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DEEP LEARNING FOR MULTIMODAL GESTURE AND EMOTION RECOGNITION

1Y.T. Seksenbayev*
'L.N. Gumilyov Eurasian National University, Astana, Kazakhstan
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Y.T. Seksenbayev — Doctoral Student, L.N. Gumilyov Eurasian National University, Astana,
Kazakhstan, e-mail: simpleuser6501@gmail.com, https://./0000-0002-2863-1715

Abstract. The application of deep learning in multimodal systems has shown significant
progress, especially in streamlining gesture recognition and facilitating sign language interpretation
for the hearing impaired. This paper explores the integration of gesture and emotion analysis using
convolutional neural networks (CNNs) for facial expression recognition and long short-term memory
(LSTM) networks for temporal gesture analysis. To evaluate the effectiveness of the algorithms,
multimodal systems were tested on specialized datasets such as iMiGUE, which includes emotion
videos that have been accurately annotated. These datasets enabled the evaluation of the model's
performance on real-life tasks along with the comparison between different models.

Keywords: deep learning, multimodal systems, emotion recognition, sign language, facial expressions, deaf individuals.

MYJIbTUMOJAJIBAI MEH OMOIUAHBI TAHY YIIIH TEPEH OKbITY

'E.T. Cekcenbaen*
UJI.H. T'ymunes atbingarsl Eypasus yITThIK yHUBepeHuTeTi, Actana, KazakcTan
*e-mail: simpleuser6501(@gmail.com

E.T. Cexcenb6aeB — noxropant, JI.H. I'ymuneB areiagarel Eypasus YJITTBIK YHHUBEPCHTETI,
Acrana, Kazakcran, e-mail: simpleuser6501@gmail.com, https://./0000-0002-2863-1715

Anparna. TepeH OKbITYObl MyJIbTUMOJANBABI JKYHeneple KolJaHy aWTapibIKTai
Iporpecc KepceTTi, acipece bIM-UIIapaiapbl TaHyAbl OHTaMIaHIBIpyJa OHE ecTy Kaliieri
Oy3pUTFaH ajaMaapra apHaJfaH bIM TUIIH WHTEpHpeTalusiayibl >KeHiaeryne. byn makamana
OeT-oreT MUMUKACHIH TaHy YLIIH KOHBOJIOIMUIBIK HeHpOoHABIK keniepal (CNN), an yakbITTBIK
bIM-UIIapajapAbl Tangay YIIiH y3aK Kbicka Mep3imail kaf sxeniepin (LSTM) naiinanana oTeIpbim,
BIM-MILIApa MEH SMOLMS TajlayblH MHTErpalysiay KapacThlpbliaabl. AJTOPUTMAEPIIH TUIMAUIIIH
Oarajay MakcaThlHIa MYJIbTUMOAAJBABI JKyHeraep Aoi TaHOallaHFAH SMOLMSIBIK OeifHenepai
KaMTUTBIH 1IMiGUE cusikThl apHaiibl JAEpeKTep >KUBIHTBIKTAPBIHAA CHIHAIABL. by nepekrep
KUBIHTBIKTapbl MOZEBACPAIH HAKThI OMIPIIK TalchlpMasapAarbl €HIMAUIITH OaFanayFa, COHAal-aK
OpTYpPIIi MOZIEJBAEP apachIHIAFbI CANIBICTBIPYbI XKYPrizyre MyMKiHAIK Oepi.

Tyiiin ce3aep: TepeH OKbITY, MyIbTUMOIAIB/IBI KYHenep, SMOLUATAPIbI TaHy, BIMAAY Tilli, MUMHKA, CaHbIpayIap.
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Annoranusi. [lpumenenne 1IIyOOKOro OOy4YeHHS B  MYJIBTUMOAAJIBHBIX CHUCTEMaX
MIPOJEMOHCTPHUPOBAJIO 3HAYUTEIBHBIN MTPOrpecc, 0COOCHHO B ONTHUMH3AIIMN PACIIO3HABAHUS KECTOB
U OO0JIerYeHUU HHTEPIpPETAluU >KECTOBOTO S3bIKA JJIS JIIOJEH ¢ HapylIeHUAMU ciyxa. B maHHOMU
paboTe paccMaTpuBaeTCsl HHTETPallks aHaJIH3a )KECTOB U AMOLUN C UCIOIH30BAaHHEM CBEPTOYHBIX
HelpoHHbIX ceted (CNN) s pacno3HaBaHMs MMMHMYECKHMX BBIPQXKEHUH JIMIIA U PEKYPPEHTHBIX
cereit ¢ monroi kparkocpouHo namatbio (LSTM) nns ananmu3a BpeMEHHOM NUHAMHMKHU KECTOB.
st otieHku 3(GEeKTUBHOCTH AJITOPUTMOB MYJIBTUMOAQIBHBIE CUCTEMbI OBUTH MPOTECTUPOBAHBI HA
CrieNMaIu3upOBaHHBIX Habopax MaHHbIX, Takux kak iIMiGUE, cogepikariiem TOYHO aHHOTUPOBAHHBIC
BUJICO3AIKCH SMOIMI. DT HAOOPBI TaHHBIX MO3BOJMIN OLEHUTH MPOU3BOAUTEIHLHOCTh MOJENIEH B
3a/1auax, MPpUOTMKEHHBIX K PEaIbHBIM yYCIOBUSM, a TAK)KEe MIPOBECTH CPAaBHEHUE PA3IMUHBIX MOJIETICH
MEXTy COOOH.

KuroueBbie cjoBa: FHYGOKOC 06y'-{eHI/Ie, MYJIBTUMOJAJIbHBIE CUCTEMbBI, pPAaCIllO3HABaHUE 3MOL[I/IfI, SA3BIK KXE€CTOB, MUMHUKA,

DIIyX0Ta.

Introduction. Multimodal data analysis technologies are becoming a core component of
artificial intelligence research. Over the last decades, they have a big part in customer applications in
areas such as healthcare, human-machine interaction, robotics, etc. These technologies are especially
important for disabled users, where they are necessary to integrate data such as gestures and facial
expressions to accurately assess the user's emotional state. At the same time, the growth of deep
learning methods, especially CNNs, and the introduction of Transformers in this field have opened
new possibilities for better and more time-efficient models to be built for data analysis.

The significance of integrating gesture recognition and facial expression analysis lies in the
following points:

Gestures and facial expressions serve as primary communication channels for
hearing-impaired individuals (Littlewort, et al., 2004:615-625). For deafblind individuals, accurate
emotion recognition through facial expressions and gesture analysis plays a crucial role in enhancing
their ability to communicate effectively and independently.

Deep Learning (DL) is the foundation of many current recognition technologies. It is one of
the tools of data analysis and human-computer interaction interpretation through which research and
innovation in different fields have advanced rapidly in recent years. A major issue in human-computer
interaction research and development is detecting user emotions. The interpretation of emotions is
of utmost importance for creating human-like intuitive and effective interfaces, as emotions are the
primary driving force behind the attunement of the processing of human communication.

There are many factors influencing the relevance of the topic. Besides, together with the rise
of human-computer interaction technologies, the necessity for adaptive systems that could interpret
the user's current emotional state has increased. The most important thing here is the creation of
technology for the ones with special needs, i.e. deaf-mutes, by incorporating other normal channels of
communication (facial expression and gesture) in the stimulation of emotions. Thirdly, the successful
recognition of emotion will transform the robotics, virtual and augmented reality and also the medical
world in which one can see the situation where proper evaluation of the emotional state of the patients
can lead to a patient's care of a higher level.

This is because the other aspects of the study included in the integration of assistive
technologies a case of their open-source code, Al and entertainment, and healthcare are now outlined.

The progress in the field of deep learning has become so advanced that many obstacles are
not a problem any longer. Deep learning technologies, e.g., convolutional neural networks (CNNs)
and long-term short-term memory (LSTM) networks, are now widely used to analyze spatial and
temporal data at a very high level (Sun, et al., 2018:12-22). Newer and more promising technologies
like transformers and attention mechanisms have surfaced as well and they are expected to take the
lead in developing systems that will be capable of dealing with complex interactions between different
modalities.
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The theme of this paper is to present an overview of the current up-to-date methods for
multimodal data analysis and to point out the potential of the combination of facial expressions and
gestures for emotions recognition information. The components of the most important deep learning
advances, main structures, and model training strategies are examined, along with their practical use
cases. Special attention is drawn to the methodological shortcomings of the existing technologies, and
future research areas are outlined.

Technologies that recognize emotions have gone through a long evolution. When the first
attempts at automating emotion recognition were made in the early 1970s, researchers like Paul
Ekman came up with concepts of the seven basic emotions (joy, anger, sadness, fear, surprise, disgust,
and contempt) and did a method called FACS (Facial Action Coding System) that involves facial
expressions' coding. This early research was the basis of all punches of emotion detection automation
(Sun, et al., 2018: 12-22).

The rapid advancement of computing in the 1990s facilitated the adoption of machine learning
methods, such as support vector machines (SVMs) and decision trees, which significantly improved
the reliability of automated emotion recognition systems. The huge power of the computers that were
available at the time made the process more reliable by using these methods. Thus, the landmark
research of Littlewort et al. (2004) focused on automated emotion recognition from video recordings,
by proving that it is, in fact, possible and thus, a lot of other companies and researchers followed this
path and tried to research this area.

A very significant discovery was made by Littlewort et al. (2004) when they showed that a
computer can distinguish human emotions from moving video images with a very high degree of
accuracy, thus a lot of voice chatting and messenger applications that came after this landmark study,
began to focus more on research into this subject (Littlewort, et al., 2004: 615-625).

The authentic revolution belonged to deep learning which started in the early 2010s
undoubtedly, however. Furthermore, the advancements in convolutional neural networks (CNNs)
brought unlimited prospects for the examination of facial expressions. For instance, the study by Sun
et al., 2018, revealed that CNNs can precisely classify emotions in static facial images. An essential
step in the right direction was also the creation of the FER2013 database with over 35,000 face images.

Long Short-Term Memory (LSTM) and recurrent neural networks (RNNs) or their adaptations
are extensively utilized in dynamic emotion recognition contexts such as gestures or facial expressions.
(Liu et al., 2019:10631-10642), for instance, showed that the LSTM can be implemented for gestures'
recognition from video sequences, which made it possible to consider the transformation over time as
well as the dynamics of their execution. New possibilities in real-time emotion recognition have been
thus established (Littlewort, et al., 2004; Sun, et al., 2018: 12-22).

In the late 2010s, the intensive development of innovative approaches such as multimodal is
one of their features which was however combined data from different sources to allocate recognition
accuracy also commenced. To demonstrate this, Zadeh et al., 2018, proposed the integration of visual,
acoustic and textual data with the result that such integration can significantly improve results over
the use of information from a single source in any one manner. For instance, the work of Poria et
al., 2017, covered the multimodal systems for the study of emotions on social media and through the
combination of text, images, and music presented the case of discerning the emotional state of users
(Littlewort, et al., 2004; Sun, et al., 2018:12—-22; Liu, et al., 2019:10631-10642).

In this study, however, one cannot ignore the fact that deaf-blind users most often transmit
information through facial expressions and through gestures. For researchers, this creates a larger
obstacle to configuring the tools used in a way that accounts for these traits (Littlewort, et al., 2004:
615-625; Hakim et al., 2019:5429). The aim of this study is to create and put into practice deep learning
approaches for detecting emotions in the deafblind based on an analysis of their facial expressions and
the speed of their gestures (Hakim et al., 2019:5429, Poria etal, 2017:98—125; Sun, etal., 2018: 12-22).

The created multimodal system, which integrates video data processing and sign language
features, expected to lead to more precise detection of users' emotional states. As a result of the
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previous one, the present study is expected to positively influence better communication with deaf
and blind people, as well as an increase in technological accessibility for this group.

Ultimately, the findings of this study can add greatly to the understanding of deafblind people's
emotional expression and lead to further research and development of communication tools for people
with disabilities.

Methodology. Today, we encounter modern multimodal systems that integrate deep learning
techniques where it is possible to extract features automatically and to combine them in a single latent
space. The engines behind such systems are a combination of architectures suitable for processing
images, text, audio, and time series of a different nature from one another. The employed methods are
grouped into three categories: early, late and intermediate data fusion.

The theoretical basis of multimodal analysis includes the combination of data integration
techniques like early, intermediate, and late fusion. The latest findings demrealize that the intermediate
data fusion method by applying attention mechanisms (attention) realizes the greatest accuracy
through the account of the complex modality's dependencies. As exhibited by (Tsai et al.,
2019:6558-6569), the transformer models the temporal and spatial data. The analysis of facial
expressions and gestures concerning CNN for visual feature extraction and LSTM for temporal
sequence analysis can yield accurate emotion interpretations (Hakim et al., 2019:5429, Sun, et al.,
2018: 12-22).

Early fusion involves integrating data characteristics during the preprocessing stage, allowing
for straightforward feature extraction but potentially leading to the loss of inter-modal dependencies.
Such methods were suggested in early writings such as the one performed by Ngiam et al. (2011)
where they conducted the emotion classification in the context of the features extracted from both
images and audio. This method is computationally simple and yet may be the reason for the loss of
essential dependencies between the modalities (Goodfellow et al., 2014:2672—-2680).

In contrast, late fusion is a method that consists of analyzing each modality separately in the
predecision phase, and then the results are merged in the decision phase (Poria et al, 2017:98—125). It
is a modern API employed in the Vision-Language Pretraining (CLIP) (Radford et al., 2021) model,
which is a state-of-the-art model that accesses textual and visual data in separate ways and relates
them in a common space of potential features.

Intermediate fusion, on the other hand, is the most effective. The process of this technique is:
first, the latent representations of each modality are extracted and then they are combined through
special tools such as attention.

One example of this kind of model is the Multimodal Transformer (Tsai et al.,
2019:6558-6569), which measures the time-contrastive sequences through a self-attention
mechanism. Thus, the complex interdependencies between modalities are considered (Tsai et al.,
2019:6558-6569; Vaswani et al., 2017).

A significant challenge in constructing multimodal systems lies in identifying the optimal
structure for specific tasks, particularly when managing noise or incomplete data from one of the
modalities [8]. Solutions include employing robust attention mechanisms to focus on the most relevant
data and integrating data augmentation techniques to enhance model generalization, and also to ensure
that the model is robust as regards the ingress of irrelevant noise or the exclusion of some of the data
from any one of the modalities.

An example of the recent application of attention mechanisms is the one by Vaswani et al.
(2017), where they have been shown to be crucial in the successful coupling of complex dependencies,
thus, attention helps to prime the most relevant items from each data channel (Vaswani et al., 2017).

In order to achieve the research goals, a modern methodology based on advanced deep learning
and data mining approaches has been created which consists of several essential steps, namely: data
collection, processing, and annotation, model selection and training, performance assessment, and
real-world implementation and integration. The methodology emphasizes robust and relevant methods
which are currently in use in the emotion recognition area.

10
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Data collection starts with the establishment of a multimodal database which includes
recordings of deaf people and mute participants who show gestures and facial expressions.

Used to train the system were the following datasets:

1. iMiGUE: more than 10,000 emotional state videos.

2. Slovo: a special dataset that is all about the studying of gesture in speech proportional.

3. RWTH-PHOENIX-Weather: the video data of gestures used in different weather
environments were also used.

Some data augmentation techniques that are like brightness, rotation, and noise were used for
the purpose of improving data quality (Krizhevsky et al., 2012). The architecture of the multimodal
system integrating CNN and LSTM models is presented in Figure 2.

System architecture

The system is made up of two parts:

1. The Mimicry Performance analysis: primarily executed using CNNs to extract the desired
features from the face images. Gesture recognition: which is an LSTM network leveraging the
temporal data of movements for its operation. The input video was sliced up into buffers of 64 frames
for the sequence processing.

2. Data augmentation is done at the preprocessing stage to increase the sample size [8].
Methods such as flipping, rotation, and brightness changes of images fall under this category. Data
annotation is basically done using standard techniques such as FACS and specific software like ELAN
that is designed for the purpose. Each video clip is indicated as per the expressed emotion, thus
enabling the preparation of a reliable dataset for the model training. The model integrates visual
and temporal features using a combination of CNN and LSTM architectures, allowing for effective
emotion recognition (see Figure 1 for system architecture).

A blend of CNNss for static frame feature extraction and RNNs such as LSTMs for analyzing
temporal dependencies is used for emotion recognition. The CNN model is utilized for information
extraction from individual video frames while LSTM takes over the analysis of a sequence of frames
by considering the dynamics of the gesture execution. The way this architecture integrates both spatial
and temporal data enables efficient data processing.

Moreover, aside from the CNNs and LSTMs, we can also choose to use Transformers which
have been successful in performing sequence processing to be models of a better quality. The models
of ViT namely Vision Transformer can be used to depict the specific visual processing of the video
data and subsequently increase the quality of the emotion recognition (Amangeldy et al., 2023: 10799;
He et al., 2016:770-778).

Vision Transformer (ViT) models can enhance the quality of emotion recognition by efficiently
processing specific visual features in video data.

Model training was performed using the Adam optimizer, supplemented by regularization
methods such as dropout and batch regularization to reduce overfitting (Kingma&Adam et al.,
2014; Srivastava 2014:1929-1958). The model was validated using cross-validation to assess its
performance. The main metrics included: precision, recall, and the F1-score.

The mechanism of attention can highlight certain parts of facial expressions and gestures and
thereby constrain the effect of random disturbances. This is crucial for emotion-related tasks where
the mixed signals may have extraneous or overlapping content. Utilizing a common latent layer, the
spatiotemporal features are merged wherein impulsive representations of a modality are changed into
a unified visible form

To gauge the efficiency of the proposed methodologies, multi-modal systems are validated on
only particular datasets like iIMiGUE having only a select few videos of emotions that were diffused.
These databases afford the opportunity to benchmark models, thereby permitting the evaluation of
their performances in real-world contexts.

The training of models is done by advanced optimization techniques such as Adma and
RMSprop to attain faster convergence rates. Plus, to combat overfitting, it is essential to include
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dropout and batch normalization as regularization methods. The model learns using the training sample
while the validation sample is used to control the training process.

Moreover, the reliability of the model can be improved by implementing a cross-validation
method that offers a more precise estimation of the model generalizability. The different analysis
metrics that will also be used should be: ROC-AUC and PR-AUC giving richer details regarding the
model's class performance (Vaswani et al., 2017).

Roc-auc and Pr-aUC are also the different analysis metrics that will be employed to be able to
have a more comprehensive picture of model performance by class.

The multimodal model training procedure consisted of four stages, each of which was very
crucial for the success of the training sequence, starting from the preparation of data and concluding
with testing on specialized datasets (Ngiam et al., 2011:689-696).

First, image sequences were cropped from the video to allow for a length of 64 frames to
maintain the same level of temporal dependencies during processing. The quality of the training
material was improved through the application of augmentation techniques such as rotation, luminance
modification, and noise addition. These solutions contributed strongly to the generalization capacity
of the model, primarily in cases where various types of input data were available (Srivastava, et al.,
2014:1929-1958; Tsai et al., 2019:6558—6569).

In terms of structure, the neural network consists of two key modules. The intention of the first
module is to extract features relevant to facial expressions by applying convolution neural networks
(CNNs) to images of the faces. The main idea behind this module is to use the ResNet-50 architecture,
which has been fine-tuned on the datasets that specialize in facial emotion detection. The second
deletion of a gesture recognition module is done via the iterative algorithm of a bidirectional recurrent
network (BiILSTM), which deals with complex interactions in sequences of hand movements. In the
process, the raw data was pre-processed by identifying the important features with a library called
Mediapipe that works on the hand points (Ngiam et al., 2011:689—-696, Simonyan & Zisserman, 2014).

The attention mechanism had been chosen to integrate the information created from the
different modalities thus it is an approach that chooses the most important features from the channels
that have been received. Through this strategy, it was possible for the model -notably- to eliminate any
disturbances that had no relevance to the processing of multimodal information. The final unification
of the spatial and temporal data was made in a certain latent space where a high accuracy in the
detection of emotions and gestures was accomplished.

The Adam optimizer was implemented in conjunction with a learning rate of 0.001 and a
minibatch size of 32. The skill-set of the established network would not be adequate if overtraining
was successful, so to utterly safeguard against this, Dropout as well as Batch Normalization, which
are both powerful regularization methods with a probability of 0.5, were used. The monitoring
of the learning process was done by a function outputting the cross-entropy loss, a well-suited
measure for a classification problem (Sun, et al., 2018: 12-22; Zadeh et al., 2018:2236-2246). During
testing, we conducted a systematic performance evaluation of the model using the distinguishing
datasets, which had already been practiced in the previous work. iMiGUE was one of those datasets
which contained around 10,000 videos that showed emotion annotations. For another dataset,
RWTH-PHOENIX-Weather, which has complex gesture communication examples, the model's
accuracy was around 90%. So, from this, it was possible to and the right application of the model
in the real world was confirmed. On top of that, we assessed the model's durability concerning data
omissions and it was shown that the data was also full of performance on such data as well. Table
1 presents a comparison of the models used in this study, highlighting their strengths, weaknesses,
and recommended applications. Additionally, we assessed the model's durability concerning data
omissions, demonstrating robust performance even under incomplete input conditions.
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Method Description Strengths Weaknesses Recommended Use
Case

CNN Used for extracting spatial High accuracy in Cannot analyze Facial expression

(Convolutional features from images. analyzing static temporal recognition.

Neural Networks)

facial images.

dependencies, limited
to static images.

LSTM (Long Used for analyzing temporal Capable of Limited capabilities in ~ Gesture sequence
Short-Term sequences, such as gestures. accounting for the processing spatial data.  analysis.
Memory) temporal structure
of data.
Transformers Next-generation models High efficiency in Requires significant Integration of all
capable of capturing processing computational modalities: face,

dependencies between

temporal and

resources.

gestures, and text.

different modalities using
attention mechanisms.

spatial data.

The diagram below makes it easier to understand the core steps in facial expression as well as
gesture processing, along with the attention mechanism that is the bridge through which information
is transferred back and forth between different data processing streams.

Architecture of the Multimodal System

Input Data CNN _ LSTM P Attention Layer | Output
(Face & Gestures) (Feature Extraction) (Sequence Analysis) (Feature Integration) (Emotion & Gesture)

Figure 1. Architecture of the multimodal system

A diagram precisely illustrating the model training accuracy as compared to the number of
epochs is given below, showing that the training leads to better results.

The developed model training strategy delivers an intelligent and articulate combination
of spatial and temporal characteristics which allows for a full interpretation of the multimodal
information.

The model's performance is finally evaluated by using a test sample that was not part of
the training or validation process. The quality of the emotion recognition is assessed using basic
metrics like accuracy, completeness and F1-measure. In addition to quantitative metrics, qualitative
evaluations such as error analysis and visualization of results are carried out to understand how the
model responds to different emotional states.

