dictionary.

SEO Techniques Methods and Python Packages

The code employs several libraries to enable its functionalities:

o The requests library is utilized to make API requests, while the JSON library is used to
convert JSON data into a Python dictionary.

e Theurllib.parse library is used to parse the URL in the get robots (URL) function.

e The re library, which supports regular expressions, is also used in the code.

e The csv library is used to save the dictionary to a CSV file.

e The BeautifulSoup library is also employed for web scraping purposes, allowing the code
to extract data from HTML files.

e TFinally, the Mozscape library obtains a website’s DA.

These libraries enable the code to perform various tasks, from making API requests and parsing
URLs to scraping websites and retrieving data on DA.

The SEO audit software described in this section comprehensively analyzes each website listed
in the dictionary. To achieve this, the tool employs a web scraping technique that involves searching
the website’s source code for on-page SEO techniques. The tool utilizes 24 individual SEO metrics that
are briefly described in Sections 4.2, 4.3, and 4.4, with each one designed to identify a specific on-page
SEO technique within the code. A comprehensive list of these techniques and associated methods are
provided in Table 18. The tool’s ability to identify and analyze on-page SEO techniques plays a critical
role in its effectiveness in proposing solutions for website optimization and ranking improvement.

Table 18. Methods and their corresponding SEO Techniques.

Method SE(,) Description
Technique

The method uses the requests method to obtain the
perform_seo_checks - website’s source code and the BeautifulSoup library as
html.parser to parse the code. Finally, it utilizes all the
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get_organic_serps

get_image_alt

get_links_title

get_h_text

get_title_text

get_meta_description

get_meta_opengraph

get_meta_responsive

get_style_list
get_script_list
get_sitemap

get_rss

get_json_ld

get_item_type_flag

get_rdfa_flag

get_inline_css_flag

get_robots

get_gzip

get_web_ssl

Image
Alternative
Attribute
Link Title
Attribute

Heading 1
and 2 Tags

Title Tag

Meta
Description

Opegraph

Responsive
Tag

Minified
CSS

Minified JS
Sitemap

RSS

JSON-LD
structured
data
Microdata
structured
data
RDFA
structured
data
In-line CSS

Robots.txt

GZip

SSL
Certificates

methods that detect SEO techniques by returning the
results.

The method utilizes the ZenSerp API to retrieve a
comprehensive list of websites that are listed on the first
page of search results in response to a given keyword
query.

The method is designed to identify and flag instances of
missing alternative attributes for images from a provided
list.

The method involves the identification of missing title
attributes within a list of links.

The method detects and counts the occurrences of H1 and
H2 tags within the source code, followed by a search for
the specified target keyword within these tags.

The method conducts a search for the presence of the title
tag within the source code and verifies the existence of the
target keyword in conjunction with the tag.

The method conducts a search for the presence of the meta
description within the source code and verifies the
existence of the target keyword in conjunction with the tag.
The method conducts a search for the presence of the
opengraph tag within the source code and verifies the
existence of the target keyword in conjunction with the tag.
The method conducts a search for the presence of the
viewport within the source code and verifies the existence
of the target keyword in conjunction with the tag.

The method identifies the stylesheets present in the source
code and examines whether they have been minified.
The method identifies the scripts present in the source code
and examines whether they have been minified.

The method identifies the xml sitemap present in the
source code.

The method identifies the RSS feed present in the source
code.

The method identifies the JSON-LD present in the source
code.

The method identifies the Microdata present in the source
code.

The method identifies RDFA present in the source code.

The method detects any in-line CSS code in source code.
The method verifies the presence of a Robots.txt file in the
root path of the website.

The method performs an evaluation to detect the presence
of gzip Content-Encoding in response headers.

The method performs an analysis to determine if the
webpage has been provided with Secure Sockets Layer
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(SSL) certificates, which ensure that the connection
between the user’s browser and the website is encrypted
and secure.

The method examines whether the provided URL is

E
seo_friendly_url . SEO optimized for SEO, conforming to the best practices and
Friendly Url -
guidelines.
Loading The method employs the Lighthouse API to measure the
get_speed . , S
Time web page’s loading time.
The method employs the mobileFriendlyTest API to
. Responsive ascertain whether a given webpage is responsive, i.e.,
get_responsive_test . . . . .
Design capable of rendering suitably on different devices and
screen sizes.
get da DA The method employs the MOZ API to obtain the DA of a

website.

External APIs

To enhance the functionality of the SEO tool, four APIs were integrated into its code to perform
a thorough analysis of the targeted website. These APIs include the PageSpeed Insights API, Mobile-
Friendly Test Tool API, Mozscape API, and the Google SERP API. By utilizing these APIs, the SEO tool
can provide valuable insights into different aspects of the website’s performance, including its mobile
usability, page speed, search engine ranking, and DA. Integrating these APIs helps the SEO tool
perform a deep analysis of the website and identify areas for improvement in terms of on-page and off-
page SEO techniques. Additionally, using these APIs allows the SEO tool to provide specific
recommendations on addressing any issues found during the analysis. Overall, integrating these APIs
dramatically enhances the functionality and effectiveness of the SEO tool, enabling website owners to
optimize their website’s performance and improve its visibility on Search Engine Result Pages (SERPs).

e Mobile-Friendly Test Tool API, developed by Google, is a web-based service verifying a URL
for mobile-usability issues. Specifically, the API assesses the URL against responsive design
techniques and identifies any problems that could impact users visiting the page on a mobile
device. The assessment results are then presented to the user in the form of a list, allowing for
targeted optimizations to improve the website’s mobile-friendliness [338].

e PageSpeed Insights AP, developed by Google, is a web-based tool designed to measure the
performance of a given web page. The API provides users with a comprehensive analysis of
the page’s performance, including metrics related to page speed, accessibility, and SEO. The
tool can identify potential performance issues and return suggestions on optimizing the page’s
performance. This allows website owners to make informed and specific decisions regarding
speed optimization that can be made to improve user experience and overall page performance
[366].

e Mozscape API, The Mozscape APL, developed by MOZ, is a web-based service that provides
accurate metrics related to a website’s performance. Specifically, the API takes a website’s URL
as input and returns a range of metrics, including DA. DA is a proprietary metric developed
by MOZ that measures the strength of a website’s overall link profile. The metric is calculated
using a complex algorithm that considers various factors, such as the quality and quantity of
inbound links. It objectively assesses a website’s authority relative to its competitors. The
Mozscape APl is a valuable tool for website owners and SEO professionals seeking insights
into their website’s performance and improving their overall search engine rankings [367].

e Google SERP API, developed by ZenSerp API, is a web-based service that allows users to
efficiently and accurately scrape search results from Google. The API is designed to provide
users with a seamless experience, offering features such as rotating IP addresses to prevent
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detection and blocking by Google and returning search results in a JSON-structured format.
The tool is a valuable asset for SEO professionals and website owners seeking to gain insights
into their website’s performance and improve their search engine rankings. The Google SERP
API developed by ZenSerp API is an efficient and reliable tool for web scraping, offering
accurate search results and facilitating the process of data analysis and SEO optimization [366].

Machine Learning

Two additional factors that must be considered for ranking a website in searches, as mentioned
in Section 4.7.1, are the number of backlinks and linking domains. Backlinks refer to the number of
links from third-party pages that point to the target page, while linking domains refer to the number of
unique domain names that point to the target page.

In the External APIs section, the Mozscape API was utilized to acquire the DA of both the
user’s webpage and its competitors. However, the DA is computed through intricate algorithms that
consider the authority of each backlink directed toward the page. Gathering, collating, and storing links
for each website incur significant costs for the providers, amounting to millions of dollars.
Consequently, these companies offer limited information regarding the number of backlinks and
linking domains only for individual searches rather than in an API format. While collecting this
information through an API is feasible, it often involves a cost exceeding $3000 per year and limitations
on the Rows returned by the APL

Rather than subscribing to an external service—that could burden significantly the budget of
an organization independently of its size—our approach involved developing two prediction models
employing ML techniques. These models were designed to forecast the number of backlinks and
linking domains based on the DA. To train these models, we manually collected data on the DA, the
number of backlinks, and the number of linking domains for a sample of 150 live websites selected
from the DMoz Open Directory Project (ODP). The data was compiled in a CSV file and utilized for
model training. Subsequently, pre-trained files were generated from the trained models to enable the
SEO tool to expedite predictions.

Model Training

Figure 52 depicts the methodology employed for model training and the generation of pre-
trained models employed by the SEO software. The implementation relies on the utilization of three
distinct libraries.

1. Pandas is a widely used Python library that offers an extensive array of functions for
manipulating and analyzing data. Its functionalities include support for data frames and
series, which enables structured data processing [368]. The software employs pandas to
read the data from a CSV file, preprocess it, and create new data frames to store the
independent and dependent variables.

2. Scikit-learn is a machine-learning Python library that offers a diverse set of tools for
data analysis and modeling [369]. In this software, scikit-learn is employed to train and
evaluate the Random Forest Regression models.

a. RandomForestRegressor is a class implemented in the scikit-learn library that
embodies the Random Forest Regression algorithm [369]. This class is utilized in
the code to train Random Forest Regression models, which are utilized to make
predictions of the dependent variables, namely Backlinks and LinkingDomains,
based on the independent variable, DA. The RandomForestRegressor technique
operates as an ensemble approach, seamlessly blending numerous decision trees
to forge a sturdy and precise model. Its versatility spans both regression and
classification tasks, rendering it a fitting selection for prognosticating numerical
metrics such as backlinks and linking domains. Also, they are less prone to
overfitting compared to individual decision trees. They create multiple trees and
aggregate their predictions, reducing the risk of learning noise in the data. This can
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lead to more reliable and stable predictions, which is crucial when dealing with
real-world data. Finally, by training multiple trees and combining their
predictions, random forests tend to be less sensitive to fluctuations in the dataset,
resulting in a more consistent performance across different subsets of data.

b. train test split is a function incorporated in the scikit-learn library, which
is employed to partition the dataset into training and testing sets [369]. This
function randomly splits the data into two separate subsets, where one is used for
training the ML model, and at the same time, the other is utilized for testing its
performance.

c. The mean squared error function in scikit-learn is a mathematical
function that calculates the mean squared error (MSE) between the actual and
predicted values of the dependent variable. In the context of the presented
software, this function is used to evaluate the performance of the trained Random
Forest Regression models on the testing data. It measures the average squared
difference between the actual and predicted values, where a lower MSE indicates
a better fit of the model to the data [369].

3. Joblib is a Python library that provides tools for the efficient serialization and
deserialization of Python objects [370]. In this software, it is used to store the trained
models on disk and retrieve them later to make predictions on new data. By storing the
models as files, the trained models can be shared and used in other applications without
retraining. This also enables efficient storage and retrieval of models, which can be
especially useful for larger models requiring significant computational resources.

During the model training phase, the first step involves loading a CSV file named
Dataset.csv into a pandas DataFrame object data. Subsequently, the independent variable DA and
dependent variables Backlinks and LinkingDomains are extracted from data and stored in separate
pandas series labeled as X, y1, and y2, respectively.

Next, data is split into training and testing sets utilizing the train test split function of
scikit-learn. Two Random Forest Regression models are then trained using the training data, one
to predict Backlinks (rfl) and the other to predict LinkingDomains (rf2). Both models are trained
using 100 trees and a random state of 42.

The trained models’ performance is then assessed on the testing data, utilizing the MSE metric,
which measures the average squared difference between the predicted and actual values of the
dependent variable. The resulting MSE values are stored in msel and mse2 variables and printed to
the console.

Finally, the pre-trained models are saved to disk using the joblib.dump () function. The
function generates two separate files, named da-to-backlinks.joblib and da-to-linking-
domains.joblib, which will be utilized in production mode for making predictions.

The ipynb files for model training, as well as the CSV and joblib pre-trained files, are
available on GitHub [364].

1. To assess the model’s outcomes for the specific task, we conducted two distinct regression
analyses. The results of the regression analysis reveal valuable insights into the relationship
between the DA and LinkingDomains variables. The p-values associated with the
coefficients provide critical information about the statistical significance of each variable in
the model. The p-value for the variable DA is exceptionally low at approximately 8.85 x
10-98 indicating an extremely high level of statistical significance. This suggests a strong
relationship between the DA variable and the predicted LinkingDomains values. The R-
squared value of 0.93 further reinforces the model’s effectiveness in explaining the
variation in the dependent variable. With an R-squared value close to 1, it can be inferred
that around 93% of the variation in LinkingDomains is accounted for by the linear
relationship with DA. This robust R-squared value signifies that the regression model
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provides a compelling fit to the data, underlining its predictive capability and potential for
insights into the relationship between these variables.

2. The regression analysis conducted on the relationship between DA and Backlinks has
also generated significant insights. The Ordinary Least Squares (OLS) regression model
demonstrates a strong fit to the data, with an R-squared value of 0.630, implying that
approximately 63% of the variability in Backlinks can be explained by changes in DA. The
F-statistic of 282.7 with a corresponding p-value of 1.10 x 10-37 highlights the overall
significance of the model, suggesting that the model as a whole is able to predict the
Backlinks effectively.

import pandas as pd

from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error
import joblib

# Load the data from CSV file
data = pd.read_csv('Dataset.csv')

# Preprocess the data
X = data[['DA']]

y1
y2

data['Backlinks']
datal['LinkingDomains']

# Split the data into training and testing sets
X_train, X_test, yl_train, yl_test, y2_train, y2_test = train_test_split(X, yl1, y2, test_size=0.2, random_state=42)

# Train a Random Forest model for Backlinks
rfl = RandomForestRegressor(n_estimators=100, random_state=42)
rfl.fit(X_train, yl_train)

# Train a Random Forest model for LinkingDomains
rf2 = RandomForestRegressor(n_estimators=100, random_state=42)
rf2.fit(X_train, y2_train)

# Evaluate the models on the testing set
yl_pred = rfl.predict(X_test)

y2_pred = rf2.predict(X_test)

msel = mean_squared_error(yl_test, yl_pred)
mse2 =
print(f'MSE for Backlinks: {msel:.2f}')
print(f'MSE for LinkingDomains: {mse2:.2f}')

mean_squared_error(y2_test, y2_pred)

# Save the models to files
joblib.dump(rfl, 'da-to-backlinks.joblib"')
joblib.dump(rf2, 'da-to-linking-domains.joblib')

LinkingDomains

Figure 52. Train Model Phase: DA to Backlinks and Linking Domain.

The results from the regression analysis are presented in scatterplots in Figure 53.

16000 1 ¢ Data 14001 e Data
—— Regression Line —— Regression Line
14000 4 1200
12000 1
1000
10000 1
£ 800
c
8000 =
S
& 600 4
6000
400 -
4000
2000 A 200 1
0 oA
0 20 40 60 80 100 0 20 40 60 80 100
DA DA

Figure 53. Scatterplots for LinkingDomains and Backlinks.
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Predictions Based on DA

In the Prediction Phase, a Python class called Predict is defined (Figure 54), consisting of two
methods that take a value of DA as input and use pre-trained ML models to make predictions. The pre-
trained models are loaded from disk using the joblib. load function and stored in the variables rf£1
and r£2. The predict backlinks and predict linking domains methods utilize the r£1 and
r£2 models, respectively, to predict the values for Backlinks and LinkingDomains for the new data
point. The resulting predicted values for Backlinks and LinkingDomains are returned to the
SEOTechniques file for further use.

import pandas as pd

from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error
import joblib

# Load the models from files
rfl = joblib.load('da-to-backlinks.joblib")
rf2 = joblib.load('da-to-linking-domains.joblib")

# Make a prediction for a new data point

new_data = pd.DataFrame({'DA': [50]})

backlinks_pred = rfl.predict(new_data) [0]

linkingdomains_pred = rf2.predict(new_data) [0]
print(f'Predicted Backlinks: {backlinks_pred:.0f}"')
print(f'Predicted LinkingDomains: {linkingdomains_pred:.0f}"')

Figure 54. Make Predictions Phase: DA to Backlinks and Linking Domain.

4.7.3. Results

Section 4.2 and 4.3 provides a concise and informative analysis of the on-page and off-page
SEO techniques implemented by the tool, officially sanctioned by the Webmaster guidelines of the
Google Search Central Documentation [271]. Additionally, Section 4.7.2 presents a comprehensive
explanation regarding the development of the Python-based SEO tool, emphasizing the underlying
processes. The tool’s functionality encompasses an in-depth SEO analysis of the website’s source code
and competitor websites for a given keyword. The integration of freely available APIs was employed
to expand its capabilities, while the incorporation of ML techniques facilitated the prediction of off-
page SEO techniques and essential metrics.

In this section, the study undertook a comprehensive analysis of the competitive environment
of an online e-commerce website using the SEO software. The principal aim was to propose additional
SEQO techniques to be integrated into the website’s source code, thereby augmenting its visibility and
positioning within search engine rankings for a given keyword.

The software initially requested the URL of the target website and the target keyword. Utilizing
the ZenSerp AP], it retrieved the organic search results from Google using the target keyword as the
search term. For each of the eight competitive websites (Table 19 C1 to C8), it identified the on-page
SEO techniques and technologies they employed. Simultaneously, by making API requests to the
Mobile-Friendly Test Tool, PageSpeed Insights, and Mozscape APIs, it extracted data related to the
responsive SEO technique, web page speed, and DA for each website. Additionally, leveraging the pre-
trained models and utilizing the DA data, predictions were made for each website’s number of
Backlinks and Linking Domains.

Table 19. SEO Analysis for Competitors” and User’s Websites (report-seo_competitors_table.csv).

