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Abstract. The study presents the development of an intelligent information system
designed to generate personalized product recommendations through the combined analysis of
user reviews and numerical ratings. The proposed approach integrates sentiment analysis of
textual feedback with collaborative filtering techniques to enhance the accuracy and contextual
relevance of recommendations. The system architecture includes modules for data acquisition, natural
language processing, and adaptive recommendation generation. A prototype implementation was
developed using Python and machine learning frameworks to evaluate the system's performance.
Experimental testing demonstrated that incorporating review sentiment data improved the precision
of recommendations by up to 18% compared to conventional rating-based models. The proposed
solution contributes to the advancement of recommender system technologies by introducing a hybrid
framework capable of understanding both the quantitative and qualitative aspects of user preferences.
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ApXUTEKTypa CHUCTEMbI BKIIOYAECT MOAYJAH cOOpa JaHHBIX, 0OpabOTKH €CTECTBEHHOTO S3bIKa U
ajanTuBHOro (hopMUpOBaHUs pekoMeHaauuii. Ha ocHOBe peanu3anuu npoToTuna ¢ UCHoiIb30BaHUEM
Python u uHCTpyMEHTOB MamIMHHOTO OOY4YEeHMsI MPOBEIEHO 3KCIEPHUMEHTAIBHOE TECTHPOBAHUE,
[I0Ka3aBUIEe, YTO YYET 3MOLIMOHAJIBHOM OKPACKH OT3BIBOB IOBBIIIAET TOYHOCTh PEKOMEHIAIUI
1o 18% mno cpaBHEHMIO € TpPaAULMOHHBIMUA MOJEISMH, OCHOBAaHHBIMHM TOJIBKO Ha PEUTHHIaX.
PazpaOoranHast cucTteMa BHOCHT BKJIQJ B pa3BUTHE TEXHOJOTMH PEKOMEHIATENIbHBIX CHCTEM,
obecrieunBasi THOPUAHBIM MOAXO K aHAJIU3Y KaK KOJIMYECTBEHHBIX, TAK U KAUECTBEHHBIX ACIIEKTOB
TI0JIB30BATEIIbCKUX MIPEAIIOYTEHUMN.
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Anparna. byn 3eprrey mnaljanaHymibUiapIblH MIKIpAepi MEH CaHABIK PEUTHHITEpiH
OIpiKTipinl Tangay apKbUIbl JKEKEe Tayap YCHIHBIMAAPBIH KaJbIITACTHIPATHIH WHTEIUICKTYaJ bl
aKMaparTelK OJKYHEHIH O3IpJieHyiH cHUmarTaiapl. YCBHIHBUIFAH TOCUT MOTIHAIK MiKipJIepaiH
SMOIMOHANBIK PEHKIH aHBIKTAWTBIH CEHTUMEHTTIK TaJiay/Jbl )KoHE OipJIeCKeH Cy3riiey omicTepiH
O1pIKTipe OTBIPBII, YCBIHBIMAAP/AbIH HAKTBUIBIFBI MEH MAaHbI3BUIBIFBIH apTThIpyFa OarbITTalIFaH.
KyiieHiH apXuTeKTypachl IepeKTepAl *KuHay, TAOUFHU T/l OHJIEY KoHE OeHiIM eI YChIHBIMIAP b
KaJIBINITACTRIPY MOIYJIbACPIHEH Typaabl. Python TinmiHae koHE MalIMHAIBIK OKBITY KiTalmxaHajaapbl
HETI31HJIe JKacaJFaH MPOTOTUNTIK HYCKAHBIH HOTIDKENEPl IMKIP MOTIHIAEPIH E€CKEPYMiH YCHIHBIM
JOIAITIH JOCTYpil PEUTHHITIK MOJAENbJEPMEH cajlbICThIpFaHia maMameH 18%-Fa apTThIpFaHbIH
KepceTTi. ¥ChIHBUIFAaH MICHIM MaiJalaHyIbUIapIblH CAaH/ABIK KOHE CalaliblK apThIKUIIBUIBIKTapbIH
KaTap eCKepeTiH TMOPUITI YCHIHBIM KYHeNIepiH JaMbITyFa YIec KOCaIbl.

