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This paper presents an integrated methodological framework that combines 
machine learning (ML) algorithms with multi-criteria decision-making (MCDM) 
methods to predict student grades based on multiple input criteria. Unlike 
traditional approaches that focus on assigning grades based on static thresholds, 
the proposed system allows for numerical prediction of overall achievement 
before formal evaluation, thereby providing prediction of educational outcomes 
and supporting necessary decision-making. The research used regression models, 
including Random Forest and Linear Regression, to model the relationships 
between input attributes and target variables. The obtained criterion weights 
from the models were used in the Simple Additive Weighting (SAW) method, 
which allowed for information aggregation and generation of proportional 
results. These results were then transformed into classification classes while 
preserving ranking and proportionality. Special emphasis is placed on technical 
reproducibility, interpretability and stability of the classification throughout all 
processing stages. Pearson correlation between predicted and scaled values, as 
well as between their ranks, confirms that the transformation preserved the data 
structure with high accuracy. This shows that MCDM methods can serve not only 
for evaluation and ranking, but also as a valid tool for numerical prediction in 
educational systems. The proposed framework enables the development of 
scalable, transparent and automated systems for predicting student grades, with 
the potential for wider application in educational analytics, instructional planning 
and identification of educational needs.  
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1. Introduction 
 

The development of modern education systems has stimulated the need for automated and 
transparent evaluation methods that enable reliable assessment and prediction of student results 
based on clearly defined criteria. Unlike traditional methods that rely on manual grading and fixed 
thresholds, data-driven predictive models allow quantitative assessment of student performance 
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before grades are formally assigned. The proposed approach is designed to complement, rather than 
replace, teachers’ assessment practices, by providing analytical insight into learning outcomes [1]. 

Traditional methods of multi-criteria decision-making (MCDM) enable a transparent and 
structured evaluation of alternatives [2] based on predefined criteria [3]. However, their classical 
application often relies on subjectively determined weights of criteria [4], which can limit the 
objectivity and adaptability of the obtained results [5]. The modern development of machine learning 
(ML) methods enables empirical determination of the importance of individual criteria, thus 
providing a data-based basis for assigning weights in the MCDM approach [6], in addition to other 
purposes of these methods [7-9]. By using empirically derived weights from ML models into the 
MCDM framework, the difference between descriptive evaluation and predictive modeling is 
overcome, thus forming a robust and interpretable method applicable in educational, social and 
technical systems. In addition to the above, it is important to mention here the way in which these 
two approaches consider uncertainty and inaccuracy in the input data. While such uncertainty in 
MCDM is typically addressed by modeling ambiguity and imprecise human judgments using linguistic 
variables and membership functions [10-12], extensions based on some theories that handle 
uncertainty and imprecision well [13-14], machine learning approaches manage uncertainty using 
probabilistic models, ensemble techniques, and confidence estimation to quantify the reliability of 
predictions and handle data variability [15]. 

In this research, an integrated methodological framework was developed that combines ML 
algorithms with MCDM method, with the aim of generating numerical predictions of students' total 
success (total score), and consequently grade, based on several input attributes. Regression models, 
such as Random Forest and multidimensional Linear Regression, are used to model the relationship 
between the input criteria and the target variable, while Simple Additive Weighting (SAW) method is 
applied for weight aggregation and proportional mapping of results. This allows the model to predict 
numerical values and map them transparently into grade categories. 

In contrast to classical evaluation approaches, this framework does not just provide ratings, but 
predicts their quantitative equivalents based on empirical patterns in the data. Such a prediction can 
serve as support for teachers, analysts and educational institutions in making necessary decisions, 
identifying educational needs and risks and improving the quality of teaching. Special emphasis is 
placed on technical reproducibility, transparency of transformation and preservation of classification 
stability through all stages of processing. 
 
