YnpasneHue obpasosaHuem: Teopus u npaktuka / Education Management Review
Tom 15 (2025). Ne 3-1 / Volume 15 (2025). Issue 3-1

Modeling educational data in Afghanistan using machine learning methods

Azizi Bahram

Independent researcher

ITMO National Research University
Saint Petersburg, Russia
bahramuddinazizi@gmail.com
ORCID 0000-0000-0000-0000

Olga B. Egorova

Candidate of Philological Sciences
Associate Professor

ITMO National Research University
Saint Petersburg, Russia
oegorova@itmo.ru

ORCID 0000-0002-5967-5638

Received 01.12.2024
Accepted 24.01.2025
Published 28.02.2025

UDC 004.428.092.8:371.491.1(945.53)

DOI 10.25726/p0203-5421-9376-¢

EDN BTOKYQ

VAK 5.8.1. General pedagogy, history of pedagogy and education (pedagogical sciences)
OECD 05.03.HA. EDUCATION & EDUCATIONAL RESEARCH

Abstract

This paper examines various factors affecting a student's academic performance at the stage of
secondary education in Afghanistan. Of course, academic achievements play a crucial role in determining a
student's future profession, as well as their goals in an academic or professional environment. Academic success
is influenced not only by academic performance itself, but also by other factors, including individual differences.
In this work, various machine learning algorithms were used to analyze the factors influencing a student's grades
in the last grade of school, in particular, learning with a teacher (regression and classification) and without a
teacher (clustering algorithms). The purpose of the study was to determine which factors significantly affect
student performance for the entire sample under consideration, which factors are more individual in nature, as
well as the degree of their influence. The results showed that various machine learning algorithms can be
successfully used to determine the factors influencing students' academic success. Students' final grades are
undoubtedly influenced by the results of their studies in previous years, as well as the time spent on learning.
But it is very important to note that the family situation and the balance between study and leisure activities also
affect the student's success. In particular, the level of education and the mother's job have a great impact on the
student's academic success: if the student's mother is educated and, especially, if she works as a teacher, this
significantly increases the student's chances of academic success.

Keywords
educational data modeling, academic success factors, machine learning methods, neural networks,
secondary education data, educational data analytics, intellectual analysis of educational data.
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Introduction

In every country and, in particularly, in Afghanistan, high school years are very important, as the grades
of these years determine a student’s performance in school and their success in further university entrance
examinations. Academic success is of great importance as it can lead to better job opportunities and higher
salaries in future. In addition to school grades, other factors that can affect academic success include
attendance, participation in class discussions, and assignment completion. By identifying these factors and
eliminating negative influences, students can improve their academic performance and achieve their goals.

The education system in Afghanistan is very poor and classic, with almost no usage of technology. The
analytical techniques that are being used for improving the education system are outdated. This research aims
to address these issues by using artificial intelligence and machine learning algorithms to determine the factors
that affect academic success and their degree of influence in the context of Afghanistan’s education system.
The understanding of underlying reasons provides valuable insights into the dynamics of academic achievement
and offer a foundation for future research and policy-making in the field of education in Afghanistan, enabling
educators, policymakers, and stakeholders to make informed decisions and strategies to enhance academic
achievement.

The core challenge of this study was to evaluate the impact of various factors on academic achievement
and subsequently predict academic success using appropriate artificial intelligence algorithms. Moreover, the
predictive models were built using suitable machine learning algorithms that can effectively handle the
complexity and diversity of the influencing factors.

Materials and research methods

Let's consider what factors are mentioned in the studies that can influence the students’ academic
achievement.

One of the important factors is the students’ attitude toward the languages, both mother tongue and
foreign languages (Kang, 2021; Smith, 2023). The more students master their own native language, the easier
it will be to learn a foreign language (Sidole, 2019). The proficiency in the mother tongue and the passion towards
studying a foreign language is often connected with general attitude to studying.

The inclusion of a student's demographic information in academic studies is crucial for defining and
categorizing student profiles and academic success, as different studies show (Ghaleb,2021).

The impact of cultural differences on the academic achievements varies significantly across different
cultures and countries (Gebauer, 2021; Wang, 2020). The quality and effectiveness of education are significantly
influenced by a country's social and economic welfare.

