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Abstract: This article presents a set of specialized software tools for educational data mining and describes the 

integration of the developed tools into the educational process of students of technical specialties. The developed set 

consists of three programs that implement the main tasks of educational data mining. Program No. 1 provides 

segmentation, analysis, and visualization of images of educational materials; Program No. 2 performs data clustering; 

Program No. 3 performs correlation and regression analysis to identify relationships and predict learning outcomes. The 

developed programs can be used to implement a systematic analysis of education quality, during which automated 

processing of educational data and the formation of recommendations for improving the educational process are 
performed. The programs are implemented in Python. A scheme for integrating specialized programs into the 

educational process has been developed. The scheme reflects the relationships between the programs that process 

educational materials, analyze the results of the educational process, influence students’ educational trajectories and the 

educational process. 
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Program No. 1, “SegmentFuzzy24,” is designed for segmentation, analysis, and visualization of images of 

educational materials. Such processing makes it possible to highlight the investigated elements of technical devices in 

order to focus students’ attention, as well as to determine the quantitative and geometric characteristics of multimedia 

presentation slides, including the number and size of symbols, the area of graphical objects, etc. Segmentation is 

performed using the region growing method. The determined characteristics are used for the classification of 

educational materials or are transferred to Programs No. 2 and No. 3 for further cluster, correlation, and regression 

analysis. 

Program No. 2, “ClusterFuzzy23,” is designed for clustering educational data, including students’ learning 

outcomes and the characteristics of educational materials obtained from Program No. 1. Objects are divided into groups 

with similar characteristics using the K-means method. During the clustering process, the sum of the squared Euclidean 

distances between each object and the centroid of its cluster is minimized. Data clustering ensures their differentiated 
processing and contributes to the adjustment of educational trajectories. The clustering results can be transferred to 

Program No. 3 for further analysis. Fuzzy membership functions are used to determine the degree of membership of 

objects in overlapping clusters. 

Program No. 3, “CorrelRegres25,” is designed for correlation and regression analysis of educational data obtained 

directly or as a result of clustering in Program No. 2. Correlation analysis is used to establish relationships between the 

characteristics of the educational process, while regression analysis is applied to model their dependencies using 

polynomial functions and to predict learning outcomes. The obtained models are used to adjust educational trajectories, 

while objects that have significant deviations from regression dependencies are classified as outliers. 

The developed programs have been demonstrated on sample data to process real educational data, namely for 
image segmentation and visualization, clustering of educational data, and their correlation and regression analysis. 

Data clustering and correlation–regression analysis were performed using the grades of N0 = 76 students in 12 

subjects, assessed on a 100-point scale, for courses completed during the first and second years of study. The initial 

sample of N0 students was randomly divided into a training set (N = 60, 80% of the data) and a validation set (NV = 16, 

20% of the data). The quality of the clustering results was evaluated using the Silhouette coefficient, Calinski–Harabasz 

index and Davies–Bouldin index. The analysis indicated that three or four clusters provide an appropriate representation 

of the data. The optimal polynomial degree pA = 3 for the regression model was determined based on the minimum root 

mean square error RmseV = 12.37458, obtained on the validation set. The relatively high RmseV value can be 
attributed to the influence of a considerable number of factors affecting students’ academic performance. The resulting 

regression model was used to predict students’ grades in a subject for the subsequent academic period based on their 

grades in the same subject during the previous period. A promising direction for further improvement of the developed 

prediction system is the integration of artificial neural networks. 

 

Index Terms: Educational Data Mining, Systematic Analysis of Education Quality, Prediction, Correlation, Regression, 

Clustering, Technical Students, Software. 

 

 

1. Introduction 

To ensure the quality of the modern educational process, large volumes of data are processed, which, in particular, 

describe students’ learning conditions, their educational achievements, needs, and wishes [1]. Students’ educational 

achievements are assessed based on the results of their current, intermediate, or final assessment. Significant volumes of 

data are obtained as a result of various types of testing conducted at all stages of assessment. To obtain information 
about students’ needs and wishes, surveys are conducted during classes and through questionnaires. Ensuring the 

quality of the educational process is a necessary condition for a high level of professional training of technical students. 

A specific feature of the educational process for such students is the presentation of a significant amount of educational 

material not only in the form of text, but also in the form of diagrams, drawings, and photographs of devices. Therefore, 

in the training of technical students, there is a need to apply educational data mining (EDM) methods, which make it 

possible not only to automatically analyze the characteristics of the educational process and multimodal educational 

materials [2], but also to establish relationships between them and formulate recommendations for improving learning 

outcomes [3]. Important tasks of such analysis are data clustering, prediction of students’ educational achievements, and 
identification of relationships between the characteristics of the educational process [4]. Another area of application of 

EDM methods is the automated preparation and analysis of educational materials [5]. Such preparation of educational 

materials consists, for example, in the segmentation of images of the objects under study in order to focus students’ 

attention on them. The analysis of educational materials, for example, presentations, makes it possible to investigate the 

influence of their characteristics on students’ perception of such materials.  

