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Abstract: NLP is currently one of the relevant research areas, including several directions. One of
these directions is related to the study of the emotional tone of the text or its emotional coloring. This
study proposes a conceptual model of a system for tagging emotionally colored vocabulary, consist-
ing of four modules: emotional classification, recognition of named entities, analysis of emotional
coloring, and thematic analysis. With the help of these modules, text summarization, extraction of
emotionally colored vocabulary, and identification of topics present in the text are carried out. This
approach allows us to understand the text's tone, the emotions, feelings, and experiences present in
it, and the topics discussed in it. Based on experimental studies, the following parameters of the
DistilBERT neural network with the transformer architecture were obtained: dataset size is about
13,000 records, the batch size is 16, the number of epochs is 3, the optimizer is AdamW, the scheduler
is Linear with Warmup, the scaler is GradScaler. Further development of the research is planned to
increase the efficiency and accuracy of the developed methods and study their application in various
fields, such as social network analysis, public opinion monitoring, marketing research, and many
others.

Keywords: text; classifier; analyzer; model; transformer; emotional; sentimental; BERT; content; anal-
ysis

1. Introduction

There are many resources for creating digital text data, including social media posts, online news
articles, customer reviews, and many other forms. This has caused the volume of digital text data to
grow. At the same time, the development of machine learning methods allows this data to be pro-
cessed for various tasks. Machine learning methods in this domain have applications for:

e textclassification is the categorization and dividing of a text into predefined classes, for example,
identification of spam or labeling topics in news posts [1,2];

¢ information search is extracting relevant information from large collections of text documents
based on user queries to support efficient search functions [3];

e  speech recognition is an automatic process to transform a speech signal into digital information
that can be used in voice assistants and automated phone systems [4];

e machine translation is an automatic process of translating a text from one language to another
based on the exploitation of machine learning or deep learning methods [5,6];

e text summarization is the automatic process of constructing a new short text containing the main
information from an initial text, which is useful for condensing news articles or product descrip-
tions [7];

e sentiment analysis is analyzing the sentiment behind the text, such as positive, negative, or neu-
tral, used for monitoring social media or customer service [8];
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e named entity recognition (NER) is the identifying and classifying of specific objects in text, such
as people, places, or organizations; it is a useful application for information extraction and ques-
tion answering [9];

e natural language generation (NLG) is a software-based process to generate natural language
outputs (text or spoken) with the use of methods of Artificial Intelligence, applied in creating
various creative text formats such as scripts, music compositions, emails, letters, etc. [10].

One of the domains intensely developed for digital text data processing is Natural Language
Processing (NLP), which has become a key tool for working with large volumes of text data arising
in the modern digital environment [11]. NLP methods allow us to automate human language pro-
cessing and solve new problems that go beyond the basic interpretation of text. Such tasks may in-
clude sentiment analysis, machine translation, or automated text summarization (Table 1).

Table 1. Tasks of NLP Directions.

Direction Task

Assigning emotional polarity (positive, negative, or neutral) to
Sentiment Analysis texts, enabling companies to evaluate customer satisfaction and
monitor brand perception online

Overcoming language barriers by automatically translating text
Machine Translation from one language to another, facilitating communication and in-
ternational collaboration

Condensing large volumes of textual information into concise
summaries, saving users time and promoting efficient information
retrieval

Automated Text Summari-
zation

The development of NLP methods allows the creation of effective applications in computational
linguistics. In particular, NLP methods have been used in new types of chatbots and translation sys-
tems, which allow text aspect analyzing and determining the emotional mood of text in social net-
works and open communication channels of many people. Methods of analyzing emotions and sen-
timents in social networks help assess public opinion, improve customer experience, detect fake
news, prevent cyberbullying, and support users' psycho-emotional well-being. For example, one of
the problems of sentiment analysis based on digital text analysis and classification is the detection of
depressive states and PTSD (post-traumatic stress disorder) [12,13]. As was shown in studies [14—
16] one of the key tasks within NLP is text content analysis, the process of discovering, classifying,
and interpreting information contained in text data. Some of the existing systems for sentiment anal-
ysis are shown in Table 2.

Table 2. Existing Sentiment Analysis Systems.