SEO
Techniques/Page C1 c2 C3 C4 C5 Ceé C7 C8 U
position 1 2 3 4 5 6 7 8 0
amp
images_alt v v v v v
links_title N v
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heading?2
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meta_description

opengraph

style
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script

json_ld

inline_css
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robots

v

gzip

v

web_ssl

v

v

seo_friendly_url v
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o]
0
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responsive

v v

v
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backlinks

1191 1191

17,324

2908 | 17,324 3261 6054 4

linking_domains

84 84

211

&
<
NG EEEEN EE NN

119 211 214 183 3

1C1: pasxalineslampades.com; C2: toolittle.gr; C3: armoniecandles.com; C4: tsago.gr; C5: e-gerakis.gr; C6: dekor.gr;

C7: nuovavita.gr; C8: keri.gr; U: messiniancandles.gr.

A similar procedure was employed for the URL of the provided e-commerce website (Table
19). Subsequent to the successful execution of the script, three CSV files were generated, each
corresponding to Table 19, Table 20, Table 21 for presentation and analysis.

Table 20. SEO recommendations based on Competition (report-suggestions_based_on_competition.csv).

technique, which the

majority  of  the
competition have
also applied.

Missing SEO | Comments SEO Rules

Technique

gzip It is suggested to use - Google Developers—Optimize Encoding and
the  [gzip] SEO Transfer Size of  Text-Based  Assets:

https://developers.google.com/web/fundamentals/
performance/optimizing-content-
efficiency/optimize-encoding-and-transfer

Mozilla Developer Network —HTTP compression:
https://developer.mozilla.org/en-
US/docs/Web/HTTP/Compression

GTmetrix—What is  Gzip = Compression?:
https://gtmetrix.com/enable-gzip-
compression.html

BetterExplained —The Importance Of Gzipping
Your Website:

https://betterexplained.com/articles/how-to-
optimize-your-site-with-gzip-compression/
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Table 21. SEO recommendations based on SEO tool (report-seo_tool_suggestions.csv).

Missing SEO

links_title

are missing
title tags. It is
recommended
to add title
tags to all links
for better user
experience and
SEO
optimization.

‘product/keri- c1tronella—n1’: “
‘product/premium-futika-keria-

me-kapaki’: “, “product/potiri-
vintage’: “, “product/potiri-
stroggulo’: “, “product/kormos-

4

apo-keri-9cm-9-cm-15cm”:
‘product/bazaki-me-fello- 323’ “
‘product/antipagotiko-keri’:
“product/pasxalini- lampada—
strogguli-mob”: “,
“product/pasxalini-lampada-
plake-krakele-prasini’:
‘product/lampada- baptlsls -roz’:
“, “product/akatergasto-
prosanamma’:
product/pasxahm lampada-
strogguli-xusti-galazia’:
product/prem1um—fut1ka -keria-
me-kapaki-418": “,
“product/pasxalini-lampada-
plake-xusti-galazia”:
“product/pasxalini- lampada—
plake-galazia’:
product/lampada baptisis-
galazia”: ', “product/set-kormon-
apo-keri-339": ,
‘product/ekklisiastiko-keri-n1-

. Comments Data SEO Rules
Technique

{'/service/xondriki-polisi”: “,
‘product/bazo-130-mL-451": ,
‘product/bazaki-me-fello-524": ,
‘product/bazaki-me-fello”:
‘product/bazo-130mL-396": “,
‘product/lampada-gamou-
f12cm-20-cm’: “,
‘product/pasxalini-lampada-
strogguli-krakele-mob: ,
‘product/pasxalini- lampada— - Example: <a href="...”
strogguli-krakele-prasini’: title="...”>
‘product/lampada-gamou- - According to Google’s
tetragoni-masif-12cm12cm- SEQ Starter Guide,
22cm’: “, “product/parafinelaio’: adding descriptive
", ‘product/pasxalini-lampada- title tags to your links
plake-xusti-sapio-milo’: can help both users
“product/ekklisiastiko- kerl—nl" and search engines
“, “product/kormos-apo-keri- understand the

The links on f9cm95cm-455": content of your pages.

the WebPage product/paraﬁm’ “ Google also considers

title tags as a ranking
factor for search
results.

- The WCAG also
recommend using
descriptive text for
links, including title
attributes, to ensure
accessibility for
people with
disabilities.

- Moz, aleading SEO
software provider,
also recommends
using descriptive title
tags for links as a best
practice for SEO
optimization.
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500gr’: “*, “product/potiri-funky-

xalkino’: ““, “product/potiri-
koukounara’: ““}

Table 19 showcases the SEO techniques along the y-axis alongside the respective ranking
positions of the competitive websites within the organic search results for the specified keyword. The
x-axis encompasses the eight competitive websites (C1-C8) and the URL of the e-commerce website (U).
The presence of a check symbol signifies the successful implementation of particular SEO techniques
on each respective webpage. Conversely, in instances where a web page has not incorporated the
aforementioned SEO technique, the corresponding field remains devoid of any information.
Consequently, Table 19 facilitates the assessment of applied SEO techniques by the competition and
the user’s own website, providing valuable insights into their respective practices.

Considering the widespread adoption of a particular SEO technique by the majority of the
competition, it is advisable for the user’s website to incorporate the same, provided it has not already
accomplished this. Table 20 presents recommendations generated by the software pertaining to SEO
techniques predominantly followed by the competition, which the user’s website would benefit from
implementing. In cases where a deficiency in the application of an SEO technique is identified, the tool
offers comments and outlines SEO rules, accompanied by web references, to guide the user in
effectively applying the recommended SEO technique.

In recognition of the fact that the techniques employed by the competition may not necessarily
yield optimal outcomes, the software advises the user to implement any SEO techniques that are absent
from their website, irrespective of whether or not they are followed by the competition (Table 21). By
doing so, the user can enhance their website’s overall SEO performance and potentially surpass the
outcomes achieved by competitors. Due to the comprehensive nature of the suggestions generated by
the SEO tool for the website, a concise representation is chosen, wherein only one recommendation out
of the twelve proposed by the SEO tool is presented.

Based on the findings derived from the utilization of the SEO tool, it was observed that the
website under scrutiny faced a substantial level of competition, as indicated by the presence of e-
commerce entities with domain authorities exceeding 10. Concurrently, the analyses conducted
unveiled that the predominant competitors enjoyed considerable support from SEO groups that had
implemented advanced SEO techniques, such as open graph protocols or json_ 1ld structured
data. These sophisticated strategies contributed significantly to their enhanced SEO efforts.

Live e-commerce, as a new e-commerce venture, struggled to gain more than 10 organic visitors
per day due to a lack of targeting specific high-traffic keywords. For this particular case study, the
keyword “maoxaAwvéc Aapmnddec” (Easter candles) was identified, which was characterized as high
traffic based on Google Ads measurements for the given period. The e-commerce site did not even
appear in the top 10 pages of organic search results for this specific keyword, indicating a lack of
keyword targeting as well as the implementation of on-page and off-page SEO techniques.

As stated in the introduction section, the cost for a web administrator to hire an SEO specialist
is quite significant for a new e-commerce venture. This is further compounded by the supplementary
costs requisite for the SEO specialist’s utilization of premium SEO software, which, in turn, furnishes a
repository of critical insights and data to more effectively propel the e-commerce enterprise. In
contradistinction, the present software embodies an open-source, comprehensive solution capable of
assisting each web administrator comprehensively in confronting competitive pressures. It
encompasses both on-page and off-page SEO competitor analysis, alongside an SEO audit replete with
recommendations tailored to enhance the performance of their respective websites and e-commerce
platforms.

By adhering to the on-page and off-page SEO recommendations outlined by the SEO tool and
incorporating a total of 17,324 backlinks originating from 211 distinct referring/linking domains, the e-
commerce website achieved a notable placement on the first page of search results for the targeted
keyword. Specifically, the website secured the fifth position in the organic search results. Web pages
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that rank higher in search results, particularly on the first page of search listings, increase their chances
of being clicked by searchers.

The presented results are focused on targeting a single keyword and could be multiplied if
multiple keywords were targeted simultaneously.

To visualize the website’s traffic patterns, Figure 55 presents the traffic data recorded by
Google Analytics, spanning from 26 February 2023 to 20 May 2023. The x-axis of Figure 55 represents
the duration, in days, required for the implemented SEO modifications to manifest noticeable effects
on website traffic. Conversely, the y-axis denotes the corresponding levels of website traffic. Day 0
signifies the initial day following the implementation of all suggested SEO techniques recommended
by the software, at which point the user anticipates the detection of these changes by the Google search
engine and the subsequent repositioning of the web page to a more suitable/higher ranking.
Remarkably, within a span of 85 days, subsequent to incorporating the suggested modifications
proposed by the SEO tool, a substantial increase in traffic occurred, with an average of 143 additional
visitors per day. Out of the total 6,270 visitors, the breakdown is as follows: 4,518 originated from
organic search, 1,431 from direct traffic, 316 from paid traffic, and five from referral traffic. The
attainment of first-page search rankings, along with the organic traffic increase constitutes a solid
steppingstone to increase the online sales. A fact that we will continue to examine in our future efforts.
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Figure 55. Google Analytics. Traffic trend from 26 February 2023 to 20 May 2023.
4.7.4. Discussion

Importance of Accessibility and Affordability

The introduction of this open-source SEO audit software represents a transformative step
towards democratizing access to advanced SEO analysis tools. By championing the values of
accessibility and affordability, the software addresses a pressing industry need, empowering a diverse
range of users. The traditional landscape, dominated by costly commercial solutions, has hindered
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small businesses, non-profits, and individuals from harnessing the power of sophisticated SEO insights.
This software shatters these barriers, providing a level playing field where data-driven optimizations
are within reach for all. As a result, it not only empowers underrepresented entities to compete
effectively in the digital realm but also fosters collaboration and innovation across the broader online
community. Through this groundbreaking approach, the software marks a significant stride towards
inclusivity and shared success in the dynamic world of digital marketing.

By dismantling the exclusivity that has long characterized the SEO tool landscape, the open-
source software heralds a new era of empowerment and growth. Its emphasis on accessibility ensures
that small businesses can navigate the digital landscape with newfound confidence, while non-profits
can enhance their online impact without compromising their missions. Even individual website owners
and entrepreneurs stand to benefit, amplifying their online presence through strategic optimizations
previously reserved for larger enterprises. In this transformative shift, the software not only levels the
playing field but also fuels a culture of collaboration and innovation. By embracing the principles of
accessibility and affordability, the software champions the democratization of SEO analysis, heralding
a brighter and more inclusive future for digital marketers of all backgrounds.

Integration of Traditional Programming and Machine Learning

The software’s evolution embodies an exceptional blend of traditional programming methods
and state-of-the-art ML algorithms, a groundbreaking fusion that imparts it with a unique advantage
in providing holistic on-page and off-page SEO strategies, unlike commercial tools that typically excel
in either on-page or off-page SEO, but not both. This hybrid integration exemplifies a strategic leap
forward, combining the proven principles of traditional coding with the adaptability and intelligence
of ML.

By incorporating traditional programming, the software maintains a solid foundation rooted
in established SEO principles. It executes meticulous analyses of on-page factors such as meta tags,
keywords, structured data, etc. This approach caters to the essential groundwork of SEO, offering users
a comprehensive evaluation of their website’s foundational components.

On the other hand, the infusion of ML algorithms elevates the software’s capabilities to a new
realm of sophistication. ML’s prowess in pattern recognition, data processing, and predictive modeling
amplifies the software’s analytical prowess. This integration allows the software to delve deeper into
the complexities of off-page SEO, unraveling the intricacies of backlink profiles, and linking domains.
The hybrid approach’s adaptability empowers the software to evolve alongside the ever-changing
landscape of search engine algorithms, making it a versatile tool that can remain effective even in the
face of evolving SEO dynamics.

Micro-Level Insights and Tailored Guidance

The software presents a dual-level approach that amalgamates micro-level insights and
tailored guidance, ushering in a new era of precision-driven website optimization. At the micro-level,
the software conducts meticulous analyses of individual SEO metrics, offering precise
recommendations to address specific SEO issues. This empowers users to fine-tune their strategies with
targeted actions, such as optimizing load speeds and every facet of their website’s SEO performance.

Simultaneously, the software adopts a macro-level perspective that takes into account the
bigger picture, aligning SEO efforts with a website’s unique competition and goals. By identifying
competition and SEO techniques employed, it creates an SEO strategy that is more suitable for the
specific business sector.

This dual-level functionality not only diagnoses SEO challenges but also equips users with
actionable roadmaps for success, transforming the software into a dynamic and personalized
optimization companion that enhances search rankings, drives organic traffic, and elevates user
engagement.
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Competitor Analysis and SEO Methodologies

In contrast to commercial tools, the software’s unique competitive edge stems from its
sophisticated competitor analysis capabilities, propelling its function beyond mere self-assessment. For
instance, platforms like SeoSiteCheckup [371] and Seobility [372] focus exclusively on identifying and
suggesting on-page SEO techniques applied to a web page, without considering the competitive
landscape. In contrast, the Ahref Backlink Checker platform [373] solely concerns itself with identifying
backlinks for a specific web page, without proposing, based on DA, the backlinks that a website might
require to surpass its competition. This feature enables the software to dissect rivals’ intricate SEO
methodologies, offering users a deep understanding of their competitors’ strategies. By extracting
actionable insights from this analysis, the software equips users with strategic guidance to enhance
their own SEO tactics. In a fiercely competitive e-commerce market, the software’s competitor analysis
unearthed strategic opportunities previously overlooked. By implementing the software’s
recommendations, the e-commerce platform witnessed a substantial boost in organic traffic. This
success story underscores the software’s potential to revolutionize SEO strategies, not only optimizing
websites but also empowering users to outperform rivals. In essence, the open-source SEO audit
software’s ability to unravel competitor SEO methods and translate them into actionable advice sets it
apart as a pivotal tool for strategic growth in the dynamic digital landscape.

Limitations and Future Implications

Like any software, the specific tool at hand encounters certain limitations, which, although rare,
could potentially impact its functionality:

e The tool retrieves data for websites ranking on the first page of search results. If there are
numerous Google Ads or Google product listings, or if there is a substantial presence of rich
results (structured data), the number of web pages appearing in the organic search results may
be fewer than eight.

e  The tool relies on web scraping techniques to access each competitor’s website and identify the
SEO techniques employed. If any of the competitor’s websites are unavailable at the time of
scraping or if the tool’s access is blocked by the website’s firewall, no results will be displayed
for that particular website.

¢ Thetool relies on the SERP API to gather ranking data. The data retrieval location is determined
by the location of the API's web server. Consequently, search results and rankings from this
specific location may slightly differ from what users observe from a different location.

¢  We musthighlight that the accuracy of the model’s predictions presented in Machine Learning
section could be enhanced with a larger and more representative sample of websites.

Usability Aspects:
e Regarding User Interface (UI) Design, the user interface has not been developed, which means
that users will only be able to view the results either in Excel format or within the terminal.
o The software is user-friendly; however, it does require a certain level of background knowledge
in executing Python code.
e Asan open-source software, it can be easily customized and extended with additional features,
such as a Usability and Security Testing function to predict Click-Through Rate [374].

Security Aspects:
e Data Privacy is ensured since the software runs locally on the user’s computer, and their data
remains within their system without any exposure to the internet.
e Input Validation is implemented to ensure the security of the software. User-entered data is
considered safe, and extreme validations are not applied to the input.

While all of the aforementioned limitations do not directly affect the functionality of the tool,
they can potentially have a minor impact on the results.
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Looking forward, there are several potential future implications and areas of development for
this software. It is essential to integrate recently discovered SEO techniques into the software to ensure
its relevance and effectiveness in a rapidly evolving SEO landscape. As we expand and enrich the ML
dataset, we can anticipate achieving even more promising outcomes. The software’s proficiency in
identifying optimal SEO strategies and making precise predictions for backlinks and linking domains
is directly influenced by the quality and quantity of accessible data. By consistently expanding and
modifying the dataset:

e  We could bolster the software’s capability to enhance predictive accuracy: A larger dataset
would result in heightened accuracy when forecasting the most effective quantities of backlinks
and linking domains, thereby contributing to a more successful SEO strategy.

e  We could employ unsupervised ML to uncover novel SEO techniques from well-established
websites that have not yet been revealed to the broader public.

e We could adapt to evolving algorithms: Given the constant evolution of search engine
algorithms, a robust dataset enables the software to adapt and remain current with these
changes, ensuring the recommended SEO strategies maintain their efficacy.

e Semantic SEO: Leveraging semantic search principles to produce content aligned with user
intent and context can enhance search visibility.

To sum up, the future potential of this software is substantial for amplifying its capabilities and
delivering more influential outcomes. The primary catalyst for unlocking these advantages is the
continuous expansion of the dataset, enabling the software to evolve, adapt, and provide increasingly
valuable SEO guidance.

4.7.5. Section Conclusion

In conclusion, this study introduces an open-source SEO audit software developed in Python,
heralding a significant advancement in the accessibility and affordability of sophisticated SEO analysis
tools. The software stands shoulder to shoulder with its commercial counterparts, effectively
obliterating financial barriers and extending its benefits to a broader user spectrum, including non-
profit organizations. The orchestration of traditional programming techniques and cutting-edge ML
algorithms seamlessly integrates into the software’s implementation, resulting in a potent solution for
discerning both on-page and off-page SEO strategies.