However, when EDM methods are implemented in the educational process of technical students, there is a need to 

use appropriate software tools. Many developed software tools, such as Orange Data Mining [6] and MATLAB [7], 

implement data mining methods. The problem is that existing programs are generally quite universal and do not take 
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into account the specifics of processing educational data for technical students. In addition, in the software tools 

considered, data mining methods are implemented separately, while approaches to the integrated processing of data 

using different methods have not been sufficiently developed. For example, in MATLAB, clustering, regression, image 

segmentation and fuzzy logic are implemented as separate methods within the corresponding toolboxes. 

Therefore, the topic of this study, which involves the development of specialized software tools for EDM methods 

and their integration into the educational process of technical students, is relevant. The developed software package, 

which contains three programs, implements the most common EDM tasks [8]. Program No. 1 implements image 
segmentation, analysis, and visualization. Program No. 2 is intended for clustering educational data. Program No. 3 

performs regression and correlation analysis of data, which is used to predict educational achievements and establish 

relationships between the parameters of the educational process. The integrated use of the developed programs makes it 

possible to automatically analyze all available educational data and formulate recommendations based on them to 

improve the quality of the educational process. 

1.1. Outline  

A review of works devoted to educational data mining (EDM) methods and their implementation in the 

educational process is presented in Section 2, which also describes general issues of systematic analysis of education 
quality, the principles and practical application of EDM methods. The methodology of the study is presented in Section 

3, which describes the scheme for integrating specialized software tools into the educational process and the principles 

of operation of the EDM methods used. Section 4 describes the software implementation of EDM methods. An example 

of processing educational data using the developed specialized software tools is presented in Section 5. Section 6 

describes the conclusions of the study and directions for further research.  

2. Literature Review  

An important direction for optimizing the educational process is the systematic analysis of education quality, 
which provides a comprehensive approach to evaluating and studying the quality of the educational process [1]. The 

main purpose of systematic analysis is to identify relationships between the components of the educational process, 

determine the factors that influence learning outcomes, and develop measures to improve the quality of education. For 

this purpose, educational data mining (EDM) methods, in particular, are used. 

Currently, there are several classifications of EDM methods. According to the well-known classification [4], the 

following groups of methods are distinguished: 

 

1. Prediction.  

2. Clustering.  

3. Relationship mining.  

4. Distillation of data for human judgment.  
5. Discovery with models.  

 

The group of EDM methods “Discovery with models” is the most complex and is based on the methods of the 

previous groups. Other classifications of EDM methods [8, 9] supplement the classical classification [4]. In particular, 

the study [9] considers such modern EDM methods as “Text Mining” and “Social Networks Analysis,” as well as 

machine learning methods (Decision Trees, Neural Networks, etc.). Each of the described groups of methods has a 

certain specialization and scope of application. Accordingly, the joint application of several groups of methods provides 

an in-depth analysis of data and a wide scope of application, which contributes to the successful solution of applied 
tasks of educational data processing. Therefore, at the present stage, complete software processing of educational data 

should use at least groups No. 1–No. 4 of EDM methods. Let us consider these groups of methods in more detail. 

Prediction methods make it possible to predict students’ academic performance in certain subjects and other 

characteristics of the educational process [10, 11]. This is useful for adjusting students’ educational trajectories and 

identifying possible learning difficulties. Common prediction methods include regression analysis [12] and 

classification [13, 14]. In complex cases, prediction is performed using artificial neural networks (ANN) [15, 16] and 

machine learning methods [17, 18]. The effectiveness of using ANN to predict the results of the educational process is 

explained by the fact that such results are often influenced by a significant number of factors that are difficult to take 
into account using analytical methods. However, ANNs require training on specially selected datasets. Therefore, 

prediction of educational data is often performed using the classical regression method [12]. 

In study [19], student performance prediction was performed using machine learning methods and regression 

analysis. The results demonstrated that, under certain conditions, classical regression methods can be competitive with 

artificial intelligence-based methods. Study [20] focused on predicting students’ academic achievement using 

explainable artificial intelligence methods. The study highlighted the importance of assessing the significance of the 

factors that influence prediction outcomes. 
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Clustering methods are widely used to simplify and improve the efficiency of educational data analysis, as they 

make it possible to divide large arrays of source data into separate homogeneous groups (clusters) [21]. Clustering 

belongs to unsupervised machine learning methods that do not require the prior definition of classes of the investigated 

objects. The application of clustering contributes to the structuring of educational data, as well as to the identification of 

hidden patterns, similarities, and relationships. The results of clustering can have practical significance for analysis and 

decision-making in the educational process. In addition, decomposition of the overall data array into separate clusters 

makes it possible to carry out their further analysis step by step, which can reduce the complexity of such processing. 
Clustering contributes to the personalization of learning by identifying students with similar characteristics, interests, 

and educational needs, which makes it possible to adapt educational materials and approaches to individual groups [22]. 