System Features Limitations

Provides text analysis capabilities, in-
Amazon Compre- cluding sentiment analysis, language Closed system, limited access to algo-

hend detection, and named entity recogni- rithms, paid license
tion
Google Cloud Offers sentiment analysis, language  Limited customization options, paid
Natural Lan- detection, and text classification ca- license, difficult to integrate custom
guage pabilities categories
IBM Watson Nat- Provides sentiment analysis, lan- Complex integration, subscription-
ural Language guage detection, key phrase extrac-  based, limited access to internal algo-

Understanding tion, and named entity recognition rithms
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Offers text analysis capabilities, in-
Microsoft Azure  cluding sentiment analysis, language
Text Analytics detection, key phrase extraction, and
named entity recognition

Paid license, requires integration
with other Azure services, limited
adaptability for user-specific tasks

VADER (valence
.( . A library using rule-based ap- Designed only for English, limited
aware dictionary . . . .
) proaches to determine positive, nega-  lexicon, unsuitable for complex con-
and sentiment . . . .
tive, and neutral sentiment in text texts and multicultural texts

reasoner)

These systems can be used for analyzing the sentiment of text data from various sources such as
social media, customer reviews, news articles, and more. Each of them has its own advantages and
limitations that may affect their use in specific scenarios [17-19].

The systems described in Table 2 fail to meet the requirements of flexibility (working with lim-
ited emotion categories), adaptability to specific tasks (not tailored for specific domains), and trans-
parency and control (risk of data access by third parties). Therefore, the development of such a system
becomes a relevant task. Creating a custom system for labeling emotionally charged text offers sev-
eral strategic advantages: flexibility, control, localization, and support for scientific research. This
paper proposes a concept for developing a system that can be flexibly adapted for use across different
languages, domains, and emotions, based on a combination of sentiment analysis, emotion detection,
named entity recognition, and thematic analysis modules.

2. Research Task Rationale

The analysis of emotional texts is a crucial area in the fields of computational linguistics and
information technology. Modern information society faces a growing need for effective methods to
analyze and classify texts based on their emotional tone. This section explores the significance and
applications of emotional text analysis across various domains, as well as the role of automated meth-
ods in addressing these challenges.

There are numerous approaches to classifying emotions. One influential model was developed
by psychologist Paul Ekman, who identified six basic emotions with distinct physiological and facial
expressions: happiness, sadness, anger, fear, surprise, and disgust [20,21]. This model serves as a
foundation for automated systems that rely on detecting these fundamental emotional expressions
through linguistic signals and sentiment lexicons (dictionaries containing emotionally charged
words).

Another concept, Robert Plutchik's comprehensive model of emotions [22], goes beyond basic
emotions by proposing eight primary emotions (joy, sadness, anger, fear, trust, disgust, anticipation,
and surprise) arranged in a circular structure (Figure 1). This model suggests that emotions can be
combined to create complex emotional states. For example, the combination of anger and fear may
result in frustration, while the combination of joy and anticipation may signify excitement. Auto-
mated systems using this structure can focus on detecting combinations of emotionally charged
words to capture these nuances of emotional states.

In addition to these models, an increasing number of studies are examining cultural differences
in the expression of emotions [23].
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Figure 1. Plutchik's Circumplex Model of Emotions [22].

Human language is inherently ambiguous [24-26]. Words often have multiple meanings de-
pending on the context. Consider the sentence: "The meeting was noisy." Without additional contex-
tual information, an automated system cannot determine whether "noisy" refers to a positive (very
enjoyable) or negative (unpleasant) experience. Sarcasm in human communication presents a similar
challenge. Automated systems often struggle to identify subtle cues that distinguish sarcasm from
sincere emotions, potentially misinterpreting the intended meaning of the text.

Variations in language and sentiment depend on the subject domain. For instance, the language
used in a medical report is likely to convey emotions differently than in a product review or a social
media post. Automated systems require training data specific to the domain being analyzed to effec-
tively classify expressions of emotion. A system trained on financial news articles may not accurately
interpret the emotional language used on a gaming forum due to inherent differences in vocabulary
and patterns of emotional expression in these domains.

Methodologies for analyzing the content of textual documents can be divided into four groups
(Table 3). Traditional methods are characterized by interpretability and efficiency but lack precision
and nuance [27,28]. In the context of Table 2, traditional methods refer to content analysis approaches
that do not employ complex computational algorithms, such as machine learning or deep learning,
and are typically based on simple automated text analysis, focusing on keywords or patterns. Ma-
chine learning models and statistical methods provide a balance between interpretability and accu-
racy, but their performance largely depends on training data and feature engineering. Deep learning
methods offer high efficiency in solving complex analysis tasks but require significant computational
resources and data [29,30]. As previously noted, each content analysis methodology has specific ad-
vantages and disadvantages (Table 3).

