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ITepiAndm

TopoUoa epYaola oy OAElTUL UE TO amauTNTIXG TEOBANU TEOBAednC Tng emi-
H Tuylog EVOC Barvelool BLoxavoviouoU, Yo To ontolo yenotponol|dnxay un do-
unuévo dedopéva (unstructured data). Ta deSopévor autd nnydlouv omd oydhor Tou
€ypapory UTEAANAOL THAEPWYIXDY HEVTEWY XOTA T1) BLEEXELN GUVOULALOY UE Tamelxolg
nehdtec. H epyacio cuviotéd ptar cuy XLt HEAETY BLOPORMY UOVTEAMY UNYOUVIXHAC KOl
Bordidig pdinong xadddg xon TEYVIXGY ETECepyaolag QUOIXNS YADOGCUG (NLP), ot omo-
fec yenoylomolobvTaL Yo Vo aVTYETWTIGOUY TNV UPMAY ovicoTnToL OTIC avahoYIES TwV
x\doewv (class imbalance), pe ) Yetxr|) xhdon va anotedel poéhic 1o 0.2% touv ou-
voLou Twv Bedouévwy. Emmpdoietn duoxohio mpoximTtel xou and 1o auinuévo eninedo
YopiPou, To omolo ogeiletan TG0 GTIC ACUVATELS GUVTOUOYEAPIES, TIC CUVTAXTIXES Kol
Yeoppatixée afiiedlec xou Ty EMedn entionuou tévou, 660 xal TNV acVevy| eTiBhedn
(weak supervision) mou éyet e@upUooTEL Yior TNV EXTUBEUOT) TV HOVTENWY. LyETi-
%3 ye v acevi| eniBhedn, elvon yprowo vo onueiwdel 6Tt oL eTIXETEG TV XAACEWY
€youv dnuovpynUel BACEL EMLYEENUATIXOY XAVOVWY, Xou OYL Omd EWBXOUE EUTELQO-
YVOUOVES OTNY xaTryoptonolnon xewévewy. H extevic uehétn dlaupopetinmy Yetdony
TepL oufdvel amd Topadoctoxd LOVTERN UAINCNEC OTWS 1) AOYLOTIXT TOAVOROUNGT) %ol
t0 XGBoost, ta onola ypnowonoolvion 6e GUVBUNOUS UE TEYVIXES ECUYWYHS YAUPO-
XTNELOTIXWY oS To term frequency - inverse document frequency (TF-IDF) xou
ta word embeddings, peypet mo mTOAITAOXA YAWGOIXA HOVIEAA To OOl UTOEOVY VoL
xatavorioouy Baditepeg vonuatixég Evvoleg ota xelueva, omwg eivon to GreekBERT,
Meltemi xou Llama 3.1 70B. Emnpboieta, yenowonomdnxay diapopetind eidn ou-
VOPTACEWY XOOTOUC, UE Tol TiLo alooUEIWT VoL EfVol 1) CLYXELTIXH CUVAETNOT XOGTOUC
Béoer avTidlao TOAMC avTixpoudueEVKY TopadelyUdtmy (contrastive loss) xou n cuvdpTn-

01 %60 TOUG TOL YENoWOTOLEL GUVTEAEGTES Bdpoug Tou Elvar aVTGTOLY 0L TMV AVUAOYLOY
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TV x\doewy (class-weighted loss). Eivou dZio va avagepdel 6L 1) uehétn avtipetdnioe
TEPLOPLOUOUE GTOUG DLECLUIOUS UTOROYIGTIXO0S TTOPOUS, TEQEAY TNG AmOUGiug 1xovol
aptdpo0 VETIXMY TUPUOELYUATOY, X3ATL TO 0Tolo OB YNOE OE MELRUUUTIONS UE DIAPOPES
petdédouc Pedtiotonoinone, émwe n Hpooupuoyh Xouniic TéZewe (Low Rank Adap-
tation - LoRA), n ouunieon twv poviéhwv péow Suxpitonoinone (quantization), 1
CLGOWEEVDT TwV avddeita (gradients), 1 pelwon tou puduol uddnone (learning rate
decay), xou 1 pelwon twv cuvteheatdv Bapltntog Tou wovtélou (weight decay). Me
oxomo va teploplo Tel 0 YopuPBog oTa xelpeva, egupudoTXay TOc0 TpoceyYioeg Bdoet
xovovey  (rule-based), 6co xau pédodor mouv atnpiloviar oty TEYVNTH VONUOGUVY,
OTWC 0 XUVUPLOUOC TWV XEWEVLY amtd €V GUYYEOVO UEYSAO TOAUYAWOGIXO LOVTEAO
(LLM). Yyetuxd ye v avicopponia otny xatavour twv xAdoewyv, diepeuvidnxe o-
XOUT N TUPAY WY1 CUVIETIXOY DEBOUEVLY U0 EVAL HEYEAO YAWOCOWO HOVTENO, YLl VOl
ATOGUPNVICTEL 1) ATOTEASOUATIXOTNTA XU O AVTIXTUTIOC oL Vo UTOPOUGE Vo EYEL Ll
TéTol EMAOYY| oTNY amotiunon tng enidoone Tou poviehov. ‘Oha ta mpoavapepdévia
Telpduota otohoy oy xon cuyxpldnxoy EVOEAEYMS, YENOWOTOWWVTAS Uo EXTEVA
Mota omd UETEWES, GUUTERLAOPBOVOUEVLY XhaCIXDY OTwS 1) cuvoAxT opdotnta (ac-
curacy) xou 1 xovotnTo avénong (recall), xodde xon UETEIXWY TOL Y ENOWOTOL0VVTOL
cuvniéoTtepa o€ POVTEAD XATATUENC (ranker models), 6mog 1 IXOVOTNTA AVAXATONG OE
K nopadetypa (Recall@K), n oxpifeto oe R napoadeiyporta (R-Precision) o 1 nepoyt
%3t omd Ty xaumOAn axpifeloc - avéxknone (PR-AUC). H yerétn xatahfyer ye pa
oulhTnom mepl TwY ATOTEAEOUATGY Xt axdua TOVIEL TIC TO ATOTEAECUATINES UeEVEO0UC
Y10 TO YEWRLOUO OVLo0pEOTHaS OTIC XAdoELS xou VopUBou ota dedouéva. Tlpotevoueveg
EPEUVNTIXES XUTEVIUVTARIES YPoUUES Yiot TO PEAAOY TepLAaBdvouy TNy avdnTuln o
IXAVOY EAMANVIXOY YAWOOWOY HOVTEA®Y, TNV avalATNOT TEYVIXOY Yio TOV XoUApLoHo,
Vv enadénon xar TN oVUEST BEBOUEVLY, xat T1 Onuioupyio dnudcta dadéoiuwy ou-
VOAWY 0e00UEVODY. ‘OAEC aUTEC OL EVEQYEIEC BUVIVTOL VU ATOTEAECOUY EQUATARLO YLl
Tepoutépw eCeMEeC oTny eneepyacia TNG EAANVIXASC YAOOGOS X0l EVAL LXOVE VoL GUY-
Bdhouv oTnV exdNUOXEATIXOTOINCT TN TEOCBUOTE OE XUVOTOUN UG TAUATO TEYYNTAS

VOTUOGUVTC.



Abstract

his thesis deals with the challenging task of predicting loan arrangement suc-
T cess based on noisy Greek comments written by call center agents during
communications with the customers. It is a comparative study of various machine
and deep learning models and NLP techniques, employed to tackle an extremely im-
balanced dataset (with the positive class accounting for only the 0.2% of the total),
and a high level of noise in the data, which stems both from abbreviations, syntacti-
cal and grammatical errors, and informalities, as well as from the weak supervision
that has been used, since the labels were constructed based on business rules, in-
stead of having been assigned by experts. The extensive exploration of different
approaches ranges from traditional models like Logistic Regression and XGBoost,
which are used in combination with feature extraction techniques such as term fre-
quency - inverse document frequency (TF-IDF) and word embeddings, extending
to more advanced language models capable of capturing deeper semantic meanings
from the texts, like GreekBERT, Meltemi, and Llama 3.1 70B. Furthermore, different
kinds of loss functions were utilized, the most notable being contrastive and class-
weighted losses. The study was also severely constrained by limited computation
resources besides the lack of positive examples, hence leading to experimentation
with various optimization methods, like Low Rank adaptation (LoRA), quantiza-
tion, gradient accumulation, learning rate decay, and weight decay. In order to
mitigate the noise in the texts, both rule-based as well as Al-supported appraches
were followed, including text refinement by a modern multilingual LLM. Regarding
the uneven class distribution, synthetic data generation by a LLM was also put un-
der investigation, to determine the efficacy and the impact this process could have

in the performance evaluation. All these experiments were rigorously evaluated and
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compared using a comprehensive list of metrics, including classic ones like accuracy
and recall, and also including metrics that are traditionally used for ranking models,
like RecallQK, R-Precision and PR-AUC. The study concludes with discussion of
the results and highlights the most effective strategies for handling the scarcity of
positive instances and noise of data. Proposed future research directions include the
development of more robust Greek language models, the exploration of advanced
data refinement, augmentation and generation techniques, and the creation of pub-
licly available datasets, in order to foster further advancements in Greek NLP and

further democratize the access to novel Al tools.
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Chapter 1

Introduction

1.1 Motivation

he early stages of the 4" Al-driven industrial revolution, which change dra-
T matically almost every aspect of the society and the public life, could not
leave the financial and banking sector, which lies at the heart of nearly every human
activity, untouched. Fintech, with the innovation and cutting-edge technologies that
it introduces, plays a more and more crucial role towards the transition into this new
era. This radical redefinition of central parts of the economy should be governed by
the ideals of democratization and has to aspire to equal access and opportunities
for all people, increased and well-established trust for institutions, as well as open

platforms and utilities.

Towards this direction, my personal academic journey as part of the MSc Degree
programme in Data Science, which comes to a conclusion with the undertaking of
the current study, was provided with a unique and exciting challenge. Specifically,
the collaboration with a major fintech solutions provider in the Credit Management
sector, Qualco, presented the interesting and intriguing task of predicting the prob-
ability of loan arrangements based on unstructured data. This provided the unique
possibility and fulfilling experience to work with real-world datasets in a real-world
business case, under the supervision and advice of experienced researchers and pro-

fessionals in the realm of data analysis and machine learning. The advantages and




1.2 : Contributions

benefits of this work was multifaceted.

On the one hand, there is always the strictly technical part, which includes
working with fascinating technologies to build predictive models and bring value by
solving customers and business problems, that undoubtedly contributed to honing
my skills and refining my knowledge in this exciting research area. But what was
even more important was the fact that the current dissertation offered a direction
that is highly relevant to the bigger picture of our times. The most critical objective
nowadays is to not only protect and take care of the business interests of big financial
players by helping them to avoid unnecessary risk and bad decision making, but also
to benefit the financial customers and individuals with models that understand their
deeper needs, show empathy, and create solutions to tackle down financial obstacles

and foster chances for success.

In this aforementioned effort I firmly believe, and I felt that I became a small
part of. In my humble opinion, technologies like these can pave the road to prevent
mistakes of the past, which brought economic difficulty and distress to large portions
of the population. They can help society navigate through the new complex land-
scape that is rapidly forming, and eventually reap the benefits towards a brighter

and fairer future.

1.2 Contributions

This study makes several contributions to the field of text classification and
Natural Language Processing (NLP) for the Greek language, especially focusing on
the extreme class imbalance, as well as the intrinsic and generated noise that exists

in the texts and the labels of the dataset.

The thesis presents a comprehensive comparative analysis of a wide variety of
machine and deep learning models, using several techniques to pre-process the texts
and handle the lack of positive examples and the noisiness of the data. The analysis
also offers deep insights in the performance and capabilities of the explored models,
ranging from traditional ML models like Logistic Regression, SVM, XGBoost and
Random Forests, and extending up to modern language models like the GreekBERT,
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Meltemi, XLM-RoBERTa, FinBERT and Llama 3.1 70B.

Regarding the class imbalance and the noise, the current study presents a novel
approach to refine the text data and generate new synthetic examples, by being one
of the few works of research that uses a state-of-the-art LLM (OpenAl's GPT4-o0
mini) to clean the texts and create new positive instances. The effectiveness and
impact this method could have on fine-tuning smaller and specialized on the Greek
language models, like GreekBERT and Meltemi, is evaluated and discussed. The
dissertation also investigates and assesses several other approaches like the usage
of class-weighted and contrastive losses, and data refinement using a rule-based
method based on the Spacy Python NLP library. All these experiments contribute
to determining and understanding successful strategies in order to handle common
issues in real-world NLP tasks, like the lack of positive examples and unstructured

data of low quality.

Furthermore, the thesis uses several optimizations for the efficient training and
fine-tuning of language models on limited computational resources, like gradient
accumulation, learning rate decay, weight decay, and early stopping of the training
process. Hence, it assists in realizing the existing capabilities and the results that can
be achieved on consumer-grade hardware, sacrificing little accuracy and predictive
power, while achieving big improvements on training times and reduction of the

required memory that needs to be allocated.

To sum up, this study offers a fresh look on the landscape of Greek NLP methods
for binary text classification using call center transcripts on a competitive domain
like the credit management sector and with a focus on predicting loan arrangement
outcomes. The unique challenges that the data presented and the constraints under
which the study had to be overtaken created a unique opportunity for experimenta-
tion and employment of cutting-edge concepts and technologies. This adds further
value if someone takes into consideration the limited NLP resources and the small
existing body of work for a rich and complex language like Greek, especially when

it is compared with most globally prominent ones like English or Chinese.




1.3 : Thesis structure

1.3 Thesis structure

The structure of the current thesis is the following:

Chapter 2: The Background and Related Work chapter starts with describing
basic terms and concepts and continues with related work that has been carried

out by other researchers.

Chapter 3: This chapter includes a mathematical definition of the problem
that needs to be tackled. It then proceeds with describing the approach this
study proposes, in order to deal with the objective of predicting the loan

arrangement outcomes and to examine different methods and models.

Chapter 4: Chapter 4 contain a detailed description of the process to con-
struct and pre-process the study’s dataset, the experiments that were per-
formed, as well as the results and performance evaluation of the created mod-

els.

Chapter 5: The final chapter of the dissertation proceeds with a conversation
about the outcomes of the study and compares the attempted approaches. It

concludes with the limitations of this work and suggestions for future work.

Appendix: The Appendix A includes information about the Python libraries

and frameworks that have been used in the code of this study.




Chapter 2

Background and Related Work

2.1 Basic Terms and Concepts

2.1.1 Text Classification

Text classification, or text categorization, is one of the most common Natural Lan-
guage Processing (NLP) tasks and involves predicting class labels for text documents
based on their contents [I], 2]. This is very important for various applications, such
as sentiment analysis, spam detection, and topic categorization [3]. The goal of this
thesis is to classify Greek texts, which are communications made with banking cus-
tomers with non-performing loans, into two categories: a loan arrangement is either

likely to happen in the upcoming two months or not.

The text classification usually involves the following steps [4-6]:

1. Data Collection: Gathering a dataset of text documents with information

that is relevant to the application [4].

2. Data Pre-processing: Cleaning and preparing the text data for further
analysis, a step which usually includes tokenization, lemmatization, stop words

removal, labels assignment or annotating etc. [5].

3. Feature Extraction: This stage is responsible for converting the prepro-

cessed texts into numbers that the computer can understand and which are

- 5.
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required for machine or deep learning algorithms [6].

4. Model Training: The classification model, which can be a simple ML model
or a more sophisticated DL architecture, updates its internal parameters step
by step, by trying to minimize the loss caused by wrong predictions. This
loss is calculated by comparing the given true labels that have been created

or assigned to the data examples with the predictions. [7].

5. Evaluation: Evaluating the model’s performance on an unseen test dataset
using metrics such as accuracy, precision, recall, F1-score etc. is of high impor-
tance, because this approach enables us to understand the model’s capabilities

and its real business value. [§].

2.1.2 Common NLP Techniques and Methods

2.1.2.1 Tokenization

Tokenization is a technique to split the texts into smaller chunks called tokens,
which can be words, phrases, or even sentences [I], 9]. This process is necessary for
analyzing text data, as it allows for a more detailed examination of the content,
and towards this end there are several algorithms that can be used for tokenization
purposes. As an example, a common and quite simple approach would be to use

whitespaces and punctuations as delimiters. For example, given the sentence:
"The loan was approved,”

The tokenization that simply uses whitespace would return the tokens: ["The",

"loan", "was", "approved"].

2.1.2.2 Lemmatization

The purpose of lemmatization is to extract the base or root forms of the words,
which are called lemmas. Unlike stemming, which simply cuts prefixes or suffixes

of the words, lemmatization tries to consider the context and the meaning of the

-6 -
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words, and for this reason, lemmatization typically requires knowledge of parts of

speech (POS). For instance:

e The lemma of "running” (verb) is "run.”

e The lemma of "better” (adjective) is ”good.”

Mathematically speaking, if w represents a word in its text form and POS(w) is
the part of speech it represents, then the lemmatization function L can be expressed

as:

L(w) = lemma(w, POS(w)) (2.1)

This creates a function that accounts for the usage or the context in which a word

is used, thus creating separate rules for words with multiple meanings|10].

2.1.2.3 Bag of Words (BoW)

Bag of Words is perhaps the simplest, but also quite effective method for turning text
data into numerical representations. When this approach is used, each document
can be transformed into a vector, where each dimension corresponds to a unique
word of the whole existing vocabulary in the text corpus. More precisely, the value

in each dimension reflects the frequency of that word in the document.

Given a document D with n unique words wy, ws, . .., w,, the BoOW methodology

can be expressed as:

BOW<D) = [f(w1)7 f(w2)7 T f(wn>] (22)

where f(w;) is the frequency count of each word w; in the document D. While BoW
can capture word occurrences effectively, it does not take into account word order

and grammar|l].
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2.1.2.4 n-grams

The n-grams methodology is an extension of the Bag of Words approach and focuses
on sequences of n consecutive words or tokens, in order to capture information that is
hidden in the word order and the context [I1]. An n-gram is defined as a contiguous

sequence of n items from a given text, and some commons forms of n-grams include:

e Unigrams: Single words (n = 1).

e Bigrams: Two consecutive words (n = 2).

e Trigrams: Three consecutive words (n = 3).

