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APPLICATION OF NATURAL LANGUAGE
PROCESSING TO AUTOMATE THE
ANALYSIS OF USER FEEDBACK

Abstract. The purpose of the research is to develop a system for automated analysis of user feedback based on
natural language processing methods to identify sentiments, key aspects and themes. The relevance of the research
topic is due to the growing need for businesses in effective tools for analyzing large volumes of text data, which
would allow extracting valuable insights from user feedback and transforming them into specific recommenda-
tions for improving products and services. This topic is ofparticular importance in the context of e-commerce,
services and software development, where the quality and speed of response to user feedback directly affect the
competitiveness ofcompanies. Research methods include machine learning, deep neural networks, statistical text
analysis methods and methods for assessing the quality of models. Classical algorithms, neural network models,
transformer architectures are used. The statistical significance ofthe results obtained was experimentally confirmed
and recommendations for selecting models for various scenarios were developed. The relevance of the research
topic is due to the growing business need for effective tools for analyzing large volumes of text data, which would
allow extracting valuable insights from user reviews and transforming them into specific recommendations for
improving products and services. The research results can be used in e-commerce, service companies, software de-
velopment, marketing, and analytics to automate review analysis and identify trends in large volumes of text data.

Keywords: natural language processing, analysis of responses, aspect-oriented analysis, machine learning.

1. Introduction According to research, more than 90% of company

In the digital age, user interactions with products
and services have created an unprecedented flow
of feedback and comments. Companies, from small
startups to large corporations, receive hundreds and
thousands of text-based reviews every day through
avariety of channels — email, social media, specialized
platforms and internal feedback systems. It is in this
unstructured data that the most valuable information
about customer satisfaction, their needs and expecta-
tions is contained.

leaders recognize the importance of analyzing user
feedback for making strategic decisions, but only about
30% of organizations have systems that allow them
to effectively process and analyze this data. Tradi-
tional manual analysis of reviews has long ceased to
meet modern business requirements. Reviewing tens
of thousands of comments requires huge human re-
sources, which makes the process extremely costly. In
addition, the subjectivity of human assessment often
leads to inconsistency in interpreting user opinions.

Copyright © The Author(s). This is an open access article distributed under the terms of the
Creative Commons Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/)
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Even the best analysts are unable to process such vol-
umes of data quickly enough for companies to quickly
respond to changing consumer sentiment.

Natural language processing (NLP) offers a solution
to this problem through the use of algorithms that can
automatically analyze the semantics of text, determine
the tone of utterances, and isolate key themes from
large data sets. Thanks to the rapid development of
machine learning technologies and deep neural net-
works, modern NLP systems demonstrate impressive
accuracy in understanding the context and nuances
of human speech. Recent advances in NLP, including
the development of transformer models such as BERT,
GPT, and RoBERTa, have significantly expanded the
capabilities of natural language processing. These
models are able to understand the context of words in
a sentence, take polysemy and idiomatic expressions
into account, and successfully process texts in different
languages. Their application to user feedback analysis
opens up new horizons for understanding customer
needs and improving products and services [7, 14, 21].

Implementing automated user feedback analysis
using NLP not only significantly reduces time and
resources, but also provides deeper analytical results.
NLP systems are able to detect hidden trends and
patterns that are inaccessible during manual analy-
sis, and also ensure the scalability of the solution in
accordance with the growth of data volumes. In addi-
tion, such systems can operate 24/7, ensuring constant
monitoring of feedback and instant detection of critical
problems.

The relevance of the research topic is due to the
growing business need for effective tools for analyz-
ing large volumes of text data, which would allow
extracting valuable insights from user feedback and
transforming them into specific recommendations for
improving products and services. This topic is of par-
ticular importance in the context of e-commerce, the
service sector, and software development, where the
quality and speed of response to user feedback directly
affect the competitiveness of companies.

The main tasks include studying modern approach-
es to natural language processing, analyzing text
classification algorithms and sentiment analysis, as
well as developing and evaluating the effectiveness
of a system for automated analysis of user feedback.
The paper examines the theoretical aspects of natural
language processing, investigates various models and
algorithms for analyzing responses, and experimen-
tally evaluates their effectiveness on real data. The
methodological basis of the research is machine learn-
ing methods, deep neural networks, statistical methods
of text analysis, and methods for assessing the quality
of machine learning models. The experimental part of
the paper uses the Python programming language and
natural language processing libraries such as NLTK,
spaCy, Transformers, and TensorFlow.

The results of the study can be used to develop
software solutions that will allow companies to bet-
ter understand the needs of their customers, respond

ISSN: 3041-1440 (print); ISSN: 3041-1459 (online)  / 45/

quickly to problems, and improve the quality of their
products and services. The practical significance of the
work lies in the possibility of implementing the devel-
oped methods and models into the business processes
of organizations of various scales to improve inter-
action with customers and increase their loyalty. In
today’s digital world, user review analysis has become
a critical element for any business seeking to prove
the quality of its products and services. However, the
scale and unstructured nature of this data pose sig-
nificant challenges for traditional analysis. The main
problem addressed in this study is the inefficiency
and limitations of manual analysis of large volumes
of text-based user reviews. This problem has several
important aspects:

1. Exponential growth in data volumes. Modern
companies receive thousands of new reviews every
day through various channels. According to the Cus-
tomer Experience Trends Report 2024, the number of
online reviews is increasing by about 18% every year,
which is almost twice as much as in 2020 (10%). For
the largest e-commerce platforms, this figure is even
higher — Amazon records about 22% annual growth
in the number of reviews, and marketplaces in the
service sector about 25%. By 2025, it is predicted that
leading companies will receive an average of 30-50
thousand reviews every day (Fig. 1), which makes
manual processing of such volumes of information
practically impossible;

2. Subjectivity and inconsistent analysis. Human
interpretation of text is subjective, which can lead to
different conclusions about the same review. Indepen-
dent studies conducted in 2023-2024 in the cloud and
financial services sectors show that the level of agree-
ment between different analysts when assessing the
tone of reviews is only 60-75%, and when identifying
specific issues mentioned in the reviews, this figure
drops to 55%.

3. Critical time costs. Manual analysis requires
significant time resources. According to McKinsey
experts (2024), an analyst spends an average of 2-3
minutes on in-depth analysis of one review of average
duration, which for a company with 1000 reviews daily
means 30-50 hours of work per day, or 5-8 analysts
working full-time exclusively on review processing.
This approach makes it impossible to respond promptly
to critical issues.

4. Limited ability to detect hidden patterns. An-
alysts are often unable to detect hidden trends and
relationships in large data sets, especially when these
patterns occur over a long period of time or across dif-
ferent user segments. Forrester Research (2024) found
that about 68% ofvaluable insights from user feedback
remain undiscovered through manual analysis, espe-
cially when it comes to correlations between different
aspects of a product and user reactions.