Table 3. Comparison of content analysis methodologies.

Methodology Strengths Limitations
Traditional 51mp11.c1ty ‘of imple- -
mentation, interpreta- Limited accuracy
Methods s
bility
Machine Enhanced accuracy, re
Learning Mod- o Dependent on training data, less interpretable
ols duced complexity
Statistical Effectively captures

A Iegnores word order, limited sentiment analysis
Methods word distribution gn W o ! yst
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High accuracy, cap-
tures complex relation-
ships

Deep Learning
Methods

Requires large datasets and significant computa-
tional resources

The aim of the study is to develop a content analysis model for textual information containing
emotionally charged vocabulary. This model will have a wide range of applications across various
domains and enable reactive actions, such as moderation or the generation of targeted content based
on the analysis of input text datasets.

To achieve this goal, the following objectives need to be solved:

e examine methods for analyzing text content of various lengths, including the classification of
text datasets by types of emotions and sentiments [31-33];

e analyze neural linguistic models for implementing modules for semantic, emotional, and the-
matic analysis, including an overview of existing datasets;

e develop a conceptual model for tagging emotionally charged vocabulary;

e  conduct experimental studies on the impact of training parameters of neural network models
(batch size, dataset size, number of epochs, optimizer type) and the use of scalers on the effec-
tiveness of determining the emotional tone and sentiment of the text;

e analyze the obtained results.

To achieve the stated goal, a comprehensive model consisting of four modules is proposed: emo-
tional classification, named entity recognition, emotional tone analysis, and thematic analysis. In con-
trast to existing approaches, the study proposes for the first time to analyze text using a combination
of methods for sentiment, emotion, named entity, and thematic analysis within a unified module.
This module is preceded by text preprocessing, and its output is the formation of a prompt with the
possibility of generating visual markers.

Using these modules, the study will summarize the text, highlight emotionally charged vocab-
ulary, and identify the themes present in the text. This approach will provide a comprehensive un-
derstanding of the text’s tone, emotions, feelings, and sensations, as well as the topics discussed
within it.

3. Results and Discussion

The work proposes a model for the automated tagging of emotionally charged vocabulary, inte-
grating various computational linguistic techniques for text processing and analysis. This system is
designed to decompose input text into manageable blocks, process these fragments using multiple
analysis modules, and generate markers encapsulating the analysis results. These markers are subse-
quently used to create "prompts" following a pre-defined prompt template.

In the context of generative artificial intelligence models, a prompt refers to a set of instructions
or cues that indicate what needs to be generated. Essentially, it is a starting point for the model's
creative process. The goal of a prompt is to provide the Al model with enough information. Prompts
can influence the style and tone of the generated content. For instance, they can specify whether the
tone should be formal or informal for text, or whether an image should evoke a cheerful or tense
mood.

In the context of the proposed model, a marker represents comprehensive contextual and syn-
tactic information about a specific segment of text. By creating such markers, it is possible to generate
prompts that effectively encapsulate all the necessary information for content generation based on
plain text.

The model operates through a structured sequence of steps, beginning with the segmentation of
the input text and concluding with the generation of markers used for various downstream applica-
tions. The key components and their interactions are described below.

The system accepts raw text, which can originate from various domains and contexts. The input
text is first pre-processed to remove extraneous characters and standardize formatting. The pre-
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processed text is divided into smaller, coherent segments or "chunks,” which are subsequently to-
kenized in the later components of the model.
The architecture of the proposed model consists of three main modules:

e  preprocessing module;

e  content analysis module, which includes:

e emotion classifier (identifies emotions expressed in the text, such as happiness, sadness, anger,
or fear);

e named entity recognition (NER) (extracts and classifies specific entities from the text, such as
people, places, or organizations);

e sentiment analysis (determines the overall positive, negative, or neutral sentiment of a text frag-
ment);

e  topic modeling (detects hidden thematic groups or "topics" within a collection of documents);

e generation module (includes marker creation and prompt generation), excluding text prepro-
cessing (Figure 2).

| Pattem : ML System ! Prompt :
(st) Preprocessing Analysis Generation P (st

Prompt pattern "o »Prompt creation }—c—
3 e ]

Input text - Preprocessing py Markers
-9 Emotional ‘."“u__ ~
L Classification . N
] Marker creation B Rt
P Text Lt ! Markers
Voo (str) A + (listimarker]) !