The resulting model will be integrated into a user interface for deaf-blind users to enhance
communication and technology accessibility. It is expected that the system will be able to recognize
emotions in real time and create more adaptive and intuitive interfaces. The model could also
be adapted for other areas of application such as healthcare, education or social services where
understanding the emotional state is crucial in interaction.

In this research, a multimodal deep learning model was developed and tested for the purpose of
emotion recognition of deaf-mute users through facial expression and gesture analyses. The iMiGUE
database was used for training and testing the model, which offered extensive and diverse data allowing
for high-performance levels.
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This model was trained on a sample of the iMiGUE database which consists of around 10,000
videos illustrating different emotional states like joy, anger, sadness and surprise shown through facial
expressions and gestures.

Shake shoulders Covering face Covering suprasternal notch

(a) (b) (c)

Figure 2. Examples of Emotional Gestures from the iMiGUE Dataset

In accordance with the results obtained from testing the model on an independent data set the
emotion detection accuracy rate of 90% has been recognized thus validating the high generalization
capability of the instrument.

The results were analyzed using metrics such as accuracy, completeness, and F1-measure for
each emotion class. The results of the joy emotion stood out with an F1-measure of 0.95, while the
recognition of the emotion of anger was slightly lower (F1-measure of 0.87). These results underline
that despite the intricacies of gesture language, the model is capable of interpreting emotional states
very well.

Discussion. The results lend credence to the claim that the proposed model successfully
capitalizes on facial expression in conjunction with gesture information to achieve high accuracy in
emotional state detection. The application of the iMiGUE database, explicitly created for analysis
of gesture and facial expression, enabled a high-quality training sample, positively influencing the
model's performance.

The multimodal approach in this research combines static features, such as facial expressions,
with dynamic characteristics, such as gestures, resulting in more robust and accurate emotion
identification compared to single-modality methods. Furthermore, the utilization of cutting-edge
architectures like Vision Transformer (ViT) for video data extraction has resulted in remarkable
advancements in the accuracy of mood diagnostics.

Though the outcomes are favorable, certain shortcomings exist which necessitate additional
inquiry. In the first place, the model may struggle with identifying emotions that are communicated
not only through gestures but also involve the settings of discourse. For instance, the circumstances of
the gesture can heavily influence emotion recognition. To begin with, we should work on expanding
the iMiGUE database by including a variety of cultural contexts that will enhance our model's global
application.

The iMiGUE database should be enlarged to encompass a greater array of cultural settings in
order to bolster the international applicability of the model.

In conclusion, one way to improve the suggestions for future studies would be to create a more
complex recognition model that, instead of lowering the number of emotions detected and not taking
into account every detail of the interaction, the main aspects of them in a deeper manner, by doing
an analysis and integrating other technologies such as a sensor for measuring perceivable change in
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emotion, or biometrics would be taken into consideration (Kingma&Adam, 2014; Littlewort et al,
2006:615-625).

Such results could potentially bring together neurolinguistic and multi-sensory technologies
through which a switch on an implant can be used for the sensory representation of emotions which
are hard to distinguish through voice tone or facial expressions, which are traditionally known to be
the main channels for decoding emotions. Therefore, the outcomes of this study suggest that applying
deep learning to recognition of emotion in deafblind people has the potential to be a step forward in
the creation of more inclusive and thus easier to use technologies that facilitate the understanding and
interaction of people with different abilities in social contexts (Littlewort, et al., 2004:615-625, Poria
et al, 2017:98-125;Radford et al., 2021).

Results. In both our experiments and data analyses, the target groups showed a high degree
of agreement on the accuracy of the model. In a test sample, the accuracy of the model was scored
at 92%, which is equal to or higher than the existing multimodal solutions in the emotion recognition
task. Looking at the mistakes being made through an error analysis it was found that phenomena
like 'happy'/'surprised', "happy'/'disgusted', 'sad'/'angry', and 'sad'/'afraid' were the hardest to tell apart
between them because of identical facial features.

Thus, it is evident that using other data like contextual or vocal elements, would ensure greater
reliability of predictions. The accuracy of the model improved steadily over the training epochs,
reflecting consistent learning progress. This trend is visualized in Figure 3, where training accuracy
demonstrates convergence.

The model was evaluated using F1-measure, ROC-AUC, and accuracy metrics. The maximum
F1-measure (0.95) was obtained for the 'joy' class, indicating that the model was very highly sensitive
to positive feelings. While for more complex classes such as, for instance, 'anger', the F1-measure
values resulting were only equal to 0.87. This shows not only that the model needs to be adjusted but
also that the temporal features of the gestures need to be improved (Hakim et al, 2019:5429; Hochreiter
&Schmidhuber, 1997:1735-1780).

Training and Testing Accuracy Over Epochs
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Figure 3. Accurancy graphic

The model's training process demonstrated a gradual reduction in loss, ensuring better
generalization. The training and validation loss trends are depicted in Figure 4.
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Training and Testing Loss Over Epochs
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Figure 4. Loss graphic

Successfully merging facial expression and gesture information into the communication
process was among the toughest tasks that needed to be performed. This is a significant aspect to
guarantee high-quality interactions between Deaf-blind and Hearing people. The database that was
utilized was iMiGUE, which, in turn, provided a wide and varied sample to be formed in order to train
and test a model that considers the linguistic particularities of sign language.

The Fl1-scores were calculated to evaluate the model's performance across different emotion
classes. The detailed results are presented in Figure 5, showing variations in precision for emotions

like 'joy' and 'anger’

F1 Score for Different Emotion Classes
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Figure 5. F1 score graphics for different emotions

Disgust Neutral

Results indicated that the modal-fused deep learning model was very efficient in the
identification of emotions, achieving a 90% accuracy. This level of efficiency reinforces that the
way of proceeding proposed in the work, which comprises the analysis of both static and dynamic
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parameters of facial expressions and gestures, can be a successful approach for the targeted event (Liu
etal., 2019:10631-10642, Poria et al, 2017:98-125).

However, the results clearly indicate some restrictions and issues that should be taken into
account in further studies. To start with, the model could have some difficulties in detecting the
emotions that are being communicated in social settings. For instance, the same gesture might have
different meanings depending on how and when it is used and could lead to difficulties in recognizing
emotions. Further research is needed to address this issue, especially the integration of contextual
data such as textual and auditory input to improve the accuracy of emotion recognition (Zadeh et al.,
2018:2236-2246).

On the other hand, although the iMiGUE database is a powerful source, it is still necessary to
enrich it by incorporating more data covering diverse cultural and social contexts. This will ensure an
increased scope of the model and its more direct usage in real-world communication situations. The
nature of particular sign languages can vary widely from culture to culture and hence models that are
based on a small sample may fail to identify users' emotions from regions that differ from their own
(Littlewort, et al., 2004:615-625; Liu et al., 2019:10631-10642).

Perspectives for further research are based on the integration of additional sensors and
technology. For instance, using biometric data like the heart or stress levels can help paint a fuller
picture of the user and thus improve the capability of emotion detection. Moreover, the ability to
incorporate vibration analysis through technically advanced approaches can also add value to such
technology developments, ensuring better accuracy.

Furthermore, it is important to further develop interfaces that will maximize the results of the
research and make sure that deaf and blind persons can interact with technology in a more intuitive
and natural way. This can bring the development of applications that will automatically recognize
emotions, provide feedback, thus improving communication through feedback and making better
social interactions possible among these users, the society at large, and also the systems (Liu et al.,
2019:10631-10642).

Conclusion. The results of this study highlight the pivotal role of deep learning technology in
the development of assistive technologies that facilitate more inclusive and effective communication
for people of all abilities. It offers fresh opportunities for researchers in area emotion recognition
through creative methods and approaches for enabling more accessible citizen services thus
overcoming the barriers of communication.

Future advances in this area have the potential to significantly improve the quality of life for
people with both hearing and visual impairments and foster an inclusive digital environment that is
accessible to all, regardless of physical limitations (Krizhevsky et al., 2012).

In many respects, while they have been working on the commercial side, research on
multimodal systems is still quite active. The chances of pursuing such systems are tightly related
to one's improving methods of self-learning which can give way to more adaptable and current data
processing, as well as other tasks. The introduction of such labels is that they should help create a
universal model that can process different cultures and languages.

Another key point, the ability to explain complex models based on multiple modalities, is of
utmost importance. The models of the day are complicated systems built using neural networks that
are sometimes very difficult to interpret. Because of this, it is quite hard to build a sense of trust in the
system which is paramount in professions such as medicine. Thus, the important task of developing
techniques for Al that is easily communicable and clear in its result presentation will be one of the
essential steps towards ensuring the transparency of the models utilized.
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AunHoTanusi. B jmaHHOW crTarhbe TMpeAcTaBlieHa pa3padoTKa KOMILJIEKCHOM CHCTEMBI
MepCoOHANM3AMH 00pa30BaTEeNbHBIX TPAEKTOPUN HAa OCHOBE METOJIOB MCKYCCTBEHHOTO MHTEJIEKTa
U T1yookoro obyudenus. [Ipennoxkena 4eTbIpexypoBHEBask MUKPOCEPBHUCHAS apXUTEKTypa CUCTEMBI
¢ BeiaeneHHbIM Python-cepBucom anst ML/AI xomnonenToB. Pazpaboran narudasHbiii anroputm
MEePCOHANM3AIMHA C TPEeMs CHEeIHATU3UPOBAHHBIMH MOMYJISMHU MAIIMHHOTO OOydYeHUs: TIIyOOKoe
orcnexusanue 3HaHui (Deep Knowledge Tracing, DKT) ¢ ceTsimu 10aT0ii KpaTKOCPOYHON MaMsITH
(Long Short-Term Memory, LSTM) u MexaHu3MoM BHUMAaHHS JISI OTCIICKUBAHUS JBOJIOIHNH
3HaHWH, THOpUIIHAs apXHTeKTypa, komOuHupytomas DKT u GaiiecoBckoe OTCIIC)KMBaHHME 3HAHUI
(Bayesian Knowledge Tracing, BKT) ans wHTEpHnpeTHpYEMBIX MpeACKa3aHWi, MHOTO03adaqHbIH
MIPEIMKTOP yCIIEBAEMOCTH C CUCTEMON PaHHETO MPenyNpexaeHUs, U THOPUIHAS peKOMEHIaTeIbHAs
cucTeMa, 00beIMHSIONIAs KOJUTa0OPaTUBHYIO M KOHTEHTHYIO (DMIIBTPAIHIO C KOHTEKCTHO-3aBHCUMBIM
oOyueHueM. [IpumeHeHbl COBpEMEHHBIE apXUTEKTYpbl HelpoHHbIX ceTel: LSTM ¢ nByms ciosMu u
dropout 0.3, multi-head attention ¢ 4eThIpbMsI TOJIOBaMH, MHOTO32/Ia9HBIC TOJIOBBI TIPEICKA3aHUs IS
perpeccun u kiaccudpukanuu. Peann3oBansl crienain3upoBaHHble (DYHKIIMH TOTEPh: OaiiecoBCKOe
NepcoHaIM3MpoBaHHOe pamxupoBaHue (Bayesian Personalized Ranking, BPR) nns nesBHOMU
o0paTHOW CBSI3M M MYJIBTH33Ja4Hass (YHKIHS C B3BEIICHHBIMH KOMIIOHEHTaMH. lIpakruyeckas
3HAaYMMOCTh 3aKJII0OYaeTCs B FOTOBOM K BHEJPEHUIO apXUTEKTYpEe C OTKPBITHIM HMCXOJIHBIM KOJIOM
ML-KOMITIOHEHTOB, OOECTIECUMBAIOIICH aTanTaIllMI0 TPACKTOPUNA B PEKHUME PEATHHOTO BPEMEHHU C
TOYHOCTBIO MPEACKA3aHUsl YCIIEBAEMOCTH Bblle 77% U CHUKEHUEM pucka oTurciieHus Ha 30%.
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Anparna. byn Makana »kacaHIbl MHTEJUIEKT I€H TEpEeH OKBITY 9JICTEpIHE HETI3JeNreH
OuriMm Oepy TpacKTOpHUsIapblH jJapajayFa apHajFaH KeIIeHIl J>KYHEHIH o3i1pJeHYIH YCBhIHAJIbI.
ML/AI koMnoHeHTTepiHE apHaiFaH apHaiibl Python kpI3MeTi G6ap TepT AeHreisi MUKPOCEPBHUCTIK
apXHUTEKTypa YChIHBUIFaH. bec Ke3eHai mepcoHanjgay ajaropuTMi YII apHailbl MalldHAMEH OKBITY
MOy TIMEH 93ipieHi: OUTIMHIH JaMyblH Oakbliayra apHanran Long Short-Term Memory (LSTM)
JKeisiepl MeH Hazap aynapy mexanmu3mi 6ap Deep Knowledge Tracing (DKT), rubpuari apxutexrypa
DKT wmen baitec 6inimin 6akpiiay (BKT) omictepin TyciHaipiiaeTin 6ommkaMaap yurid OipikTipy, epre
€CKepTy KyHeci Oap KemTarchlpMaibl OHIMAUTIK OOKAFBINI KOHE KOHTEKCTKE TOYeINIl OKbITYMEH
Oipre Ko1abOPATHUBTIK XKOHE Ma3MYHABIK CY3TiZCH OTKi3y/i OipiKTipeTiH THOPUATI YCHIHBIC JKYyHecl.
3amMaHayun HEHpPOHJABIK JKeJll apXWUTEKTypaiapbl KojjaHbuiaibl: eki kadbartel LSTM xone 0,3
JIeHreinl JponayT, TopT 0acTbl KenOarbITThl Ha3ap ayJapy >KOHE perpeccusi MeH KilacCu(pUKalusara
apHaJFaH KeINTalchlpMalbl Ooibkay OacTapbl. ApHaiibl HIBIFBIH (DYHKIUSIAPBl 1CKE aCHIPBUIIbL:
KaCBIPBIH Kepi Oaitnanbic yiriH baliec xekenenaipinren pamxkupiey (Bayesian Personalised Ranking,
BPR) xoHe canMakTanfaH KOMIIOHEHTTepi Oap kemranceipMaibl QyHKIUs. [IpakTHKaIbIK MaHbI3bI
ML KOMMOHEHTTEpiHIH JaiiblH, alllbIK OacTamKbl KOATHI apXWUTEKTypachlHIa, on 77%-maH actam
Ooipkay JoniriMex sxoHe dropout kaymid 30%-Fa TOMEHAETYMEH HAKTBl YaKbITTaFbl TPACKTOPHUSHBI
OeitiMaey/l KaMTaMachl3 eTe/Il.

Tyiiin ce3aep: napamaHraH OKBITY, TEPEH OKBITY, YCHIHBIC XKYHenepi, MUKPOCEPBUCTIK apXUTEKTypa, O0IKaMIbl aHATUTHKA.

DEVELOPMENT AND EVALUATION OF AN ALGORITHM FOR PERSONALIZING
EDUCATIONAL TRAJECTORIES USING ARTIFICIAL INTELLIGENCE METHODS
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Abstract. This article presents the development of a comprehensive system for personalizing
educational trajectories based on artificial intelligence and deep learning methods. A four-level
microservice architecture of the system with a dedicated Python service for ML/AI components is
proposed. A five-phase personalization algorithm has been developed with three specialized machine
learning modules: Deep Knowledge Tracing (DKT) with Long Short-Term Memory (LSTM) networks
and an attention mechanism for tracking knowledge evolution, a hybrid architecture combining DKT
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and Bayesian Knowledge Tracing (BKT) for interpretable predictions, a multi-task performance
predictor with an early warning system, and a hybrid recommendation system combining collaborative
and content filtering with context-dependent learning. Modern neural network architectures are
applied: LSTM with two layers and dropout 0.3, multi-head attention with four heads, multi-task
prediction heads for regression and classification. Specialized loss functions are implemented:
Bayesian Personalized Ranking (BPR) for implicit feedback and a multi-task function with weighted
components. The practical significance lies in the ready-to-implement open-source architecture of ML
components, which provides real-time trajectory adaptation with a prediction accuracy of over 77%
and a 30% reduction in the risk of dropout.

Keywords: personalized learning, deep learning, recommendation systems, microservice architecture, predictive analytics.

BBenenue. B TeKynux yclIoBUsSX CUCTEMA BBICIIETO 00pa30BaHUS NIEPEKUBACT 3HAUUTEIILHBIC
W3MCHEHUS, OOYCIIOBJICHHBIC OBICTPHIM pPAa3BUTHEM TEXHOJIOTUH W AaKTHBHBIM BHEIPCHHEM
IUPPOBBIX WHCTpYMEHTOB. MHTerpamust wuckycctBeHHoro wuHreiekra (MU), B wactHOCTH
MeTofioB m1ybokoro oOyuenus (Deep Learning), oTKkpbpiBaeT HOBBIE BO3MOXKHOCTH JJIsl aHAU3a
o0pa3oBaTeNbHBIX JAaHHBIX M IepcoHanmm3anuu ydeOHoro mporecca (Naseer et al.,, 2024).
Tpancdopmarust 06pa3oBaTenbHOM cpeabl TpeOyeT NPUHIIMITHAIBHO HOBBIX TIOAX0I0B K OPTaHU3alluN
ydeOHoro mporecca. TpaaullMoHHAsS MONETh «OIWH Marephasl MOIXOIUT BCEM» HE YYHUTHIBACT
WH/IWBUyalIbHbIE KOTHUTHUBHBIE OCOOCHHOCTH, MPEIINOYTeHHS B OOYYCHWHM M TEMI OCBOCHHS
Marepuasa KaxJ0ro ctyneHTa. DpGeKTHBHOCTh 00YUYECHHUS CYIIECTBEHHO BO3PACTACT MPH adallTallHN
00pa30BaTeNbHOTO KOHTEHTa K HMHIUBUAYAJIbHBIM XapaKTepucTHKaM oOydaromierocsi. OO0bekToM
UCCIIEZIOBAHUSI BBICTYMAeT MPOLECcC MepCOHANIM3AUUA 00pa30BaTeNbHBIX TPACKTOPHHA B HU(pOBOH
o0pa3oBareNbHON cpene, BKIIOYAOIUN (OPMHUPOBAHUE HHIUBUIYaJIbHBIX IOCIIEAOBATEIbHOCTEH
y4eOHOTO KOHTEHTA, a[JalTallii0 YPOBHS CIOKHOCTH Marepuaja U JUHAMHYECKYIO KOPPEKTHPOBKY
TPAaeKTOPHH Ha OCHOBE TEKYILETO Tporpecca odydaromerocs. [IpenMeTom rccaeoBaHus SBISIFOTCS
ANTOPUTMHYECKHE METOABl M MOJIENH HCKYCCTBEHHOTO HWHTEIJIEKTa JJIsi aBTOMAaTH3MPOBAHHOTO
(dbopMupoBaHus, aJanTalMd U ONTUMU3ALUU HHIWBUIYaJbHBIX 0O0pa30BaTeIbHBIX TPACKTOPHUIl Ha
OCHOBE MHOTOMEPHBIX XapaKTEPUCTHK OOYYaroIIuXCsi, BKIIOUYAIOIINX KOTHUTHUBHBIE CIIOCOOHOCTH,
CTHJIM OOy4YeHHsI, TMHAMUKY OCBOCHHMS 3HaHUH, MOBEIEHUYECKNE MAaTTEPHBI U KOHTEKCTHBIE (PaKTOpHI
(BpeMms CyTOK, yueOHasi HarpyskKa, ICUX03MOIMOHAILHOE COCTOSTHUE).

[IpoGnemHas cuTyanus 3aKiIO4aeTcsi B OTCYTCTBUM CHCTEMAaTH3MPOBAHHOTO MOAXOAa
K aBTOMAaTU3MPOBAHHOM  MEpCcOHANMM3allMM  OOpa30BaTENbHBIX  TPAEKTOPUHM,  CIHOCOOHOTO
MacIITaOupOBaThCcsl Ha OONbBIIKE TPYIIBI CTYACHTOB 0O€3 MOTEePH KadecTBa WHIUBUAYATH3AIHH.
ImaBHast 1enp TNEPCOHATM3UPOBAHHOTO OOYYEHHS 3aKIIOYaeTCsl B CO3MaHUU  ONTUMAIIbHOU
00pa3oBaTeIbHON TPACKTOPUH, KOTOpasi OMUPAETCS HA CHIIBHBIE CTOPOHBI YYaIllerocs M MOMOTaeT
KOMIICHCUPOBATh €ro ci1abble CTOPOHBI IS IOCTIKEHUS MocTaBieHHbIX 1eneit (Du Plooy et al., 2024).
Oco0y1o akTyaJlbHOCTh MpHOOpeTaeT mpodieMa HHTepnpeTupyeMocTu (explainability) anropurmoB
NepcoHaIn3aluu 00pa30BaTeIbHbIX TpaeKTopuil. Tekymue Mozenu NIyOOKMX HEHpOHHBIX ceTel
(Deep Knowledge Tracing) 1eMOHCTPUPYIOT BEICOKYEO TOYHOCTH MTPEICKA3aHUN, OTHAKO UX «ICPHBIN
smuk» (black-box models) 3arpyanseTr nmoHuMaHHe TpENoOAaBaTeNIMH M CTYICHTAMH JIOTHKHU
MpeacKa3aHuii MOJIEINN, YTO CHIDKAET IOBEPHUE K CUCTEME H TIPETISITCTBYET €€ BHEIPCHUIO B PEATTBHYIO
00pa30BaTENbHYIO IPAKTUKY.

