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DETECTING ANXIETY AND DEPRESSION FROM SOCIAL MEDIA TEXT BY
APPLYING MACHINE LEARNING METHODS

Abstract. The detection of anxiety and depression through social media texts has emerged
as a critical research focus, driven by the growing prevalence of mental health challenges and the
widespread sharing of personal and emotional experiences on online platforms. The availability
of large-scale, user-generated content provides an opportunity to develop automated systems for
early detection and intervention. In this study, the effectiveness of three widely used machine
learning models—Logistic Regression, Support Vector Machine (SVM), and Random Forest—is
assessed using key evaluation metrics such as precision, recall, F1-score, and overall accuracy.
Among the tested models, Random Forest demonstrates superior performance, consistently
achieving a recall of 0.91 and an F1-score of 0.93 when identifying individuals likely experiencing
anxiety and depression. These results suggest its robustness and reliability in real-world
applications. SVM also performs well, with a strong balance between precision and recall, and
reaches a high overall accuracy of 98%. On the other hand, Logistic Regression, although
computationally efficient and simple to implement, shows limitations in detecting positive cases,
with a relatively low recall of 0.59. The results of this comparative analysis highlight the potential
of advanced machine learning algorithms in supporting mental health screening and emphasize
the importance of model selection in building effective and scalable detection tools.

Keywords: detecting anxiety, machine learning in psychology, artificial intelligence in
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Introduction.
The global prevalence of anxiety and depression has increased significantly, especially

following the COVID-19 pandemic, which has intensified mental health challenges among
individuals [1-3]. Conventional diagnostic approaches for these mental health conditions
frequently depend on clinical evaluations, which may be constrained by factors such as
accessibility, stigma, and individuals' readiness to pursue assistance [4—6]. Conversely, social
media platforms have developed into significant real-time data sources that indicate users' mental
states via their posts and interactions [7-9]. This transition offers the potential to utilize machine
learning methods for identifying anxiety and depression through social media text, serving as a
scalable and effective substitute for traditional diagnostic approaches. Recent studies demonstrate
the effectiveness of various machine learning algorithms in analyzing text data from social media

for mental health detection [10-12], [13-15]. Systematic reviews have demonstrated thegenerated
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content on platforms such as Twitter and Reddit [16—-18]. Research demonstrates that models like
Logistic Regression, Support Vector Machines, and Random Forest are capable of effectively
classifying text data, and uncovering patterns associated with mental health conditions. The
integration of natural language processing techniques improves the accuracy of these models by
allowing them to comprehend the nuances of human language, sentiment, and emotional
expression.

This study seeks to implement machine learning techniques, namely Logistic Regression,
SVM, and Random Forest, for the detection of anxiety and depression in social media text. This
study compares the performance of various classifiers to determine which algorithm yields the
most accurate predictions, while also evaluating interpretability and computational efficiency. This
study's findings will enhance the existing literature on automated mental health detection methods
and may act as a supplementary resource for public health initiatives focused on early intervention
and support for at-risk individuals.

This research addresses several critical challenges in prior studies, including feature
extraction, model optimization, and generalizability across various social media platforms. This
study conducts a comprehensive evaluation of machine learning methods applied to social media
data, aiming to enhance the effectiveness of mental health monitoring systems and improve
understanding of users' psychological states through online communications.

In exploring the intersection of technology and mental health, it is essential to develop
methodologies that accurately identify signs of anxiety and depression in extensive social media
text. This research aims to enhance academic knowledge and inform practical applications to
improve mental health outcomes for individuals facing challenges in a digital environment.

The identification of anxiety and depression through social media text utilizing machine
learning techniques has emerged as a significant research domain. This trend results primarily
from the emotionally charged data users disseminate on platforms like Twitter and Reddit.
Researchers have invested considerable effort in comprehending and enhancing the use of machine
learning techniques for identifying mental health issues, resulting in valuable insights regarding
their potential and challenges.