For example, let’s use the sentence:

"The loan arrangement was approved.”

The bigrams are: ["The loan", "loan arrangement", "arrangement was", "was

approved"].

The n-grams representation can improve the expressiveness of BoW by retaining
some of the local context and word ordering information, which makes it more

effective for tasks like text classification and sentiment analysis [12].

Although n-grams models suffer when they need to scale, due to the fact that the
vocabulary size grows exponentially with n, they also remain a simple and effective

baseline for many NLP tasks.

2.1.2.5 Term Frequency-Inverse Document Frequency (TF-IDF)

TF-IDF further improves on the BoW model by defining the importance of words
within a document as relative to their frequency across all documents, and for this

purpose it comprises two components:

1. Term Frequency (TF): It measures the count of appearances of a term in a

document, divided by the sum of the counts of appearances for all terms that
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exist in this document:

count(t, d)
TF(t,d) = 2.
(t,d) > preq count(’, d) (2:3)

2. Inverse Document Frequency (IDF): It measures how important a term
is across all documents, which can be calculated by taking the log of the count
of all documents N, divided by the count of documents this particular term

exists in:

IDF(#) = log ( N ) (2.4)

count(d : t € d)

The TF-IDF score for a term ¢ in a document d is then given by:
TF-IDF(t,d) = TF(t,d) x IDF(¢) (2.5)

It is evident that the above calculation puts more emphasis on informative words

and less on common ones[I], [13].

2.1.2.6 Word Embeddings

Word embeddings are dense vector representations of words that tries to capture
the semantic relationships between them and their meaning in context. There are
many methods, such as Word2Vec and GloVe, which represent the words into vector
spaces where words that are close semantically have similar representations. For
example, Word2Vec’s Skip-gram model, when provided with a word wy, can predict

surrounding words within a context of window size c:
P(wete | wr) (2.6)

13, [14].
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2.1.3 Traditional Machine Learning Models

Provided that the text data has been translated into numerical representations

through methods like BoW, TF-IDF, word embeddings etc., traditional machine

learning algorithms can take these representations as input and use them for classi-

fication tasks [2, Bl 8]:

Naive Bayes: This is a simple and commonly used probabilistic classifier
that is based on the Bayes’ theorem:

P(X | C)P(C)

Pic|x) = "2

(2.7)

where C' corresponds to the class labels and X represents feature vectors [L15].
Conceptually, Bayes’ theorem describes how the posterior probability of class
label C given the text X P(C' | X) can be computed as the product of the like-
lihood P(X | C') and the prior probability P(C'), normalized by the evidence
P(X). All these terms can be computed by measuring word frequencies in the
dataset and applying the corresponding calculations. Some common applica-
tions of Naive Bayes include spam detection, sentiment analysis, document

classification etc.

Support Vector Machines (SVMs): Support Vector Machines are another
common type of supervised learning models, that aim to find the optimal
hyperplane to distinguish data points which belong to different classes. The

decision function of a SVM can be expressed as:
fl)=w'z+0b (2.8)

where w is the weight vector, b is the bias term, and x is the input vector. The
objective of a SVM is to maximize the distance between this hyperplane that it
tries to calculate and the nearest data points from each class (support vectors)
[16]. SVMs also uses a technique called the kernel trick, which enables them

to discover the hyperplane in a higher dimension space, without having to
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actually compute the transformations for the data points, and this technique
makes the SVMs very powerful, since they can learn to distinguish the classes
even in non-linear feature spaces. However, SVMs are also computationally

expensive and need careful parameter tuning.

Logistic Regression: Logistic regression is a machine and statistical learn-
ing model used for binary classification, and it is especially useful when the
objective is to predict the probability of an instance belonging to a specific
class. This classifier is based on the sigmoid (logistic) function in order to map

the linear combination of the input variables (features) to a probability:

PY =1|X)= (2.9)

1 4 e~ (W X+b)

where w is the weight vector, X is the feature vector, and b is the bias term.

Logistic regression provides as output a probability, thus the outcome can only
have a value between 0 and 1. It has very good performance when the data is
linearly separable, and it serves as a strong baseline for text classification tasks
when text representation techniques like Term Frequency-Inverse Document
Frequency (TF-IDF) are used [17]. In this study, logistic regression was one
of the traditional ML models that were employed to serve as baseline models

in the task of predicting the loan arrangement probabilities.

XGBoost: XGBoost (Extreme Gradient Boosting) is an implementation of
the gradient boosting algorithm that is both efficient and scalable. It operates
by building an ensemble of decision trees in sequence, each of which corrects
errors that were made by the previously trained trees. The loss function of

XGBoost is the following:

L(0) = Zl(yi,y%) + ZQ(fj) (2.10)

i=1 j=1
where [ is the loss function, y; is the true label, ¢; is the predicted label, f;
represents the individual trees, and €2(f;) is a regularization term that is used

in order to control the complexity of the model [I8].
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XGBoost adopted several innovations and breakthroughs to achieve its per-
formance and scalability for large datasets while avoiding overfitting, such
as weighted quantile sketch in order to handle sparse data, and parallelized
tree construction, in combination with regularization mechanisms. All these
make XGBoost a particularly popular choice for regression, classification and

ranking tasks.

¢ Random Forest: Random Forests is an ensemble method that creates several
decision trees during the training for a classification task, and then it outputs
as the final prediction the class that has been voted by the most trees. To
construct every tree, the algorithm chooses a random subset of features and
examples, which contributes to greater generalization and reduces overfitting,

leading to a more robust model. The final prediction can be expressed as:

g = mode(f1(z), fo(z), ..., fr(x)) (2.11)

where f(z) represents the prediction from the k' tree for input z [19].

While traditional machine learning models are effective for structured data and
have long been studied, they frequently struggle with complex patterns found in
unstructured text data and heavily rely on the effectiveness of feature extraction
techniques like the ones discussed above (BoW, TF-IDF, n-grams) [2]. For this
reason, it is common to use deep learning models for more complex tasks, which are
very capable at automatically learning representations from text data. Models like
Recurrent Neural Networks (RNNs), Long Short-Term Memory Networks (LSTMs),
and Transformers are more powerful in recognizing dependencies and patterns in
text, and they often display top performance at tasks such as text classification,

sentiment analysis, and machine translation [12].
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2.1.4 Advanced Deep Learning Models

2.1.4.1 Recurrent Neural Networks (RNNs)

Recurrent Neural Networks (RNNs) are a neural network architecture that is de-
signed to receive sequential data by processing them step by step, while keeping
in memory previous inputs through hidden states. Thus, unlike traditional feed-
forward neural networks, RNNs take into consideration time-related dependencies
in the data. This makes RNNs a very commonly-used architecture for tasks that

involve sequential data, such as time series, speech, and of course text [20, 21].

The mathematical formula that expresses the update of the hidden state at time

step t is given by:

ht = f(Whht—l + szt + b) (212)

where h; is the hidden state at time ¢, x; is the input at time ¢, W), and W, are
weight matrices, and b is a bias vector. The function f is usually a tanh or ReLU

activation function.

Regarding the text classification applications, RNNs process the sentences or
documents word by word, and they encode the meaning of each word in the context
by using the hidden states. At the final step, the hidden state hy essentially sums up
the entire sequence, and this state is then passed to a fully connected layer followed

by either a softmax or a sigmoid activation function for the classification task.[22].

While RNNs exhibit good performance at modeling short-term dependencies,
they face several difficulties when trying to encode long-term dependencies due to
what is known as the vanishing gradient problem, which makes training for longer

sentences (or sequences in general) unstable[23].

2.1.4.2 Long Short-Term Memory Networks (LSTMs)

Long Short-Term Memory networks (LSTMs) are a subcategory of RNNs specifically

designed to address the limitations with long sequences of the traditional RNNs,

13-



2.1 : Basic Terms and Concepts

which is due to the vanishing gradient problem as described above. By making use

of the gating mechanism, LSTMs control the way that the information flows in the

network, practically deciding which of the information to keep, what to disregard,

or which output it needs to deliver at each time step. This functionality enables

these

models to keep track of both short- and long-term dependencies, making them

very useful for datasets that include longer sequences [24] 25].

The gating mechanism of an LSTM cell can be described using the following

equations:

Forget Gate:
fr = oc(Wylhi—1, 2] + by) (2.13)

The forget gate decides which information to discard from the previous cell

state.

Input Gate:
it = O'(VV,L'[ht,h SCt] + bl) (214)

The input gate regulates which information to add to the cell state.

Candidate Cell State:
ét = tanh(Wc[ht_l, .It] + bc) (215)

It proposes a new candidate cell state based on the input and previous hidden

state.

Cell State Update:
Co=fixCiq+i,xC, (2.16)

It updates the cell state by combining the forget gate’s and the input gate’s

outputs.

14 -



Chapter 2 : Background and Related Work

¢ Output Gate:

o = o(Wolhi—1, z¢] + by) (2.17)

It controls which information from the cell state to output.

e Final Hidden State:

ht = Ot * tanh(Ct) <218)

It outputs the updated hidden state, which encompasses the summary of the

whole sequence.

In binary text classification tasks, LSTMs operate in a similar way to RNNs,
but with greater performance gains in longer sentences. The final hidden state is
passed through a fully connected layer with a sigmoid activation function to enable
the prediction of the probability that the input text belongs to one of the two classes
(0 or 1) [22, 26].

2.1.4.3 Transformer Models

Transformers have in many ways transformed NLP applications by making the par-
allel processing of the input texts (or sequences in general) feasible through self-
attention mechanisms. In this way they can handle the constraints that arise in the
recurrent neural networks [27]. In contrast to their predecessors, the transformers
models can take into account global dependencies in the sequences, thus becoming
valuable for a wide variety of NLP applications, including of course text classifica-

tion.

The core idea behind the transformers architecture is the self-attention mecha-
nism, which permits the model to calculate the significance of the words that exist
in a text in relation to one another. The mathematical formulation that describes

the attention mechanism is:

Attention(Q, K, V) ft (QKT> %4 (2.19)
ention(Q), K, V) = softmax .
Vg,
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where () represents the query matrices, K the key matrices, and V' the value ma-
trices, respectively. These are derived from the input embeddings, while dj. is the
dimension of the key vectors. To ensure numerical stability and to prevent extremely

large values during the softmax calculation, we divide by +/dj.

Transformers are also based on the encoder-decoder architecture:

e The encoder turns the input sequences into representations that maintain
context information, using many layers of self-attention and feed-forward neu-

ral networks.

e The decoder gives the output sequences by taking the encoder’s representa-

tions and applying layers of self-attention too.

For classification tasks, it is common to use only the encoder part of the model.
The final hidden state that is related with a special token (like the [CLS] in BERT)
plays an important role in describing the entire input sequence and it is fed to a
fully connected layer, which is finally followed by a sigmoid or softmax activation

for the prediction task [28].

2.1.4.4 Pre-trained Transformer Models

A common methodology that is used in NLP nowadays is taking pre-trained trans-
formers as base models and further fine-tuning them for specific tasks, because the
base models are often trained on huge bodies of texts, and for this reason they have
an enormous internal knowledge. This allows them to be adapted for specific tasks
like binary text classification, requiring minimal labeled data (few-shot classifica-

tion) [28].

2.1.4.4.1 Greek Language Models - GreekBERT and Meltemi: Greek-
BERT and Meltemi are among the models that have been used in this study, because
they are pre-trained models that are specialized for Greek text, a fact that makes
them very good candidates for the binary classification task in hand. A brief de-

scription for these models can be found below:
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e GreekBERT: This model is a transformer-based language model, which is
pre-trained on a large dataset of Greek texts and as the name suggests, it uti-
lizes the underlying BERT architecture, which consists of 12 transformer layers
with 12 self-attention heads per each layer. The pre-training process of this
model tries to optimize the masked language modeling and the next-sentence
prediction [29]. GreekBERT can also be used for binary text classification,
because after processing the Greek texts, its final [CLS| token can be passed

to a classification head.

e Meltemi (Mistral 7B): This is a large language model based on the Mistral
architecture, which has 7 billion parameters. Meltemi is also fine-tuned for
Greek and takes advantage of several advancements in the transformer archi-
tectures to be able to work efficiently with complex language structures and
longer contexts [30]. The larger number of parameters enables it to catch
more details and stronger relationships in the Greek texts, making it poten-

tially valuable for tasks like text classification.

2.1.4.4.2 Other Models that have been Used in This Study: Besides the
Greek-specific language models, this study experiments with several other state-of-

the-art language models:

e FinBERT: This is a BERT-based model that is pre-trained on financial texts
and has achieved high performance on tasks that require understanding of

domain-specific financial terminology [31].

e XLM-RoBERTa (xlm-roberta-base): This is a multilingual model trained
on 1004 languages that excels in cross-lingual transfer learning and for this

reason, it was used to test its performance on the Greek language. [32].

e Multilingual-e5-large: A multilingual embedding model optimized for se-
mantic similarity tasks. Its usefulness for understanding context in greek loan

arrangements is examined as part of the experiments.

e Llama 3.1 (70B): A state-of-the-art LLM with 70 billion parameters than
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can perform complex reasoning tasks in multiple languages, including Greek

33].

2.1.4.4.3 Application to Binary Text Classification Transformers are widely
used, as it has already been stated, in binary text classification tasks, thanks to their
ability to understand the contextual meaning of every word in the sentence based on
its position. Especially for the objective of the current study, which is to predict the
probability of whether a Greek loan arrangement is likely to happen, transformers
can potentially achieve high performance in analyzing the texts and converting them
into meaningful representations, which can express domain-specific details such as
financial terms as well as long-range dependencies, both of vital importance to make

accurate predictions.

Regarding the GreekBERT and Meltemi models specifically, their pre-training in
Greek texts offers an even better understanding of the several special characteristics
of the language, while FinBERT’s specialization on financial data can also help with
capturing domain-specific patterns. These models, when fine-tuned on the labeled
binary classification data of this study, can probably achieve higher performance by

taking advantage of both linguistic and task-specific features.

2.1.5 Addressing Class Imbalance

Class imbalance is a problem that occurs very often in many real-world binary clas-
sification applications, like the current one, where the negative class has significantly
more examples than the positive. This imbalance makes the learning of the minor-
ity class harder and can severely affect the performance of the model, especially in
problems like e.g. fraud detection, where the positive class of interest is typically the
minority class and has very few instances, thus eventually leading to biased models
that tend to favor the majority class. Several approaches have been developed to

handle this situation:
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2.1.5.1 Contrastive Learning

Contrastive learning is a methodology that focus on the differences between the
classes, by feeding the model with similar (positive - same label) and dissimilar
(negative - opposite label) pairs of examples and using a contrastive loss. Essentially,
by making use of these pairs that have semantic similarities or not, the model tries
to bring the similar embeddings (positive pairs) closer in the latent space, while it

tries to push the negative pairs away.

Contrastive learning is especially useful when the datasets are imbalanced, be-
cause it can increase the importance of the minority class and the role it plays in
the learning process. As an example, the SImCLR framework used this technique to
maximize the alignment between augmented views of the same instance [34]. The
contrastive learning process is described in greater detail in the experimental section

of this study.

2.1.5.2 Data Augmentation

Data augmentation operates by changing existing training examples in order to
generate more training data, so that the class imbalance that exists in many datasets
is decreased and a variety of new training samples is introduced. Some of the most

common text augmentation techniques include:

e Back-translation: Translating a training text example into another language
and then translating back into the original one, while trying to maintain the

meaning [35].

e Synonym Replacement: Replacing words with their synonyms, making sure

that the semantic meaning of the sentence is preserved [36].

e Paraphrasing: Using pre-trained language models to generate various para-
phrased samples from the existing training data (such as the T5 model by

Google, the Pegasus Paraphrase and other) [37] [38] [39].
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2.1.5.3 Synthetic Positive Examples

Generating synthetic positive examples is in many real-life scenarios a common fea-
sible option, when it is hard to collect more examples from the minority class. Tech-
niques to achieve this purpose include Generative Adversarial Networks (GANs),
Variational Autoencoders (VAEs) and most frequently LLMs. All these types of
models are used to create new training examples based on patterns that they have

recognized from the existing data[? |.

In this MSc study for instance, a LLM has been used to generate new positive
examples using the existing ones, an approach which, as it is described in the ex-
periments section below, played a very important role in the effectiveness and the

generalization of the model.

2.1.5.4 Loss Function Adjustment

By adjusting the loss function that is used to optimize the parameters of the model,
the learning process can pay much more attention to the minority class. Popular

approaches for this in a binary classification problem include:

e Class-Weighted Cross-Entropy Loss: This technique is used to assign
higher weights to the minority class, which are most of the times inversely
proportional to the classes ratios. In this way, they increase the minority

class’ impact on the calculations for the gradient updates.

e Focal Loss: Focal loss concentrate on harder examples and does not let the
model become overwhelmed by the easier ones, which can greatly enhance the

achievable performance on imbalanced datasets [40].

These loss adjustments can play a major role in ensuring that the model learns
to identify the minority class and dealing with the underlying dataset’s imbalance

effectively.
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2.1.6 Fine-Tuning Large Language Models

Large language models (LLMs), such as BERT, Mistral, LLama etc. have trans-
formed the NLP applications landscape by incorporating knowledge from huge text
corpora, pushing in this way the performance limits forward, while also re-defining
the state-of-the-art. For this reason, fine-tuning these models for specific classifica-
tion tasks is of high importance for anyone who wishes to achieve optimal results.
Recent advancements such as LoRA (Low-Rank Adaptation) and QLoRA (Quan-
tized Low-Rank Adaptation) have enabled, aside from big corporations with huge
amounts of computing and energy resources, also small- and mid-range users to ben-
efit from the fine-tuning of these models in very efficient ways. These methods are

further described below:

2.1.6.1 LoRA: Low-Rank Adaptation

LoRA is a technique that inserts rank decomposition matrices into pre-trained trans-
former layers, while freezing the already trained model’s weights, thus allowing a
task-specific adaptation using much less parameters and requiring a much smaller
fraction of the GPU power that would have otherwise been needed if the whole
model was fine-tuned. Instead, during the training process, only the low-rank ma-
trices are updated, which enables the users with fewer computing resources to use

LLMs on their applications [41].

In binary text classification tasks that involve Greek language specifically, LoRA
enables efficient and fast fine-tuning of models like GreekBERT or Meltemi, while

maintaining the same, or even better performance.