2. Methodology 
 

The algorithm of the conducted research, which consists of four phases with multiple steps, is 
presented in Figure 1. For the purposes of this research, ML and MCDM approaches were used, which 
aim to predict the total score and grades of students. In the first stage, a data set with a sufficient 
number of alternatives, criteria and ratings is defined, after which the Random Forest algorithm is 
applied to determine the empirical weights of the criteria. In the second phase, the data is divided 
into training and test set in a ratio of 70:30, and then a multidimensional Linear Regression model is 
applied to predict the total score value on the test set. The third phase includes the application of 
the SAW method to 10 alternatives from the test set, whereby previously defined criteria weights 
are integrated into the aggregation function, and the obtained scores are proportionally scaled and 
transformed into grades. In the final, fourth stage, the model is validated by comparing the scaled 
values of the SAW method with regression predictions, as well as by analyzing the differences 
between the scores obtained by the SAW method and those predicted by the regression model, 
which checks the classification stability and methodological consistency of the proposed framework. 
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Fig. 1. Research algorithm 

 
2.1 Random Forest 

Random Forest is an ensemble machine learning method that combines multiple decision trees 
to improve prediction accuracy and reduce overfitting, instead of relying on a single tree [16-18]. This 
method builds multiple trees on different subsets of the data and uses averaging (for regression) or 
voting (for classification) to get the final result. Each tree is trained on a random sample of data and 
uses a random selection of branching criteria, which increases the diversity of the model [16]. The 
model automatically calculates the importance of criteria (Feature Importances), which makes it 
possible to see the influence of factors on the final decision. It is suitable for large datasets and noisy 
situations. In the context of MCDM, Random Forest provides empirically validated criterion weights 
that can be directly used in the MCDM methods. The algorithm for obtaining criteria weights from 
the data set is given in Figure 2. 
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Fig. 2. Algorithm for determining the criteria weights  

 
2.2 Linear Regresion  

Linear Regression is a basic method in machine learning that is used to predict numerical values 
based on known input criteria. The model tries to find the best possible linear relationship between 
the input and the goal by learning the coefficients that determine the impact of each criterion on the 
result [19, 20]. Its simplicity enables quick interpretation and analysis, so it is often used as a 
reference model in research. In the context of this study, Linear Regression was used to predict scores 
and grades, to compare the results obtained using the MCDM method, which were previously scaled 
using a linear transformation, with the output results of this method.  
 
2.3 SAW method 

The SAW method [21, 22] is among the simplest and most frequently applied approaches for 
solving MCDM problems [23, 24]. The essence of this method is that each considered alternative is 
evaluated collectively, based on the weighted sum of the value it achieves according to various 
criteria [25, 26]. Before calculation, criteria values are normalized, especially when they are 
expressed in different units. After that, each normalized value is multiplied by the corresponding 
weight that shows the importance of the given criterion in the overall assessment. The result is 
obtained by adding up the weighted values, and the alternative with the highest overall score is 
considered the most favorable. This method is simple to apply and clear in interpretation. The 
application of this method in combination with ML tools has been presented in various publications 
[27-29]. The steps of the SAW method are presented in Figure 3 [21, 22]. 
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Fig. 3. The algorithm of the SAW method 

 

After obtaining the final values of method, mapping of SAW values iS  is done as follows (Eq. 1-

5): 

SAW iy aS b= +                              (1) 

1

1 m

i
i

x S
m =

=                (2) 

 

1

1 m

i
i

y y
m =

=                (3) 

1

2

1

( )( )

( )

m

i i
i

m

i
i

S x y y

a

S x

=

=

− −

=

−




             (4) 

b y ax= −               (5) 

 
where is a - the slope coefficient that determines how much the SAW score is scaled to fit the target 
metric, and b is the free term (intercept) that determines the initial value of the transformation, i.e. 
where the line intersects the y-axis. The values x and y  represent the average values of the score 

function of the SAW method and the values of the prediction score, respectively.  
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3. Results 

 
Applying the research algorithm (Figure 1), in Phase 1, we first define a data set with more criteria 

and a larger number of alternatives, where the output data is given, in this case the total score and 
the student's grade. 

 
3.1 Defining criteria weights 

This phase consists of two steps. In Step 1.1., for the purposes of this research, the Student 
Performance Dataset was used [30] from Kaggle, the global data science and machine learning 
platform known for bringing together researchers, engineers and enthusiasts from around the world 
to share code, compete to solve problems and learn from each other. This dataset presents 1000000 
rows of realistic student performance data, where the input data is integrated into three criteria: 1) 
Average weekly self study hours (0–40), 2) Attendance percentage (50–100), 3) Class participation 
(0–10, indicating how actively the student participates in class), while the output data represents 
Final performance score (0–100) and Grade (A, B, C, D, F) derived from total_score , according to the 
following rule A: ≥ 85, B: ≥ 70, C: ≥ 55, D: ≥ 40, F: < 40  [24]. 