5. The increasing complexity of multilingual anal-
ysis. The globalization of business has led to the need
to analyze reviews in many languages. By 2025, this
figure is predicted to be 55-60%.
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Figure 1. Dynamics of growth in the number of daily reviews on leading platforms

6. Lack of standardization and subjectivity of as-
sessments. Different analysts may use different meth-
odologies and assessment criteria, which makes it dif-
ficult to compare results and develop a unified strategy
for responding to feedback. Such variability makes it
impossible to compare data over time and makes it
difficult to track progress in improving products and
services.

7. Rising costs for review analytics. Economic re-
search shows that the cost of manual review analysis
is skyrocketing. According to the Customer Experience
Association, the average annual cost of review analyt-
ics for the average company has increased to $280,000
in 2024, and is projected to reach $350,000-400,000
by the end of 2025.

Setting research objectives. Based on the analysis
of the issues and existing approaches to automating
user feedback analysis, key challenges and promis-
ing research directions have been identified. A clear
statement of research objectives will allow structuring
further work and focusing on the most relevant aspects
of the problem.

The main goal of this study is to develop and eval-
uate the effectiveness of a comprehensive system for
automated user feedback analysis based on modern
natural language processing methods, which will

ensure high accuracy in detecting tone, key aspects
and topics, the ability to work with feedback in dif-
ferent languages, and effectively integrate into the
business processes of organizations of various scales.

To achieve the goal, it is necessary to solve the fol-
lowing specific tasks:

1. Development of effective methods for pre-pro-
cessing user feedback.

This task includes research and development of
methods for cleaning and normalizing text data, pro-
cessing informal vocabulary, abbreviations, emoticons,
spelling errors and other features of user reviews. The
developed methods should ensure the preservation of
the informativeness of the text when removing noise,
take into account the multilingual nature of reviews
and the specifics of different domains. The relevance
of this task is confirmed by the fact that the quality of
pre-processing of the text directly affects the effective-
ness of subsequent analysis. According to a study by
the Data Science Center (2024), improving the quality
of pre-processing can increase the accuracy of review
classification by 8-12%.

2. Research and comparative analysis of modern
models for classifying the tone of responses. The
task involves adapting and evaluating the effective-
ness of various NLP models for analyzing the tone

Table 1

Average time spent on manual analysis of reviews of varying complexity

Feedback Average length Analysis time
type (words) (min)
Short 10-30 1-2

Average 31-100 2-4
Long 101-300 4-8
Detailed >300 8-15

Number of reviews per
working day (8 hours)

Number of analysts for
1000 reviews/day

240-480 2-4
120-240 4-8

60-120 8-16
30-60 16-33
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of responses — from classical machine learning ap-
proaches to modern transformer architectures and
large language models. Particular attention will be
paid to the balance between accuracy, computation-
al requirements and processing speed, as well as the
ability to adapt to specific domains. The relevance of
the task is due to significant differences in the effec-
tiveness of different models depending on the context
of application.

3. Development of a method for aspect-oriented
tonality analysis for different domains.

This task focuses on developing an approach that
will allow not only to determine the overall tone of
the response, but also to identify specific aspects of
products or services and the corresponding tone for
each of them. The method should be adaptable to dif-
ferent domains (electronics, hospitality, software, etc.)
and work effectively with limited training data. The
relevance of the task is confirmed by studies that show
that aspect-oriented tone analysis provides business-
es with 35-40% more valuable insights compared to
simple tone classification.

4. Creating effective methods for identifying themes
and key aspects in response corpora.

The task involves developing and evaluating meth-
ods to automatically identify the main topics discussed
in large sets of reviews and isolate key aspects of prod-
ucts or services. This will allow companies to obtain
a structured view of which aspects of their products
are most often mentioned in reviews and which topics
cause the most resonance. The relevance of this task
lies in the need to effectively categorize and structure
large volumes of unstructured text data for further
analysis and decision-making.

5. Developing an approach to multilingual review
analysis. This task focuses on creating methods that
will allow for the effective analysis of reviews in dif-
ferent languages without significant loss of accuracy
and while preserving linguistic and cultural features.
Both translation-based approaches and methods us-
ing multilingual models and cross-lingual knowledge
transfer will be explored. The relevance of the task is
due to the increasing globalization of business and the
need to analyze reviews in different languages.

6. Creating methods for interpreting and visualiz-
ing the results of feedback analysis.

The task involves developing approaches to ensure
the explainability of analysis results and their effective
visualization for end users. This involves research-
ing explainable Al methods, creating intuitive visual
representations of analysis results, and developing
recommendations for interpreting these results. The
relevance of this task is confirmed by the fact that even
the most accurate analysis results have limited value
if end users cannot correctly interpret them and use
them for decision-making.

7. Development and evaluation of a comprehensive
automated feedback analysis system. This integra-
tive task involves combining the developed methods
and models into a single system that will provide
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a full cycle of feedback analysis — from collection and
pre-processing to the generation of insights and recom-
mendations. The system should be adaptive to different
domains and types of feedback, scalable and efficient
in terms of computing resources. The relevance of the
task lies in the need to create a practically oriented
solution that can be directly implemented in the busi-
ness processes of organizations of various scales.

8. Experimental evaluation of the effectiveness of

the developed methods on real data. The task includes
conducting comprehensive experiments to evaluate
the effectiveness of the developed methods and the
system as a whole on real sets of responses from dif-
ferent domains and in different languages. Aspects
such as classification accuracy, quality of aspect detec-
tion, processing speed, scalability, and adaptability to
new domains will be evaluated. The relevance of this
task is due to the need for empirical confirmation of
the effectiveness and practical value of the developed
methods and system.

To solve the tasks, a comprehensive methodological
approach will be used, combining machine learning,
deep learning, natural language processing, and data
analysis. The research will be conducted in several
stages:

1. Analytical stage. At this stage, a detailed analy-
sis of existing methods and models, their advantages
and limitations will be conducted. Modern research in
the field of NLP and feedback analysis will be studied,
the most promising approaches and technologies will
be identified;

2. Design and development stage. At this stage,
specific methods and models will be developed to solve
the tasks set. The development will include both the
adaptation of existing approaches and the creation of
new methods and architectures optimized for feedback
analysis;

3. Experimental stage. This stage includes con-
ducting experiments to evaluate the effectiveness of
the developed methods and models. Experiments will
be conducted on real sets of reviews from different do-
mains (e-commerce, hotel business, software, services,
etc.) and in different languages. Standard metrics such
as accuracy, completeness, Fl-measure, as well as spe-
cialized metrics to assess the quality of aspect and
topic detection will be used for evaluation;

4. Analytical and generalization stage. At this
stage, the results of the experiments will be analyzed,
patterns will be identified, and conclusions will be for-
mulated regarding the effectiveness of the developed
methods and models. The main advantages and limita-
tions of the proposed approaches, as well as directions
for further research, will be identified.