Traditional machine learning algorithms, including Logistic Regression, Naive Bayes,
Random Forest, and Support Vector Machines (SVM), have been extensively utilized in these
studies. Logistic Regression exhibited an accuracy rate of 73% with Reddit data, whereas SVM
attained a superior accuracy of 81% when evaluating Twitter data [19]. Classical methods have
demonstrated effectiveness in processing structured text data; however, they frequently encounter
difficulties in capturing the nuanced and contextual aspects of human emotions. difficulties in
capturing the nuanced and contextual aspects of human emotions.

Recent advancements in transformer-based models, including BERT, RoBERTa, and
DeBERTa, have greatly improved the ability to comprehend and analyze text data within its
context. These models are proficient in detecting nuanced emotional signals in text, enhancing the
comprehension of the underlying emotional states. BERT performed remarkably, achieving an F-
measure score of 99.56% [20]. Bokolo and Liu [21] highlight the benefit of transformer models in
effectively capturing complex emotional signals that traditional approaches often overlook.

The efficacy of machine learning models is closely linked to the datasets employed in
research. Studies have utilized various datasets from platforms such as Twitter and Reddit, with
sample sizes ranging from 1,228 to over 4,700 records. The variety of data sources enhances the
reliability of findings by providing a wider representation across diverse demographics and social
contexts [19, 22]. Challenges such as unbalanced datasets remain, with minority classes frequently
underrepresented. Techniques such as the Synthetic Minority Oversampling Technique (SMOTE)
have been utilized to mitigate these imbalances, leading to enhanced model performance [20].
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The implications of these advancements for mental health are substantial. Early detection of
anxiety and depression through the analysis of social media texts presents significant opportunities
for proactive mental health interventions. Early detection enables healthcare providers and support
systems to intervene prior to the escalation of issues into more severe crises [21, 23]. Nonetheless,
continuous research is necessary to overcome current limitations. Enhancing dataset diversity,
optimizing model architectures, and tackling computational limitations are essential domains for
future research [22].

Despite notable advancements in the application of machine learning techniques for the
detection of anxiety and depression through social media text, several critical knowledge gaps
persist in the existing literature. Although numerous studies examine the effectiveness of
individual models like Logistic Regression, SVM, and Random Forest, there is a paucity of
research investigating the comparative performance of these models across diverse datasets with
differing linguistic and demographic attributes. Much of the current research depends on platforms
like Twitter and Reddit, which may not adequately represent the diverse language utilized across
various social media sites, user demographics, or cultural settings.

Materials and Methods.

This study employs the Students Anxiety and Depression Dataset, accessible on Kaggle
(Saha, 2022). This dataset consists of textual data gathered from students, aimed at evaluating
anxiety and depression levels based on their social media posts and responses. The dataset
comprises 6,982 entries, each featuring two main columns: text and label. The text column
comprises textual data, whereas the label column signifies whether the associated text represents
anxiety/depression (1.0) or normal mental health (0.0). A sample of entries from the Students
Anxiety and Depression Dataset is shown in Table 1.

Let D represent the dataset:

D = {(x;, y)INi=1,
1)

where N = 6982 is the total number of entries, x; € X is the text data for the iii-th entry, y; €
{0,1} is the binary label, where 1 denotes anxiety or depression, and 0 denotes normal mental
health.

Every row denotes a distinct entry with student comments on social media in the Text

column. Each text entry's mental health status is indicated in the Label column: Anxiety or
depression are indicated by a label of 1, whereas normal mental health is indicated by a label of 0.
This organized style makes it possible to classify students' mental health based on their linguistic
expressions through efficient analysis utilizing machine learning techniques.
Understanding the subtleties of student mental health as they manifest in unofficial settings like
social media is made easier with the help of this dataset. Researchers can find trends and create
predictive models by examining these entries, which could help with early diagnosis and student
anxiety and depression intervention techniques.

Table 1 - Example of the dataset’s entries

Text label
oh my gosh 1
trouble sleeping, confused mind, restless heart. All out of tune 1
It's okay to wake up, lower stomach hurts + lazy to wake up. . ...when | 0
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went to the toilet, it turned out that the moon was coming

Figure 1 shows the proposed methodology of the system outlining all of the key steps of the
process. Before analysis, various preprocessing steps were conducted to ready the data for machine
learning models. The dataset was analyzed for missing values in the text and label columns. Entries
lacking text were excluded to guarantee that only complete records were utilized in the analysis.