Chunks S R JA EC Results !
1 (liststr]) : Tl ! (listlec_vector(12)]) !
.| Sentiment " ! NERResults !
d analysis AR S i (istlentity]) |
' SA Results !
[ ) ) I . (list{list{sentiment(str), score(float)])]) |
» Topic modeling o ___
= Topics

Figure 2. Conceptual model of the system for tagging emotionally charged vocabulary.

The output of the proposed model consists of generated prompts and markers. Figure 2 demon-
strates that all stages of the content analysis module influence the formation of the text marker, which
serves as the basis for generating prompts used as input for generative models. This is a distinctive
feature of the proposed model: the generation of prompts is not based solely on a single content
analysis stage but on the combination of four interconnected stages.

To evaluate the impact of the emotion classifier, named entity recognition, sentiment analysis,
and topic modeling on marker formation quality, the role of each stage should be assessed:

° Emotional Classification focuses on the emotional context, determining the emotional state of
the text on a deep emotional level;

e  Sentiment Analysis evaluates the general sentiment of the text by analyzing its polarity —posi-
tive, negative, or neutral tone;

e NER identifies factual elements in the text, extracting named entities such as names, places,
dates, and organizations;

e  Topic Modeling identifies the thematic context by clustering words based on their meaning.

Emotional Classification is pivotal for marker formation since emotions provide depth to the
text, enabling the creation of a more informative and accurate marker for subsequent tasks. For ex-
ample, a marker for news text or literary content would be incomplete without emotional context.
Moreover, the task of emotion classification is scientifically challenging, requiring advanced machine
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learning methods, which underscores its relevance and significance. Hence, the experimental focus
in this study will center on investigating the hyperparameters of the neural network model for emo-
tion classification.

The preprocessing module precedes the content analysis module, which operates through four
steps: performing emotion classification, named entity recognition, sentiment analysis, and topic
modeling. These steps collectively contribute to marker formation. In this context, a marker is a com-
prehensive representation of contextual and syntactic information about a specific text segment.

The Emotion Classification block is a key component of the content analysis module, enabling
the system to recognize and classify the emotional undertones of textual data. This process leverages
pre-trained transformer models to accurately identify and classify a wide range of emotions in text
segments.

The development of the emotion classifier involves several stages, including data collection and
preparation, model training, evaluation, and deployment.

The EmotionClassifier model is built using libraries and tools in Python:

e  torch - the core library for PyTorch, used for building and training deep learning models;

e pandas — used for data manipulation and analysis, particularly for handling datasets in tabular
format;

e numpy — used for numerical operations, providing support for large, multi-dimensional arrays
and matrices;

e  GradScaler and autocast from torch.cuda.amp — utilized for mixed-precision training, which
helps speed up training and reduce memory usage without sacrificing model accuracy;

e Dataloader and Dataset from torch.utils.data — these classes are used for efficient data pro-
cessing and loading during the training process;

e  classification_report from sklearn.metrics — provides a detailed report on precision, recall, F1
score, and support for each class, which is essential for evaluating model performance;

e train_test_split from sklearn.model_selection — used to split the dataset into training and testing
sets to evaluate the model’s performance on unseen data;

e AdamW and get_linear_schedule_with_warmup from transformers — optimizer and learning
rate scheduler used for efficient training of the transformer model;

e  DistilBertTokenizer and DistilBertForSequenceClassification from transformers — the tokenizer
and model class for DistilBERT, a lighter and faster version of BERT specifically designed for
sequence classification tasks.

To conduct research and solve the task of classifying the emotions in textual information, the
DistilBERT model (Distilled Bidirectional Encoder Representations from Transformers) was used in
this study. DistilBERT is a simplified version of the BERT model. The initialization function of the
EmotionClassifier loads the pre-trained model distilbert-base-uncased. This model, being a lighter
and faster variant of BERT, is well-suited for sequence classification tasks. The EmotionClassifier in-
herits from DistilBertForSequenceClassification.

The activation function is a sigmoid function, which maps input values to a range between 0 and
1, effectively converting output logits into probabilities. Each probability value indicates the likeli-
hood that the input text corresponds to a specific emotion.