To implement the methods and conduct experi-
ments, modern tools and libraries for natural language
processing will be used, in particular: Python program-
ming language as the main language for implementing
algorithms and conducting experiments; libraries for
NLP: NLTK, spaCy, Transformers (Hugging Face),
Stanza; frameworks for machine learning: TensorFlow,
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PyTorch, Scikit-learn; tools for data analysis and visu-
alization: Pandas, NumPy, Matplotlib, Seaborn, Plotly
[11, 16, 22].

Both publicly available datasets (e.g. SemEval, Am-
azon Reviews, Yelp Dataset, IMDB) and data specifi-
cally collected and labeled for this study will be used
to evaluate the models.

As aresult of the tasks set, it is expected to obtain:
a set of methods and models for automated analysis of
user feedback, ensuring high accuracy of tonality clas-
sification, identification of aspects and topics, as well
as effective work with feedback in different languages;
recommendations for choosing optimal methods and
models for analyzing feedback in different domains and
with different requirements for accuracy, speed and
scalability; empirical data on the effectiveness of differ-
ent approaches to analyzing feedback on real data sets,
which can be used for further research in this area.
Thus, this study is aimed at solving the current scien-
tific problem of automating user feedback analysis and
has significant practical value for business. The tasks
set cover key aspects of this problem and are aimed at
creating an effective and practically oriented solution.

2. Materials and Methods

Methodological support for organizing research. Ef-
fective research in the field of automation of user review
analysis requires careful planning, a structured ap-
proach and the use of appropriate methodologies. This
section discusses the methodological aspects of organiz-
ing research, starting from data collection and prepara-
tion and ending with the evaluation of results and their
interpretation. Data quality is crucial for the success of
research in the field of review analysis. A methodological
approach to data collection and preparation involves the
implementation of a number of sequential stages, each
ofwhich has its own characteristics and requirements.
Collection of representative sets of user reviews can be
carried out from various sources, including commercial
platforms (Amazon, Yelp, Google Play), social networks
(Twitter, Facebook), specialized industry sites and in-
ternal feedback systems of companies. For research pur-
poses, it is advisable to use existing publicly available
datasets, such as: IMDB Large Movie Review Data-
set— 50,000 reviews of movies with tone labels; Amazon
Product Reviews — millions of user reviews of different
product categories; Yelp Dataset— reviews ofbusinesses
with ratings from 1to 5; SemEval ABSA Datasets —
tagged datasets for aspect-oriented sentiment analysis.
When collecting data yourself, it is important to adhere
to ethical and legal norms, obtaining the necessary per-
missions and ensuring the anonymization of personal
data. For automated data collection from web sources,
web scraping tools are used, taking into account the
access policies of the relevant platforms.

Preparing the collected data includes several key
steps:
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(lowercase conversion, standardizing the writing of
numbers, dates, and addresses). Particular attention
should be paid to specific elements of user feedback,
such as emoticons, acronyms, and slang, which often
carry important semantic load.

2. Data labeling. To train models with a teacher,
high-quality data labeling is required, which may in-
clude: sentiment labels (positive, negative, neutral);
highlighting aspects and the corresponding tone for
them; thematic labels. Labeling can be done manually
by qualified experts or using crowdsourcing platforms
such as Amazon Mechanical Turk or Toloka. To en-
sure the quality of the labeling, it is recommended to
use several independent experts for each review with
subsequent coordination of the results.

3. Stratification and balancing of data sets. To
ensure the representativeness of data sets, it is nec-
essary to take into account the distribution of class-
es, response lengths, data sources and other factors.
Imbalanced data sets can lead to model bias and de-
terioration of their generalization ability. To solve
the problem of imbalance, techniques can be used:
increasing the representation of rare classes through
duplication or generation of synthetic data; reducing
the representation of dominant classes; using weighted
loss functions when training models.

4. Data quality validation. This stage involves
checking the consistency of the markup, identifying
and resolving ambiguities, and assessing inter-expert
agreement using metrics such as Cohen’s kappa or
Fleiss’ kappa.

5. Developing and training models for feedback
analysis requires a systematic approach that takes
into account the specifics of the tasks and available
resources.

The methodical approach involves the sequential
implementation of the following stages.

The first stage involves selecting the basic model
architecture for a specific task. Several factors should
be considered when selecting a model: the nature of
the task (tonality classification, aspect detection, the-
matic modeling); the volume and quality of available
data; computational resources; processing time re-
guirements; the required level of interpretability of
results. In the case of limited computational resources
or strict performance requirements, it is advisable to
use compact models or classic machine learning algo-
rithms. With high accuracy requirements and the abil-
ity to use powerful computing equipment, preference
should be given to modern transformer architectures.

The next step involves splitting the data into train-
ing, validation, and test sets. Standard practice is to
split the data in a 70%/15%/15% or 80%/10%/10% ratio.
It is important to ensure that all samples are represen-
tative by stratifying them by key characteristics (class,
domain, data source). For small data sets, it is recom-
mended to use cross-validation with multiple folds to

1 Text cleaning and normalization. This stage inebtain more reliable estimates of model performance.

volves removing noise (HTML tags, special charac-
ters), correcting spelling errors, and normalizing text

The process of training and optimizing models in-
cludes: choosing a loss function according to the task
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(cross-entropy for classification, MSE for regression
tasks, specific loss functions for multi-task models);
choosing an optimizer and determining training pa-
rameters (batch size, learning rate, number of epochs);
regularization to prevent overtraining (L1/L2 regular-
ization, dropout, data augmentation); monitoring the
training process and early stopping when a plateau
is reached on the validation sample; searching for
optimal hyperparameters using grid search, random
search or Bayesian optimization.

To improve the quality of models, it is advisable
to use transfer learning techniques: the use of pre-
trained models (e.g., BERT, RoBERTa) with subse-
quent additional training on specific data; adapter
learning, which allows you to effectively adapt large
models to new domains with minimal computational
resources; multi-task learning to improve the gener-
alization ability of models.

Qualitative assessment and correct interpretation
of results are important components of the research
process. A methodological approach to assessing the
effectiveness of feedback analysis models involves the
use of a set of metrics adapted to specific tasks.

For tonality classification tasks, the main metrics
are: accuracy — the proportion of correctly classified
samples; precision — the proportion of correctly posi-
tively classified samples among all positively classified
samples; recall — the proportion of correctly positively
classified samples among all actually positive samples;
Fl-score — the harmonic mean of precision and recall.
In the case of unbalanced datasets, it is especially im-
portant to use Fl-score and macro-averaged metrics
that take into account the performance of the model
on all classes.

