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Abstract 

Artificial intelligence is one of the key factors in the development of modern information systems 

today. Its integration makes it possible to expand the functionality of traditional information systems, 

increase the efficiency of data processing and provide support for intelligent decision-making. One 

of the directions of artificial intelligence development is its integration into the information systems 

of universities for making managerial decisions. The article presents a comparative analysis of three 

machine learning models – decision tree, random forest, and gradient boosting – to solve the 

diagnostic problem of identifying the causes of students' academic failure. In the context of 

digitalization of education, predictive analytics is shifting the focus from simple forecasting to 

understanding the factors underlying learning difficulties. The research aims to evaluate models not 

only in terms of accuracy, but also in terms of interpretability of their results, which is a key factor 

for their practical application in the decision-making process.  

Based on a synthetic dataset simulating the behavior of students in a digital environment, training and 

model testing were conducted. The results showed high predictive efficiency of all models (accuracy 

from 98% to 100%). The decision tree has demonstrated 99% accuracy with full transparency of 

logic, which makes it a valuable tool for generating effective recommendations. XGBoost has 

achieved 100% accuracy, confirming its status as a stateoftheart algorithm for tasks with clearly 

structured data.  

The paper concludes that it is necessary to choose a model based on the balance between accuracy 

and interpretability, and outlines the prospects for integrating high-precision models with explicable 

AI (XAI) methods to create effective decision support systems in education. 
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1. Introduction 

The modern educational environment is undergoing a fundamental transformation due to the 

widespread introduction of digital technologies. Learning management Systems (LMS), massive 

open online courses (MOOCs) and other educational platforms generate unprecedented amounts of 

data on students' interaction with educational content, their behavior and academic performance [1]. 

This phenomenon, often described as a "gold mine of educational data," opens up unique 

opportunities for in-depth analysis and improvement of educational processes. In response to this 

challenge, an interdisciplinary field has emerged – Educational Data Mining (EDM) [2], which 

applies machine learning, statistics, and data mining methods to solve pressing educational 

challenges.  

The main goal of EDM is to move from reactive to proactive educational strategies. Instead of 

detecting academic failure at the end of a semester, predictive analytics allows students at risk to be 

identified at the earliest stages of their studies. This provides an opportunity for timely and 

personalized intervention (justintime, JIT) aimed at preventing academic difficulties and improving 

educational outcomes [3]. 

However, as the field evolves, the focus of research shifts from simple forecasting to a more complex 

diagnostic task. While early work in the field of EDM focused on the question of whether a student 

would be able to successfully complete a course, today the question of why they might encounter 

difficulties is becoming more relevant. This concept, which can be described as an "inverse problem" 

in educational analytics, involves not just predicting the fact of academic failure, but identifying its 

root causes [4]. Such a transition from prediction to diagnosis requires not only accurate, but also 

interpretable models, whose internal logic can be analyzed to understand the key factors influencing 

the outcome. Providing the teacher with information that the student is at risk has limited value. It is 

much more important to provide him with actionable insights explaining exactly which aspects, 

whether it's skipping classes, low activity on the platform, or difficulties with certain topics, are 

causing the predicted risk [5]. 

Thus, modern educational analytics faces a number of fundamental challenges. It is necessary to find 

a balance between the accuracy of predictive models and their interpretability, ensure the ethical 

validity of algorithmic solutions, eliminating bias and injustice, and, most importantly, create models 

that not only predict, but provide teachers and administrators with practical, explicable and effective 

recommendations [6]. 

The purpose of this study is to compare and justify the use of machine learning models – decision 

trees, random forests, and gradient boosting - to solve the inverse problem of identifying the causes 

of student academic failure, as well as evaluating their effectiveness in terms of accuracy and 

interpretability.   