Gender differences in academic achievement, particularly in mathematics, have been a subject of
extensive research. Some studies suggest that male students tend to approach problem-solving tasks with
greater speed and accuracy. However, this is not a universal finding and can vary based on numerous factors,
including the specific educational context and cultural background (Perez, 2021).

Student’s involvement in social activities during their educational journey generally enhances their
academic performance. A student who participates in these activities and effectively manages their time is likely
to see an improvement in their academic success (Xerri, 2018). For instance, students engaged in sports often
exhibit discipline, which they apply across various areas of their life.

Humans, being social creatures, have various emotional needs. When these needs are unmet, they
may experience negative feelings such as anxiety and loneliness. Social support plays a crucial role in mitigating
these feelings. In today's competitive environment, factors like the continuity of education, social relationships,
economic conditions, and more necessitate social support for a healthy life. This support can come from family,
friends, teachers, specialists, and others in our social network (Cherry, 2023).

Results and discussion
One of the factors influencing students' academic success is their motivation towards their lessons. The
social support received from teachers, in particular, has a positive impact on students' academic performance
(Lei, 2018).
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Effective and planned studies lead to permanent learning that goes beyond rote memorization and
reaches the level of cognition and above, resulting in academic achievements (How to study effectively: 12
secrets for success, 2017). The motivation to study a course is driven by the purpose of the course, the area of
knowledge it covers, and how this knowledge will benefit the student.

A student's knowledge of efficient study techniques is another key factor influencing academic success.
While each lesson has its own unique study techniques, students also have individual learning methods (How
to study effectively: 12 secrets for success, 2017).

Time management is a crucial factor in studying efficiency. Factors such as unconscious internet use
and unnecessary time spent commuting can prevent students from studying and lead to time losses. To mitigate
these losses, students should plan their time and adhere to this plan (Wolters, 2021).

Emotional intelligence also plays a crucial role in academic success when managed correctly (Why you
need emotional intelligence to succeed at school, 2020). Life satisfaction, another affective element, is
intertwined with emotional intelligence, and these variables influence each other reciprocally (Kong, 2019). This
interplay involves the student's overall perspective on life, their ability to define life positively, their zest for living,
their level of life satisfaction, and the meaning they attribute to life. Consequently, life satisfaction, emotional
intelligence, and academic achievement are interconnected factors that mutually influence each other.

For instance, a student experiencing low academic success may see a decrease in life satisfaction and
suffer emotional distress (Kristensen, 2023). Conversely, during emotionally challenging times, a decrease in
life satisfaction can lead to a drop in academic achievement. These variables dynamically and directly impact
each other (Ge, 2021).

As technology advances, computer science is playing a pivotal role in understanding the elements that
influence academic success. Machine learning algorithms are employed to model training data, executing
classification, estimation, and categorization studies by integrating data mining and artificial intelligence.
Educational data mining has become an effective tool for uncovering hidden relationships in educational data
and predicting students’ academic achievements. Let's consider what machine learning algorithms are used in
educational data mining to find the factors impacting the educational effectiveness and to predict and increase
the student effectiveness.

One study conducted in Malaysia compared the use of an artificial neural network (ANN) technique and
a combination of decision tree classification and clustering to predict and classify students’ academic
performance. The data used in this study were taken from the National Defense University of Malaysia and
included information on 85 students. This data contained demographic information such as gender and race,
educational information such as computer skills and courses taken, and personality information such as interests
and motivation (Wook, 2009).

Another research paper compared the accuracy of decision tree and Bayesian network algorithms in
predicting the academic performance of undergraduate and postgraduate students at two very different
academic institutes: Can Tho University (CTU) in Vietnam and the Asian Institute of Technology (AIT) in
Thailand. Despite the differences in student populations at these two institutes, the data-mining tools achieved
similar levels of accuracy in predicting student performance: 73/71% for (fail, fair, good, very good) and 94/93%
for (fail, pass) at CTU/AIT respectively. These predictions were most useful for identifying failing students at
CTU (64% accurate) and selecting very good students for scholarships at AIT (82% accurate). The decision tree
was consistently 3-12% more accurate than the Bayesian network (Pojon, 2017).