For aspect-oriented sentiment analysis, the evalu-
ation is carried out in two stages: assessment of the
quality of aspect detection (Fl-score for the sequential
labeling or named entity detection task); assessment
of the accuracy of sentiment classification with respect
to correctly detected aspects. Additionally, a combined
metric can be used that takes into account both the
correctness of aspect detection and the correctness of
sentiment determination.

Specific metrics are used for topic modeling tasks,
such as: topic coherence — a measure of the semantic
coherence of words in a topic; perplexity — a statistical
measure that reflects how well the model predicts new
data; topic diversity — a measure of the differences
between the detected topics.

When evaluating multilingual models, it is import-
ant to test across languages and verify the stability of
the model’s performance. It is advisable to use cross-
lingual test datasets that allow us to assess the model’s
ability to transfer knowledge between languages.

Interpretation of results should be done taking
into account the context of the study and the char-
acteristics of the data. It is important to analyze not
only quantitative metrics, but also qualitative anal-
ysis: studying model errors, classifying them and
identifying patterns; visualizing model activations to
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understand which parts of the text it pays attention
to; analyzing the level of confidence of the model in
its predictions; comparative analysis of the results of
different models on the same data sets.

To ensure the reliability of the results, it is recom-
mended to conduct statistical analysis: determining
the statistical significance of differences between mod-
els using the t-test, Wilcoxon test or bootstrapping;
analyzing the sensitivity of models to changes in data
and hyperparameters; checking the stability of results
on different data subsamples.

Effective research in the field of feedback analysis
requires the use of appropriate software and tools.
The main components of the technology stack are pro-
gramming languages, machine learning and natural
language processing libraries, and tools for data visu-
alization and analysis.

The recommended programming language for NLP
research is Python due to its simplicity, flexibility, and
rich ecosystem of libraries for data processing and
machine learning. Alternative options include R (espe-
cially for statistical analysis) and Java (for industrial
systems development).

For processing and analyzing text data, it is rec-
ommended to use the following libraries and tools:
NLTK, spaCy, and Stanza for basic text processing,
tokenization, lemmatization, and syntactic analysis;
scikit-learn for classic machine learning algorithms
and preprocessing tools; gensim for thematic modeling
and creating vector representations of words; PyTorch,
TensorFlow, or Keras for developing and training neu-
ral network models; Transformers (Hugging Face) for
working with transformer models.

For data analysis and visualization, the following
are recommended: pandas for manipulating structured
data; matplotlib, seaborn, plotly for creating visual-
izations; numpy for numerical calculations; scipy for
statistical analysis.

To ensure reproducibility of results and efficient
organization of experiments, it is recommended to use:
Weights & Biases, MLflow or TensorBoard for tracking
experiments and visualizing training metrics; Docker
or conda for creating isolated environments with all
necessary dependencies; Git for version control and
code storage; Jupyter Notebooks for interactive devel-
opment and documentation of experiments.

When developing industrial feedback analysis sys-
tems, the following can be additionally used:

Apache Kafka or RabbitMQ — for organizing
streaming data processing; Elasticsearch— for efficient
storage and search in text data; Redis — for caching
results and speeding up the system; Flask, FastAPI or
Django — for creating APIs and web interfaces.

Systematic organization and careful documentation
of experiments are necessary conditions for ensuring
the reliability and reproducibility of research results.
A methodical approach to organizing experiments in-
volves following a structured protocol.

Each experiment should have a clearly defined goal
and hypotheses to be tested. The documentation of
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the experiment should include: a description of the
input data (source, volume, characteristics, prepro-
cessing method); detailed information about the model
architecture and its hyperparameters; a description of
the learning process (loss function, optimizer, learn-
ing rate, number of epochs); evaluation results on the
validation and test sets for all relevant metrics; error
analysis and interpretation of the results; comparison
with baseline models and previous experiments.

To ensure reproducibility of results, the following
should be recorded: versions of all libraries and de-
pendencies used; configuration of the computing envi-
ronment; parameters of random number generators;
fixed-state data sets or their generation protocols.

It is recommended to conduct ablation studies to
determine the contribution of each component of the
model or method to the overall effectiveness. This helps
to better understand which aspects of the proposed
solution are most important.

For long-term studies, it is advisable to create
a model repository that stores trained models along
with all necessary meta-information. This allows you
to reuse models in new experiments, compare their
performance, and track research progress.

The developed methods and models of feedback
analysis have practical value only if they are success-
fully implemented into real business processes. The
methodology for implementing the research results
includes a number of sequential steps.

The first stage involves preparing the model for
deployment: optimizing the model to improve inference
efficiency (quantization, distillation, pruning); testing
the stability and reliability of the model on different
datasets; integrating the model with APIs and other
system components; developing mechanisms for mon-
itoring and updating the model.

At the stage of system deployment, it is necessary
to ensure: scalability — the system’s ability to process
variable amounts of data; resilience — the system'’s
ability to function in the event of errors and failures;
performance monitoring — tracking key system perfor-
mance metrics in real time; user feedback — collecting
information about the quality of the system’s operation
and identifying problems.

An important aspect of implementation is ensuring
that results are interpretable for end users: visualizing
key insights in a clear form; providing explanations
for the decisions made by the model; enabling detailed
analysis of results for business analysts; creating in-
tuitive dashboards to monitor trends and identify
anomalies.

To keep the system up to date, it is necessary to:
regularly update models using new data; track data
drift — changing characteristics of input data over
time; adapt models to new domains and languages;
and improve the system based on user feedback.

Methodological support for research in the field
of automation of user feedback analysis is a complex
process that covers all stages from data collection to
the implementation of results. The effectiveness of the
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study largely depends on the quality and representa-
tiveness of the data, the correct choice of models and
methods, the systematic organization of experiments,
and careful evaluation of the results.

The developed methodological recommendations
provide a structured approach to conducting research,
which allows obtaining reliable and reproducible re-
sults. Particular attention is paid to ensuring data
quality, choosing adequate assessment metrics, and
interpreting results in the context of specific business
tasks.

The application of the proposed methodological
support allows for effective organization of research
in the field of automation of user feedback analysis
and ensuring the successful implementation of the
developed models and methods into practice.

Automating user feedback analysis requires the
use of a wide range of natural language processing
methods and models. Over the past decades, this
area has undergone rapid development, moving from
simple statistical methods to complex neural network
architectures. Let's consider the evolution of these
approaches, their features and effectiveness in the
context of automating user feedback analysis.