The scientific novelty of the work lies in shifting the focus from a purely technical competition of 

models based on accuracy metrics to a more holistic assessment of their suitability as decision support 

tools in the educational process. The study directly addresses a gap in the literature related to the lack 

of systematic comparisons of models from different points of the accuracy-interpretability spectrum 

to solve a diagnostic rather than a predictive task in educational analytics. 
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2. Literature review 

Choosing a machine learning model for predicting student academic performance is a key decision 

that determines not only the accuracy of forecasts, but also their practical applicability in the 

educational process. In the EDM literature, a continuum of approaches can be distinguished, with 

simple and transparent models at one end and complex, high–precision, but opaque "black boxes" at 

the other. Choosing a particular model often represents a compromise between accuracy and 

interpretability, two fundamental but often conflicting goals. 

The work [7] emphasizes that there is no universally best algorithm; the optimal choice depends on 

the specific task, the characteristics of the data and, what is especially important in the educational 

context, on the needs of end users – teachers, students and administrators.  

The authors of [8] argue that the strategic choice of models for analysis covering various points of 

this spectrum allows us to systematically explore the trade-off between accuracy and interpretability, 

which is a deeper task than a simple comparison of performance metrics. 

The category of transparent or "whiteboxes" includes models whose internal structure and decision-

making logic are intuitive to humans. Their main advantage lies in their simulability and 

decomposability – the ability of a person to trace and reproduce the process of obtaining a result, 

understanding the contribution of each component of the model [9]. 

According to the authors of [10], Decision Trees (DT) occupy a central place among such models in 

EDM. This algorithm builds a hierarchical structure consisting of decision rules of the form "IF 

THERE is". Each rule checks the value of a certain feature and, depending on the result, directs the 

object to the next node until the final "sheet" containing the forecast is reached. 

Considering the Decision Trees model, the authors [11] note that visualization of the decision tree 

makes it possible to visually demonstrate the logic of classification, which contributes to the 

confidence of non-technical specialists in the model. 

In [12], the strengths and weaknesses of the Decision Trees model are considered. The strengths of 

decision trees are their high interpretability, ease of visualization, and minimal data preparation 

requirements. They are often used as a baseline for comparison with more complex algorithms, both 

in terms of accuracy and clarity of results. As the authors note, this approach has significant 

weaknesses. Decision trees are prone to overfitting, especially on data with a large number of features, 

which means that they can perfectly fit the training sample, but generalize poorly to new data. In 

addition, they may have difficulty modeling complex nonlinear relationships in the data, which often 

leads to lower accuracy compared to ensemble or deep models. Small changes in the training data 

can lead to the construction of a completely different tree, which indicates their instability. 

In an effort to overcome the limitations of simple models and achieve maximum predictive accuracy, 

EDM researchers are increasingly turning to ensemble methods and deep learning models. These 

approaches, as a rule, demonstrate significantly higher performance, but at the cost of loss of 

transparency, which is why they are often called "black boxes" [13, 14].  

Ensemble methods, such as random forest and gradient boosting, build their forecast based on an 

aggregated solution of a set of basic models, most often decision trees. 
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According to the authors of [15,16], Random Forest (RF) is one of the most popular and efficient 

algorithms in EDM. It creates a set of decision trees, each of which is trained on a random subsample 

of data and features, and the final forecast is determined by "voting" (in classification tasks) or 

averaging (in regression tasks). This approach can significantly reduce the tendency to overfitting, 

which is typical for single trees, and increase the stability and accuracy of the model. However, 

combining hundreds of trees into one ensemble makes it impossible to simply follow the logic of 

decision-making, as in the case of a single tree, which reduces direct interpretability. 

Studies [17, 18] have shown that Gradient Boosting and its high-performance implementation 

XGBoost represent an even more powerful class of ensemble methods. Unlike a random forest, where 

trees are built independently, in gradient boosting they are created sequentially: each subsequent tree 

is trained on the mistakes of the previous one. This iterative process allows the model to fine-tune to 

the data and achieve the highest accuracy, making XGBoost one of the most effective tools for solving 

forecasting problems in education. However, this consistent error correction makes the model even 

more complex and opaque than a random forest.  