QLoRA: Quantized Low-Rank Adaptation

QLoRA is essentially an extension of LoRA, by using quantization techniques in
order to further reduce memory and computational requirements. In more details,
QLoRA uses 4-bit quantization for the LLMs weights by making use of the normal
distribution that the weights follow in order to retain as much information as possible

with the minimum loss of precision. QLoRA also drastically reduces the computation
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overhead for fine-tuning the LLMs through low-rank adapters. This method has

been proven to achieve almost the same accuracy as full-precision fine-tuning [42].

QLoRA is valuable for fine-tuning models like Llama 3.1 (70B) or even bigger
ones without excessive or prohibitive computational needs. When combined with
techniques to deal with class imbalance in the dataset, both LoRA and QLoRA
have the potential to create a model that can generalize very well and has learned
even the smaller details of the seen data, even when they contain lots of specialized

terminology and domain knowledge.

2.2 Related Work

2.2.1 Introduction

Binary text classification, and especially the application of predicting customer ac-
tions using call center transcripts, is associated with several difficulties and chal-
lenges, even for a task that seems straightforward at first glance, and for which so
much work has been done in the relevant literature. This is especially true when
working with datasets that are highly unbalanced in terms of class distribution, with
such imbalances being very common in call center environments as the dynamics of
customer interactions tend to favor certain categories over others, for example, there

are many more customers who are likely to stay than those who are likely to churn.

When someone has to work with imbalanced datasets text classification becomes
a complicated task, and the class imbalance can severely affect the models perfor-
mance and make them less capable of effective generalization. It has been shown
that when some of the classes have much more samples than the others, the models
become significantly more biased towards the majority class [43-45], and therefore,
it becomes difficult for a model to generalize and understand the patterns of the
minority class, thereby leading to wrong classification or poor prediction [43], 45].
The problem of class imbalance is even more important in the presence of noisy
data that can make the classification task even more challenging [46]. Noisy data
are data that are incomplete, inaccurate or contain other types of errors, and as we

will examine also with the dataset of the current study below, they can make it even
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harder to deal with imbalanced datasets [44].

It is really important and tough to tackle the problems that are caused by imbal-
anced datasets and noisy data in the field of text classification when working with
the Greek language, which is well known for its extensive morphology as well as its
syntactic complexity, both of which pose various difficulties in the text classification
process. Some of these challenges include but are not limited to the presence of
unknown words, the variety of the sentence structures, strict grammatical rules that
should be followed, and many other factors that eventually make the classification
harder. Moreover, the lack and rarity of appropriate natural language processing
(NLP) resources that exist specifically for the Greek language can also further con-

tribute to these challenges [47].

In view of the above, the primary goal of this literature review is to identify the
challenges that are related with the issues of imbalance and noise in the context
of Greek text classification that is done by language models on call transcripts.
From the existing literature and the examination of several methods, it is possible
to highlight the main goals and objectives of this field as well as the accompanying

challenges and potential solutions.

2.2.2 The Challenge of Imbalanced Data

An imbalanced dataset is a major problem in the application of binary text classi-
fication especially when the goal is to predict customer actions based on call center
transcripts, since this skew in class distribution forces the classifiers to learn more
about the majority class, thus compromising the accuracy of the minority class. This
problem is even more intense in situations like customer churn prediction where the
instances of customers who are likely to churn are much fewer than those who are not.
Li et al. [45] have performed experiments on text classification using an imbalanced
dataset and a class spatial model, and their results showed that the unbalanced
training dataset led to a poor classification, because the classifier had an obvious
preference for the majority class, a result which clearly shows the problems that

arise when working with imbalanced data in text classification and the importance
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of using appropriate methods to solve it.

2.2.2.1 Data-Level Approaches

A certain number of strategies have been proposed to handle the issues of unbalanced
data, among which are data-level approaches that involves manipulating the training

data to achieve balanced class distributions.

For instance, Thabtah [48] examines different oversampling techniques such as
random oversampling and focused oversampling to achieve the required balance of
the dataset, while another study shows that one of the most effective techniques is
the Synthetic Minority Oversampling Technique (SMOTE) where synthetic exam-

ples are created using the feature space of the minority class [49].

Shaikh et al. [44] follow an even more novel appoach from the previous work
by highlighting the usefulness of deep neural language models such as GPT-2 and
LSTM models for the generation of synthetic data, so that they can enhance the
classification performance on imbalanced text datasets. This research proves that
bringing balance to datasets can greatly improve the evaluation results in scenarios
where the minority class is under-represented without enough data, hence the use
of synthetic data generation methods can assist in expanding the smaller class and

presenting the classifiers with more examples that are close to real world data [44].

Besides synthetic data generation, data augmentation is another commonly used
approach which can be very effective in taking care of class imbalance problems,
by creating new artificial data samples based on the existing ones with the purpose
of expanding the initial dataset. Bayer and his colleagues [50] give in their survey
a detailed account of current data augmentation techniques for text classification,
while they classify these methods into two main categories: data space and feature
space. Data space methods include using the raw text data, while feature space
methods involve manipulating the feature representations of the text data. The
researchers also state that since there are large pre-trained language models which
are publicly available, there is a need to conduct more research on how to combine

data augmentation with these language models effectively.
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Wei and Zou [36] suggest four basic yet useful data augmentation techniques for
text classification which are: Synonym Replacement (SR), in which the words are
changed into their corresponding synonyms; Random Insertion (RI), which involves
the inclusion of synonyms into random locations of a sentence; Random Swap (RS),
which is a process of swaping the positions of two words within a sentence and
Random Deletion (RD), which is about removing words from a sentence, option-
ally. The authors show that these techniques can increase the performance of text

classification models by a lot, especially when the available training data is limited.

Last, Moreo et al. [51] introduce a new data augmentation method which is
called Distributional Random Oversampling (DRO) and is basically a tool used to
solve the problem of data imbalance by creating synthetic data for the less frequent
class by following the distribution of this class. The authors prove that DRO can
make the text classification models more capable, particularly when they are fed
with imbalanced data sets, and they also demonstrate that DRO is better than
other oversampling techniques, especially in the case of very rare classes, and across

different levels of oversampling and different datasets [51].

2.2.2.2 Algorithm-Level Approaches

Among the strategies that belong to the category of algorithm-level approaches is
changing the learning algorithm itself so that it can deal with the problem of class
imbalance. Chawla et al. [52] for example argue that weighting false negatives
and false positives with different cost factors can strengthen the model’s predictive
power especially when dealing with rare classes, but it should still be noted that the
cost matrix can be subjective or difficult to compute in practice, and the process of
adjusting costs may become an additional computational burden, especially when

dealing with large datasets [52].

Other techniques like boosting and bagging together with oversampling can also
be used for making the classification performance better when working with im-
balanced datasets, like for example SMOTEBoost, which is an ensemble learning

algorithm that integrates SMOTE with boosting [53] [54].
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In Liu et al.’s work [43], the challenge of imbalanced text classification was
solved using a unique approach to term weighting which is based on probability
and employs the ratios % and %, where A stands for the number of documents in
the given category which include the term, B represents the number of documents
that do not belong to the category and include the term and C' is the number of
documents in the category that do not contain the term. This approach weighs

more on terms that are frequent in the documents in a particular category, and thus

enhances the classification results [43].

2.2.2.3 Impact of Text Data Characteristics

It has been shown that the characteristics of the text data itself can have a big
influence on the success of imbalance-handling techniques. The paper by Lu et al.
[55] compares different deep learning models and shows that increasing the number
of samples in the minority class can enhance the performance of the model, while also
revealing that in general, deep learning models tend to produce better results than
the traditional machine learning algorithms, especially when the data is balanced
and although their performance suffers when the data is unbalanced. In terms of
the text characteristics, Lu et al. highlight that the length of the text sequences
affects the model’s capability, due to the fact that having very short sequences may
remove important information, while very long sequences may add noise and expand
the training time [55]. All these highlight the importance of text pre-processing
and feature extraction process to enable the classifiers to learn from the data more

effectively.

Li et al. [45] analyze further how specific traits of text data have an impact
on the effectiveness of the techniques for dealing with imbalanced data. The study
emphasizes the role of feature selection and dimensionality reduction in helping the
model to learn to distinguish between classes especially when working with extremely

skewed datasets.
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2.2.2.4 Evaluation Metrics

Another important decision is the way to assess classifiers which have been trained on
imbalanced data sets. The traditional overall accuracy, which would in many cases
be an adequate performance measure, can now be easily influenced by the majority
class. Therefore, it is common for class imbalance situations to use other metrics,
like for instance F1-score, precision and recall, to gain a better understanding of the
classifiers performance as suggested in [56]. Another metric that is usually used is
the Precision-Recall curve, which is also very helpful in settings where the positive
class is the minority one. It is important to note that working with the Receiver
Operating Characteristic (ROC) curve can provide an overly optimistic view of the
classifier performance in imbalanced datasets, whereas the PR-AUC focuses on the
trade-off between the precision and the recall for the positive class as stated in
[57]. From all the above, it is easily understood that it is therefore important to
select the most appropriate evaluation metrics for the specific applications such as
medical diagnosis and to some extent like our particular study for predicting the
loan arrangement probability, where the cost of missing a minority class instance is

not negligible [56].

2.2.2.5 Concluding Remarks

In summary, effective techniques to handle class imbalance in text classification
tasks can be either data-level or algorithm-level approaches, and different domains
and applications make use of different methods in order to get good results based
on appropriate evaluation metrics. All these considerations are highly demanding
in the development of stable and accurate classifiers and they are also particularly
important in areas such as customer churn modeling, fraud detection etc., where
it is really relevant and highly valuable from a business perspective to predict the

behavior of the minority class.
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2.2.3 Contrastive Learning on Text Classification

Research has shown multiple times that contrastive learning can potentially be a
quite effective approach for learning the most important patterns and characteristics
of each class in order to improve the performance of the models that are used in
various different text classification tasks. For this reason, several recent studies have
examined potential usages of contrastive learning to strengthen the performance of
text classification models, like for example Su et al. [58] who employed contrastive
learning for improving the performance of BERT models especially in the domain of
biomedical relations discovery and to this end, they proposed a contrastive method
that introduces linguistic knowledge into the data augmentation process so that
they could take advantage of knowledge bases to generate large-scale datasets. This
approach has been shown to achieve state of the art performance on many different
bio-medical benchmarks, by improving the semantic representation and the model
interpretability.

Another study also in the medical domain was carried out by Min and colleagues
[59], who made use of ChatGPT-generated pseudo-labels and contrastive loss to fine-
tune BERT for semantic similarity tasks in medical information processing, so that
they could improve in this way the semantic representation of medical terminolo-
gies and provide better results even in low-resource environments, by minimizing
the distance between similar terms and maximizing the distance between dissimilar

terms.

Chen et al. [60] introduced ContrastNet, a really interesting approach for few-
shot text classification based on contrastive learning, which aimed at learning text
representations while also preventing the overfitting of the model at both the task
and the instance levels. This proposed method used supervised contrastive learning
to express similar texts with similar vectors and different texts with different vectors,
which is particularly valuable in few-shot learning where there are often not enough

labeled data.

Chen et al. [61] even went one step further by creating a dual contrastive learn-

ing (DualCL) framework, where feature representations of input samples and the
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learnable parameters of classifiers are learned at the same time and in the same
space, because according to their view, the classifier parameters are considered as
augmented samples which are associated with various labels, and contrastive learn-
ing is employed between the input samples and these augmented samples. This
methodology was put into test by using five benchmark text classification datasets
and the results were really good, as they showed that classification accuracy had

increased significantly, especially in low resource settings. [61]

Last but certainly not least, Pan et al. [62] proposed Contrastive Adversar-
ial Training (CAT) to make better both the robustness and the performance of
Transformer-based text classification models, by adopting a combination of adver-
sarial training together with contrastive learning, where adversarial examples are
created using word embedding perturbation and the model is trained on both the
adversarial and the clean instances. This approach showed an average enhancement
of 1-2% over the baselines such as BERT and RoBERTa on GLUE benchmarks and

intent classification tasks.

All these studies have clearly shown that contrastive learning is really effective
and an also very versatile approach that can be used to enhance the performance of
text classification models across many different applications, domains and tasks, and
even in situations with extremely unbalanced scenarios, like the current study. When
combined with other methods such as adversarial training and data augmentation, it
can potentially push the boundaries of text classification performance to a significant

degree.

2.2.4 Noisy Data on Text Classification

Many text classification models and tasks, including the one in this study, have
only noisy data available and this can be a major obstacle for model performance
and reliability, hence for this reason several researchers have investigated different
aspects of this problem and have suggested various solutions to handle the noisiness
of data. Doénicke et al. [63] studied the challenges when working with imbalanced,

sparse and noisy data, especially on the songtext-artist classification use case, and
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for this work they considered three types of neural network methods: a one-layer
perceptron, a two-layer Doc2Vec model and a multilayer perceptron. Their research
revealed that a lot of benefits can be achieved by pre-processing the data, so that it
becomes more balanced and less sparse. However they also noted that this approach,
while useful, is only a form of heuristic and does not guarantee optimal solutions,
and due to this fact they concluded that their work could be enriched in the future
to include clustering-based topic models encoded as new features in order to perhaps

further enhance the performance.

In the work done by Agarwal et al. [64], the authors studied the effects of
different noise types on text classification and for this they considered different kinds
of noise such as OCR noise, ASR noise and human noise which may occur in informal
communication. Their experiments showed that the text classification algorithms
were really robust to a high level of typographical noise or noise introduced by ASR,
although eventually they reached to the conclusion that noise in the training data
results in the development of poorer models and lower levels of accuracy as opposed

to the presence of noise in the test data while keeping the training data clean.

Zhu et al. [65] studied BERT’s performance in the presence of label noise for
text classification problems. The study revealed that BERT is quite effective with
handling the noise that was injected during the training process, however, it can be
particularly sensitive to noise that is caused by weak supervision, which is basically
when labels are constructed automatically with methods that are faster and cheaper
than hand-labeling by experts, but eventually may cause inconsistencies, errors and
therefore noise in the labels. They also discovered that most of the noise-handling
strategies used thus far were not so effective in enhancing BERT’s performance and,
in some cases, they even worsened it, while they also focused on the weak supervision
noise, which even at small amounts can be harder to be dealt with than high levels of
injected noise. A disadvantage that they pointed out was the fact that their studies

involved only a few types of noise and intensity levels.

Liu et al. in their paper [46] created the first benchmark for noise learning
in text classification and they pointed out several issues that existed in previous

studies, primarily because they noticed that the majority of the datasets used in
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the prior works were noisy (having intrinsic noise of 0.61% to 15.77%) which could
lead to wrong predictions. In order to handle these challenges, they came up with a
new dataset called Golden-Chnsenticorp with no intrinsic noise, and they conducted
extensive experiments which revealed that most of the methods do not perform well
if the noise ratio is greater than 30%. However, what was even more surprising
was the fact that small amounts of white noise can actually make the classification
techniques stronger, and due to all these findings, their main proposal for future work
was that other researchers should concentrate on the creation of better approaches
for coping with noise types that are more complex and situations where the noise

ratio is high.

Last, Venkata Subramaniam et al. [66] also conducted a survey on various kinds
of noise that can be present in texts as well as different approaches to deal with noisy
text data for several tasks such as Information Retrieval and Information Extraction,
and for their work they divided noisy text sources into two main categories: noise
that is generated during a conversion process (for example during OCR, ASR, MT)
and noise that is generated when text created in a digital environment and in an
informal manner, for example in chats, SMS, emails etc. The authors broke down
the different ways of how noise appears in each kind of source and how it could
actually be measured. For instance, in SMS data they discovered recurrent patterns
such as character deletion, phonetic substitution, shortening of words to their initial
letters, abbreviations, and many other language informalities. In terms of the noise
measurement metrics, they discussed several methodologies like Word Error Rate
(WER), Sentence Error Rate (SER), and perplexity. As for the challenges, they
highlighted the fact that that what constitutes noise and what not is quite subjective
- or more precisely, it depends on the system under evaluation: for example, texts
that are 100% fine for a human to comprehend may be classified as noisy for a certain
automatic processing system. The authors finally suggested that further research
should be directed towards the creation of specialized techniques for dealing with

different kinds of noise according to their type and origin [66].

To summarize, a frequently met challenge that was noted in many research pa-

pers was that despite the belief that the benchmark datasets were noise-free, they
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actually had varying levels of intrinsic noise. This situation makes clear the need
to improve on the current dataset cleaning and curation and on the noise identifica-
tion techniques. Also, most of the studies focused on the addition of artificial noise
instead of real life noise which can be found in the text data as well, which paves

the road towards the direction that future work should follow.

2.2.5 Text Classification on the Greek Language

In terms of applications of Text Classification in the Greek language, the researchers
have dealt with many difficulties because of the specific characteristics of the lan-
guage and the scarcity of resources in comparison with more frequent languages such
as English, and for these reasons, several notable studies have been conducted to
investigate various solutions: Bilianos [67] focused on sentiment analysis of reviews
written in Greek about electronic products, using a dataset of 480 reviews collected
from an e-commerce website, and he employed a variety of models that ranged from
the basic Naive Bayes classifier with n-gram features to the advanced Greek-BERT.
Even if the dataset was very small, BERT managed to provide excellent results with
97% accuracy, but even so the study pointed out some of the challenges that was
caused by the small dataset and suggested that if more data was collected, this
would increase the confidence in the results, but it would also take a considerable
amount of time. The author also proposed that it would be interesting and poten-
tially useful to investigate how aspect-based sentiment analysis could be used for

more granular outcomes.