To elaborate further, this software not only addresses overarching enhancements for websites
based on an array of on-page SEO performance metrics, but it also delves deeper, scrutinizing specific
metrics and extending its analysis to competitors” webpages. In essence, this tool operates on a dual
level. Firstly, it provides micro-level insights, outlining precise actions to be taken for each metric, and
elucidating how these optimizations contribute to the overall enhancement of the website. Secondly, it
offers tailored guidance that aligns with the unique needs and nature of a website, steering website
owners towards areas of focus that match their specific requirements.

By harnessing a target website’s URL and a specific keyword, the software not only identifies
competitors within search results but also meticulously dissects their SEO methodologies, furnishing
actionable recommendations to elevate the search ranking of the designated website. An especially
compelling case study, centered around a fiercely competitive keyword, vividly underscores the
software’s efficacy in substantially augmenting organic traffic for the corresponding e-commerce
platform. These revelations reverberate as a compelling call to action, underscoring the profound
significance and value that germinate through the nurturing of open-source tools.

Finally, it is imperative to emphasize that preceding studies have managed to underscore the
utility of certain SEO techniques and apply them in specific case studies. In contrast, our own research
has aggregated all of these SEO techniques and has given rise to invaluable all-in-one SEO software.
This software holds the potential to yield comprehensive results for the web developers who employ
it.
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4.8. SEO Techniques and Technologies Evaluation

4.8.1. Section Summary and Significance of the Study

Following our research on SEQO, this study investigates the effectiveness of various SEO
techniques and technologies, focusing on those that significantly improve a website's visibility and
ranking on search engines. The primary aim is to identify strategies that increase organic traffic to
websites within a constrained budget.

The study evaluates leading SEO practices, their impact on organic traffic, and their utilization
by prominent websites and e-commerce platforms. This evaluation helps website owners make
informed decisions on which SEO strategies to implement and prioritize, with the goal of enhancing
their search engine rankings and attracting more visitors.

The research is structured as follows: Section 4.8.2 introduces the key SEO techniques and
technologies, including a PHP-based web crawler tool developed for this study. This tool examines the
source code of active websites to identify the SEO strategies they employ. A selection of well-known
websites and e-commerce platforms was analyzed using this tool. The section also outlines three
research questions concerning the prevalence, importance, and prioritization of specific SEO techniques
among top websites. Having the results from the own-developed tool, a figure is created containing all
the SEO techniques used by the most well-known websites/E-commerce and the adoption rate is
presented for each SEO technique that has been applied. A SEO technique with a higher adoption ratio
is used by more top-listed websites, which makes it more important according to the research
hypotheses of Section 4.8.2. Finally, the study concludes in Section 4.8.5 summarizing the results, and
presenting readers with the importance of this research.

4.8.2. Materials and Methods

A representative sample of top-listed websites and e-commerce platforms within their
respective industry was collected from Alexa's website, totaling 2,000 entries. Among these, 1,689
entries represent online stores, while the remaining entries pertain to various websites. The list is
provided in a CSV format [375].

The websites in this sample are ranked at the top in Alexa's ranking tool, determined by their
daily traffic and unique visitors [376].

Research Questions

This sample forms the basis for our analysis, which aims to answer three critical questions
about the importance, application, and prioritization of SEO techniques.:
1. Which SEO techniques are the most important?
2. Which specific SEO techniques have already been applied by the most well-known
websites?
3. Which SEO technique should be implemented as a first priority?

Research Hypotheses

Six hypotheses have been formulated, forming the foundation for our research assumptions:

1. The larger the sample the more representative the results.

2. Top-listed websites have more correctly applied SEO techniques.

3. Top-listed websites have entire digital marketing team to support them, including
specialized SEO experts who precisely understand the effectiveness of different SEO
techniques and which ones must be implemented to achieve higher results in SERPs.

4. SEO techniques used by top-listed websites are also the most effective.

The most commonly used SEO techniques in our results should be prioritized.

6. The most commonly used SEO techniques in our results are the most effective.

o
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SEOmized PHP-Based Tool Implementation

Inspired by the SEO techniques and technologies thoroughly analyzed in Sections 4.2 and 4.4,
we developed a PHP-based web crawler and web scraper tool, named SEOmized (Search Engine
Optimized) [377], to automate the detection of SEO techniques in the websites' source code. SEOmized
is responsible for extracting websites' HTML source code and identifying which SEO technique(s),
among the predefined set of 17 SEO techniques presented in Table 23, are applied to the website. The
source code of SEOmized is available in the GitHub repository [377].

Limitations and Application Programming Interface (APIs)

To measure website speed and mobile-friendliness, SEOmized integrates two APIs into its
functionality.
e Mobile-Friendly Test Tool API: Created by Google, this API scans the given URL against
responsive techniques and returns a list of mobile usability issues [338].
e PageSpeed Insights API: Also created by Google, this API measures the performance of a web
page, providing suggestions about the website's performance, including page speed,
accessibility, and SEO [378].

The API tools processed the URLs from our dataset, successfully retrieving data for most
websites. However, the Mobile-Friendly Test Tool API failed to scan 24 websites, necessitating manual
reviews of their responsive designs. On the other hand, the PageSpeed Insights API tool failed to deliver
speed metrics for two websites, prompting us to use the Pingdom tool for those specific cases [342].

Crawling Top-Listed Websites and Detecting SEO Techniques

The SEOmized tool was fueled by a list of 2,000 highly-ranked websites retrieved from Alexa's
website. It systematically processes each website, identifying and cataloging the SEO techniques in use.
This information is then stored in the SEOmized database, formatted in SQL [379]. The database
contains records of the websites along with the specific SEO strategies they implement, marking the
presence of applied SEO techniques.

4.8.3. Research Findings

A list of the most commonly used SEO techniques among top-listed websites and their usage
percentage is presented in Figure 56 and Table 22.

SEO Friendly UR L |8 0 >
Load Time - Website Speed | ENEEE——S 4 . 2 5%
Serving Data over HTTPS I 36.50%
Title Tap g 73305
Meta Description Tag I  60.30%
Robots.txt File I, G7.15%
Responsive Design I G3.35%
Headings 2 I 46.75%
Heading 1 I 42.00%
Opengraph Protocol I 30.50%
Images Alt Tag I 32.75%
Structured Data I 20.40%
Minify CSS NG 20.90%
Minify JS I 17.50%
RSS File NN 15.35%
Hrefs Title Tag I 11.20%
Accelerated Mobile Pages W 1.75%

Figure 56. SEO techniques usage score among top-listed websites (%).
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Table 22. An illustration of the results in the SEOmized database

seomized_id 26 72

website https://case-mate.com/ https://www.batteryspace.com/
title
meta_description
headingl
heading?2

url

image_alt
href_title

rss

robots
responsive
https
structured_data

amp

minify_css

minify_js
og_tags
page_load_time
SUM
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N —m R (OO0 OR ik = oooomrRr oo/~ O

The results enabled us to extract valuable information about how top-listed websites attempt
to apply SEO techniques to increase their organic traffic.

To quantify the results of SEOmized, we introduced a corresponding metric, i.e., the SEOmized
score. This score is equal to the ratio of the implemented SEO techniques and technologies detected in
each website by SEOmized against the total ones supported by the tool.

Table 23 provides a sample of results for three well-known e-commerce marketplace platforms
(Ebay.com, Amazon.com, Walmart.com), as opposed to one less-known book store e-commerce
(Bookhampton.com). The SEOmized score is calculated for each website, representing the percentage
of total applied SEO techniques against the total ones supported by the tool..

Table 23. Website achievements against 17 SEO techniques

SEO Techniques Ebay.com Amazon.com Walmart.com | Bookhampton.com
Title Tag
Heading 1

Headings 2
SEO Friendly
URL
Meta Description
Tag

Images Alt Tag
Hrefs Title Tag
RSS File
Robots.txt File
Responsive
Design

L 4% x %L & (L4 4&
L 4% x %L Q& (L4 4&
L CUx[x xS (< <x<K
<KL K KX
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Serving Data

over HTTPS v v v v
Structured Data v X x v
Accelerated
Mobile Pages v x X v
Load Time -
Website Speed 1.3 seconds 2.1 seconds 1.2 seconds 3.9 seconds
Minify CSS x x x v
Minify JS x x x v
Opengraph
Protocol v v v v
SEOmized Score 70,59% 58,82% 52,94% 94,12%

Following the hypotheses presented in the Research Hypotheses section, this research
concludes as follows:

e 94.25% of websites have adopted technologies such as Apache Deflate and Gzip to reduce their
load time to under 5 seconds. Specifically, the overall average load time among top-listed
websites is 1.88 seconds.

e Asdiscussed in Section 4.4.3 the Chrome browser labels all websites without SSL certificates
as not secure.’ In response 86.50% of websites have installed SSL certificates to date.

e Despite search engines favorably evaluating websites using structured data, we noticed that
70.60% of the websites have not implemented structured data in their code.

e Moreover, despite the increasing use of mobile devices by visitors, only 63.85% of websites
have passed the responsive-design test.

e Table 23 showcases an online store of a bookstore among the results (Bookhampton.com). This
online store utilizes 94.12% of the SEO techniques supported by SEOmized tool, unlike larger
online stores that have applied fewer SEO techniques. This serves as a notable example of
smaller websites, adhering to every SEO rule to ascend to the search results.

The presented results offer an initial exploration into the SEO techniques employed by
prominent websites. By referring to Figure 56 as a guide map, webmasters can initiate the application
of SEO techniques with a higher adoption rate. Notably, certain techniques like Accelerated Mobile
Pages and HREFs title tags seem less favored by top-listed websites, implying that their implementation
might be more suitable for a later stage of SEO optimization. It's essential to note that these numbers
may evolve daily; however, the overarching trend points towards a preference for a faster and more
secure web environment.

4.8.4. Discussion and Future Work

The data collected from this research contributes to a clearer understanding of how well-known
websites construct their SEO strategy. Although the majority of the websites have applied SEO
techniques for security and speed, they have failed to use certain techniques that the search engines
consider important, such as the AMP, RSS, Minified files, and Structured data. An assumption could
be that these techniques are challenging to apply to overcrowded websites. For instance, creating an
AMP alternative page requires website owner to maintain two versions of their website. Therefore, it's
convenient for top-listed websites not to use those SEO techniques that demand a lot of effort to
maintain. Instead, they purposely sacrifice the extra traffic that these techniques could potentially
deliver, and attempt to gain it by using different methods, such as allocating resources for customer
support and satisfaction.

With more techniques and technologies that promote SEO being created daily, SEO has become
an infinite marketing industry that generates income for developers and yields results for website
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owners. The SEOmized tool created for the needs of this study can be extended with additional SEO
techniques in the future, providing more alternatives to webmasters and leading to even greater results.

4.8.5. Section Conclusion

Since the mid-1990s, webmasters have recognized the crucial role of high search engine
rankings for their websites [283]. In pursuit of this goal, they have continuously sought to enhance their
sites for search engines, either by adopting existing technologies or innovating new ones. Over the
years, SEO strategies have been refined through trial, observation, and the accumulation of experience,
making SEO a cornerstone of website promotion efforts. This study aims to provide Webmasters with
a strategic roadmap for employing effective SEO techniques on their websites. Three main questions
were addressed throughout this research: What are the most critical SEO techniques? Which SEO
techniques are most commonly used by leading websites? And which SEO technique should be
prioritized for implementation?

To answer the above questions, we developed a SEO tool designed to analyze a website and
pinpoint the specific SEO techniques it employs. This tool was given a list of 2,000 top-listed websites
as input and tasked with scanning them to reveal the SEO techniques each one follows. The findings
were compiled into a database, culminating in the creation of a figure Figure 56 that ranks the
prevalence of SEO techniques among these top sites. This figure can serve as a guide-map for
Webmasters, answering the research questions and guiding them in adopting the SEO tactics proven
successful by the most renowned websites. By adhering to the SEO blueprint used by these leading
sites, any Webmaster, regardless of their SEO expertise, can implement effective SEO strategies. This
approach will help improve their site's ranking in SERPs and increase their web traffic.

4.9. Airlines” Sustainability Study Based on Search Engine Optimization
Techniques and Technologies

4.9.1. Section Summary and Significance of the Study

Digital marketing, especially SEO, is an integral part of websites today. Airlines in the COVID-
19 era have to use every possible means to survive despite the adverse conditions for both
entrepreneurship and travel. Many of them have allocated resources and money to develop SEO
strategies by applying SEO techniques to their websites to gain more visitors and bookings through
their service-oriented e-commerce platforms. In continuation of our research on SEO, our focus is on
analyzing the online presence of airlines, specifically examining the implemented SEO techniques and
their impact on airlines' website traffic. In the first phase of the research, we gathered web data from
243 airline firms during a one-year observation period (December 2020-December 2021) using our own-
developed PHP-based tool , which was referenced in Section 4.8 and upgraded to meet the
requirements of this specific case study. Furthermore, we proceeded to create an exploratory model
using fuzzy cognitive mapping. From the technical SEO point of view and the descriptive analysis, we
conclude that the traffic on airlines” websites and, consequently, their sustainability are inseparably
linked to the corresponding SEO techniques and technologies used.

4.9.2. Materials and Methods

The purpose of this study is the proposal of an innovative methodology for deploying an
efficient framework for understanding the strong connection between SEO and web traffic, providing
valuable insights for airline firms’ websites. To reach the desired results, we follow nine research stages,
presented in Figure 57.
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Understand cause-and-effect relationship
of SEO Metrics and Web Traffic

Understand cause-and-effect relationship
of SEO Techniques and Web Traffic

ANOVA, Coetficients and Scatterplots on
SEO Metircs

T-Tests on SEO Techniques
Inferential Statistics
Descriptive Statistics
Data Normalization and Limitations

Data Retrieval

Problem Formulation and Research
Hypotheses

Figure 57. Overall step-by-step representation of the proposed methodology, reflecting the stages for comparing
SEO techniques and SEO metrics to Web traffic.

Websites’ Traffic Sources and Key Performance Indicators

Airlines’ online presence, as well as their bookings, are directly affected by various factors,
which should be analyzed and taken into consideration over our estimation. To obtain a more specific
vision of the airlines” online presence, we use the organic web traffic source, which indicates the main
source of websites’ traffic. Organic traffic, as mentioned in previous sections, is the traffic coming from
users who use search engines (e.g., Google, Yahoo, etc.). It is an unpaid form of web traffic, whose role
in business success is vast. The majority of websites rely on organic traffic results, since it represents
over 60% of a website’s total traffic [380]. Organic traffic, as an unpaid source of traffic, has many
benefits for businesses, such as relatively small investment in contrast with PPC campaigns, long-
lasting results enhanced year by year with the appropriate effort, and major increase in brand
awareness [381].

Four more factors that search engines take into consideration while evaluating a website, before
ranking it in the SERPs, are the organic keywords, the backlinks, the website speed, and the DA [382].
Organic keywords are the keywords for which websites are ranked in the organic SERPs of search
engines [383]. Backlinks are links from third pages to the target page that act as an up-vote on that page
[274]. Website speed is the time in seconds it takes for a web page to be fully downloaded and loaded
from the webserver to the user’s browser. DA is a search engine ranking score developed by Moz that
predicts the strength of a website in terms of its ability to rank in SERPs. DA score ranges from 1 to 100,
with higher scores corresponding to greater likelihood of ranking [367]. DA as a metric is not visible to
search engines. It tries to simulate how search engines rank web pages. In most cases, the DA score is
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representative. DA is important to compare websites with each other. Websites with a higher DA are
more likely to appear higher in SERPs than others with a lower DA, respectively.

The web traffic metrics proposed as KPIs in this study are presented in Table 24.

A performance indicator or key performance indicator (KPI) is a type of performance measurement
that evaluates a business’ success in certain activities that it takes over [384,385]. KPIs examined for the
purposes of this study alongside the web metrics are included in Table 24. It is valuable to examine
website traffic on a monthly basis to export more accurate results concerning traffic and ranking
performance.

The main objective of our KPIs is to achieve higher results in organic traffic as well as higher
positions in search results. In our research, we have five key performance indicators, i.e., Organic
Traffic, DA, Website Speed, Organic Keywords, and Backlinks. Each one should be accomplished to
gain higher organic traffic and potential customers.

Table 24. Description of the examined web analytics metrics and suggested KPIs and performance measurements.

KPIs (Unit) Description

Organic search refers to the non-paid search
results from a search engine. These results can’t
be bought or influenced by advertisers, so they
are the ones the search engine considers most
relevant to the user’s search query [386].

Organic Traffic/month
(number of visitors per month)

DA score can be used when comparing websites
or tracking the “ranking strength” of a website
DA (score in the range (0-100) integer) over time [384]. Websites with higher DA are
more likely to rank higher in SERPs than those
with lower DA.
Website speed refers to how quickly a browser
Website Speed (seconds) can load fully functional web pages from a given
website.
Organic keywords are keywords used in SEO to
attract “free” trafficc. When a user types a
Organic Keywords (number of keywords) keyword on the search engines gets as a result
websites which rank for this specific keyword
[383].
Backlinks are the number of external pages that
show the target page with a link. Backlinks help
Backlinks (number of backlinks) secure a higher SERP ranking [277]. Backlinks
affect mostly the position of a website followed
by relevant content [387].

Sample Selection and Data Retrieval

For the purpose of this study, we retrieved data from the International Air Transport
Association (IATA), which supports aviation with global standards for airline safety, security,
efficiency, and sustainability [388]. The sample is based on 243 IATA members. Some of the most well-
known airlines in our sample are Air Canada, Air France, American Airlines, British Airways, China
Airlines, and Emirates. For the above airline firms, data were collected concerning their websites’
organic, direct, and referral traffic, as well as their websites” session duration and the bounce rate. The
sample was considered representative, providing knowledge about the SEO applied by airlines as well
as how this translated into traffic. Data were collected on a monthly basis from the airlines” websites,
for more accurate examination and comprehension of web metrics’ variance. The testing period
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extended to 12 months, which is limited to specific dates from December 2020 to December 2021. Since
this period coincides with the COVID-19 transportation restrictions, the results will provide a clear
view of the decline in bookings during this period.