Deep Learning models, in particular, artificial neural networks (ANN) and their more complex 

variants, such as recurrent neural networks (LSTM), represent the pinnacle of predictive accuracy, 

especially when working with complex sequential data, for example, with students' clickstreams in 

online courses [19]. Their ability to automatically extract features from raw data and model high-

order nonlinear dependencies allows them to achieve results that are not available for most other 

methods. Nevertheless, they are the quintessence of a "black box": the decision-making process is 

hidden in a multi-layered architecture of thousands of interconnected neurons with weights, which 

makes it almost impossible for human understanding [20].  

Thus, there is a fundamental compromise between accuracy and interpretability in the field of EDM. 

According to the authors of [21], as the range of models moves from a simple decision tree to a 

random forest, gradient boosting, and finally to deep neural networks, predictive accuracy usually 

increases, but the internal transparency of the model steadily decreases. This trade-off is a central 

problem that the rapidly developing field of explicable artificial intelligence (XAI) is striving to solve. 

In the study [22], the desire for ever higher accuracy of forecasts led to the dominance of complex 

models, but in the educational context, accuracy itself is insufficient. A decision made by a "black 

box", even if it is statistically correct, remains useless or even harmful if the end users teachers, 

administrators, and students themselves) cannot trust it and act on it. Thus, explainability becomes 

not just a desirable technical characteristic, but an ethical and pedagogical imperative. 

As the authors of [23] note, the success of any predictive model in education directly depends on two 

key components: the quality and relevance of the data (features) used, as well as the methodological 

rigor of their processing and selection. Modern educational datasets are characterized by high 

dimensionality, which requires the use of advanced approaches to engineering and feature selection 

to build accurate and robust models. 

As described in the study [24], modern educational datasets can include hundreds or even thousands 

of potential features, especially when analyzing detailed interaction logs (clickstreams). Such a high 

data dimension creates a number of problems: the risk of overfitting the model increases, 

computational complexity increases, and "noise" is introduced into the model due to irrelevant or 
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redundant features. To solve these problems, feature selection methods are used, which make it 

possible to identify the most informative subset of predictors.  

Despite significant progress, several significant gaps can be identified in existing research that limit 

the practical application of predictive analytics in the real educational process. Firstly, there is a clear 

bias towards forecasting rather than diagnosis. Most studies compare different models based on their 

ability to predict the final outcome – whether a student will pass the exam or not, whether they will 

receive a certificate, or whether they will be expelled. However, as noted earlier, it is much more 

important for a teacher to understand the reasons for potential failure. There is a clear lack of work 

that systematically evaluates and compares models in terms of their suitability for solving the "inverse 

problem" of diagnosing the factors underlying academic difficulties. This task requires models not 

only to be accurate, but also to be able to provide causally meaningful and interpretable explanations. 

Secondly, there is no systematic comparison of models located in different parts of the accuracy-

interpretability spectrum to solve this particular diagnostic problem. Many papers either focus on 

models of the same class (for example, comparing several high-precision "black boxes"), or use 

simple models as a base level, without going into depth analysis of the quality and nature of their 

explanations. It is rare to find studies that, like this work, conduct a controlled comparison of models 

strategically selected from different points of this spectrum – from the fully transparent Decision Tree 

Classifier to the balanced Random Forest Classifier and the highly accurate but opaque XGBoost – 

in order to analyze not only their predictive power, but also the quality of their logical conclusions in 

relation to the diagnosis of causes. academic failure. 

3.Materials and methods 

They represent different points on the "accuracy-interpretability" spectrum and provide a balance 

between stability and performance.:  

 The Decision Tree Classifier was chosen as the basic, easily interpretable model. Its structure in the 

form of a set of rules "IFLITO" allows you to visualize the logic of decision-making, which is 

critically important in the context of explicable AI (XAI) and for practical application by educators.  