Alexandridis et al. [68] examined the sentiment analysis and opinion mining in
Greek social media using various language models, classifiers, and around 60,000
social media texts. They discovered that classifiers based on language models such
as Naive Bayes, Random Forests, SVMs, logistic regression and neural networks
performed better than the word or sentence embedding approaches with an accuracy
of over 80%. The authors also trained a new Greek social media language model
that increased the performance by 2% when compared with the existing more generic
models. The main disadvantage that was highlighted by the authors was the relative
lack of quality data sources for Greek NLP tasks.
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Vamvourellis [69] put effort in comparing the performance of various BERT mod-
els for the task of classifying Greek legal documents, and he used the RAPTARCHIS
dataset which consists of Greek legislation documents that range chronologically
from 1834 to 2015. For the purposes of this study three BERT models namely,
Greek-BERT, Greek-Legal-BERT and M-BERT, were finetuned, and out of the
three models, Greek-Legal-BERT - which was trained on Greek legal language -
provided the best results while M-BERT gave the worst results. Based on these
results, the author proposed that domain and task adaptive pre-training would be
useful for enhancing the accuracy of all models, like M-BERT which gave inferior
results compared with Greek-Legal-BERT. The author also assumed as a future
work objective that should the vocabulary be adjusted and with proper training,
multilingual models like M-Bert could be even better than the Greek-only models

that were proposed.

Papaloukas [47] employed a similar approach and conducted a detailed experi-
mental analysis on the performance of various machine learning models on the task
of legal text classification, while also using the RAPTARCHIS dataset, which as
stated above consists of 47,000 legislative documents over a period of almost 200
years. The study aimed at comparing traditional machine learning, recurrent neural
network models and the latest transfer learning techniques, and the outcomes indi-
cated that the traditional ML classifiers performed worse than the state-of-the-art
methods, although they could serve as a good initial baseline. A very interesting
conclusion was that the recurrent neural network architectures, when using domain-
specific word embeddings achieved better performance and were almost on par with
the transformer-based models. It is worth mentioning that the study noted that at
the time of its writing it was the first systematic analysis of Greek legal text classi-
fication and the author recommended that this work could form a basis for further

future studies.

To summarize, all these studies discussed several limitations of the Greek text
classification applications, including but not limited to the lack of resources and the
unique characteristics of the Greek language. Nevertheless, all these studies also

brought into attention the growing effectiveness and performance of text classifica-
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tion methods across different domains, even when dealing with Greek texts. It is
beyond any doubt that future work would be really important in order to advance
the state of the art in text classification for the Greek language and broaden the

availability of datasets and language models.

2.2.6 Text Classification Applications in Call Center Ana-
lytics

The data available in call centers are usually unstructured in nature, due to the fact
that they often involve transcribed conversations between agents and customers, but
even so they still carry a large amount of valuable information, which can potentially
be transformed into advantageous business insights. Therefore, several researchers
have attempted to discover ways to utilize this data for different classification tasks.
Zhong and Li [70] proposed a CNN-based model for the classification of customer
call intent into four categories, namely sales, service, vendor, and job seeker, based
on the transcripts of the calls made to the auto dealerships, and they also carried
out an experiment to determine whether it makes a difference if someone analyzes
both the caller and agent channels, or if it would be sufficient to use only the caller
channel. They concluded that analyzing only the caller channel transcripts could
assisting in reducing the data volume while at the same time significantly retaining
the classification performance. Their CNN model paired with word embeddings
gave good results, as long as enough training data were provided. Finally, they
emphasized an important factor for the successful training of a capable model, which
is the scalability of the data labeling methodology, because a major challenge for

the authors was the fact that a lot of data had to be labeled by hand.

Vo et al. [71] used call transcripts to predict customer churn with a primary focus
on the financial services sector. For this, they combined structured customer profile
data with unstructured text features that were extracted from the call transcripts
using NLP methods such as the term importance (TF-IDF), Word2Vec embeddings,
lexical information (LIWC), and personality traits. Their multi-stacking ensemble

model proved that when someone combines unstructured text data with existing
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structured data, they can significantly improve the efficiency of churn prediction,
although they also noted many issues that they faced while gathering and storing
the call transcripts data, like the size of the data, customer privacy considerations

and other.

Low-cost call type classification was the primary research objective of Park et
al. [72], who used partial transcripts of calls instead of the entire calls, based on the
assumption that the type of the call could probably be identified by the first few
words of the discussion or based on the agent’s statements only. In order to test
this hypothesis they used texts from an automotive company’s calls and compared
the classification accuracy when using the full calls versus the partial ones, like
limiting to 10-40 words, using agent-only or customer-only words etc. The results
demonstrated that the agent’s phrases alone were enough in order to manage to

achieve the same or even better results than the full transcripts.

Last but not least, Ezzat et al. [73] attempted to perform sentiment analysis
of call center calls, and for this goal they first transformed the audio files to text
using speech recognition, so that they could use them for the text classification
task. They examined several different feature selection techniques and assessed
supervised learning algorithms including SVM, Naive Bayes and Decision Trees. The
authors were able to get quite good results, especially considering the low quality
transcription, (94.4% accuracy), but still, they highlighted several challenges such
as the requirement for more capable speech recognition and speaker segmentation.
As potential subjects for future work, they proposed investigating the combination

of text classification with acoustic feature analysis.

In summary, applying text classification to call transcripts could be highly ef-
fective for a variety of tasks, like intent prediction, churn prediction, sentiment
analysis, etc., but while this methodology undoubtedly provides valuable informa-
tion for businesses, future researchers have still a lot of work to do on issues such
as data privacy, effective ways of dealing with big unstructured data, and proper

conversion of spoken language into text.
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Proposed method

3.1 Problem Definition

The purpose of this thesis is to predict the probability of a loan arrangement
based on communications that call center agents have performed with the account
holders of this particular loan. The problem is formulated as a binary text classifi-
cation task, and the unstructured data consist of comments that have been written

by the agents, while discussing with the owners of the nonperforming loans.

Mathematically, the problem can be defined as follows:

e Input: Let X = {x,29,...,2,} represent the set of n call center transcripts
based on the comments of the agents, where each x; is a sequence of words rep-
resenting all communications that were done with a customer in 3 consecutive

calendar months.

e Output: Let Y = {y1,92,...,yn} represent the set of corresponding labels,
where y; € {0,1}.

— y; = 1 corresponds to the positive class of interest and indicates that the
customer associated with transcript x; successfully arranged their loan
and made a payment within the next 2 months from the last of the three

calendar months that are associated with z;.

— y; = 0 (negative class) shows that the customer did not pay an installment
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within the specified time window, thus revealing that no loan arrangement

was achieved.

Task: The goal is to learn a function f : X — Y, so that all call center com-

munication texts can accurately predict the outcomes of the loan arrangement.

This objective is particularly difficult and complicated due to the following

reasons:

— Class Imbalance: There is a high imbalance in the dataset, with the
number of positive examples (y; = 1) being significantly smaller than
the number of negative examples (y; = 0). Mathematically, this can
be expressed as: [{y;|y; = 1} << [{wi|yi = 0}| where | - | denotes the
cardinality of the set. This imbalance poses major difficulties in training

effective models, as the majority class may introduce bias.

— Data Noise: The input texts (X) are inherently noisy due to the infor-
mal nature of the comments written by the call center agents, and this

noise can be attributed to several different factors:

x Non-common Abbreviations: Call center agents tend to use many
abbreviations and domain-specific slang in their comments in order
to write faster, which can be challenging for the machine and deep

learning models to interpret.

x Syntactical and grammatical errors: The texts also include
many grammatical, syntactical, and even spelling errors that further

hinder the understanding of the text’s meaning.

* Weak Supervision: The dataset’s labels (V') are constructed based
on a business rule, rather than being manually assigned by experts.
This introduces a degree of noise into the labels, as the rule may
not perfectly capture the true sentiment and meaning of the text.
This can happen because there is a possibility that the customers’
subsequent actions in real life may not align with what they were

saying in the calls, one up to five months ago.
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In order to tackle the above challenges, the exploration and assessment of dif-
ferent NLP methods as well as machine and deep learning models is necessary, to
effectively address the task of loan arrangement prediction from noisy Greek call

center transcripts.

3.2 Proposed Approach

In order to overcome the difficulties of making predictions about the success
of loan arrangements based on noisy Greek call center transcripts, this thesis pro-
poses a solution that combines several key strategies and methods, which are briefly

described below.

3.2.1 Diverse Model Exploration

An important aspect of this research is a detailed comparative analysis of various

machine learning and deep learning models as detailed below:

Traditional Machine Learning Models: The study investigated the performance
of established machine learning models such as Logistic Regression, Support Vector
Machines (SVMs), Naive Bayes, Random Forests, and XGBoost. These models are

used together with various NLP feature extraction methods, including:

Bag-of-Words (BoW)

Term Frequency-Inverse Document Frequency (TF-IDF)

e N-grams

Word Embeddings (Word2Vec)

Deep Learning Language Models: The usage of sophisticated deep learning lan-
guage models was also explored, including those that have been pre-trained on Greek

text data or are multilingual. These models are:

o GreekBERT

e FinBERT
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e Meltemi (based on Mistral 7B)
o XLM-RoBERTa

e [Llama 3.1 70B

These models take advantage of their capability to capture contextual information
and semantic relations in the text and they can result in state-of-the-art predictive
capability in text classification tasks, as it has already been demonstrated by related

work.

3.2.2 Addressing Class Imbalance

In order to address the issues raised by the problem of the data set being extremely

unbalanced, the following strategies are explored and assessed:

Class-weighted Loss Functions: During the model training process, we use class-
weighted loss functions in which more weight is given to the minority class, i.e.
successful loan arrangements, so that the model is pushed to learn more about this

class.

Synthetic Data Generation: Taking inspiration of this well-established technique,
this thesis considered how the Large Language Models can be used to create syn-
thetic examples of successful loan contracts. This is one of the methods which target
at improving the data distribution by increasing the proportion of the minority class
and hence enhance the models capability to predict results for examples that have

not seen before.

Contrastive learning: There was also an attempt to tackle the lack of posi-
tive examples by using contrastive learning, where the GreekBERT was trained to
learn to map semantically equivalent sentences to closer representations, even if the
examples belong to different classes or categories (successful or unsuccessful loan
arrangements). This could possibly urge the model to shift its attention to the se-
mantic meaning of the agents’ comments, instead of the class labels only, which in
turn could enhance its capacity for transferring the learning to the class of successful

loan arrangements that is under-represented.
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3.2.3 Mitigating Data Noise

In order to mitigate the problem of noise in the call center transcripts, the following

rule-based as well as Al-based approaches were integrated:

Rule-based Text Refinement: A set of manual rules utilizing the spaCy NLP
library was implemented in order to handle many abbreviations, to fix spelling errors

and to generally support in increasing the efficacy of the lemmatization process.

Al-powered Text Refinement: As for the text refinement assisted by Al, the
study adopted a new approach where a state-of-the-art LLM was employed to au-
tomatically identify and correct grammatical errors, disambiguate certain elements,

and enhance the coherence and uniformity of the transcripts.

3.2.4 Optimization and Resource Management

Due to the challenges in fine-tuning language models and the issues that arose by
the limited computational resources, a substantial part of this work was coming up

with various ways of optimizing the models to be more efficient and cost-effective:

Low-Rank Adaptation (LoRA): LoRA was used to make the fine-tuning of mod-
els like Meltemi and XLM-RoBERTa feasible even in settings with relatively low

memory capacity or in the absence of a powerful modern GPU.

Quantization: The use of quantization techniques was driven by the same factors
that made LoRA valuable for the experiments that were carried out. Quantization
acts as an efficient compression technique to reduce the memory footprint and com-

putational cost of deep learning models.

The above techniques, in conjunction with the gradient accumulation, allowed for
the inclusion of more complicated language models that are based on the transformer

architecture and can potentially achieve top-notch performance.

Through the adoption of these various methods, this thesis has made substantial
efforts to develop efficient and reliable predictive models for the success of loan
arrangements using noisy Greek call center comments, thus contributing to the

further development and establishment of NLP methods for the Greek language.
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Chapter 4

Experiments Description

4.1 Dataset construction

The dataset construction process that was followed includes several steps of dedu-
plication, data integrity and validity checks, joining different entities, constructing
the final Greek texts by concatenating several action comments made by the same
account_ids, and finally creating the labels for the dataset. A flowchart describing

the full process can be found in Appendix B.
Initially, there were three different datasets:

The first was TMP_Actions, which comprised monthly snapshots that contained

the following columns:

e id: The unique identifier of a specific action
e snapnum: The snapshot number, corresponds to a month
e meas_action_datetime: The datetime when the action comment was created

e meas_action_acct_code_concerned: The associated account_id for which

the action comment was written

e meas_action_cust_code_concerned: The associated customer_id for which

the action comment was written
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e meas_action comment: The texts that were written by call center agents dur-

ing communications (actions) with the customers

The second dataset was DMCR_Unstruct_Customers, which contained the follow-

ing columns:

id: The unique identifier of the customers entity (customer_id)
snapnum: The snapshot number, which corresponds to a month

meas_cusl min_communication_date_3m: The date of the first communication

in 3 months with this customer_id, for each given month (snapshot number)

The third dataset was DMCR_Unstruct_Accounts, which included the following

fields:

id: The unique identifier of the accounts entity (account_id)
snapnum: The snapshot number corresponding to a specific calendar month
meas_acct_cust_code: The customer_id which is the primary account holder

meas_acch_date nominal: The date of the observation, which is the first cal-

endar day of the month corresponding to the snapshot number

meas_accl_appl_status: The status of the last submitted application for loan

arrangement within the observation period

meas_accl_application_bucket: The bucket of the latest application within
the observation period. This is essentially the number of months for which the

account has not performed any installment payment.

meas_accl_application pending: A boolean which indicates whether the ac-

count has a pending application within the observation period (snapshot)

meas_accl paid_in full cm: A boolean indicating whether the account has a

paid-in-full installment within the observation period (snapshot)
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The steps that were followed in order to create the dataset for the experiments

are as follows:

1. First, the rows from TMP_Actions that do not have a snapshot number (if
any) were dropped, and a check was performed to identify if there are any
duplicate action comments that were written for the same account in the same
snapshot. The check concluded that there are indeed accounts with more than
one action comment per snapshot. This was an important discovery and a

point of consideration for subsequent steps.

2. After importing also the Customers and Accounts datasets and cleaning some
date columns, another check was performed to determine whether every ac-

count is related to only one primary account holder, which seems to be true.

3. Then, a perimeter is applied on the Accounts dataset so that only accounts of
interest for this particular study are kept. The rules of this perimeter are as

follows:

e The account must not have an active application for a loan arrangement

in the current snapshot.

e The status of the last submitted application for a loan arrangement must
not be one of these:
— Approved
— Running

— Fulfilled

Partially fulfilled

Out of collection

4. Next, the rows from the Accounts dataset that were preserved are joined twice
with the Accounts dataset again, bringing each time information from subse-
quent snapshots (snapnum+1 and then again from snapnum+2). This enriches
every row with information covering a 3-month period (current snapshot plus

two subsequent ones), required for constructing labels.
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d.

Labels are constructed following this rule: If an account has performed an
installment payment in either of two subsequent months, its label = 1 (positive

class); otherwise, it belongs to label = 0 (negative class).

. After creating the labels, the working dataset is joined with the TMP_Actions

dataset, which contains the text comments written by agents. A rolling three-
month window is created for each record. For each of the three calendar
months, all comments made in each month are concatenated together in de-

scending chronological order.

Example: For a record in June, three different columns would be created:

e meas_action_comment _concat_0 for June
e meas action _comment concat -1 for May

e meas_action_comment_concat_-2 for April

Each column contains all action comments written for the specific account_id
of the record, ordered from most recent to oldest. This transformation is
necessary because, in every calendar month, there can be more than one action

comment written for a given account_id (see bullet 1).

After these steps, the comments from the current, previous, and pre-previous
snapshots (calendar months) are concatenated together to create 3-month his-
tories in one column. Extending the example from point 6 above, the column

meas_action_comment_concat_3m is created by concatenating:

e meas_action_comment_concat_O,

e meas_action_comment_concat_-1, and

e meas _action_comment_concat_-2.
This column contains, for the specific scenario, all comments made from June
30th back to April 1st for a given account_id. Then, Spacy’s Greek model
(el_core news_1g) is used to lemmatize the texts. Towards this end, a custom

lookup table with hardcoded rules has also been developed, where the rules

have the following format:
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apanta — amavI®

enhm — EVNUEPOVL

ktx — xdtoyog

etc.

This final version of the dataset contains:

e The lemmatized last 3-month comments,

e The corresponding account_id,

e The snapshot number (snapnum),

And the labels.

This dataset will be used in all subsequent experiments described next.

4.2 Exploratory Data Analysis

After having constructed the dataset that is going to be used, an exploratory
data analysis was performed in order to understand the dataset’s characteristics and

potentially reveal interesting patterns, distributions and possibly issues.

Regarding the distribution of the classes, the negative class (label: 0) was found
to contain 1971877 examples, while the positive class included only 3612 instances,
accounting for the 0.18% of the total dataset, indicating the extreme class imbalance

of the data.

- 47 -



4.2 : Exploratory Data Analysis

1e6 Target Variable Distribution
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When inspecting the text length distribution, it is revealed that the mean text
length is 346 characters, with a standard deviation of 520 characters. The distribu-

tion of the text lengths can be seen below:
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1e6 Text Length Distribution
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Moreover, the most common words were analyzed, both in the total dataset and

per class, and they were found to be:

e The most common words are:

[C"tAepwvo”, 2724070), (pnvupa’ , 1664232),
("kotelAnuuevo”, 1653497), (émikoivevia , 1136849),
(‘peoa’, 979850), (époh’, 973028),

(“ouppaon’, 965142), (‘kwdikoo’, 964405),

(" mopokorw , 962587), ("tnAepewvntno’, 905156),
("katoyxoo ', 870188), (¢xw ', 560728),

(6tL”, 492790), (6¢eiAn’, 476086),

(evnuepwon’, 460829), (‘Asw’, 436732),

("kow”, 391606), ('teppatile’, 382559),

("Inrtaw’, 368629), (€ipot’, 361200)]

e Most common words for class 0:
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[("tnAggovo”, 2716609), (‘unvupa’, 1659259),
("koteltAnuuevo”, 1650006), (émikoivevia , 1133559),
(“peoa”, 977409), (guolA”, 970672),

(“oupPoon’, 962909), (‘kwdikoo’, 962136),

(" mopakore, 960361), ("tnrepwvntno’, 902935),
(“katoyoo”, 865596), (éxw’, 557196),

(6tv”, 489359), (69elAn’, 473528),

(évnuepwon’, 457049), (‘Aew’, 434091),

("kohw ", 388549), ('teppatile’, 381594),

("Tntow”, 365888), (€ipat”, 359378)]

e Most common words for class 1:

[C"tnAegpwvo”, 7461), (“pnvope’, 4973),
("koatoyxoo ', 4592), (évnuepwon’, 3780),
(exw”, 3532), (‘kateitAnuuevo’, 3491),
(6T, 3431), (émikoivevioa , 3290),
("kodw ", 3057), ("Cnraw’, 2741),

("New’, 2641), (6¢eiAn’, 2558),

(“peoa”, 2441), (épotA’, 2356),
("kwdikoo ", 2269), (“ouvpyPoaon’, 2233),

(" mopakore, 2226), ("TtnAepwvnno’, 2221),
("kotabeon’, 1856), (eipar’, 1822)]

Word Cloud for Class 0 Word Cloud for Class 1

tnAs@wvo

Hnvupa. £ EEURVOLA.

