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Abstract: This paper explores machine learning algorithms that contribute to meaning representation and
context modeling in sentiment analysis. Language preprocessing techniques are described in detail. The
study also discusses string distance calculations and the application of Naive Bayes for classification,
emphasizing important model metrics such as accuracy. The final section of the paper presents a practical
example encompassing the process of data collection, analysis, preprocessing, classification using machine
learning algorithms, and model evaluation. Testing demonstrated the system's ability to classify sentiments

in Serbian Language.
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1. INTRODUCTION

In recent decades, the world has witnessed an
explosion of textual data from various platforms,
ranging from social media to blogs and news
articles. This influx of data has necessitated
advanced methods for processing and analyzing it,
driving the development of Natural Language
Processing (NLP). NLP has become crucial for
understanding and exploiting textual data. Initially,
NLP deals with text preprocessing, which includes
processes such as tokenization, normalization, and
lemmatization, essential for preparing the text for
further analysis. These processes serve as the
foundation for applying various machine-learning
algorithms that enable the extraction of meaning
from text. Besides preprocessing, NLP
encompasses the development of models capable
of understanding and generating text. In this
context, machine learning algorithms are of
paramount importance. From Naive Bayes
classifiers to advanced techniques, these models
facilitate sentiment analysis, emotion recognition,
and context modeling. This paper explores a
dataset collected from confession forums, aiming to
apply machine learning algorithms for sentiment
classification in confessions. The first step in the
research is to analyze the distribution of sentiments
in the data using a classification based on the
number of approvals and disapprovals. Following
this, the WordCloud tool is used to examine the
most prevalent words in the confessions. The
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accuracy of the classifiers in different languages is
also analyzed, and the challenges of processing
text in multiple languages are considered. Through
various metrics and analyzes, this paper provides
deeper insights into the sentiments and emotional
states expressed in the confessions. Finally, the
most successful classifiers for sentiment analysis in
different languages are identified, and
recommendations for future research in the field of
NLP based on these confessions are provided.

2. RELATED WORK

In recent years, the development and application of
NLP techniques in sentiment analysis have gained
significant attention, particularly in less-resourced
languages such as Serbian. Sentiment analysis
involves the extraction and analysis of subjective
information from textual data, which is crucial for
various applications.

The task of sentiment analysis in the Serbian
language presents unique challenges due to its
linguistic characteristics, including the complex
morphology which can significantly influence the
overall sentiment value of a text. Jahi¢ and Vici¢
[14] explored these challenges in the context of the
Bosnian language, a closely related South Slavic
language, highlighting the impact of negation on
sentiment classification. Their findings underscore
the importance of addressing these linguistic
features in sentiment analysis models to enhance
their accuracy and reliability.
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Building on the foundation of multilingual sentiment
analysis, Draskovic et al. [15] developed a
multilingual model for machine sentiment analysis
specifically tailored to the Serbian language. Their
research demonstrated the potential for cross-
linguistic approaches in enhancing sentiment
analysis capabilities for Serbian, emphasizing the
need for models that can effectively capture the
nuances of the language across different domains.

Further advancements in NLP for the Serbian
language are illustrated by Lakovi¢ et al. [16], who
conducted an exploratory analysis of text using
available NLP technologies. Their study provided
insights into the current state of NLP tools for
Serbian, highlighting both the opportunities and
limitations in applying existing technologies to
sentiment analysis tasks. The results of their work
suggest a need for continued refinement and
adaptation of NLP tools to better serve the specific
requirements of Serbian language processing.

One of the significant contributions to Serbian NLP
is the development of SRBerta, a Transformer-
based language model specifically designed for
Serbian Cyrillic legal texts by Bogdanovi¢ et al.
[17]. While their work primarily focused on legal
documents, the underlying technology of SRBerta
holds promise for broader applications, including
sentiment analysis. The use of such advanced
models represents a critical step forward in the
creation of robust, domain-specific NLP tools for
Serbian, capable of handling the intricacies of the
language in various contexts.