The output of the model is a vector of 13 values, each representing the probability that the input
text belongs to one of 13 predefined emotion categories:

* joy;
e  anger;
. sadness;

° disgust;
e fear;
° trust;

. surprise;
. love;
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This vector can be considered a 13-dimensional representation of the text in the emotional space,

providing a comprehensive assessment of the emotional content of the text.
The detailed configuration and adaptation of the EmotionClassifier ensure that it effectively clas-
sifies text into the specified emotional categories, leveraging the robust capabilities of transformer

models and the efficiency of PyTorch utilities.
The EmotionClassifier was trained using datasets described in Table 4 [34-36].
Each dataset was cleaned to remove any auxiliary information that could potentially interfere

with the training process of the emotion classification model.

The dataset was divided into three parts:

e training set (80%, i.e., 11,064) — used for training the model;

e  validation set (10%, i.e., 1,366) — used to fine-tune the model's hyperparameters and evaluate its

performance during training;
o testset (10%, i.e., 1,366) — used to assess the final performance of the model after training.

Table 4. Included Datasets.

Dataset

Description

Characteristics

EmoBank

A corpus of 10,000 English sentences
annotated with real emotion scores
across three dimensions (valence,
arousal, dominance).

Annotated with VAD (valence, arousal,
dominance), real scores, 10,000 sen-
tences, English language.

TEC (Tex-
tual Emo-
tion Cor-

pus)

Contains English sentences extracted
from news headlines, manually anno-
tated with one of six basic emotions.

Six emotions (anger, disgust, fear, joy,
sadness, surprise), English, news head-
lines.

Crowd-
flower

A dataset of tweets annotated by
Crowdflower for emotions such as hap-
piness, sadness, anger, etc.

Multiple emotions, tweets,
crowdsourced annotations, English lan-

guage.

DailyD-
ialog

Contains dialogues reflecting daily con-
versations, manually labeled with emo-
tions and dialogue acts.

Daily conversations, emotion labels, di-
alogues, English, 13,118 dialogues.

Elec-
toralTweets

Tweets about the 2016 U.S. presidential
election annotated with various emo-
tions.

Tweets, multiple emotions, political
context, English, 10,000 tweets.

Emolnt
(Emotion
Intensity)

Contains tweets annotated for emotion
intensity across four primary emotions:
anger, fear, joy, and sadness.

Emotion intensity, four emotions,
tweets, English, with intensity annota-
tions.

Emotion-
Cause

A dataset focused on identifying sen-
tences in text that convey the cause of a
specific emotion.

Emotion causes, sentence-level annota-
tion, English, diverse sources.

Emo-
tionData-
Aman

An annotated dataset of blog posts for
emotions including happiness, sadness,
anger, etc.

Blog posts, multiple emotions, manually
annotated, English language.

FB-Va-
lence-
Arousal-
Anon

Contains Facebook posts annotated for
valence and arousal.

Facebook posts, valence and arousal rat-
ings, anonymous, English.

d0i:10.20944/preprints202412.2147.v1
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Contains tweets annotated as "happy"
or "sad". Designed to study the influ-
Grounded  ence of external factors (weather, news Context-based grounding, multiple
Emotions events, social context, user-specific fac- emotions, English, diverse contexts.

tors, and posting time) on emotions ex-
pressed in social media.

Survey data where people from various  Cross-cultural links, elicited emotions

ISEAR cultures describe situations that elicited and reactions, survey data, multiple
specific emotions. emotions, English.
SSEC (Sar-
casm Senti- . .
ment Emo Annotated corpus of tweets for sarcasm, Sarcasm, sentiment, and emotion anno-
. sentiments, and emotions. tations, tweets, English language.
tion Cor-
pus)
Contains 1,389 English sentences from
18 different folktales annotated by 36 . .
Tales-Emo- . y Folktales, multiple emotions, manual
. different people. Uses two approaches . .
tion annotation, English.

to represent emotional states: emotion
categories and emotion dimensions.

After evaluating possible dataset splits (50:25:25, 70:15:15, 80:10:10), the 80:10:10 split was pre-
ferred because increasing the proportion of the training set ensures better generalization of the model,
especially for large datasets. This reduces the risk of underfitting, where the model fails to capture
important patterns due to insufficient data.

The maximum length of each sequence in the dataset is 128 tokens. This means that any text
longer than 128 tokens is truncated, while shorter texts are padded to ensure uniform length. This
uniformity is necessary for efficient parallel processing on massively parallel computing devices (e.g.,
GPUs). The length of 128 tokens was chosen as it approximately matches the maximum tokenized
length of a tweet, which forms the majority of the training data.