Common clustering methods include, in particular, K-means, DBSCAN (Density-Based Spatial Clustering of 

Applications with Noise), and hierarchical clustering [23]. The K-means method [24] is used quite widely, which is due 

to a number of its advantages: simplicity of software implementation, high performance even when processing large 

datasets, versatility, and the ability to process different types of data (educational data, image parameters, device 

characteristics, etc.). The obtained clusters may overlap to a significant extent, i.e., one object may partially belong to 

several clusters. Therefore, fuzzy logic tools are used to correctly describe such clustering results, and the membership 
of objects in clusters is described by fuzzy membership functions. The possibilities of fuzzy clustering are described, in 

particular, in study [25]. 

Relationship mining is intended to identify statistically significant and practically useful relationships between 

object characteristics [26]. In EDM, it makes it possible to determine the influence of various factors, including 

independent work and participation in group projects, on learning outcomes. Relationship mining is implemented, in 

particular, using correlation analysis and ANN. Correlation analysis makes it possible to determine the strength of the 

relationship between two variables, as well as to identify object characteristics that have the strongest relationship. In 

educational data, it can, in particular, be used to investigate the relationship between the duration of independent 
learning and students’ academic results. Correlation analysis also makes it possible to identify pairs of academic 

subjects for which students’ educational outcomes are significantly related. 

Methods of distillation of data for human judgment are aimed at transforming complex data arrays into forms 

convenient for perception, interpretation, and decision-making [4, 26, 27]. For this purpose, visualization, infographics, 

image processing, summary tables, and dimensionality reduction methods are used. In education, they contribute to the 

effective analysis of large volumes of data in different formats, which is especially important for technical students. 

Data visualization involves presenting information using graphs, charts, images, diagrams, maps, and 3D models, which 

facilitates the identification of patterns, trends, and anomalies. Such processing may use image segmentation to 
automatically identify meaningful regions and focus students’ attention on them. Visualization is important when 

presenting the results of modeling technical objects [28] and in the process of implementing STEM projects [29-31]. 

Discovery with models involves the use of created models to obtain new knowledge about learning processes, 

student behavior, and the effectiveness of learning strategies [4]. This direction includes modeling educational 

trajectories, developing adaptive systems, and predicting outcomes, in particular using clustering and prediction. 

Models that describe educational processes can be constructed using fuzzy cognitive maps and the Mental Modeler 

software package [32]. 

The review of current scientific works substantiates the need to integrate EDM methods into the educational 
process. It has been shown that prediction, correlation and regression analysis, clustering, and data visualization 

methods are appropriate for solving common tasks of educational data processing. The analysis of the conducted studies 

confirmed the need to develop specialized software tools for EDM and integrate them into the educational process. 

3. Methodology 

3.1. Scheme for Integrating Specialized Software Tools into the Educational Process 

The integration of the developed specialized Programs No. 1–No. 3, which implement EDM methods, into the 

educational process is described by the following scheme (Fig. 1). 
In Program No. 1, segmentation, analysis, and visualization of images obtained from educational materials are 

performed. The program makes it possible to process images of various devices studied by technical students. In this 

case, the investigated parts are identified as segments in the image of the device and are highlighted during visualization 

in order to focus attention on them. The obtained educational materials are used in the educational process. Program 

No. 1 also makes it possible to analyze images of educational materials, for example, slides of multimedia presentations. 

After segmentation of such images, their main characteristics are determined: the number of symbols, their size, the 

area of figures, etc. The obtained characteristics of images of educational materials can be analyzed directly in Program 

No. 1 (for example, for classifying images by the number of symbols) or transferred to Program No. 2 for cluster 
analysis and to Program No. 3 for correlation and regression analysis. Data exchange between the developed Programs 

No. 1–3 is implemented using a common data format based on text files. The first line of each file contains the 

parameter names, while the subsequent lines contain the corresponding parameter values; each column represents a 
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specific parameter. 

Program No. 2 is designed for clustering educational data: the results of the educational process or the 

characteristics of educational materials obtained from Program No. 1. In particular, students’ final grades in certain 

subjects are used as the results of the educational process. As a result of clustering, all investigated objects are divided 

into clusters, i.e., groups of objects with similar parameters. For example, students with high grades in certain subjects 

can be identified as a cluster. An important advantage of clustering is the possibility of targeted processing of the data 

of each cluster. For example, students who belong to a cluster with high grades are offered tasks of a high level of 
difficulty. Thus, based on the clustering results, students’ educational trajectories are adjusted.  

 

 

Fig. 1. Structural Scheme for Integrating Specialized Educational Data Mining Software Tools into the Educational Process. 

The obtained clusters can also be transferred to Program No. 3. In the case of overlapping clusters, fuzzy 

membership functions are used to describe the degree of membership of objects in such clusters.  