Sentiment analysis for the Serbian language
illustrates a growing interest and progress in the
field, driven by the development of both general
and domain-specific models. These efforts reflect
the ongoing challenges and opportunities in
adapting NLP techniques to effectively process and
analyze text in the Serbian language.

3. MEANING REPRESENTATION
FIELD OF NLP

IN THE

Meaning representation in NLP is the process of
representing words, sentences, or text in a way
that allows computers to understand and
implement systems. It involves capturing
information or concepts as they are represented in
the human brain or in a computational system.
Meaning representation is crucial in various NLP
applications, including machine translation,
sentiment analysis, text classification, text
generation, automatic detection of inappropriate
content, detection of emotional tone in text, and
automatic identification of text authorship.

A collection of text or speech that a computer can
process and read is called a corpus. Sentences
contain words and punctuation marks. Punctuation
determines the boundaries of elements and uses
marks like question marks and quotation marks to
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identify context. Punctuation is highly significant in
sentiment analysis. Sometimes sentences contain
words that are not important for a particular
system, such as interjections, which can be
excluded. The distinction between capitalized and
lowercase words depends on the task; for tasks like
speech representation and recognition, it is not
very important. According to "Serbian Dictionary"
by Vuk Stefanovi¢ Karadzi¢ [1], there are 26,270
words in the Serbian literary language. The
dictionary of the Serbian Academy of Sciences and
Arts predicts it will have over 35 books with about
500,000 entries [2]. However, the exact number of
words is hard to determine due to loanwords,
archaisms, etc.

The larger the corpus analyzed, the more word
types we find. The number of word types is denoted
as |V|, and the number of occurrences N is defined
by Herdan's law with the formula (1).

V| = kNP (1)
Where k and [ are positive constants within

0 < f < 1. The value of § depends on the corpus
and genre, and the vocabulary size significantly
increases, more than the square root [3].

2.1. Lemmatization

Lemmatization is the task of determining whether
two words have the same root despite all
differences. For example, the holiday ,Spasovdan®
has the root word ,spas” (salvation) in its name.
Lemmatization involves the complete
morphological parsing of words. Words consist of
smaller units called morphemes, which carry
meaning. For instance, the word ,knjiga" (book) or
~knjige" (books) has the lemma ,knjiga", which is
the base form. Significantly, words are
morphologically different because they have
singular and plural forms. For example, in the name
of the town ,Bratunac", lemmatization would yield
the words ,brat" (brother) and ,unac".

2.2, Stemming

Trimming the endings of words is called stemming.
Porter introduced a precursor to stemming in his
work from 1980 [4]. An example of stemming
according to Porter would be as in the text:

,10CTOjN joLu HEKOJINKO Teopuja O HaCTaHKy UMeEHa
bparyHay. Hawmme, npema npuun  crapujnx
CTaHOBHMKa orwTtuHe bpatyHay, mme BpatyHay je
Hactao Tako LWTO je Heku ber, Koju je 6uo
Haj3HaydajHuju y 10 BpujeMe Ha TOM poCcTopy 3Bao
cBor cectpuha: ,Xoan amo, gajyum moj 6patyHad...",
(cnH og cecTpe-bpataHay-6patyHau)." "[5]

This text would look like this:

"lMocTojn jow HEKO/IMKO Teopuja O HACTaHKy MMe
bpatyHay. Hanme, npema ripuum cTtapuj CTaHOBHUK
onwTuH bpatyHal, M bpaTyHal je Hacta Tak LUTO
je Heku b6er, Koj je 6o Haj3Ha4yajHu y To BpujeMm Ha
TOM npocTop 3Ba cBor cectpuh: ,Xog amo, Aaj mMoj
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6patyHau...",
bpartyHay)."

(cnH oa cecTpe-bpartaHau-

2.3. Minimal distance changes in strings

The distance in changes provides a way to express
sentences at different distances. The minimal
distance between two arrays gives the minimum
number of change operations (insertion, deletion,
substitution) required to convert one array into
another.