To collect the sample, we created a PHP-based web crawler tool, which undertook to extract
information, such as legal name, ICAO code, region, and website from each airline listed as a member
inIATA’s website [388,389]. After the data extraction, we stored the entire dataset in a MySQL database,
which we used to conduct the SEO checks as a next step [389].

The software tool created for the purpose of this research draws the dataset from IATA’s
website and stores each result in a MySQL database. It then runs through the dataset and extracts the
source code from each airline’s website via cURL. CURL is a computer software project providing a
library (libcurl) and a command-line tool (curl) for transferring data using various network protocols
[390]. For each of the 15 SEO techniques presented in Section 4.2, a separate function was created, which
searches the source code of the targeted website to find out if the SEO technique has been applied.
Finally, the results from the checks are stored back in the database. A comprehensive example of the
generated code and its main functions is shown in Figure 58.

require ('seo-techniques-functions.php'); ToDo! Get SEO techniques' functions
Sretrieve = retrieve _data_ from iata(); ToDo! Retrieve data from IATA's website
Swebsites = create_dataset_array(Sretrieve); /* ToDo! Create an array with our da-
taset
foreach ($websites AS $id => Swebsite) { ToDo! Run through our dataset

Scurl results = do_curl website(Swebsite); ToDo! Do curl on current website

$seo_checks = do_seo_checks (Scurl results); ToDo! Do SEO checks using the
getElementsByTagName

Sadd results to db = add results to db($seo_checks, $website); ToDo! Add SEO
results to DB

Figure 58. PHP-based SEO software.

To expand our research and extend our results, four third-party API tools were used, i.e.,
Mobile-Friendly Test Tool API, PageSpeed Insights API, Mozscape API, and Ubersuggest Traffic
Analytic tool. Each of these tools obtains the website’s URL and returns results based on its own
measurements.

e Mobile-Friendly Test Tool API, created by Google, checks the given URL against responsive
techniques and returns a list of any mobile-usability issues that can affect a user that visits the

page on a mobile device [334].

e PageSpeed Insights AP, created by Google, measures the performance of a web page returning
suggestions on how to improve the page’s performance, such as page speed, accessibility, and

SEO [378].

e Mozscape AP], created by MOZ, takes as an input the website’s URL returning accurate metrics

such as DA [367].

e Ubersuggest, created by Neil Patel, obtains and returns a 360° overview of any website’s metric

and its sources [391].

After conducting SEO evaluations on 243 airline websites, the exported results imported to IBM
SPSS 27 (IBM, Armonk, NY, USA). Organizations use IBM SPSS Statistics to understand data, analyze
trends, forecast and plan to validate assumptions, and drive accurate conclusions [392]. Descriptive
analysis in different correlations was conducted, confirming the research hypotheses that follow.
Finally, a fuzzy cognitive map (FCM) was created to graphically represent the relationship between
SEO techniques, traffic, and backlinks, showing the direct correlation of SEO techniques with traffic
and, consequently, the bookings and sustainability of airlines.
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Problem Formulation and Research Hypotheses

The rising competition, the COVID-19 era, and travel restrictions around the world tend to
increase companies’ efforts for efficiency in digital marketing campaigns. Airlines use every available
tool at their disposal, from copywriting, email marketing, social media marketing to SEO to reach their
potential customers through numerous methods. By understanding the consumer habits of their
audience, airlines develop marketing strategies to target this audience more effectively.

Airline websites are the main source of bookings and companies dedicate resources to organize
and maximize their website’s efficiency and effectiveness. Their position in SERPs plays a crucial role
in gaining organic visitors. The web page title, the meta description, and even the rich results must be
applied with attention to detail to win the coveted click. Content, user interface, and website speed will
pique the visitor’s interest converting him/her to a loyal client. Knowing that traffic and conversion to
client is the main point of airlines, we define five hypotheses on which we base our research, attempting
to confirm them, aiming to extend the practical knowledge over the significance and impact of SEO to
airline website traffic.

e Hypothesis 1 (H1). SEO techniques impact airlines” website traffic.

The main goal of this study is to acknowledge whether SEO impacts airlines” website traffic.
By knowing which SEO techniques airlines implement on their websites, comparing the findings with
the results in traffic provides us with valuable information and potential benefits from using SEO
techniques. As mentioned in Sample Selection and Data Retrieval section, a dataset was collected from
the IATA website [388], consisting of 243 airline firms” websites. Scanning and performing SEO tests
on each website source code, using our own developed software [389], we gather information regarding
the SEO techniques each website has implemented. Using third-party software tools described in
Sample Selection and Data Retrieval section, we scan each website gathering information concerning
their DA, website speed, organic keywords, organic traffic, and backlinks. All data collected are stored
in an excel sheet. Using the IBM SPSS 27 software descriptive analysis was conducted in order to find
connections/patterns between SEO techniques used by websites and their organic traffic. The ultimate
goal of this research is to uncover which SEO techniques used by the most well-known airlines are
more effective in organic traffic, assuming that the websites with the highest organic traffic applied the
appropriate SEO techniques in their source code.

¢ Hypothesis 2 (H2). On-page SEO techniques impact airlines” website ranking.

Hypothesis 2 is a segment of Hypothesis 1, targeting the on-page SEO techniques. Our second
hypothesis is based on on-page SEO techniques and how they affect website ranking. Targeting
multiple keywords, as well as the implementation of on-page SEO techniques, is assumed to offer an
increase in organic results.

e Hypothesis 3 (H3). Off-page SEO techniques —backlinks impact airlines” website ranking.

Hypothesis 3 is a segment of Hypothesis 1, targeting off-page SEO techniques. Hypothesis 3
focuses on the implementation of off-page SEO techniques and how they affect the traffic of airlines’
websites. We assume that the creation of backlinks to third-party websites will lead to strengthening
website’s DA and consequently will lead to higher positions in the SERPs.

¢ Hypothesis 4 (H4). Airlines’ organic keywords impact airlines” website ranking.

In Hypothesis 4 we assume that organic keywords are valuable for airlines” website leading to
higher rankings on SERPs and increased Web traffic.

e Hypothesis 5 (H5). Airlines” backlinks impact the airlines” DA.

In Hypothesis 5 we assume that the backlinks are integrally linked with DA.
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4.9.3. Results

Data Normalization

In this section, we examine the collected data. As mentioned in Sample Selection and Data
Retrieval section, our tool performed SEO checks on 243 websites. The results were stored in excel so
that we can use them in further data analysis [393].

Collected data are separated into three groups.

i.  Group 1: Metrics are checks performed by third-party tools and are not SEO techniques. The
contents of the Group Metrics are as follows: DA (integer 0 to 100), speed_test (decimal),
number of keywords (integer), and number of backlinks (integer).

ii.  Group 2: SEO techniques are checks performed by our tool regarding the existence (or not) of
SEO techniques on each website in the dataset. All metrics returned 1 if the SEO technique was
applied to the website and 0 otherwise. The contents of the Group SEO techniques are as
follows: images alt, links title, rss, sitemap, robots, headingl, heading2,
web ssl, meta description, opengraph, url seo friendly, amp, minified css,
minified js, title, structured data, and responsive test.

iii.  Group 3: Web Traffic (organic traffic) is the monthly statistical data collected for each website.
All web traffic data are integers and refer to website data for the last twelve months. The
contents of the Group Web Traffic are as follows: traffic 1, traffic 2, traffic_3,
traffic 4,traffic 5 traffic 6,traffic 7, traffic 8, traffic 9 traffic 10,
traffic 11,and traffic 12.

Limitations

During the examination, the responsive test technique found that the Mobile-Friendly
Test Tool API created by Google considers non-responsive pages that have even one non-responsive
element. Manual checks revealed that these specific websites partially adopt responsive techniques and
have several elements in their source code that are non-responsive. These pages are marked with the
number 0, which means that they do not follow that specific SEO technique. Further, in 17 out of the
243 websites, the speed measurements were performed manually with the Pingdom website speed test
by Solar Winds, because the PageSpeed Insights API by Google could not operate a speed test on these
pages.

The AMP and Sitemap SEO technique tests found that none of the websites applied these
techniques, although they are suggested by Google on Webmaster Guidelines [271]. Consequently, t-
test cannot be performed on these techniques, excluding them from our final results.

We collected the monthly organic traffic for 12 months to have a more representative view of
the website traffic. For the data analysis that follows, we calculated the mean value of 12 months of
organic traffic for each website and saved it in a new column, called Web Traffic. All the following
comparisons regarding web traffic refer to the mean value of organic traffic for each website.

Raw data collected from multiple websites do not convey any significant trends or the behavior
of the individuals before the corresponding analysis. Data analysis refers to the process of converting
raw data into meaningful information, using mathematical, statistical, or computational algorithms for
better comprehension [394]. For the quantitative data analysis, some major steps need to be considered
to firmly execute the assessment and generate the intended results. The procedure consists of two major
steps: (1) reviewing the data by descriptive analysis and (2) conducting inferential and descriptive
statistics to answer the research questions [395]. The study is presented in the following sections of the
chapter and each section is intended to answer the research questions, as the analysis must be aligned
with the research objectives.

Descriptive Statistics

Descriptive analysis helps to describe, demonstrate, or summarize the collected data in a
constructive manner so that the trends and patterns can be easily observed and analyzed [396]. Mean,
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median, mode, standard deviation, skewness, and kurtosis are some of the important measures. Table
25 indicates that the maximum DA, speed test, keywords, and backlinks in this study are 39,833,333.33,
88, 17.67, 2,272,818, and 117,837,438, respectively. According to Tabachnick, Fidell, and Ullman 2017,
the values of skewness or kurtosis within —1.5 and +1.5 is considered right-skewed distribution of the

data [397].

Table 25. Descriptive statistics on SEO metrics.

Minimu Std.
N m Maximum Mean Deviation Skewness Kurtosis
Statis  Std.
Statistic| Statistic Statistic Statistic Statistic tic Error |Statistic Std. Error

Web Traffic 243 0.00 39833333.33 |1052702.396|4047257.865(7.984 0.156 | 70.937 0.311

DA 243 10 88 56.23 14919 [-0.102 0.156 | -0.641 0.311

Website Speed 243 0.20 17.67 3.8135 2.56189 [2.148 0.157 7.053 0.312

Organic 243 0 2272818 147851.87 | 318947.390 |3.846 0.156 | 17.216 0.311
Keywords

Backlinks 243 1076 117837438 | 2587599.06 [9450892.729(9.201 0.156 | 99.836 0.311

Inferential Statistics

Inferential statistics refers to the procedure of using data analysis to infer attributes of an
underlying distribution of probability. Inferential statistics deals with the information acquired from
the sample of the population to draw conclusive statements about the entire population [398].
Inferential statistics make use of statistical models to compare the sample data to that of earlier studies.
It varies from descriptive statistics in that it allows one to draw conclusions based on extrapolations
rather than merely reporting the data that have been seen, like descriptive statistics does [399]. The
theoretical framework of this study is given in Figure 59.

SEO Metrics

SEO Techniques

Figure 59. Testing research model.

/
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Impact of Group: SEO Techniques on Web Traffic

At this point, 15 different t-tests were performed for each of the 15 SEO techniques: Group 2
using SPSS 27 by IBM software. After, the t-test mean values were observed. The mean value is equal
to the sum of all the values in the dataset divided by the total number of values. The “YES” mean
reflects the average web traffic from the websites that applied the technique. The “NO” mean reflects
the average web traffic from the websites that did not apply the technique. If the “YES” mean is greater
than the “NO” mean, the websites that implemented this technique in their source code have greater
traffic and the technique is valuable for the website. Another component to consider when comparing
Yes or No is the p-value. In statistics, the p-value is the probability of obtaining results at least as
extreme as the observed results of a statistical hypothesis test, assuming that the null hypothesis is
correct. The p-value is used as an alternative to rejection points to provide the smallest level of
significance at which the null hypothesis would be rejected. A smaller p-value means that there is
stronger evidence in favor of the alternative hypothesis [400]. A p-value less than 0.05 (typically < 0.05)
is statistically significant. A p-value higher than 0.05 (>0.05) is not statistically significant and indicates
strong evidence for the null hypothesis [401]. The results from 2 of 15 t-tests are presented in detail
below in Table 26 and Table 27 and the rest are presented briefly in Table 28 for the sake of brevity.

Table 26. Independent t-test on the meta description technique.

Technique Mean Standard Deviation t-value p-value
(number of visitors per (number of visitors per
month) month)
Yes No Yes No
(n=169) (n=74) (n=169) (n=74)
Meta 1268843.04 | 559083.87 | 4712815.92 1682786.61 -0.260 0.00
Description

Impact of meta description technique on the web traffic

HO: There is no difference in website traffic due to the meta description technique (null
hypothesis).

H1: There is a difference in website traffic due to the meta description technique.

In this study, independent samples t-test is applied to make a comparison of the mean web
traffic between websites that implement the meta description technique (n = 169) and websites that do
not implement the meta description technique (n = 74). The t-test was statistically significant, as the
mean web traffic of meta description technique implemented websites (M = 1,268,843, SD = 4,712,815)
was higher than the meta description technique non-implemented websites (M = 559,083, SD =
1,682,786), t =-0.260, p < 0.05, two-tailed. Therefore, the null hypothesis HO that there is no difference
in website traffic due to the meta description technique can be rejected. Consequently, it can be
concluded that websites that implement a meta description technique have greater traffic and, by
extension, this technique is valuable for the websites (Table 26).

Impact of image alt technique on web traffic

HO: There is no difference in website traffic due to the image alt technique (null hypothesis).

H1: There is a difference in website traffic due to the image alt technique.

In this study, independent samples t-test is applied to make a comparison of the mean web
traffic between websites that implement image alt technique (n = 56) and websites that did not
implement the image alt technique (n =187). The t-test was not statistically significant since the p-value
is higher than 0.05 and the mean web traffic of image-alt-technique-implemented websites (M =
1,156,760, SD = 4,532,209) was not significantly lower than the image alt technique non-implemented
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websites (M = 705,223, SD =1,564,573), t = 0.732, p > 0.05, two-tailed. Therefore, the null hypothesis HO
that there is no difference in website traffic due to the image alt technique cannot be rejected (Table 27).

Table 27. Independent t-test on the image alt technique.

Technique Mean Standard Deviation t- p-value
(number of visitors per month) (number of visitors per month) value
Yes No Yes No
(n=56) (n=187) (n=56) (n=187)
Image Alt 1156760.24 705223.51 4532209.344 1564573.19 0.732 0.46
Table 28 presents the 15 t-tests performed for the 15 corresponding SEO techniques. In the last
column of Table 5, SEO techniques that resulted in a positive impact on the traffic are marked as 1,
while the techniques that did not have a significant contribution to the traffic are marked as 0.
Table 28. T-test on 15 SEO techniques
Technique Mean Standard Deviation t- p-value Valuable
(number of visitors per (number of visitors per value
month) month)
Yes No Yes No
Meta 1268843.04 | 559083.87 4712815.92 | 1682786.61 | -0.260 0.00 1
Description
Image Alt 1156760.24 705223.51 4532209.344 | 1564573.19 | 0.732 0.46 0
SEO friendly | 1055012.32 | 493699.58 4055485.45 0 -0.138 0.03 1
URL
Minified CSS | 1767599.41 | 911835.98 6400155.29 | 3405036.20 | 1.244 0.00 1
Title 1110913.20 | 738670.37 4339095.14 | 1791340.36 | -0.520 0.00 1
Structured 1543444.60 | 931904.31 5804001.52 | 3492528.17 | -0.938 0.02 1
data
Responsive 1166677.80 | 881151.78 4809189.46 | 2511798.05 | -0.538 0.00 1
Headingl 1537246.33 602768.73 5601187.82 1474452.38 | 1.807 0.01 1
Heading?2 1171771.22 863965.62 4701758.10 2717534.64 | 0.577 0.01 1
SSL 1078881.88 18612.63 4094980.17 18023.60 -0.633 0.00 1
Open graph 859248.90 1135773.60 2728729.00 4501161.79 | 0.487 0.04 0
Link Title 1072927.18 | 1048835.89 2082867.15 4326089.90 | 0.775 0.00 1
RSS 72420.45 1165120.05 172825.78 4259192.27 1.28 0.03 0
Robots 526336.78 | 1433477.51 | 1308707.77 | 517020559 | 1.73 0.01 0
Minified JS 772538.98 1075115.46 1727237.15 4178916.51 | 0.305 0.00 0

Impact of Group: SEO Metrics on the Web Traffic

Regression is a statistical technique to formulate the model and analyze the relationship
between the dependent and independent variables. It aims to study the degree of relationship between

two or more variables. This is achieved with the help of hypothesis testing.



In this part of our research, three different tests (one-way analysis of variance (ANOVA),
coefficients, and scatterplots) were performed for each of the four metrics: Group 1 using the SPSS 27
by IBM software. The analysis is intended to determine the relationship between metrics and web
traffic.

The one-way ANOVA is used to determine whether there are any statistically significant
differences between the means of two or more independent (unrelated) groups or not. Unstandardized
coefficients indicate how much the dependent variable varies with an independent variable when all
other independent variables are held constant. A simple scatterplot can be used to (a) determine
whether a relationship is linear, (b) detect outliers, and (c) graphically present a relationship between
two continuous variables [402].