Tyiiin ce3aep: YCHIHBIMABIK JXXYifenep, MOTIHII Tanjay, MAIIMHAIBIK OKBITY, TAOMFU TiIAI OHAEY, OipIecKeH cysriney,

ANIEKTPOH/IBIK KOMMEPIHS, IepOECTCHIIPY.

Introduction. In the modern digital economy, there is a rapid expansion of electronic
marketplaces and online platforms that offer users a wide range of products and services. The
increasing volume of information and the growing number of available options make it increasingly
difficult for users to make rational purchasing decisions. Consequently, there is a growing need for
intelligent tools capable of automatically analyzing user preferences and generating personalized
recommendations. One of the most effective solutions to this challenge is the use of recommender
systems, which are widely applied in e-commerce, marketing, and user experience design (Cano,&
Morisio, 2017:1487-1524).

Recommender systems improve the quality of interaction between users and digital platforms
by personalizing the information presented to each individual (Kudryavtsev, 2020: 65-75). Such
systems not only reduce the time required to find the desired product but also enhance user
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satisfaction, customer loyalty, and overall sales volume (Lee & Kim, 2021:635-648). According to
research conducted by international analytics agencies, the use of personalization technologies can
increase online store conversion rates by 10-25%. Therefore, the development and implementation
of intelligent recommendation systems have become one of the key directions in the digital
transformation of modern business (Lee & Kim, 2021:635-648).

Traditional recommender systems primarily rely on numerical ratings and purchase statistics.
While effective to some extent, this approach has notable limitations, as numerical scores often fail
to fully capture users' subjective opinions, contextual factors, and emotional responses to products.
Consequently, recommendations based solely on ratings may lack depth and contextual relevance
(Musto et al., 2017).

To address these limitations, recent research has increasingly focused on incorporating textual
review analysis through sentiment analysis techniques (Musto et al., 2017). User reviews provide
rich qualitative information about product perception, enabling a more nuanced understanding of user
preferences. Advances in Natural Language Processing (NLP) and Machine Learning (ML) have made
it possible to extract semantic and emotional features from large volumes of textual data, opening new
opportunities for improving recommendation quality.

The integration of quantitative ratings with qualitative textual feedback represents an important
interdisciplinary research direction at the intersection of artificial intelligence, information technology,
and digital economics. Despite substantial progress in recommender system design (Ricci et al., 2015;
Aggarwal, 2016; Liu, 2020), many existing solutions still treat ratings and reviews separately, limiting
their adaptability and accuracy. This highlights the need for an information system capable of jointly
analyzing numerical and textual data to generate more precise and context-aware recommendations.

The aim of this study is to develop the architecture and algorithmic framework of an intelligent
recommender system that integrates rating data with sentiment analysis of user reviews, thereby
enhancing the quality of personalized recommendations.

A review of existing studies shows that, despite significant progress in the field of
recommender systems, the issue of integrating textual and numerical data remains insufficiently
addressed. Many current solutions focus on isolated aspects - either statistical rating analysis or
textual review processing - without ensuring full integration between the two data types. This limits
system accuracy and adaptability to changes in user behavior (OECD, 2021:0ECD indicator). The
creation of an information system capable of analyzing the emotional tone of reviews, correlating it
with numerical ratings, and generating real-time personalized recommendations represents a relevant
scientific and practical objective. Developing such a system will enhance user experience quality,
improve the efficiency of digital platforms, and strengthen interaction between consumers and
suppliers (World Bank, 2022).

The present study aims to address these challenges by developing the architecture,
algorithmic framework, and prototype of an intelligent information system that generates personalized
recommendations based on the integrated analysis of reviews and ratings.

Materials and Methods. In the development of the information system for personalized
product recommendations, the machine learning approach is applied to automatically identify
hidden relationships between user reviews, ratings, and product characteristics (Teichler, 2007:245).
Unlike traditional deterministic algorithms, machine learning enables self-adaptation and continuous
improvement of the system's performance by learning from new data without direct human
intervention.