Levenshtein distance or edit distance is a measure
used to calculate the similarity between two
character arrays, also known as cost. It is defined
as the minimum number of simple operations
required to transform one character into another.
The operations are inserting a new character,
deleting existing characters, or replacing one
character with another [6].

Levenshtein distance between the words ,,Cpe6bpo"
and ,Cpebpennua" is 5 because it requires 5
insertions of 'eHnua’ after the word cpebpo.
Cpebpo -> Cpebpe - Transition o to e

Cpebpe -> CpebpeH - Adding the letter H after e
CpebpeH -> CpebpeHun - Adding un after H
CpebpeHu -> Cpebpenuny — Adding u after n
Cpebpenuy -> CpebpeHnua - Adding a at the end
The distance between the words ,[TOAPUHE" and
,NO0APUHCKUN" is 1.

NOAPUHE -> MOAPUNHC - Transition e to ¢

noapPNHC -> NOAPUHCK - Adding the letter k
after c

NOAPNHCK -> NOAPUHCKU - Adding the letter k
after n

The distance between the words Bpatanay and
bpaTtyHau is 1.

BPATYHAL| -> BPATAHAL"

2.4. Naive Bayes

The Naive Bayes classifier is a probabilistic
classification model that applies Bayes' rule. The
basic idea is represented by formula (2), where d

from the class set C is assigned to the class with
the highest posterior probability [7].

(2)

By applying Bayes' rule, we arrive at formula (3),
which maps the posterior probability based on the
model and prior probability. Of course, these
formulas make assumptions about the
independence of word identity, i.e., that the
position of words is not important, which is a
characteristic of the naive Bayes approach [8].

¢ = arg maxP(c|d)
ceC

P(d|C)P(c)

P(clay =22

(3)

The training process of the naive Bayes classifier is
crucial for probability modeling. Formula (4)
represents the prior probability of class c, where
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the assumption of maximum probability is applied
[9].

N¢
Ngoc

P(c) = (4)

Training involves calculating probabilities based on
the training dataset, but Laplace's formula (5) is
used to avoid problems with zero probabilities when
data is sparse [10].

~ count(w;,c)+1

Pwil &) = G cumtwen vl (5)
By incorporating word positions, formula (6) further
modifies the classification process.

CNB = arg rcnélg( P [lie positions P(w;lc)

(6)

Finally, to represent documents as a set of
features, formula (7) is used.

¢ =arg rgleacxP(fl,fZ, .o, fnlc) P(c) (7)

2.5. Application of Naive Bayes in Sentiment
Analysis

In the example in Table 1, different sentences are

given for classifiacation using Naive Bayes.

Table 1. The example values are given in column
X, and the classes are given in column'Y.

X Y
bpatyHay bucep Penybanke Cpricke. 1
CpebpeHunuya rpasg ca 6oratom Ky/aTypHOM 1
b6aLTuHOM.

lNoapure, npeacras/ba naeasHo Mecro 3a 1
penakcaymjy m ogmop.

bpatyHad, MecTo ca Tparn4Hom 0
peTxo4HOM UCTOPUJOM.

CpebpeHuya, ume Koje je nocrasao cum60os1 0
MacoBHOI CTPaAars-a.

lMoapne HanoMuwe Ha nocaeauue 0
paTHux cykoba.

lNogpuH-€e je no3HarTo ro pary. 0
CpebpeHnya 6ncep mcroyHe Cprcke. ?

Based on Table 1, we conclude that the ratio of
probabilities of positive elements is given by
formula (8), and the ratio of probabilities of
negative elements is given by formula (9).

P(positive) = (8)

: (9)
According to the formula, the total number of words
in the corpus is determined as:

V| =43-7 (10)

Free examples of sentiment analysis on forums are
given in Table 2.