The labels were encoded in binary format, with '0" indicating normal mental health and '1'
indicating anxiety or depression.
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Figure 1 — Methodology of the proposed system

The Term Frequency-Inverse Document Frequency (TF-IDF) vectorization technique was
utilized to transform textual data into a numerical format appropriate for machine learning. This
method converts the text into a matrix of TF-IDF features, reflecting the significance of each word
to its frequency across all entries.

TF — IDF(t,d) = TF(t,d) - IDF(t, D)
)

TF (t, d) measures how frequently term t appears in document d.

TF(t,d) = Count(t,d) / Ypeq Count(t',d)
3)
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IDF (t, D) measures how unique or important term t is across the corpus D (set of all
documents).

IDF(t,D) = log({D1/1+I{d € D | t € d}|
(4)

In order to avoid overfitting issue, the division of dataset into the training and testing part has been
conducted. Allocation was the following: 80% of the dataset was allocated to the training part,
10% of the dataset was allocated to the validation part, and the remaining 10% of the dataset was
allocated to the testing part. Hyperparameter tuning was conducted to improve the efficacy of
machine learning models utilized for detecting anxiety and depression in social media text. The
regularization parameter (C) for Logistic Regression was optimized across a range of values from
0.01 to 100, with solvers including ‘liblinear," ‘Ibfgs," and 'saga’ being evaluated. The optimal
configuration was determined with € = 0.1 and the 'liblinear' solver, achieving a balance between
computational efficiency and performance. Despite optimization, Logistic Regression
demonstrated a recall of 0.59 for identifying positive cases, reflecting a constrained sensitivity to
true positives in this scenario.

Support Vector Machines (SVM) were optimized through the adjustment of the kernel type, the
regularization parameter (C), and the kernel coefficient (y) for the RBF kernel. Kernels evaluated
comprised 'linear,' 'poly," and 'rbf," with C values spanning from 0.1 to 100 and y values
encompassing 'scale,’ 'auto," and specific values like 0.01 and 0.1. The optimal parameters were
attained using an RBF kernel, with C set to 10 and y at 0.01, yielding an accuracy of 98% and
maintaining balanced precision and recall across classes.

Hyperparameters for the Random Forest model, including the number of trees, maximum

depth, and minimum samples required for a split, were optimized. The number of trees tested
included 100, 200, and 500, while maximum depth values of 10, 20, and None were evaluated.
The optimal configuration, comprising 200 trees, a maximum depth of 20, and a minimum split
size of 5, facilitated the model in attaining a recall of 0.91 and an F1-score of 0.93 for detecting
positive cases. The results demonstrate Random Forest's capacity to identify intricate relationships
within the data, establishing it as the most effective model for the task.
In conclusion, hyperparameter tuning markedly improved the performance of all models. Random
Forest exhibited enhanced efficacy in detecting anxiety and depression, especially in recognizing
positive cases with elevated recall and F1-score, establishing it as the most dependable method for
this study. Support Vector Machines demonstrated strong performance as a balanced option,
whereas Logistic Regression, despite its computational efficiency, was constrained by its
sensitivity to true positive instances.

Results and Discussion.

The performance of the three machine learning models—Logistic Regression, Support
Vector Machine (SVM), and Random Forest—is presented in Table 2. The Random Forest model
attained an F1-score of 0.93 and a recall of 0.91 for positive cases, resulting in an overall accuracy
of 96.7%. This demonstrates its enhanced capacity to balance precision and recall, thereby
reducing false negatives. SVM achieved an overall accuracy of 98%, with a precision of 0.89 and
a recall of 0.86, indicating effective performance in identifying positive cases while sustaining
balanced metrics across categories. Logistic Regression achieved an accuracy of 91% but
exhibited a notably low recall of 0.59, which restricts its effectiveness in identifying positive cases.

Cross-validation utilized k=5 folds, demonstrating consistent performance across all metrics,
with standard deviations below 0.02 for each model. This supports the reliability of the results and
affirms the robustness of Random Forest as the optimal model. The models underwent statistical
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comparison via a paired t-test on F1-scores, revealing that Random Forest significantly
outperformed Logistic Regression (p < 0.01).