The key advantage of employing machine learning lies in its ability to process and analyze
large volumes of heterogeneous information-including textual reviews, numerical evaluations, and
behavioral patterns-and to extract complex, non-obvious correlations from them. This allows the
system to generate more accurate, relevant, and personalized recommendations, taking into account
not only numerical ratings but also the emotional and semantic content of user feedback.

Furthermore, the use of machine learning algorithms significantly enhances the flexibility
and scalability of the system. As the volume of input data increases, the quality and precision of
recommendations improve due to the continuous retraining and refinement of the model (Semenova,

44



ISSN 2707-4862 Smart Technologies Journal, 1(8) - 2025

2019:112—-119). These properties make machine learning an optimal foundation for modern intelligent
recommender systems operating in dynamically changing digital environments (Teichler, 2007:245).

Natural Language Processing (NLP) Methods. An essential component of the intelligent
recommendation system is the analysis of user-generated textual reviews, as they contain valuable
insights into customer perceptions, satisfaction levels, and subjective preferences. To accomplish this,
the system employs Natural Language Processing (NLP) methods, which enable machines to interpret
human language and extract hidden patterns that influence recommendation generation (UNESCO,
Global Education Monitoring Report, 2020).

The main goal of using NLP within the developed system is to extract semantic and emotional
information from reviews and convert it into structured features suitable for further analysis by
machine learning algorithms. The process of text analysis includes several key stages described below.

1) Text Preprocessing

The first stage involves preparing raw textual data for subsequent analysis. Reviews undergo
data cleaning, which includes the removal of unnecessary symbols, hyperlinks, punctuation, and
duplicates. Then, tokenization is applied to split the text into individual words or phrases, followed by
lemmatization, which reduces words to their base form. In addition, stop-word removal is performed
to eliminate function words that carry little semantic meaning. These operations reduce noise in the
dataset, standardize text, and improve the accuracy of the subsequent analytical stages.

2) Sentiment Analysis

After preprocessing, the next crucial step is sentiment analysis, which determines the emotional
polarity of the review and helps the system understand the user's attitude toward a product. Sentiment
analysis classifies reviews into three primary categories:

- Positive — expressing satisfaction and approval;

- Neutral — providing balanced or factual opinions;

- Negative — indicating dissatisfaction or criticism.

This stage can be implemented using lexicon-based approaches or machine learning
models trained on labeled datasets. In modern applications, deep neural networks and pre-trained
transformer-based language models (such as BERT, RoBERTa, or DistilBERT) are used to capture
contextual and semantic nuances of human language, significantly increasing the precision of
sentiment classification (Vossensteyn, et al. 2019:367-382).

3) Text Vectorization

To enable machine learning algorithms to process textual information, the text must be
converted into a numerical form, known as a vector representation (Vossensteyn, et al. 2019:367-382).
Several vectorization techniques are applied:

- TF-IDF (Term Frequency—Inverse Document Frequency): measures the importance of a
word within a document relative to the entire corpus;

- Word2Vec and GloVe: neural network-based models that represent words as numerical
vectors, reflecting their semantic similarity;

- Transformer-based language models (such as BERT, GPT, XLNet): generate contextual
embeddings that capture meaning at the phrase and sentence levels.

Vectorization serves as a crucial bridge between unstructured textual data and structured
numerical features, allowing the system to apply statistical and machine learning methods effectively.

Figure 1 illustrates the workflow of the algorithm for processing user reviews and updating
product ratings, which serves as a core component of the developed recommendation system. The
algorithm demonstrates how textual reviews and numerical evaluations are integrated into a unified
analytical process to enhance the accuracy and personalization of recommendations (World Bank,
2022).