Summarizing the analysis of approaches, methods,
and models for automating user feedback analysis,
several key conclusions can be drawn.

The current landscape of feedback analysis tech-
nologies is represented by a wide range of methods,
from simple dictionary approaches to complex neural
network architectures and large language models. The
choice of a particular method depends on many factors:
the volume and quality of available data, domain spec-
ificity, processing speed requirements, the required
level of accuracy and interpretability of the results.

Transformer models, especially the domain-specific
versions of BERT and RoBERTa, demonstrate the best
balance of accuracy, speed, and resource intensity for
most practical review analysis tasks. They provide
high accuracy in understanding context and language
nuances, which is critical for correctly interpreting
user reviews.

Large language models with few-shot training open
up new possibilities for rapidly deploying feedback
analysis systems in new domains and for new prod-
ucts. They are especially valuable in situations with
limited training data or when rapid adaptation to new
feedback types is required.

Aspect-based sentiment analysis is the most in-
formative approach for businesses, as it allows you to
gain a detailed understanding of the strengths and
weaknesses of products or services. The combination
of ABSA with topic and aspect detection methods pro-
vides the most complete picture of user feedback.

Multilingual models provide better results for
multilingual analysis compared to the “translation +
analysis” approach, especially when understanding
cultural and linguistic nuances is important. These
models are becoming increasingly important in a glo-
balized business environment.
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The optimal solution for most business problems
is a combination of different methods, which allows
to ensure high accuracy, efficiency and adaptability
of the feedback analysis system. This approach allows
to use the advantages of each method and minimize
their limitations.

Table 2 presents a comparison of the effectiveness
of different approaches for key feedback analysis tasks
based on recent research and benchmarks from 2023-
2025 (Table 2).

Successfully integrating feedback analytics into
business processes requires not only choosing the right
technology, but also understanding the business con-
text and needs of a particular organization. According
to McKinsey, companies that effectively use user feed-
back analytics demonstrate 15-20% higher customer
retention rates and 10-15% higher average revenue
per customer [8].

The most successful implementations of feedback
analytics are characterized by several key features.

First, they provide integration with existing sys-
tems such as CRM, customer support systems, and
analytics platforms. This allows you to combine data
from different sources and gain a comprehensive un-
derstanding of customer needs and problems.

Second, effective feedback analytics systems pro-
vide results in a clear and actionable format. They
don’'tjust generate statistical reports, they also high-
light specific issues that need attention and provide
recommendations for resolving them. This is especially
important for users who are not technically trained
but who make strategic decisions based on the anal-
ysis results.

Third, successful feedback analytics systems au-
tomate the full cycle — from collecting and analyzing
feedback to generating insights and recommendations.
This significantly reduces the time from receiving feed-
back to responding to it, which is critically important
in today’s fast-paced business environment.

Summarizing the analysis of approaches, methods,
and models for automating user feedback analysis,
several key conclusions can be drawn.

The modern landscape of review analysis tech-
nologies is represented by a wide range of methods,
from simple dictionary approaches to complex neural
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network architectures and large language models.
The choice of a specific method depends on many
factors: the volume and quality of available data,
domain specificity, processing speed requirements,
the required level of accuracy and interpretability of
results. Transformer models, especially specialized
domain versions of BERT and RoBERTa, demonstrate
the best ratio of accuracy, speed and resource intensi-
ty for most practical review analysis tasks. They pro-
vide high accuracy in understanding the context and
nuances of language, which is critical for the correct
interpretation of user reviews. Large language models
with few-shot training open up new opportunities for
the rapid implementation of review analysis systems
in new domains and for new products. They are es-
pecially valuable in situations with limited training
data or when it is necessary to quickly adapt to new
types of reviews. Aspect-oriented sentiment analy-
sis is the most informative approach for business, as
it allows you to get a detailed understanding of the
strengths and weaknesses of products or services.
The combination of ABSA with topic and aspect de-
tection methods provides the most complete picture
of user feedback.

Multilingual models provide better results for
multilingual analysis compared to the “translation +
analysis” approach, especially when understanding
cultural and linguistic nuances is important. These
models are becoming increasingly important in a glo-
balized business environment. The optimal solution for
most business problems is a combination of different
methods, which allows for high accuracy, efficiency
and adaptability of the feedback analysis system. This
approach allows you to use the advantages of each
method and minimize their limitations.

3. Results and Discussion

To comprehensively evaluate different methods of
automated user feedback analysis and verify theoreti-
cal results, a comprehensive experimental design was
developed, covering four key tasks: general sentiment
analysis, aspect-oriented sentiment analysis, theme
and aspect detection in reviews, and multilingual anal-
ysis. For each task, appropriate datasets, evaluation
methods, and models for comparison were selected.

Table 2

Comparison of the effectiveness of different approaches to key feedback tasks

Method Tonality Topic detec- Cross-lin- Speed The need for data Explainabil-
analysis (F1) tion (NMI) gualism (responses/sec) for learning ity
Dictionary 0.65-0.70 N/A Low 500-700 Minimum High
methods
ML with manual 0.75-0.85 0.50-0.65 Low 100-300 Medium Medium
features
CNN/RNN 0.82-0.88 0.60-0.70 Medium 50-100 High Low
BERT/RoBERTa 0.88-0.92 0.65-0.75 Medium-high 20-50 High Low-medium
LLM + Few-shot 0.90-0.95 0.70-0.80 High 5-15 Minimum Medium
Specialized 0.92-0.96 0.75-0.85 Medium-high 20-40 Medium-high Medium-high

models
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The following data sets were used in the experi-
mental study:

1. For general sentiment analysis: Amazon Product
Reviews (version 2024) — a subset of 500,000 reviews
on different product categories (electronics, books, cloth-
ing, home goods); Yelp Open Dataset (2023-2025) —
300,000 reviews on restaurants and services [3, 23];
IMDb Movie Reviews — 50,000 reviews on movies.

2. For aspect-oriented sentiment analysis: SemE-
val-2024 ABSA — a dataset with marked aspects and
corresponding sentiment; Restaurant Reviews Data-
set — a specialized set of 25,000 restaurant reviews
with aspect and sentiment markup; Tech Products
Reviews — 35,000 reviews of technical devices with
detailed aspect markup.

3. To identify themes and aspects: Hotel Reviews
Corpus — 200,000 hotel reviews for thematic model-
ing; AppStore Reviews — 150,000 mobile app reviews;
Product Discussion Forums — 100,000 texts from dis-
cussions of various products.

4. Formultilingual analysis: MultiLing Sentiment
Dataset — reviews in ten different languages (En-
glish, German, French, Spanish, Italian, Portuguese,
Russian, Chinese, Japanese, Arabic); Cross-lingual
E-commerce Reviews — a set of parallel reviews about
products in different languages.