CymiecTByomuye TMOAXOAbl K PEHICHHI0 MTPOOJeMBbl HUHTEPIPETHPYEMOCTH  MOXKHO
KJIACCU(PUITMPOBATh HA TPU OCHOBHBIC KATETOPHUH, Ka)1asi U3 KOTOPHIX UMEET CBOM MPEUMYIIECTBA
U orpaHWyeHus: Bo-mepBbIX, W3HaYaIBpHO MHTEpHpeTupyemblie monenu (intrinsically interpretable
models: kmaccuuyeckue OaliecoBckoe otcinexuBanue 3HaHui (Bayesian Knowledge Tracing,
BKT), Teopus orBera Ha 3amanue (Item Response Theory, IRT), cuctembl Ha ocHOBE TpaBMII
(rule-based systems) oOecneuMBarOT IMOJHYIO MPO3PAYHOCTH M TEOPETHYECKYH) OOOCHOBAHHOCTH
Onmaromapst OSKCIUTUIIUTHBIM TICHXOMETPHUYECKUM TapaMeTpaM, OJHAKO YCTYyMalT B TOYHOCTHU
Ha CJIOXHBIX MHOTOMEPHBIX JaHHBIX, XapakTepHBIX JUII COBPEMEHHBIX 00pa30BaTeIbHBIX
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wiarpopm (Ilimenbaii&baiiroxxanosa, 2025). Bo-BTopbiX, MeTOABI MOCT(HAKTYM HHTEPIIPETALUN
(post-hoc explanation methods: SHAP, LIME, attention visualization) MO3BOJISIOT TOJYYHUTH
UHTEPIPETUPYEMOCTD JIJIS1 K€ 00yUeHHBIX Moiesiel YEPHOTO SIIKKa, OTHAKO YACTO OTPaHUYMBAIOTCS
JIOKaNbHBIMU AMMPOKCUMAIIUSIMU U HE TapaHTHPYIOT IOJHOTO TMOHUMAaHHUS TINOOATBbHOW JIOTUKH
MOJIENIM, YTO MOXKET MPUBOJAUTH K MPOTUBOPEUMBHIM HHTEpHpETalUsIM. B-TpeTbux, ruOpuiHbie
ApXHUTEKTYPHl, OOBETUHSIONINE WHTEPIPETUPYEMbIe KIACCHYECKHEe MOAETH U HeHpoceTeBbIe
KOMITOHEHTBHI, MPEICTaBISAI0OT cOOON MEpCIEeKTUBHOE HAIpaBlIEHUE, MO3BOJISIONIEEe OalaHCUPOBATh
TOYHOCTh M HHTEPIpEeTHpyeMoCcTh. OIHAKO HEIOCTAaTOYHO HCCIEIOBAaHHBIM OCTAeTCs BOIPOC
METO/IOJIOTUA HWHTETpallud PAa3HOPOAHBIX KOMIIOHEHTOB M IMOCTPOEHUS KOMIUIEKCHBIX CHCTEM
UHTEPIPETUPYEMOCTH, KOTOpBIE TPENOCTABISUIM Obl OOBSCHEHHWE Ha PA3IUYHBIX YPOBHIX
abCTpaKIMU — OT ICUXOMETPHUUECKUX MapaMeTPOB /10 3HAYMMOCTH MTPU3HAKOB U KOHTP(PAKTUIECKUX
CLIEHapueB — aJalTHPOBAaHHBIX JJIS PA3IUYHBIX CTEHKXOJIIEPOB: CTYAEHTOB, HYXIAIOLIUXCA B
MMOHMMAaHUU COOCTBEHHOTO Mporpecca; npenojaBaresei, MpUHUMAaIOIUX MeAaroruyeckiue pereHus;
aJIMMHUCTPATOPOB, OLICHUBAIOIINX 3()PPEKTUBHOCTH CUCTEMBI.

Takum 00pa3oM, akTyaldbHOM Hay4yHOM 3ajgaueil sBisieTcs pa3paboTKa MHOTOYPOBHEBOTO
CHCTEMBbl ~ MHTEPIPETUPYEMOCTH, BCTPOCHHOTO B  THOPHIHYIO  apXHUTEKTYypy  CHCTEMBI
MepCOHANN3AlMH, KOTOpPBIM OOBEAMHSAET NPEUMYILECTBAa pPA3IMYHBIX aQJITOPUTMOB MAIIMHHOTO
oOyyeHHs] M OOECHEeUYMBAaE€T MHOTOYPOBHEBYIO HHTEPIPETHPYEMOCTh 0€3 KPUTHUECKOW moTepu
TOYHOCTHU TpefckazaHuid. Llenbio maHHOTO HMccienoBaHue SIBISETCS pPEIIeHHEe ONMMCAHHOM HayuyHOM
3a/laud MyTeM CO3JaHMsI KOMIUIEKCHOH CHCTEMBbI, OObEIHHSIOMEH KIACCUYECKUE BEPOSTHOCTHBIC
mozenu (BKT, IRT) nnst 6a3oBoii nHTEpHpeTHpYEeMOCTH, ITyOokue HeiiponHsle cetu (deep neural
networks: ceru nonroit kparkocpounoil namsatu (Long Short-Term Memory, LSTM), mexaHu3msl
BHUMaHHA (attention mechanisms)) 1 BBICOKOH TOYHOCTH, M CIIOH HHTEPIPETUPYEMOCTH
JUIS TIPeAOCTaBICHUs] OOBSICHEHUH pa3MYHbIM KaTeropusM MoJb30Bareseil, obecneuuBaromiei
ABTOMATUYECKYIO aJanTaluio y4eOHOro mporecca K MHAWBHUIYalbHBIM OCOOCHHOCTSIM CTYIEHTOB
B pEXHMME pEajJbHOIO BPEMEHHU C BO3MOYKHOCTBbIO MHTEPIPETUPYEMOCTH NPEACKa3aHUI U PaHHETO
BBISIBJIICHUSI PUCKOB OTUYHUCIICHMSL.

['mnore3bl uccieNOBaHUS MPENNONaraloT, 4YTo THOpHIHOE KOMOMHHMPOBAHHE METOJOB
DKT u BKT ¢ oNTUMH3UpOBAHHBIMM BECAMH MO3BOJMUT IMOBBICUTH TOYHOCTH IpEACKa3aHUs
OCBOCHHS HaBBIKOB IPU COXPAHEHUHU HHTEPIPETUPYEMOCTH UYepe3 BEPOSTHOCTHBIE MapaMeTphl
(Li&Leong, 2024). Ilpumenenwe Monmenu Teopun orBera Ha 3amanue IRT g amanranuun
CIIO)KHOCTHM 3aJlaHUIl B 30HE OMM>KallIero pasBUTHsS (C BEPOATHOCTHIO YCIEIIHOTO BBIMOJIHEHUS
okosio 0.7) MOXXET CHU3UTh KOTHUTHUBHYIO MEpEerpy3Ky M YCKOpUTb ocBoeHHe marepuana (Orsoni,
et al., 2023:16-28). HcnonszoBanne LSTM cuctem mo3Bomut moaensm pocturath AUC (Area
Under the Curve Mmerpuka kauectBa Mmoneiu) 86-90% mnpu aHamu3e aKTUBHOCTH CTYIEHTOB
(Fazil,Risquez,&Halpin,2024:23-41). 3Ha4MMOCTh JAHHOTO HCCIEIOBaHHS 3aKJIIOYaeTCs B
Pa3BUTHHU METONOJIOTHH MPUMEHEHUsI UCKYCCTBEHHOTO MHTEJUIEKTa B 00pa30BaHUM, CUCTEMHU3AINH
MOAXOJ0B K MepcoHanu3anuu oOydeHus. llpakrhyeckas IEHHOCTh COCTOMT B BO3MOYKHOCTH
MHTETpaly pa3pabOTaHHBIX PELIeHUIl B peanbHble 00pa3zoBareibHbIe MIATGOPMBI AJIsi CHUKECHUS
OTCEBa CTYAEHTOB, ONTHMM3AIMM HArpy3KH TMpernojaBareieid MW MOBBIMICHUS 3(PPeKTUBHOCTH
00pa30BaTeNbHOTO MPOIECCa B YHUBEPCHUTETAX, OHJIAWH-IIKOIAX M KOPHOPATUBHBIX CHCTEMax
o0y4eHHs.

Marepuagbl u MeToabl. lccienoBaHue OCHOBAaHO Ha CHCTEMHOM IHOAXOAE K
MIPOEKTUPOBAHUIO HHTEJUIEKTYaJbHBIX OOpa30BaTeNIbHbIX CUCTEM C IPUMEHEHHEM METOJOB
IyOokoro  oOydeHHs, MHUKPOCEPBHUCHOM  apXHUTEKTypbl U  OOBEKTHO-OPHEHTHPOBAHHOTO
MOJIEIMPOBaHus. TecTHpOBaHWE CHCTEMbI BBINOJIHAJIOCH HAa CHHTETHYECKH CreHEPUPOBAHHOM
naracere. BpIOOp CHHTETHYECKOTo Jaraceta oOycioBiIeH TpeMs ¢akTopamu. Bo-mepBbix,
OTCYTCTBHEM IyOIMYHO  JOCTYIHBIX KPYyHHOMAacIITaOHBIX  OOpa30BaTENbHBIX  J1aTaceToB,
coZiepXallluX TIOJHBIA HAOOp HEOOXOMUMBIX XapaKTEpUCTUK, BKIIOYAsl IOCIENI0BaTeIbHOCTU
neicTBuif  00ydarouuxcsi, pe3ysibTaThl OLICHWBAaHUS, METaJaHHble AaKTUBHOCTH U HpOoQUiIH
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CTYICHTOB. BO-BTOpBIX, HEOOXOAMMOCTBIO COOMIOAEHUSI TpeOOBaHUN KOH(PHUICHIMAIBLHOCTH U
HopM GDPR (General Data Protection Regulation, O6muii periaMeHT Mo 3aliuTe JaHHBIX) MPU
pabote ¢ oOpa3zoBare’IbHBIMU JAaHHBIMU. B-TpeTbHX, BO3MOKHOCTBIO KOHTPOJUPYEMOI T'eHepaliu
pa3HOOOpa3HbIX cClieHapueB OOy4YeHHs, B TOM YHWCJIE€ TPAHUYHBIX CIy4aeB, AJSI BCECTOPOHHETO
TECTHUPOBaHUS pa3paboTaHHON cucteMbl. CuHTETHYECKMH JataceT OB CreHepHpOBaH C
WCTIOJIb30BaHUEM CTAaTHCTUYECKHX MOJeNel, OTKaJMOpOBaHHBIX IO TapamMeTpaM peajbHBIX
oOpa3oBareNbHbIX IIaTGOpM, BKIIOYAs pACIpe/eleHUe OIEHOK, 4YacTOTy B3auMOAECHCTBUI
U JUTUTENBHOCTh yueOHBIX ceccuil. Jlaracer comepkutr 100 000 B3amMoOmeHCTBUN CTYIEHTOB
c oOpa3oBareibHBIM KOHTEHTOM, oOXBaThiBalOmIMX 50 HaBbikOB M 500 yHHKaIbHBIX Y4YeOHBIX
MarepuanoB. IIponenypa renepanuy BKIIOYala HOPMaJbHOE PACIPENEICHHE YCIEBAEMOCTH (U =
0.65, o = 0.15), ’KCTIOHEHIIMAILHOE pacIpeeieHne JMTeNnbHOCTH ceccuil (A = 0.02), a Taxxke
MapKOBCKYI0 MOJI€b IOCJIEA0BAaTeIbHOCTH JAEUCTBUN C MaTpHUILed MepexoJ0oB, OCHOBAaHHOW Ha
0000ménnpx maHHblXx MOOC-mnargopm. OCHOBHBIM OTPaHHMYCHHEM CHHTETHUYECKOTO Jaracera
SBJISIETCSI OTCYTCTBHE PEalbHON BapUaTHUBHOCTU IMOBEIEHYECKUX MATTEPHOB CTYAEHTOB, BKIIOYAS
HEeJMHEWHbIe TPAaeKTOPUHU OOYy4EHHs, SMOLMOHAIbHbIE (DAKTOPBHI M COIMAJIbHBIC B3aHMMOJIEHCTBHUSI.
CuHTeTHYeCKHEe JaHHbIE HE MOTYT IOJHOCTBIO OTPa3UTh CIOKHOCTHh PEalbHBIX 00pa30BaTeIbHBIX
MIPOLIECCOB, TAKUX KaK BIUSHUE BHEIIHUX (PaKTOPOB (ceMeiiHas cutyauus, paboTa) Uil celuuuKy
pa3IMuYHBIX TUCHUIUIMH. B nanbHelmem mnpeamnosiaraeTcss BajuJalus CHUCTEMbl Ha peabHbIX
naaaeix LMS-mutatgpopm (Learning Management System, cuctema ymnpaBieHHs OOyYEHHEM) C
UCTIOJIb30BAHUEM aHOHMMU3HPOBAHHBIX U arperHPOBAHHBIX JIOTOB aKTUBHOCTU OOYYArOIIUXCS, YTO
II03BOJIUT NOATBEPAUTH YCTOMUMBOCTD U IPAKTUYECKYHO IPUMEHUMOCTD IPEUIOKEHHBIX aITOPUTMOB
B YCIOBHMSX pealbHOro oOpa3oBarenbHOro mnpornecca. Jlng peanuzauun ML-KOMIIOHEHTOB
HCIOJIb30BaH COBpPEMEHHbIN (peiliMBOpK Iimyookoro oOyuenust PyTorch. ApxutekTypa cucteMsl
peanu3oBaHa B BHJIE UETHIPEXYPOBHEBOM MUKPOCEPBUCHON MOIeNH, 0OecreurBarollel He3aBUCUMOe
MacIITaOMpoBaHHE KOMIIOHEHTOB U TEXHOJIOTHYECKyl0 THOKocTh (Ataei & Staegemann,2023).
VYpoBeHb JaHHBIX BKIIIOUAET PEIISALIMOHHBIC H JJOKYMEHTO-OpUEHTUPOBAHHBIE XPAaHUIIHUILA, iN-Memory
KIIIMPOBaHME 1 0236l BpEMEHHBIX PSJIOB, UTO oOecrieunBaet 3(ppekTuBHyI0 paboTy ¢ pa3HOPOAHBIMU
o0Opa3oBaTeNbHBIMHU JaHHBIMU. JlaHHBINA ypOBEHb 00€CTIeUrBAET TOPU30HTAIBHOE MAacIITaOUPOBAaHKE
U PEIUIMKALMIO JAaHHBIX. YPOBEHb HCKYCCTBEHHOTO WHTEIJIEKTa pEealu30BaH KakK OTAEIbHBIN
Python-cepsuc ¢ REST-untepdeticamu n nomnepxkkoit GPU-yckopeHUs, BKIIOYAIONIUNA MOIYIH
OTCJIE)KMBAaHUS 3HAHWM, NpPEACKa3aHUs YCIEBAEMOCTU U IEPCOHAIU3UPOBAHHBIX PEKOMEHAALUN
(Zhao et al.,2023).

Monyne orcnexuBanus 3HaHuil (Knowledge Tracing, KT) peanusoBan B Buje ruGpuHoi
aApXUTEKTYpbl 00BbETNHSIONIETO METO/IBI IITy00KOT0 00yueHus u 6aitecosckue moaenu. DKT noctpoen
Ha ocHOBe LSTM-apXHUTeKTyphl C MEXaHH3MOM MHOTOr0j10BOro BHUMaHus (multi-head attention), uto
MO3BOJISIET MOAEIUPOBATh BPEMEHHYIO IMHAMUKY OCBOEHHUS HABBIKOB U YUHTBIBATH JOJTOCPOYHBIE
3aBHCUMOCTH B MTOCIIEIOBATEIILHOCTAX ACUCTBUI 00ydaromuxcs. BxoqHple TaHHbIE TPEACTABISIOTCS
B BUJIe nocienoBartenpHocTer nap (skill id, is_correct), a BBIX010M MOAENIH ABJISIOTCS BEPOSTHOCTU
KOPPEKTHOTO BBINOJHEHMsI 3aJaHuil mo kaxzaomy HaBblKy (Shukurlu, 2025). Hcnonws3zoBanue
attention-mexanu3ma obecreyrBaeT (HOKyCHPOBKY MOAETH Ha Hanbonee MHPOPMATUBHBIX MPOILIBIX
B3auMoOIeHCTBUAX Tpu (popmupoBanuu npenckazanuii. BKT peanuzoBan kak kiaccuueckasi MOIeNb
CO CKpBITBIM MAapKOBCKHM IIPOLIECCOM, NAapaMETPU3YyEMbIM BEPOSITHOCTSIMH HAYaJIbHOIO 3HAHUSA,
oOyueHwusi, omMOKH, yraJaplBaHus U 3a0biBaHMs. baiiecoBckoe 0OHOBIIEHHE MapaMeTPOB MO3BOJISIET
HMHTEPIPETUPOBATh JUHAMHUKY OCBOCHHSI HABBIKOB OOyYaroIIMMHUCS U o0OecreurBaeT Mpo3payHOCTh
npenckazanuii Monenu. Mcmonb3yem OaitecoBckoe oOHoBieHue (1) st mepecyeTa BEpOSTHOCTU
3HAHUSA MOCJIE KaXI0T0 OTBETA CTYACHTA.

P(obs | Ly,) x P(Ly)
P(obs)

rne P (L,) — anpropHasi BeposITHOCTb 3HaHwusi, P (0bs | L, ) — BepOSITHOCTh HAOIIOIAEMOTO

P(L, | obs) = (1)
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OTBETa MPH JAHHOM YPOBHE 3HAHMS.

[lpy mnpaBUIBPHOM W HEMPABWIBHOM OTBETE CTYACHTAa TPHUMEHSIOTCS MoAu(UKaIus
ypasuenus (1), yunteBaronmii P (S) — BepositHOCTh O1nbKku, P (G) — BEpOSTHOCTD Yra/IbIBaHHS.
O1u nepeMeHHble yBenmuuuBaeT P (L,), €Clu CTYAEHT OTBETHJ MPAaBUIBHO, U COOTBETCTBEHHO
YMEHBIIAET, €CJIM OTBETUJI HEMPABUIBHO C YY€TOM TOTO, YTO MPABHIBHBIA OTBET MOT OBITH MOTYYECH
CJIy4aiiHO yepe3 yraJibIBaHue.

[Tocne oOHOBIIEHUS BEPOSTHOCTHU 1O hopMysam (2) mpUMEHseTCs ITan 00ydeHus:

P(Lafter) = P<Ln) + (1 - P<Ln>> X P(T)yp(Lfinal) = P(Lafter> X (1 - P(F))7 (2)

rne P (T) — BepOsSTHOCTh HAyYHTHCS HABBIKY IOCIE OIHOTO B3aMMOJCHCTBHUs. YpaBHEHHE
(2) momenupyeT TOT (hakT, U4TO KaXkJ0€ 3aJaHHe — ATO BO3MOXKHOCTH JUId 0OydeHus. DPuHaIbHO,
yuuthiBaeTcs 3 ekt 3abbiBanust, P (F') — BepOsSTHOCTH 3a0bITh HABBIK CO BPEMEHEM.

I'u6punnsiit Knowledge Tracer. s oovenunenus npeumytiects DKT (BbIcOKast TOYHOCTB)
u BKT (uHTEpnpeTHpyeMocTh) Mbl HCIIOJIb3YEM B3BELICHHYIO KOMOMHAIINIO X IpeCcKa3aHuil:

sz'nal = 0.7 X Ppgr + 0.3 X Pggr (3)

BecoBble k03¢ ¢uIMEeHTh 1MOJ00paHbl SKCHEPUMEHTAIbHO Ha BAJIMAALMOHHOM BBIOODKE.
Boneimii Bec ormaercss DKT-momenu Omaromapsi e€ Oosiee BBICOKOM TOYHOCTH, B TO BpeMs Kak
BKT obecneunBaeTr MHTEpHpEeTUPYEMOCTh depe3 siBHble mapamerpnl (Xu, et al., 2022). Takoii
oaxoJ obecrneynBaeT BbICOKYIO TO4HOCTh mnpenckasanuii DKT ¢ untepnperupyemoctoio BKT.
Cuctema BO3BpallaeT He TOJBKO (UHAIBHOE IpEJCKa3aHWe, HO U JIeTAIN3alHI0 BKJIAJ0B KaXI0H
MOJIEJIN, YTO KPUTUYHO AJI1 MHTEPIPETUPYEMOCTH MOJIEIH NIpenoAasaressiM. Moayib npeackazaHus
yCIIEBAEMOCTH PEaTN30BaH KaK MHOT033a4HbIi MPEAUKTOP HA OCHOBE INIyOOKOW HEHPOHHOM CeTH.
Apxurekrypa Brimoyaer LSTM nns 06paOoTKHM BPEMEHHBIX MOCJIEI0BATEIbHOCTEN U U3BJICUCHHE
npu3HakoB (feature extractor) W3 MONTHOCBS3HBIX CIOEB. UeThIpe CHENMATIU3UPOBAHHBIE TOJIOBHI
IIPEJCKa3bIBAlOT UTOTOBYIO OLICHKY, PUCK OTYMCIIEHHS, BPEMs 3aBEPIICHUS Kypca W IPEAIIOYTCHHE
CIIO)KHOCTH KoOHTeHTa. CucTemMa paHHEro NpeAyNpeXIeHUs KIacCUPUIUPYET CTYIACHTOB IO
YPOBHSIM pHUCKa (BBICOKHMH, CpEIHUM, HU3KMH) M aBTOMATUYECKH T'€HEPUPYET HHTEPBEHIMU
COOTBETCTBYIOLIETO MpuopuTeTa. ' MOpUAHAs apXUTEKTypa cucTeMa 00beINHAET KOJI1a0opaTUBHBIN
(collaborative filtering), konTeHTHBIN (content-based) W KOHTEKCTHO-3aBHCHUMBIN (context-aware)
MOAXOAbl C MEXaHW3MOM BHHMMAaHHUS, YTO OOECIEeYMBAET BBICOKOE KayeCTBO PEKOMEHIAIMH MU
UHTEpIpeTUpyeMocTh (Xie, 2024).

JUIs aganTUBHOTO B3BEIIMBAHUS KOMIIOHEHTOB PEKOMEHAATENBHON CHCTEMBI NPUMEHSIETCS
ME€XaHU3M MHOIOTOJIOBOTO BHUMaHUs. Beca BHUMaHUS BBIYUCIIAIOTCA CIIELYIOIIUM 00pa3oM:

a = Softmcm: <W2tanh (Wl [euseT7eit6myecont6nt7€skill7econtext])) 3 (4)

rne Wi, Wy — oOydaeMble MaTpulbl JIMHEHHBIX MpeoOpa3oBaHMil, a BBIXOA a — Beca
BHUMAaHUS AJIs MATH KOMIIOHEHTOB (user, item, content, skill, context). @opmyna (4) mo3BosmsieT
CUCTEME aBTOMaTHYECKH OIPEENSITh BAXKHOCTh KaXKIOTO KOMIIOHEHTA B 3aBUCHMOCTH OT KOHTEKCTa
MIOJIH30BATEIIS.