In Program No. 3, correlation and regression analysis of the results of the educational process is performed either 

directly or after their clustering in Program No. 2. Correlation analysis is used to establish relationships between the 
characteristics of the educational process; for example, pairs of subjects with the maximum correlation coefficients for 

students’ grades are determined. The obtained pairs of parameters (subjects) can be transferred to Program No. 2 for 

cluster analysis. This is particularly useful when analyzing a large number of parameters, since the clustering method 

employed is designed to process only two parameters, represented by the x and y coordinates of an object. As a result of 

regression analysis of the data, dependencies of one characteristic of the educational process on another are determined. 

Thus, it is possible to establish the dependence of final grades in a subject in the 3rd semester on grades in another 

subject in the 1st semester. Based on the obtained regression dependencies, the characteristics of the educational 

process are predicted, which is used to adjust students’ educational trajectories. Objects that deviate significantly from 
the obtained regression dependencies are processed as outliers. 

Thus, the developed specialized programs provide the implementation of the main groups of EDM methods [4]: 

 

1. From the group of methods “Prediction,” the regression analysis method (Regression) is implemented in 

Program No. 3. 

2. From the group of methods “Clustering,” the “Clustering data” method is implemented in Program No. 2. 

3. From the group of methods “Relationship mining,” the “Correlation mining” method is implemented in Program 

No. 3. 
4. From the group of methods “Distillation of data for human judgment,” the data visualization method is 

implemented in Program No. 1. 

3.2. Fundamentals of Image Segmentation and Visualization Methods 

Image segmentation consists in the spatial extraction of meaningful regions in images (for example, people, 

symbols, or device parts) that have similar (or identical) brightness, color, or texture [33]. Program No. 1 implements 

image segmentation using the classical region growing method. This segmentation method is one of the simplest, so the 

developed program can be used to study the principles of image segmentation. The region growing method is effective 

when the variability of pixel brightness or color within a segment is insignificant. This is characteristic of many images 
contained in educational materials (for example, images of text, diagrams, and drawings). 

The principle of operation of the region growing method consists in selecting the initial pixels of segments and 

adding new pixels with close brightness and/or color values to them. The initial data for segmentation are digital color 

image fRGBB(i, k, c), where i = 0, ..., MB-1; k = 0, ..., NB-1; c = 0,..., QC-1; MB is the image height (in pixels); NB is the 

image width (in pixels); QC = 3 is the number of color channels (Red, Green, Blue). 
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The developed program makes it possible to perform image segmentation in the mode of selecting the investigated 

objects by color and in the mode of segmenting all objects. In the object selection by color mode, based on the initial 

color image fRGBB a grayscale image fP is calculated, whose pixel values indicate the degree of similarity of the 

corresponding pixels to the color reference fRGBE with the mean values of the color channels CE(c), where c = 0,..., QC-1 

(in the RGB color model). The color reference fRGBE (MR × NR pixels) is selected as a rectangular image fragment of the 

minimum size that contains the investigated object. 

The pixel values of the image fP are calculated using the empirical formula: 
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where i = 0, ..., MB-1 is the pixel row index; k = 0, ..., NB-1 is the pixel column index; c is the color channel index. 

The application of formula (1) makes it possible to separate pixels whose color is similar to the reference from 

other (background) pixels. Thus, in the image fP, the maximum values correspond to the pixels whose color is most 

similar to the reference color. 

In the mode of segmenting all objects in the image (which do not belong to the background), the image fP is 
obtained from the color image by converting fRGBB to grayscale (with equal weighting coefficients for all color channels). 

Based on the image fP, a binarized image fB is calculated with a specified binarization threshold LimB, which is 

calculated using the Otsu method. After that, segmentation of the binarized image fB is performed using the region 

growing method, as a result of which the segment image fS1 is calculated. The value of each pixel of the image fS1 is 

equal to the number of the segment to which it belongs. In the obtained image fS1, segments are selected by height, 

width, and area, which makes it possible to identify only the investigated objects. The ranges of permissible values for 

segment dimensions and/or areas are specified by the user. 

3.3. Fundamentals of the Data Clustering Method Using Fuzzy Logic 

Data clustering consists in dividing the initial large set of objects into subsets (clusters). Such division makes it 

possible to structure the data and process the objects of individual clusters taking into account their specific features. In 

EDM, participants in the educational process are often considered as clustering objects. 

Clustering of educational data is implemented in the “ClusterFuzzy23” program using the common K-means 

method (K-means clustering), which is characterized by simplicity of software implementation and low computational 

complexity [21, 22]. The K-means method consists in dividing a set of N objects into k clusters. For the clustering task, 

each object is described by two parameters x and y, which are considered as its coordinates. For example, a student can 

be characterized by his or her grades in two subjects. During the clustering process, the value of the metric J is 
minimized. This metric is defined as the sum of the squared Euclidean distances d (along the x and y coordinates) 

between each object and the centroid of its cluster. 