3
7
4

P(negative) =

Table 2. Statistical values of words in the corpus

Query Value (corpus in %)
noagpure 3/7
bpatyHay 2/4.7
cpebpeHuya 2/4.7

ca 2/4.7

MECTO 2/4.7

je 2/4.7
Positive words 18
Negative words 25

Sum of all words 43
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In the sentence S="CpebpeHuua 6ucep ucCTouHe
Cpncke", the word "uctouHa" is not in the training
corpus and that word is removed.

The procedure for determining the probability of
whether a sentiment is positive or negative is given
by formulas: (11 - 18).

1+1

P("Cpebpennua”|pos) = —— (11)
P("Cpebpennna"|neg) = 2:;6 (12)
P("sucep'lpos) = 1;;6 (13)
P("6ucep"|neg) = 22:;6 (14)
P("Cprcke"|pos) = 1;:6 (15)
P("Cprcke"|neg) = o (16)

25+36
2X1X1
61X61X61

2X2X2_ . 7.742 %1077 (18)
54X54x54

P(neg)P(S|neg) = ; X ~ 4,707 x 1078 (17)

P(pos)P(S|pos) = ; X

For sentiment analysis, the standard Naive Bayes
text classification can be adapted to improve
performance. The key modification is to focus on
the presence of a word in the document rather than
its frequency. Limiting the number of
occurrences of a word to 1 in each document
can significantly improve results. This
preprocessing is known as binary multinomial
Naive Bayes, which is based on the same
algorithm as the regular Naive Bayes. During
training, duplicate words are removed before
merging into a single document, both in the
training and test documents.

Negation plays a significant role in sentiment
analysis, for example, "[OpwHcka perata Mm ce
ceungena" (I liked the Drina Regatta) versus
"OpuHcka perata mu ce Huje cempena" (I did not
like the Drina Regatta). Negation completely
changes the conclusion and gives a different
output. In some algorithms where negation
appears, such as "nuje" (is not), "He" (no),
"Hukako" (by no means), "Hukakso" (no kind of),
and similar words, the particle HE (NO) is usually
added in place of these words!

2.7. Model Metrics in Machine Learning

The basic metrics for evaluating machine learning
models are: Accuracy, Precision, Recall, and F1-
Score.

Accuracy - This is a general measure of model
performance, defined as the ratio of correctly
classified instances (TP and TN) to the total number
of instances (19). Accuracy is useful when the
classes in the dataset are relatively balanced but
can be misleading otherwise [11].

TP+TN
TP+FP+TN+FN

(19)

Accuracy =

Precision - This metric measures the accuracy of
the model's positive predictions, i.e., the ratio of
correctly predicted positive instances to all
instances that the model labeled as positive (TP /
(TP + FP)) (20). Precision is important in scenarios
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where minimizing the number of false positive
predictions is crucial, such as in medical diagnostics
[11].

TP

Precision = ——
TP+FP

(20)

Recall: Also known as sensitivity or the true
positive rate (TPR), recall measures the model's
ability to identify all actual positive instances in the
dataset (TP / (TP + FN)) (21). High recall indicates
that the model rarely misses positive instances,
which is important in tasks where it is critical to find
all positive examples [11].

TP
TP+FN

Recall =

(21)

F1 Score: This measure represents the harmonic
mean between precision and recall, and is useful
when a balance between these two metrics is
needed. The formula for the F1 score is 2 *
(precision * recall) / (precision + recall) (22). A
high F1 score indicates a good balance between
precision and recall [11].

1

F= ( L t(1-a)

When the parameter a« < 1/2, the formula
emphasizes recall; when a = 0, the F-measure is
equal to recall, specifically F = Recall. When a >
1/2, the formula highlights precision; for a = 1, F
= Precision. In the case where a = 1/2, the formula
represents the harmonic mean of precision and
recall and is referred to as the balanced measure.
This measure is also referred to as the Macro
F1 measure. (23)

,a €[0,1] (22)

1
Recall)

A
Precision

2xPrecision*Recall

F= (23)

Precision+Recall

2.8. ROC/AUC curve

The ROC (Receiver Operating Characteristic)
curve is a graphical representation of classifier
performance, illustrating the relationship between
True Positive Rate (TPR) and False Positive
Rate (FPR) for different decision thresholds. It is
based on binary classification problems. TPR, also
known as sensitivity, represents the ratio of true
positives to the total number of positive instances
in the dataset. It is given by the expression (24).