4. Methodology of Experiments

During classification, the model processes data in batches, where the batch size is a configurable
parameter. Batching not only accelerates computations but also helps better utilize GPU resources,
contributing to more efficient training.

Training for 2 epochs resulted in an accuracy of approximately 60%. Training beyond 3 epochs
led to overfitting, where the model performs well on training data but poorly on validation data.
Thus, 3 epochs established a balance between training time and performance. The training was con-
ducted on an NVIDIA RTX 3060 GPU with 12 GB of video memory. The AdamW optimizer was used,
which adjusts learning rates based on the average of the first and second moments of gradients and
includes weight decay for better regularization. The experiments involved evaluating losses and ac-
curacy on the validation dataset after each epoch. The model with the lowest validation loss was
saved as the most effective one.

On the specified hardware (NVIDIA RTX 3060), each epoch takes approximately 12 minutes.
After training is completed, the model is tested on the test set.

The following experiments assess the impact of various parameters on the accuracy of emotional
classification of text content by the chosen model and the training speed, specifically:

e  assessment of the impact of dataset size on the accuracy of emotional classification of text content
and training speed;

e  assessment of the impact of batch size on the accuracy of emotional classification of text content
and training speed;

e  assessment of the impact of the number of epochs on the accuracy of emotional classification of
text content;
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e  assessment of the impact of the optimizer on the accuracy of emotional classification of text con-
tent and training speed;

e  assessment of the impact of the scheduler on the accuracy of emotional classification of text con-
tent and training speed;

e  assessment of the impact of the scaler on the accuracy of emotional classification of text content
and training speed.

Among the existing metrics for evaluating the quality of model training and testing, such as
Accuracy, F1-Score, Precision, and Recall, Accuracy is the fundamental metric for classification tasks.
It indicates the proportion of correctly predicted outcomes to the total number of predictions. The
Accuracy metric is suitable for balanced datasets (a common scenario in text emotion classification
tasks), serves for preliminary model evaluation for further improvements, and allows comparison of
the impact of various parameters on performance. Other metrics can be utilized in subsequent re-
search stages when the focus shifts to detailed error analysis or optimization for specific classes.

The results show that increasing the dataset size improves model accuracy. Through experimen-
tation, a dataset size of approximately 13,000 records was determined to balance accuracy and time,
achieving an accuracy of 75% with an acceptable epoch time of 12 minutes.
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Figure 3. The impact of dataset size on the accuracy of text emotion classification and training speed.

The batch size was varied to evaluate its impact on model performance and computational effi-
ciency (Table 6). Analysis of the results shows that the highest accuracy of 72% is achieved with a
batch size of 16, with a training time of 12 minutes per epoch. Increasing the batch size to 128 reduces
accuracy to 68%, while the epoch time decreases to 7 minutes. Therefore, a batch size of 16 is recom-
mended as it provides the best balance between accuracy and training time.

Research and assessment of training time for the text content classification model are important
for practical considerations, particularly when:

e the model requires updates (fine-tuning) with new data, such as adding new emotions to an
existing emotion classification system;
e the model needs to incorporate a new language in a multilingual text emotion analysis system.
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Thus, the faster the model trains, the more efficiently it can be updated without significant
downtime in the system's operation.
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Figure 4. Impact of batch size on training time and average accuracy.

The model was trained for different numbers of epochs to determine the effect of the number of
epochs on accuracy and overfitting (Table 5).

Table 5. Impact of the number of epochs on accuracy.

Number of Epochs Average Accuracy (%) Overfitting (Yes/No)
1 55 Hi
2 60 Hi
3 72 Hi
4 70 Tax
5 68 Taxk

The model shows an accuracy increase up to 72% after three epochs of training. Further increas-
ing the number of epochs leads to overfitting. In the fourth epoch, accuracy decreases to 70%, and in
the fifth epoch, it drops further to 68%.

Testing different optimizers allowed for the evaluation of their impact on the training process
and model accuracy, including SGD, Adam, AdamW, RMSprop, and Adagrad (Table 6).

Table 6. Impact of optimizer on accuracy and training speed.