Table 2 presents results for the applied machine learning algorithm in terms of key metrics such
as precision, recall, f1-score, support. As it can be seen, logistic regression indicates high precision
for both negative (0.95) and positive (0.98) cases. Nonetheless, the recall for positive cases is
comparatively low at 0.59, leading to a diminished F1-score of 0.74 for this category. Despite
achieving an overall accuracy of 95%, the model's performance is constrained by its failure to
identify many positive cases. SVM model outperforms Logistic Regression in all evaluated
metrics. The model attains a recall of 0.81 for positive cases, resulting in an enhanced F1-score of
0.88 for this category. The support vector machine (SVM) demonstrates an overall accuracy of
98%, with balanced precision and recall, indicating significant enhancement, especially in
detecting positive cases. Overall, logistic regression establishes a baseline performance level,
however, SVM and Random Forest exhibit significantly superior results, with Random Forest
identified as the optimal model based on its balanced and robust metrics.

Table 2 - Performance Metrics for applied machine learning algorithms

Algorithm Metric Class 0 Class 1 Macro | Weighted
(Negative | (Positive) | Average | Average
)

Logistic Regression Precision 0.95 0.98 0.96 0.95

Recall 1.00 0.59 0.79 0.95

F1-Score 0.97 0.74 0.86 0.95

Support 1235 159 697 1394

Support Vector | Precision 0.98 0.97 0.97 0.98

Machines

Recall 1.00 0.81 0.90 0.98

F1-Score 0.99 0.88 0.93 0.97

Support 1235 159 697 1394

Random Forest Precision 0.99 0.95 0.97 0.98

Recall 0.99 0.91 0.95 0.98

F1-Score 0.99 0.93 0.96 0.98

Support 1235 159 697 1394

Figures 2, 3, and 4 present the confusion matrices for Logistic Regression, Support Vector
Machine (SVM), and Random Forest, respectively, illustrating the classification performance of
each model. The matrices represent the counts of true positives, true negatives, false positives, and
false negatives in detecting anxiety and depression.

Figure 2 presents the confusion matrix for Logistic Regression, demonstrating its efficacy in
accurately identifying true negatives while also indicating a significant number of false negatives,
which suggests challenges in detecting positive cases.
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Confusion Matrix for Logistic Regression

Normal

True

Anxiety/Depression

Normal Anxiety/Depression
Predicted

Figure 2 - Confusion matrix of Logistic Regression

Figure 3 illustrates the SVM model, demonstrating enhanced balance and a significant
decrease in false negatives relative to Logistic Regression. This enhancement demonstrates SVM's
capacity to more effectively identify nuanced patterns within the data, resulting in increased recall
for positive instances.

Confusion Matrix for Support Vector Machine

Normal

True

Anxiety/Depression

; i
Normal Anxiety/Depression
Predicted

Figure 3 - Confusion matrix of Support Vector Machines

Figure 4 illustrates the Random Forest model, which exhibits the most balanced and robust
performance, characterized by a minimal occurrence of false positives and false negatives. This
demonstrates the superior ability of Random Forest to accurately classify both negative and
positive cases, thereby confirming its effectiveness in identifying mental health indicators from
social media text.
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Confusion Matrix for Random Forest
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Figure 4 - Confusion matrix of Random Forest