TP (24)

TP+FN

FPR represents the ratio of false positives to the
total number of negative instances in the dataset.
The ROC curve is a graph where the x-axis
represents FPR and the y-axis represents TPR [12].
The closer the ROC curve is to the upper-left corner
of the graph, i.e., closer to the ideal case (TPR=1,
FPR=0), the better the classifier. It is given by the
expression (25).

TPR =

FP

TN+FP (25)

AUC (Area Under the Curve) represents the area
under the ROC curve and is used as a measure of
classifier performance. The AUC value ranges
between 0 and 1, where a value of 1 represents the
ideal situation (perfect classifier), while a value of

FPR =




Computer Sciences and Information Technology

0.5 indicates random guessing. The closer the AUC
is to 1, the better the classifier performs. AUC can
also be used to compare multiple models [12].

2.9. Boxplot

Boxplot is a graphical representation of data
distribution that enables visual analysis of the
statistical characteristics of a dataset. This graph is
used to display the distribution of numerical data
through five basic statistical parameters:
minimum, first quartile (25th percentile), median
(50th percentile), third quartile (75th percentile),
and maximum [13].

The main purpose of a boxplot is to provide insight
into the central tendency, dispersion, and presence
of any extreme values in the dataset. The central
line in the boxplot represents the median (the value
that divides the dataset into two halves of 50%
each), while the lower and upper edges of the
rectangle (the "box") represent the first and third
quartiles, respectively. Vertical lines extending
from the boxes indicate the range of data values
outside the interquartile range, and any points
beyond these lines represent extreme values or
outliers.

Boxplots are useful for comparing distributions of
different datasets or for analyzing changes in data
distribution over time or between different groups.
Additionally, they assist in identifying any outliers
and provide insight into the symmetry or
asymmetry of the data distribution. Boxplot
visualization on the training and testing datasets
for sentiment analysis in the Serbian language (Fig
1).

Accuracy of the classifier on the training and test sets

Accuracy

Training Testing

Data set
Figure 1. Boxplot visualization on the training and
testing data sets

2.10. Matrix confusion

Evaluation of machine learning models provides a
detailed overview of the performance and quality of
machine learning algorithms. To evaluate a
machine learning model, an appropriate model
metric must be chosen. In machine learning
classification for spam detection, accuracy is often
chosen as the metric; however, in some situations,
this metric may not be the most suitable.
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The evaluation of a machine learning model is
conducted exclusively on the test dataset, never on
the training dataset. For example, in sentiment
detection on social networks, a binary classifier is
used to classify as spam or not spam.

The first step in model evaluation is the confusion
matrix. The confusion matrix is mainly used in
classification tasks (Table 3). The confusion matrix
is a square matrix used for model evaluation and
has the following dimensions as in equation (26):

(26)

The confusion matrix provides a detailed insight
into how the model classifies data and how well it
performs compared to the actual values. The
matrix is used in binary classification but can also
be used in multiclass classification. The matrix
compares the actual target values with the values
predicted by the machine learning model.

Dimconfusion,matrix =NXN

Table 3. Confusion matrix 2 x 2

Actual values
positive

negative

TP

positive

Predicted values

negative

The confusion matrix is commonly used in
sentiment detection with two possible outcomes:
whether the sentiment is positive or negative. It is
defined as a 2x2 square matrix with the following
possible outcomes:

True Positives (TP): The number of sentiments
correctly classified as positive (predicted value is
the same as the actual value).

False Positives (FP): The number of instances
incorrectly classified as positive (sentiments that
are negative but classified as positive). The
predicted value is incorrectly predicted.

True Negatives (TN): The number of instances
correctly classified as negative (predicted negative
value is the same as the actual negative value).