The null and alternate hypotheses remain the same as the techniques.

e HO: (Metric) does not have a positive impact on the web traffic.
e  H1: (Metric) has a positive impact on the web traffic.

The model summary table reports the strength of the relationship between the model and the
dependent variable (Table 29).

e DA: The regression model summary is explained by 15.9% variability in the web traffic, R? =
0.159, adjusted R? = 0.155.

e Keywords: The regression model summary is explained by 65.2% variability in the web traffic,
R?=0.652, adjusted R2 = 0.650.

e  Website Speed: The regression model summary is explained by only 0.1% variability in the web
traffic, R2=0.001, adjusted R>=-0.003.

e Backlinks: The regression model summary is explained by 86.9% variability in the web traffic,
R2=0.869, adjusted R2 = 0.869.

Table 29. Model summary. Strength of the relationship between the model and the dependent variable.

Std. Error of the

Metric Model R R Square Adjusted R Square Estimate
DA 1 0.399 0.159 0.155 9223.372036854777000
Website Speed 1 0.034 0.001 -0.003 9223.372036854777000
Organic 1 0.807 0.652 0.650 9223.372036854777000
Keywords
Backlinks 1 0.932 0.869 0.869 9223.372036854777000

The ANOVA table represents the overall significance of the model, which is determined by the
web traffic (Table 30). The F ratio is the ratio of two mean square values. Degrees of freedom (DF) of
error was calculated by total sample (n = 243)—2 = 241 and total DF was calculated by total sample (n
=243)—1=242.

e DA: Theresult shows F (1, 241) =45.524, p <0.05, which suggests the model is highly significant.

Therefore, the independent variable in this model is related to the dependent variable.

e Keywords: The result shows F (1, 241) = 450.989, p < 0.05, which suggests the model is highly
significant. Therefore, the independent variable in this is related to the dependent variable.
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Website Speed: The result shows F (1, 239) = 0.277, p > 0.05, which suggests the model is not
statistically significant. Therefore, the independent variable in this is not related to the
dependent variable.

Backlinks: The result shows F (1, 241) = 1604.989, p < 0.05, which suggests the model is highly
significant. Therefore, the independent variable in this model is related to the dependent
variable.

Table 30. ANOVA results. Overall significance of the model.

Model Sum of Squares df Mean Square F

p-value

DA Regression 629824572758098.500 1 629824572758098.500 45.524

Residual 3334207114340703.000 241 13834884291870.137
Total  3964031687098801.500 242

Website Speed Regression 4585155651162.500 1 4585155651162.500 0.277

Residual 3957236139014683.500 241 16557473384998.676
Total  3961821294665846.000 242

Organic Keywords Regression 2583473225519711.000 1 2583473225519711.000  450.989

Residual 1380558461579090.200 241 5728458346801.204
Total  3964031687098801.000 242

Backlinks Regression 3446514090608055.000 1 3446514090608055.000  1604.989

Residual 517517596490746.700 241 2147375919048.742
Total  3964031687098801.500 242

0.000

0.599

0.000

0.000

The coefficient table represents how much the dependent variable is expected to increase when

that independent variable increases by one, holding all the other independent variables constant [403]
(Table 31). When interpreting the coefficient table, the B variable is important, representing the increase
in the dependent variable as soon as the independent increases by one unit. On the other hand, the Beta
variable compares the strength of the effect of each individual independent variable to the dependent
variable. The higher the value of the beta coefficient, the stronger the effect, based on absolute numbers

[404].

DA: When the beta value of DA is increased by one unit, web traffic will have increased by
108,135 visitors per month. Therefore, DA does not have a positive impact on the web traffic;
thus, the null hypothesis is rejected. It can be concluded that the DA scores have a significant
positive effect on the web traffic.

Keywords: When the beta value of keywords is increased by one unit, the web traffic will have
increased by 10.24 visitors per month. Therefore, keywords do not have a positive impact on
the web traffic; thus, the null hypothesis is rejected. It can be concluded that the keywords have
a significant positive effect on the web traffic.

Website speed: Since the p value of the following table is greater than 0.05, the impact of speed
is not statistically significant. Therefore, the null hypothesis that speed test does not have
positive impact on the web traffic is rejected.

Backlinks: When the beta value of backlinks is increased by one unit, the web traffic will have
increased by 0.399 visitors per month. Therefore, backlinks do not have a positive impact on
the web traffic; thus, the null hypothesis is rejected. It can be concluded that the backlinks have
a significant positive effect on the web traffic.

Table 31. Coefficient results. How much dependent variable is expected to increase when that independent
variable increases by one.

Model B Std. Error Beta t

p-value

(Constant) 5027333.372 932178.327 -5.393

DA 108135.014 16026.707 0.399 6.747

0.000
0.000
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(Constant) 1267137.643 470709.928 2.692

Website Speed -53952.480 102525.384 -0.034 -0.526
(Constant) -461911.986 169294.489 -2.728
Organic Keywords 10.244 0.482 0.807 21.237
(Constant) 19449.818 97478.822 0.200
Backlinks 0.399 0.010 0.932 40.062

0.008
0.599
0.007
0.000
0.842
0.000

Scatterplots are essential for identifying trends and patterns. In a scatterplot, each observation

(or point) has two coordinates [405]. The strength of the link between the variables is determined by
calculating the correlation coefficient. The plot shows the first variable’s value on the x-axis and the
second variable’s value on the y-axis for each data point [406]. The relationship between two
quantitative variables is shown in a scatter plot (Figure 60, Figure 61, Figure 62, Figure 63).

DA: The following graph indicates the coordinates of DA and web traffic. The web traffic has
been gradually increased because of the increase in DA scores, indicating a linear relationship
between DA and the web traffic.

Keywords: The following graph indicates that the more keywords used on a website, the more
traffic it will get. Therefore, there is a strong positive linear relationship between keywords and
web traffic.

Website speed: The following shows the relationship between speed test and web traffic. It
shows that an increase in speed test does not result in a proportional increase or decrease in
web traffic. Therefore, there is a constant and nonlinear relationship between these two
variables.

Backlinks: Like keywords, the following graph indicates that the more backlinks used on a
website, the more traffic it will get. Therefore, it can be concluded that there is a strong positive
linear relationship between keywords and web traffic.

We used exactly the same data analysis methodology as the SEO metrics to identify the

correlation between backlinks and DA. The findings of the regression model found that backlinks have
a strong connection with DA. When the beta value of backlinks is increased by one unit, on average,
the DA will have increased by 6.004 units.
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Figure 61. Scatterplot of Keywords by web traffic.
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Figure 63. Scatterplot of Backlinks by web traffic.

Diagnostic Exploratory Model Development

Results of the t-tests on SEO techniques and ANOVA, coefficients, and scatterplots on SEO
metrics present significant relationships with the Web traffic. Thus, we aim to provide additional
insights to marketing strategists over the impact of SEO techniques and metrics usage on airline
websites, in favor of their digital marketing strategy. Therefore, we deployed fuzzy cognitive mapping
(FCM), which will implement selected web metrics from both SEO techniques and metrics depicting
the relationships to Web metrics, so as to obtain a more adaptive model for process assessment. Fuzzy
cognitive mapping deploys a descriptive and consolidated stochastic classification methodology,
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mainly used to represent the correlations between airlines” web metrics [407]. We use the orange color
to mark the SEO techniques, green color to mark the SEO metrics, and blue color to mark the airlines’
Web traffic. Blue arrows in Figure 64 illustrate variables with positive relations with Web traffic and
black arrows illustrate variables with neutral relations with Web traffic. Development of the FCM was
conducted via the Mental Modeler cloud-based application [408].
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Figure 64. Using fuzzy cognitive map to locate the correlations between SEO techniques/metrics and Web traffic.

Fuzzy cognitive maps are fuzzy graph structures that represent causal reasoning. Exploratory
modelling implementation is vital when digital marketing agencies need to make a decision or a digital
marketing plan [409].

As we notice in Figure 64, most of the SEO techniques and metrics positively affect Web traffic.
Some of them have a relationship with each other, such as Backlinks and DA.

4.9.4. Discussion

The main focus of this study is the development of a precise methodology, containing
pioneering context, aiming to provide useful insights concerning SEO usage and its contribution to the
development of airlines” web traffic as well as airlines’ sustainability. Using our own-developed tool,
we retrieve airlines’” data from IATA’s website. For each airline website (243 in total), we performed
SEO checks evaluating SEO techniques implemented on their source code. At the same time, we used
four SEO third-party APIs to collect data for each airline’s website, such as 12-month web traffic, DA,
website’s speed, and organic keywords. The average DA of the airlines” websites in our dataset is 56,
the average loading speed is 10.5 s, and the average web traffic is 1,052,702 users per month.

We analyzed our data through descriptive analysis and t-tests to find out the contribution of
each technique and metric to airlines” web traffic.

Figure 65 presents the SEO techniques and airlines” website adoption scores. It was noticed
that the majority of the airlines” websites implemented SEO techniques, such as SEO-friendly URLs by
99.59%, SSL certificates by 97.53%, title tag by 84.36%, and meta description by 69.55%. As mentioned
earlier, the AMP and Sitemap SEO technique tests showed that none of the airlines” websites applied
these techniques, although they are suggested by Google on Webmaster Guidelines [271].
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Figure 65. SEO techniques adoption percentage.

Conducting descriptive regression analysis and t-tests accordingly in Section 4.9.3, we confirm
the research hypotheses listed in Problem Formulation and Research Hypotheses section. Our study
underlines that on-page SEO impacts airlines” website traffic on a great scale. The same applies to off-
page SEO, where we confirm that backlinks influence airlines” web traffic. More specifically, when the
beta value of backlinks increases by one unit, the web traffic will be increased by 0.399 units. From the
organic keywords point of view, when the beta value of keywords increases by one unit, the airlines’
web traffic will be increased by 10.24 units, respectively. On the contrary, website speed seems not to
have any impact on airlines” web traffic, although mentioned as an important SEO factor in Section
4.4.2. In addition, through our analysis, it was found that there is a strong connection between backlinks
and DA.

Although each individual SEO technique cannot influence the rankings on its own, the
appropriate combination of SEO techniques can lead to greater search results. Expanding this research,
future research could focus on how the combination of specific SEO techniques, creating potential
groups, can affect the corresponding ranking in search results.

4.9.5. Section Conclusion

COVID-19-era travel restrictions have led airline firms to adopt new digital marketing
strategies to survive against their rising competition. Most airlines invested in SEO to increase their
websites’ rankings on SERPs and, by extension, to improve online visibility, attract more visitors, and
increase bookings through their service-oriented e-commerce platforms. This study undertakes to
uncover the SEO strategies airline websites follow. Using our own-developed tool, we scan each
website’s source code, mining the corresponding SEO techniques used by airlines. At the same time,
we use four third-party APIs to collect valuable time-accurate data, such as DA, organic keywords,
backlinks, and 12-month period web traffic. Meanwhile, through our data analysis, we end up with the
most-adopted SEO techniques and how each one of them can affect airlines’ websites’ traffic. We
conclude that SEO techniques and metrics have a great correlation with web traffic, which, in turn,
increase airlines’ conversions and bookings. Our research identifies the SEO techniques that are most
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widely used, assuming that to be applied by large companies, such as airlines, they can also deliver
results on smaller websites.

4.10. Greek Hotels” Web Traffic: A Comparative Study Based on Search
Engine Optimization Techniques and Technologies

4.10.1. Section Summary and Significance of the Study

Currently, websites rely heavily on digital marketing, notably SEO, for success. In the COVID-
19 era, hotels have to employ every feasible means to stay afloat despite the bleak business and travel
conditions. Many of them have already invested in digital marketing, especially SEO, by applying SEO
techniques to their websites to attract more visitors and bookings through their service-oriented e-
commerce platforms. Following our research in this section, we focus on examining the hotels' websites
regarding the SEO techniques they have applied and their impact on web traffic to their websites.
During a one-year observation period (February 2021-February 2022), we collected and analyzed web
data from 309 top-listed Greek hotels using our own-developed software [17]. By creating and
following a specific methodology, we came to valuable conclusions. In addition, we used fuzzy
cognitive mapping to develop an exploratory model. From the descriptive analysis and technical SEO
perspective, we have concluded that hotels websites’ traffic and, by extension, their long-term viability
are inextricably intertwined. Existing and future SEO marketers may benefit from our research’s time-
accurate insights on hotel SEO tactics.

4.10.2. Materials and Methods

The purpose of this study is to propose an innovative methodology for implementing an
efficient framework for comprehending the strong correlation between SEO and web traffic, thereby
providing valuable insights for hotels” websites. We followed seven research steps to achieve the
desired outcomes.

i.  Problem Formulation and Research Hypotheses. In this stage, we clearly define the necessity
of earning more organic traffic using SEO techniques along with five hypotheses that must be
confirmed from our descriptive analysis.

ii. =~ Data Retrieval. In this stage, we describe the software developed for the purpose of this study,
and the external APIs used to collect additional information regarding our dataset.
iii. =~ Data Normalization and Limitations. In this stage, we divide our dataset into three groups

(Metrics, SEO Techniques, and Web Traffic) facilitating the descriptive analysis that follows.

Each group is analyzed using different procedures depending on its type. Metrics and SEO

Techniques were analyzed against the dependent variable Web Traffic.

iv.  Descriptive Statistics. Using the SPSS software, we perform descriptive analysis on our
dataset.
v.  Inferential Statistics
o T-Tests on SEO Techniques. In this stage, we perform independent t-tests on each
SEO technique by using the SPSS software.
o ANOVA, Coefficients and Scatterplots on SEO Metrics. In this stage, independent
ANOVA, Coefficients and Scatterplots performed on each SEO Metric by using the
SPSS software.
vi.  Understand cause-and-effect relationship of SEO Techniques and Web Traffic. In this stage,
we conclude that the majority of SEO Techniques positively affect web traffic.
vii.  Understand cause-and-effect relationship of SEO Metrics and Web Traffic. In this stage, we
conclude that the majority of SEO Metrics positively affect web traffic.
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Websites’ Traffic Sources and Key Performance Indicators

Hotels” online presence and bookings are directly affected by various factors that should be
analyzed and factored into our estimation. To obtain a more detailed picture of the hotels’” online
presence, we use their organic web traffic sources, which indicate the primary traffic source to their
websites. As mentioned in Section 4.1, organic traffic is the traffic generated by users who use search
engines (e.g., Google, Yahoo, etc.). It is an unpaid form of web traffic that plays a significant role in
business success. Most websites rely on organic traffic results, which account for more than 60% of total
website traffic [380]. As an unpaid source of traffic, organic traffic offers numerous benefits to
businesses, including a lower initial investment than PPC campaigns, long-lasting results that can be
enhanced year after year with the appropriate effort, and a significant increase in brand awareness
[381].

Organic keywords, backlinks, website speed, and DA are four additional metrics that search
engines consider when evaluating a website before ranking it in the SERPs [382]. Organic keywords are
those for which websites are ranked in search engines’ organic SERPs [384]. Backlinks are links from
third-party websites to the target page that endorse that page [274]. Website speed is the time it takes
for a web page to fully download and load from the webserver to the user’s browser and it is measured
in seconds. DA is a Moz-developed search engine ranking score that forecasts a website’s strength and
its ability to rank in SERPs. The DA score is a numeric value between 1 and 100, with higher values
indicating a greater likelihood of ranking [367]. DA is not a metric that search engines can see. It
attempts to mimic how search engines rank web pages. In the majority of cases, the DA score is
indicative. The DA is critical when comparing it to other websites. Websites with a higher DA are more
likely to appear higher in SERPs than those with a lower DA.

Table 32 summarizes the web traffic metrics proposed as key performance indicators (KPIs) in
this study.

Table 32. Description of the examined web analytics metrics and suggested KPIs and Performance Measurements.

KPIs (Unit) Description

Organic  Traffic/Month | Organic search refers to the non-paid search results from a search

(number of organic | engine. These results cannot be bought or influenced by advertisers, so

visitors per month) they are the ones the search engine considers most relevant to the user’s
search query [386]. Organic traffic is described by the number of unique
visitors per unit of time resulting from users’ queries on search engines.

DA (score in the range [0- | DA score can be used when comparing websites or tracking the

100], integer) “ranking strength” of a website over time [20,367]. Websites with
higher DA are more likely to rank higher in SERPs than those with
lower DA. Search engines do not use the DA metric to rank web pages
to the search results. DA is a simulation metric made by Moz’s SEO
experts to model search engines’ algorithms behavior [20,293].

Website Speed (seconds) | Website speed refers to how quickly a browser can load fully functional
web pages from a given website.

Organic Keywords | Organic keywords are keywords used in SEO to attract “free” traffic.

(number of keywords) When a user types a keyword on the search engines, it returns as a
result websites which rank for this specific keyword [383]. SEO experts
are constantly trying to detect high-traffic keywords that users prefer
to search on search engines. The keywords are selected based on the
website’s niche. By creating landing pages, and using copywriting and
on-page SEO techniques, SEO experts attempt to rank the website to
specific keyword queries on search results. The more keywords rank
for, the higher organic traffic received. SEO software tools, such as
Ubersuggest [391], are used by SEO experts to monitor in which exactly
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keywords the website is ranking for and in which specific ranking
position.

Backlinks (number of | Backlinks are links that the considered page receives from other

backlinks) page(s). According to Google’s founders, anchored links are links to a
website containing the target keyword of the destination website.
Anchors often provide more accurate descriptions of Web pages than
the pages themselves [410]. Backlinks help secure a higher SERP
ranking [327]. Backlinks affect mostly the position of a website followed
by relevant content [387].