Furthermore, when investigating the relationship between the text length and
the label, it was discovered that longer texts seem to be more likely to belong to the

positive class:
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Text Length vs. Target Variable
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Last, a CountVectorizer was applied to transform the textual information into
Bag-of-Words (BoW) and thus generate sparse matrices of word frequencies for
the dataset. The size of the vocabulary created by the vectorizer was obtained
and displayed. A heatmap visualization is then generated for 100 randomly chosen
columns of the sparse matrix and the density of non-zero entries (word counts) is
shown to understand the sparsity of the data. This gives an understanding of the
structure as well as the level of sparsity of the BoW representation, indicating the

absence of many words in individual documents.

- 51 -



4.3 : Dataset deduplication and splitting process

t:.‘%."'isue«|iza«’tic:1n of Sparse Bag-of-Words Matrix (Random Sample)
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4.3 Dataset deduplication and splitting process

The dataset, as it has been already described, contains texts and labels, asso-
ciated with account IDs and snapshot numbers. There are combinations of {text,
label} that occur many times. For this reason, a data deduplication was needed.
Furthermore, in order to split the dataset into train, validation, and test (unseen)
data, it was necessary to take into account the proportion of the classes, the chrono-
logical order of the data, and the account IDs. Thus, a StratifiedGroup split was

required, taking care also of the chronological order of the data.

The deduplication process will be first described, which takes as input the
final _dataset and produces as output a deduplicated dataset with columns account_id,
snapnum, text, and target (label), which are needed in order to split our dataset.
The downsampling ratio that has been used for the negative class in the train and

validation datasets is 0.1.

First, the final dataset that has been produced is read (both the lemma-
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tized and the not lemmatized version). An inner join is performed, using as keys
the combination {ACCOUNT_ID, SNAPNUM}. The deduplication and splitting process
has been integrated in the first subsequent experiment of the deep language mod-
els, which is finetuning the GreekBERT. For this reason, an instantiation of the
class DeduplicatedNegativeDownsampledExperimentHandler takes place, inherit-
ing from the parent ExperimentHandler class. The following arguments are passed

to the class:

e experiment_dataset, which is the joined dataframe based on the final dataset.
e experiment name, which in this case is greek bert.

e model class, which is the class of the model we are going to train from the

HuggingFace transformers library (BertForSequenceClassification).

e model save path, which is the path where we are going to save the fine-tuned

model, in this case: greek bert_deduplicated_train data neg downsampled model.

Since no model load path is provided, the base pre-trained model which is
used for fine-tuning is nlpaueb/bert-base-greek-uncased-v1l. Furthermore, the
text_column is the meas_action_comment_concat_3m lemmas_string column in the

dataframe, and the target_column is the "target” column.

Then, the method prepare_train test_data() isinvoked, by passing the train _data_path,
validation data_path, and test_data_path where we are going to save the corre-

sponding datasets. This method executes the following steps:

1. Calls the internal method _deduplicate dataset(). This method converts
the experiment_dataset (the merged final dataset) to a Polars LazyFrame

and applies the deduplication logic, which is the following:

e Assumptions made:

(a) Each text should be associated with only one label (either positive or
negative). It is not expected as a real life scenario for two different
customers to say the exact same words and then follow different

behaviors.
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(b) It is sufficient for each combination of {text, label} to exist for
only one account_id. The model will either train or evaluate on this

combination.

(c) However, some {text, label} combinations exist for more than one

account_id.

(d) Furthermore, some account_ids include a given combination of {text,

label} more than one time.
e The deduplication logic is the following:

(a) For a given combination of {text, label}, if there is only one account_id
for which this combination appears more than once, only one row
containing the {text, label, account_id} is kept, and the snapnum
with the maximum value is retained (the most recent is the most

relevant from a business perspective).

(b) Else if there are more than one account_ids for a given {text,
label} combination, the account_id with the maximum count of
total rows is kept (ties are broken randomly), retaining the snapnum
with the maximum value. This is done, because it would be bene-
ficial to preserve the account_ids with the most information in our

dataset.

(c) Else if for a given combination of {text, label}, there are no account_ids
for which this combination appears more than once, the account_id
with the maximum count of total rows is kept, retaining the snapnum

as above.

(d) Last, a check is performed to validate that each text is associated
with only one label, either positive or negative. For texts that are
associated with both labels, the positive label is favored (see assump-
tion a). All these operations are performed because, as said, there
is no expectation that this will be a real life case, and since there
are very few positive examples in the dataset, none of them could be

sacrificed.
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2. Checks that the deduplication has been completed successfully, by invoking
the method _check dataset_deduplication() to ensure the uniqueness of
each {text, label} combination, its association with only one account_id,

and to also ensure that each text is associated with only one label.

3. Then, the deduplicated dataset is split to train, validation and test datasets.
The final percentages are: 70% for train, 17.5% for validation, and 12.5% for

test data. The steps that are followed for doing the splitting are the following:

(a) Assumptions made/Acceptance criteria for the splitting process:

i. Each account_id can exist either in the train set, or in the test (or

validation) set, or in both of them.

ii. In order for an account_id to be able to exist in both sets, this means

that this account_id must have a sufficient amount of examples.

iii. Regarding this sufficient amount, both classes for a given account_id
must have more instances than the number of folds, so that the pro-

cess does not fail and the stratification objective is not violated.

iv. For account_ids that exist in both sets, the instances that exist in
dataset B (test or validation set) must be in the future compared
with the examples of the same account_id that exist in dataset A

(train* or train set).

(b) The whole process is repeated twice. The first time, eight folds are used,
and the deduplicated dataset is taken as input. Thus, a split into trainx
(dataset A) and test (dataset B) dataset is performed. The second time,
five folds are used and the train* dataset is taken as input. Thus, the
final split is completed to create the train (dataset A) and validation
(dataset B) datasets, ensuring 70-17.5-12.5 proportions and verifying that
all criteria have been met for the splitting process. The steps that are

followed for the splitting process include:

i. First, the input_dataframe is sorted by {ACCOUNT_ID, SNAPNUM} in

descending order (see step [v] below to understand why), and then
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the LazyFrame is collected in order to be converted into a Polars
DataFrame and be able to make some required groupings.

ii. The grouping is made by {ACCOUNT_ID, TARGET_COLUMN} in order to
calculate the number of occurrences of each target per each account_id
and then the result is pivoted to bring the account_ids as index, the

target labels (0,1) as columns, and the frequencies as values.

iii. A check is performed to verify that both zeros and ones are more
than the number of folds, and two boolean flags are created for each
account_id accordingly. These account_ids that have both flags
True are tagged as repeated_ids (thus creating the repeated_account_data),

while the rest of the input dataset is tagged as new_account_data.

iv. For the new_account_data, the sklearn’s StratifiedGroupKFold split
is performed. The rationale is the following: since these account_ids
do not have class instances that are more than the number of folds,
then this means that every account_id should exist either in the
train or in the test dataset, while trying to retain the class balance
ratio. Only the first of the splits is kept by using the next () Python
function—mno cross-validation is used because of the computational
cost to fine-tune such LLMs, as it will be shown in the sections below.

v. For the repeated_ids, the StratifiedKFold split is used instead.
Each of the repeated account_ids data are split into two sets, again
by keeping only the first of the splits with the next () function, and
also by preserving the chronological order of the snapshots for each
account_id. This is achieved by having sorted by {ACCOUNT_ID,
SNAPNUM} in descending order in step [i], and by using shuffle=False.
In this way, future data (larger snapnums) will always be in the set
B, out of the two sets that are created by the split.

vi. The datasets A and B that have been created in steps [iv] and [v] are
concatenated together in order to create the final datasets A (trainx

or train) and B (test or validation).

4. Then, the pl_check _stratified group_train test_split() function is called
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to validate that the created datasets meet the acceptance criteria that have
been described in the assumptions. Assertions are made to verify that the
balance ratio of the classes has been preserved, the total length of the split
datasets is the same as the input dataset’s length, and the account_ids that

exist in both sets do not have chronological overlap.

5. Last, the negative class is downsampled in both the train and validation
datasets, keeping only the 1% of the negative class (due to the huge class
imbalance of the problem). However, the negative downsampling is not per-
formed for the test dataset, since the unseen test data that are used for the
evaluation of the models have to resemble the real world as much as possible.
It is worth noting that this test dataset remains completely unseen and is used
to evaluate the trained (or fine-tuned models) in all following experiments that

are going to be described.

4.4 'Traditional ML Models with NLP techniques

For a comprehensive flowchart depicting all ML experiments and the results,

please refer to Appendix B.

4.4.1 Random Forest with TF-IDF and SMOTE

The first of our experiments with traditional ML models forms an initial baseline of
what to expect next. It performs binary text classification using a Random Forest
classifier on the dataset that have been prepared following the process described
above. It uses TF-IDF vectorization with bigrams and trigrams to convert textual
information into numerical characteristics and enforces SMOTE to deal with imbal-
anced classes by over-sampling the smaller class. Thus, after training the classifier
on the resampled data, it assesses the model’s performance on the test set by com-
puting such performance measures as accuracy, precision, recall, F'1-score, confusion
matrix and PR-AUC. Furthermore, it calculates rank-based measures such as Pre-
cision@20, Recall@20, and R-Precision where predictions are reordered according to

their predicted probabilities. These metrics are used to evaluate both classification
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and ranking performance against a dataset that features a severe shortage of positive

examples. The results are depicted below:

RF:

Accuracy: 0.939

Precision: 0.014

Recall: 0.209

F1 Score: 0.025

Confusion Matrix:
[[82816 5110]
[ 265 70]]

Precision®@20: 0.0

Recall@20: 0.0

R-Precision: 0.009

PR-AUC: 0.008

4.4.2 Bag-of-words with \? feature selection

In this experiment, the most important features for the classification task were
identified by applying the Chi-squared test, where the Chi-squared statistics and p-
values were computed for each word in the Bag-of-Words matrix with regards to the
target labels. Then, the features were ranked and filtered based on their statistical
significance (1 minus the p-value), since only those with a score greater than a defined
threshold were selected. The resulting significant features were stored as a list of
unique words to be used to refine the feature set for modeling. The final feature
set for the text classification was created by generating Bag-of-Words matrices for
the training and testing sets using only the selected significant features with the

Count Vectorizer.

After this process, several classic classifiers were instantiated and evaluated on

the refined datasets. The results are displayed below:

MNB:

accuracy: 0.866
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SVC:

ABC:

DT:

recall: 0.454
precision: 0.013
f1_score: 0.025
precision_at_20: 0.0
recall_at_20: 0.0
r_precision: 0.066

pr_auc: 0.019

accuracy: 0.996
recall: 0.033
precision: 0.786
f1_score: 0.063
precision_at_20: 0.6
recall_at_20: 0.036
r_precision: 0.107

pr_auc: 0.062

accuracy: 0.993
recall: 0.084
precision: 0.088
f1_score: 0.086
precision_at_20: 0.25
recall_at_20: 0.015
r_precision: 0.090

pr_auc: 0.036

accuracy: 0.973

recall: 0.251
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precision: 0.038
f1_score: 0.066
precision_at_20: 0.05
recall_at_20: 0.003
r_precision: 0.027

pr_auc: 0.013

RF:
accuracy: 0.995
recall: 0.176
precision: 0.288
f1_score: 0.219
precision_at_20: 0.6
recall_at_20: 0.036
r_precision: 0.179

pr_auc: 0.110

XGB:
accuracy: 0.995
recall: 0.158
precision: 0.237
f1_score: 0.190
precision_at_20: 0.5
recall_at_20: 0.030
r_precision: 0.188

pr_auc: 0.087

From the above results, it is evident that the ensemble models like Random
Forests and XGBoost achieve the best results in terms of f1-score and ranking metrics
like R-Precision. What is also amazing is that SVC seems to perform better than
the rest of the models, especially with regards to the ranking metrics, but it seems

that the model is overly hesitating to predict the positive class, offering very good
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precision, but low recall. On the other hand, Naive Bayes seems to achieve the best
recall, but the fact that R-Precision is very low should not be overlooked. This
essentially means that the model is incapable of prioritizing the positive examples
and ranking them higher. It may predict enough of them correctly, but they are

further down the ranking order, surrounded by negative examples.

4.4.3 Normalization of the BoW features

The next experiment involved normalizing the numerical features that were created
by the CountVectorizer using the most important words. This method ensures
that all numerical features have a consistent scale, and can potentially improve the
performance of some distance-based models like SVM or k-NN. However, some other
models like the tree-based ones (Random Forests, Decision Trees, XGBoost etc.) do
not particularly benefit from this normalization. Moreover, it can have a negative
impact on models that are optimized for sparse matrix inputs, such as the Naive

Bayes, since normalizing the text features may reduce sparsity.

Only the SVC classifier is trained as part of this experiment, and the results are

depicted below:

SVC:
accuracy: 0.996
recall: 0.078
precision: 0.812
f1_score: 0.142
precision_at_20: 0.6
recall_at_20: 0.036
r_precision: 0.112

pr_auc: 0.070

As expected, the normalization seems to assist SCV, which is a distance-based

model, in achieving a bit better precision and recall.
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4.4.4 Normalization of the BoW features and class weights

The normalized dataset that was created during the previous experiment is used
again, this time also including class weights in the training process. The class
weights are hard-coded to 1 for the negative class, and 5 for the positive class. The
results of the fewer models that were indicatively trained using this approach are

below:

RF:
accuracy: 0.992
recall: 0.164
precision: 0.115
f1_score: 0.135
precision_at_20: 0.5
recall_at_20: 0.030
r_precision: 0.158

pr_auc: 0.082

XGB:
accuracy: 0.995
recall: 0.134
precision: 0.205
f1_score: 0.162
precision_at_20: 0.6
recall_at_20: 0.036
r_precision: 0.161

pr_auc: 0.089

By examining the results, it is apparent that both Random Forest and XGB
seem to have got slightly worse, compared with the results that were realized using
the simple BoW technique, though this could be attributed to randomness. Multiple
runs and statistical testing would be necessary to specify if there is a statistically

significant difference in their performance.
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4.4.5 N-grams with y? feature selection

The previous process that involved Bag of Words (BoW) is repeated with 2-grams
and 3-grams, using again the most significant features from the x? feature selection.

The results of the trained machine learning models are presented next:

MNB:
accuracy: 0.866
recall: 0.454
precision: 0.013
f1_score: 0.025
precision_at_20: 0.0
recall_at_20: 0.0
r_precision: 0.066

pr_auc: 0.019

RF:
accuracy: 0.995
recall: 0.170
precision: 0.284
f1_score: 0.213
precision_at_20: 0.55
recall_at_20: 0.033
r_precision: 0.179

pr_auc: 0.110

XGB:
accuracy: 0.995
recall: 0.158
precision: 0.237
f1_score: 0.190

precision_at_20: 0.5
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recall_at_20: 0.030
r_precision: 0.188

pr_auc: 0.087

The results appear to be the same with the BoW method for feature extraction.

The top 20 most important features from the Random Forests are shown below:

Feature Names Importance
da 0.0274
€EEEC 0.0183
o€ 0.0121
TNAEPWVO 0.0112
amo 0.0108
M VLR 0.00956
dev 0.00897
TNAEPRVNTNO 0.00850
ME 0.00812
KATOX0O0 0.00774
TEPMATL LD 0.00771
Ko 0.00729
daoo 0.00663
va 0.00649
yLo 0.00555
KoL 0.00547
B 0.00528
KOA® 0.00484
EVNUEPLON 0.00460
doon 0.00459
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4.4.6 N-grams and class weights

This time, instead of applying normalization on the dataset, n-grams are used di-
rectly with class weights to train the Random Forest and the XGBoost models. The

results are the following:

RF:
accuracy: 0.993
recall: 0.173
precision: 0.163
f1_score: 0.168
precision_at_20: 0.55
recall_at_20: 0.033
r_precision: 0.173

pr_auc: 0.095

XGB:
accuracy: 0.995
recall: 0.158
precision: 0.237
fl1_score: 0.190
precision_at_20: 0.5
recall_at_20: 0.030
r_precision: 0.188

pr_auc: 0.087

Similarly, no significant difference seems to exist in contrast to the first experi-

ment that used the BoW features.
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4.4.7 Averaged Word2Vec Embeddings for Text Classifica-
tion with XGBoost

In this experiment, the corpus of texts is tokenized to individual words, and the
Phrases model of the gensim library is initially employed to scan through all texts
in the dataset and identify bigrams and then trigrams that appear at least 5 times
in the corpus. After having tokenized the texts and also created the bigrams and
trigrams, a Word2Vec model [14] is trained on the documents, using 300 dimensions
for the word embeddings, a window of 8 words for the context of each word and
a minimum of at least one appearance, and finally the skip-gram algorithm. After
training the model, it is tested by plotting the most similar words to the anchor word
evnuepwor , using the t-SNE dimensionality reduction technique [74] to reduce the
dimension to the 3d space. The scatterplot is displayed below:
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Then, each text in the dataset is transformed into a Word2Vec embedding, by
taking the embedding of each word in the sentence and average them all for a final

vector on the sentence-level. A XGBoost classifier is trained on this dataset, and

the evaluation metrics are presented below:

XGB:
accuracy: 0.994
recall: 0.176
precision: 0.203
f1_score: 0.188
precision_at_20: 0.35
recall_at_20: 0.021
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r_precision: 0.179

pr_auc: 0.078

Suprising as it may be, XGBoost achieved marginally worse performance with

the average Word2Vec embedding per sentence, than the simple Bag of Words.