 The Random Forest Classifier, as an ensemble model, was included to increase resistance to 

overfitting and evaluate the impact of the ensemble approach on accuracy. It aggregates the solutions 

of multiple trees, which reduces variance and increases the generalizing ability of the model.  

 XGBoost (Extreme Gradient Boosting) was selected as one of the most powerful and effective tools 

of modern machine learning. It presents advanced boosting techniques and is particularly effective 

when dealing with unbalanced classes, often demonstrating stateoftheart accuracy results. 

The following is a mathematical description of the models. 

Decision Tree. The model builds a classification by recursively dividing the feature space based on a 

criterion that minimizes uncertainty, for example, the Gini index.: 

 

𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑ 𝑝𝑘
2𝑘

𝑘=1                                                              (1) 
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pk – the proportion of objects of class k in the subset D 

 

Random Forest. The model is an ensemble of N independent trees, each of which is trained on a 

random subsample. The final decision is made by voting: 

 

𝑦̂ = 𝑚𝑜𝑑𝑒{ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑁(𝑥) }                                          (2) 

 

ℎ𝑖(𝑥) – the result of the ith tree 

 

Random Forest reduces variance compared to a single tree and increases resistance to overfitting. 

XGBoost. The model consistently builds an ensemble of trees, where each subsequent tree corrects 

the errors of the previous one. The regularized loss function is minimized: 

 

𝜏 = ∑ 𝑙(𝑦𝑖, 𝑦̂𝑖) + ∑ Ω(𝑓𝑡
𝑇
𝑡=1

𝑛
𝑖=1 )                                                  (3) 

 

Ω(𝑓𝑡) = 𝛾𝑇 +
1

2
𝜆‖𝜛‖2 – regulation of the number of leaves and weights; 

𝑙(𝑦𝑖, 𝑦̂𝑖) – is an error function, for example, logistic or quadratic. 

 

To conduct the experiment and avoid working with personal data, a synthetic dataset was generated, 

consisting of 1,000 records simulating student activity. The set included the following attributes: 

– percentage of task completion,  

–  average grade,  

–  time on the platform,  

–  chat activity; 

 the number of missed classes.  

The target variable (class) was the reason for the lag, which was assigned based on logical rules. For 

example, if a student had more than 5 passes, he was assigned the "Passes" class. This made it possible 

to create a controlled environment for evaluating the diagnostic ability of models.  

The data was divided into training (70%) and test (30%) samples. All three models were trained on 

the same dataset. The Accuracy, Precision, Recall, F1score and error matrix metrics were used for 

the assessment. 

The following hyper-parameters were used in the experiment, selected to ensure a balance between 

accuracy and protection against overfitting, shown in Table 1. 
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Table 1– Hyperparameters 

Model  Main parameters Interpretability Stability Justification of choice 

Decision 

Tree 

max_depth=4, 

random_state=42 

High Average Simplicity of structure, 

explainability of logic  

Random 

Forest 

n_estimators=100, 

max_depth=6 

Average High The ensemble approach 

reduces the variance 

XGBoost n_estimators=100, 

learning_rate=0.1 

Average Very 

high 

Better accuracy and 

resistance to rare classes 

 

The use of these three models provides a balance between interpretability, stability and accuracy, 

which allows not only to build an effective classification, but also to make a meaningful comparison 

of artificial intelligence strategies in an educational environment. 

4. Results and discussion 

The training and testing of the models was carried out using hyperparameters selected to ensure a 

balance between accuracy and protection against overfitting. The results of training the 

DecisionTreeClassifier model are presented in Table 2. 

 

Table 2. – Learning outcomes of the DecisionTreeClassifier model 

Class precision recall f1score support 

0: Ок 1.00 0.95 0.97 78 

1: I don't understand 1.00 1.00 1.00 52 

2: Inactive 0.80 1.00 0.89 4 

3: Motivation 0.92 1.00 0.96 36 

4: Omissions 1.00 1.00 1.00 130 

 

This model showed high accuracy: accuracy 99%, macroF1score 0.96, for most classes precision and 

recall reached 1.00. A graph of the distribution of classes has also been constructed, demonstrating 

an adequate correlation of causes in synthetic data (the predominance of omissions, the balance of 

the remaining classes), presented in accordance with Figure 1. 