If the clusters overlap significantly, the problem of separating objects at the cluster boundaries arises. The 

membership of such objects in certain clusters is described by fuzzy membership functions. The values of the fuzzy 

membership function μA(х) of an element х in a set А show the degree to which the element belongs to the set. A 

specific feature of the function μA(х) is that it can take any value from 0 to 1. For example, if μА(х) = 1, then the element 

x clearly belongs to the set A; if μА(х) = 0, then the element x clearly does not belong to A. When 0 < μА(х) < 1, the 

element belongs to the set fuzzily. The larger the value of the membership function, the greater the degree to which the 
element belongs to the set. 

The fuzzy triangular membership function μd(d), which represents the degree of membership of objects in a 

particular cluster, is defined by the following equation: 
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where d is the distance from the object to the center of cluster Cs; Rc is the cluster radius. 

3.4. Fundamentals of Correlation and Regression Analysis 

Correlation and regression analysis is implemented in Program No. 3, “CorrelRegres25.” Correlation analysis of 

data consists in calculating the linear relationship between two characteristics of the educational process, which are 

mathematically described as parameters x and y, respectively [12]. For example, parameter x describes students’ grades 

in a certain subject in the 1st semester, while parameter y describes their grades in another subject in the 4th semester. 
From the values of parameters x and y, a training sample of N elements is formed using random sampling and 

written into one-dimensional arrays X = (xi) and Y = (yi), respectively, where i = 0,..., N-1. Similarly, a validation sample 

of NV elements is formed using random sampling and written into one-dimensional arrays XV and YV. The training 

sample is intended to establish the relationship between the parameters, while the validation sample is used to verify the 
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results of correlation and regression analysis. 

The relationship between parameters x and y is quantitatively characterized by the Pearson correlation coefficient 

Corr. Its use makes it possible to assess the degree of relationship between learning outcomes in different subjects and 

to identify pairs of parameters for which the strongest correlation is observed. The value of the Pearson correlation 

coefficient Corr is determined from the training sample data according to the formula: 
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where 

xi, yi are the values with index і for parameters x and y, respectively; 

N is the number of parameter values; 

XC, YC are the mean values of parameters x and y. 
The values of the correlation coefficient Corr belong to the interval from −1 to +1. Corr values close to +1 

characterize a strong positive correlation, in which an increase in one parameter is accompanied by an increase in the 

other. In contrast, values close to −1 indicate a strong negative correlation, when an increase in one parameter is 

accompanied by a decrease in the other. Corr values close to zero indicate the absence of a pronounced linear 

relationship between the investigated parameters. If more than two parameters of the investigated objects are analyzed 

(e.g., students’ grades in several subjects), the obtained correlation coefficient values Corr are used to make an 

informed selection of parameter pairs with high Corr values. 

The dependence of parameter y on x can be represented by the regression equation yA(x), which is approximated by 
a polynomial of degree p according to the formula: 
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The approximated values yA are stored in the arrays YAN. The coefficients of the polynomial model a0,…,ap are 

determined by the least squares method by minimizing the difference between the original values yi and the 

corresponding approximated values yА. The approximation accuracy is evaluated using the Root Mean Square Error 

(Rmse), calculated for the training sample data, and the error RmseV, determined for the validation sample. 
The constructed regression model can be used to diagnose students’ educational achievements using the “outlier 

detection” method. In this case, an outlier is considered to be a result in which a student’s actual grade in a certain 

academic discipline significantly deviates from the value predicted by the regression model. By default, the threshold 

value for identifying outliers is set to twice the standard deviation. Detection of such deviations makes it possible to 

identify students whose learning outcomes require additional analysis. 

4. Software Implementation of the Methods 

The computer programs “SegmentFuzzy24,” “ClusterFuzzy23,” and “CorrelRegres25,” which implement the main 

groups of EDM methods, have been developed. The programs are implemented in Python (Python version 3.11.5), 

which has relatively low minimum hardware and software requirements for a computer (Windows 8.1, a processor with 

a frequency of at least 1 GHz, 4–8 GB RAM). 

The “SegmentFuzzy24” program is designed for segmentation, analysis, and visualization of images used in the 

educational process. Image reading, visualization, and saving are performed using the methods of the “matplotlib” 

library. The initial color images fRGBB are read from graphic files. In order to reduce the influence of noise and 

extraneous objects on the segmentation result, the images fP are smoothed using a Gaussian filter implemented by the 
“gaussian_filter” method of the “ndimage” library. The standard deviation of the Gaussian filter kernel σG (e.g., σG = 8 

pixels) was selected such that, after smoothing, the object under study exhibited a uniform color and was identified as a 

single segment. In the software implementation, segmentation of the binarized images fB is performed using the “label” 

method from the “ndimage” library. By default, a 4-connected neighborhood is used for segmentation. 

The “ClusterFuzzy23” program is used for clustering educational data using fuzzy logic. Programmatically, 

clustering is performed using the “kmeans” method of the “sklearn” library. As a result of clustering, the following 

arrays are calculated: 
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• Nc – cluster numbers for the investigated objects; 

• Rc – cluster radii; 

• Cs – coordinates of cluster centers (calculated as the coordinates of their centers of gravity); 

• Cq – the number of points in the clusters. 