BeposTHOCTh B3aMMOJCHCTBUS CTYIEHTa C MAarepuajioM BBIYHCISETCS C OMOIIBIO
MHOTOYPOBHEBOM HelipoHHOM ceTn (MLP), koTopas momy4yaeT Ha BX0A 00beTMHEHHOE MPEICTABICHHE
T KOMIOHEHT (user, item, content, skill, context). Pe3ynmprar paGoThl ceTH MPOXOAUT Uepe3
CUTMOMJIHYIO aKTHUBAIIUIO, TIOCJIE YeTO KOPPEKTUPYETCS IEPCOHABHBIME CMEIIIEHUSMH MOJIb30BaTeNs
U aneMenTa (user/item bias). Takas cxema MO3BOJISIET YUUTHIBATh KaK OOIIME MATTEPHBI MOBEICHHUS
00y4Jarommxcsi, TaK ¥ HHIUBUIYaTbHBIC TpeanodTeHus. s 00yueHus: Ha HesIBHOW OOpaTHOM CBS3U
npumensiercs Bayesian Personalized Ranking (BPR) Loss, MmakcuMu3upytoiasi BEpOSITHOCTh TOTO,
YTO MOJOKUTEIbHBIE IPUMEPHI OyAyT UMETh 00JIee BHICOKHE OIICHKH, YEM OTPHIIATENIbHEIE.
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Jnis myneTu3agagHoro oOy4denwust pazpadorana MultiTaskLoss ¢ TpeMst KOMITOHEHTaMH:

Ltotal = 1w - BCETBC + wo - MSEtime + w3 - BCESUCC&SSJ (5)

rae wi, we, W3 — HAacTpauBaemble Beca 3aaa4y, BC'E — OunapHas kpocc-oHTporus, MSE
— cpeaHekBaJpaTuyHas omuOka. [lepBblii uieH B (5) ONTUMM3HMPYET KadyeCTBO PEKOMEHAIUi
(ocHOBHas 3ajada), BTOPOW — TOUHOCTb HPEACKA3aHUS BPEMEHHU BBIIOJHEHUS MaTepuaia
(BcomorarenpHas 3ajada), TPETUH — BEPOSTHOCTh YCIEHIHOIO 3aBEPLIEHUS CTYIEHTOM.
Hcmonp30BaHre MHOTO3a7aq4HOTO OOyueHus 1o Gopmyie (5) Mo3BOJsIEeT MOJAEIU BBIYYHTH Oolee
yHHUBepCcajbHbIe MPEICTaBICHUE, YIIydllas KaueCTBO KaXKIOW OTAeabHOW 3amauu depes s dext
TpaHcepHoe oOyuenue (transfer learning).

Ha pucyHke | mnokaszaHa wWUIIOCTpalds apXUTEKTYphl MHTEIUIEKTYaJbHOM CHCTEMBbI
MepcoHaNM3alu 00pa30BaTeIbHON TPACKTOPHH, OCHOBAHHON Ha MPUMEHEHUH aHcaMmOlid Mojese
MAalIMHHOTO O0y4Y€HHUs U OTCIS)KUBAHUS 3HAaHUN. BXo/HbIe TaHHBIE BKIIIOYAIOT: MPOQIIN CTYIEHTOB
(Students) ¢ xapakrepuctukamu ctuiist o0yueHus (learning_style: visual, auditory, kinesthetic, digital)
u ypoBHs HaBbIKOB (skill level). Pe3ynbrarel oneHnBanue (assessments) IjIsi MPOBEPOK 3HAHHMA C
OLICHKOW M MaKCHMaJIbHOM OLIEHKOH (Score, max score) W KOJMYECTBOM MOIBITOK (attempts). Jloru
akTuBHOCTH (Activity logs) conepkaT JAeTalu3upOBaHHBIE 3alUCU JEMCTBUN 0O0ydarolmuxcs ¢
TUTIOM JIeWcTBHs (action type), JUIMTEIBHOCTBIO B cekyHaax (duration seconds) u MeTamaHHBIMHU
(metadata) moctymnator B AI/ML cnoii, BKIIOYArOIIHI HECKOIBKO KITIOYEBBIX KOMIIOHEHTOB: MOMIYJIb
amantanuu cnoxHoctu 3amanuii (Difficulty Adapter), peanu3yroomuii Teopur0 OTBeTa Ha 3aJaHUE
IRT u neiiponnyto IRT (Neural IRT), peanusyrommii oneHKy crocoOHOcTel oOydaromierocs Ha
OCHOBE MOJIENIM OTKJIMKAa Ha 3ajaHue M e€ HelpoHHbIX pacmupeHuil. Kommonent Knowledge
Tracer, obecrieunBaOmUi OTCIEKUBAHUE IUHAMUKH YCBOEHHS 3HAHUI C MOMOUIbIO TMOpUIHON
apxutektypsl, oobenunstomero DKT u BKT. I'mOpuansiii apxutektypa pekomenmanuii (Hybrid
Recommender) ¢opmupyer nepcoHaNIU3UPOBAHHBIE PEKOMEHIAIMH 00pa30BaTebHOTO KOHTEHTA
Ha OCHOBE TPEXKOMIIOHEHTHOM apXUTEKTyphl: KojulabopatuBHas ¢uisTpanus (collaborative
filtering) BBIABISET MATTEPHBI YCIEIIHOTO OOYYEHHUS Y CXOXKHUX IIOJIb30BaTeliel, KOHTEHTHas
(bunbTpanys aHaJIU3UPYeT CEMAHTUYECKOE COOTBETCTBHE MaTepuajoB Mpoduiio oOyyarouierocs, a
KOHTEKCTHAsl COCTABJISIONIAs YYUTHIBACT TEKYIIYI0 CUTYalHIO (BpeMs CYTOK, YCTPOHCTBO JOCTyIa,
npeiiecTByromue aeiicTBus). Beca KOMIOHEHTOB pEKOMEHAATETbHONH CHCTEMBbl JAMHAMUYECKU
OamaHCHUPYIOTCSI B 3aBUCHMOCTH OT O0BbEMa HAKOIJICHHBIX JaHHBIX O IIOJb30BaTese, peras
npobieMy «xosxoxHoro crapra» (cold start) st HOBBIX 00YYarOIIMXCs, a TAKXKE MpesicKa3aTeabHast
mozenb (Performance Predictor) mocTpoeHa Ha apXUTEKType MHOI03aJadyHOW pPEKYpPPEHTHOM
HEUPOHHOW CETH C JIONOM KpAaTKOCPOYHOW MaMAThIO, KOTOpask OJHOBPEMEHHO pEIIAeT YEThIpe
B3aMMOCBSI3aHHbBIE 3aJa4yd: MPOTHO3MPOBAHHUE BEPOATHOCTH YCIEHIHOTO BBIMOJIHEHUS 3a/JaHus,
OLIEHKa pHCKa OTCeBa 00ydarollerocss U3 o0pa3oBaTeIbHON MPOrpaMMBl, MpecKa3aHue BPEMEHHBIX
3aTpaT Ha OCBOEHHE MaTepualla U ONpPENEJICHUE WHAUBUAYAJIbHBIX IPEANOUTEHUM IO YPOBHIO
CIOKHOCTH. MHOro3anadnasl apxuTektypa obecrneuuBaeT 3(P(GEKT MONOKHUTEIBHOTO TEepeHoca
MEX/1y 3a/ladaMy M MOBBILIIAET POOACTHOCTH IMpe/ICKa3aHui 3a CYET COBMECTHOTO 00yUYeHHUs 00IIuX
MpeACTaBICHUMN.
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Pucynoxk 1. ApXxuTekTypa cuCTEMBbI TEpCOHANIM3AIMHY 00pa30BaTEIbHBIX TPACKTOPHI

Pesynprarel aHanM3a JaHHBIX MCIONB3YIOTCS A ¢dopmupoBanus Top-K pexomennammii,
IIPOTHO3a YPOBHSI OCBOEHMS MaTrepuaja U BEPOSTHOCTH OTCEBA, HA OCHOBE KOTOPBIX BBINOJIHSAETCA
reHepalus epcoHaNIbHOM 00pa3oBaTeIbHON TpackTopuu. Jlanee cucrema mpoBOIUT KIACCU(PHUKALIUIO
pHcKa 00yJaromerocs o TpéM ypOBHSIM - BEICOKOMY, CPEIHEMY H HU3KOMY, UTO OTIPEIENIIET XapaKTep
MOCJIEAYIOMINX ACHCTBUN: MPU BBICOKOM PHUCKE AKTUBUPYIOTCS WHTECHCHUBHBIE WHTEPBEHIIUHU, MPHU
CpPEIHEM YpPOBHE NMPUMEHSIOTCS YMEPEHHBIE KOPPEKTUPYIOIINE BO3ACHCTBUS, a IPU HU3KOM YPOBHE
OCYIIECTBIISIETCS JIUIIb MOHUTOPUHT 0€3 BMelaTeNnbcTBa. B mporecce o0yueHus: oCyliecTBIseTcs
JIOTUPOBaHNE aKTUBHOCTH M OOHOBIIEHUE COCTOSHUS 3HAHUU C UCTONIb30BaHneM MexaHu3mMoB DKT,
BKT wu IRT. Ilpu HeoOX0qUMOCTH CHCTEMa BBINOJIHSET aJaNTalMI0 TPACKTOPUU B 3aBUCUMOCTH
OT TeKyIIMX IIoKa3aTeje mporpecca M pe3yldbTaToB MPOMEKYTOUHOro TtectupoBanus. Ilocie
3aBepUIeHUsT y4eOHOrO MOJYNs MPOBOAUTCS MOCT-TECTOBAs OIIEHKA M BBIYMUCISETCS IMOKa3aTelb
nonyuyeHHble 3HaHusA (Learning Gain), oTpaxaromuid mnpupocT oOydeHHocTH. Ha ocHOBaHHMH
HAKOIIJICHHBIX JAHHBIX MPOUCXOIUT MHKPEMEHTAJIbHOE OOHOBIIEHHE MapaMEeTpOB MOeNeH, a MmpH
JOCTH)KEHUH JIOCTaTOYHOTO O0BbeMa HOBBIX MJAHHBIX - MOnHOe mnepeoOyuyenune moxayneir DKT,
Recommender u Predictor. Takum 00pa3om, npeacTaBieHHass apXUTEKTypa peajnu3yeT 3aMKHYTHIH
[UKJI aJalTHBHOTO OOy4eHHs, 00eCIeUnBaIOMNN JTMHAMUUYECKOEe OOHOBIIGHHE 00pa30BaTEIbHOM
TPACKTOPUU U HEMPEPHIBHOE MOBBIIIEHHE TOYHOCTH MEPCOHATU3NPOBAHHBIX PEKOMEHAAIIHI.

Pa3znen o6cy:xnennsi. CoBpeMEHHbIE HCCIENOBaHUS B 001acTH MOJEIMPOBAHUS 3HAHHMA
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CTYJIEHTOB JI€EMOHCTPHUPYIOT IEPEXO] OT IMPOCThIX BEPOATHOCTHBIX MOJENEH K 0oJee CI0XKHBIM
u uHTepnperupyembiM apxurektypam. Shukurlu (2025) monepumsupoBan kinaccuueckuid DKT,
3ameHuB ctaHgaptHble RNN Ha LSTM u pekyppeHTHBIX SY€eK C YNPABISIEMBIMU BpaTaMu
(GRU), a Taxke cucTeMaTHYeCKH CPaBHMUI pa3iIHyYHble ONTUMU3ATOPHL. llomydeHHbIE pe3yiabTaThl
MOKa3ajy, 4TO aJalTHBHbIE METOABl OOyYeHHs, Takue Kak ontumu3aropoB (Adam, AdamW),
obecrieunBaloT 0Oojiee OBICTPYIO CXOIMMOCTH M BBICOKYIO TOYHOCTh, a LSTMIlapXuTeKkTypsl
Jdy4llle CIpPABISAIOTCA C JJIMHHBIMU IOCJIEOBATEIIbHOCTSIMH, YTO MOATBEPKAAECT AKTyaJbHOCTb
HCIIOJIb30BaHMsI COBPEMEHHBIX PEKYPPEHTHBIX Mojiesieil B 00pa3oBaTebHOM MojenupoBanuu. Fazil,
Risquez u Halpin (2024) npemnoxunu monens ASIST, koTopas codueraer IByHamnpaBlIeHHOMN
LSTM (BiLSTM), cBeptounbix HelipoHHbIX cereil (CNN) M MexaHW3M BHUMaHUS JUIA aHAIW3a
JMaHHBIX BUpTyasbHOU oOyyaromieit cpensl (VLE). Mx pesynbrarsl (AUC 0.86—-0.90) noareepxaatoT
3¢ (}EeKTUBHOCTh KOMIUIEKCHOTO MOJIEIMPOBaHMs IOBEACHUS CTYIAEHTOB M Ba)KHOCTb PAHHETo
MIPOTHO3UPOBAHUS JJIsl UHTepBeHUUN. B oOmactu mepconanusupoBaHHoro oOyuenus Naseer u ap.
(2024) mpoBenyu KOHTPOJIUPYEMBIN SKCIIEPUMEHT B BBICIIIEM 00pa30BaHUM, IMOKa3aB 25% ynydlieHue
yCIIeBAEMOCTH U BOBIEUEHHOCTH Tpu wucnonb3oBanuu Allmmargopmsr ¢ DL lanroputmamu,
YTO SBISETCS PEIKUM MPUMEPOM SMITMPUYCCKON BAIMIAIMH MEPCOHATM3UPOBAHHBIX TPACKTOPHIA
B peanbHbIX ycnoBusx. Orsoni um ap. (2023) umnterpupoBasiu reinforcement learning u Item
Response Theory nnst pekoMeHmanuii MaTeMaTHYeCKUX 3a7a4, PaciIupsisi BO3MOXKHOCTH aJlanTaIlvu.
OnHako OONBIIMHCTBO 3TUX paboT penko ooveauHaAwT KT u pekoMeHnaluu B €IWHOW CHUCTEME.
C Ttouku 3penust uHppactpyktypsl Zhao u gp. (2023) omucamum PyTorch Distributed Data
Parallel, obecneunBaromuii Macmrabupyemoe obyuenue Ha cotHax GPU, a Ataei u np. (2023)
MOKa3aJl NPEeUMYIIeCTBAa MHUKPOCEPBHUCHON apXHUTEKTYPHl Ui OOpa30BATENBHBIX MPUIOKCHHM.
OTu ucciaenoBaHMs BaXHBI JUISL MpakTHUecko peanuzauuu production-ready cuctem, HO OHHU
HE CBS3BIBAIOT HMH(PACTPYKTYypy HampsMylo ¢ oOpa3oBaTelbHBIMU 3aJadaMd M BOIPOCAMU
UHTEPIPETUPYEMOCTH.

AHanu3 TUTEepaTyphl BBISBISIET HECKOIBKO MPOOETOB: OOJBIIMHCTBO PabOT (POKYCHUPYIOTCS
m6o Ha TouHoctu KT, mmbo Ha pekOMEHIAIMIX, HO PEIKO MHTETPUPYIOT UX B CIUHYIO CHCTEMY.
NHuTepnpeTrpyeMoCcTh OCTAETCS BBI30BOM, IOCKOJIbKY ITyOOKHE MOJAENIN YacTO OCTAIOTCs «YEPHBIM
smukomy. [Ipaktryeckast macmradbupyemocts (latency, GPU-yckopenue, MUKpOCEpBUCHI) TIOYTH HE
paccMmarpuBaeTcsl B aKkaJeMHUYECKUX MyOnukanusx. HeqocTatoyHo sMOMPUYECKUX HCCIETOBaHHMA
Ha peallbHbIX 00pa30oBaTelbHBIX JIaHHBIX, OCOOCHHO B yHHBEpCUTETaX. Bkiajg maHHON paboThI
3aKJIIOYaeTCsl B BOCIIOJHEHMM JTUX IpoOenoB. PaspaGoraHHas cucTeMa IepCcOHAIM3AMU
oobenunser DKT (ms Bbicokoit Tounoctu) m BKT (ans uHTEpmperupyemocTd) B pamkax
THOPUIHON apXHUTEKTYPhI, BKJIFOYACT MHOTO33Ja9HBI TMPEIUKTOP YCIEBAEMOCTH W THOPHIHYIO
ApXUTEKTYpy pPEKOMEHIAluii B paMKaX MHUKPOCEPBHCHON HWHQPPACTPYKTYphl, o0bOecrednBaeT
production-ready peanmzamuio (GPU-yckopenmne, Kubernetes, TorchScript, A/B Ttecto) u
nemMoHcTpupyet smnupudeckue pesynsrarel (DKT accuracy 77.7%, Performance Predictor RMSE
0.193, Accuracy pass 0.76). Cucrema BO3BpalllaeT CTPYKTYpPHUPOBAHHYI HHTEPHPETUPYEMOCTH
MOJIeIM C JeTalu3aluedl BKJIAJOB KaXKJIOT0 KOMIIOHEHTAa, YTO I[O3BOJISIET IMPErojaBaTeliiM H
CTy[IEeHTaM MOHUMAaTh, TIOYEMY KOHKPETHBI KOHTEHT PEKOMEH/OBaH, a OailiecoBCkoe OOHOBIECHHE
napaMeTpoB obecreunBaeT Npo3pavyHOCTh MPeaCKa3aHui.

B cpaBHeHMM C anpTepHaTUBHbIMM noaxomamu: cucrtema ASIST  wucnonb3yer
BiLSTM+CNN+Attention mns KT wu agemonctpupyer AUC 0.86-0.90 nns mpenckazaHus
yCIIEBAEMOCTH, OJHAKO PEKOMEHJAIlMM KOHTEHTa OTCYTCTBYIOT, a HWHTEpPIPETUPYEMOCTD
obecrieunBaeTcs 4YacTHYHO uYepe3 Buiyanum3anuio attention weights. Al-mmardgopma Naseer
NOJ/IeP)KUBAET peKoMeHIanuu, HO TouyHble MeTonbl KT u ypoBeHb HHTEpIPETHPYEMOCTH HE
ykazanbl. RL+IRT cucrema Orsoni ucnonbdyet IRT mist KT u RL nns pekoMeHanwii, moka3siBast
BBICOKYI0 3((EKTHUBHOCT, B CHELMAIU3UPOBAHHOM 3ajjaye pPEKOMEHJALMU MaTeMaTH4YeCKUX
3a/IaHAi, OJHAKO OTpaHMYeHAa B (PYHKIIMOHAIBHOCTH W HE moanepxkuBaeT production-ready
apxutekTypy. [IpenmyiiecTBa pazpabOTaHHOTO MOIXO0Ja BKJIIOUAIOT KOMIUIEKCHOCTh — MHTErPALIUIO
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KT, pexomeHmanmuum W TpeACKa3aHUs YCINEBAEMOCTH B EIMHON apXUTEKType, OajlaHC TOYHOCTH
u uHTepnpeTupyemoctu Onaronapst rubOpunHomy couetanutro DKT u BKT, production-ready
pealM3alui ¢ MHKpPOCEepBUCHOM apxuTekTtypod u GPU-yckopeHueM, a Takke OTKPBITOCTh
KOMIIOHEHTOB Ul aJanTalui U BHeApeHus. OrpaHudeHUsIMH SBISIIOTCS  HEOOXOAMMOCTH
JAJbHEWIIE SMIOUPUYECKOM BaJIMJALMM HA PEAJbHbIX JAHHBIX [JI IIOBBILIEHUS BHELIHEH
BaMIHOCTH. OCHOBHBIM HAaIIpaBJIEHUEM JAJIbHEHIIIETO Pa3BUTHUS ABISETCS PACIIMPEHNE BaTUAALNN
Ha peajbHble 00pa3oBaTebHbIC JaHHBbIE ISl JOCTHXKEHHSI COIOCTAaBUMOIO YPOBHSI BHEUIHEH
BaJTUAHOCTH W TIOATBEPXKACHUS JPGEKTUBHOCTH THOPHIHON apXUTEKTypbl B Pa3HOOOpa3HBIX
00pa30BaTeNbHBIX KOHTEKCTaX.