A performance indicator, also known as a key performance indicator (KPI), is a type of
performance measurement that assesses a business’s success in specific activities that it manages
[384,385]. Table 32 contains the KPIs examined in this study in addition to the web metrics. Monthly
traffic analysis is beneficial for exporting more accurate results about a website’s traffic and ranking
performance.

Sample Selection, Data Retrieval

We obtained data for this study from Google Maps and the Google Maps API [411]. The sample
consists of 309 Greek hotels” websites which have user ratings greater than three out of five stars. For
the above hotels” firms, data were collected concerning their websites” organic traffic, website speed,
number of organic keywords, reviews, and their DA. Sample considered as representative providing
with knowledge about the SEO applied by hotels as well as how this translated into traffic. Monthly
data collection from hotels websites allowed for a more precise examination and comprehension of web
metrics variance. The testing period has been extended to 12 months, with specific dates between
February 2021 and February 2022. Because this period corresponds to the COVID-19 transportation
restrictions, the results will provide a clear picture of the decline in bookings during this period.

We extended the PHP-based web crawler tool created in Sample Selection and Data Retrieval
section to collect samples that extracted information about each hotel listed on the Google Maps
website, including its legal name and website [16,20]. Following data extraction, we stored the entire
dataset in a MySQL database, later used to perform SEO checks [412].

The software tool created for the purpose of this study draws the dataset from Google Maps
API and stores each result in a MySQL database. It then traverses the dataset and, using cURL, extracts
the source code from each hotel’s website. The cURL project is computer software that includes both a
library (libcurl) and a command-line tool (curl) for data transfer over a variety of network protocols
[390]. Each of the fifteen SEO techniques discussed in Section 4.2 has its function that searches the
source code of the targeted website to determine whether the SEO Technique has been applied. Finally,
the database is updated with the results of the checks. Figure 66 illustrates the generated code and its
primary functions in detail.

require ('seo-techniques-functions.php'): ToDo'!

S$retrieve = retrieve data_ from google maps(); ToDo! Retrieve data from

Swebsites = create dataset array($retrieve); ToDo! Create an array with our da

foreach (Swebsites AS $id => S$Swebsite) { ToDo! Run through
Scurl results = do_curl website(Swebsite); ToDo! Do

$seo_checks = do_seo_checks ($curl results); ToDo! Do SEO

etElementsBvTaaName

Figure 66. PHP-based SEO software.

173



To supplement our research and to validate our findings, we used four third-party API tools:
the Mobile-Friendly Test Tool API the PageSpeed Insights API, the Mozscape API, and the
Ubersuggest Traffic Analytic tool. Each of these tools obtains the URL of the website and returns results
based on its measurements.

¢ The Google-created Mobile-Friendly Test Tool API validates a URL against responsive
techniques. It returns a list of any mobile usability issues that may affect a user visiting the page
on a mobile device [338].

o Google’s PageSpeed Insights API analyses the performance of a web page and provides
recommendations on how to improve various aspects of the page’s performance, including
page speed, accessibility, and SEO [378].

e The Mozscape API, developed by MOZ, accepts a website’s URL as an input and returns
accurate metrics such as DA [367].

e Ubersuggest, developed by Neil Patel, retrieves and returns a 360-degree view of any website’s
metrics and its sources [391].

After completing SEO audits on 309 hotels” websites, the exported data was imported into IBM
SPSS 27. IBM SPSS 27 is one of the most widely used statistical software for ad hoc analysis, hypothesis
testing, and predictive analytics. IBM SPSS Statistics is used by organizations to comprehend data,
analyze trends, forecast, and plan to validate assumptions and reach accurate conclusions [392]. A
descriptive analysis of various correlations confirmed the following research hypotheses. Finally, a
fuzzy cognitive map (FCM) was created to visualize the relationship between SEO techniques, traffic,
and backlinks, demonstrating the direct correlation between SEO techniques and traffic and, thus, with
hotels’ bookings and sustainability.

Problem Formulation and Research Hypotheses

Increased competition, the COVID-19 era, and global travel restrictions tend to increase
businesses’ efforts to be more efficient in their digital marketing campaigns. Hotels make extensive use
of every available tool, from copywriting to email marketing, social media marketing, and SEO, to reach
out to potential customers in various ways. By understanding the consumer habits of their audience,
hotel marketing agents develop marketing strategies to target this audience more effectively.

Hotels” websites are the primary source of bookings, and companies devote resources to
organizing and optimizing the efficiency and effectiveness of their websites. Their position on the
SERPs plays a crucial role in gaining organic visitors. The web page title, meta description, and even
the rich results must all be applied with care to earn the coveted click. The content, user interface, and
website speed work together to pique the visitor’s interest and convert them into loyal customers.
Given that hotel websites’ primary objective is traffic and conversion to clients, we define five
hypotheses and attempt to confirm them to expand practical knowledge about the significance and
impact of SEO on hotel websites traffic.

e Hypothesis 1 (H1). SEO techniques affect the amount of traffic that hotels” websites receive.

The primary objective of this study is to determine whether SEO has an impact on the amount
of traffic that hotels” websites receive. By deciding which SEO techniques hotels have implemented on
their websites and comparing the results to the increase in traffic, we can gain valuable insight into the
potential benefits of SEO techniques. As mentioned in Sample Selection, Data Retrieval section, a
dataset was selected from Google Maps consisting of 309 Greek hotels” websites, which have user
ratings greater than three out of five stars. Scanning and performing SEO tests on each website source
code, using our own developed software [412], we gather information regarding the SEO techniques
each website has implemented. Using third-party software tools described in Sample Selection, Data
Retrieval section, we scan each website, gathering information concerning their DA, website speed,
organic keywords, organic traffic, and backlinks. All the data collected is stored in an excel sheet. Using
the IBM SPSS 27 software, a descriptive analysis was conducted in order to find connections/patterns
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between SEO techniques used by websites and their organic traffic. The ultimate goal of this research
is to uncover which SEO techniques used by Greek hotels have a more positive effect on organic traffic,
assuming that the websites with the highest organic traffic have applied the appropriate SEO
techniques in their source code.

¢ Hypothesis 2 (H2). On-page SEO techniques affect the ranking of a hotel’s website.

Hypothesis 2 is a segment of Hypothesis 1, targeting the on-page SEO techniques. Our second
hypothesis is based on the effects of on-page SEO techniques on website ranking. Multiple keyword
targeting and on-page SEO techniques are assumed to increase organic results.

e Hypothesis 3 (H3). Off-Page SEO techniques—backlinks affect the ranking of a hotel’s

website.

Hypothesis 3 is a segment of Hypothesis 1, targeting the off-page SEO techniques. Hypothesis
3 examines off-page SEO techniques and their effect on the traffic to hotel websites. We assume that
creating backlinks to third-party websites will boost a website’s DA, which will result in higher
rankings in the SERPs.

¢ Hypothesis 4 (H4). Hotels’ organic keywords affect their website’s ranking.

We assume in Hypothesis 4 that organic keywords are valuable for the hotels” website,
resulting in higher SERP rankings and increased web traffic.

¢ Hypothesis 5 (H5). Hotels” backlinks affect their DA.

We assume in Hypothesis 5 that backlinks are intrinsically linked to DA.

4.10.3. Results

Data Normalization

In this section we examine the collected data. As mentioned in previous sections, our tool
performed SEO checks on 309 websites. The results were stored in excel so that we can use them in
further data analysis [413].

Collected data are separated into three Groups.

i.  Group 1: Metrics are checks performed by third-party tools and are not SEO techniques. The
contents of the Metrics Group are as follows: DA (integer 0 to 100), speed_test (decimal),
number of keywords (integer), and number of backlinks (integer).

ii.  Group 2: SEO Techniques are checks performed by our tool regarding the existence (or not) of
SEQO techniques on each website of the dataset. All metrics returned 1 if the SEO technique has
been applied to the website, 0 otherwise. The contents of the SEO Techniques Group are as
follows: images alt, links title, rss, sitemap, robots, headingl, heading2,
web ssl, meta description, opengraph, url seo friendly, amp, minified css,
minified js, title, structured data, and responsive test.

a. To extend the results of our research, by giving readers additional insights related to
SEO, we introduce two variables which are not SEO techniques but can be treated
statistically in the same way. The first variable is the well-known opensource CMS
WordPress. We present this variable to identify if WordPress CMS can provide better
results regarding SEO and organic traffic than other web platforms. The second
variable is the Yoast SEO plugin. Yoast SEO plugin is a WordPress extension that uses
advanced suggestion tools to help website’s administrator improve website’s content
and structure proposing changes such as keyword targeting, internal linking,
structured data, sitemap, etc. We present this variable to determine if the Yoast SEO
plugin can deliver better results regarding SEO and organic traffic if installed in a
WordPress CMS. In Group 2, two more parameters are added, «is_yoast» and «is_wp»,
with a value of 1 for those websites that use them and a value of 0 for those websites
that do not use them.

iii.  Group 3: Web Traffic (organic traffic) are the monthly statistical data collected for each website.

All web traffic data are integers and refer to websites” data for the last twelve months. The
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contents of the Web Traffic Group are as follows: traffic 1, traffic 2, traffic 3,
traffic 4,traffic 5 traffic 6,traffic 7, traffic 8, traffic 9 traffic 10,
traffic 11,and traffic 12.

Limitations

During the examination of the responsive test technique, it was found that the Mobile-
Friendly Test Tool API created by Google considers non-responsive those pages that have even one
non-responsive element. Manual checks revealed that these specific websites partially adopt responsive
techniques and have several elements in their source code that are non-responsive. These pages are
marked with the number 0 which means that they do not follow that specific SEO technique.
Additionally, in 22 out of the 309 websites, the speed measurements were performed manually with
the tool Pingdom website speed test by Solar Winds, because the PageSpeed Insights API by Google
could not operate speed test on these pages.

During the AMP and Sitemap SEO technique tests found that none of the websites have been
applied these techniques, although they are suggested by Google on Webmaster Guidelines [271].
Consequently, t-tests cannot be performed on these techniques excluding them from our final results.
We collected the monthly organic traffic for 12 months to have a more representative view of the
website traffic. For the data analysis that follows, we calculated the mean value of 12 months of organic
traffic for each website and saved it in a new column called Web Traffic. All the following comparisons
regarding web traffic refer to the mean value of organic traffic for each website.

Raw data collected from multiple websites do not convey any significant trends or the behavior
of the individuals before the corresponding analysis. Data analysis refers to the process of converting
the raw data into meaningful information, using the mathematical, statistical, or computational
algorithms for better comprehension [394]. For the quantitative data analysis, some major steps need
to be considered to firmly execute the assessment and generate the intended results. The procedure
consists of two major steps: (1) reviewing the data by descriptive analysis and (2) conducting inferential
and descriptive statistics to answer the research questions [395]. The study is presented in the following
sections of the chapter and each section is intended to answer the research questions as the analysis
must be aligned with the research objectives.

Descriptive Statistics

Descriptive analysis helps to describe, demonstrate or summarize the collected data in a
constructive manner so that the trends and patterns can be easily observed and analyzed [396]. Mean,
median, mode, standard deviation, skewness, and kurtosis are some of the important measures. Mean,
median and mode measure the central tendency of the variable to typify the whole set of data [414].
Similarly, skewness is the measure of the degree of lopsidedness in the distribution on the frequency,
and kurtosis is the measure of the degree of tailedness in the frequency distribution [415]. Standard
deviation measures the risks, volatility, scatteredness, or variability in the data [416]. Table 33 indicates
that the maximum web traffic, DA, speed test, keywords and backlinks of this study are 1,058,500, 90,
15.4, 2,898,545 and 32,965,989, respectively. The values of skewness or kurtosis within —1.5 and +1.5 are
considered right skewed distribution of the data [397].

Table 33. Descriptive statistics on SEO metrics.

N Minimum Maximum Mean  Std. Deviation Skewness Kurtosis
Statistic Statistic Statistic Statistic Statistic Statistic Std. Error  Statistic Std. Error
Web Traffic 309 2 1,058,500.00 7939.3091  69,130.01356 13.320 0.139 188.769 0.276
DA 309 3 90 28.81 11.472 0.907 0.139 4.153 0.276
Website Speed 309 0.4 15.4 3.501 2.5462 1.781 0.139 3.589 0.276
Organic Keywords 309 0 2,898,545 27009.03 263236.714 10.153 0.139 102.411 0.276
Backlinks 309 3 32,965,989.00 218,197.9773 2,315,388.35 12.246 0.139 157.348 0.276
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Inferential Statistics

Inferential statistics refers to the procedure of using data analysis to infer attributes of an
underlying probability distribution. Inferential statistics deal with the information acquired from the
sample of the population to draw conclusive statements about the entire population [399]. Inferential
statistics make use of statistical models to compare the sample data to that of earlier studies. It varies
from descriptive statistics in that it allows one to draw conclusions based on extrapolations rather than
merely reporting the data that has been seen, like descriptive statistics does [399]. From our hypotheses,
we assume that SEO Metrics and SEO Techniques are positively affecting the dependent variable Web
Traffic. Using inferential statistics, we compare each SEO metric and technique against the web traffic
and —without loss of generality —we extend the corresponding conclusion to the larger population.

Impact of SEO Techniques Group on the Web Traffic

At this point, 15 different t-tests were performed for each one of the 15 SEO techniques (Group
2) using the SPSS 27 software by IBM. After this, the t-tests mean values observed. The mean value is
equal to the sum of all the values in the data set divided by the total number of values. The “YES” mean
reflects the average web traffic from the websites that applied the technique. The “NO” mean reflects
the average web traffic from the websites that have not applied the technique. If the “YES” mean is
greater than “NO” mean the websites which have implemented this technique in their source code have
greater traffic and the technique is valuable for the website. Another component to consider when
comparing Yes or No is the p-value. In statistics, the p-value is the probability of obtaining results at
least as extreme as the observed results of a statistical hypothesis test, assuming that the null hypothesis
is correct. The p-value is used as an alternative to rejection points to provide the smallest level of
significance at which the null hypothesis would be rejected. A smaller p-value means that there is
stronger evidence in favor of the alternative hypothesis [400]. A p-value less than 0.05 (typically < 0.05)
is statistically significant. A p-value higher than 0.05 (>0.05) is not statistically significant and indicates
strong evidence for the null hypothesis [401]. The results from 2 of 15 t-tests are presented in detail
below, and the rest are presented briefly in Table 36 for the sake of brevity.

Table 34. Independent t-test on the meta description technique.

Mean (Number of Visitors per Month) Standard Deviation (Number of Visitors per Month)
Yes (n =193) No (n =116) Yes (n =193) No (n =116)

Technique t-Value p-Value

Meta Description 8739.23 6608.39 77063.28 53677.81 -0.262 0.02

Impact of meta description technique on the web traffic

e HO. There is no difference in websites traffic due to the meta description technique (null
hypothesis).

e HI1. There is a difference in websites traffic due to the meta description technique.

In this study, an independent samples t-test is applied to draw a comparison of the mean web
traffic between websites that implement meta description technique (n =193) and websites that did not
implement the meta description technique (n = 116) (Table 34). The t-test was statistically significant,
with the mean web traffic of meta description technique-implemented websites (M = 8739.23, SD =
77,063.28) being higher than the meta description technique unimplemented websites: (M = 6608.39, SD
= 53,677.81), t =-0.260, p < 0.05, two-tailed. Therefore, the null hypothesis, HO, which states that there
is no difference in websites traffic due to the meta description technique, can be rejected. Consequently,
it can be concluded that websites which have implemented the meta description technique have greater
traffic, and by extension, this technique is valuable for the websites.

Table 35. Independent t-test on the Robots.txt technique.

Technique Mean (Number of Visitors per Month) Standard Deviation (Number of Visitors per Month) t-Value p-Value
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Yes (n =196) No (n=131) Yes (n =196) No (n=131)

Robots.txt 6094.49 11,139.16 42,905.73 99,602.74 0.617 0.04

Impact of Robots.txt technique on the web traffic
e HO. There is no difference in websites traffic due to the Robots.txt technique (null hypothesis).
e HI1. There is a difference in websites traffic due to the Robots.txt technique.

In this study, an independent samples t-test is applied to draw a comparison of the mean web
traffic between websites that implement the Robots.txt technique (n = 196) and websites that did not
implement the Robots.txt technique (n=131). The t-test was statistically significant, with the mean web
traffic of robot technique-implemented websites (M = 6094.49, SD = 42,905.73) being lower than the
robot technique unimplemented websites: (M =11,139.16, SD = 99,602.74), t = 0.617, p < 0.05, two-tailed.
Therefore, the null hypothesis that there is no difference in websites traffic due to the robot technique
was rejected. Therefore, it can be concluded that websites that have implemented Robots.txt technique
have failed to reach more web traffic and the null hypothesis HO cannot be rejected.

Table 35 presents the 15 t-tests performed for the 15 corresponding SEO techniques. In the last
column of Table 35, the SEO techniques that resulted in providing a positive impact on the traffic are
marked as 1, while the techniques that do not have a significant contribution to the traffic are marked
as 0. At the end of Table 36, two more t-tests were performed regarding WordPress CMS and Yoast
SEO against the dependent variable Web Traffic.

Table 36. T-test on 15 SEO Techniques.