 

The clustering quality metrics, including the Silhouette coefficient, Calinski–Harabasz index and Davies–Bouldin 

index, are computed using the methods provided by the “sklearn” library. 
The “CorrelRegres25” program is designed for correlation and regression analysis of educational data. The 

calculation of the correlation coefficient Corr between the data stored in the arrays X and Y is performed using the 

corrcoef(X, Y) function of the “numpy” library. The calculation of the coefficients of a polynomial of degree p is 

performed using the polyfit(X,Y,p) function of the “numpy” library. 

5. Results and discussion 

5.1. Results of Image Segmentation and Visualization 

Using Program No. 1, “SegmentFuzzy24,” test images were segmented by the region growing method. The initial 
images can be read both from graphic files and from video cameras [34]. In the considered example, the segmentation 

task was to identify the investigated element (the power inductor) in a series of device images (Fig. 2a). The color 

reference was obtained as a fragment of the image of the power inductor in one of the device images. Therefore, regions 

that are most similar in color to the reference are highlighted as segments in the image. For further processing, only 

segments whose sizes are within the allowable range are used. If the image contains different elements with a similar 

color, then, if necessary, segment selection by their numbers is performed. During visualization, the obtained segments 

are bounded by frames with corresponding labels (Fig. 2b).  

 

  
(a)                                                                                                                                        (b) 

Fig. 2. Initial image of the XL4015 DC-DC 5A step-down voltage converter (a) and the result of selecting the investigated element (the power 

inductor) (b); total number of segments QsA; segment numbering starts from 0. 

The image contrast outside the frames of the investigated objects is also reduced, while the contrast of the selected 

regions is increased [35]. Contrast changes are controlled visually or on the basis of image profiles [36]. As a result, this 
makes it possible to focus students’ attention specifically on the required objects. 

The “SegmentFuzzy24” program makes it possible, if necessary, to describe the membership of an image segment 

in the investigated object using fuzzy membership functions. The use of fuzzy logic is appropriate if the image contains 

several regions similar to the investigated object. 

The determination of the characteristics of images of educational materials will be considered using the example of 

processing an image of a presentation slide (Fig. 3) with the developed program by segmenting all objects. After 

segmentation of such images, their main characteristics are determined: the number of symbols, their size, the area of 

figures, etc. For example, segments whose height and width are within certain ranges are identified as symbols (unlike 
figures). The obtained characteristics of images of educational materials can be analyzed directly in Program No. 1 (for 

example, for classifying images by the number of symbols) or transferred for processing by Programs No. 2 and No. 3.  
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(a)    

 

 
(b)    

Fig. 3. Initial image of a presentation slide (a) and the result of its segmentation (b); Qs1 is the number of segments; each segment has a color 

corresponding to its number in the color palette. 

5.2. Data Clustering Results 

Let us consider an example of data clustering using Program No. 2, “ClusterFuzzy23” by the K-means method. 

The initial educational data are read from a text file, in which each row contains the data of a certain student, and each 

column represents his or her grades in the corresponding subject (on a 100-point grading scale). Clustering is performed 

in the feature space x, y. In the considered case, students’ grades in the subject “Computer_Graphics” are used as 

parameter x, while their grades in the subject “Web_Technologies_and_Web_Design” are used as parameter y. The 

number of clusters is set by the user as the value of the variable k (Fig. 4). The value of the student number iv, whose 
data will be analyzed in detail, is also set. After clustering, the cluster boundaries are highlighted by ellipses (if 

necessary, the cluster boundaries can be highlighted by arcs for each quadrant separately, which is appropriate for 

clusters with an asymmetric shape). A quantitative assessment of clustering quality was performed using the following 

metrics: the sum of squared distances between objects and the centers of their respective clusters (J), the Silhouette 

coefficient, the Calinski–Harabasz index and the Davies–Bouldin index (Table 1). For each metric, the mean value and 

standard deviation (SD) were calculated based on the clustering results. To obtain reliable metric estimates, the 

clustering procedure was repeated QI = 30 times. 
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Table 1. Clustering Metrics. 

# Metrics 
k=3 k=4 k=5 

Mean SD Mean SD Mean SD 

1 J 8868.64 1.13 6779.28 14.53 5180.73 27.20 

2 Silhouette 0.4443 0.0008 0.4404 0.0017 0.4063 0.0125 

3 Calinski–Harabasz 128.92 0.02 118.30 0.30 119.97 0.71 

4 Davies-Bouldin 0.8712 0.0031 0.8001 0.0103 0.8499 0.0064 

 

The decrease in the J metric with an increasing number of clusters k is expected, as the objects become closer to 
the centers of their respective clusters. For k = 3 the SD of the J metric is negligible (0.013% relative to the mean value), 

whereas for k = 4 it increases by an order of magnitude. The SD values are also negligible for all the metrics considered 

relative to their corresponding mean values, indicating high stability of the clustering results across different clustering 

runs. The Silhouette coefficient ranges from −1 to 1, with higher values indicating better separation of the data. The 

obtained Silhouette coefficient values indicate a distinct separation of the data into clusters, although some overlap 

between the clusters cannot be excluded. The Calinski–Harabasz index is defined as the ratio of between-cluster 

dispersion to within-cluster dispersion; therefore, a higher index value indicates better clustering quality. For the 

Davies–Bouldin index, lower values indicate better separation of the data into clusters. Thus, according to the Silhouette 
coefficient and Calinski–Harabasz index, the best clustering result is obtained for k = 3, whereas according to the 

Davies–Bouldin index the best clustering result is obtained for k = 4. Therefore, clustering with k = 3 or k = 4 clusters is 

considered appropriate. 