Three classification models - Logistic Regression, Support Vector Machine (SVM), and
Random Forest are represented by their ROC (Receiver Operating Characteristic) curves in Figure
5. The logistic regression model, indicated by the blue dotted line, exhibits an AUC of 0.79,
reflecting moderate performance alongside a relatively low recall of 0.59 for the positive class,
suggesting challenges in accurately identifying certain positive instances. In comparison to
Logistic Regression, the SVM model, represented by a green solid line, attains an AUC of 0.90,
indicating superior performance with a recall of 0.81, thereby enhancing sensitivity to positive
cases. The Random Forest classifier, indicated by the red dash-dot line, demonstrates a recall of
0.91 and achieves the highest AUC of 0.96, thereby enhancing classification performance while
balancing accuracy, recall, and precision. Random Forest exhibits the most effective class
separation, with all three models significantly outperforming random guessing; the diagonal black
dashed line indicates a random classifier (AUC = 0.50).
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Figure 5 — ROC curves of the applied machine learning algorithms
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Figure 6 illustrates the word cloud derived from the text dataset, emphasizing the most
prevalent terms in the analyzed social media posts for the detection of anxiety and depression.
Words of greater size indicate higher frequency, offering a visual overview of the dataset's
linguistic characteristics. The word cloud illustrates the frequency of terms associated with mental
health, emotions, and everyday challenges. These keywords are essential for identifying patterns
associated with mental health conditions. The inclusion of contextual terms such as "feel,"” "life,"”
and "time™ underscores the conversational and reflective characteristics of the text, which is
essential for models like Random Forest and SVM to accurately identify emotional cues.

Word Cloud of Text Data
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Figure 6 — Word cloud of text Data in the dataset
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Figure 7 presents the key features identified by the Random Forest model, highlighting the
factors that most significantly influenced its classification decisions. The features are ranked
according to their importance scores, which measure their impact on the model's capacity to
differentiate between positive and negative instances of anxiety and depression.

Top 20 Important Features in Random Forest Model
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Figure 7 - Top important features in Random Forest

With arecall of 0.91 and an F1-score of 0.93 for positive cases, Random Forest outperformed
the other models in identifying anxiety and sadness from social media material. With an overall
accuracy of 98% and a balanced precision and recall, Support Vector Machine (SVM) also
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demonstrated strong performance. On the other hand, Logistic Regression was less successful in
detecting cases of anxiety and sadness, as seen by its lower recall of 0.59 for positive cases.
According to these findings, Random Forest is the study's most successful model, followed by
SVM. Logistic Regression is less appropriate because of its decreased sensitivity to positive
situations.

The findings in Tables 1, 2, and 3 demonstrate how well Random Forest, Support Vector
Machine (SVM), and Logistic Regression compare when it comes to identifying anxiety and
sadness in social media writing. These results highlight significant variations in the models'
capacity to strike a compromise between accuracy, recall, and general efficacy.

Despite its computing efficiency, logistic regression performs poorly when it comes to
detecting positive cases of depression and anxiety. Class 1's low recall (0.59) suggests a high
percentage of false negatives, which is important in mental health detection because it can have
major repercussions if people in need are not identified. Although this model has a 95% accuracy
rate, its overall reliability is diminished by its poor recall for positive cases.

In contrast, SVM outperforms Logistic Regression by a significant margin. It is more
effective in detecting those who are displaying symptoms of anxiety and depression, as seen by its
higher recall (0.81) and F1-score (0.88) for Class 1. Additionally, both classes have well-balanced
precision and recall, resulting in a 98% accuracy. Because of this, SVM is a good choice for
applications that need to be sensitive to positive cases while having a high accuracy rate for
negative ones.

The study's most reliable model is the Random Forest. It manages the class imbalance and
reduces false negatives with the best recall (0.91) and F1-score (0.93) for Class 1. Additionally,
both classes regularly have good precision, especially Class 0 (0.99), which shows that it can
accurately detect negative cases without compromising performance on positive cases. Its
exceptional capability is further supported by its 98% overall accuracy. According to these
findings, Random Forest is the most dependable model for identifying mental health problems in
social media content because it achieves the best mix of precision and recall.

Regarding real-world applications, Random Forest's ability to detect affirmative cases is
especially advantageous. Prioritizing recollection is crucial in the context of mental health to make
sure that people who are at risk are not missed. It is important to remember, though, that SVM also
performs well, offering competitive precision and overall metrics despite having a somewhat lower
recall. Even if logistic regression performs poorly, it can still be helpful in situations that ask for
simpler and faster computations, as long as its memory issues are fixed, perhaps with the help of
ensemble methods or data augmentation.

While the results are promising, this study presents several limitations. The dataset utilized
may lack full representativeness of the broader population, which could introduce biases in model
performance. Future research should prioritize the integration of larger and more diverse datasets
to enhance generalizability.