4.4.8 Attention-Driven BiLSTM Text Classifier with Word2Vec
Embeddings

In the final of the first set of experiments, we created a text classification model
that uses Word2Vec embeddings from the existing trained model of the previous

experiment, and an attention mechanism to enhance the classification outcomes.

Initially, each of the texts in the train dataset is tokenized and converted to a
sequence of 15 integers (indexes), each of which corresponds to a word from the
vocabulary. If a text has more than 15 words, they are truncated; likewise, if a
text has less words, padding is applied. The same process is applied to the test
dataset, using the bigrams and trigrams detectors that we trained earlier on the
train dataset (thus avoiding data leakage), and performing the same tokenization
and padding steps for the test texts. The embedding layer of the neural network
took advantage of the existing Word2Vec embeddings, as already described, thus
the weights of the Embedding layer were frozen. The embedded sequences were
processed in a bidirectional LSTM network with an attention mechanism to focus on

the most important tokens.

An Optuna study was performed to determine the best number of epochs, and the
optimal class weights. To assess the model’s predictive power, we employed metrics
including precision, recall, and F1-score after training. We also evaluated the model
as a ranker, estimating the Precision@20, Recall@20, R-Precision, and PR-AUC.
The best params after 10 trials by Optuna were found to be 27 epochs and weight
1.052 for the positive class (keeping the negative class with weight 1). Nevertheless,
the results of this neural architecture were disappointing, since the model predicted
that no example belonged to the positive class. This could potentially indicate the

need for handling the class imbalance and the data noise in more efficient approaches.
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The results can be found below:

Accuracy: 0.996
Precision (class 1): 0.0
Recall (class 1): 0.0
F1-Score (class 1): 0.0
Precision@20: 0.1
Recall®@20: 0.006
R-Precision: 0.072
PR-AUC: 0.023

4.5 Deep learning with Language Models

For a comprehensive flowchart depicting all DL experiments with language mod-

els and the results, please refer to Appendix B.

4.5.1 Experiment 1: Fine-tuning GreekBERT

The first experiment is fine-tuning the GreekBERT [29] using the train and vali-
dation dataset, and then evaluating on the test dataset. In this first experiment,
the whole process will be thoroughly described, along with several configurations
and optimization techniques that were used. First of all, Optuna [75] is used in
order to search for the best num epochs, batch size, accumulation steps, and
learning rate. This is done only in this first experiment and the contrastive learn-
ing experiment, and the optimized hyperparameter values are kept for the next

experiments because this process is computationally costly.

4.5.1.1 Hyperparameters Optimization Process

Optuna essentially makes 10 trials with the objective of minimizing the cross-entropy
loss for the validation dataset, using Bayesian Optimization for efficient sampling of

the following hyperparameters and values:
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e num_epochs (2-5): This range of integers has been chosen because of the small
datasets and the few existing positive examples. It allows the model to learn
without overfitting on the data, as too many epochs could potentially have a

negative effect on generalization.

e batch size ([16, 32, 64]): Batch size is the number of examples that get
processed in parallel and re-calculate the gradients and loss before eventually
updating the weights and biases of the model. Although smaller batch sizes
can make the gradient descent optimization less smooth and the convergence
slower, they contribute to better generalization, especially in our case, since

there is a limited amount of positive examples.

In our particular case, smaller batch sizes are of vital importance also for
another reason: the limited computational resources and memory. If a more
capable GPU was going to be used, then larger batch sizes in the range of [32,
64, 128] would have been considered, which would contribute to faster learning

and potentially more stability in the learning process.

e accumulation steps (1-4): The accumulation steps are the number of batches
that get processed before updating the weights and biases. This hyperparame-
ter allows for simulating training with greater batch sizes, which can contribute
to stabilizing the gradient descent optimization, while keeping the memory re-

quirements manageable. All integers in the range [1, 4] are tried.

e Learning rate (le-6 to le-4): This continuous range of numbers covers
some of the most commonly used learning rates when fine-tuning language
models. Optuna uses a log-uniform distribution for sampling this continuous
range, essentially picking smaller learning rates with higher probability, since
the number of trials would never be sufficient to exhaustively try all these

values.

For all the hyperparameters optimization process described above, the method
tune hyperparameters() is called (passing n_trials=10) on the object of the

class DeduplicatedNegativeDownsampledExperimentHandler. The objective()
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method serves as setting the goal for Optuna’s minimization. The GreekBERT
model is trained on the training dataset, using a combination of the hyperparame-

ter values, and then evaluated on the validation dataset.

Note that a check is used in each trial, so that Optuna can determine if this
specific trial with a set of hyperparameter values looks promising, or if it should

stop it ( “prune”) earlier to save time and compute costs.

4.5.1.2 Technical Details of the Training Procedure

After having the best hyperparameters values specified by Optuna, it is time to
train the model on the training dataset once more and save the final best model.
For this, the train model() method is invoked again. The best model (with the
minimum loss on the validation dataset) across all Optuna’s trials is retrieved, in

order to further fine-tune it. Some technical details about the training procedure:

e Data Loading: The training data loader shuffles the batches to prevent
overfitting. However, this shuffling is not used in the validation data loader,

as it is not useful during evaluation.

e Device Allocation: The model is moved to the device for parallelization and

optimization, which is GPU if Google Colab’s A100 is used, otherwise CPU.

e Optimizer: The Adam optimizer with weight decay and the learning rate
determined by Optuna are used. This optimizer is widely applied when fine-
tuning large transformer models because it offers improved generalization due
to the implementation of the L2 regularization (weight decay), which also does

not interfere with the adaptive learning rates [76].

e Learning Rate Scheduler: The training process makes use of a learning
rate scheduler, which reduces the learning rate to half when the validation loss

plateaus and does not decrease after 2 epochs.

e Batch Accumulation: The weights are updated only after accumulation steps

number of batches, resulting in an effectively larger batch size.
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¢ Early Stopping and Validation: The evaluation is performed against the
validation dataset, persisting the model if the validation loss is the best so far,
halving the learning rate if the loss has not improved after 2 epochs, or even

applying early stopping if the loss has not improved after 3 epochs.

4.5.1.3 Performance Evaluation

The best model across all epochs is loaded for a final evaluation on the validation

dataset and further evaluation on the test dataset.

When evaluating on the validation dataset (evaluate_on_validation_set()),
the model is set to eval mode in order to disable dropout and other training-specific
layers. The gradient computation is also disabled to reduce the required memory

and avoid unnecessary calculations.

The losses across all batches are summed up, so that the total loss can be av-
eraged by dividing by the number of batches. This average loss is returned as the
output of the method. Additionally, the probabilities of each class and the predic-

tions based on the logits are calculated using the softmax and argmax functions.

After all these steps, it is time to finally evaluate the model using the test
(unseen) dataset. Two separate methods have been implemented for this purpose:

the evaluate_model () and the evaluate_as_ranker () methods.

The evaluate model() method calculates the accuracy, recall, precision, f-1

score and confusion matrix, based on the predictions made on the test set.

However, due to the high class imbalance and the low number of positive ex-
amples, evaluating the model as a ranker provides much more meaningful insights
about the model’s ability to distinguish and prioritize positive instances out of the

great number of negative ones.

4.5.1.4 Ranking Metrics for Evaluation

Ranking metrics are ideal for evaluating the model’s ability to retrieve and rank pos-
itive examples effectively. These metrics align closely with real-life scenarios where

the task is to identify a few relevant cases from a large pool of non-relevant ones,
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such as in sales leads, client communications, or anomaly detection. Furthermore,
ranking metrics like ROC-AUC, Precision@K, Recall@K, R-Precision, and PR-AUC

are robust against class imbalance [56].

4.5.1.4.1 ROC-AUC ROC-AUC is a common metric widely used to evaluate
the performance of binary classifiers. The area under the curve informs us about
the model’s ability to rank positive examples higher than negative ones. Essentially,
it measures the probability that a binary classifier assigns a higher probability or

logit to a positive example than to a negative one.

However, due to the extreme class imbalance in our case, and also because of our
particular interest in the positive class, PR-AUC would be a much more suitable
evaluation metric. ROC-AUC has been shown to be overly optimistic in imbalanced
datasets where the low decision threshold leads to an overly eager to predict the
positive class model, while at the same time, the high number of true negatives
keep the FPR consistently low (at least until a very low threshold, when it can
move toward 1), thus inflating the AUC and over-estimating the model’s predictive

capabilities [56].

4.5.1.4.2 PR-AUC In contrast, PR-AUC is much more informative since it
clearly showcases the trade-off between precision and recall, while calibrating the
decision threshold. In this way, ending up with a model that may have a very good
recall, but the precision is very low, can be avoided. From a business perspective
in the existing application, false positives would mean false leads for communica-
tion with customers that are not really ready to arrange their non-performing loan.
Communications that are associated with low probability of a loan arrangement
consequently mean higher call center costs with lower business expectations and
results. For all these reasons, PR-AUC would be perhaps one of the most valuable

evaluation metrics for the business stakeholders, too.

4.5.1.4.3 Precision@K and R-Precision Two other really useful metrics matched

with the business situation in hand are Precision@K and R-Precision. Both metrics
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are ranking metrics and are completely independent of any decision threshold, es-
sentially evaluating the model’s capability to retrieve relevant (positive) examples in
the top K or R prediction probabilities, respectively. Perhaps Precision@QK is a bit
more relevant, since it is completely unrelated with the dataset’s composition, and
the K number can be a business informed quantity that depends on the business
productivity capabilities, such as the call center’s capacity, the cost for each commu-
nication etc. Since the K number (number of communications the business channels
can perform in a business period of time) is potentially greater than the actual
number of R (true positives in the same period of time, essentially being customers
with a higher probability of arranging their loans), Recall@K comes into play. This
means the business can bear the burden of some effectless communications, as soon

as the model retrieves as many true positives as possible.

All the above-mentioned ranking metrics are calculated when calling the method
evaluate_as_ranker (). This method ensures that the model’s ranking capabilities
are thoroughly evaluated and aligned with both technical performance and business

priorities.

4.5.1.5 Performance Metrics

Accuracy: 0.983
Precision: 0.072
Recall: 0.296

F1 Score: 0.115

Confusion Matrix:

Predicted 0 1 All
True

0 87149 777 87926
1 262 73 335
A1l 87411 850 88261

ROC-AUC: 0.738
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PR-AUC: 0.087
R-Precision: 0.194
Recall®@20: 0.027
Precision®@20: 0.45

4.5.1.6 Analysis of Results

These results showcase the difficulty of the problem in hand, which is the high
imbalance of the class distribution. It is evident that the model learns the negative
class quite well, while it seems that it faces major difficulties with the positive class.
This was expected, and it serves as a base model for us and as a comparison reference

for the next experiments. It’s worth noticing that:

e The model retrieved 20% of the total positive examples in the top R ranked

probabilities for the positive class.
e The top 9 predictions were all positive examples.

It is also worth mentioning that during the experimentation process, the model
was also evaluated on the test dataset where the negative class was downsampled.
The results were much better as it can be seen below, however, this approach is by
no means valid, since the model should always be evaluated on conditions that are

as close to the real life production as possible.

4.5.2 Experiment 2: GreekBERT finetuning - Minority (pos-

itive) class resampling with replacement

The above experiment is repeated with resampling of the minority class with replace-
ment, in order to mitigate the class imbalance by matching the size of the majority
(negative) class and provide the model with more positive examples, hoping that
it will learn to generalize better. In the training process, several optimizations are

used, like:

e Accumulating the gradients over multiple batches before performing the weights

update.
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e Using mixed precision, combining both full precision (FP32) and half precision

(FP16).

e Applying a warm-up period for the learning rate, initializing it to 0 and grad-

ually increasing it to 5e-5 during the first 10% of the total training steps.

e Using weight decay regularization to prevent overfitting by introducing a penalty

to the loss function, discouraging large weights.
The results are displayed below:

Accuracy: 0.972
Precision: 0.064
Recall: 0.308

F1 Score: 0.106
ROC-AUC: 0.734
PR-AUC: 0.083
R-Precision: 0.196
Recall©@20: 0.030
Precision@20: 0.500

4.5.3 Experiment 3: Contrastive Learning

The third experiment includes making use of the contrastive learning technique.
Such methodology can be really helpful in highly unbalanced datasets, because it
can help the model learn fine differentiating details between the positive and nega-
tive instances [77]. In more details, contrastive learning employs the contrastive loss
to learn the difference of dissimilar pairs by moving them away in the embedding
space, or learn the similarities of similar pairs, thus bringing them closer in space.
This helps in situations where the classifier needs to learn to distinguish the posi-
tive from the negative examples, but there are not so many positives to train on.
Furthermore, by re-using the same positives to create similar and dissimilar pairs,
the learning signal of the few positive examples is essentially amplified, and the

model is supported in learning nuanced patterns of the positive class that it would
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not be able to explore otherwise. In this way, the model can search for identical
characteristics in future unseen instances of interest, thus becoming an even better

ranker with a higher retrieval capability.

Two approaches to create these similar (positive) and dissimilar (negative) pairs

are followed:

Approach 1

In the first approach, the evaluation on the validation dataset that was performed
during the first experiment is used to identify the true and false positives and true
and false negatives of the validation dataset. Using them, the positive (similar) and
negative (dissimilar) pairs are constructed, by executing the following steps of the

method create_contrastive pairs():

1. First, the embeddings for each of the four groups (true/false positives/neg-
atives) are calculated, so that we have them in hand, instead of having to
re-generate them again and again. The steps to create the embeddings are the

following:

(a) The _encode_sentences() method is invoked, which takes the list of
sentences of each group in batches, so that the available memory is used
efficiently, the calculations can be parallelized, the data transfer overhead

is reduced and the matrix operations can lead to faster calculations.

(b) The BERT tokenizer is used to turn each sentence in the batch to tokens
that the BERT model can work with. Truncation or padding is applied,
so that every sentence has the same length (equal to max_length=>512 in
this case).

(c) Gradient operations are disabled in order to speed up computations, since
we are only using inference when creating the embeddings, and the to-
kenized batch is fed into the embedding model, which is BERT in this
specific case.

(d) Last, the embeddings of each token in every sentence of the batch are

extracted, and mean pooling is applied to convert each sentence’s infor-
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mation into a single vector embedding, making also sure that the padding
tokens are excluded by masking the hidden state. Mean pooling is better
suited for checking the similarity and distances to create the contrastive
pairs than the pooler_output of BERT, which is more useful for classifi-
cation tasks. All embeddings across all batches are returned into a single

numpy array, so that they can be used to create the contrastive pairs.
2. Then, the positive pairs for the below combinations are calculated:

(a) True Positives - False Negatives

(b) True Negatives - False Positives

Cosine similarities are used to determine whether a pair should be included in
the positive pairs, as well as a lower and an upper threshold between which
a cosine similarity should be located, in order for this pair to be taken into

account. To calculate these boundaries, we follow this logic:

(a) Cosine similarities are by definition in the range [-1, 1]. The thresholds
could generally be static or dynamic. Initially, an assumption was made
that the cosine similarities are following the normal or at least a bell-
shaped curve. In this way, the following dynamic thresholds were used

(which they can also adapt to variations in data):

i. As the lower bound, the max(u + 1o, cos(45°)) was chosen, because
the quantity of pu + lo and above filters out 84.13% of the lower
similarities (again, assuming normal distribution). However, there is
no guarantee that this quantity is above 0 or sufficiently large to be
related to meaningful similarity. For this reason, the angle between
two vectors would have to be at most 45° to be considered similar.

ii. The upper bound is obviously 1.0, since in this case the angle between
the two vector embeddings is 0°, which means that the two vectors

have the same direction.

(b) However, upon closer inspection, it was revealed that the cosine similar-

ities distribution is not necessarily the normal distribution, but rather
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the cosine similarities tend to cluster around certain values due to spe-
cific geometrical aspects in the embedding space. As a simple example
to further illustrate this, vectors that belong to the same class are more
probable to have similarity closer to 1, than vectors that belong to dif-
ferent classes, whose similarity would be closer to 0 (orthogonal vectors
are the most common in high-dimensional spaces) or less. Furthermore,
a normal distribution is defined over , which comes into contrast with
the bounded nature of the cosine similarities. In order to test the cosine
similarities distribution for normality, further actions would have to be
taken, like running a goodness-of-fit (normality) test based on p-values,
or plot the data in a histogram to visually evaluate if the distribution is
close to the normal one. Nevertheless, since the most logical assumption
is that the cosine similarities distribution would be likely multimodal or

skewed, static thresholds are eventually used:

i. As the lower threshold, cos (% rad) is used, because two similar vec-

tors would at most form a 45° angle between them.

ii. As the upper threshold, 1 is used, indicating vectors that follow the

same direction.
3. Last, we calculate negative pairs for the combinations:

(a) True Positives - True Negatives
(b) True Positives - False Positives
(¢) True Negatives - False Negatives

(d) False Positives - False Negatives

This time we are using cosine distances, which can take only values in the range
[0, 2]. It is of interest to say here that initially, euclidean distances we used.
However, upon more careful examination, it became apparent that euclidean
distances are affected by the magnitudes of the embeddings, especially for non-
normalized embeddings like the ones generated by the BERT model. Moreover,

these distances are also affected by the position of each embedding in the vector
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space. Instead, in this application where contrastive pairs need to be created,
angular similarity is of higher interest because in NLP tasks it better tracks
the semantic similarity between texts. What is more, for the negative pairs
construction, normal distribution of the distances was again initially assumed,
and for this reason, p + 1o was used as the lower bound, while p + 20 as the
upper bound. However, as already discussed above, this assumption is not
sound and is somewhat computationally expensive to be verified, so instead

static thresholds are once again used, and specifically:

(a) 0.5 for the lower bound, which corresponds to the 7/3rad angle between

two vectors, and

(b) 1.5 for the upper threshold, which corresponds to the 27/3rad angle.

In this way a variant of semi-hard negatives is implemented, a technique that
will be discussed more in the second approach of contrastive learning. For now,
it suffices to say that the negative pairs are based on examples that are not
trivially close in the embedding space, but still distant enough to be considered

dissimilar.