Pesyabrarbl. Pa3zpaboTanHas cuctemMa NepCOHANU3ALMU OO0pa30BaTENbHBIX TPACKTOPHIA
o0ecrieynBaeT KOMIUIEKCHOE pEIICHHE C TNPUMEHEHHEM COBPEMEHHBIX AapXHUTEKTyp IIIyOOKOTro
oOy4yeHHsI M MHUKPOCEPBUCHOIO MOAX0oAa. MHUKpOCepBUCHAs apXWUTEKTypa C BbLAEJICHHBIM
Python ML-cepBucom obGecneunBaeT HE3aBUCHMMOE MAaCIITAOMPOBAHUE BBIYUCIUTEIHLHO CIOXHBIX
KOMITOHEHTOB. OueHka 3pPeKTUBHOCTH pa3pabOTaHHONW CUCTEMbl MPOBOAMIACH HA CHHTETUYECKOM
JlaTaceTe, CreHEPUPOBAHHOM C YYETOM CTAaTUCTHMUECKUX XapaKTEPUCTHK M MAaTTEPHOB pealbHBIX
oOpa3oBarenbHbIX AaHHBIX. Moayns DKT ¢ LSTM-apxuTekrypa ¢ MEXaHH3MOM BHUMAaHHUS
nokasaya accuracy 77.7% Ha TeCTOBOW BBIOOpPKE MpPU MPECKA3aHUU MPABHIBHOCTU CJIETYIONIETO
otBera, npeBocxoas OazoBbiii BKT (Final P(L)=0.24) u IRT (Accuracy=75.9%). Neural IRT
POIEMOHCTPUPOBAI TOUYHOCTD 73.3%, pe3ynbTarsl oka3zansl Ha pucyHke 2. Kombunanus DKT (Bec
0.7) mu BKT (Bec 0.3) oGecnieunBaeT 6anaHc MEXAY BBICOKOH TOYHOCTBIO U UHTEPIPETHPYEMOCTHIO
yepe3 nmapametrpsl P(L), P(T), P(S), P(G). Multi-head attention ¢ 4eTbIpbMsi TOJOBaMHU MO3BOJISIET
Mozaenu (OKyCHpOBaTbCS Ha pa3HBIX AaCleKTaX HMCTOPUM OOyYeHUs: BpPEMEHHBIC MaTTEPHBI,
CHelU(UKy HaBBIKOB, CIOKHOCTh 3a/laHul, KOHTEKCT. Accuracy 77.7% monyns DKT o3naudaert, uto
CHUCTeMa KOPPEKTHO MpPEACKa3bIBaeT BEPOSTHOCTH MPABUIIBLHOTO OTBETA CTY/ACHTA Ha Cieayrollee
3ananue B 77.7% ciaydaeB. DTO MO3BOJISET MPENOAaBaTeNio 3apaHee HASHTUPHUIINPOBATh KOHIEIIIIH,
C KOTOPBIMH Y CTYE€HTAa BO3HHMKHYT TPYAHOCTHU, U MPEBEHTHBHO MPEAOCTABUTH JIOMOJHUTEIbHBIC
Matepuaiibl uiau koHcynbTanuo. RMSE = 0.193 npu npeackazanuu uToroBoi oreHkH (1o mkase 0-1)
03HAYaeT CPEIHIOK OIMHMOKY mpenckasanus okoyno 19%. Ecnu cucrema mpenckaspiBacT UTOTOBYIO
olieHKy cTyneHTa 0.65 (s3xBuBajieHt oneHku C), peajgbHas oLeHKa ¢ 68% BEpOATHOCTHIO OKAKETCS B
nmuana3one 0.46-0.84 (ot D no B). Takas TOYHOCTh AOCTATOYHA JIJIsi PAHHETO BBISBICHUS CTYJEHTOB
IpynIbl prcka (mpeackasannas oneHka <0.50), KoTopbiM TpeOyeTcs akaeMuuecKas MoAaepKKa, HO
HEIOCTATOYHA JUIsl TOYHOTO Tpe/icKazanus punanpHoro 6amia. Accuracy pass = 0.76 npu OuHapHOU
KJIAaCCU(UKAIUN «CIIaCT/HE CAACT KypC» IOKa3bIBACT, YTO CUCTEMa KOPPEKTHO HJIEHTU(PUIUPYET
76% CTyneHTOB, KOTOPBIE HAXOAATCSA B 30HE pUCKa oTuucieHUs. [Ipy mpuMeHeHUH K KOropre u3
100 cTyneHToB 3TO 03HaYaeT, yTo U3 20 CTYAEHTOB IPYyMIbl PUCKA CUCTEMA KOPPEKTHO BBIABUT ~15,
MO3BOJISISL KOOPAMHATOPY MPOTrpaMMbl CBOEBPEMEHHO OpPraHU30BaTh WHIUBUIYAIBHYIO MOIACPHKKY.
Cuctema Bo3BpalaeT oObEKT HHTEpIpETHpyeMOocTH (explanation object) ¢ meranu3anueil BKIAI0B
Ka)KJI0M MO, YTO MOBBIIAET JOBEPHUE MPENOAABATENEH K aITOPUTMHUUECKUM pelieHusIM. Mojenb
CKJIOHHA K KOHCEPBAaTUBHBIM MIPEICKa3aHUsM, UTO OTpakaeTcs B HU3KMX 3Ha4eHusX Precision/Recall,
OJTHAKO OHA YCIIEUTHO KJIAaCCU(PHUIMPYET CTYACHTOB IO YPOBHSIM PUCKA.
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CpaBHeHUe MeTPHK

Value

Model

Pucynok 2. Pe3ynbraThl Mozenei

Cornacno nuteparype (Shukurlu, 2025; Xu et al., 2022), rpagunmonnsiii BK'T nemoncTpupyet
accuracy 68-70%, ©OazoBbiii DKT 06e3 attention — 74-75%. Hama ruGpumHas apXuTeKkTypa
nocruraet 77.7%, uto moarBepxkaaeT 3hGeKTUBHOCT, KOMOMHUPOBAHUS TOAX0J0B. [t oOydeHHs
PEKOMEHATeIbHOW TMOACUCTEMBbI HcIojib3oBanack ¢ynkuus mnorepsr BKT, obecneunBaromias
YCTOWYHMBYIO KOHBEPreHIWIO. MHOTr03aauHblii MPETUKTOp OOydancs C B3BEHICHHOW (QyHKIHEH
MOTEPh W PErylIspu3alMed Uisi NPEeAOTBPAILCHUS PacXOKIeHHs. BepcHOHHMpOBaHWE Moelen
yepe3 ml predictions TaGnuIly MO3BOJISET MPOBOAUTH A/B TeCThI: mMapalIeIbHO 3aIyCKarOTCs
JIB€ BEPCHUU MOJETH, CPAaBHHUBAIOTCS METPHKM HAa OJHOW KOropTe CTYyAeHTOB. Attention weights
B DKT Bu3yanm3upyrorcsi kak heatmaps, MOKa3bIBalOIIUE BAKHOCTH IMPOIUIBIX B3aUMOJCHCTBHIA
st tekymero npenckasanus. BKT mapamerpst (P(L), P(T), P(S), P(G)) mpenmocrapustorcs
npenoaaBatensMm yepe3 Ul mist noHMMaHus MOJENIN 3HaHWM cTyneHTa. PekoMmenaarenbHasl cuctema
BO3BpAIllaeT CTPYKTYPUPOBAHHYIO HMHTEPIpETHpyeMOCcTh Mozenu (attention dict) ¢ BkiIagamu
Ka)KI0ro KoMmoHeHTa (user/item/content/skill/context), 4To mMo3BONSET HHTEPIPETUPOBATH, TOYEMY
KOHKPETHBIM KOHTEHT PEKOMEHI0BaH.

3akimouenne. B pesynbrare NpPOBEACHHOTO HCCIENOBAaHUS pa3paboTaHa KOMIUIEKCHAs
MUKPOCEpPBHCHAsI CHUCTEMa TEPCOHAIM3AIMK O0Pa30BaTEIbHBIX TPACKTOPHH C MPUMEHEHHEM
COBPEMEHHBIX apXHUTEKTyp TIyOokoro oOyueHus. Pazpaborana macmrabupyemas MUKPOCEPBUCHAS
apxuTekTypa c BblmeneHHbIM Python ML-cepBuc na PyTorch. I'mbpuanas apxurekrpya KT,
komOunupytommii DKT ¢ LSTM wu multi-head attention (accuracy 77.7%) u BKT nns
MHTEPIPETHPYEMOCTH, OOCCICUMBAIONINI TOYHOE OTCIICKUBAHKME OJBOJIONUN 3HAHUU CTYyICHTA
C BO3MOXKHOCTBIO MHTEPIPETUPYEMOCTH IPEJCKa3aHUi uepe3 BEepOsTHOCTHBIE napaMeTpsl. Co3nan
MHOT033/JIa9HbIH TIPETUKTOP YCTIEBAEMOCTH C YETBIPHEMS CIeNUaTu3upoBaHHBIME rojoBamMu (RMSE
= 0.193 u Accuracy pass = 0.76 mpu mnpencka3aHMM WUTOTOBOI OIEHKHM M PUCKA OTUHUCIICHHS)
U CHCTEMOH paHHEro MpenymnpexaeHus, CHIKaromei puck oruucineHus Ha 30%. ['mbpuanas
ApPXUTEKTypa peKOMEH A O0bEANHSIET KOJTIa0OpaTUBHBIN, KOHTEHTHBINM U KOHTEKCTHO-3aBUCUMBIN
MOAXOABl C MEXaHW3MOM BHUMAaHHUSA, AJalTHBHO PACHPENESIONIMM Beca MEXIYy KOMIOHEHTaMHU
B 3aBHCHUMOCTH OT KOHTEKCTa IOJIb30BaTelsl M pemaromuM mpobiemy cold start. Obecrneuena
production-ready peanuzammsi C OTKPBITBIM HCXOIHBIM KomoM ML-kommonentoB Ha PyTorch,
noaaepxkoir GPU-yckopenusi, BepcHOHUpOBaHUEM Mojeiei, A/B TecTupoBaHreM, MOHUTOPUHTOM
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gyepe3 Grafana u aBTomaTnueckum macmrabupoanuem B Kubernetes.

[IpakTHueckas NPUMEHUMOCTb pe3yJabTaTOB 3aKJOYaeTcs B ToToBOM K production
Pa3BepTHIBAHUIO CUCTEME, KOTOpPasi MOXKET ObITh BHEJJPEHA B YHUBEPCUTETHI U OHJIANH-IIIaT)OPMBI C
MUHUMAIbHBIMH JOopaboTKaMu. MUKpOCEpBHCHAs apXUTEKTypa MO3BOJISET OCTETIEHHOE BHEPEHUE
KOMIIOHEHTOB: Ha4yMHasi ¢ 0a30BOr0 PEeKOMEHAATEeNbHOro Moayis u mnocteneHHo nobasnsas KT u
CUCTeMYy paHHEro mnpemynpexaeHus. OTKPBIThI HcXomHbI kKox ML-kommonentoB Ha PyTorch
oOrneryaer ajanTauuio Moj crneuuduueckue TpeOoBaHUS OOpPa30BATENbHBIX YUPEKICHHM.
JlanpHelye uccieloBaHUS HaNpaBieHbl Ha: MHTErpanuio Java-03keHIoM JUIsi OU3HEC-JIOTUKH
u React-poHTenaoMm s co3maHus TOTHO(YHKIIMOHAJIBHOTO BeO-mipuiokeHus. Brenpenue
NLP-mogeneii (BERT, GPT) nnst ananusa TeKCTOBOTO KOHTEHTA U T'€HEpaIliu IepCOHAIN3UPOBAHHON
oOpaTrHO CBsI3W, pa3pabOTKy aJroputMoB oOydeHuss ¢ mnoakperieHueMm (Reinforcement
Learning) nns ontuMmuzanuu AOJITOCPOYHBIX O0pa3oBaTeNbHBIX cTpareruid. MHTerpauus meronos
oobsicaumoro MU (Explainable AI: SHAP, LIME) nnst pacmmpeHusi CyuiecTBYIOIMX MEXaHU3MOB
uHTepnperupyemoctu (attention weights, BKT parameters) u moBbIlIEHHS] UHTEPIPETUPYEMOCTH
MOJIEJIN BCEX KOMIIOHEHTOB CHCTEMBI.
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AnHoTanusi. BricTpoe pa3BUTHE MCKYCCTBEHHOTO MHTEIUICKTA KapJUHAILHO MEHSET Hally
KHU3Hb U JenaeT e€ ynoOHeil. B yacTHOCTH, OOHapy)keHHEe aHOMAJIMi B CETEBOM TpaduKe SBISETCS
OJTHOM U3 yI0OCTB, KOTOPasi MPEACTABISIET COOOW HAaMOOJbIIIee BIUSIHUE HA O0IIECTBO. TpaauiinoHHO
oOHapy»XEeHHE aHOMAJIMI OCYIIECTBISUIOCH TIOMOIIBIO CTATHCTUYECKHUX JaHHBIX, HO C IMOSBICHHEM
MAIIMHHOTO 00y4YeHUs, B 0COOCHHOCTH TITyOOKOT0 OOy4eHHs, TOYHOCTh OOHApy>KEHUS aHOMAaJIun
3HAYUTEIIHLHO MOBBICUIIACH, A chepa MPUMEHEHUS PACUINPUIACh.

ANTOpUTMBI OOHAPYKEHUS AHOMAITUH - 3TO CIIOCOOBI UCIIONB3YEMBbIE JISI BBISIBICHUS TaHHBIX,
KOTOPBIC CHJILHO OTIIMYAIOTCS OT HOPMAJIBHBIX JIAHHBIX W WX MOBEACHHSA. ANToput™M 3(pQeKTHBHO
W TOYHO BBISBISATH AHOMAJIUU B OOJBINNX OObEMax JaHHBIX, CHIDKATh PUCKH W 3aTparhl, a
TaK)Ke MOBBIIIATH YIOBJIETBOPEHHOCTh KIMEHTOB. Llenbio JaHHOTrO HccaenoBaHus SIBISETCS aHalIn3
BO3MOXHOCTEH HEHpPOCETEBBIX MOAeNeH s 0OHapy>KEHHsI aHOMAlIi B CETeBOM Tpaduke, OlleHKa
X A(PQPEKTUBHOCTH B CPaBHEHHHM C KIACCMYECKUMHM METOAAMM 3allMThl, a TaKXKe pa3padoTka
MPAaKTUYECKUX PEKOMEHAALMI MO MX WHTETPAllMi B CUCTEMbl MH()OPMAIIMOHHON OE30MacHOCTH.
Pesynbrare! nccieioBaHust MOTYT OBITH TPUMEHEHBI IS

- VYnyumenus cucrem oOoHapykeHus BropxkeHuit (IDS/IPS) 3a cueT BHenpeHus: anropuTMoB
MAaIIMHHOTO 00yUYeHUSs, MOBBIMIAIOIINX TOYHOCTh U CKOPOCTh BBISIBIICHUS YTPO3.

- CHmWKeHHs] Harpy3Kd Ha CIEIHMalUCTOB MO Oe30MacHOCTH Omaromapsi aBTOMAaTHU3allUd
aHaynm3a Tpaduka 1 MUHUMU3AIUY JIOKHBIX CpabaThIBaHUH.

- TloBbImeHMs yCTOMYMBOCTH K HOBBIM BHIAM aTaK, BKIIFOYasi HEU3BECTHBIC PaHEe YIPO3bl, 32
CUET CITIOCOOHOCTH HEHpOCETEeH BBISBIATH aHOMATMH 0€3 3apaHee 3aJaHHbIX PaBHIL.

- OnTUMHU3aIUH PECYPCOB 3aLIUTHI 32 CYET aJANITUBHOTO MOAX0AA, TTO3BOJISIONIET0 CUCTEMaM
CaMOCTOSITENILHO 00yUaThCsl Ha HOBBIX JIAHHBIX M U3MEHSIOIINXCS YCIOBHUSIX CETH.

BHenpenne HeWpOCETEBBIX TEXHOJOTHUH B CHUCTEMBI KHOepOe30macHOCTH CIOCOOHO CTaTh
HOBBIM CTaH/JAPTOM 3aIlUTHI, OOCCICUMBAIONINM HAJC)KHOE MPOTHBOICHUCTBUE JUHAMUYHBIM H
M30LIPEHHBIM KHOEpyTrpo3am.

KiroueBble cji0Ba: HEHpOHHBIE CETH, I'PaJUCHTHBIN METOM, aBTOIHKOICP, KOIUPOBIIMKA-IEKOIEpPa, ABTOKOIUPOBIIUKH,

0oOHapyKeHUsI aHOMAITHHi, CeTeBOH Tpaduk.
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Anparna. JKacaHpl HHTEIIEKTTIH KapKbIH/BI 1aMybl O1341H eMipimizzi TyOereini e3repri,
OHBI QJIIeKal/1a KOJAMIIbI €Til Kesiei. ATar alTKaH/1a, )KeTUTIK TpapHuKTeri aHOMaHsIIap/bl aHBIKTAY
— KOFaM¥a €H YJIKEH dcep €TeTiH MaHbI3Abl OarbITTapAblH Oipi. JlocTypii Typae aHOMaiMsuiap.ibl
AHBIKTAY CTATUCTHKAJIBIK d/IiCTEP apKBUIBI )KY3€Te aChIPBIIBIT KeJIJli, ajai/1a MallnHAIBIK OKBITY/IbIH,
ocipece TEpeH OKBITYAbIH IMaiiaa 00oMybIMEH aHOMAaNUsIapAbl aHBIKTAY AQJAIrT alTapibIKTail apTThl
’KOHE OHBI KOJIZIaHy cajlachl KEeHEM 1.

AHOManusTapAbl AHBIKTAY AalTOPUTMIEPI — KAJNBINTHI JEPEKTePACH JKOHE OJapAblH
MIHE3-KYJIKbIHAH alTapibIKTall epeKIleNeHeTIH AepeKTepal Tabyra apHayiFaH Tocuiaep. MyHnai
QITOPUTMJICP YJIKEH KOJIeMJIi JepeKTep/ie aHOMAIUSUIapIbl THIMIII Opi J0N aHBIKTayFa, TOyeKeIep
MEH HIBIFBIHAAP/ABI a3aliTyFa, COHJai-aK MaiajaHybUIapAblH KaHaFaTTaHYIIBUIBIFBIH apTTHIPYFa
MYMKIHJIIK Oepei.

KymbIcThiH MakcaTbl. By 3epTreyniH MakcaTbl — JKENTIK TpaduKTeri aHOMalusuIapabl
AHBIKTAY YIIIH HEHUPOHIBIK J>KEIl MOJAENbIEPIHIH MYMKIHIIKTEpPIH Tayjaay, OJapAblH JICTYpIi
KOpFaHBIC 9JIICTEPIMEH CaJIbICTBIPFaHAaFbl TUIMIUIINIH Oarajiay »KoHE oOJapAbl aKHapaTThIK
KayiMCi3/iK )Ky#enepiHne HHTerpanusiiay OOMbIHINA MPAKTHKAIBIK YCHIHBICTApP 931pIiey.

3epTTey HOTHXKENepiH TOMEH IeT1 OaFbITTap/a KoJIaHyFa O0IaIb:

- Kipicti anmbikray xyienepin (IDS/IPS) MammHamblK OKBITY alTOPUTMIEPI apKbLIbI
KETUIIPY, OY1 KayinTepAi aHBIKTAYIbIH AT MEH JKbIIaMABIFbIH apTTHIPYFa MYMKIHIIK Oepei.

- Tpadukri Tangayapl aBTOMATTAHIBIPY JKOHE JKaJIFaH €CKEpPTyJepal a3ailTy apKbLibl
KayircCi3iKk MaMaHIapbIHBIH )KYKTEMECIH TOMECH/ICTY.

- AnapiH ana OCNTIJICHTeH epekesepci3 aHOMaIusIapbl aHBIKTAy KaOlJIeTiHIH apKachIHIa
’aHa >koHe OyphIH Oenrici3 madybul TypiaepiHe TOIIMAUTIKTI KYLISHTY.

- XKeninig e3repmMeni karaainapbiHa OeHiMaein, jkaHa AepeKTep HETi31He O3/ITTHCH OKyFa
MYMKIHIIK OEpeTiH UKeM/Il TOCIIACP apKbUIbl KOPFAy PECypCTapbiH OHTAWIAHABIPY.

HeliponabIK kel TEXHOJOTUSIApbIH KUOEpKAyINCi3iK KyHenepiHe €Hri3y AMHAMUKaJIbIK
JKOHE Kypaeni kubOepraOyslgapra CEHIMAI Kapchl TYPYAbl KaMTaMachl3 €TETiH >KaHa KOPFaHBIC
CTaHAapThHI O0Ja anajsbl.

Tyiiin ce3mep: HEHPOHMIBIK KENIep, TPAJUCHTTIK OJIIC, ABTOIHKONEP, KOATAYIIBI-IEKOATAYIIbI, aBTOKOAUPOBIIUKTED,

AQHOMAJIMsUIapAbl aHBIKTAY, XKEITIK Tpaduk.
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Abstract. The rapid development of artificial intelligence is fundamentally transforming our
lives and making them more convenient. In particular, anomaly detection in network traffic is one of
the advances that has a significant impact on society. Traditionally, anomaly detection was carried
out using statistical methods; however, with the emergence of machine learning—especially deep
learning—the accuracy of anomaly detection has greatly improved, and its application scope has
expanded.

Anomaly detection algorithms are methods used to identify data that significantly deviates
from normal data and its behavior. Such algorithms make it possible to detect anomalies effectively
and accurately in large data volumes, reduce risks and costs, and increase user satisfaction.

Purpose of the study. The purpose of this research is to analyze the capabilities of neural
network models for detecting anomalies in network traffic, evaluate their effectiveness compared
with classical security methods, and develop practical recommendations for integrating them into
information security systems.

Practical significance. The results of this study can be applied to:

- Improving intrusion detection systems (IDS/IPS) through the introduction of machine
learning algorithms that enhance the accuracy and speed of threat detection.

- Reducing the workload on security specialists by automating traffic analysis and minimizing
false positives.

- Increasing resistance to new types of attacks, including previously unknown threats, due to
the ability of neural networks to detect anomalies without predefined rules.

- Optimizing security resources through adaptive approaches that allow systems to learn
independently from new data and changing network conditions.

The integration of neural network technologies into cybersecurity systems may become a new
standard of protection, providing reliable defense against dynamic and sophisticated cyber threats.

Keywords: neural networks, gradient method, autoencoder, encoder—decoder, autoencoders, anomaly detection, network

traffic.

MeTtonbl MammMHHOTO o00y4yeHusi. Mozjenn OOHapyXXEHHs aHOMAlMil, OCHOBaHHBIC Ha
MaIIMHHOM OOYy4€HUH, aBTOMAaTUYECKH BBIABISIOT 3aKOHOMEPHOCTH HOPMAJIBHOTO U aHOMAJbHOTO
noBezieHus, oOydasch Ha OONbIIMX OObEMax MaHHBIX. JTH METOHIBI CIIOCOOHBI OOHAPYKUBAaTh
OTKJIOHEHHS JaXX€ B paHee HEW3BECTHBIX IaHHBIX, YTO JAENAeT MX OCOOCHHO A(PPEKTHBHBIMU
JUIS. BBISIBIICHHS CJIOKHBIX B3aMMOCBSI3EH M KOppeNsIuid. B 3aBHCUMOCTH OT THIA JOCTYIHBIX
TaHHBIX MIPUMEHSIOTCS pa3iuuHble moaxonsl: KoHTponaupyemoe oOydeHue - Monens o0ydaercs: Ha
pa3MeUyaHHBIX JaHHBIX, TJI€ aHOMAJIMH 3apaHee ONpe/IeICHbI.

OnuuM U3 Hambolsiee MEepCHeKTHUBHBIX HANPABICHUH SBISETCS NMPUMEHEHHE HEHPOCETEBBIX
¥ METOJIOB MCKYCCTBEHHOTO WHTEJUIEKTA /ISl BBISIBICHUSI aHOMAJM U OOHApyKEHUsT BTOPKCHUN B
KOMIIBIOTEPHBIX ceTsX. VcciaenqoBaHusl MOKa3bIBAIOT, YTO HEHPOHHBIE CETH CIIOCOOHBI 3()h(HEeKTUBHO
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o0pabareiBaTh OOJIBIINE MACCHBBI JAHHBIX W BBISBIATH CKPBITBIE 3aKOHOMEPHOCTH B CETEBOM
TpaduKe, HEIOCTYNMHBIE TPAAUIMOHHBIM CTAaTUCTUYECKUM MeTomam (Amamoma, 2023:52;
CkpseinaukoB& Jlenucenko, 2023:40).

MeTonbl MamMHHOTO OOy4YeHHUsS IHMIMPOKO HCHONB3YIOTCA sl OOHAapy>KEHHS aHOMaluid B
CETEeBbIX JaHHBIX. B paborax oTMmeyaercs, YTO aJrOPUTMBI OOyueHHs O€3 Y4MTeNs MO3BOJISIOT
BBISIBJIATH OTKJIOHEHUS OT HOPMAJIBHOTO MOBEJIEHUS CETU U OOHApPYKMBaTh MOTEHIIMAIBHBIE YTPO3bI
Ha paHHMX d3Tanax ux Bo3HuUKHOBeHUs (I'ypuna&Enmucees, 2019:52-62). [lanbHelilee pa3BUTHE
MOJIYYMJIM METOJIbI TITyOOKOTO OO0y4eHHs, oOecreunBaroniyue 0osiee BBICOKYIO TOYHOCTh aHaJM3a
3a CYeT MCMOJb30BAHUA MHOTOCIONWHBIX HEHPOHHBIX CETe M CIOCOOHOCTH aJanTUPOBaThCS K
U3MEHSIOIUMCS XapakTepucTukam Tpaduka (bopucoB&bynunkos, 2024:200-202).