The models fail to consider contextual nuances in language, including sarcasm and implicit
emotional expressions, which may affect classification accuracy. The application of deep learning
techniques, including transformer-based models like BERT or GPT, has the potential to improve
the understanding of these complexities.

Integrating explainability methods, such as SHAP or LIME, can enhance understanding of
model decision-making, thereby improving interpretability for mental health professionals. Future
research should investigate these areas to improve the practical implementation of Al-based mental
health detection.

Conclusion.
The ability of Random Forest, SVM, and logistic regression to categorize anxiety and
depression from social media text was assessed in this work. With the best recall and F1-score for
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identifying positive cases and the best precision for identifying negative cases, Random Forest was
the most successful model. When computing complexity is an issue, SVM is a good substitute
because it demonstrates exceptional capabilities and competitive performance across all criteria.
Despite being effective and straightforward, logistic regression had drawbacks when it came to
managing class imbalance, especially when detecting positive cases. The findings highlight how
crucial it is to select models that prioritize recall and F1-score in mental health detection, as false
negatives can have a substantial cost. Because of its exceptional performance, Random Forest is a
good choice for applications that need scalable and dependable detection techniques. To improve
model performance even more, future studies should investigate hybrid models and data
augmentation strategies, especially for SVM and logistic regression. As these technologies move
closer to being used in the real world, it is still imperative to address ethical issues like permission
and data protection.
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Anoamna. Oneymemmik meoua MIMIHOepi aPKbLIbL MA3ACbI30bIK NeH O0enpeccusiivl
AHLIKMAY NCUXUKANLIK  OEHCAYIblK MICeNeNepiniy — MapanyblHbly —OcyiHe JiCoHe OHAAlH
nAam@opmanapoa dHeeke HcaHe IMOYUOHANObIK MANHCIpUOEHi KeHineH mapamyea 0aiiaHbLCmbl
Maywi30bl 3epmmey 6azeimvl peminde nauda 00a0vl. AYKbIMObl, NAUOALAHYUILL HCACASAH
MA3MYHHBIH OONYbl epme AHbIKMAY HCIHe apanacy YwiH aemomMammanoblpbli2aH icylienepoi
azipneyee MyMKIHOIK Oepedi. Byn 3epmmeyode KenineHn KOAOAHbLIAMBIH Yl MAWUHATLIK OKbINILY
Mooeniniy muimoiniei — Jloeucmukanwik pecpeccust, Koioay 6ekmopivlk mawiuracwl (SVM) oscone
Ke30elicoK opman — 0210iK, ecke mycipy, Il ynativl scone drcannsvt 0210iK cuskmol Hezizei baganay
enuemoepi apkvlivl bazaranaovl. CoiHakman emken yaeinepoiy iwinoe Random Forest scoeapul
OHIMOINIKMI Kepcemedi, 01 yauviM MeH O0enpeccusiHvbl 6acman emkepyi MYMKIH aoamoapobvl
anvikmay kesinoe 0,91 owcone F1 ynaiivt 0,93-xe mypakmvi mypoe Kon dcemxizeoi. Byn
Hamudicenep OHblY HAKMbl anemoesi Koai0anoanapoazvl Oepikmici MeH ceHiMOLiciH Kepcemeoi.
SVM convimen kamap 0andik new ecke mycipy apacblHOa&bl Kyuimi mene-meHOiKneH HCaKcol
acymolc  icmetldi  ocone  98% oicozapel  ocannvl  0andikke odicemedi. Exinwi  orcagvinam,
JIOCUCUKATILIK, pecpeccus, ecenmey mypeblCblHaH MUiMOI JiCaHe iCKe acblpy oHaul OONeAHbIMEH,
0,59 canvicmvipmansl mypoe memeH ecke MYCIpYMeH OH Ha20auiapobl aHbIKMAayod
wexkmeynepoi kepcemeoi. Ocbvl canvicmulpmanbl mandayobly Hamudicenepi NCUXUKATbIK
0eHCayIblKMbl CKPUHUHSMI K010ay0a MAWUHATLIK OKbIMYOblIH 03blK Al20pUmMMOEpPIHIY 271eyemin
Kepcemeoi JHcoHe MUIMOI JHCoHe MACUMabmMalamvlH aHbIKMAY KYpaloapblH Kypyoa yiei
Manoayobly Maybl30bLILIELIH AMAan Kepcemeoi.