 
Figure 1– Importance of the features of the DecisionTreeClassifier model 



International Journal of Applied Mathematics  

Volume 38 No. 11s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

Received: August 07, 2025     Published: November 29, 2025  431 

An error matrix was constructed that showed minor errors in classifying the "Ok" class as 

"motivation" or "inactive". The remaining classes were recognized without errors, presented in 

accordance with Figure 2. 

 

Figure 2 – Error matrix of the DecisionTreeClassifier model 

The analysis of the importance of the signs was carried out – skipping classes had the greatest impact, 

followed by completing tasks and an average score. A decision tree has been built that visualizes the 

AI logic: an initial check for the number of passes, followed by an analysis of completed tasks and 

activities, presented in accordance with Figure 3. 

 
Figure 3– Decision tree for determining the backlog 

Visualization of the decision tree (for the Decision Tree model) clearly demonstrated the logic of 

classification. The primary node of separation is checking the number of passes. If their number 
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exceeds the threshold, the student is immediately classified as lagging due to "Missing Out". 

Otherwise, the model analyzes academic performance and activity to identify other causes.  

The experiment confirmed the possibility of effectively using AI models to solve inverse problems 

in education. The model successfully identifies the causes of lag, is characterized by high accuracy 

and transparency of decision-making, which is important for practical application in educational 

systems. At the next stage, it is planned to expand the experimental base and comparative analysis of 

models in order to select the best solution according to the criteria of accuracy, stability and 

interpretability. 

The next model to be trained was the Random Forest model. The learning outcomes are presented in 

table 3. 

Table 3 – Results of Random Forest model training 

Class Класс precision recall f1score support 

0: Ок 0: Ок 0,99 0,96 0,97 78 

1: I don't understand 1: Не понял 1,00 1,00 1,00 52 

2: Inactive 2: Неактивен 1,00 0,25 0,40 4 

3: Motivation 3: Мотивация 0,88 1,00 0,94 36 

4: Omissions 4: Пропуски 1,00 1,00 1,00 130 

 

This model showed high accuracy: accuracy 98%, macroF1score 0.86, for most classes precision and 

recall reached 1.00. A graph of class distribution was constructed for the model, which demonstrated 

an adequate correlation of causes in synthetic data (the predominance of omissions, the balance of 

the remaining classes), presented in accordance with Figure 4. 

 

 
Figure 4 – The importance of the Random Forest model features 

An error matrix was constructed that showed minor errors in classifying the "Ok" class as 

"motivation" or "inactive". The remaining classes were recognized without errors, presented in 

accordance with Figure 5. 
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Figure 5 – Error matrix of the Random Forest model 

These Random Forest models are almost identical to the DecisionTreeClassifier model. The last 

trained model was the XGBoost model. The results of the model training are presented in Table 4. 

 

Table 4 – Results of XGBoost model training 

Class precision recall f1score support 

0: Ок 1.00 1.00 1.00 78 

1: I don't understand 1.00 1.00 1.00 52 

2: Inactive 1.00 1.00 1.00 4 

3: Motivation 1.00 1.00 1.00 36 

4: Omissions 1.00 1.00 1.00 130 

 

This model showed the highest accuracy: accuracy 100%, macro F1score 1.00, all precision and recall 

classes reached 1.00. A graph of class distribution was constructed for the model, which demonstrated 

an adequate correlation of causes in synthetic data (the predominance of omissions, the balance of 

the remaining classes), presented in accordance with Figure 6. 
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Figure 6 – The importance of the features of the XGBoost model 

 

An error matrix was constructed that showed minor errors in classifying the "Ok" class as 

"motivation" or "inactive". The remaining classes were recognized without errors, presented in 

accordance with Figure 7. 