Creation of student achievement prediction models to predict student performance in academic
institutions is another area of research in data mining techniques. One study proposed a prediction system that
used students’ 10th and 12th grade marks and previous semester marks to predict their final grades. The study
evaluated the use of binomial logistic regression, decision tree, entropy, and KNN classifiers. This system could
help students identify their final grade and improve their academic behavior, in order to achieve higher scores
(Altabrawee, 20190.

In the study of Turkish students, various machine learning algorithms were used to predict the final exam
grades of undergraduate students using their midterm exam grades as source data. Such algorithms as random
forests, nearest neighbor, support vector machines, logistic regression, Naive Bayes, and k-nearest neighbor
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were built and compared. The results show that the proposed model achieved a classification accuracy of 70-
75% using only three types of parameters: midterm exam grades, department data, and faculty data (Yadcl,
2022).

Another research work investigates the application of six machine learning algorithms to student
performance prediction, using datasets made up of general students’ information available at the Atilim
University administrative systems only. The study also investigates whether the number of courses predicted
together is directly or inversely proportional to the performance of the classifiers used. Naive Bayes and K-
nearest neighbors algorithms proved to be the best among the compared algorithms. The results also showed
that as the number of courses being predicted together increases, the prediction performance decreases. Data
preprocessing generally improves the performance of the machine learning algorithms (Vijayalakshmi, 2019).

One more work aimed to develop an academic prediction model for the student for the UCI (University
of California Irvine). The internal marks were used for the prediction that are a combination of attendance marks,
average marks from two examinations and marks of assignment. The teachers can therefore classify students
and start predicting their performance at an early stage. Better results can be expected in the final examinations
due to early predictions and solutions (Al-Juboori, 2019).

In this study the following features reflecting students’ demographic structure, socioeconomic status,
health/sports/activity characteristics, attitude, and academic success were analyzed: school, sex, age, address,
family size, parental status, parental education, travel to school time, study time, failures, school support, family
support, paid activities, nursery, higher education aspirations, internet access, romantic relationships, family
relationships, free time, going out, weekday alcohol consumption, weekend alcohol consumption, health,
absences, and grades in 10th, 11th, and 12th grades. Additionally, it considers the mother’s and father’s jobs,
the guardian’s identity, and the reason for choosing the school.

These factors were pinpointed through a survey given to Afghan students. This research was based on
the responses of high school students from two schools in Afghanistan. Therefore, it would be worth to
investigate the situation in other regions or educational contexts of Afghanistan to be able generalizable the
findings. The dataset consists of 33 features with 16 numerical and 17 categorical features. More than 1000
Afghan students participated in the survey study.

In cases where supervised machine learning algorithms were used, the marks of 10t, 11t 12t grades,
and combined averages were taken as target variables. In other cases the target variable was the 12t grade
and other features were used as predictors. There was no missing data in the dataset. The features in the
dataset can be extracted, compressed, or categorized by applying Scale, Feature selection, LDA, PCA methods,
provided that they change with the algorithms used.

Various regression models were used to predict the academic achievement including Linear Regression,
Lasso, Ridge, K-Nearest Neighbors (KNN), Polynomial Regression, Decision Tree, Random Forest, and Support
Vector Regression (SVR) both with and without hyperparameter tuning.

If we consider the models without hyperparameter tuning (i.e., grid search was not used), the Random
Forest model achieved the highest R2 score of 0.86, indicating it was the most effective at predicting student
performance. The Decision Tree and Support Vector Regression (SVR) models had lower R2 scores, suggesting
they might not be the best fit for this particular dataset (Table 1).

With hyperparameter tuning subtle improvements were achieved in terms of evaluation scores. The best
model is again Random Forest with about 0.87 R2 score. Furthermore, the other models are also having a
decimal improvement.

Table 1. Regression models results

Model R2 Score | MAE | MSE | RMSE Avg R2
Cross-Val
1 | Linear Regression 0,83 5,33 | 68,93 | 8,30 0,81
2 | Lasso 0,85 4,75 161,31 7,83 0,82
3 | Ridge 0,83 5,28 | 67,98 | 8,24 0,81
4 | K-Nearest Neighbors 0,83 5,07 | 67,60 | 8,22 0,80
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5 | Decision Tree 0,85 468 | 58,98 | 7,68 0,83
6 | Random Forest 0,87 448 | 51,05 | 7,14 0,83
7 | Support Vector Regression 0,78 5,36 | 87,28 | 9,34 0,74
8 | Polynomial Regression with Linear Regression | 0,83 5,33 | 68,93 | 8,30 0,81

Various classification models were evaluated including Logistic Regression, Decision Tree, Random
Forest, SVM, KNN with and without hyperparameter tuning in two kinds of classification binary and multi-class
classification. We transform our data to such a kind that it is possible to produce a binary classification. And
converted the column 12th according the Table 2.