False Negatives (FN): The number of instances
incorrectly classified as negative (positive
sentiments incorrectly marked as negative). The
predicted value is incorrectly predicted.

Based on these four values, various performance
evaluation metrics for the model can be calculated,
such as Accuracy, Precision, Recall, and F1-Score.

For example, the dataset contains 5000 instances
to be classified, primarily confessions from the
website. The dataset is shown in Table 4. When the
model is defined and trained, the confusion matrix
obtained from the example is significantly
imbalanced. There is a much larger number of
correctly classified positive sentiments compared to
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correctly classified negative sentiments. The
minority class is negative, and the majority class is
positive. When the data is balanced by classes, we
obtain accuracy as the model metric.

Table 4. Dataset with the distribution of values

3851
943

Accuracy is calculated using formula (27)

3851+943
~ 0,96%

Te51r 1525479 (27)
When, as in the given example, there are many
more data points of one class than the other,
accuracy ceases to be a useful metric. When
working with imbalanced data, the most commonly
used measure is the F-measure. This measure is
defined as the harmonic mean of precision and
recall.

Accuracy =

From this model, it can be seen that the accuracy
is approximately 96%, which indicates that the
accuracy is 96% regardless of whether the
sentiment is positive or negative. Based on
accuracy, there is no information on how many of
the total number of actual positive sentiments are
correctly predicted to be positive.

Given the seriousness of the problem, accuracy is

not a good metric in this case, and another metric
needs to be used. The calculated accuracy from the

table is given by formulas (28) and (29)
respectively:
Precision = —=1 = 0,962 ~ 0,96 (28)
3851+152
Recall = =331 = 0,986 ~ 0,99 (29)

3851+54
The Macro F1 score is the harmonic mean of the
precision and recall, calculated separately for each
class and then averaged:

0.96 X0.99
F1=2 X 0.96 X0.99 (30)

The Micro F1 score aggregates the contributions of
all classes to compute the average metric. For
binary classification, the Micro F1 score is the same
as the accuracy, precision, and recall when they are
calculated across all instances:

~ 0974

Micro F1 =2 x 2262X09%¢ _ 975 (31)
0.962 x0.986
4. DATA COLLECTION AND
IMPLEMENTATION OF PRACTICAL
EXAMPLE
The popular website "Confessions"
https://ispovesti.com/ where users can

anonymously share their personal stories, secrets,
confessions, and reflections. The most significant
features of the website include anonymity,
confessions, voting, comments, categories, search,
popularity, and the latest news. The dataset
consists of 1000 confessions downloaded from the
Confessions website, and the main characteristic is
that the dataset itself comprises various emotional
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states, punctuation marks, emoticons, and the like.
The downloaded dataset has sentiment distribution
and a target column determined based on the
"approve" and "condemn" fields. The distribution of
sentiments is shown in Fig 2.

800

725
700
600
s
3 500
£ 400
8
< 300 269
o
o 200
fs)
E 100
= 6
0 : : )
Positive Negative Neutral
Sentiment
Figure 2. Dijstribution of sentiments
WordCloud is a visualization technique that

displays words from a text dataset, with the size of
each word indicating its frequency or importance
within the dataset. The word cloud visualization for
positive sentiments is shown in Fig 3 and in Fig 4 is
the word cloud for negative sentiments.

Figure 3. The Word Cloud in Positive Classes

.VlS(iI
SVlkada

CD = ‘
nlsta ° @
ako m

vec
—kako
swm se m tenego |

ond

mu bi nlsamzeﬂe
Figure 4. The Word Cloud in Negative Classes

bilo
1judi

In Table 5 various results for the model metric are
presented. This may indicate overfitting of the
model to the training set, which is a common issue
when working with machine learning. The best
models, such as Random Forest and Decision Tree,
should be further investigated to determine
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whether their performance on the test set is truly
based on their general capabilities or if the results
are due to overfitting.