Optimizer Accuracy (%) Training speed (min per
epochs)
SGD 65 14
Adam 70 12
AdamW 72 12
RMSprop 67 13

Adagrad 64 15
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The AdamW optimizer demonstrated the highest accuracy of 72% with an average training time
of 12 minutes per epoch. Other optimizers, such as SGD (65%) or Adagrad (64%), showed lower ac-
curacy. Therefore, AdamW is recommended as it provides the most balanced results in terms of time
and classification accuracy.

The final experiment evaluated the impact of the chosen scheduler on the efficiency and accuracy
of classification (Table 7).

Table 7. Impact of scheduler on accuracy and training speed.

Scheduler Accuracy (%) Training speed (min per
epochs)
Absent 73 25
Linear with Warmup 72 12
Exponential Decay 70 12
StepLR 69 13
Cosine Annealing 71 12

The highest accuracy of 73% is achieved by the model without using a scheduler, but the training
time significantly increases to 25 minutes per epoch. The Linear with Warmup scheduler ensures an
accuracy of 72% within 12 minutes per epoch. Thus, using Linear with Warmup is recommended to
maintain high accuracy while minimizing training time.

The use of mixed precision training with GradScaler was analyzed to evaluate its impact on
training efficiency and duration.

Table 8. Impact of GradScaler on Accuracy and Training Speed.

Scaler Accuracy (%) Training speed (min per epochs)
Absent 70 16
GradScaler 72 12

Without using GradScaler, the accuracy was 70%, and the training time was 16 minutes per
epoch. With GradScaler, the accuracy increased to 72%, and the training time decreased to 12 minutes
(Table 8).

Through these comprehensive experiments, it was determined that an optimal configuration for
the EmotionClassifier involved the full dataset size of 13,736 records, a batch size of 16, training over
3 epochs, using the AdamW optimizer, and applying a linear scheduler with warmup. Mixed preci-
sion training with GradScaler also improved the speed and efficiency of training. This information is
crucial for fine-tuning the model to achieve the best balance between performance and computational
resource utilization.

Examples of the operation of the emotion classification module for textual content are provided
in Figure 5. Explanations are given below:

Text 1 - "I was thrilled by the outstanding performance of the new iPhone's camera, but the poor
battery life left me frustrated."

Text 2 - "The exhilarating last-minute victory of Manchester United over Chelsea made the entire
crowd ecstatic.”

Text 3 — "I am deeply concerned about the lack of strong climate change policies, as they are
essential for protecting our environment and ensuring a sustainable future."
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I was thrilled by the
outstanding performance of
the new iPhones camera, but
the poor battery life left me
frustrated

The exhilarating last-minute
victory of Manchester
United over Chelsea made
the entire crowd ecstatic

I am deeply concerned about
the lack of strong climate
change policies, as they are
essential for protecting our
environment and ensuring a
sustainable future

sadness - 0,465
joy - 0,2976
anger - 0,0704

joy - 0,9748
noemo - 0,0067
sadness - 0,0026

fear - 0,3859
noemo - 0,3148
sadness - 0,0072

—
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Figure 5. Visualization of emotion classification results.

Table 11. Demonstration of results from the emotion classification module.

Emotion Text1 Text 2 Text 3
joy 0,2976 0,9748 0,0017
anger 0,0704 0,0022 0,0011
sadness 0,465 0,0026 0,0072
disgust 0,0104 0,0007 0,0006
fear 0,024 0,0018 0,3859
trust 0,0002 0,0017 0
surprise 0,0051 0,0015 0,0006
love 0,0025 0,0002 0,0002
noemo 0,0303 0,0067 0,3148
confusion 0 0 0
anticipation 0 0 0
shame 0,0018 0 0,0002
guilt 0,0032 0 0,0002

The provided results of emotion classification for the three sentences demonstrate varying levels

of intensity for different emotions. The analysis will focus on interpreting these results and under-

standing the emotional tone of each sentence based on the given scores.

Text 1 - "I was thrilled by the outstanding performance of the new iPhone's camera, but the poor

battery life left me frustrated™

joy (0.2976): the highest emotion score for this sentence is joy, reflecting the positive sentiment
about the iPhone's camera performance;

sadness (0.465): sadness is also significant, indicating disappointment with the battery life;
anger (0.0704): anger is present but not dominant, suggesting mild frustration;

other emotions: minor traces of disgust, fear, trust, surprise, and love indicate a complex emo-
tional reaction, but they are not predominant;

noemo (0.0303): a small portion of the sentence evokes no strong emotions.