Tyiiin  co30ep: Mma3acvi30blKmbl — AHLIKMAY,  NCUXONO02UAOA  MAWUHATLIK — OKbIMY,
ACUXOI02UAOA AHCACAHOBL UHMEILLEKN, 0eNPeCcCUsHbl AHBIKMAY, MAUUHATILIK OKbIINY.

BBIAABJIEHUE TPEBOKHOCTHU U AEINIPECCHUH B TEKCTAX
COIIUAJIBHBIX CETEH C IPUMEHEHUEM METO/J0OB MAILIMHHOI'O
OBYYEHUA

Annomavun. Obnapyosicenue mpegocu u 0enpeccuu yepe3 mekcmvl 8 COYUANbHLIX Cemsx
CMAN0  BAJMCHbIM — HANPAGIEHUEeM  UCCIe008aHUll,  4mo  O00YCI08IeHO  pacmyujet
DPACRPOCMPAHEHHOCMbIO NPOONEeM NCUXUYECKO20 300p08bsi U WUPOKUM PACNPOCMPAHEeHUeM
JUYHO20 U IMOYUOHANLHO20  ONblMA  HA  OHJAAQUH-naam@opmax.  JJocmynHocme
KPYRHOMACUIMAOHO20 NONIb308AMENbCKO20 KOHMEHMA 0aem 603MOMCHOCMb pazpabomams
ABMOMAMU3UPOBAHHbIE CcUCmeMbl OJisl paHHe20 OOHAapydceHus u emeulamenvcmea. B oannom
uccnedosanuu QHexmueHoCmy mpex WUpoKo UCHONb3YEMbIX MOOeel MAUWUHHO20 00YYeHUs —
JI02UCMUYECKOl  pecpeccuu, Memooa onopHvlx eekmopos (SVM) u cayuaiinoeo neca —
OYEHUBAEMCSL C NOMOWYbIO KIIOYEBbLX NOKA3amenell OYeHKuU, MaKux KaKk mo4Hocmy, noaHoma, F1-
nokaszamenv u obdbwas mounocms. Cpeou npomecmuposanHvix mooeneil Random Forest
0eMOHCmpuUpyem NpesoCXoOHYI0 NPOU3BOOUMENbHOCb, CMAOUIbHO docmueas Kodgguyuenma
soccmanognenuss 0,91 u Fl-nokasamens 0,93 npu evlasienuu auy, 8eposimuo CmMpadaoujux
MPEBONCHOCMbIO U Oenpeccuel. Dmu pe3yibmamvl CGUOEMeNbCMEYIOm 0 €20 HAOeHCHOCMU U
oocmosepHocmu 6 peanvhvlx npunodxcenuax. SVM makoce Oemoncmpupyem xopouiue
pe3yibmamsl, ¢ XOpowuM OANAHCOM MeHCOy MOYHOCMbIO U KOIDDUYUEHMOM 80CCIMAHOBIIEHUS,
u docmueaem 8vicokou oowetl mounocmu 98%. C Opyeoti cmoponsl, 102ucmuieckas pespeccus,
XOms U AGNAEMCsL BbIYUCTUMENTbHO IPGEKMUSHOL U NPOCMOLL 8 peanusayuu, 0emMOHCmpupyem
02PAHUYEHUs. 8 OOHAPYICEHUU NOJIONCUMENbHLIX — CIyYaes, ¢ OMHOCUMENbHO — HUZKUM
koapppuyuenmom e6occmanosnenus 0,59. Pe3ynomamsl 2mM020 CPAGHUMENLHO20 AHAIU3A
HOOUEpKUBAIOM NOMEHYUAL Nepedo8blX an2OpUMMO8 MAWUHHO20 O00VUeHUs 6 NoodoepicKe
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CKPUHUH2A NCUXUYECKO20 300P08bs U NOOYEPKUBAIOM 8ANHCHOCTL 8b100PA MOOeNU NPU CO30AHUU
) hexmueHbvIX U Macumadbupyemvix UHCIMPYMEHMO8 OOHAPYHCEHUSL.