Table 2. Data conversion for binary classification

12t grade Class

>=45 (passed) 1

<45 (not passed) 2

Without hyperparameter tuning, the best results were obtained using the SVM model and the KNN
model.
Table 3. Results of binary classification
Model Recall Precision | F1 Accuracy | Roc Auc | Log Loss

1 Logistic Regression | 0.93 0.95 0.94 0.90 0.95 0.25

2 Decision Tree 0.93 0.96 0.94 0.90 0.84 0.18

3 Random Forest 0.95 0.95 0.95 0.91 0.94 0.21

4 SVM 0.96 0.95 0.95 0.92 0.97 0.18

5 KNN 0.96 0.95 0.96 0.92 0.94 0.70

With hyperparameter tuning, we can observe, that SVM, Random Forest, and KNN are having higher
performance. In summary, if we consider all metrics, the SVM model with tuned parameters appears to provide
the best overall performance with F1 score equal to 0.96 (Table 3). The data was preprocessed to such a kind
that a multi-class classification was applied. The 12-th grade was converted as shown in the Table 4.

Table 4. Data conversion for multiclass classification

12t grade Class
>=85 A
>=70 & <85 B
>=55 & <70 C
<55 D

It seems the best models for multi-class classification both with or without the hyperparameter tuning

were Logistic Regression and Random Forest with about 0.75 evaluation scores (Table 5).

Table 5. Multicalss classification results

# Model Recall Precision F1 Accuracy
1 Logistic Regression 0,77 0,76 0,77 0,77
2 Decision Tree 0,75 0,75 0,75 0,75
3 Random Forest 0,76 0,76 0,75 0,76
4 SVM 0,68 0,68 0,68 0,68
5 KNN 0,52 0,55 0,52 0,52
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In this section, various ensemble models were evaluated including Ada Boost, Xgboost and Bagging
both with and without hyperparameter tuning to optimize their performance.

First, let's discuss ensemble regression models. The ensemble models without hyperparameter tuning
provided decent results, but there was room for improvement. The models managed to capture the general trend
in the data but struggled with some of the more complex patterns. Overall, Gradient Boosting appears most
effective, with AdaBoost and Bagging following respectively. High MSE and RMSE values for all models suggest
sensitivity to outliers.

After tuning the hyperparameters, the performance of the ensemble models improved significantly. They
were able to better capture the complexity in the data, leading to more accurate predictions. The best results
shows Ada Boost model (Table 6).

Table 6. Ensemble regression models results
Model R2 Score | MAE MSE RMSE Avg R2 Cross-Val
1 Bagging 0,8617 4,776 55,3118 | 7,4372 0,8193
2 AdaBoost 0,862 4,7181 55,1869 | 7,4288 0,8194
3 Gradient Boosting | 0,8612 4,7349 55,4994 | 7,4498 0,8208

For binary classification tasks, we used ensemble models to categorize data into two classes as we did
in classification models. The ensemble models without Hyperparameter Tuning performed reasonably well,
correctly classifying a large proportion of the instances. However, they had some difficulty with instances near
the decision boundary. Overall, Bagging appears to perform best in terms of recall and precision, with XGBoost
and AdaBoost following respectively.

Tuning the hyperparameters improved the models’ ability to correctly classify instances near the
decision boundary. This led to an increase in the overall classification accuracy. Overall, AdaBoost appears to
perform best in terms of recall and precision, with XGBoost and Bagging following respectively (Table 7).