The sentence evokes a mix of joy and sadness, primarily due to the contrasting impressions of

the iPhone's camera and battery life.

Text 2 - "The exhilarating last-minute victory of Manchester United over Chelsea made the entire

crowd ecstatic":
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e  joy (0.9748): joy overwhelmingly dominates this sentence, aligning with the positive and exciting
nature of the content;

. other emotions: negligible levels of anger, sadness, disgust, fear, trust, surprise, and love indicate
a clear and strong positive emotional response;

e noemo (0.0067): a very small portion of the sentence elicits no specific emotions.

The sentence is predominantly joyful, reflecting the elation and ecstasy of the crowd after the
victory.

Text 3 — "I am deeply concerned about the lack of strong climate change policies, as they are
essential for protecting our environment and ensuring a sustainable future":

e fear (0.3859): fear is the predominant emotion, highlighting concern about climate change poli-
cies.

e  sadness (0.0072): sadness is present but to a much lesser extent, possibly reflecting worry.

e noemo (0.3148): a significant portion of the sentence is neutral or not strongly emotional, indi-
cating a more factual tone.

° other emotions: traces of anger, disgust, trust, surprise, love, shame, and guilt suggest a mix of
concern and urgency.

This text primarily evokes fear, with a notable neutral component, indicating serious concern
and a call to action on climate policy.

Text 1 demonstrates a balanced mix of joy and sadness, reflecting the speaker's ambivalence
about the iPhone's features. Text 2 is dominated by joy, vividly expressing excitement and happiness
over the sports victory. Text 3 is primarily driven by fear, indicating concern about climate change,
with a significant neutral component suggesting a factual tone.

These results highlight the system's ability to capture complex emotional nuances and provide
valuable insights into the sentiments and emotional content of various sentence types.

5. Conclusion

The main goal of the conducted work has been achieved —the development of a conceptual
model for a system to tag emotionally colored lexicon. This system has a wide range of applications
in various fields and enables reactive actions, such as content moderation or generation tailored to
specific audiences, based on the analysis of incoming textual data.

The proposed conceptual model for the emotionally colored lexicon tagging system comprises
four modules: emotional classification, named entity recognition, emotional tone analysis, and topic
modeling. These modules enable text summarization, extraction of emotionally colored lexicon, and
identification of themes present in the text. This approach provides a comprehensive understanding
of the text's mood, emotions, feelings, and sensations, as well as the topics discussed.

Experimental research was conducted to evaluate the impact of training parameters for the
DistilBERT neural network model, such as batch size, dataset size, number of epochs, optimizer type,
and their influence on the accuracy and speed of classifying textual data based on its emotional tone
and sentiment. The experiments demonstrated the necessity of using a gradient scaler to reduce train-
ing time for neural network classifiers.

The results of the experiments underscore the importance of tuning training parameters to im-
prove model accuracy and identify the recommended architecture for the DistilBERT neural network
with a transformer-based architecture: a recommended dataset size of 13,000 entries, a batch size of
16, three epochs for training, the AdamW optimizer, the Linear with Warmup scheduler, and Grad-
Scaler. These settings achieve an accuracy of 72-75% with minimal computational costs and training
time of approximately 12 minutes per epoch on a mass-parallel processor—an NVIDIA RTX 3060
with Ampere architecture.

The experimental results confirm the viability of the developed model for tasks such as text clas-
sification, emotion analysis, and automated content generation. The examples provided demonstrate
the system's ability to capture complex emotional nuances and provide valuable insights into the
sentiments and emotional content of different types of sentences. The outcomes and configurations
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of the neural network model architecture can be beneficial for automating content creation processes
for media platforms, blogs, advertisements, and other areas where content creation based on textual
information is required.

Future project development includes conducting similar research on the Sentiment Analysis
module to determine the overall positive, negative, or neutral sentiment of text fragments.
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Abbreviations

The following abbreviations are used in this manuscript:

NLP Natural Language Processing

BERT Bidirectional Encoder Representations from Transformers
NLG Natural Language Generation

NER Named Entity Recognition

PTSD Post-Traumatic Stress Disorder

VAD Valence-Arousal-Dominance

TEC Textual Emotion Corpus

ISEAR International Survey on Emotion Antecedents and Reactions
SSEC Sarcasm Sentiment Emotion Corpus

GPUs Graphics Processing Units

SGD Stochastic Gradient Descent
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