Note that the output of the create_contrastive_pairs() method are not only the
contrastive_pairs, but also the tokens of the sentences (input_ids and attention masks),
so that the sentences of each pair do not need to be tokenized again when fine-
tuning the GreekBERT model on the contrastive learning task. The contrastive_pairs
dataset, following the methodology described above, turned out to be extremely

large:
e 827703 negative pairs (label 0)
e 294109 positive pairs (label 1)

This dataset would require extreme computing resources and memory, so that the
GreekBERT could be fine-tuned using the contrastive learning. Even with small
batches and accumulation steps, the training time would be unbearably high, based
on the available resources to run this experiment. For these reasons, the con-

trastive_pairs dataset was downsampled, and each class (positive/negative pairs)
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was determined to consist of 30000 examples. This is a logical number to let the
model pre-train using the contrastive learning, because, as it is described below, the
new contrastive_model is then further fine-tuned again on the classification task,
before the final evaluation on the unseen data. So now the dataset which consists
of the contrastive pairs is ready, and the BERT language model has to be fine-
tuned and evaluated once more. The plan to combine contrastive learning with the

classification task is the following:

1. First, the base pre-trained GreekBERT model is fine-tuned using the contrastive
pairs and loss, so that it can learn to separate and align the embeddings space
better. Again, mean pooling is used for the outputs of the model, because
this pooling method captures better the semantic meaning of a sentence for

contrastive learning. This new model could be called contrastive model.

2. Then, this contrastive model is further fine-tuned using the initial training
dataset from the dataset preparation on the binary classification task, so that
the model can function as a classifier once again, but this time hopefully having
also the ability to distinguish the positive from the negative class encoded in
its weights, thanks to the contrastive learning. This time we are also using
the pooler output of the BERT model, which is optimized for the classification
task. The pooler output represents the embedding of the [CLS] token, which
is created by applying a linear transformation and a tanh activation function

on this token.

3. Last, this last model from step [b] is evaluated on the test (unseen) dataset

that was created during the dataset preparation.

As a first step of the contrastive fine-tuning, Optuna is once again used to search
for the optimal hyperparameter values. The initial values that were discovered
during the first experiment cannot just be reused, because now the task is different
(contrastive learning vs binary classification), so the model may need less epochs to
learn to cluster together similar and separate dissimilar embeddings, larger batch
sizes to see a diverse set of positive and negative pairs in each step, potentially less

accumulation steps etc. More specifically:
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1. num_epochs (1, 10): This wider range helps Optuna to identify if the model

converges fast when learning with contrastive loss, or if it needs more epochs

2. batch size (32, 64, 128): Larger batch sizes can potentially contribute to
faster and more stable learning process, but they should also fit in the GPU’s

memory

3. accumulation steps (1, 3): If Optuna comes up with larger batch sizes,
then the accumulation steps could be fewer, potentially even 1, meaning that

the gradients will get updated for each batch
4. learning rate (le-6 to le-4)

5. margin (0.3 to 0.8): The margin is used in the formula of contrastive loss
and controls the separation that the negative pairs should have between them.
A margin of around 0.5 works well the most times in applications where cosine

distances are used.

Then with these optimized hyperparameters values, we are training the base Greek-

BERT model using the contrastive loss:

N
Lcontrastive (COSlne Z |: cosine 3:17 1'2) + (1 - yl) max (O, m — dcosine (lea :L‘ZQ))2:|

(4.1)

where the cosine distance:

% ]

s R (4.2)
[y [l ]

eosine (T}, 7h) = 1 —
Essentially, for 3* = 1 (positive pairs), the first term is retained, so in order to
minimize the loss, the cosine distances deosine between positive (similar) embeddings
need to be minimized, bringing them closer in terms of direction. On the other hand,
when y' = 0 (negative pairs), if the cosine distance deosine between the dissimilar
embeddings is less than the margin m, the distance has to be maximized, thus

pushing dissimilar pairs far away in the embedding space, in terms of their direction.
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During the training, mixed precision is used for higher efficiency, lower memory
requirements and faster convergence. Mixed precision essentially casts some oper-
ations, like matrix multiplications, to 16-bit precision, while it keeps some others
which are sensitive to numerical instability to 32-bit precision (like softmax). It also
scales the loss by multiplying it with a factor, to ensure that gradients are large
enough during backpropagation even with 16-bit precision, and in this way to avoid

underflow issues.

Then, this contrastive model which has been trained using the optimized hy-
perparameters by Optuna and the contrastive learning, is further trained on the clas-
sification task. For this reason, the initial training dataset (that was created during
the Dataset Preparation) is split into training dataset* and validation dataset*,
using a 80-20 stratified split. These new train* and validation* datasets will be
used to further train the contrastive model. Then, the exact same evaluation

process as described in the Experiment 1 has been followed.

The results are depicted below:

Accuracy: 0.994
Precision: 0.097
Recall: 0.0776

F1 Score: 0.086

Confusion Matrix:

Predicted 0 1 A1l
True

0 87683 243 87926
1 309 26 335
A1l 87992 269 88261

ROC-AUC: 0.743
PR-AUC: 0.0324
R-Precision: 0.084
Recall@20: 0.0209
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Precision@20: 0.350

From these results it is evident that this model, in comparison with Experiment
1, learned the dominant negative class even better, while it seems to struggle more

with the positive class which interests us.

The reasons for this result may be due to uninformative contrastive pairs, because
it is possible that the static thresholds, while rational, may miss the nuances of
the embedding space and do not contribute to the creation of expressive pairs.
Furthermore, the downsampling of the contrastive pairs dataset, while it helped to
reduce the needs in excessive compute resources and training time, may cost us
in variability and in representing sufficiently the positive class. Nevertheless, we
continue with the second approach for the contrastive learning, which makes use of
a more dynamic approach for creating semi-hard negatives, and which combines the

classification and the contrastive loss in the same training process.

Approach 2

The second approach for the contrastive learning involves the concept of semi-hard
negatives in the construction of the contrastive pairs, as was originally applied for
triplet loss by Schroff et al. [78]. Semi-hard negatives are examples with different
labels from each anchor example, and are closer than some positive (same-label)
examples, but not too close to confuse the model. Semi-hard negatives have been
proven extremely valuable in highly imbalanced datasets. In essence, for each of
the misclassified examples of the validation dataset from Experiment 1, positive
pairs are created using the examples that have the same label with the misclassified
instance, while for the negative pairs, only the instances that meet the following

condition are kept:

mean(d(a,p)) < d(a,n) < mean(d(a, p)) + margin (4.3)

where:
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e mean(d(a,p)) is the mean cosine distance between the anchor (a) and all pos-
itive (p) instances [same label as (a)]. Initially, the minimum cosine distance
had been used, but this is prone to outliers and can lead to overly strict neg-
ative pairs, so the mean was eventually chosen instead, for a more robust

behaviour.
e d(a,n) is the cosine distance between the anchor (a) and a negative (n).

e margin is a hyperparameter defining the maximum ”acceptable hardness” for

a negative.

Using this equation, only negative examples that fall above the mean distance
between the anchor and the positive (same-label) examples, and below this mean

distance plus a margin are kept.

Easy Negatives

Semi-Hard Negatives
Hard

o
Negatives

(a) (D)

Since there were around 550 misclassified examples in the validation dataset, out
of which about 380 where of true positive class, while the rest 170 belonged to the
true negative class, if all same label and different label examples of the validation
dataset (which comprises 12500 examples) were to be used to create the positive
and negative pairs for each of the misclassified examples, the resulting contrastive
pairs would be over 5’000’000 examples. For this reason, for each of the misclassified
examples, eventually only 100 same-label and 100 opposite-label were used to create
the positive and negative pairs. The training process is the following, after having

created the new contrastive pairs:

1. The model that was fine-tuned and evaluated during Experiment 1 is loaded.
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2. This model is trained using a combination of the contrastive loss, based on the
mean pooled outputs of the BERT model and the same loss like the previous
contrastive experiment, and the classification losses of the two examples of

each pair, using the pooler outputs and the label of each sentence in the pair.

3. The total loss is calculated as:

total 10ss = Acontrastive-contrastive 10ss+A¢jassification * (Classification loss; +classification loss,)

(4.4)

Based on the scale of each type of loss, loss weights (A) can also be used to balance
the influence of each loss type. Initially, we start with both weights equal to 1
(equal contribution). Several optimizations that have already been discussed are
also used in this training process. Finally, the fine-tuned model is evaluated both
with traditional classification metrics and with ranking metrics. The results are

depicted below:

Accuracy: 0.979
Precision: 0.056
Recall: 0.290

F1 Score: 0.094

Confusion Matrix:

Predicted 0 1 A1l
True

0 86298 1628 87926
1 238 97 335
A1l 86536 1725 88261

ROC AUC: 0.723
Precision@20: 0.300
Recall@20: 0.018

R-Precision: 0.188
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4.5.4 Data refinement and positive synthetic data with LLMs

For the next experiments, a LLM (OpenAl’s GPT-40 mini) was used to refine the
existing texts as well as to produce synthetic data for the positive class. This was
done with the purpose of dealing with the class imbalance and also with the poor
quality of the Greek texts, in order to help the language models to better learn the
positive class, which again is the class of sole interest for this application. Towards
this end, the texts from training, validation and test datasets were prepared, by

applying the following operations:

e Replace [xxxx] and ######### with ANONYMIZED
e Remove extra whitespaces

e Lowercase all the texts

Then, the texts from all datasets are firstly pre-processed and refined in order
to contain more propper Greek language. The texts originally contained many
abbreviations and were poorly written, including many grammatical and syntactical
errors, considering that they were transcripts of phone calls with loan holders written
on the fly by call center agents. For this reason, the cost efficient OpenAI’s GPT-4o0

model was used, with the following system prompt:

"You are going to receive a Greek text that has been written by a call center agent,
as part of a communication with a customer to arrange a mon-performing loan.
Convert the text into proper Greek without abbreviations, grammar, and spelling
mistakes. Do not change the anonymized word in the texts. Regarding the abbrevi-
ations, you have to understand from the context, examples: kTy or kTy. may mean
kdtoyos, ovl. may mean ocvluyos etc. Make sure you do not omit any text infor-
mation, you do not add anything that you may assume and you do not hallucinate!
Return only the transformed proper Greek text, with no explanation, headline, num-
bering etc., because this will be appended automatically in a Python list. So make

sure you return the text with no line breaks etc.”

The new datasets were saved in corresponding csv files, so that they could be
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used by further experiments. Examples of the transformation that were achieved by

the GPT-40 mini model are the following;:

Initial transcript
"anonymized o@A amo anoxpuwr}:n anonymized &ev exe amarplarnv anonymized & mwo
egakoAouBel va eivai anonymized Ge I8 puBu. e§nynoa ot héh Exel TAPEABE! uey.anonymized
Giaotnua & Ba TTEETTEl AUETA Va UTTApEEl aagn amavTnan yid mpoBeceld Tou KaBwa anonymized
o7l UIToBean 1T O& OQEIAETN. anonymized &8y, anonymized ava - &d ...0e anonymized/yo:
anonymized &éa - unvuuda o £ OQEIAETH: anonymized 68y, anonymized fava K anonymized
T0 1610 O& OQEIAETH: anonymized &8y, anonymized ava - &a ...0& anonymized/yo: anonymized
éa - unvuua ge T anonymized 68y, anonymized ava - amev/vo anonymized 68y, anonymized
gava - amev/vo anonymized o@A evhu GV UTTOPETE VA TTPORE! crrnrrocrou

€anonymized g& anonymized ...anonymized, oTTWa ElxYE GECUEUTEI KOBWO TUYY TTROCWITO TTOU

We can see that there many spelling errors and abbreviations. Still, the LLM
managed to capture the semantic meaning of the text and made the necessary word

replacements:

Transcript refined by gpt4o-mini
"anonymized o@eIAéTNC amo amixpuwn anonymized &ev éxa)lsmarpéwa.' TNV
anonymized kai w¢ eéakoAouBel va eivar anonymized ae mbavy pubuion. EEnynoa or Kdn éxel
mapEABe ueyaAo anonymized SidaTnua Kar 8a TTRETE dueca va urapéesl oa@eAc amavinon yid Tic
mpoBéaeic Tou, kKaBwg anonymized o1 uToBean Tou g o@elAETr: anonymized dev Bynke,
anonymized éavé - &a ...ae anonymized/kdroxo: anonymized &a - urvuua o ThAEQwvo o
oQEIAETH: anonymized Gev ByRHKE, anonymized &avd Kai anonymized 10 iGio & OQEINETH:

anonymiz ke, anonymized éavd - &a ...oe anonymized/kdroyo: anonymized &a -
Hivuua og nAépwvolanonymized &ev Byrike, anonymized avd - amEVEQYQTTOINUEVO

anonymized O£V Synke, anonymized éava - amevepyorroinuévo anonymized oQeIAETNC
evnuépwae Gev umopeoe va mpofei atnvmpokarafoAn [tooou €anonymized ge anonymized,

The refinement and standardization of the Greek text through this process is

obvious. As it will be shown in the results below, this step was critical in improving
the results that were achieved by fine-tuned language models. Through cleaning
the texts, the data noise was greatly minimized, thus reinforcing the models to only
learn the real linguistic and semantic relations instead of being distracted by the

noise from the errors and inconsistencies.

Then, positive synthetic examples are generated using again the GPT-40 model
and by providing sample texts from the already existing positive examples. The

prompt that is used for this case is the following:

"You are going to receive Greek texts that have been written by call center agents,
as part of communications with customers to arrange nonperforming loans. Generate

10 new examples of text data that must EXACTLY mimic the style and expressions
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of the provided texts. As you will see, they are not proper Greek, they are not always
syntactically and grammatically correct, and they contain many anonymized sensitive
data. These are texts written roughly and hastily by the agents while they are on the
call. All these rules you MUST also follow. Do not make the generated examples too
easy. Make sure you enter each text in a new line, because they are going to be split
by linebreakers and appended to a Python list, and do not create any numbering,

headlines etc., return ONLY the generated texts! Here are the examples:”

The responses from the GPT model are post-processed in order to be flattened,
and they are saved to a new enriched training dataset, which now has a better
balance between the positive and negative class, along with refined texts. It is
expected that the cleaner and more structured training dataset, now including more
positive examples -together with the synthetic ones, can enhance the ability of the
models to generalize better and have more accurate predictions on data that they
have not encountered before. Moreover, in the case of models such as GreekBERT and
Meltemi, such models are pretrained on massive datasets that contain high-quality
text. Thus, if the training data is more similar in terms of quality and style to the
pretraining corpus, then the models will be able to use the knowledge encoded in

the pretrained model more efficiently.

4.5.5 Experiment 4a: LoRA for GreekBERT with class-
weights fine-tuned on GPT refined & synthetic dataset

In this experiment, the LoRA (Low-Rank Adaptation) technique [41] is used for
efficient and memory-optimized fine-tuning of the GreekBERT model on the classifi-
cation task. LoRA essentially freezes the model’s layers and uses low-rank matrices
instead, thus significantly reducing the number of parameters that need to be up-
dated, while achieving similar performance to a full fine-tuning process. Specifically,
LoRA is configured to inject trainable low-rank matrices in three layers of the BERT
model: query, value and output.dense. These three layers play a central role in
BERT’s multi-head attention, thus enabling LoRA to have a big impact on the model,

when determining the relevance that the inputs have on each other or when con-
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necting intermediate representations to the specific task in hand; all these without
having to train a huge amount of parameters, saving in this way computational
resources while maintaining valuable internal knowledge of the layers. The math

formula of LoRA is the following:

W' =W +a- AW (4.5)

where W is an original weight matrix of each layer that is included in LoRA’s
configuration and which is frozen during fine-tuning. AW on the other hand, is the

low-rank matrix that LoRA learns, expressed as:

AW = Ax W (4.6)

where A is of shape (d,r), and B is of shape (r,d).

Regarding d and r, d is the initial dimension of the frozen weight matrix W, and
r is the rank used by LoRA. Finally, « is a scaling factor that controls the effect of
the updates. From the mathematical formula, it is clearly evident that when r < d,
LoRA has to train 2-d-r parameters instead of the d? parameters of the initial weight

matrix.

The LoRA config parameters that are used in this experiment are:
o task type=TaskType.SEQ_CLS

o r=16

e lora_alpha=32

e lora dropout=0.1

e target modules=["query", "value", "output.dense"]

The type of task is sequence classification, while r has been chosen to be 16, a

number which balances maintaining enough expressivity for the model, while keeping
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the fine-tuning process memory efficient, fast and modular. The lora_dropout is a
regularization term to avoid overfitting, while the lora_alpha as already described,
is a scaling factor that affects the importance of the newly learned parameters to

the total model’s behaviour. It is very interesting to also note here

T 16
eecive:_:_:0.5 4.7
Teffect a 39 ( )

which represents the LoRA’s parameters effect on the model. Higher values of
Tef fective are generally required in situations where more drastic updates are required
in regards with the model’s behaviour, while lower values are associated with subtler
fine-tuning and higher preservation of the internal knowledge. In the application in
hand, the 0.5 value is appropriate because it shows that the model has the capacity
to learn the new classification task, while keeping much of its pre-existing knowledge,
which is very beneficial in our case. In this particular experiment, we are also using
weighted loss based on the compute_class weight() by scikit-learn and using
the balanced setting to assign weights inversely proportional to class frequencies.
Some other settings for training our model, which are also shared with the next
experiments, include the use of mixed precision training, gradient accumulation
every four batches, and early stopping to avoid overfitting. The results are depicted

below:

Accuracy: 0.973
Precision: 0.326
Recall: 0.428

F1 Score: 0.370

ROC AUC: 0.832

PR AUC: 0.354
Precision@20: 0.600
Recall©20: 0.036

R-Precision: 0.374
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4.5.6 Experiment 4b: LoRA for GreekBERT with class weights
and Learning Rate decay on GPT refined & synthetic

dataset

The same experiment as before is repeated with layer-wise learning rate decay, as well
as a learning rate scheduler. Essentially, there are different learning rates for different
layers of the model. One is with learning rate le—5 for the bert.encoder.layer
parameters, and the other is 2e—5 for the parameters of the final classification
layer. As far as the learning rate scheduler is concerned, this gradually reduces
the learning rate during the training process, by using a linear approach and after
a warm-up period. This whole strategy could potentially help in increasing the
model’s performance by permitting a slower fine-tuning for the model’s parameters,
in order to preserve the internal knowledge, while in the meantime it enables the

classification head to learn the task quicker with a higher learning rate.