. Mean (Number of Visitors per Month) Standard Deviation (Number of Visitors per Month) Valuable
Technique t-Value p-Value —
Yes No Yes No

Meta Description 8739.23 6608.39 77,063.28 53,677.81 -0.262 0.02 1
Image Alt 16,867.69 1791.89 107,719.97 4978.16 -1.892 0.03 1
SEO friendly URL 7964.38 215.42 69,241.10 0 -0.112 0.01 1
Minified CSS 19,867.59 2315.97 121,203.18 743448 -2.094 0.00 1
Title 10,237.10 1883.92 81,027.66 6470.74 -0.948 0.00 1
Structured data 13,017.17 5092.62 101,275.80 41,495.26 -0.967 0.00 1
Responsive 11,117.37 1764.77 84,892.54 5268.46 -1.127 0.02 1
Headingl 9941.26 4105.36 84,441.15 16,683.35 -0.704 0.04 1
Heading?2 9711.04 6061.27 84,777.06 47,439.21 -0.463 0.00 1
SSL 8324.65 386.56 70,855.70 563.44 -0.433 0.01 1
Open graph 9066.93 6680.37 83,100.83 49,322.96 -0.303 0.02 1
Link Title 11,925.11 6877.51 71,897.13 68,486.96 -0.522 0.00 1
RSS 29,721.21 2690.65 154,236.56 11,543.47 -2.74 0.00 1
Robots 6094.49 11,139.16 42,905.73 99,602.74 0.617 0.04 0
Minified JS 23,685.24 2251.34 132,989.81 7181.28 -2.425 0.00 1
Is WordPress 2697.31 13,568.29 12,955.12 98,506.26 1.383 0.168 0
Is Yoast 2762.92 9511.88 7731.00 78,792.80 0.725 0.469 0

Impact of SEO Metrics Group on the Web Traffic

Regression is a statistical technique to formulate the model and analyze the relationship
between the dependent and independent variables. It aims to study the degree of relationship between
two or more variables. This is achieved with the help of hypothesis testing.

In this part of our research, three different tests, one-way analyses of variance (ANOVA),
coefficients and scatterplots, were performed for each of the four Metrics (Group 1) using the SPSS 27
software by IBM. After the analysis, it is intended to determine the relationship between Metrics and
Web Traffic.

The one-way ANOVA is used to determine whether there are any statistically significant
differences between the means of two or more independent (unrelated) groups, or not. Unstandardized
coefficients indicate how much the dependent variable varies with an independent variable when all
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other independent variables are held constant. A simple scatterplot can be used to (a) determine
whether a relationship is linear, (b) detect outliers and (c) graphically present a relationship between
two continuous variables [402].

The null and alternate hypotheses remain the same as the Techniques.
e HO: [Metric] doesn’t have positive impact on the web traffic.
e H1: [Metric] has a positive impact on the web traffic.
The model summary table reports the strength of the relationship between the model and the
dependent variable (Table 37).

e DA: The regression model summary has been explained by 16.7% in variability of the web
traffic, R2=0.167, adjusted R?= 0.165.

e Website Speed: The regression model summary has been explained by only 0.1% in variability
of the web traffic, R2 = 0.001, adjusted R2=-0.002.

¢ Keywords: The regression model summary has been explained by 72.7% in variability of the
web traffic, R2=0.727, adjusted R? = 0.726.

e Backlinks: The regression model summary has been explained by 45.2% in the variability of the
web traffic, R2=0.452, adjusted R2? = 0.450.

Table 37. Model Summary. Strength of the relationship between the model and the dependent variable.

Metric Model R R Square Adjusted R Square  Std. Error of the Estimate
DA 1 0.409 0.167 0.165 63,180.47283
Website Speed 1 0.037 0.001 -0.002 69,195.23812
Organic Keywords 1 0.853 0.727 0.726 36,191.48936
Backlinks 1 0.672 0.452 0.450 51,279.24795

The ANOVA table represents the overall significance of the model, which is determined by the
web traffic (Table 38). The F ratio is the ratio of two mean square values. Degrees of freedom (DF) of
error has been calculated by Total sample (n = 309)-2 = 307 and total DF has been calculated by Total
sample (n =309)-1 = 308.

e DA: TheresultshowsF (1, 307) =61.738, p <0.05, which suggests the model is highly significant.
Therefore, the independent variable in this model is related to the dependent variable.

e Website Speed: The result shows F (1, 307) = 0.420, p > 0.05, which suggests the model is not
statistically significant. Therefore, the independent variable in this is not related to the
dependent variable.

e Keywords: The result shows F (1, 307) = 816.754, p < 0.05, which suggests the model is highly
significant. Therefore, the independent variable in this is related to the dependent variable.

e Backlinks: The result shows F (1, 307) = 252.759, p < 0.05, which suggests the model is highly
significant. Therefore, the independent variable in this model is related to the dependent
variable.

Table 38. ANOVA results. Overall significance of the model.

Model Sum of Squares df Mean Square F p-Value
DA Regression 246,445,253,450.713 1 246,445,253,450.713 61.738 0.000
Residual 1,225,474,049,215.856 307 3,991,772,147.283
Total 1,471,919,302,666.569 308
Website Speed Regression 2,009,142,195.171 1 2,009,142,195.171 0.420 0.518
Residual 1,469,910,160,471.398 307 4,787,980,978.734
Total 1,471,919,302,666.569 308
Organic Keywords  Regression 1,069,803,364,626.086 1 1,069,803,364,626.086 816.754 0.000
Residual 402,115,938,040.483 307 1,309,823,902.412
Total 1,471,919,302,666.569 308
Backlinks Regression 664,643,992,835.479 1 664,643,992,835.479 252.759 0.000
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Residual 807,275,309,831.090 307 2,629,561,269.808
Total 1,471,919,302,666.569 308

The coefficient table represents how much the dependent variable is expected to increase when

that independent variable increases by one, holding all the other independent variables constant [403]
(Table 39). When interpreting the coefficient table, the B variable is important, representing the increase
in the dependent variable as soon as the independent increases by one unit. On the other hand, the beta
variable compares the strength of the effect of each individual independent variable to the dependent
variable. The higher the value of the beta coefficient, the stronger the effect, based on absolute numbers

[404].

DA: When the beta value of DA is increased by one-unit, web traffic will have increased by
2465.645 visitors per month. Therefore, DA does not have a positive impact on the web traffic
null hypothesis is rejected. It can be concluded that the DA scores have a significant positive
effect on the web traffic.

Website speed: Since the p value of the following table is greater than 0.05, the impact of speed
is not statistically significant. Therefore, the null hypothesis that speed test does not have a
positive impact on the web traffic is true and can’t be rejected.

Keywords: When the beta value of keywords is increased by one-unit, the web traffic increases
by 0.224 visitors per month. Therefore, keywords do not have a positive impact on the web
traffic, and thus, the null hypothesis is rejected. It can be concluded that the keywords have a
significant positive effect on the web traffic.

Backlinks: When the beta value of backlinks is increased by one-unit, the web traffic increases
by 0.020 visitors per month. Therefore, backlinks do not have a positive impact on the web
traffic, and thus, the null hypothesis is rejected. It can be concluded that the backlinks have a
significant positive effect on the web traffic.

Table 39. Coefficient results. Results show how much dependent variable is expected to increase when that

independent variable increases by one.

Model B Std. Error Beta t p-Value
(Constant) 63,093.600 9728.574 6.485 0.000
DA 2465.645 313.800 0.409 7.857 0.000
(Constant) 4427.210 6700.015 0.661 0.509
Website Speed 1003.086 1548.492 0.037  0.648 0.518
(Constant) 1892.320 2069.706 0.914 0.361
Organic Keywords 0.224 0.008  0.853 28.579 0.000
(Constant) 3561.608 2930.141 1.216 0.225
Backlinks 0.020 0.001  0.672 15.898 0.000

Scatterplots are essential for identifying trends and patterns. In a scatterplot, each observation

(or point) has two coordinates [405]. The strength of the link between the variables is determined by
calculating the correlation coefficient. The plot shows the first variable’s value on the X axis and the
second variable’s value on the Y axis for each data point [406]. The relationship between two
quantitative variables is shown in a scatter plot (Figure 67).

DA: The following graph indicates the coordinates of DA and web traffic, since the web traffic
has been gradually increased because of the increase in DA scores, a indicating linear
relationship between DA and the web traffic.

Keywords: The following graph indicates that the more keywords that have been used in the
website, the more traffic it will get. Therefore, there is a strong positive linear relationship
between keywords and web traffic.

Website speed: The following shows the relationship between speed test and web traffic. It
shows that the increase in speed test does not result in a proportional increase or decrease in
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the web traffic. Therefore, there is a constant and nonlinear relationship between these two
variables.

e Backlinks: Like keywords, the following graph indicates the more backlinks that have been
used in the website, the more traffic it will get. Therefore, it can be concluded that there is a
strong positive linear relationship between keywords and web traffic.

We used exactly the same data analysis methodology as the SEO metrics to identify the
correlation between backlinks and DA. The findings of the regression model have found that backlinks
have a strong connection with DA. When the beta value of backlinks is increased by one unit, on
average, the DA will increase by 2.214 units.

F2 Linear = 0.727
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Figure 67. Scatterplot of each Metric by web traffic.

Diagnostic Exploratory Model Development

Results of the t-tests on SEO Techniques and of the ANOVA, coefficients and scatterplots on
SEO Metrics present significant relationships with the Web Traffic. Thus, we aim to provide additional
insights to marketing strategists over the impact of SEO Techniques and Metrics usage on hotels’
websites, in favor of their digital marketing strategy. Therefore, we deployed fuzzy cognitive mapping
(FCM), which will implement selected web metrics of both SEO Techniques and Metrics depicting the
relationships to Web Metrics, so as to obtain a more adaptive model for process assessment. Fuzzy
cognitive mapping deploys a descriptive and consolidated stochastic classification methodology,
mainly used to represent the correlations between hotels” web metrics [407]. We use the orange color
to mark the SEO Techniques, green color to mark the SEO Metrics, and blue color to mark the hotels’
Web Traffic. Blue arrows in Figure 68 illustrate variables with positive relations with Web Traffic, and
black arrows illustrate variables with neutral relations with Web Traffic. Development of the FCM has
been conducted via the Mental Modeler cloud-based application [408].
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Figure 68. Using fuzzy cognitive map to locate the correlations between SEO Techniques/Metrics and Web
Traffic.

Fuzzy cognitive maps are fuzzy graph structures that represent causal reasoning. Exploratory
modelling implementation is vital when digital marketing agencies need to make a decision or a digital
marketing plan [409].

As we notice in Figure 68, most of the SEO Techniques and Metrics positively affect Web
Traffic. Some of them have a relationship with each other, such as Backlinks and DA.

4.10.4. Discussion

The primary objective of this study is to develop a precise methodology grounded in a
pioneering context, to provide actionable insights into the use of SEO and its contribution to the growth
of hotels” web traffic and sustainability. We retrieve hotel data from Google Maps API using a tool we
developed. We performed SEO checks on each hotel’s website (309 in total), evaluating the SEO
techniques implemented in their source code. We also collected data for each hotel’s website using four
SEOQ third-party APlIs, including 12-month web traffic, DA, website speed, and organic keywords. The
average DA of our dataset’s hotels” websites is 28, the average page load time is 3.5 s, and the average
monthly web traffic is 7939 users.

We used descriptive analysis and t-tests to determine the relative contribution of each
technique and metric to hotel web traffic.

Figure 69 illustrates the adoption rates of SEO techniques and hotel websites. The majority of
hotels” websites implemented SEO techniques such as SEO-friendly URLs (99.68%), SSL certificates
(95.15%), title tag (72.49%), and Heading 1 (65.70%). As previously stated, the AMP and Sitemap SEO
technique tests revealed that none of the hotels” websites utilized these techniques, even though Google
recommends them in its Webmaster Guidelines [271]. The descriptive analysis also uncovered that
hotel websites that are based on the open-source CMS WordPress (51.78% of our dataset) do not present
more organic traffic than other websites. Additionally, the websites that use the Yoast SEO plugin
(23.30% of our dataset) do not show more organic traffic than the other websites, which is in contrast
to the so-called plugin that promotes SEO.
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Figure 69. SEO Techniques adoption percentage.

Section 4.10.3 confirms the research hypotheses listed in Problem Formulation and Research
Hypotheses section by conducting descriptive, regression, and t-test analysis. Our study demonstrates
that on-page SEO has a sizable impact on the hotels” website traffic. The same is true for off-page SEO,
where we confirm that backlinks affect hotels” websites. More precisely, increasing the beta value of
backlinks by one unit results in an increase in web traffic of 0.020 visitors per month. When the beta
value of keywords is increased by one unit, the hotels” web traffic increases by 0.224 visitors per month.
On the contrary, despite being mentioned as a critical SEO factor in Section 4.4.2, website speed appears
not to affect hotels’ web traffic. Additionally, our analysis revealed a strong correlation between
backlinks and DA.

4.10.5. Section Conclusion

Travel restrictions and decline during the COVID-19 era have compelled hotel companies to
develop new digital marketing strategies to compete with rising competition. The majority of hotels
have invested in SEO to improve their online visibility, attract more visitors, and increase bookings
through their service-oriented e-commerce platforms.

This study aims to ascertain the SEO strategies used by hotels” websites. We scan each website’s
source code, mining the corresponding SEO techniques used by hotels, using our own-developed tool.
Simultaneously, we collect valuable time-accurate data from four third-party APIs, including DA,
organic keywords, backlinks, and 12-month web traffic. Meanwhile, through our data analysis, we
determine the most widely used SEO techniques and the impact on the traffic to hotels” websites. We
conclude that SEO techniques and metrics strongly correlate with web traffic, which results in increased
conversions and bookings for hotels.
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4.11. The Search Engine Optimization Story of an old-fashioned E-commerce

4.11.1. Section Summary and Significance of the Study

As mentioned in previous sections, SEO encompasses a set of techniques and principles
employed on websites to enhance their search performance and rankings. [417]. The SEO strategy aims
to achieve a higher ranking for the website in specific keywords and to boost its organic visitors [418].
Section 4.2 and Section 4.3 present some of the most crucial SEO techniques. In this section, we apply
these previously discussed SEO techniques to a live E-commerce to assess and validate their impact on
organic traffic. Following the implementation of these SEO techniques, organic traffic increased by
782%, and the E-commerce currently ranks on the first page of search results for multiple keywords.

4.11.2. Materials and Methods

To demonstrate the effectiveness of the aforementioned techniques and technologies, SEO was
applied to a live E-commerce. This E-commerce (palaio.gr) and the associated company actively engage
in the sale and restoration of old objects. The primary objective of the E-commerce platform was to
boost sales by showcasing its products on the Internet.

The legacy website, created in 2011 using a content management system (CMS) from that era,
faced challenges despite the webmaster’s efforts to increase website traffic. Daily uploads of new
products and content did not yield the desired success. Even after multiple AdWords campaigns, the
website only managed to reach the 4th page, specifically position 37, in Google searches for the
keyword “IlaAaiomwAeio” (translated to “Antique Store” in English). Additionally, many of the
website's products were not even indexed by search engines, making them difficult to find using
keywords other than the keyword “Antique Store”. In 2011, users did not frequently use mobile devices
to search the Internet, which did not negatively impact the website's search engine ranking until 2016.
However, with more than 25% of users browsing the Internet via mobile devices since 2016, traffic and
sales fell dramatically, due to the absence of a mobile-friendly version of the website. By the end of
2018, the website received a maximum of 118 people per week, as illustrated in Figure 70. The business
owner's goal was to attract more organic visitors and convert them into internet sales. Ensuring that
visitors could browse the website seamlessly on mobile devices, smartphones, and tablets became
imperative. Furthermore, the website needed to load faster and achieve rankings not only for the
keyword “Antique Store”, but also for related contextual keywords.
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Figure 70. Organic Traffic per Day Before SEO Implementation - Statistics Exported from Google Analytics

4.11.3. Search Engine Optimization Results

At the beginning of 2019, a new E-commerce website for the business was launched on the
same domain name. The newly developed website intentionally did not use any CMS platform. It was
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crafted using responsive web technologies, incorporating custom HTML/CSS, JavaScript/jQuery, PHP,
and MySQL to ensure a lighter and more user-friendly experience. Despite being created from scratch,
featuring enhanced mobile responsiveness and a modern appearance, we deliberately retained the
previous appearance, to avoid surprising returning visitors. For instance, we did not alter the positions
of items such as menus and the search bar, striving to design the home page to closely resemble the old
one. Simultaneously, throughout the development phase, we implemented all the SEO techniques and
technologies outlined in Sections 4.2, 4.3, and 4.4.

Responsive Design - Mobile-Friendly Design

According to the statistics gathered by Google Analytics for the website, it is evident that
during the last week of 2018, 55% of users visited the website from desktop or laptop, 34% from
smartphones, and 11% from tablets. As of July 2019, 42% of users access the website from desktop or
laptop, 49% from smartphones, and 9% from tablets. The implementation of responsive design on the
website has likely contributed to an increase in both traffic and session duration.

Keyword Ranking

At the beginning of 2019, the website was positioned in the middle of the 4th page in searches
using the keyword “Antique Store” (actually for the corresponding Greek term, i.e., “ITaAaiomwAelo”).
Presently, the website holds the first position in searches on the first page of Google. Through keyword
analysis and comprehensive SEO applied to the website, it has achieved the top position in searches for
numerous Greek keywords such as “old jar” (i.e., “maAod mOaol” in Greek), “old furniture” (i.e.,
“nadond érumAa” in Greek), and many others. To determine the website's ranking for these keywords,
searches were conducted in Google’s search engine. It's worth noting that searches conducted within
Greece may yield location-specific results. To address this, searches were performed using the
Anonymouse.org site, was used for searches, which employs proxy servers to protect the location and
personal data of searchers.