3HAYUTEIbHOE BHUMAHKUE B HAyYHbBIX MCCIIEAOBAHUAX YAEISAETCS BOIPOCAM aBTOMATHUECKOM
uaeHTuGUKanuu yrpo3 uHpopmanuoHHo OezonmacHoctu. HeilpoceTeBble Monean MO3BONSIIOT HE
TOJIBKO KJIACCU(UIMPOBATh U3BECTHBIC TUIIBI aTaK, HO M BBIABISATH paHee HEU3BECTHBIE YIPO3bI,
YTO OCOOCHHO BAXKHO B YCJIOBUSX IMOCTOSHHO SBOJIIOIMOHUPYIOMIMX METONOB KubOeparak (Baw,
2024:288-291; KOxnoB, 2023:26-28). Mcnonb3oBaHHE HCKYCCTBEHHOTO HHTEIUIEKTa B cdepe
MH(POPMALTMOHHON 6€30IIaCHOCTH CLIOCOOCTBYET MOBBIIIEHHUIO aJTAalITUBHOCTH U YCTOHYMBOCTH CHCTEM
3amuThl (Bomoaun, 2024:91; Crenanos, 2024:314-320).

Metonsl riyookoro o0ydenusi. [i1y6okoe oOyueHHe IMO3BOJISET BBISBIATH aHOMAJIUHU 3a
CUET CJIOKHBIX HEJTMHEHHBIX 3aBUCUMOCTEN U aBTOMaTHYECKOTO U3BJICUCHUS MPU3HAKOB U3 JaHHbIX.
OrtoT moaxon ocoOeHHO 3(h(deKTHBEeH MpH padoTe ¢ BHICOKO pa3MEpPHBIMU JaHHBIMHU (HAmpumep,
n300pakeHusl, BpEMEHHBIMU PSIIaMH) U B CUTyalUsiX, IJie pyYyHOH MoA0Op MPHU3HAKOB 3aTPYIHEH.
OCHOBHOM NPHUHLHMII 3aKJIIOYaeTcsi B OOyYEeHUMM MOJEIM Ha HOPMAJIbHBIX JAHHBIX, MOCJIE YEro
AHOMAJIMSIMHM CUMTAETCS HAOIIOIEHUS, KOTOPBIE IJI0OX0 PEKOHCTPYUPYIOTCS WIIN KIACCU(PHUIMPYIOTCS.
J151g pa3HbIX TUIIOB JAHHBIX TPUMEHSIOTCS CIICUAIN3HPOBAHHBIE APXUTEKTYPBI:

- CBepTOuHbIE HEHPOHHBIE CETH - JJISl aHAIIN3a U300paKeHUH U IPOCTPAHCTBEHHBIX JAHHBIX.

- PexyppeHTHble HeHWpoHHBIE ceTH - I 00paOOTKM  BPEMEHHBIX pAIOB U
IIOCJIEI0BATENbHOCTEMN.

- ABTOSHKOJIEpHI - AJIsl BBISIBIICHUSI aHOMAJIMN Yepe3 OMHUOKH PEKOHCTPYKIUH.

I'myOokoe oOydeHHe AEMOHCTPUPYET BBICOKYIO TOYHOCTH B 3ajayax, I/ie TPaJUIMOHHBIE
METO/IbI OKa3bIBalOTCA Hed((EKTUBHBIMM, HATPUMEp, MPH aHATU3€ MHOTOMEPHBIX CHUTHAJIOB WIIU
OOHapyXHMBaHUS PeAKHX COObITHHA. OJTHAKO €ro KJII0oYeBble HEOCTATKU - BBHICOKAS BBIYMCIHMTEIbHAS
CJIOKHOCTh, HEOOXOJMMOCTh B OONbIIMX OObeMax [aHHBIX W HHU3Kas HHTEPIPETHPYEMOCThb
pe3ynbraToB. Takxe BO3MOXKHBI JIOXKHbIE cpadaThIBaHUs, 0COOCHHO €CIIM aHOMAJIMH CJ1a00 BBIPAXKEHBI
WM JaHHbIE 3alTyMJICHBI.

MeToabl 0OCHOBAHHBIE HA PACCTOSTHUM U IUIOTHOCTH. DTU METOABI BBISIBISIOT aHOMAJIHH,
AHAJIM3HPYIO JIOKAJIBHYIO INIOTHOCTD AAHHBIX.
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o0acTX WJIM 3HAUMTENbHO YJAJEHHblE OT OCHOBHbIX KjactepoB. Haubonee
pacpoOCTpaHEHHBIE AJITOPUTMBI:

- k-Omkaiiiux coceneil - aHoMalIuy ONPEAEIISIOTCS 110 00JIBIIOMY PACCTOSIHUIO JI0 COCETHUX
TOYEK

- JlokanbHbI (QakTOp BHIOPOCOB - OIICHMBAET CTENEHb W30JUPOBAHHOCTH OOBEKTa
OTHOCHUTEJIBHO OKPYKEHUS.

HeilipocereBble METOIbI TAKKE AKTUBHO UCIIOIB3YIOTCS IPU pa3paboTKe CUCTEM OOHAPYKEHUS
BTOpKeHMI. MccnenoBaHus MOKa3bIBAIOT, YTO MPUMEHEHHUE COBOKYMHOCTEH HEUPOHHBIX CeTel
U OMOMHCIIUPUPOBAHHBIX MoJeNel, BK/IIOYas MMMYHHbIE HEHPOCETEBBIC CHCTEMBbI, IMO3BOJISET
MOBBICUTH TOYHOCTH OOHAPYKEHUS aTaK U CHU3UTh KOJIMYECTBO JIOKHBIX cpabaTsiBaHuii (MoCKBUYEB,
2019:84-85; Crpmxko, 2023:23-33). CpaBHUTEIbHBIN aHAJIN3 PA3IMYHBIX HEHPOCETEBBIX MOIXO00B
MOATBEPKIAET, UYTO BHIOOP KOHKPETHOW MOJIEIN JI0JIKEH YUUThIBaTh 0COOEHHOCTH CETEBOr0 Tpaduka
1 TpeGoBaHUs K YpOBHIO HH(OpMaIIMOHHOM Oe3onacHocTu (Makoseituyk, 2024:142—-147).

[IpeumymiecTBa Takux METOAOB - IPOCTOTa HWHTErpanuu, rHOKocTh B pabore ¢
HEJIMHEHHBIMU paclpeAeIeHUsIMH U KJIacTEPaMU pa3HOU MIOTHOCTH. OHAKO OHU YyBCTBUTEIbHBI K
MacCIITOOMPOBAHUIO JAHHBIX U MJIOXO MACHITAOMPYIOTCS HA BHICOKOpPAa3MEPHbBIE MPOCTPAHCTBA U3-32
MIPOKJIATUS pa3MepHOCTH. Taxke UX TOYHOCTh CHUYKACTCS, €CIIM aHOMAJIMK PACIOIO0KEHbI OJIM3KO K
HOpPMAaJIbHBIM JIaHHBIM WJIM KJIACTEPhl UMEIOT HEPABHOMEPHYIO IUIOTHOCTb.

BeposiTHOCTHBIE MeTOABI. DTH TOAXOJbI HA IOCTPOCHUH BEPOSATHOCTHBIX MOJIEIEH JaHHBIX,
I7ie aHOMAJIMU ONPEAEISIOTCA KaK MaJloBeposATHbIE coObITHsA. K HUM OoTHOCATCS:

- I'ayccoBble cMecH - MOJENINPYIOT JaHHbIE KaK KOMOWHALIMIO HOPMAJIBHBIX PACIIPEIEICHUMN.

- bailiecoBckue ceTH - yUnThIBaIOT allpUOPHBIE 3HAHUS O ITaHHBIX.

- CKpBITBIE MAPKOBCKUE MOJENH - IPUMEHSIOTCS IS TIOCIIE0BATEIbHOCTEN.

BeposiTHOCTBIE MeTOIBI XOPOLIO PaboTar0T ¢ MHOIOMEPHBIMHM JaHHBIMM U IO3BOJISIOT
YUUTBIBaTh HEOIIPEJETHHOCTh, HO TPEOYIOT 3HAUUTENIbHBIX BEIYMCIUTEIBHBIX pECypcoB. FIX TOUHOCTH
3aBHUCHUT OT COOTBETCTBHUS JAHHBIX BEIOPAaHHOMY pacIipeesICHHIO, a CIIOKHBIE MOAETH MOTYT CTpaaaTh
OT nIepeoOyueHusl.

Wireshark kak MHCTpyMeHT aHajiu3a ceTeBbIX aHoMauuii. Wireshark - 3To MomHbBIN
WHCTPYMEHT IS 3aXBaTa W aHaim3a ceTeBoro Tpaduka, nomnepkuBaroniuii pazimmunbie OC. Ero
KJIOUYEBBIE BO3MO)KHOCTH:

- IlepexBar makeToB B peaJibHOM BpeMEHM ¢ (QuibTpanueit mno nporokoinam, IP-aapeccam u
JpyTUM IIapaMeTpam.

- AHanu3 noA03pUTENIbHON aKTUBHOCTH HAalIpUMeEp, HEaBTOPU3UPOBAHHBIX MOJKIIOUEHUN WK
aHOMaJbHOTO 00BbEMOB Tpaduka

- Otnanka ceTeBbIX NPUIOKEHNUH U JMarHOCTHKA ITPOOIeM IPOU3BOAUTEIBHOCTH.

Wireshark monesen kak Ui crenquamiucToB MO O€30HAaCHOCTH, TaK M JJS CETEBBIX
aJIMUHUCTPATOPOB, HO TPeOyeT ONPEACTICHHOTO YPOBHS KCIIEPTU3BI 11 KOPPEKTHOW HHTEPIpETAIluN
JTAaHHBIX.

Marepuajbl U Metoabl. [ pa3pabOTKK BBISIBICHUS aHOMalIU B CETEBOM Tpaduke
CHa4ajia ObUIM BBIOpaHBI MHCTPYMEHTHI aHaIM3a ceTeBbXx aHoMmanuilt Wireshark, kotopslil sBisercs
OecIuIaTHOM MpOorpaMMOH JUIsl aHaJIN3a CETEBOro Tpaduka.

Wireshark = «ceteBoil ananu3arop», KOTOpBI MOKa3bIBAET BCE, YTO MPOUCXOIUT B CETH. A
B Tpyaax . T. Makoseituyka, JI. A. Ma3yp u Il. II. Tanunnna pa3zouparorcs pa3Hble BapUaHThI
HeHpoCceTeBbIX METO/IOB /IJISl BHISIBIICHUS BTOPKEHHUI 1 aHOMaNINi B Tpaduke. ABTOPBI MOTYEPKHUBAIOT,
YTO HEHPOHHBIE CETH JIy4llle CHPABISIOTCA C MPEJOTBPALICHUEM yTeuek MH(OpMALlUU U aTak, 4eM
cTapble TpaAuLIMOHHBIE ciocoObl (MakoBeituyk, 2024; Mazyp, 2024; Tanuuner, 2024).

BriOpan anroputMm HeHPOHHOI ceTH JUIs BBISBICHHUS aHOMAJIMU CETEBOTO Tpaduka

310 : ABTORHKOzEP (AE) — camblil pactipocTpaHEHHBIN BapuaHT

[Ipsimoii mpoxon (kogupoBaHue + JEKOAUPOBAHUE):
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2= folw), T=gs(2) (1)
®ynkius noreps (MSE):

Lap(x) = llz = )3 = |z — go(fo(2))II2 2)

(MO)KHO WCHONB30BaTh [; WM OHHAPHYIO KPOCC-DHTPONHUIO TP COOTBETCTBYIOIIUX
MpU3HAaKaxX)
AHoMmanmuTH-cKOp (reconstruction error):

Sap(z) = ||z — 33 €)

[MpaBuno: ecnu Sap(x) > T —HOMeYaeM Kak aHOMAJIHIO (TIOPOT T yCTAHABIMBAIOT, HAPUMED,
110 95%-NepLueHTUIII0 OIMOOK Ha BaUAALINN).

Jlisi HamuyicaHWs TIPOTpamMMbl  MCTIOIB30BAJICS s3BIK TporpammupoBanus Python. Taxoke
UCTOJb30BaNIach cpefaa paspabotku Pycharm, Ha pucyHke HMKE NepedyHciieHbl Bce OMOMUMOTEKH,
KOTOPBIE UCTIOIB30BAIUCH ISl Pa3pabOTKH.

Pucynok 2. Micionb3oBaHHbIe OHOINOTEKH SYS

bubnmoreka sys oOecreuumBaeT JOCTYNl K CHCTEMHBIM MapaMeTrpaM W (YHKIUSM
unTeprperaropa Python, mo3Bossis B3amMozaeicTBOBaTh €O CPENOW BBINOIHEHMS. ODTOT IAKeT
IIPEIOCTaBISAET HUHCTPYMEHTHI JUJIsl IPSIMOTO B3aUMOJIEHCTBUS C MHTPENPETATOPOM SI3bIKA, KIUTKOUas
yIOpaBjeHHE apreMeHTaM KOMaHJHON CTPOKH, HACTPOMKY IMyTell HMMopTa MOAENKHd o0paboTKy
CHUCTEMHBIX UCKIIOUEHUH.

bubnuoreka 0s mpemaocTaBIsSeT MHCTPYMEHTHI ISl PabOTHI C OMEPAIlMOHHOW CHCTEMOH,
BKJItOYasi ympasieHus (aiiiamu, IepeMeHHbIMU OKpYyKeHHUsl U myTsamu. [lonaepxuBaer onepanuu
CO3IaHMs/yIICHHUS TUPEKTOPUNA U MAHUTTYJISIIUN ¢ daiaoBeiMu myTsmu[ 18].

bubnunoreka datetime Momyb 4711 00paOOTKU BPEMEHHBIX JaHHBIX C KJacCaMHu:

- date - pabora ¢ naramu.

- datetime - nata u Bpems.

- timedelta - BpeMeHHbIE HHTEPBAJIBI

bubnmoreka pandas MOITHBIN HHCTPYMEHT JIJIsl aHAIM3a JAHHBIX C TIOICPIKKOM:

- Ctpyktyp nanubix Series u DataFrame.

- Yrenue paznuunbix GpopmaroB(CSV, Excel, Json).

- OuncTKU 1aHHBIX(00pabOoTKa MPOIYCKOB, COPTUPOBKA).

- Mnrerpanus ¢ Matplotlib nns Buszyanuzanuu.

Hcnonb3yss Bce BbINIENEPEUUCIICHHBIE METOABl B JaHHOW paboTe Oblna paszpaboTaHa
npuUIokKeHne oOHapyKEHUsI aHOMAIHUN AJs yI0OCTBO HCIOJIb30BaHUE MporpaMmbl. TakuM oOpazom
CO3/1aTh CBOIO MOJIEJIb MOXKET JIF00OI.
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7 Ceresoii Ananusatop Anomaniii

TeHepaLims AaHHBIX OfyyeHue MOREH AHanMz

Konnectso sanaceii: | 10000 % | Aona arowanait: | 0,05 |5 | MyTo coxparermn: | d8ta/synthetic

CrevepuposaTh AakHbe Cbzop...

Tor BbiNoAHEHMR:

loToso

Pucynok 3. OkHO reHepanuu JaHHbIX

OTO OKHO BKJIIOYAaeT B CeOs (bYHKLII/II/I réHepaiuri AOaHHBIX. Ha »tomM oOKHE MBI

MOXEM
CT€HEpHPOBATH JaHHBIC, a TAKXKE BHIOPATh YK€ CO3aHHbIC , HACTPOUTH KOJIMYECTBO 3aMUCe U OO
AQHOMAJIUW B HUX (B COOTBETCTBUH C PUCYHKOM 3).

B Ceresoii Ananvsatop Anomanuii

- a X
eHepaLLA AaHHbIX Ofiyuerie mopent AHanus

©aiin gaHHeix: | datE/syntheticiwireshark_synthetic_20250421_071722.csv

Ofop...

Mpmstiaki: (OCHOBHEIE MPM3HEKM ~ | OuAaEmas AONA GHOMEME:

OfyuuTE Hoaens

100%
TNor seinonHERAs:

Hauiano Byuerin MOAEAH € MpHE-aKamy: frame.len, ip.len, top.len, top.window_size, tep. time_delta, tep.fiags, ip.proto
Sarpyska naHHBIX. ..

Pasaenerie AaHHsIX Ha 0BYHEIOWLYIO U TECTOBYIO SbiBopiat. .
OBywerine Honenn Isolation Forest...
OUEHKE MOAMH. ..

Ofyuerite 3aBEpIWEHD YCneWwHO!

lotoso

Pucynox 4. OxHO 00y4eHHS MOJIEITH

B okne o0yueHust MozaenH HpeaycMOTpeH Habop (YyHKIMM, BKIIOYAIONINI BBIOOP JaHHBIX
Uil 00y4eHHs, HACTPOMKY MmapaMeTpoB OOydeHHs, a TAKXKe 3aIyCK aJropurMa oOy4YeHHsS MOJENU
(pucyHOK 4) B COOTBETCTBHH CO CXEMOM, NPEICTABICHHON HAa PUCYHKE 3.
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B Cereeoii Ananusatop AHomanuii - O x
TeHepaLYIR AaHHbIX Obyuerme mogeni AHanus
MaTpw
- 1750
- 1500
- 1250

- 1000

o
3
o
[
24
g
x
o
e

=
=
=
T
=]
T
<

- 750

Hopma AHoManus

ViopraLyss o Honen:

MCTI0Mb30BaHHBIE MPUBHEKN:
frame.len, ip.len, tep.len, top.window _size, tep. time_delta, tep.fags, ip.proto

METRMKA MORENH:
TourocTs (Precision): 0,550
Montora (Recal): 0.550
Flwepa: 0,550

TourocTs (Accuracy): 0.955

CoXpaHMTE Mogens

lotoso

Pucynok 5. OkHO aHanu3a JaHHBIX

B oxHe 00yueHHMs MOJENU JTOCTYIHBI HECKOJIbKO (yHKIMI. BbiOop maHHBIX 11 00yueHwHs,
HacTpoiika 00y4eHHs U TaK K€ BO3MOXKEH 3allyCK alropuTMa 00yueHUs: MOAEIH.

[TpakTHueckas 3HAUUMOCTb HEUPOCETEBBIX METOJIOB 3aKIII0YAETCS TAKXKE B MX UCIIOJIb30BaHUH
JUI1  TpefoTBpallleHuss yTedek HHpopmauuu. B HaydHbIX MyOnMKanmusx OTMeYaercs, uTo
UHTEJUICKTYaJIbHbIE MOJENM aHajdu3a Tpaduka CIOCOOHBI BBISABIATH AHOMAJbHBIE IAOIOHBI
IepeJauyn JaHHbIX, MOTEHIMAIBHO CBSA3aHHBIE C HECAHKIMOHUPOBAaHHBIM JIOCTYIIOM M YTE€UYKaMH
koHpuaeHmanbHol uH@opmauuu (Tanumnen, 2024:41-44). JlonmogHUTENbHBIE METOAMYECKHE
MOAXObl K OOHAPYKEHHIO aHOMAJIMI B CETEBOM TpadUKe MPe/ICTABICHbI B AJIEKTPOHHBIX HAYYHbBIX
pecypcax, 4To CIOCOOCTBYET PACHIMPEHHUI0 MHCTPYMEHTAJIbHON Oa3bl MCCIIENOBAaHMHM B JaHHOM
obmactu (Method for detecting anomalies in network traffic, n.d.).

Vcnonb3oBaHue HEMPOCETEBBIX MOMYJIEeH s OOHApY)KEHUS AaHOMAJIMH MO3BOJIAET
3HAYUTEIBHO MOBBICUTH TOYHOCTh MOHHUTOPHMHIA W BBISBICHHS yrpo3 Jejlas 3TO CBOEBPEMEHHO.
B ommume 0T TpagUIMOHHBIX METOAOB, TaKHW€ MOJEINM HMEIOT BO3MOKHOCTbH BBISBIISTDH
3aKOHOMEPHOCTH B JAHHBIX O€3 SBHBIX NpaBWJl WIM AHHOTALMM, YTO JelaeT HMX OCOOEHHO
HOAPYYHBIMHU JUIsl OOHAPY>KEHUsI aHOMAJIMM 1 HEN3BECTHBIX paHee aTak.. TO 3HAUUTENbHO YCUIMBAET
3aIIUTy KOPHOPATUBHBIX CETEH U CIOKHBIX HUHOPACTPYKTYP, TA€ KIACCUYECKHE METO/IbI YCTYIaloT B
HaJEeKHOCTH. MIHTerpanuu HelipoceTel B CUCTEMBI OOHAPYKEHHSI aHOMAJIUNA CTAHOBUTCS] KpUTHUECKH
BaYKHBIM 3TaIOM [l COBEPILIEHCTBOBaHUS UH(POpMaLMOHHOM Oe3omacHocTH. HelipoceTn He TONBKO
MOBBIINIAIOT TOYHOCTh OOHApY)KEHHsI Yrpo3, HO M 00ECIeuMBAIOT MACHITA0MPYEeMOCTh 3allUTHI B
YCIOBUSAX POCTa JAHHBIX, Jleas UX He3aMEHHMBIMU 3JIEMEHTOM COBPEMEHHBIX KHOepOe30MacHbIX
ApXUTEKTYD.

BbiBoabl. B pamkax npoBeAeHHOIO UCCIEI0BAHMSI JOCTUTHYTHI CIEAYIOLINE PE3YIIbTaThI:

1. BpiOpan ajnroput™M HEWpPOHHOM ceTH ISl BBIABIEHUS aHOMAJIMM CETEBOTO Tpaduka
aBTosHKozEp (AE)

2. Ha s3pike mnporpammupoBanust Python paspaGorana cuctemMa MOHUTOpPHUHIA U
HPOTHO3MPOBAHUS AaHOMAJIMU CETEBOIO Tpaduka

3. Becp mpomecc BBINOJHAETCS B (DOHOBOM IIOTOKE, YTO IIOMOTAET HHTEIPUPOBATHCS
¢ rtpaduueckum wuHTepdericom, He Onokupys ero.CHauajma yCTaHABIUBAeM (PUKCHPOBAHHOE
clly4ailHO€ HaudajbHOE€ 4HCIO0 C momomibio np.random.seed (42), uTOOBI TapaHTHPOBATH
BOCIIPOU3BOJIMMOCTh PE3YyNIbTaToB. 3areM, eciu Karajor self.save path eme He cymectByeT, oH
cozfaercs ¢ moMolisio os.makedirs./lanee cozpaercs ciaoBaphb JaHHBIX, COOTBETCTBYIOIINH KaXKAOMY
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KJIFOYEBOMY IIOJII0 CETEeBOTo makera. Jmst xakmoro moss co3maercst 3HadeHue self.num samples.
Hcnonp3yroTcss  pa3nmudHble  AUCTpUOyTHBBL.BpemenHble MeTkHM Frame.time 3amuchiBaloTCs B
dbopmare Bpemenu.Paszmepsl makeroB frame.len, ip.len um tcp.len pacmnpenenensl HOpMaIBHO.
[P-agpeca reHepUpyrOTCs CITydaifHBIM 00pa3oM B BHJIE CTPOK, [IpoTOKONBI, piiaru, METOMIBI U APYTHE
T0JIsl BEIOMPAIOTCSI U3 33/IaHHOTO HAOopa ¢ 3aJaHHOW BEpOsSTHOCTHIO.dns.count.queries MOMy4YeH U3
pacnpenenenus [lyaccona.tcp.time delta HCXOAUT U3 AIKCIIOHEHITUAILHOTO pacTpeaeiICHUS.
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DEVELOPMENT OF AN INFORMATION SYSTEM FOR PERSONALIZED PRODUCT
RECOMMENDATIONS BASED ON REVIEW AND RATING ANALYSIS
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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.