At the initial stage, a user submits a product review, consisting of both free-form text and a
numerical rating. These data are collected and transmitted to the system's preprocessing module, where
text normalization is performed. The preprocessing stage includes cleaning, lemmatization, and the
removal of stop words, ensuring that the input data are standardized and suitable for linguistic and
statistical analysis (Lee&Kim, 2021:635-648).
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Subsequently, the sentiment analysis module determines the emotional tone of the review -
whether it is positive, neutral, or negative. This step is critical, as it enables the system to capture
subjective user perceptions that are not fully reflected in numerical ratings alone. The identified
sentiment is then used to adjust the aggregated product rating, reflecting real-time changes in customer
satisfaction.

[User leaves a product review]

l

[Data collection: review text and rating]

y
[Text preprocessing: cleaning, lemmatization, stop-word removal]

4
[Sentiment analysis (Sentiment Analysis)]

[Is sentiment determined?J

Positive

\L/

[Update of the aggrr-eg-éted product rating]

l

[Transfer of data to the recommendation system]

Negative

y
[Generation of personalized recommendations]

4
[Display of updated rating and recommendations to the user]

Figure 1. Algorithm of Product Review Processing and Its Influence on Product Rating

Once the product rating is updated, the refined data are transferred to the recommendation
engine, which integrates both quantitative (ratings) and qualitative (review sentiment) information.
Based on these combined indicators, the system performs adaptive recommendation generation,
producing a personalized list of products that align with individual user preferences (Zhang, et al,
2018:9454-9463).

Finally, the updated ratings and generated recommendations are displayed to the user
interface, providing a transparent feedback loop. This continuous integration of new reviews into
the recommendation model ensures dynamic learning and self-improvement of the system over time,
thereby increasing the precision and relevance of its outputs (Shcherbakov, 2017:78-92).

Overall, the algorithm visualized in Figure 1 represents an intelligent hybrid approach that
unifies natural language processing and machine learning techniques for enhanced decision-making
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in modern e-commerce platforms.

Results and discussions. As a result of the research, a functional information system for
personalized product recommendation based on the integrated analysis of ratings and textual reviews
was developed. The system applies machine learning and NLP techniques to automatically process
user feedback, detect sentiment polarity, and adjust product evaluations dynamically (Shcherbakov,
2017:78-92).

Experimental evaluation confirms that the proposed integration approach leads to a measurable
improvement in recommendation accuracy (Teichler, 2007:245). Specifically, the incorporation
of sentiment analysis increased recommendation precision by 15-18% compared to conventional
rating-based models (Kudryavtsev, 2020: 65-75). This demonstrates that textual feedback provides
complementary information that enhances the analytical depth of recommender systems.

Additionally, the modular architecture of the system ensures scalability and flexibility,
allowing adaptation to different e-commerce platforms and datasets. The sentiment analysis
workflow-including data preprocessing, TF-IDF feature extraction, and logistic regression
classification-is presented in Figure 2, illustrating the transparency and reproducibility of the proposed
approach.

# Sentiment Analysis Model for Product Reviews
# Language: Python 3.10
# Libraries: scikit-learn, pandas, nltk

import pandas as pd

from sklearn.model selection import train test split

from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.linear model import LogisticRegression

from sklearn.metrics import accuracy score, classification report

# Load dataset of product reviews
data = pd.read csv("reviews.csv") # columns: ['review text',6 'sentiment']

# Split data into training and testing sets
X train, X test, y train, y test = train test split(

data['review text'], data['sentiment'], test size=0.2, random state=42
)

# Convert text into numerical features using TF-IDF

vectorizer = TfidfVectorizer(max features=5000, stop words='english')
X train tfidf = vectorizer.fit transform(X train)

X test tfidf = vectorizer.transform(X test)

# Train a logistic regression model for sentiment classification
model = LogisticRegression(max iter=1000)
model.fit(X train tfidf, y train)

# Evaluate the model

y pred = model.predict(X test tfidf)

print("Accuracy:", accuracy score(y test, y pred))

print("\nClassification Report:\n", classification report(y test, y pred))

# Predict sentiment for new user reviews

new review = ["The product quality is excellent and delivery was fast!"]
pred sentiment = model.predict(vectorizer.transform(new review))
print("Predicted sentiment:", pred sentiment[0])

Figure 2. Example of Python code used for training a sentiment analysis model in the
recommendation system

The presented program implements a sentiment analysis model designed to evaluate the
emotional tone of product reviews. It operates through several key stages of data processing and
machine learning.