The results of this approach are depicted below:

Accuracy: 0.976
Precision: 0.328
Recall: 0.432

F1 Score: 0.373

ROC AUC: 0.834

PR AUC: 0.368
Precision@20: 0.600
Recall©20: 0.036

R-Precision: 0.378
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4.5.7 Experiment 5a: Using Optuna to optimize the deci-
sion threshold of GreekBERT with Linear Learning Rate

decay schedule on GPT refined & synthetic dataset

In the next experiment, Optuna is used to determine the optimal decision threshold
based on the R-Precision metric, running 10 trials for the range (0.0, 0.5). This range
is used, because we know that the model, even with the refined and synthetic positive
examples, will find it more difficult to predict the positive than the negative class, so
it only makes sense that the best threshold would be somewhere in this range. We
are also using early stopping with patience equal to 3 epochs, in order to terminate
the Optuna’s trials earlier if no further improvement is observed. Moreover, a linear
learning rate decay is used with warm-up period equal to 10% of the total learning
steps, during which the learning rate increases from 0.0 to 5e—5. The optimal
threshold is found to be 0.26. Based on this decision threshold, the evaluation

results are:

Accuracy: 0.988
Precision: 0.344
Recall: 0.458

F1 Score: 0.393

ROC AUC: 0.842

PR AUC: 0.374
Precision@20: 0.600
Recall©@20: 0.036

R-Precision: 0.418
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4.5.8 Experiment 5b: Using Optuna to optimize the deci-
sion threshold of GreekBERT with Class-Weighted Loss
and Cosine Learning Rate decay schedule on GPT re-

fined & synthetic dataset

The previous experiment is repeated, but this time a class-weighted loss is used to
offset the class imbalance, and also a cosine learning rate decay scheduler with warm
up period and no decay on the bias and layer normalization parameters. The cosine
function helps in decreasing the learning rate slower at the first epochs (initialized
at be—>b), with faster decrease in the middle. This contributes to a finer grained
control of the fine-tuning process, potentially leading to better results. The optimal
decision threshold that was obtained following this approach was 0.26 again. The

evaluation metrics ended up being the same with the previous experiment Ha.

4.5.9 Experiment 6: FinBERT LoRA fine-tuning with class-
weighted loss and learning rate scheduler on GPT re-

fined & synthetic dataset

For this experiment FinBERT [31] was used on the GPT refined training dataset that
includes the synthetic positive examples too. FinBERT is a BERT flavor that has been
pre-trained on financial domain datasets. A weighted loss function was used, along
with a learning rate scheduler with a warm-up period of 0.1 (meaning that the learn-
ing rate increased from 0.0 to 5e—5 during the first 10% of the training steps), while
afterwards the learning rate started to decrease. Furthermore, the weight_decay
parameter effectively applied a Lo regularization on the model’s weights, in order
to encourage the model to learn smaller weights and improve generalization. The
fine-tuning process which lasted for 10 epochs using LoRA gave the following results,

for the best model based on the R-Precision:

Accuracy: 0.968

Precision: 0.188
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Recall: 0.248

F1 Score: 0.214

ROC AUC: 0.792

PR AUC: 0.198
Precision@20: 0.400
Recall@20: 0.024

R-Precision: 0.194

4.5.10 Experiment 7: XLM-RoBERTa LoRA fine-tuning with class-

weighted loss on GPT refined & synthetic dataset

This experiment involved fine-tuning the XLM-RoBERTa [79] model on the refined
dataset with the synthetic positive examples. The configuration parameters of the
fine-tuning using the LoRA approach, which again lasted 10 epochs, were pretty much
the same with experiment 6 (weight decay was 0.01, warm-up ratio was 0.1, batch
size was 32 for training and 64 for evaluation, and gradient accumulation steps were
4). The results for XLM-RoBERTa, using a class-weighted loss, were the following for
the best model based on the R-Precision:

Accuracy: 0.962
Precision: 0.168
Recall: 0.224

F1 Score: 0.192

ROC AUC: 0.776

PR AUC: 0.188
Precision@20: 0.400
Recall@20: 0.024

R-Precision: 0.184

The same experiment was repeated with the same configuration but without
taking the class weights into consideration. The results this time were the following,

again for the best model based on the R-Precision:
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Accuracy: 0.980
Precision: 0.088
Recall: 0.186

F1 Score: 0.120

ROC AUC: 0.824

PR AUC: 0.174
Precision@20: 0.400
Recall@20: 0.024
R-Precision: 0.162

Finally, XLM-RoBERTa was also finetuned without using the LoRA method, and

with no class weights. The results were the following:

Accuracy: 0.980
Precision: 0.088
Recall: 0.186

F1 Score: 0.120

ROC AUC: 0.824

PR AUC: 0.174
Precision®@20: 0.400
Recall@20: 0.024
R-Precision: 0.154

4.5.11 Experiment 8: Meltemi (Mistral 7B) fine-tuning with
LoRA using class weights on GPT refined & synthetic
dataset

This experiment involved fine-tuning the Meltemi model [80], the first open source
LLM model for the Greek Language which is based on the Mistral LLM with 7
billion parameters. Due to the size of the model and the computational requirements
to fine-tune it, this time LoRA added real value, by targeting the query and value

projection layers and considerably decreasing the parameters to be learned. Again,
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class-weighted loss, weight decay, warm-up ratio and this time also Early Stopping
with patience equal to 3 epochs were used. The results of the best model based on

R-Precision were:

Accuracy: 0.972
Precision: 0.342
Recall: 0.496

F1 Score: 0.405

ROC AUC: 0.832

PR AUC: 0.382
Precision@20: 0.700
Recall©20: 0.042

R-Precision: 0.384

4.5.12 Experiment 9: Fine-tuning Llama 3.1 70B with QLoRA

In the final experiment, an attempt to finetune a large language model, Llama 3.1
70B, ends up with some interesting methodologies to fit such large models in a
single GPU. Towards this goal, QLoRA [81] is utilized, which offers a much smaller
quantized model that can be fine-tuned with the LoRA technique, sacrificing very
little performance and providing comparable evaluation results with the full initial
model. The results of the fine-tuned Llama using QLoRA (without class-weighted

loss) are the following:

Accuracy: 0.984
Precision: 0.126
Recall: 0.208

F1 Score: 0.157

ROC AUC: 0.832

PR AUC: 0.162
Precision@20: 0.400
Recall@20: 0.024
R-Precision: 0.176
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Chapter 5

Conclusions and Future Work

5.1 Results discussion

The current study underwent many obstacles and challenges from the very begin-
ning, when well-established machine learning models were trained to form a basis
for the subsequent experiments. Very soon it became apparent that the extreme
class imbalance of the dataset would constitute one of the most important hurdles

towards achieving good classification performance.

Even after applying resampling methods, class weights, and simple data aug-
mentation techniques such as SMOTE, the predictive capabilities of the models
regarding the positive class did not seem to improve. Even the more advanced deep
language models, like GreekBERT, which have been repeatedly shown to achieve
state-of-the-art assessment on classification tasks, did not seem to be able to handle

the available dataset.

Further techniques like contrastive learning, hyperparameter optimization, reg-
ularization methods such as weight decay, and approaches to avoid local minima,
like learning rate decay scheduling, did little to nothing in enhancing the models’

generalization and recognition of the positive class.

Thus, it gradually became more and more obvious that apart from the huge
shortage of positive examples, another factor that deteriorated the models’ chances

of displaying adequate performance in the task of loan arrangement prediction was
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the overwhelming intrinsic noise of the available action comments.

After manual inspection of the texts, one thing was certain: if a native Greek
speaker faces difficulties in managing to comprehend the meaning of the sentences
and the pattern to predict loan arrangement and installment payment in the next two
months, then it would be much more cumbersome for a language model to manage
to unravel the signals that lead to the positive instances. Non-standard expressions
and abbreviations, financial domain terminology and slang, intermittent phrases or
sentences caused major frustration in Greek-specialized models like GreekBERT and

Meltemi.

In addition to this situation of low data quality, the weak supervision that was
applied during the dataset construction must not be overlooked. After all, it has been
shown by Zhu et al. [65] that BERT is particularly susceptible to noise produced
by week supervision. The action and decision of arranging a loan and paying an
installment or not during a month, can be quite irrelevant with the comments written
by an agent two, three or four months ago. Since three months historical comments
were used at each given monthly snapshot, the existence of a meaningful connection
between the texts and the manually assigned labels is - at the very least - wishful
thinking.

Another point of consideration would be the extended length of the texts, due
to the three months historicity in every month. It has been shown by related work
completed by Lu et al. [55] that long documents can give rise to increased noise
because of irrelevant information. For this reason, a limitation of the current dis-
sertation was the fact that there was no experimentation with shorter periods of
history in the agents’ written comments. Furthermore, when a classic feature selec-
tion technique was applied, such as the x?, the performance of the models improved,
a fact which shows that there was redundant noise in the texts, which was filtered

by keeping the most relevant terms.

Last, the limited computational resources that instructed techniques like quan-
tization, mixed precision, and gradient accumulation with smaller batches, coupled
with the lack of specialized models for financial terminology in Greek further ex-

ploded the possible configuration combinations and prevented the discovery of an
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effective and simple solution.

Nevertheless, the study managed to accomplish something innovative, at least
according to the author’s knowledge about the existing body of work conducted by
the Greek NLP community. The experiments clearly demonstrated that the utiliza-
tion of a modern Large Language Model for the standardization and refinement of
noisy data, along with the generation of synthetic positive examples, had a profound
impact on the evaluation of the fine-tuned models. Specifically, this text cleaning,
refinement, and augmentation process resulted in approximately over 100% increase
in the R-Precision achieved by GreekBERT, compared to its performance on the
initial dataset. However, it should be stated that more experimental runs are re-
quired to determine the precise effect of this approach and rule out factors due to
randomness, sampling, batch selection, etc. This is another limitation of the current
study, as the limited available resources and the cost of fine-tuning such models did

not permit a complete statistical evaluation of the results.

Last but not least, the fine-tuned Greek language models GreekBERT and
Meltemi presented quite interesting performance when measured as rankers, espe-
cially after the text refinement and augmentation by the LLM, managing to retrieve
around 40% of the total positives in the unseen data, in the same number of exam-
ples (R-Precision). However, more future work is required to further examine the

ranking capabilities of such models in such highly imbalanced and noisy scenarios.

5.2 Future work

Some of this study’s challenges and limitations that have already been discussed

provide interesting opportunities for future work, too.

First of all, in terms of creating more value for call center applications and
predictive analytics, a future integration of the current work’s machine learning ex-
periments with an Automatic Speech Recognition (ASR) system could yield results
that are in many ways more robust and beneficial than the current ones. Such an
end-to-end application would offer unstructured data of much greater quality, by

automatically generating call transcripts at the time of the communications. This
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would also create the chance to perform a contrastive analysis and determine the

degree to which the inherent data noise affected the models in the current thesis.

Moreover, the current dissertation was one of the first (based on the citations)
works that employed and evaluated the Meltemi Greek LLM on a traditional NLP
application like binary text classification. Meltemi has been a very interesting ini-
tiative to develop the first open-source Greek LLM, and it is beyond any doubt that
the Greek NLP community has to focus all their strengths on further refining models
like this in the short-term future. During the experiments of this thesis, the absence
of specialized Greek models for the financial or credit management sector played a
pivotal role for the final outcome of the study, which remained underperforming. In
the recent past, some attempts have taken place towards creating specialized NLP
models for the Greek legal domain [47]. These efforts need to intensify and ex-
tend beyond the academic background, inviting financial institutions, governmental

bodies, and companies from the tech private sector in a strategic collaboration.

Towards this direction of enhancing the Greek models, the text standardization
and augmentation approach that was performed in this study using a proprietary
LLM needs to be implemented and executed with an open-source LLM, ideally a
Greek one. Special care should be given for the matters of data privacy, when
internal or sensitive data are fed to such models, as well as results interpretability.
These two subjects, although out of scope for the current thesis, gain increasing
importance day-by-day, and are tightly connected with security considerations too,
when someone decides to use one of the available LLMs. For example, working
with personal identifiable data (even if they are anonymized or masked) is often
accompanied by non-disclosure agreements and very strict regulation about sharing

such information.

Moreover, future work should include other techniques of data augmentation and
cleaning, in order to explore whether the approach using a LLM was indeed effec-
tive and groundbreaking, or simpler and more cost-effective approaches could also
bring similar results. After all, the implemented approach for text refinement and
synthetic data of this thesis also included some prompt engineering, another active

research area which needs further investigation to define a systematic approach that
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is robust and well-understood.

Last but certainly not least, a major fact that has been evident throughout this
whole MSc thesis was that the acquisition of a good dataset is most of the times a
decisive first step towards the solution of a given machine learning problem. This
highlights the need for high quality, curated Greek datasets that will be openly
available - much like the Greek language models have to be - and will empower
individuals, researchers, students and companies to grow in this rapidly evolving Al
landscape and implement cutting-edge Al technologies and applications that will

form a future with equal and fair opportunities for everyone.
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Appendix A

Python libraries and frameworks

The code that accompanies the current thesis is publicly available at:

https://github.com/iliacube/loan_arrangement_prediction_with_nlp.git

Polars

Polars is an efficient DataFrame library designed for fast large datasets operations
and transformations, where Pandas might face performance issues. One of the most
important features that differentiates Polars is its support for LazyFrames and lazy
evaluation. More specifically, unlike the eager evaluation approach that pandas fol-
lows (where operations are executed immediately), LazyFrames act essentially as
“query plans” that define a series of transformations, but they delay execution until
an explicit command is met to collect the results. This is very important because
it allows Polars to optimize the entire calculations chain before the execution, thus
it is especially useful in workflows that involve multiple transformations and opera-
tions, as it minimizes unnecessary processing and mitigates memory requirements.
The query optimization techniques that are used include among other predicate
pushdowns, projection pushdowns, and caching. Polars is also designed to facilitate
parallelism. When executing a query, Polars can distribute tasks across multiple

CPU cores, enhancing performance on large datasets.
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Scikit-learn

Scikit-learn [82] is an open source machine learning library which is widely used in
Python. It offers a number of efficient APIs for classification, regression, clustering,
dimensionality reduction, model selection and preprocessing. Based on NumPly,
SciPy, and matplotlib, scikit-learn is flexible and powerful while at the same time
easy to learn and use, which is why it is popular among the beginners as well as the
experts in the field of machine learning. It is also actively used in both academic
and industrial contexts for different applications, including image processing, natural

language processing, etc.

Tensorflow

TensorFlow [83] is an industry-leading, open-source software library for machine
learning and artificial intelligence. Developed by Google, it offers users the capabil-
ity of developing as well as training different kinds of machine learning models such
as deep neural networks. TensorFlow is one of the most popular open-source plat-
forms that are used in both research as well as industrial applications for tasks such
as image recognition, natural language processing, and predictive modeling among
others. It makes use of a flexible architecture that can be deployed on a wide variety

of platforms including desktops and mobile devices.

Optuna

Optuna [75] is an open-source optimization framework designed to automate the
process of hyperparameter tuning in machine learning and deep learning applica-
tions. It provides an efficient, flexible, and user-friendly approach to search for
optimal hyperparameters, leveraging both Bayesian optimization and other search
strategies to streamline the tuning process. In this project, Optuna was utilized to
optimize key hyperparameters for fine-tuning the GreekBERT model on the classifi-
cation and contrastive learning tasks that are described below. Optuna’s automated,

guided search improved the efficiency of finding hyperparameter combinations that
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enhanced model performance, allowing for a systematic and reproducible optimiza-

tion process.

Transformers

The Transformers library [84] is provided by Hugging Face, it is open-source and
it is used in a variety of settings and applications, such as computer vision, audio,
multimodal Al, generative Al etc. In the current application, the state-of-the-art
multilingual or specifically Greek language pre-trained NLP models (Greek BERT,
meltemi, Llama 3.1 70B etc.) were used to be fine-tuned on custom datasets and
evaluated on the classification task, with custom tokenization techniques and even
training losses, using PyTorch with little development effort and integrating seam-
lessly with other tools like the Peft library, while hiding away much of the underlying

complexity.

PyTorch

PyTorch [85] is a powerful and flexible open-source library, which supports a wide
range of deep learning workflows, ranging from simple feed-forward networks to even
more complex architectures like generative adversarial networks (GANs), convolu-
tional neural networks (CNNs) and transformers. It comes with various pre-built
tools that allow GPU acceleration for scalable and efficient training. In our exper-
iments, PyTorch formed the backbone of our model training pipeline. It was used
to fine-tune GreekBERT and integrate custom components like LoRA (Low-Rank
Adaptation) layers for efficient parameter tuning. We leveraged PyTorch’s support
for mixed precision training with its AMP (Automatic Mixed Precision) feature,
which optimized GPU memory usage and reduced training time. PyTorch’s flexibil-
ity and extensive ecosystem, including libraries like torch.nn for loss functions and
layers, were critical in implementing custom functionalities, such as weighted loss for
imbalanced datasets and the integration of the PEFT library for parameter-efficient

fine-tuning.
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The Parameter-Efficient Fine-Tuning (PEFT) library [86] is a Python library which
assists with the fine-tuning of large pre-trained models in an optimized and simplified
way. Towards this end, PEFT uses methods that require fewer parameters to be
trained than more traditional techniques, thus reducing computational and memory
requirements, while retaining a high performance. In the experiments that have been
conducted below, Peft was used to apply LoRA (Low-Rank Adaptation) on several
different language models, as well as QLoRA (Quantized Low-Rank Adaptation) on

a large language model.

BitsAndBytes

BitsAndBytes is a Python library which was released by Facebook Research [87]
with the primary purpose of decreasing the memory footprint of the large language
models (LLMs) in order to make them smaller in size. The main concept behind it is
quantization, which can be described as a method of reducing the numerical precision
of the model weights and activations. This approach makes it possible to run LLMs
even on consumer-grade hardware, thus enabling the development of larger and
more complicated models. Some of the tools that BitsAndBytes offer include 8-bit
optimizers, matrix multiplication and quantization functions, all of which eventually

render BitsAndBytes a great package for researchers and developers who are working

with LLMs.
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Flowcharts

The following flowcharts describe the datasets creation process, the ML experiments
and the language models experiments. SVG files can be found in the github repo:

https://github.com/iliacube/loan_arrangement_prediction_with_nlp.git
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