 

   
(a)                                                                                                                                           (b) 

Fig. 4. Clustering of data in the space of the parameters (grades) “Computer_Graphics” (x-axis) and “Web_Technologies_and_Web_Design” (y-axis) 

with the number of clusters k = 3 (a) and k = 4 (b); the student with number iv is marked with a marker (yellow circle). 

Fuzzy clustering of the data of the student with number iv is performed as follows. For each cluster with number nk, 

a fuzzy triangular membership function μd(d) is calculated, which indicates the degree of membership of objects in this 

cluster depending on their distance d from the cluster center with radius Rc (Fig. 5a). The distance of the student with 

number iv from the cluster center is equal to d0. Accordingly, the student belongs to a certain cluster with the 

membership degree μd(d0). In the considered case (Fig. 4b, Fig. 5), the student with number iv = 6 belongs more strongly 

to cluster No. 1 and partially belongs to cluster No. 4. 
Students belonging to each cluster have certain common characteristics. For example, cluster No. 1 (Fig. 4b) 

includes students with high grades in “Web_Technologies_and_Web_Design” and average grades in 

“Computer_Graphics”. The clustering results can be applied in the educational process, in particular, to determine the 

level of task difficulty for different students and to divide students into teams during the implementation of STEM 

projects. The obtained clusters can also be transferred for further processing in Program No. 3. 
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(a)                                                                                                                                         (b) 

Fig. 5. Fuzzy membership functions for the clustering results (Fig. 4b): a) fuzzy triangular membership function μd(d) for cluster No. nk = 1 with a 

radius Rc = 12.056; b) values of the fuzzy membership μd(d0) of the student with number iv = 6 in clusters with numbers nk 

5.3. Results of Correlation and Regression Analysis 

Let us consider an example of correlation and regression analysis of data using Program No. 3, “CorrelRegres25.” 

The same educational data as in Program No. 2 were analyzed, namely, students’ grades in 12 subjects. Subjects No. 1-

6 were taught during Semesters No. 1-2 (first year of study), while Subjects No. 7-12 were taught during Semesters No. 

3-4 (second year of study). In the considered example, the data of all N0 = 76 students were analyzed; however, if 

necessary, it is possible to analyze only the data of students belonging to a certain cluster (Fig. 4). 

In order to verify the results of the regression analysis, the investigated objects were randomly divided into a 
training set (number of values N = 60, 80% of the data) and a validation set (number of values NV = 16, 20% of the data). 

By comparing the grades in subjects taught during Semesters No. 1-2 and Semesters No. 3-4, their correlation 

coefficients Corr were determined (Fig. 6). A high Corr value means that high grades in one subject correspond to high 

grades in another subject, and vice versa. Thus, correlation analysis makes it possible to establish relationships between 

subjects. The obtained relationships were used for the justified selection of pairs of subjects for which regression 

analysis of grades is appropriate, namely, pairs of subjects with high Corr values. Therefore, the pair of subjects 

“Computer_Graphics” (Semester No. 1) and “Web_Technologies_and_Web_Design” (Semester No. 3) was selected for 

further regression analysis, since for the subject “Computer_Graphics” the maximum value of the correlation coefficient 
Corr is obtained with the subject “Web_Technologies_and_Web_Design”. Accordingly, the grades in the subject 

“Computer_Graphics” for the previous period were processed as parameter (x), while the grades in the subject 

“Web_Technologies_and_Web_Design” for the subsequent period were processed as parameter (y). 

The regression dependencies were described by polynomials of degree p (Fig. 7). The optimal polynomial degree 

pA is determined as the value of p that provides the minimum approximation error RmseV on the validation sample 

(Fig. 7b). If necessary, additional specified constraints may be taken into account when selecting the optimal degree, in 

particular, the requirement for monotonicity of the polynomial function within the investigated range. To determine pA, 

different values of the polynomial degree (p) within the specified range (for example, from 1 to 6) are considered 
sequentially, after which the value pA corresponding to the minimum RmseV is selected. 