Keywords: recommender systems, sentiment analysis, collaborative filtering, machine learning, natural language processing,

e-commerce personalization.

PA3PABOTKA TH®OPMAIIMOHHOM CUCTEMBI IEPCOHAJIBHBIX
PEKOMEHJAIIU TOBAPOB HA OCHOBE AHAJIN3A OT3bIBOB U PEUTUHI'OB
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A.B. ®anieeHKOB — KaHIUJAT TEXHUYECKUX HayK, TOUEeHT kadeapsl «MHpopMannoHHbIe
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AHHoTanus. B crarbe mpencraBieHa pa3paloTKa HMHTEIIEKTyadbHOW HH(GOPMAIMOHHOM
CUCTEMBI, ITpeIHa3HaueHHOU JJ1 (OPMUPOBAHUS IEPCOHATU3UPOBAHHBIX PEKOMEH/Ialluii TOBApOB Ha
OCHOBE KOMITJIEKCHOT'O aHaJIN3a [10JIb30BATEICKUX OT3bIBOB M UMCIOBBIX peUTUHIOB. ITpeanoxeHHbIi
HOAXOX OOBEAMHSAET METOAbl CEHTHMMEHT-aHaIM3a TEKCTOBBIX OT3bIBOB U KOJIJIaOOpaTUBHOM
(GuIbTpaIy, YTO MO3BOJISET MOBBICUTH TOUHOCTh U KOHTEKCTHYIO PEJI€BAaHTHOCTh PEKOMEHIAIUM.
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ApXUTEKTypa CHCTEMBI BKJIIOYAE€T MOAYJIH cOOpa JaHHBIX, 0OpabOTKH €CTECTBEHHOTO S3bIKa U
ajantTuBHOro (hopMupoBaHuUs pekoMeHaauuii. Ha ocHoBe peanu3anuu npoToTuna ¢ UCHoiIb30BaHUEM
Python u uHCTpyMEHTOB MalIMHHOTO OOY4YEeHMsI MPOBEIAEHO 3KCIIEPUMEHTAIBHOE TECTHUPOBAHUE,
IIOKA3aBlIEE, YTO YYET SMOLMOHAIBHOM OKPAaCKH OT3BIBOB IIOBBIIIAET TOYHOCTb PEKOMEHAALNN
10 18% mno cpaBHEHMIO € TpPaAULMOHHBIMUA MOJEISMH, OCHOBAaHHBIMHM TOJIBKO Ha PEUTHHIaX.
PazpaOoranHast cucTteMa BHOCHT BKJIAJ B pa3BUTHE TEXHOJOTMH PEKOMEHIATENIbHBIX CHCTEM,
obecrieunBasi THOPUAHBIM MOAXO K aHAJIU3Y KaK KOJIMYECTBEHHBIX, TAK U KAUECTBEHHBIX ACIIEKTOB
TI0JIB30BATEIIbCKUX MTPEAIIOYTCHUMN.

KaroueBble cioBa: PEKOMEHAATECIIbHBIE CUCTEMBI, aHAJIN3 OT3bIBOB, MAIlIMHHOE 06y‘l€HI/Ie, 06pa60TKa CCTCCTBCHHOI'O sA3bIKaA,

KOJ'IJ'Ia60paTI/IBHaSI (bnm;rpaunﬂ, NnEepCcoHa3alus, SJICKTPOHHAs KOMMEPIIUA.
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Anparna. byn 3eprrey mnaiinananymsuUiapAblH  MIKipAepi MeH CaHABIK PEUTHHITEpPiH
OipiKTipill Tangay apKbUIbl >XKEKe Tayap YCHIHBIMAAPBIH KaJbINTACTHIPATHIH WHTEIUICKTYaJ bl
aKMaparTelK OJKYHCHIH O3IpJeHYiH cHUmarTaiapl. YCBIHBUIFAH TOCUT MOTIHAIK MIiKipJIepIiH
SMOLIMOHAJIJIBIK PEHKIH aHBIKTAWTBIH CEHTUMEHTTIK TaJJlay/ibl )KOHE OIpJIECKEH CY3rijiey o/iCTepiH
O1piKTipe OTBIPBHII, YCBIHBIMAAP/AbIH HAKTBUIBIFBI MEH MaHbI3BUIBIFBIH apTThIpyFa OarbITTallFaH.
KyiieHiH apXuTeKTypachl IepeKTepAl *KuHay, TAOUFH T/l OHJIeY KoHE OeHiMIeNTi YChIHBIMIAP b
KaJbIITACTBIPY MOAYIbAEPIHEH Typajbl. Python TiniHae *oHe MallMHANBIK OKBITY KiTalxaHajaapsl
HETI31HJIe JKacaJFaH MPOTOTUNTIK HYCKAHBIH HOTIKENEPl IMKIP MOTIHIAEPIH €CKEPYAiH YCHIHBIM
JOIAINIH JOCTYpil PEUTHHITIK MOJAENbJIEPMEH calbICThIpFaHia maMameH 18%-Fa apTThIpFaHbIH
KepceTTi. ¥ChIHBUIFaH LICIIM MHaiJallaHyIIbUIapIbIH CAaHABIK KOHE CalaliblK apTHIKUIIBUIBIKTapbIH
KaTap eCKepeTiH TMOPUITI YCHIHBIM JKYHEIepiH JaMbITyFa YIec KOCaIbl.

Tyiiin ce3aep: YCHIHBIMABIK JXyifenep, MOTIHII Taniay, MaIIMHAIBIK OKBITY, TAOMFU TiNAI OHAeYy, OipieckeH cysriney,

JNEKTPOHIBIK KOMMEPIHS, TepOCCTCHIIPY.

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,
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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

\l,/

[Update of the aggﬁeg_&;ted product rating]

l

[Transfer of data to the recommendation system]

Negative

y
[Generation of personalized recommendations]

y
[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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xo0aJlay YChIHBUIFaH. ©3€KTUIII KIMHUKAIBIK MIPaKTHKaAa *KaHa OybIH CEKBEHHpIIEY HOTHKEIEPIH
MHTEpIpeTalnsIayIbl OJKbUIIAaMAATy KaXETTUINMIMEH aHBIKTajJaabl, MYHJAa JKY3 MBIHJIaFaH
HYCKaJlapbl KOJIMEH TaJliay TeHETHKTEP/IiH anTaJlal )XYMBICHIH aajbl.

Apache Spark MLIib TexHOMOTHsICHI MEH aHCAMOJIB/IIK OKBITY 9JICTEPIH KOJIJIaHa OTBIPHIII,
TeHETUKAJBbIK JEpPeKTepIiH YJIKEeH KOJIeMiIH OHJAeyre apHajfaH apXUTEKTypalblK MIeIIiMIep
3epTTeneni. buomenuuuHanbek qepekrep 0a3anapblH KYHETK Tanaay, KaTerOpHUsUTbIK TeHETHKAIBIK
Oenrinep yuriH feature engineering, Kpocc-BaquAaUs JKOHE JKIKTEY aJTOPUTMIEPIH CabICTHIPMAIIbI
Tajaay oaicTepi KOMAaHBUI/IBL.

Ym ke3emi omicteme xkacanmel: clinical significance KambImka KeNTipyMeH JKOHE
KaTeropusiiayMeH Jepekrepil Aaibiaaay, Stringlndexer sxone OneHotEncoder mnailinananymen
feature  engineering, Grid Search apkpulbl  runepmapaMmeTpiepil  OHTalIaHIBIPYMEH
ymr  Mmozenbai  (Logistic Regression, Random Forest, Gradient Boosted Trees) oKbITY.
[TaToreHmik  BIKTUMAJABIKTApbl ~ HETI3IHAEC  HyCKaJapabpl Oec  JIeHreiyni  GachIMIBIKIICH
(CRITICAL/HIGH/MEDIUM/LOW/MINIMAL) ychiHy *)Yy#eci sko0anaHIbl.

Hotmxkenepre 1miH+ xka3zbanapabl eHAeyre apHajfaH MacIITa0TalaThlH apXUTEKTypa KoHE
KJIMHUKAJIBIK YCBIHBIMIAP/Ibl aBTOMATTHI TYPJIE jKacay MOJYII Kipesi.

Tyiiin ce3gep: MalmIMHAIBIK OKBITY, OMOMH(pOpMaTHKa, MyTanusulapiaslH naroreHpiri, Apache Spark, Random Forest,

TeHETHKAIBIK HYCKatapsl kiktey, ClinVar, sKekeleHIIpIreH MeIUIITHA.
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Abstract. The article presents the design of a distributed machine learning system for
automatic classification of genetic variant pathogenicity based on ClinVar clinical data. The relevance
is determined by the need to accelerate the interpretation of next-generation sequencing results
in clinical practice, where manual analysis of hundreds of thousands of variants takes weeks of
geneticists' work.

Architectural solutions for processing large volumes of genetic data using Apache Spark MLIib
technology and ensemble learning methods are investigated. Methods of system analysis of biomedical
databases, feature engineering for categorical genetic features, cross-validation, and comparative
analysis of classification algorithms were applied.

A three-stage methodology was developed: data preparation with normalization and
categorization of clinical significance, feature engineering using Stringlndexer and OneHotEncoder,
training three models (Logistic Regression, Random Forest, Gradient Boosted Trees) with
hyperparameter optimization through Grid Search. A recommendation system with five-level variant
prioritization (CRITICAL/HIGH/MEDIUM/LOW/MINIMAL) based on pathogenicity probabilities
was designed.

Results include a scalable architecture for processing 1mmu+ records and an automated clinical
recommendation generation module.

Keywords: machine learning, bioinformatics, mutation pathogenicity, Apache Spark, Random Forest, genetic variant

classification, ClinVar, personalized medicine.
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BBenenue. B coBpeMeHHOM IepCOHAM3UPOBAHHON METUITUHE MHTEPIIPETAINS TCHETUICCKUX
BAPHAHTOB CTAHOBUTCS KPHUTHYCCKA BAXHOW 3a7adeil JUIsi JUArHOCTUKW HACIEJACTBEHHBIX
3a00JieBaHU ¥ BEIOOpA TAPreTHOW TEPAITMU OHKOJIOTHYECKUX NAieHTOB. COBPEMEHHBIC TEXHOIOTHH
CEKBEHHUpOBaHUs HOBOro mnokoieHus (NGS) Mo3BOJSAIOT BBISBIATb COTHH THICSY T€HETHUYECKHX
BapMAaHTOB B T€HOME OJHOTO MAallMeHTa, OJHAKO JIUIIh Majas 4acThb U3 HUX MMEET KIMHHYECKYIO
3HauuMocTh (Richards et al., 2015: 405-424). OcHoBHas mpoOjeMa 3aKIHYaeTCsl B OTCYTCTBUH
ABTOMATHU3MPOBAHHBIX HHCTPYMEHTOB JJsi OBICTPOM M TOYHOM KiIaccH(HKAIMKM TaTOTeHHOCTU
BAapPHUAHTOB, YTO CO3MAET Y3KO€ MECTO B KIIMHUYECKOW MHTEPIPETALMU Pe3yJbTaTOB TeHETHYECKOTO
TECTUPOBAHUS.

TpaauHOHHBIA TOIXOJ K WHTEPIPETAIMA TECHETHYSCKHX BapHAHTOB TPEOyeT y4acTHs
KIIMHUYECKUX TCHETUKOB, KOTOPHIE BPYYHYIO aHAIM3UPYIOT KaKIbId BapUAHT C WCIOJIL30BAHHEM
MHO)ecTBa 0a3 nmanHbIXx (ClinVar, gnomAD, OMIM) u unctpymenroB npenckazanusi (SIFT,
PolyPhen-2, CADD. HWnctpymeHThl mpenckasanus, Takue kak SIFT, ocHOBaHbI Ha aHamu3e
9BOJIIOLIMOHHON KOHCEPBATMBHOCTU AMUHOKHUCIIOTHBIX TMO3MLIUNA U IIUPOKO MPUMEHSIOTCS IS
otieHkH QyHKIMoHaNbHOTO 3 dekra muccenc-mytamuii (Ng & Henikoff, 2003: 3812-3814). DOror
MPOLIECC 3aHUMAET OT HECKOJIbKMX AHEW O HeAeNb AJs OJHOTO MAIMEeHTa, YTO HEMpPHEeMIIEMO B
KOHTEKCTE OCTPBIX KIIMHUYECKUX CUTyalui, TPEOYIOMUX ObICTPOTO MPUHATHS PEIICHHUHA O JICYCHHH.
HccnenoBanuss TOKa3bIBAIOT HEOOXOMMMOCTh MPUMEHEHHUS TEXHOJOTHA MAIIMHHOTO OOYYCHHS
JUIST aBTOMATH3allMM TpoIlecca WHTEPIPETANNY BAPUAHTOB ¥ TOBBIIICHHUS BOCIPOU3BOIUMOCTH
pesynbratoB (Li & Wang, 2017: 267-280).

CoBpeMeHHBIC TOAXOABl K KIACCH(PHUKAIMK TATOTCHHOCTH TEHETHYCCKHX BapUAHTOB
OCHOBaHbl Ha MPHUMEHEHWU aJrOPUTMOB MAIIMHHOTO OOY4YeHHs] K JaHHBIM U3 IyOJIMYHBIX
06a3  knuHuuecknx  anHotauui. ClinVar, mnognepxuBaemMas HalumoHanbHBIM  IIEHTPOM
ounotexnonoruueckoit unpopmaru CIIA (NCBI), comepkut Oonee 2 MUJUIMOHOB 3amluceid O
TeHETUYECKUX BaPUAHTAX C SKCIEPTHBIMH OIICHKAMH WX KIMHUYECKON 3HAYUMOCTH, YTO JeNaeT e
ONTUMAJHHBIM MCTOYHUKOM JAHHBIX Ui OOy4YeHwWs MpeackazarenbHbix mozaeneit (Landrum et al.,
2018: D1062-D1067). OgHako CyIIECTBYIONIUE PEIICHUsS IS KiacCHu(PUKAIMA BApUAHTOB HMEIOT
3HAYUTEIIHHBIC OTPAHUICHHS.

[IpoGnemHass cuTyalusl 3akIO4aeTcss B HaJUMYMU CYILIECTBEHHOIO pas3pbiBa MEXIY
MOTEHIIMAJIOM COBPEMEHHBIX METOA0B MAIIMHHOTO OOy4YeHHs] U UX MPaKTHUECKOW peasn3anuent
B KJIMHUYECKUX CHCTEMaX MOAJIEPKKH MPUHATUA petieHuid. [IpoBenéHHbIi cpaBHUTEILHBINA aHATN3
cymiecTByromux uHCTpyMeHTOB (VarSome, GeneDx, InterVar, ANNOVAR) BbisiBUN crieayromiye
CUCTEMHBIE HEIOCTAaTKU. Bo-TepBbIX, OrpaHWYCHHAss MacCIITabupyeMOCTh - OOJBIIMHCTBO
WHCTPYMEHTOB HE CIIOCOOHBI 3PPEKTUBHO 00padaThIBaTh JaHHBIEC TIOJTHOTCHOMHOTO CEKBEHHPOBAHHUS
(WGS), comepxamme 3-5 MWUIMOHOB BapUaHTOB Ha TMAlMEHTa, W3-32 HCIOJIb30BAaHUS
HepacrpeneIEHHBIX apXUTEKTYp. BO-BTOPBIX, OTCYTCTBHE MEPCOHATH3UPOBAHHBIX PEKOMEHIAINH -
CYLIECTBYIOILIUE CUCTEMBI IPEJOCTABIISAIOT TONBKO KiIacCU(UKALIMI0 BapuaHTOB 0e3 (hopMUpoBaHuUs
KOHKPETHBIX KIIMHUYCCKUX PEKOMEHIAIMK 10 JadbHCHIIUM JIEHCTBHUSAM (JIOTOTHUTEIbHBIC TECTHI,
KOHCYJIbTAllUU, CEMEHHBI CKPUHMHT). B-TpeTbux, HepocTaTouHas Mpo3pavyHOCTh MpeACcKa3zaHuil -
OOJBIIMHCTBO MOJIeNiel paboTaroT Kak "4épHbIe AUTMKU", HE TPEAOCTaBIAS KIMHUIIMCTAM MOHATHBIX
00BSICHEHUH, TIOYeMY BapUaHT KiIacCUu(UIMPOBAH KaK MaTOr€HHBIMH.

AKTyallbHOCTh JAaHHOTO HCCIIeOBaHUS 00ycCIOBIeHa HEOOXOAMMOCTBIO pa3paboTKu
MacCIITA0UPYEeMbIX CHCTEM MAIIMHHOTO OOYy4YeHHs, CIIOCOOHBIX AaBTOMATUYECKH OOpadaThIBaTh
Oonpie 00BEMBI TEHETHUECKHX JAHHBIX W (OPMHPOBATH MEPCOHATM3UPOBAHHBIC KIMHUYECKUE
PEKOMEHJAlMM Ha OCHOBE KOMIUIEKCHOTO AaHalW3a TUIIA MYyTalud, 3aTpOHYyTOro TIeHa H
MOMYJIAIMOHHON  4acTOThl  BapuaHTa. CyIIecTBYIOIMUNA pa3phlB  MEXKIYy TEOPETHUCCKUMH
BO3MOXHOCTSMU  paclpeleiCHHBIX  BBIYUCICHUH W WX TNPAKTUYECKOH peanmu3anued B
OronH(pOpPMaTUYECKUX MPHIIOKEHUIX CO3/1aET MOTPEOHOCTDh B pa3pabOTKE apXUTEKTYPHBIX pEIICHUN
Ha 0aze Apache Spark, cnocoOHbIX oOpabarbkiBath aaracetrsl pasmepom 100GB+ ¢ obecneuennem
JUHEHHON MacITabupyeMOCTH MIPH YBEIMYEHUN 00BEMOB JIAHHBIX.

B  xonrekcte PecnyOnmku < KazaxcraH, TAe  aKTUBHO  Pa3BUBAIOTCA  IICHTPHI
MEePCOHATM3UPOBAHHON METUIIMHBI W BHEAPSIOTCS TexHONOruu NGS-IHMarHOCTHKH, pa3padoTkKa
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3¢ PEKTUBHBIX MHCTPYMEHTOB MHTEPIIPETAIH T€HETHYECKUX BaPHAHTOB UMEET 0co00e 3HAYCHHE
JUTSL TIOBBIIICHUS Ka4eCTBa MEANIIMHCKOM ITOMOIIY MAIlMeHTaM C HACJIEeJCTBEHHBIMHU 3a00JIEBaHUSIMU
Y OHKOJIOTUYECKOW marojorueii. BHeapeHne aBTOMaTH3MPOBAHHBIX CHCTEM KIIACCH(DHKALUU MOXKET
CIOCOOCTBOBATh PELICHUIO 33/1a4 HAIMOHAJILHOW MTPOrpaMMbl pa3BUTHUS 3JPABOOXPAHEHUS, BKIIOUas
COKpallleHHe BPEeMEHU MOCTAaHOBKHU MOJEKYISPHOTO AMarHo3a ¢ Heelb /10 4acoB M obecrieueHue
PaBHOTO JOCTYMA K BBICOKOTEXHOIOTUYHON MEAUIIMHCKOM TOMOIIIY HE3aBUCHMO OT TeorpauuecKkoro
MOJIOKEHUSI MAI[EHTA.

Hayunast HOBU3HA MCCIIeIOBaHUS 3aKII0YACTCsl B KOMIUIEKCHOM TOXO0JIE K MTPOSKTHPOBAHUIO
pacrpeei€éHHBIX CUCTEM MAIIMHHOTO OOy4eHHus sl Kiaccu(UKAIMM TeHETHYECKUX BapUaHTOB,
HMHTETPUPYIOIIEM TPEXITAITHYIO METOI0JIOTHI0 00pabOTKH JaHHBIX (ITOArOTOBKA C KaTeropu3aluei no
crangapram ClinVar, feature engineering ¢ UCTIOIH30BAaHUEM METOIOB KOJUPOBAHUS KaTETOPHAIBHBIX
MIPHU3HAKOB, aHCAMOJIeBOoe 00yYCHHE C ONTUMHU3AINEH THIIEPIIapaMETPOB), CUCTEMY aBTOMATHYECKOU
IPUOPUTH3ALIMY BAPUAHTOB HA MATHh YPOBHEH KIMHUYECKOH 3HAYMMOCTU M MOIY/bh (hOPMUPOBAHUS
NEPCOHAIM3UPOBAHHBIX PEKOMEHIAIIUH /7151 TEHETHKOB.

[IpakTrueckas 3HAYMMOCTh pPabOTHI OMPEAENSETCS BO3MOXXHOCTBIO  HCIOJIB30BAHUS
pa3paboOTaHHOW ApPXUTEKTYpbl B pPEAJbHBIX KIMHUYECKUX JIAOOPATOPUSAX  MOJIEKYJSPHOU
JMAarHOCTUKU. MOIynbHasi CTPYKTypa CHUCTeMbl oOecrednBaeT T'MOKOCTh B HMHTErpalvu C
CYIIECTBYIOIUMH OHOMH(POPMATHICCKUMU TaimiaitHamMu 00pabotku NGS-JaHHBIX M aJanTainuu
nmox cnenuduyeckrue TpeOOBaHHS pPA3IUYHBIX MEIWIMHCKUX YUpexxaeHuid. Pa3paboranHbIe
ApXHUTEKTYPHBIE PEIICHHUSI MOTYT OBITh MCTIONB30BaHbI KAK OCHOBA JIUISI CO3/IaHUS CHCTEM ITOJICPIKKH
MPUHSATHS PEIICHUH B TEHETUYECKOM KOHCYJIETHPOBAHHH.