Knwouesvie cnosa: obHnapysicenue mpegortCHOCMU, MAWUHHOE 00yYeHUue 6 NCUXOJO02UU,
UCKYCCMBEHHBLI UHMEIEKM 8 NCUXOL02UU, OOHAPYICEHUe Oenpeccui, MauuHHoe ooyueHue.

ABTOpJIap TypaJibl MAJIMeT

Cepex Azamat | PhD, Astana IT University FeiibiMu KbI3METKepi, AcTaHa K., Kazakcran
FanpivokanyIIb! E-mail: azamatserek97@gmail.com

beprnikoxa Maructp, Hapxo3 VYHUBEpCHUTETIHIH aFa OKBITYLIBICHL, AJIMAaThl K.,
baypxan Kazakcran

AceTyiibl E-mail: bauyrzhan.berlikozha@gmail.com

Amupranuies PhD, Astana IT University mpodeccopsr , Acrana K., Kazakcran

beitbyT E-mail: beibut.amirgaliyev@astanait.edu.kz

Emnnxanosnu

Enunxan qunap

PhD, npodeccop, Astana IT University
E-mail: d.yedilkhan@astanait.edu.kz

Galymzhanovich

Hlanan bakanasp 4 kypc Cyneiiman JleMupesnb YHUBEPCUTETIHIH CTYI€HTI
Hypmanarar E-mail: shiposha04@gmail.com
ACBUTXaHYJIbI
Caeenne 00 aBTopax
Cepex Azamat | PhD, accucrent-ipodeccop akynprera HHPOPMALMOHHBIX TEXHOJIOTUI
lansiM>xanoBUY u nwkunupunra yausepcurera KbTY, Anmarsl, Kazaxcran
E-mail: azamatserek97@gmail.com
bepnukoxka Maructp, crapmuil mnpenojaBaTenb, YHuBepcurer Hapxos3, Aimartsl,
Baypixan Kaszaxcran, E-mail: bauyrzhan.berlikozha@gmail.com
AceToBuY
Awmmupranues PhD, npodeccop, Astana IT University, Acrana, Kazaxcran
beiioyT E-mail: beibut.amirgaliyev@astanait.edu.kz
Ennnxanosug
Enunxan Jumap PhD, mpodeccop, Astana IT University
E-mail: d.yedilkhan@astanait.edu.kz
[Tamaii Crynent 4 kypca OakamaBpuara YHuBepcutera umeHu CyneiimaHa
Hypmanarar Hemupens, E-mail: shiposha04@gmail.com
ACBUIXaHOBHY
Information about the authors
Serek Azamat | PhD, Assistant Professor, Faculty of Information Technology and

Engineering, KBTU University, Almaty, Kazakhstan
E-mail: azamatserek97@gmail.com

Yedilkhanovich

Berlikozha Master, Senior Lecturer, Narkhoz University, Almaty, Kazakhstan
Baurzhan E-mail: bauyrzhan.berlikozha@gmail.com

Asetovich

Amirgaliyev PhD, Professor, Astana IT University, Astana, Kazakhstan

Beibit E-mail: beibut.amirgaliyev@astanait.edu.kz

Yedilkhan Didar

PhD, professor, Astana IT University
E-mail: d.yedilkhan@astanait.edu.kz

243



mailto:azamatserek97@gmail.com
mailto:bauyrzhan.berlikozha@gmail.com
mailto:beibut.amirgaliyev@astanait.edu.kz
mailto:d.yedilkhan@astanait.edu.kz
mailto:shiposha04@gmail.com
mailto:azamatserek97@gmail.com
mailto:bauyrzhan.berlikozha@gmail.com
mailto:beibut.amirgaliyev@astanait.edu.kz
mailto:d.yedilkhan@astanait.edu.kz
mailto:shiposha04@gmail.com
mailto:azamatserek97@gmail.com
mailto:bauyrzhan.berlikozha@gmail.com
mailto:beibut.amirgaliyev@astanait.edu.kz
mailto:d.yedilkhan@astanait.edu.kz