Structured Data

Many users use images to make purchasing decisions. Thanks to the implementation of
microdata application on the new website, every image on the website now appears in Google searches
as a product, complete with its own price and title. This also applies to product listings, where the price
is now visible, as depicted in Figure 71.
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Figure 71. Structured Data Results.

Accelerated Mobile Page

Following the implementation of AMP technologies, the website experienced an increase in
visits from mobile device users. It was observed that the load time as well as the page size of the AMP
page are significantly lower compared to those of the non-AMP website. According to Pingdom, the
website speed reduced to 1.31s and the AMP page load time to 427ms.

Open Graph Protocol

With the application of the Open Graph Protocol on the website [354], there was a substantial
improvement in indexing.. Figure 72 illustrates the difference in indexing between Meta Tags and OG

Tags.
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Figure 72. Indexing Results between Meta Tags and OG Tags

4.11.4. Section Research Findings and Discussion

At the end of 2018, the website had 118 weekly visitors. Currently, it receives 1041 visits per
week, indicating an impressive 782% increase in organic traffic following the implementation of SEQ,
as depicted in Figure 73. Weekly measurements provide a more representative respective compared to
daily measurements. Nevertheless, daily measurements are also presented below, to examine the
variance in Organic Traffic in more detail.
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Digging deeper, on December 27, 2018, the website had only 38 visitors. Seven months later,
on July 27, 2019, the visitor count increased to 156 guests daily. This represents a remarkable 310%
surge in organic traffic following the SEO implementation on the website as illustrated in Figure 74.
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Figure 73. Organic traffic per week - statistics exported from google analytics
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Figure 74. Organic traffic per day - statistics exported from google analytics

The substantial variation in traffic from week 9 to week 15 can be attributed to the
implementation of Google Adwords advertising. At the conclusion of the 9th week, prior to the
initiation of the Google Adwords promotion, the website had 714 weekly visitors. It was observed that,
after the conclusion of the campaign at the end of the 15th week, the weekly visitor count dropped to
632. Contrary to the anticipated increase in organic traffic, following the paid advertising campaign,
the website experienced a decrease to 632 visitors per week, reflecting an 11.48% decline in traffic.
Subsequently, the organic traffic gradually increased once again.

4.11.5. Section Conclusion

In a competitive environment, every website must enhance itself in order to attract more
visitors. SEO plays a crucial role in helping these websites increase their organic traffic. To assess
whether SEO techniques and technologies bring about real and effective results, they were applied to
a live E-commerce platform. The results of a seven-month period were observed using the Google
Analytics platform, and the final outcomes were extremely positive for all aspects, including organic
traffic, page ranking, and user experience.
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5. The Accelerated Mobile Pages (AMP) and its contribution to Web
Traffic in the realm of E-commerce

Adapted from:

Roumeliotis, K.I.; Tselikas, N.D. Accelerated Mobile Pages: A Comparative Study. International Conference
on Business Intelligence and Modelling. Springer Proceedings in Business and Economics. Springer, Cham
2021, 57-63. https://doi.org/10.1007/978-3-030-57065-1_5

5.1. Section Summary and Significance of the Study

Over the last decade, the number of mobile subscriptions has rapidly grown, surpassing 7.7
billion by late 2017 [27]. Despite this rapid growth, the overall user experience for mobile users remains
suboptimal. For instance, some web pages load slowly, and others do not utilize responsive design
technologies. Following discussions with news publishers and technology companies, aimed at
improving the performance of the mobile web, Google announced the AMP project in October 2015
[419].

AMP is an open-source HTML framework that provides a straightforward way to create web
pages that are fast, smooth-loading, and prioritize user experience above everything else [347]. By May
2017, Google reported that 900,000 websites were publishing AMP pages, with more than two billion
AMP pages published globally. Additionally, AMP usage reduces bandwidth consumption from image
by 50% without compromising perceived quality [27].

AMP pages first appeared to web searchers in February 2016 when Google began showing
AMP versions of webpages in SERPs. By September 2016, Google started linking to AMP content in the
main mobile search results area. AMP pages are displayed in the same way as non-AMP pages. To
distinguish between them, Google added a lightning strike icon before the search result [27].

In this chapter, we present how the AMP project works, the requirements to categorize a web
page as an AMP, as well as the impact of AMP on webpage loading speed. Furthermore, we have
implemented AMP technologies into a real-life E-commerce project and present a comparison between
Organic and AMP traffic, respectively.

5.2. AMP Usage and Restrictions

5.2.1. How AMP works

AMP, like any other web app, comprises of three components: HIML, CSS, and JavaScript
code. However, AMP pages are subject to certain restrictions. Google bots constantly scan the web to
discover and index new web pages to the search results - a process known as spidering. When a new
web page is found, the bot crawls its content and uses it to rank the page in search results. In contrast,
when a Google bot detects that a web page uses AMP technologies or has an AMP alternative page, it
caches its source code on a Google server. If a Google user searches for a keyword on a mobile device,
the Google search engine displays the AMP version of the website in the search results instead of the
non-AMP page. Upon accessing the AMP page, the user receives the cached web page from the Google
server, accompanied by a built-in validation system that ensures the web page’s functionality [28].
Figure 75 outlines the caching process.
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Figure 75. Procedure of caching.

5.2.2. AMP Restrictions and Components

To begin with, AMP pages consist of the AMP ]S library, which is placed first after the HTML
tag, along with built-in components, extended components, as well as custom scripts and styling
components.

Regarding the built-in components, many HTML tags differ on an AMP page, resulting in some
restrictions [25]. For instance, an image tag is defined as <amp-img> and the optional tags (alt,
width, height, or layout = “responsive”) are required to display the image correctly.

The primary goal of the AMP project was to create a lightweight page without unnecessary
code. Consequently, the AMP team created extended free components to introduce new styling and
functionality features to the existing AMP code.

To load as quickly as possible, an AMP page does not have any external styling files embedded
in its <head> HTML tag. All CSS scripts should be posted in-line within an amp-custom <style> tag,
as illustrated in Figure 76 [26]. Conversely, there is the option to load external custom components—
JavaScript files, such as the jQuery library with some restrictions (Figure 77). The JavaScript file is pre-
cached by Google servers and can only be executed within the rendered area of the amp-script tag.
This approach ensures that no custom JavaScript will slow down the web page, loading the amp-
script after the overall loading of the AMP content [28].

amp-custom
Figure 76. AMP in-line CSS styling.

amp-script https://domain.com/file.js

Figure 77. AMP external JavaScript.

Every AMP page must have a different URL than the non-AMP page (Figure 78).

The non-AMP page needs to include a canonical link and an alternative AMP link tag in its
header to be discovered by Google bot, as outlined in Figure 79. Conversely, the AMP page should
contain the canonical link tag, directing back to the regular non-AMP version.
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Figure 78. AMP URL structure.
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Figure 79. AMP html and canonical link tag.

5.3. AMP Impact to a Real-Life E-commerce

This section presents an original research involving the implementation of an AMP project on
a real-life e-commerce platform. The statistical results for the 12-months period following the AMP
implementation were collected from the Google Analytics platform.

5.3.1. AMP Speed Performance

After creating the AMP page, we measured the load time for both AMP and non-AMP
counterpart (Figure 80). The results demonstrated that the AMP load time is 82% less than that of the
non-AMP, respectively. In practical terms, the website owner has saved more than 7.2 GB in traffic
usage in a single year. This substantial difference is attributed to the built-in AMP JS library, ensuring
the fast rendering of AMP HTML pages [25].

Load time Page size
Non-AMP Webpage 1.67s 2.8 MB
Load time Page size
AMP Webpage 302 ms 438.3 KB

Figure 80. AMP vs non-AMP webpage speed.

5.3.2. Comparing Organic Traffic with AMP Traffic

SEO is the science of optimizing web pages and content to increase organic traffic. SEO often
involves making small modifications to various parts of the website [295]. While these individual
modifications might not have a significant impact on organic traffic, combining SEO techniques with
quality content certainly will [288].

On the other hand, AMP visitors contribute to AMP traffic, characterized by Google as referral
traffic. According to Google's definition of referral, any external page that sends traffic to our website
is counted as a referral.

A twelve-months comparative analysis between organic traffic and AMP traffic is presented in
Figure 81.
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Figure 81. AMP vs organic traffic.

From the statistic results, we can conclude that AMP traffic is much lower than organic traffic.
However, when combining the two, overall website traffic, and, for instance, e-commerce sales
increased. The goal of every SEO campaign is to enhance website traffic while ensuring visitor
satisfaction. The AMP project, with its mobile-friendliness and fast load time, can satisfy returning
visitors and attract new organic ones.

An analysis of the results reveals that the AMP project has both pros and cons, as shown in
Table 40. Even though the number of pros and cons is equal, the benefits of using the AMP project
create valuable traffic, making the disadvantages less significant. On the other hand, the AMP platform
should be more attractive to developers and provide them with additional features, such as the use of
external style-sheets, to enhance the final appearance.

Table 40. Pros and Cons of using AMP project.

Pros Cons

Less load time It provides fewer results than Organic Traffic

Mobile-friendliness Updating is required for two webpages when updates
announcements are made

Better rankings on search results Implementation incurs additional costs

More satisfied mobile users Appearance and effects may be sacrificed for usability.

More Traffic and Potential Customers AMP traffic is not considered actual organic traffic

Traffic and Web server resources saving AMP traffic is the type that brings customers, not just visitors

5.4. Section Conclusion

The e-commerce environment is evolving day by day, with new technologies continually
emerging. To thrive in the fierce competition, e-commerce platforms must adapt and incorporate these
innovations. The Google AMP project has been developed to assist e-commerce in attracting more
mobile users and satisfying the returning ones. In this chapter we presented how AMP project works
and outlined the specifications that a web page must adhere to, in order to be classified as AMP. We
also implemented AMP techniques on a live e-commerce web site, presented the results over a twelve-
months period gathered from the Google Analytics platform, and concluded by outlining the
corresponding pros and cons of utilizing the AMP project.
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Conclusion

This thesis explores strategies and technologies aimed at fostering a highly optimized,
accessible, and sustainable web and E-commerce landscape. The investigation involved creating
software tools in both PHP and Python programming languages, leveraging advanced LLMs and NLP
to automate previously challenging e-commerce processes. To validate and amplify the findings, the
research employed data analysis tools, predictive modeling techniques, and ML algorithms. The
integration of these diverse technologies results in an E-commerce ecosystem poised not only to
withstand but also to thrive in the face of future intense competition.

In Chapter 2, the exploration revolves around the seamless integration of LLMs into the realm
of E-commerce, emphasizing the utilization of their advanced Al and NLP capabilities to automate
various e-commerce processes. The initial inquiry focuses on NLP and its proficiency in
comprehending human language, specifically within the context of the GPT Architecture. The study
delves into the groundbreaking utilization of transformers and self-attention mechanisms during the
pre-training phase, which involves the training of GPT models with billion parameters and their
subsequent adaptability for fine-tuning in domain-specific tasks.

This study specifically scrutinized notable models such as GPT-3.5, GPT-4, and LLaMA-2,
exploring their integration into E-commerce and the potential enhancements they could bring,
particularly in terms of automation, with the aim of elevating both the functional and customer-centric
aspects of e-commerce. It's noteworthy that the exploration extended beyond LLMs, encompassing
renowned NLP models such as BERT and RoBERTa. Additionally, the study delved into unsupervised
and supervised learning algorithms, including k-means clustering, content-based filtering (CBF),
hierarchical clustering, as well as logistic regression and neural network algorithms.

The conducted studies covered diverse topics such as sentiment analysis, recommender
systems, sustainable purchasing decisions, and churn modeling. Specifically, the research proposed
leveraging well-known LLMs such as GPT-3.5 and LLaMA-2 models for product review evaluation.
Following fine-tuning, a comparative analysis demonstrated the superiority of LLMs in performing
sentiment analysis tasks. Furthermore, the research suggested employing GPT-4 as an evaluation tool
for unsupervised models, highlighting its efficacy in discerning contextual meanings in recommender
systems. Additionally, the study proposed utilizing GPT models to reveal sustainable product
characteristics, thereby promoting sustainable purchase decisions. Finally, the research recommended
employing advanced supervised learning algorithms like logistic regression and neural networks to
identify potential churn among e-commerce customers.

The results obtained from chapter 2 were highly encouraging, showcasing the precision of
LLMs in executing diverse tasks across different e-commerce domains, both prior to and after fine-
tuning.

In Chapter 3 of the exploration into Web Accessibility, a comprehensive analysis of the WCAG
was conducted. This involved a meticulous examination of each design principle, guideline,
checkpoint, and success criterion. The research revealed limitations within WCAG, encompassing both
the Accessibility Guidelines themselves and the efforts of web developers, as well as shortcomings in
machine auditing tools.

As the investigation progressed, the focus shifted towards PWAs, an emerging web app
technology. PWAs utilize a combination of cutting-edge technologies, including service workers, app
shell architecture, web app manifest, and caching storage API, to provide advanced offline
functionality. Through a parallel critical evaluation, the study explored the advantages and limitations
associated with adopting this innovative technology.

Integrating the insights gained from the assessments of Accessibility and PWAs, a meticulous
selection was made of a sample of PWA websites and e-commerce platforms. Employing popular
accessibility evaluation and auditing tools, a comparative analysis was manually conducted against
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their non-PWA counterparts. Following sample collection and a descriptive analysis utilizing Jupyter
and Python, valuable insights into the accessibility of PWAs when compared to traditional websites
were derived.

This study underscores the pivotal role of accessibility in the web landscape, shedding light on
the identified limitations within WCAG and presenting PWA as a promising avenue for addressing
and advancing web accessibility standards.

In Chapter 4, the SLR extensively explored the domain of SEO, emphasizing its crucial role in
establishing a robust online presence for e-commerce entities and attaining higher rankings in SERPs.
Beyond traditional SEO methods, the research championed the integration of existing web technologies
to elevate SEO practices.

To operationalize the research objectives, prototype tools were developed using PHP and
Python, imbued with crawler-like functionalities. These tools meticulously analyzed targeted web
pages, extracting valuable insights into deployed SEO techniques. To simulate real-world scenarios,
these tools were interconnected with APIs, facilitating the retrieval of additional data such as backlink
count, DA, keywords, search ranking positions, responsive design, and website speed.

Moreover, the sophistication of the software was enhanced by incorporating ML and predictive
algorithms, resulting in the creation of a pre-trained model. This model played a pivotal role in
predicting the requisite number of backlinks and DA needed for a website to secure a coveted first-
page ranking in search results, accounting for the intricacies of its competitive landscape.

Importantly, these cutting-edge tools have been released as open-source on GitHub,
democratizing access for non-specialized SEO teams and business owners. They offer a pragmatic
means to implement SEO strategies and assess results through the software's recommendations.

To assess the effectiveness of these tools and gain practical insights into the efficiency of various
SEO techniques, case studies were conducted on specific domains within live e-commerce platforms.
One instance involved developing a Python-based software to uncover specific SEO techniques that e-
commerce should adopt to outperform competitors, providing tangible recommendations. These
strategies were then implemented on a live e-commerce website, and their impact on traffic and search
engine ranking was monitored. Additionally, a case study examined the SEO techniques utilized by
airlines to enhance sustainability within their competitive landscape, highlighting practices often
overlooked despite existing SEO guidelines. Similar methodologies were employed in analyzing SEO
strategies on hotel websites, revealing valuable insights into their utilization and effectiveness.

Furthermore, a separate case study applied well-known SEO techniques to a live e-commerce
platform, allowing for the capture and evaluation of results over a month. This comprehensive
approach significantly contributes to enhancing the understanding of SEO practices and offers practical
tools for optimizing online presence within the broader community.

In Chapter 5, attention turned to the burgeoning growth of the mobile phone industry,
prompting webmasters to explore alternative methods for developing web apps that cater to mobile-
friendly experiences. Notably, Google's AMP emerged as a technology capturing the interest of
webmasters. By leveraging existing technologies and imposing specific restrictions, AMP aimed to
generate pre-loaded web pages, offering advantages in terms of reduced load time. These pages not
only boasted a decrease in page size but also promised improved rankings in search results, leading to
increased organic traffic owing to their enhanced speed and user-friendliness.

In this study, the focus was on verifying whether AMP indeed delivered the promised speed
and ranking benefits. To achieve this, a comparative analysis was conducted on the pages of a live e-
commerce site, juxtaposing them against the corresponding pages of the same e-commerce site created
using AMP technology. This analysis aimed to provide insights into the effectiveness of AMP in
delivering the anticipated advantages for mobile-friendly web applications.

Throughout my extensive research, the primary goal was to discover and refine practical
methods. This involved seamlessly integrating cutting-edge technologies. My overarching objective
was to equip E-commerce not only to navigate but also to excel in the face of evolving and intensifying
future competition. Staying at the forefront of technological advancements played a crucial role in
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developing innovative and applied solutions that enhance the resilience and competitiveness of E-
commerce platforms.

Undoubtedly, research is an ongoing and iterative process, highlighting dedication to

adaptability and staying updated on emerging trends. As I navigate the dynamic landscape of E-
commerce, I am optimistic about the potential to make significant contributions through both current
and future initiatives. I look forward to the opportunity to delve deeper into my findings, refining
strategies, and making meaningful contributions that will shape the future of E-commerce. My
aspiration is to actively participate in the continuous evolution of this dynamic industry, ensuring its
sustained growth and success.
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