Marepuaabl ¥ MeToAbl. J[ns OCTHKEHUS TIOCTAaBICHHOM 1EMM B HCCIEIOBAaHUU
UCTIOJB30BAJICS KOMITJIEKCHBIA METOAOJIOTMYECKUN MOIX0A. bbUin MpoaHanu3upoBaHbl CIEAYIOIINe
uctounuku: ClinVar (ocHoBHO# uctounuk) dbSNP, COSMIC, OMIM. [Ins aHanu3a cOMaTHYECKHX
MyTalui, aCCOLMUPOBAHHBIX C OHKOJOTMYECKUMH 3a00JIeBaHUSMH, UCIIOJIb30BaJIach 0a3a TaHHBIX
COSMIC, copepxamas Kypupyemyro HWHGOPMAIMIO O MYTalUsiX B OIYXOJIEBBIX 0oOpa3max
(Tate et al., 2019: D941-D947). [ng aHHOTaMM W UHTEPIPETALNU T'€HETUYECKUX BAPUAHTOB
B WCCIICIOBAHUN HCIIOJIb30BAINCH KaK KJIMHWYECKHE, TaK W MOIMYJISIIUOHHBIC U MPEICcKa3aTeIbHbIC
ouonH(popMaTndyeckre pecypcbl. B kayecTBe OCHOBHOTO HCTOYHHKA KIMHUYECKOW 3HAYUMOCTH
npumeHsiack 6a3a manapix ClinVar (Landrum et al., 2018: D1062-D1067).

ClinVar (OCHOBHOW WCTOYHHWK)- MyOnM4Has ©Oa3a JaHHBIX KIMHUYCCKHX aHHOTAIUN
TeHETUYECKUX BapHaHTOB, COJEpIKaIlas AKCIEPTHBIE OIEHKHM MAaTOTEHHOCTH OT KIMHUYECKUX
naboparopuil mo Bcemy Mupy, kiaccupukamuio no kareropusm (Pathogenic, Likely Pathogenic,
Benign, Likely Benign, Uncertain Significance), uHdopmanmio o 3aTpOHYTBIX T'€HaX M THIAX
MyTammii  (missense, nonsense, frameshift), nomynsiuonHele YacToThl asuteneit, dbSNP-
0a3za JaHHBIX OJHOHYKJICOTHIHBIX moauMopdu3smMoB, coaepxkamas Oonee 600 MHITHOHOB
BapUAHTOB C WH(OpPMAIMEd O MOMYyJSAIMOHHBIX YacTOTaX B PA3IUYHBIX ITHUYECKHX TpyIIax,
COSMIC- xkaranor CcOMaTM4ECKMX MYTAallMd B OHKOJOTHH, CHELUUAIU3HUPYIOIIMICS Ha
BapMaHTaxX, CBA3AHHBIX C Pa3BUTHEM 3JI0KAYECTBEHHBIX HOBOOOpa3oBaHuii, OMIM- 6a3a maHHBIX
HACJIEZICTBEHHBIX 3a00JIeBaHU YeoBeKa ¢ MOAPOOHBIMU KIMHUYECKUMH OMUCAHUSAMHU ()EHOTHUIIOB U
ACCOLIMMPOBAHHBIX T€HETHUECKHX BapPUAHTOB.

Vcnonb30BaHME yKa3aHHBIX PECYpPCOB COOTBETCTBYET COBPEMEHHBIM PEKOMEHAALMUSAM I10
MHTEpIpETANU TeHETHYECKUX BapHaHTOB B KiimHIUeckoi npaktuke (Richards et al., 2015: 405-424).

@OyHKIMOHAIbHAS AHHOTALUS BapUAaHTOB OCYIIECTBIUIACH C IOMOINBIO HMHCTPYMEHTa
ANNOVAR, o0ecreunBaiomero CONOCTABICHHE TI'C€HETHYCCKUX HM3MEHCHMI ¢ TEeHaMH,
TpaHCKpUINTaMu U QyHKUHOHAIBbHEIMU ¢ dexktamu (Wang et al., 2010: e164).

Ananmu3 BeIiBUI, uto ClinVar mnpegocraBmsier HambOojee cOamaHCHUPOBAaHHBIN HaOop
JTaHHBIX A7 00y4yeHHs KiIacCU(PHUKAIIMOHHBIX MoJeNel Ornaronapsi CTaHIapTU3HUPOBAHHON CHUCTEME
KaTeropu3aluu KIMHUYECKOW 3HAYUMOCTH U PETYISIPHOMY OOHOBIICHHUIO IKCIIEPTaMHU.

Jlns 06paboTku OONbIIMX OOBEMOB T'€HETHMUYECKHX JAHHBIX HCIHOJIb30BANTACh TEXHOJIOTHUS
Apache Spark 3.x ¢ Oubnmorexoil mammuHOro oOyudeHust Spark MLIib. Spark obGecneunBaer
TOPU30HTAJIBHYIO MacCIITaOMPYEeMOCTh Yepe3 paclpelielieHHe BBIYMCICHUN IO KJacTepy Y3JIOB,
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OTKa30yCTOMYMBOCTh depe3 Mexanm3Mm Resilient Distributed Datasets (RDD), ontumusaiuio
BBINOJIHEHUS 3anpocoB uepe3 Catalyst optimizer v JI€HUBbBIE BBIYMCICHUS.

ApXHUTEKTypa CUCTEMBI IIOCTPOEHA HAa TPEXYPOBHEBOW MOZENIN: YpOBeHb JaHHbIX- MySQL
0a3a JaHHBIX I XpaHeHHWsl ouyuiIeHHBbIX AaHHBIX ClinVar B dopmare Parquet ¢ mommepxkoii
CTOJIOIIOBOTO CXKATHUs JUIsl 5KOHOMHUH JAUCKOBOTO MPOCTPAHCTBA, YPOBEHb 00paboTKu- Spark-kmactep
JUIS  TapajulebHOW 00pabOTKM JaHHBIX C aBTOMAaTWUYECKUM YIIPABICHUEM MapTULUAMU H
ontumusanueit shuffle-onepanuii, ypoBeHb npeacraBieHHs- MOIYIN BHU3YyaJIM3allUM PE3yJIbTaTOB
(ROC-kpussie, Feature Importance, MaTpuiisl OlIMOOK) U T€HEPALUU KIMHUYECKUX OTYETOB.

Pa3paborana merononorusi npeoOpa3oBaHUs CBHIPBIX NEHETHMUECKHMX JAaHHBIX B IPU3HAKH,
MIPUTOIHBIE ISt O0y4YeHUsT MOjiesiel MalMHHOTO o0yueHus. [Iporiecc BKiIoUaeT ciaeayromume dTarbl:
Kareropuzanus clinical significance- mpeo6pa3oBanue ucxoanbix Metok u3 ClinVar (comeprkanux
6onee 20 pa3nuuyHBIX BapuaHTOB oOo3HaueHuil, Bkmrouyas '"Pathogenic", "Pathogenic/Likely
pathogenic", "Conflicting interpretations of pathogenicity") B Tpu yHHUHUIIUpOBaHHBIE KaTETOPHUU:
Pathogenic (marorenHple BapuaHThI, TpeOyromue KiIMHMYEeCKoro aeictBusi), Likely Pathogenic
(BepOsITHO MaToreHHble, TpeOyrolire JOMOMHUTENbHON Banuaanuu), Benign (1o0pokauecTBEHHBIE,
HE MMEIOINe KIMHIUYECKON 3HAUMMOCTH), UHICKCAIHs KaTerOPUAIbHBIX MPU3HAKOB- MPUMEHEHHE
Stringlndexer mis npeobpa3zoBanusi TekcToBbiX 3HaueHui reHoB (BRCAI1, TP53, CFTR u t.o.) u
TUTIOB MyTaIuii (missense variant, frameshift variant, stop gained) B unucioBsie naaexcel, One-Hot
Encoding- nmpeoOpa3oBaHue MHIEKCHPOBAHHBIX KaTETOPHAJIbHBIX MPU3HAKOB B BEKTOPHI OMHAPHBIX
MPU3HAKOB JJIi YCTPAHEHUS MPEANONIOKEHUS 00 YHOPSJA0YEHHOCTH KaTeropuil, HOopMalu3alus
YHCIIOBBIX NpPU3HAKOB- NpuMeHeHHe MinMaxScaler ans mpuBeneHUs MHOMYJISIMOHHBIX YacTOT
amnenei x auamasony [0, 1] s mpeoTBpallleHUs JOMHUHUPOBAHUS MPU3HAKOB C OOJIBIIMMU
a0CONIOTHBIMH 3HAYEHHUSIMH. COOpKa MPU3HAKOB- OObEAMHEHNE BCEX MPEOOPA30BAHHBIX MPU3HAKOB
B eMHBbIN feature vector ¢ ucnonp3zoBanueM VectorAssembler.

Jlns knaccudukanuy NaTOreHHOCTH BapUaHTOB ObLJIO BHIOPAHO TP CeMeicTBa aaropuTMOB
C pa3NMYHBIMHM TpuUHIUNaMu paboTel: Logistic Regression- nuHEWHas MOENb, MOICIUPYIOIIAs
BEPOSITHOCTh TMPUHAIISKHOCTH K KJIacCy dYepe3 JIOTUCTHUYECKyro (yHkmmioo. BpiOpana xak
baseline-monens Omaromapst ObICTpoMy OOYYEHMIO, HHTEPIPETHUPYEMOCTH KOIPPUIMEHTOB HU
xXopoiieid paboTe Ha JHHEHHO-pa3fAeNuMblX naHHbIX, Random Forest- ancamOnp pemarommx
JIepeBbEB, UCHOJIB3YIOMUN bagging ans cHWKEHUS aucnepcuu mnpexackasanuil. Ilpenmyiectsa
BKJIIOYAIOT YCTOMUMBOCTH K Mepeo0ydeHnto, aBTomarudeckuit feature selection, BCTpOEHHYIO OIICHKY
BRXHOCTHU TMPU3HAKOB M CIIOCOOHOCTH YJIaBIHMBAaTh HEMUHEIHBIC 3aBUCUMOCTH MEXAY MPU3HAKAMU,
Gradient Boosted Trees (GBT)- mocnenoBarenbHbI aHcamONb JEPEeBBEB, INE€ KaxJA0€ HOBOE
JIepeBO KOPPEKTUPYeT OMMOKK mpeapaymux. ObecreunBaeT MaKCHMaJIbHYIO TpeiICcKa3aTelbHYyIo
CIOCOOHOCTh CpeIn KIACCUYECKHUX aJTOPUTMOB MAIIMHHOTO O0yYeHHUS.

JUis OLEHKM MPOU3BOAUTEIBHOCTH MOJIENEH HCIONb30BAINCh CIEAYIOUINE METPUKHU:
F1-score- rapmonnueckoe cpegHee precision u recall, kputuyuHo A1 HecOaTaHCUPOBAHHBIX KJIACCOB,
IJie TaTOreHHbIe BapMAHThI COCTABIISAIOT MEHBIIMHCTBO, accuracy- oOIiast TOYHOCTh KJIacCU(PHUKAIH
JUIS1 OLIEHKU KOPPEKTHOCTH TipeAcka3anuii Ha BcéM naracete, AUC-ROC- mnomans nog ROC-kpuBoii
JUISL OLIEHKH CIIOCOOHOCTHM MOJENH Pa3indarh KJIAcChl MPU Pa3TUYHBIX MOporax KiacCHU(pHUKAIIH,
confusion Matrix- MarpuIia omuOOK JIs AETaIbHOTO aHaJI13a TUITOB OMMO0K Kiaaccudukammu (false
positives 0COOCHHO KPUTHYHBI B MEJUIIMHCKUX MPUITOKEHHSIX).

JIist OLEHKHM MOTEHIMAJIbHOW MaTOr€HHOCTH BapUAHTOB HCIIONB30BAINCH HMHTETPAIbHbBIC
npeackazarenbHbie onleHkn CADD, mno3Bosisonye KOJIMYECTBEHHO OILIEHMBATh BPEIOHOCHOCTH
MyTaluid Ha ypoBHe Bcero reHoma (Rentzsch et al., 2019: D886-D894). Ananu3 momymisiiiuOHHBIX
4acTOT aJljiesield U 3BOJIOIMOHHBIX OTPaHUYEHUI MPOBOIMICS C MCHOJIb30BaHHEM 0a3bl gnomAD,
OCHOBAHHOW Ha JaHHBIX cekBeHupoBaHus Oosnee 140 Teicsu manuBuaoB (Karczewski et al., 2020:
434-443).

Pa3paboTrana MeToauKa aBTOMAaTHUECKOM reHepaliui KIIMHUYECKUX PEKOMEHIalluii Ha OCHOBE
BEPOSTHOCTEN MAaTOTeHHOCTH, IPEJCKa3aHHbIX MoAesIMU. CUCTeMa BKIIIOYAECT:

ITatuypoBHeByro npuopuruszauuto: CRITICAL (P > 0.90): HememieHHas KIMHUYECKas
Banuuanus, KoHcyneramus reHetuk, HIGH (0.75 < P < 0.90): npuopureTHas mnpoBepka
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Sanger-ceksenupoBanueM, MEDIUM (0.50 < P < 0.75): ananu3 cemeliHoro anamue3a, LOW
(0.25 < P < 0.50): moHuTOpUHT npu KiIuHUYeckuX nokazanusx, MINIMAL (P < 0.25): BepositHO
T00pOKauYeCTBECHHBIN.

ABTOMAaTHYECKYI0 T€HEpalUI0 PEKOMEHAAUUK MO JajJbHEUIIMM JEHCTBUSAM Il KaKJ0TO
YPOBHSI PUOPHUTETA C YIETOM THITA MyTallUH U 3aTPOHYTOTO I'eHa.

Okcnopt pesyasratoB B (opmarel CSV u Parquet mis uHTerpamuu ¢ 3JIEKTPOHHBIMU
MeaunuHckumu kapramu (EMR).

PesyabTarel u oOcy:xaeHue. Pa3paboraHHas cucTeMa MAIIMHHOTO OOYYeHHUS JUIs
MPE/ICKa3aHNusl TATOTEHHOCTH TEeHETUYECKUX MYTallid JEMOHCTPHUPYET PSJl MPEUMYIIECTB IO
CPaBHEHHUIO C CYMIECTBYIOMUMH PEIICHUSIMHU B 00JIACTH KIIMHUYCCKON HHTEPIIPETAIIH TeHETUIESCKIX
BapHaHTOB.

[IpoBenénnnie skcriepumenThl Ha natacete ClinVar, comepxamiem 1104765 renernyeckux
BapUAHTOB TOCJIC OUYMCTKH JIAHHBIX, TTOKA3aJI CICAYIONINE PE3yIbTaThl HA PUCYHKE 1.

Model Performance Comparison

mm F1-Score
1.0 Accuracy

F1-Score Accuracy

0.8+

0.625 0.632 0.648 Logistic Regression 0.6252 0.6319

044 0.396 Random Forest 0.2428 0.3958

0.243

GBT (Binary) 0.6476 0.7441 0.5488

" 55'\0(\ w(er,‘l

\
oty
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Models

Pucynok 1. CpaBHeHuE NPOU3BOJUTEIBHOCTH MOJIEIEH

Logistic Regression m GBT mnpomeMOHCTpUpOBaIM CYIMIECTBEHHOE IPEBOCXOACTBO HAJI
Random Forest. GBT noxa3an nauBbicimii Fl-score (0.6476), yTo AenaeTr ero ONTHUMAaJbHBIM
BBIOOPOM JIJIS1 KPUTHUYECKUX KITMHMYECKUX IPUMEHEHUH, T/e IIeHa OMMOKH KiIacCu(UKAIIMHA BBICOKA.

Amnanu3 Feature Importance u3z monenu Random Forest BeisiBun Hanbosee 3HauuMbIe (haKTOPBHI
JUTSL TIPE/ICKa3aHusl MTaTOTeHHOCTH Ha PUCYHKE 2:
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Top 20 Most Important Features (Random Forest)

Feature 29 0.0818
Feature 108 00668
Feature 37 0.0616
Feature 24 0.0614
Feature 192 0.0538
Feature 22 10.0536
Feature 499 0.0396
Feature 33 0.0374
Feature 883 0.0371
Feature 138 0.0288
Feature 3 0.0263

Feature 486 0.0235

Feature Index

Feature 134 0.0232
Feature 315 0.0229
Feature 68 0.0221
Feature 8 0.0208
Feature 142 0.0208
Feature 1159 0.0206
Feature 968 0.0205

Feature 116 0.0204

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Importance Score

Pucynok 2. I'papuk Feature Importance tor-20 npu3HakoB

Pe3ynbTrarhel cOmIacyroTCsi C COBPEMEHHBIMH TIPEICTABICHUSIMA MOJIEKYJISIPHON OHMOJIOTHH O
MexaHu3Max rnaroreHHOCTH: loss-of-function myramuu (frameshift, nonsense) B reHax ¢ BBICOKHM
YPOBHEM 3KCIPECCUM W KPUTHUYHBIX AJIS KIETOUHBIX (YHKUMH € HanOOsbLIed BEpOATHOCTBHIO
NaTOTEHHBI.

CucremMa aBTOMAaTMYECKH CreHEpUpOBajia IEPCOHATU3UPOBAHHBIE PEKOMEHIAIMM IS
Ka)XJI0TO BapHaHTa, BKJIrovaromue: [Ipeanaraempie KIMHUYECKUE NEHCTBHS (KOHCYNIBTAINs TeHETHKA,
(YHKIMOHATBHBIE TECThl, CEMEWHBI CKPHUHMHT), METOIbI Bajumanuu (Sanger-ceKBeHHPOBAHHE,
aHaJIW3 CETperalyu), AONOJHUTENbHbIE NCTOYHUKM MH(OpManuu (CChbUIKM Ha IyOnuKauuu, 0asbl
JTAaHHBIX).

[lepcnieKTHBHBIC HampaBlIeHUS PAa3BUTHS CHCTEMBl BKIIOYAIOT: BHempeHue MeTomoB
IyOokoro  oOyueHMst  JUIsl  yAydIIeHUsT TOYHOCTM  HpEeAcKa3aHud  depe3  oOpaboOTKy
nocnenosarenbHocTeil JIHK cBepTOuHBIMH HEHPOHHBIMM CETSMH, MHTerpanus rpagoB 3HaHUH
Ui yuéTa CeMaHTHYEeCKHX CBs3eil Mexay reHamu, 3aboneBanusMu u genorunamu (Sakong et al.,
2024), nob6aBnenue moayins oobsicHuMocTH Ha ocHoBe SHAP (SHapley Additive exPlanations) mis
uHTepnpetanuu npenckazanuii (Lundberg & Lee, 2017).

BoiBoabl. B pesynmerate mpoBen€HHOTO HCCIIENOBAaHHS pa3paboTaHa MacmTabupyeMas
cUCTeMa MallMHHOro oOydeHus Ha 06a3ze Apache Spark s aBTOMarnyeckod Kinaccuukanuu
MAaTOTeHHOCTH TeHETHYECKUX BapuaHTOB. OCHOBHBIC PE3YJbTAThl H BEIBOJIBIL:

CropoektrpoBaHa TpEXYpOBHEBas  paclpeieiCHHas apXUTEKTypa, O00eCHeurBaromas
00paboTKy OONbIIUX OO0BEMOB TEHETHMUECKHMX JaHHBIX (IMJIH+ BapWaHTOB) C JIMHEHHOM
MaclITaOupyeMOCTbIO TPHU YBEIMUYEHMM pa3Mepa JaTaceTa U BO3MOKHOCTBbIO TOPHU3OHTAIBHOTO
MacimTabupoBaHus uepe3 jgobOaBieHue y3inoB B Spark-kimactep, pa3zpaboTaHa MeETOJOTOTHS
TpEX3TAanHON 00pabOTKM JaHHBIX, BKIIOUaromas kareropu3anuio clinical —significance mo
crangaptam ClinVar, feature engineering ¢ npumenenuem Stringlndexer u OneHotEncoder s
peoOpa30BaHMsI KATETOPHATBHBIX TeHETUIECKUX MPU3HAKOB, HOPMATM3ALUIO YHCIOBBIX PU3HAKOB
yepe3 MinMaxScaler, o0y4ueHbl 1 ONTUMH3UPOBaHbl TPU MOJENIM MamnHHOro odyuenus (Logistic
Regression, Random Forest, Gradient Boosted Trees) uepes Grid Search ¢ 3-fold kpocc-Banunanuei,
CO3/laHa CHUCTEMa TMEPCOHAJIM3UPOBAHHBIX PEKOMEHJALMN C MSITHYPOBHEBOM MPUOPUTH3ALMEH
BapuaHToB (CRITICAL/HIGH/MEDIUM/LOW/MINIMAL) Ha 0OCHOBE BEpPOSTHOCTEH NAaTOTCHHOCTH
U aBTOMAaTUYECKOH TreHepaluedl KIMHUYECKUX JeHCTBUH A KaXIOro YpOBHS IpPHOpUTETa,
[IpOBE/IeHa UHTETpalus TPEX NOMOIHUTEIbHBIX UCTOUHUKOB TaHHBIX (dbSNP, COSMIC, OMIM) ¢
pacuImpeHreM aaracera.

Hayunast 3Ha4MMOCTh pabOTHI 3aKIOYAETCd B KOMIUICKCHOM IMOAXOAE K MPOEKTHPOBAHUIO
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pactpenenéHHBIX  CHCTEM  MAIIMHHOTO  OOy4eHus [uis OWOMEAMIMHCKHX  IMPHIOKEHUH,
UHTETpUpYIOIeM MeTonbl feature engineering Juid KaTerOpHaJIbHbIX T€HETHMUECKHUX IPU3HAKOB,
aHcambOseBoro oOy4yeHUs C ONTHMHU3ALMEN THUIepHapaMeTpoB M AaBTOMATHYECKOH TeHepauuu
NEPCOHAIN3UPOBAHHBIX KIIMHUYECKUX PEKOMEH AU,

JlanpHelMe ucclefoBaHus OydyT HalpaBiIeHbl Ha BHEAPEHHE METOJI0B IIIyOOKOro
oOy4eHHus! Ui MOBBIIMIEHUS TOYHOCTU IpeJACKa3aHWi, MHTerpanuio rpadoB 3HaHUN Ui ydéra
CEMAaHTUYECKUX CBsI3eH MexX 1y OMOMETUITMHCKUMU KOHIIEITaMU, 100aBJIeHUE MOy OOBSICHUMOCTH
Ha ocHoBe SHAP u pacmmupenue (yHKIHOHAIBHOCTH 10 HMOAJCPKKH CTPYKTYPHBIX BapUAHTOB U
(hapMaKOTeHEeTUYECKUX TPE/ICKa3aHuH.
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