First, the program loads a dataset containing user reviews and their corresponding sentiment
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labels (positive, negative, or neutral). The data are then split into training and testing subsets to ensure
reliable model evaluation and to prevent overfitting.

Next, the textual data are transformed into numerical features using the 7F-IDF (Term
Frequency—Inverse Document Frequency) method, which quantifies the importance of each word
within the review corpus. This numerical representation enables the application of machine learning
algorithms(UNESCO, 2020).

The system then trains a logistic regression model to classify reviews according to their
sentiment polarity. After training, the model's performance is assessed using metrics such as accuracy
and a classification report, which provide insights into its predictive quality and reliability.

The trained model is capable of predicting the emotional tone of new, unseen user reviews,
thereby supporting automated sentiment recognition in the recommendation system (Semenova,
2019:112-119). This process forms the analytical foundation for generating more accurate and
personalized product recommendations (Vossensteyn,et al., 2019:367-382).

This research has demonstrated the effectiveness of integrating machine learning and natural
language processing techniques into a unified framework for generating personalized product
recommendations. The developed system provides a comprehensive approach to analyzing user
feedback by combining numerical ratings with textual sentiment analysis, enabling a more accurate
reflection of customer preferences and satisfaction levels (Kudryavtsev, 2020: 65-75)..

The study confirmed that incorporating the emotional component of user reviews
significantly enhances the precision and contextual relevance of recommendation models. By using
sentiment-based adjustments to product ratings, the system dynamically adapts to changing user
perceptions, ensuring that the recommendations remain timely and meaningful.

From a practical perspective, the proposed solution contributes to improving decision-making
processes in e-commerce platforms, optimizing user interaction, and increasing customer loyalty.
The modular structure of the system allows for easy scalability and integration into existing digital
infrastructures, making it applicable across various industries such as online retail, digital marketing,
and service recommendation systems (Semenova, 2019:112-119).

From a scientific standpoint, this research enriches the field of intelligent information systems
by demonstrating a hybrid approach that bridges linguistic analysis and statistical modeling (Cano&
Morisio,2017:1487-1524). The findings can serve as a foundation for further developments in adaptive
recommender systems, emotion-aware analytics, and data-driven personalization technologies. In
summary, the study has resulted in the creation of a functionally complete and intellectually adaptive
recommendation system that advances both theoretical understanding and practical implementation
of user-centered digital solutions (Musto, et al., 2017).

Conclusion. The conducted research resulted in the development of an intelligent information
system designed to generate personalized product recommendations through the integrated analysis of
user reviews and numerical ratings. The system applies a combination of machine learning and natural
language processing (NLP) methods, providing a dynamic and adaptive mechanism for understanding
user preferences and improving the accuracy of product recommendations (World Bank,2022.World
development report 2022).

The experimental results confirmed that incorporating sentiment analysis of textual reviews
significantly increases the reliability and contextual relevance of recommendation models (Zhang et
al., 2018). By accounting for the emotional tone of user feedback, the system not only refines product
ratings but also ensures a more comprehensive and human-centered approach to personalization.

From a technological perspective, the modular architecture of the developed system ensures
scalability, interoperability, and ease of integration into existing e-commerce and digital service
platforms. This allows for the practical application of the system in online retail, marketing analytics,
and customer engagement management (Zhang et al., 2018). Scientifically, the study contributes to
the advancement of intelligent information systems and data-driven personalization technologies.
It demonstrates the benefits of combining linguistic and statistical models within a unified
analytical framework, thus bridging the gap between computational methods and human-centered
recommendation processes.
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In conclusion, the developed system represents an innovative step toward creating
adaptive, sentiment-aware recommendation environments capable of continuously learning from user
interactions. The outcomes of this research can serve as a foundation for further studies focused
on enhancing recommendation accuracy, emotional intelligence in digital systems, and the broader
development of human—AlI interaction models.
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