Table 7. Ensemble models and binary classification results

# Model Recall Precision F1 Accuracy Roc Auc | Log Loss
1 Bagging 0,9296 0,9691 0,949 0,914 0,9645 0,394
3
2 AdaBoost 0,9333 0,973 0,9527 0,9204 0,9519 0,198
3 Gradient 0,937 0,9656 0,9511 0,9172 0,9626 0,2238
Boosting

For multi-class classification tasks, we used ensemble models to categorize data into more than two
classes as we did in the Classification Models. The ensemble models without Hyperparameter Tuning showed
promising results, correctly classifying many instances. However, they struggled with some of the classes that
were less represented in the data. Among the three classifiers (Bagging, AdaBoost, and XGBoost), the XGBoost
model is performing particularly well. It achieves an accuracy close to 81.2%, which is the highest among the
three. Additionally, its precision, recall, and F1-score are also impressive. Overall, XGBoost appears to be the
most effective model for this multi-classification task.

After tuning the hyperparameters, the ensemble models were able to better handle the classes that were
less represented in the data, leading to a more balanced classification performance across all classes. Overall,
XGBoost appears to perform best in terms of recall and precision, with Bagging and AdaBoost following
respectively (Table 8).

Table 8. Ensemble models and multiclass classification results
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# Model Recall Precision F1 Accuracy
1 Bagging 0,8 0,8 0,8 0,8

2 AdaBoost 0,68 0,68 0,65 0,68

3 XGBoost 0,81 0,81 0,81 0,81

Clustering models like K-Means and Hierarchical Clustering were used to group students based on their
features. The clusters helped us understand the common characteristics of students who have similar academic
performance. The results of both models were similar.

Balanced students:

- These students have a balanced profile with moderate values across most features;

- They have a higher level of maternal education (Medu) and a higher study time;

- They also have a higher proportion choosing a school for its reputation4

- Interpretation: Cluster 0 represents students who maintain a balanced approach to academics.
They are neither high-achievers nor struggling academically.

Struggling students:

- These students seem to be struggling, with lower values for school support, family support, and
12th-grade performance.

- They have a higher travel time, indicating they might live further from school.

- They also have a higher proportion choosing a school for its courses.

So, cluster 1 likely includes students who face challenges in their academic journey. They may need
additional support and resources.

Average performers:

- These students have average values across most features;

- They have a higher proportion of fathers with jobs in services;

- They also have a higher proportion choosing a school for its courses.

That is, cluster 2 represents students who consistently perform at an average level academically.

High support students:

- These students have high family support and paid extra classes;

- They have a higher proportion of mothers with jobs at home and fathers with other jobs;

- They also have a higher proportion choosing a school for its content.

That means that cluster 3 includes students who strike a balance between academics and other aspects
of life. They achieve reasonably well without extreme pressure.

High achievers:

- These students have high values for maternal education, study time, and 12th grade
performance;

- They have a higher proportion of mothers with jobs as teachers and fathers with jobs in services.

- They also have a higher proportion choosing a school for its reputation;

So, cluster 4 represents high-achieving students who excel academically, likely due to strong parental
support and personal motivation.

Keras Regressor and Keras Classifier were used to capture the non-linear relationships between
features. With a suitable number of hidden layers and neurons, ANN models achieved good performance in
predicting student academic performance: R2 score is approximately 0.72, which indicates that about 72% of
the variance in the target variable can be explained by the ANN model (Table 9).

Table 9. ANN results

ANN

Mean Squared Error (MSE) 99,43
Root Mean Squared Error (RMSE) 9,97
Mean Absolute Error (MAE) 7,24
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| R-squared (R2) 0,72 |

Overall, the ANN model shows a reasonable performance in the regression task, with a relatively high
R2 score. However, the errors (MSE, RMSE, and MAE) suggest there may be room for improvement. We can
observe that the model is performing really well on Binary Classification with reasonably good values of matrix
(Table 10).

Table 10. Binary Classification with ANN results

Binary Classification with ANN

Accuracy 0.917
Precision 0.951
Recall 0.951
F1 Score 0.951

Multi Class Classification results are not as good as the one we had for Binary Classification (Table 11).

Table 11. Performance Metrics of the Multi-Class Classification Model with ANN

Multi-Class Classification with ANN

Accuracy 0.828
Precision 0.607
Recall 0.624
F1 Score 0.615

We could add more layers to the network, but it could make the model more prone to overfitting. Besides,
all models provided valuable insights into the factors affecting student academic performance. However, the
choice of model depends on the specific requirements of the task, such as the interpretability of the model, the
trade-off between bias and variance, and the computational efficiency.