 

 
 

Figure 7– Error matrix of the XGBoost model 

Figure 8 shows a comparative analysis of the accuracy of machine learning models. Table 5 shows 

the comparative performance metrics of the models in the test sample. 
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Figure 8– Comparative analysis of the accuracy of machine learning models 

 

Table 5–Comparative metrics of model performance in the test sample. 

Model Accuracy Macro Avg 

F1score 

Key observations 

Decision 

Tree 

99.0% 0.96 High accuracy with full interpretability. Minor errors are 

only for the "Inactive" class (low support). 

Random 

Forest 

98.0% 0.86 High overall accuracy, but significantly lower F1score for 

the rare "Inactive" class (0.40), indicating difficulties with 

unbalanced data. 

XGBoost 100% 1.00 Perfect accuracy on all metrics, error-free classification of 

all classes. 

 

The analysis of the importance of signs conducted for all three models showed similar results: the 

most dominant factor for determining the cause of academic failure is the "number of missed classes." 

It is followed by the "completion percentage" and "average score". Signs such as "chat activity" and 

"time on the platform" turned out to be the least significant.  

The experimental results confirm the high efficiency of machine learning models for solving the 

"inverse problem" in educational analytics – diagnosing the causes of academic failure. The 

comparative analysis revealed the key differences between the approaches, which allows us to 

formulate recommendations for their application. 

Comparison of performance and interpretability. The XGBoost model has demonstrated perfect 

accuracy (100%), which confirms its reputation as one of the most powerful algorithms for working 

with structured data. However, such flawless results obtained on synthetic data require careful 

interpretation. In real conditions, educational data contains significantly more "noise", omissions, and 

nonlinear dependencies, and achieving 100% accuracy is unlikely. The main disadvantage of 
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XGBoost in the educational context remains its "black box" nature, which makes it difficult for 

educators to directly use its findings without using additional XAI tools such as SHAP or LIME.  

The Decision Tree, showing only slightly lower accuracy (99%), is an excellent alternative when 

transparency is a priority. Its main advantage is its complete interpretability. The logical rules 

generated by the tree can be directly translated into recommendations for teachers, which corresponds 

to the request for effective and understandable insights. This makes it an ideal tool for systems where 

not only a forecast is required, but also an explanation for the end user. 

Random Forest (98% accuracy) took an intermediate position. Although it is an ensemble, which 

complicates its interpretation compared to a single tree, it has shown weakness in dealing with 

unbalanced classes (F1score 0.40 for the "Inactive" class). This is an important limitation, because in 

real educational data, groups of students with certain problems are often small.  

The main limitation of this study is the use of synthetic data. This made it possible to conduct a 

controlled experiment, but for practical implementation, validation of models on real data from LMS 

systems is necessary. Real-world data will allow us to evaluate the models' resistance to noise and 

identify more complex, implicit dependencies. Nevertheless, the study demonstrates the high 

potential of models as diagnostic tools capable of providing teachers with valuable information for 

timely intervention. 

5.Conclusion 

The conducted research has demonstrated that modern machine learning algorithms can be 

successfully applied not only for forecasting, but also for automatically identifying the causes of 

student lag, thereby solving an important diagnostic task in educational analytics. 

All three models considered (Decision Tree, Random Forest, XGBoost) showed high predictive 

accuracy on structured synthetic data, confirming their applicability for educational tasks. XGBoost 

is the most accurate model, while Decision Tree remains a valuable tool due to its complete 

transparency. 

The analysis of the importance of signs confirmed that behavioral indicators such as class absences 

and academic performance are key predictors, which allows us to create models based on 

pedagogically relevant data. 

For high-precision "black box" models such as XGBoost, it is necessary to introduce modern methods 

of explicable AI (for example, SHAP, LIME). This will combine the high accuracy of forecasts with 

the provision of understandable and effective explanations, which is a key factor for the successful 

implementation of AI in the university's information system. 
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