Table 5. Training and test set values

Model metric Training Test
Random Forest 1.0 0.73
Gradient Boosting 0.92125 0.675
SvC 0.9275 0.74
Multinomial NB 0.73 0.74
Logistic Regression 0.82125 0.72
K-Neighbors 0.765 0.735
Decision Tree 1.0 0.56
Random Forest 100 1.0 0.73
Gradient Boosting 100 0.9225 0.685
Linear SVC 0.82375 0.74

ROC/AUC curves and solutions obtained for the
Serbian language. For each language group, the
best model that provides the highest AUC can be
identified, while the Decision Tree classifier is less
effective in all analyzed cases. This information can
be useful in selecting models for specific language
tasks in the future. Decision Tree has the weakest
performance. For the Serbian language, the AUC is
0.72. SVM and Logistic Regression classifiers
show good results for the Serbian language, while
Decision Tree shows significantly worse results
compared to other classifiers.

The poor decision to use the Decision Tree model
can be attributed to its tendency for overfitting,
instability, and limited ability to model complex
patterns in the data.

Multinomial NB achieves the best result for Serbian
language of 0.91 AUC, as shown in Fig 5.

08

True Positive Rate

04
—— RandomForest (AUC = 0.90)

GradientBoosting (AUC = 0.85)
—— SVC (AUC = 0.90)
~—— MultinomialNB (AUC = 0.91)
—— LogisticRegression (AUC = 0.90)
> —— KNeighbors (AUC = 0.88)

L DecisionTree (AUC = 0.72)

‘ e 5t100 (AUC = 0.88)
GradientBoosting100 (AUC = 0.86)
LinearSVC (AUC = 0.90)

0.2

04 0.6 08 10

False Positive Rate
Figure 5. ROC curve for different classifiers

The overview of values provided is located in the
lines below:

RandomForest: AUC = 0.90
GradientBoosting: AUC = 0.85

SVC: AUC = 0.90

MultinomialNB: AUC = 0.91
LogisticRegression: AUC = 0.90
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KNeighbors: AUC = 0.88
DecisionTree: AUC = 0.72
RandomForest100: AUC = 0.88
GradientBoosting100: AUC = 0.86
LinearSVC: AUC = 0.90

5. CONCLUSION

Based on a detailed and systematic approach to
processing and analyzing textual data, this paper
provides significant insights into the field of NLP
and its potential for understanding, interpreting,
and exploiting textual information. By applying a
wide range of text preprocessing techniques,
including tokenization, normalization, and
lemmatization, the paper demonstrates crucial
methodological aspects necessary for effective
textual data analysis. Notably, the use of various
metrics to evaluate the performance of machine
learning models is emphasized. Precision, recall, F-
measure, ROC/AUC curve, and other metrics
enable a comprehensive analysis and assessment
of different models' performances, which is
essential for selecting the best model for a specific
application.

Additionally, by exploring machine learning
algorithms for sentiment classification in
confessions from the "Confessions" website, the
paper provides insights into various aspects of
sentiment and emotional state modeling in text.
Through the application of different metrics and
analytical methods, the paper achieves a deeper
understanding of sentiment in confessions and
identifies the most effective classifiers for
sentiment analysis in the Serbian language.

The paper not only contributes to the advancement
of methods and techniques in NLP but also paves
the way for future research in this field, offering
valuable recommendations for further investigation
and development in NLP. We conclude that in order
to achieve better performance we have to proceed
with enlarging dataset for model training.

One of the most significant constraints in this
research is the linguistic complexity of the Serbian
language. The availability of high-quality, large-
scale datasets in the Serbian language is limited.
Most existing datasets are either too small for
robust machine learning model training or not
specifically designed for sentiment analysis tasks.
This limitation affects the generalizability and
performance of the models trained on such data.
The application of Naive Bayes algorithm can lead
to lower accuracy and precision in classification
tasks, particularly when dealing with complex
sentence  structures or  context-dependent
sentiments. This constraint limits the ability to
experiment with and deploy more sophisticated
models that could potentially offer better
performance.
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