In the case under consideration, the 95% confidence interval for the regression error RmseV = 12.48886 at a 

polynomial degree p = 1 is [7.43, 17.55], whereas that for the minimum regression error RmseV = 12.37458 at a 

polynomial degree p = 3 is [6.87, 17.88]. Thus, the reduction in the regression error RmseV when increasing the 

polynomial degree from p = 1 to p = 3 is insignificant, confirming that the relationships represented by the constructed 

regression equations are close to linear. The relatively high regression errors RmseV are attributable not only to grades 

obtained in previous periods, but also to a number of additional factors affecting students’ grades. 
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Fig. 6. Values of the correlation coefficients Corr between grades in subjects for the previous period (Semesters No. 1-2) and the next period 

(Semesters No. 3-4)  

 
(a)                                                                                                                                         (b) 

Fig. 7. Regression analysis of grades in subjects using a polynomial of degree: a) p = 1 (RmseV = 12.48886); b) p = 3 (RmseV = 12.37458); pA = 3 

Using the regression equation, the grade in the subject “Web_Technologies_and_Web_Design” for the subsequent 

period yd was predicted based on the grade in the subject “Computer_Graphics” for the previous period xd (Fig. 7b). 

Such prediction can be applied in the educational process, for example, to predict the academic performance of second-

year students based on their grades during the first year of study. The predicted academic performance can also be used 
to recommend certain elective subjects (with the highest predicted academic performance). 

If necessary, correlation and regression analyses are performed not for the entire dataset, but differentially for 

specific clusters identified using Program No. 2. For example, regression analysis of clusters No. 2 and No. 3 (Fig. 4a) 

makes it possible to obtain more accurate predictions of students’ grades in subjects for the subsequent period yd, based 

on their grades for the previous period xd, specifically for students belonging to the respective clusters (Fig. 8). 

Correlation analysis of individual clusters also makes it possible to identify hidden and non-obvious relationships. In 

particular, for the entire dataset (Fig. 7a) a high positive correlation coefficient is observed (Corr = 0.72868); for cluster 

No. 2, the correlation coefficient is negative (Corr = -0.34960, Fig. 8a), whereas for cluster No. 3 it is close to zero 
(Corr = 0.07068, Fig. 8b). 
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(a)                                                                                                                                         (b) 

Fig. 8. Regression analysis of grades in subjects belonging to the clusters (Fig. 4a): a) No. 2 (Corr = -0.34960); b) No. 3 (Corr = 0.07068) 

6. Conclusion and Future Research Directions 

A set of specialized software tools for educational data mining has been developed, and the developed tools have 

been integrated into the educational process of technical students. The set consists of three programs that provide the 

implementation of the main data mining tasks. Program No. 1 is designed for image segmentation, analysis, and 
visualization. Program No. 2 implements clustering of educational data. Program No. 3 performs regression and 

correlation analyses, which are used to predict educational outcomes and identify relationships between the parameters 

of the educational process. The developed programs are intended for systematic analysis of education quality. Such 

analysis provides automated processing of available educational data and the formation of recommendations based on 

them aimed at improving the quality of the educational process. 

The methodology of the study is described, according to which a scheme for integrating specialized software tools 

into the educational process was developed. The scheme shows the relationships between the developed Programs 

No. 1–No. 3, which process educational materials, analyze the results of the educational process, influence students’ 
educational trajectories and the educational process. The programs are implemented in Python. 

Program No. 1, “SegmentFuzzy24,” provides segmentation, analysis, and visualization of images of educational 

materials. This makes it possible to highlight the investigated parts in images of technical devices in order to focus 

students’ attention, as well as to determine the characteristics of multimedia presentation slides, including the number 

and size of symbols, the area of figures, etc. Image segmentation is performed using the classical region growing 

method. The obtained parameters are used for the classification of materials or are transferred to Programs No. 2 and 

No. 3 for cluster, correlation, and regression analysis. 

Program No. 2, “ClusterFuzzy23,” is designed for clustering educational data, including students’ learning 
outcomes and the characteristics of educational materials obtained from Program No. 1. Clustering is performed using 

the K-means method and provides the division of objects into groups with similar parameters, which makes it possible 

to perform their differentiated processing and adjust educational trajectories. The formed clusters can be transferred to 

Program No. 3 for further analysis. The degree of membership of objects in overlapping clusters is described using 

fuzzy membership functions.  

Program No. 3, “CorrelRegres25,” implements correlation and regression analysis of educational data directly or 

after their clustering in Program No. 2. Correlation analysis identifies relationships between the characteristics of the 

educational process, while regression analysis determines dependencies in the form of polynomials and provides 
prediction of learning outcomes. The obtained dependencies are used to adjust educational trajectories, while objects 

that significantly deviate from the regression models are identified as outliers. 

Testing of the developed programs showed their correct functioning in image segmentation and visualization, 

clustering of educational data, and their correlation and regression analysis. 

The developed specialized software tools can be improved through the use of artificial intelligence tools and 

technologies. In particular, for accurate segmentation of complex images with significant variability in pixel brightness 

and color, the application of convolutional neural network models with the YOLO architecture is promising. For the 

recognition of symbol images, the Tesseract Optical Character Recognition (OCR) system can be used, which employs 
Long Short-Term Memory (LSTM) neural networks [37]. 
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