Firstly, we analyzed the most important factors why students select a particular school for their studies
are the closeness to the home, the course importance for the future and the school reputation. The following
figure illustrates the correlation between the target variable and the other features.

The most important features are according the correlation of the features. According to this chart, you
can see that the final score is not strongly correlated with any other feature except the 11t grade (0.92). But
other features like family attitude towards studying, the family background (parental education) and jobs
(educational), the possibility to find time to study are also important for the educational results.

In this section, we will showcase the results of our models, focusing on the importance of features that
were crucial for predicting the target variable during the training process. AdaBoosting and Random Forest: The
11t grade is the most important feature, standing out significantly. This is logical as a student’s performance in
the 11th grade is likely to influence their final year score. However, it's important to note that this doesn’t diminish
the importance of earlier grades. The foundation built in earlier years can significantly impact a student’s ability
to perform well in the 11th grade. In addition, other important features include student’s absences, the study
time, and 10t grade. These factors directly relate to a student’s academic engagement. Regular attendance,
dedicated study time, and performance in the 10th grade can provide a strong foundation for success in the 11t
grade. Furthermore, for Ada Boosting the following factors are important: the student’s age, the travel time from
home, relations within the family, and even the going out time are also showing subtle importance.

For random forest 11th grade feature also dominates, but other features such as student’s age, the
amount of free time, the health condition, even the going out time also play crucial role. These features represent
aspects of a student’s personal and social life, which can indirectly affect academic performance. For instance,
maintaining good health and balancing free time activities with study time are essential for overall well-being and
academic success. The Artificial Neural Network (ANN) model has identified the 11t grade, parents’ job, and
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reasons for choosing a school the most important features for prediction. The 11t grade significantly outweighs
the others in terms of importance, as it is expected and we have already discussed this in the previous models.
The Random Forest and Gradient Boosting models perform similarly, with an R2 score of 0.87, indicating that
they explain 87% of the variability in the target variable.

B _

Medu

studytime

higher

o -

-04 -0.2 00 02 04 06 08
None

Figure 1. Correlation of the features and the 12t grade. Designations: 11t — marks in the 11t grade, Medu -
mother’s education, studytime — time spent on studies, Fedu — father’s education, school — school name where
does a student study, failures — the number of classes in which students had failures in the past, higher —
means the plans of a student to have further higher education, Dalc — means drugs consumption during the
weekdays, age - is the student’s age, address — means urban or rural living.

However, the Random Forest model has a slightly lower Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE), suggesting it might be a better choice for this dataset. The Artificial Neural Network (ANN)
model has a significantly lower R2 score of 0.72, indicating it's less effective at predicting the target variable in
this case. All three models — SVM, AdaBoost, and ANN — show high performance, with F1 scores and accuracy
around 0.95 and 0.92 respectively. This suggests that they are all effective at classifying the data into two
classes. The SVM model has the highest Roc Auc score of 0.97, indicating it has the best trade-off between
sensitivity and specificity among the three models.

The XGBoost model performs the best among the three models, with a recall, precision, F1 score, and
accuracy all at 0.81. This indicates that it's effective at classifying the data into multiple classes. The ANN model
has the highest accuracy of 0.83, but its recall, precision, and F1 score are significantly lower than the other
models, suggesting it might not be as effective at classifying all classes.

Conclusion
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The application of various data analysis techniques, including classification, regression, clustering
methods, and Artificial Neural Networks to the data collected from schools in Afghanistan has proven to be
particularly effective.

The study successfully identified and analyzed the factors that influence learning and their positive
impact on students across different grade levels, school types, and regions. The marks in the 10t and 11t grade
are, obviously, the most important features influencing the 12t grade results, but the study time, family situation
(such as mother’s job and family support of the studies) and the work-life balance (friends, sport and free-time)
also are of great importance. The machine learning algorithms allowed to split the students according to their
achievements both in two- and several classes that can help educational institutions to predict students’
academic success in the future and help those students who fall into «struggling» students.

One of unexpected important factors which impact student’s academic success is mother education. If
the mother is educated, she influences her kids positively that leads to their academic success. Her profession
also influences kids’ academic success: if she is a teacher, it is even better for the kids.