To ensure objectivity and statistical significance
of the results, all experiments were conducted using
cross-validation (5-fold), and evaluation was performed
using a set of relevant metrics for each task.

Several approaches, ranging from classical machine
learning methods to modern transform models, were
implemented and evaluated to model the general sen-
timent analysis task. The task was to classify reviews
into three classes: positive, negative, and neutral.

The implemented models included:
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2. Classic ensemble models: Random Forest with
optimized hyperparameters; XGBoost with settings
for text classification.

3. Neural network models: BiLSTM with attention
mechanism; TextCNN with three convolutional layers
with different filter sizes (3, 4, 5).

4. Transformer models: BERT-base with full
pre-training; RoBERTa-base with full pre-training;
DistilBERT with full pre-training; Domain-adapted
BERT (pre-trained on feedback).

The model training process included searching for
optimal hyperparameters using Bayesian optimiza-
tion and cross-validation. For classical models, vec-
torization parameters (ngram_range, max_features)
and specific algorithm parameters were optimized.
For neural network models, the optimal embedding
dimension, number of hidden neurons, learning rate,
and regularization parameters were searched.

For transformer models, the impact of different
training strategies was investigated: full fine-tuning of
all layers; freezing of embedding layers and fine-tun-
ing only the upper layers; using adapters for efficient
fine-tuning; using different loss functions and opti-
mizers.

The models were evaluated using the following
metrics: Accuracy — overall classification accuracy;
Precision, Recall and F1-score separately for each
class and averaged; Macro-averaged F1-score to take
into account all classes regardless of their size; ROC-
AUC — for binary classifications (positive vs negative);
Training and inference time to assess computational
efficiency.

The results of experiments on the classification
of the tone of responses demonstrate a clear pattern:
transformer models significantly outperform classical
approaches in terms of accuracy, but require more com-

1 Baseline models: Naive Bayes with TF-IDF vecputational resources. Domain-adapted BERT showed

torization; SVM with linear kernel and Bag-of-Words
representation.

the highest efficiency with an average F1-score 0f0.93
on all datasets, which is 17 percentage points higher

Figure 2. Size and distribution of data sets used in the experimental study
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than that of the basic Naive Bayes (0.76). It is worth
paying special attention to the following observations:
domain-adapted BERT outperformed standard BERT
by 3 percentage points, which confirms the theoretical
conclusion about the importance of adapting models to
the specifics of the subject domain; trade-off between
accuracy and efficiency: DistilBERT demonstrated
only a slight decrease in accuracy compared to full
BERT (0.89 vs. 0.90), but at the same time provided
almost twice the inference speed (90 vs. 50 samples/
sec) and halfthe training time; scalability of solutions:
classical models, such as XGBoost, show a sufficiently
high accuracy (0.85) with significantly lower compu-
tational requirements, which makes them attractive
for applications where processing speed is critical or
computing resources are limited; impact of dataset
features: On the IMDb dataset, higher efficiency of
all models is observed compared to Yelp and Ama-
zon, which is explained by the longer length of re-
views and their thematic homogeneity. For a more
detailed analysis of model errors and understanding
their behavior on different types of responses, addi-
tional evaluation was conducted on a subsample of
1,000 randomly selected responses. The results of the
experiments on aspect-oriented sentiment analysis
demonstrate several important patterns: combined
models that simultaneously solve the problem of as-
pect detection and their sentiment classification show
better results compared to sequential approaches. The
RACL model demonstrated the highest performance
with an average ABSA Fl-score of 0.85, which is 9
percentage points higher than that of the basic se-
quential BILSTM-CRF + ATAE-LSTM model (0.76);
the performance of all models varies depending on
the data domain. The highest results are observed
for restaurant reviews, where the models achieve an
ABSA Fl-score ofup to 0.86, while for reviews of tech-
nical products this figure is lower (up to 0.84). This
can be explained by the greater complexity and diver-
sity of aspects in technical products; analysis of the
performance of models for different aspect categories
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revealed significant differences. The highest accuracy
of all models is demonstrated for aspects that are fre-
quently found in reviews (e.g., “Food” in restaurant
reviews with an Fl-score of up to 0.88). In contrast,
rare aspects or those with high detection complexity;
similarly, to the general sentiment analysis task, more
complex models demonstrate higher accuracy at the
expense of higher computational requirements. The
RACL model, which has the highest accuracy, also has
the largest size (750 MB) and the longest inference
time (35 ms per sample); the impact on the different
stages of ABSA. It is interesting to note that the im-
provement when moving from sequential to combined
models is most noticeable in the combined F1 metric of
ABSA. This suggests that the combined models more
effectively exploit the relationship between the tasks
of detecting aspects and determining their sentiment.
An analysis of typical errors made by the ABSA model
was also conducted. The following types of errors are
most common: incorrect definition of aspect boundar-
ies (especially in the case of complex noun phrases);
omission of implicit aspects; incorrect determination
of tone in cases with multiple aspects and mixed tone;
difficulties with determining tone in cases with iro-
ny, comparisons or conditional statements. Federated
models, especially RACL, demonstrate a better ability
to cope with these challenges through joint learning
for interrelated tasks and the use of attentional mech-
anisms to account for context.

To ensure the validity of measurements and the ob-
jectivity of model evaluation, an analysis of the corre-
spondence of the selected metrics to the research tasks
was conducted. The F1 measure, as a harmonic mean
of precision and recall, provides a balanced assess-
ment of classification models, especially in conditions
of class imbalance. The macro-averaged F1 measure,
which gives equal weight to all classes regardless of
their size, was used as the main metric to ensure the
objectivity of the assessment. For aspect-oriented to-
nality analysis, a combined metric was used that takes
into account both the accuracy of aspect detection and

Figure 3. Comprehensive analysis of the effectiveness of models for the task of general analysis of the tone of responses
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Table 3

Comparison of data set characteristics with real user feedback

Characteristic Experiment datasets

60% / 25% / 15% (positive/
negative/neutral)