The choice of model depends on the specific requirements of the task. For regression tasks, the Random
Forest model seems to be the best choice, while for binary classification tasks, all three models perform well,
with the SVM model slightly outperforming the others. For multi-class classification tasks, the XGBoost model
appears to be the most effective.

In the future it would worth analyzing the future (university) success of the students as well as
broadening the geography of the study by adding more data from other Afghan schools.
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BAK 5.8.1. ObLas negaroruka, Mctopusi negarornku u 0bpasoBaHns (negarornyeckue Haykm)
OECD 05.03.HA. EDUCATION & EDUCATIONAL RESEARCH

AHHOTauus

B maHHon paboTe uccrnegyoTca pasnuyHble (akTopbl, BAUAIOLME HA YCNEBAEMOCTb LUKOMbHUKA Ha
atane nonyyeHus cpegHero obpasoBaHus B AdpraHuctaHe. besycnoBHO, y4ebHble AOCTWKEHWS WrpatoT
PELLatoLLy0 ponb Npu onpeaeneHnn Byayuiein npodeccum WKONbHUKA, a Takke ero Lenen B akageM1M4eckoi
W1 NpoeccmoHanbHoM cpede. Ha akagemuyeckytd yCnewHOCTb BIMSIOT He TOSbKO HEMOCPEACTBEHHO
y4ebHble nokasaTenu, Ho 1 apyrue akTopbl, BKMKYAs MHAMBMAYanbHbIE pasnnyus. B aton pabote 6binu
NCMONb30BaHbl PasfyHble anropuTMbl MaLLMHHOTO 0ByYeHWs Ans aHanu3a HakTopoB, BAMSIOLMX HA OLIEHKM
YYEHWKA B NOCNEAHEM Knacce LUKOMbI, B YaCTHOCTU, 0ByYeHMe C yunTenem (perpeccust 1 Knaccudgukaums) u
Be3 yuntens (anroputmbl knactepusaumu). Lienb uccnenoBaHus 3aknioyanacb B TOM, YToBbl onpenenuTs,
Kakue (haKTopbl CyLLECTBEHHO BMMSIOT Ha YCNEBAEMOCTb YYEHMKOB ANt BCEM paccMaTpuBaemoil BbIGOPKY,
Kakue (paktopbl HOCAT 6Gonee WHAMBMAYanbHbIA XapakTep, a Takke CTENeHb WX BRMAHWS. Pe3ynbTarthbl
nokasanu, YTO PasfuyHble anropuTMbl MaLMHHOMO 0By4eHMss MOryT ObiTb YCMELWHO MCMOMb3oBaHbl AN
onpeneneHus hakTopoB, BRMSIOLMX HA akageMUYecKyl YCMeLWHOCTb CTyAEHTOB. Ha (uHanbHble OLEHKM
LLUKOMBHWUKOB, HECOMHEHHO, BIUSIOT pe3ynbTaThbl y4ebbl B NpeablayLime rogpl, a Takke BPEMS, 3aTpaynBaemMoe
Ha 0By4yeHne. Ho 04eHb BaXKHO OTMETUTD, YTO CEMeHas cutyauns 1 6anaHc mexay y4eboi n akTUBHOCTbIO B
cB0DBOAHOE BPEMS TaKKe BMWSIOT Ha YCNeXM y4eHnka. B yacTHocT, ypoBeHb 06pasoBaHns u pabota matepu
OKa3sblBaloT OOMbLIOE BRMSHWE HA aKaAeMMUYecKMe YCnexu Y4YeHuka: ecnm MaTb yyeHuka obpasoBaHa W,
0Cc06€eHHO, eCnK OHa paboTaeT yunTenem, To 3TO CyLLECTBEHHO MOBLILLIAET LUAHCHI LUKOMbHMKA ObITh YCNeWwHbIM
B yuebe.

KniouyeBbie cnoBa

MoZenupoBaHne 06pa3oBaTeNbHbIX AaHHbIX, (DAKTOPbl aKaZeMUYECKOM YCMeLWHOCTH, MeTodbl
MaLLMHHOTO OBY4YeHNs, HEMPOHHbIE CETW, AaHHble O cpegHeM 06pa30BaHWM, aHanuTUKa 0Bpa3oBaTenbHbIX
AaHHbIX, MHTENNeKTyanbHbli aHanu3 06pa3oBaTenbHbIX AaHHbIX.
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