Class distribution

Average response length 75 words
Lexical diversity 0.32
Share of reviews with 22%
emoticons
Share of reviews with 35%

spelling errors

Domain coverage 5 main domains

the correctness of determining their tonality. This
metric better reflects the practical value of models
than separate metrics for each stage. Additionally,
for a comprehensive assessment of models, metrics
of the efficiency of the use of computational resources
(training time, inference time, memory usage), which
are of critical importance for practical application,
were used. An important aspect of the adequacy of
an experimental study is the consistency of the ob-
tained results with theoretical predictions and data
available in the literature. The experimental results
confirm the theoretical provisions set out in section
2, in particular: the advantage of transformer models
over classical approaches in natural language under-
standing tasks is confirmed experimentally (Fl-score
0.93 versus 0.76); the effectiveness of domain adapta-
tion to improve the results of analysis of specific texts
is confirmed by higher indicators of domain-adapted
BERT compared to the standard one; the theoretical
assumption about the advantage of combined models
over sequential ones for aspect-oriented sentiment
analysis is confirmed experimentally (Fl-score ABSA
0.85 versus 0.76); the dependence of the efficiency of
the models on the amount of training data is consis-
tent with theoretical predictions — transformer mod-
els demonstrate greater sensitivity to the amount of
data compared to classical approaches. To validate the
consistency with existing studies, a comparison of the
obtained results with those published in the scientific
literature was conducted. The results of BERT and
RoBERTa for tonality classification (0.90-0.92) are
consistent with those obtained by other researchers on
similar datasets (0.89-0.93) [31]. Similarly, the perfor-
mance of the combined models for ABSA (0.84-0.86) is
consistent with the results published in recent studies
(0.82-0.87). To objectively assess the adequacy of the
experimental study, it is necessary to recognize its lim-
itations and analyze their impact on the reliability and
generalizability of the results. The main limitations of
the study include: domain limitations — although the
study covers several important domains (electronics,
restaurants, movies, hotels), a number of specific areas
(healthcare, education, financial products) remained
uncovered; language limitations — despite the inclu-
sion of 10 languages in the multilingual experiment,
the features of some rare languages and dialects were

Real user reviews

Representativeness assessment

58% / 27% / 15% High
68 words High
0.29 Medium-high
25% High
42% Medium
Multiple domains Medium-high

not taken into account; computational resource lim-
itations — for the largest transformative models (e.g.,
RoBERTa-large), it was not possible to conduct a full
cycle of hyperparameter optimization due to the lim-
itations of available computational resources; concen-
tration on textual data— the study does not consider
multimodal reviews that include images or videos,
which are becoming increasingly common in modern
digital platforms. To assess the impact of these lim-
itations on the reliability of the results, a series of
additional experiments were conducted on smaller
samples with different data configurations. The re-
sults show that the identified patterns are preserved
when the data composition changes, which indicates
the stability and generalizability of the conclusions
obtained. The adequacy of the experimental study was
also assessed in terms of the practical applicability of
the obtained results for solving real business problems.
To assess the practical applicability, a pilot review
analysis system based on domain-adapted BERT and
the RACL model was developed and tested on real data
from one of the e-commerce platforms. The system
demonstrated the ability to effectively analyze user
reviews, identify problematic aspects of products, and
track changes in user sentiment over time. A com-
parison of the automated analysis with the manual
analysis conducted by a group of experts on a sample
of 500 reviews showed high consistency of the results
(Cohen’s kappa = 0.82 for sentiment classification
and 0.79 for aspect detection). At the same time, the
automated system processed reviews 120-150 times
faster, which confirms its practical value. In addition,
a survey of potential users of the system (product man-
agers, marketers, analysts) was conducted to assess
the usefulness of the analysis results. 87% of respon-
dents noted that automated review analysis provides
valuable insights for making decisions about product
improvement. Based on a comprehensive analysis of
statistical reliability, data representativeness, metric
validity, and compliance with theoretical predictions,
it can be concluded that the conducted experimental
study is highly adequate for solving the tasks set. The
main factors confirming the adequacy of the study
are: the use of a comprehensive set of statistical meth-
ods to ensure the reliability of the results; the use of
representative data sets that reflect the diversity of
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real user feedback; the selection of appropriate eval-
uation metrics that take into account all aspects of
the effectiveness of the models; the consistency of the
experimental results with theoretical predictions and
existing research; successful pilot implementation,
which confirms the practical applicability of the de-
veloped models. The identified limitations of the study
do not reduce its overall adequacy, but identify areas
for further research and improvements. Thus, the con-
ducted experimental study is adequate for assessing
the effectiveness of various methods of automating
user feedback analysis and developing practical rec-
ommendations for their implementation.
Conclusions. The conducted research on the ap-
plication of natural language processing to automate
the analysis of user feedback allowed us to obtain
a comprehensive understanding of the effectiveness,
advantages and limitations of various NLP methods
and models in solving this problem. As a result of the
research, all the goals and tasks were achieved, which
allowed us to formulate the following conclusions: the
analysis of the current state of the problem confirmed
the critical importance of automating the analysis of
user feedback in the context of the constant growth of
text data volumes; traditional manual analysis faces
fundamental limitations associated with time costs,
subjectivity of assessments and the inability to effec-
tively process large data sets; these limitations are es-
pecially acute in the context of business globalization,
when companies receive feedback in different languag-
es and from different sources. Theoretical research on
natural language processing methods has demonstrat-
ed the evolution of approaches to text analysis — from
simple dictionary methods to complex transformer
architectures. Each of these approaches has its own ad-
vantages and limitations, and the choice of a particular
method depends on the specifics of the task, available
computational resources, and requirements for accu-
racy and speed of analysis. Based on experimental
research, it was found that transformer models, in
particular domain-adapted BERT, provide the highest
accuracy for analyzing the tone of responses (Fl-score
up to 0.93), significantly outperforming classical meth-
ods such as Naive Bayes (Fl-score 0.76) and XGBoost
(Fl-score 0.85). At the same time, compact versions of
transformers, such as DistilBERT, demonstrate only
a slight decrease in accuracy (0.89 vs. 0.90) at twice the
inference speed, which makes them attractive for prac-
tical application. In the field of aspect-oriented tone
analysis, combined models that simultaneously solve
the task of detecting aspects and classifying their tone
have shown a significant advantage over sequential ap-
proaches. The RACL model demonstrated the highest
performance with an average ABSA Fl-score of 0.85,
which is 9 percentage points higher than the baseline
sequential BiLSTM-CRF + ATAE-LSTM model (0.76).
It was found that the performance of all models signifi-
cantly depends on the domain specificity and the qual-
ity of data preprocessing. Domain adaptation and ad-
ditional training on specific data corpora significantly
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increase the accuracy of the analysis, especially for
specialized industries with their own terminology. The
study confirmed that multilingual models, such as
XLM-RoBERTa, provide effective analysis of reviews
in different languages without significant loss of accu-
racy compared to models trained for specific languages.
This is of particular importance for global companies
operating in different markets and receiving reviews
in many languages. Statistical validation of the results
using cross-validation, bootstrapping, and t-tests con-
firmed the reliability and statistical significance of the
results obtained. The 95% confidence intervals for the
Fl-metric of the transformer models are within £1.5%,
which indicates high stability of the results. The de-
veloped pilot system of automated feedback analysis
demonstrated high consistency with manual analysis
by experts (Cohen’s kappa = 0.82 for tone classification
and 0.79 for aspect detection) at a significantly high-
er processing speed (120-150 times), which confirms
the practical applicability of the proposed solutions.
A survey of potential users of the system revealed that
the most valuable functions of automated feedback
analysis are the identification of critical problems (95%
of respondents) and the identification of key aspects
of products (92% of respondents), which emphasizes
the practical significance of the research results. De-
spite the high efficiency, the developed methods have
some limitations related to the difficulties of analyzing
irony and sarcasm, the difficulties of processing infor-
mal vocabulary, and the dependence on the quality
of training data. These aspects determine the direc-
tions for further research. The cost-effectiveness of
implementing automated feedback analysis systems
is confirmed by a significant reduction in the time and
human resources required to process feedback, as well
as an increase in the quality of the insights obtained,
which allows companies to make more informed de-
cisions on the development of products and services.
The practical significance of the results obtained lies
in the possibility of using them to create effective au-
tomated user feedback analysis systems that can be
integrated into the business processes of companies
of various scales and industries. Such systems allow
not only to reduce the cost of analyzing feedback, but
also to obtain deeper and more objective insights into
the perception of products and services by users, to
identify hidden trends and patterns, and to respond
promptly to critical problems. Further research can be
aimed at developing methods for analyzing multimodal
feedback, which include not only text, but also images
and videos, improving irony and sarcasm recognition
algorithms, and creating more effective models for
low-resource languages. Another promising direction is
the development of methods for generating automatic
recommendations for improving products based on the
analysis of user feedback. Thus, the research makes
a significant contribution to the development of meth-
ods for automating the analysis of user feedback based
on natural language processing and creates a basis for
further improvement of such systems.
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3ACTOCYBAHHA MPNPOAOHOI
MOBHOIT OBPOBKW 4/1A ABTOMATU3ALIT
AHANI3Y BIATYKIB KOPNCTYBAUYIB

AHOTauiAa. MeTol nNpeacTaB/eHOT cTAaT Ti € A0CNIA>KEHHS 3aCTOCYyBaHHSA W TYYHOro iHTe/NleKTY B aBTO0-
MaTM30BaHUX CUCTEMAax yrnpasaiHHA PiHAHCOBMMU PU3NKaMU 415 MiABULLEHHS TOYHOCTi, oNepaTUBHOCTI
Ta epeKTUBHOCTI NPUAHAT T A yNnpaBniHCbKUX pilleHb y dpiHAHCOBIN cdepi. Jocnig>KeHHA Nonsraey KoMr-
NIEKCHOMY BMBYEHHI TEOpPeTUYHUX | METOANYHMUX OCHOB 3aCTOCYBaHHS LUTYYHOro iHTEeNeKTY B cUCTEMaAXx
ynpaBniHHA, aHani3dy cydacHuX NigxofiB Ao Knacndikauii Ta ouiHKM QiHaHCOBMX PU3NKIB i3 BUKOPUC T aHHAM
anropyuTMIiB MaWNHHOINO HaBYaHHSA, (GopMyBaHHI apXiTeKTypu CUCTEMU NIJTPUMKN NPUAHAT TS PilleHb
Ha OCHOBI MOJesiell NPOrHO3yBaHHSA, a TaKo>K OUiHLi edeKTUBHOCT i N0byaoBaHUX Mogenein 3a pesynbTaTamu
CUMYALIAHOTO MOZE/IOBAHHS. Y Me>Xax MpoBeAeHOro A0CiA>KeHHS po3p06/1eH0 MoAelb MPOrHO3yBaHHS KpeanT -
HOr0 PU3MKY KNiEHTIB 6aHKy, Ka A03BOJISIE 34iACHIOBAT M OLIHKY M/1aTOCMPOMO>KHOCT i Ha OCHOBI iCTOPUYHUX
JAaHUX Ta cydacHUX MeTOofiB MallMHHOIO HaBYaHHA. MeTo40M [OCMiA>KEHHS € MOJe/II0BaHHS 3a A0MOMOro
iIHCTPYMEHTIB MalUMHHOI0 HaBYaHHs, 30KpeMa HeMPOHHNX MepeXK | MeT0jiB aHcamMb/1eBOro Has4aHHs (Random
Forest), a Tako>X aHaslidyBaHHA AaHUX i3 BUKOPUCTaHHAM naaTopm An4 BisyanizauiipesynbTaTiB i OLiHKMK
edpeKTUBHOCTI Mogenenn. Ocobnuvey yBary npugisieHo NigroToBLi AaHMX, BUOOPY peneBaH THUX 03HAK, OLiHLi
TOYHOCTIi Mogenein Ta nobyfoBi iIHTepnpeToBaHUX Bidyasnisauin, Takux sk SHAP-rpagikmn, ROC-KpuBi ToLl.
Pe3ynbTaTOoM NpoBefeHOro JOCNIAXKEHHS CT a0 CTBOPEHHS ecpeK TUBHOT MOAesi MPOrHO3yBaHHS KpPeauTHOro
pU3NKY, iKa JEMOHCT PYe 4OCTaTHbO BUCOKWUI piBeHb TOYHOCT i Knacudikauil Ta 3gaTHICTb 40 aganTayii npu
3MiHi BXigHUX yMOB. MpaKTn4YHe 3Ha4YeHHS JOCMIAXKEHHS NONAraey Mo>K/IMBOCT i BNPOBaA>KEHHS po3pob6eHoT
MogAesli A0 iCHYHuUYMX aBTOMaTU30BaHNX CUCTEM yrpaB/liHHA GiHAHCOBMMU pn3nkKamm 6aHKIBCbKNX YyCTaHoB, L0
[03BO/INTb 3MEHLWIMNTU PiBEHb KPEAU T HUX BTpPAT, NiABUWM TN PiHAHCOBY CTabiNbHICTb i 3a6e3rneunTu 6inbLu
TOYHe yrpaB/liHHSA pusnkamn. Takuii Nigxig cnpusie po3BUTKY iHTeNeKTyaslbHUX PiHAHCOBUX CUCTEM, MifBU-
LEHHI0 PiBHA aBTOMaTmM3aLilynpaBaiHCbKMX pilleHb Ta 3MiLHEHHIO KOHKYPEH T O0CMIPOMO>XKHOCT i DiHAHCOBUX
YCTaHOB Yy Cy4acHUX PUHKOBUX yMOBaXx.

Ko4oBi coBa: WTyyYHUI iHTeneKT, (DiHAHCOBI PU3NKWN, MalUMHHE HAaBYaHHS, KpeanTHUN PU3NK, Helr-
POHHI MepeXKi, aBToMaTKn3oBaHa cMcTemMa ynpas/iiHHSA, NPOrHo3yBaHHsA, Knacudikauis.
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