In Step 1.2, the Random Forest regression method is used to predict the numerical target value 
based on the input criteria. The target variable (total_score) is separated from the input attributes, 
thus forming the X (inputs) and Y (target) matrices for training the model. Then the data is split into 
training and test set, in a ratio of 70:30, in order to train the model on most of the data and then test 
it on the test set. A Random Forest Regressor is trained on the training set, which uses an ensemble 
of decision trees to model nonlinear relationships between criteria and target values. After training, 
the model is used to make predictions on the test set, and evaluation is done using metrics such as 
MSE (mean squared error) and R² (coefficient of determination), which show how well the model 
explains the variance in the data. Feature importances are then extracted from the trained Random 
Forest model, i.e. the relative contribution of each criterion in the prediction process. Those values 
are normalized so that their sum is 1, thus obtaining the proportional weights of the criteria that can 
be used in MCDM methods. In the Random Forest regression model, two key parameters were used: 
the number of trees (100) and a fixed value for randomness (42). The first parameter determines that 
the model consists of 100 decision trees, which achieves greater stability and accuracy of predictions 
through the aggregation of several independent decisions. The second parameter serves to control 
randomness in the training process, allowing model results to be reproduced identically at each run, 
which is important for consistency in research and evaluation. By applying the mentioned 
methodology, the following values are reached (Table 1): 

 
Table 1 
Random Forest Results 

Indicators Values 

MSE 81.93 
R² 0.66 
Average weekly self study hours 0.7628 

Attendance percentage 0.1374 

Class participation 0.0998 
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The Random Forest regression model shows a solid performance with an MSE value of 81.93, 
which means that it is wrong on average by about 9 points per example, while an R² of 0.66 indicates 
that it explains 66% of the variation in the target values, which is acceptable for educational data. 
The analysis of criteria weights reveals that average weekly hours of independent study are the most 
influential factor with 76.28% contribution, while class attendance (13.74%) and class participation 
(9.98%) are of secondary importance. This distribution shows that independent learning has a crucial 
role in success, while other factors contribute additionally, but with a significantly lower intensity. 
The weights can be directly used in the SAW method for proportional decision making, thus providing 
an empirically validated evaluation. In the next phase of the model, using Linear Regression, scores 
and grades are predicted for the test data. 

 
3.2 Grade prediction 

In this procedure, the method of multidimensional Linear Regression is used to predict the 
numerical target value (total score) based on the input criteria. The target variable (total_score) is 
separated from the input attributes, thus forming the X (inputs) and Y (target) matrices for training 
the model. Then the data is divided into training and test set, in a ratio of 70:30. The test data includes 
30% of the input data used in the Random forest method. After training, the model is used for 
prediction on the test set. The obtained values are compared to the actual scores, and the evaluation 
is done using metrics such as MSE and R². Score values for 30,000 alternatives were obtained by the 
aforementioned prediction, and the first 10, which will be used in the MCDM method, are shown in 
Table 2. By applying this methodology, the values of MSE=80.83 and R²=0.66 are obtained. E 
valuation of the model shows that an MSE of 80.83 has been achieved, which means that the model 
is wrong on average by about 8.99 points per alternative. This value indicates moderate precision, 
acceptable in the context of educational and social data with multiple influences. At the same time, 
the R² value shows that the model manages to explain 66% of the total variation in the target values, 
which is an indicator of stable linearity between the input criteria and the results. 

 
Table 2 
Values of the predicted total score and grade of 10 alternatives 

Alternative Average 
weekly self 
study hours 

Attendance 
percentage 

Class 
participation 

Predicted 
total score 

Rank Grade 

A1 1.3 80.1 2.1 59.3372 10 C 
A2 6.7 100 5 69.1492 8 C 

A3 1.9 78 5.7 60.4211 9 C 

A4 10.5 94.1 2.8 76.0548 6 B 

A5 7.4 78.9 5.7 70.4138 7 B 

A6 12.9 87.1 3.6 80.4119 4 B 

A7 11.2 82.6 3.2 77.3227 5 B 

A8 17.4 74.7 5.5 88.581 3 A 

A9 23.4 68.4 5.7 99.4798 2 A 

A10 40 57 7.5 129.633 1 A 
 
In the next phase, the SAW method is applied and the obtained values of the total score of the 

function are scaled and student grades were obtained.  
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3.3 Application of the SAW method 

In the first step of this phase, by applying the steps of the SAW method (Figure 3) on the initial 
matrix presented in Table 2 (without the part related to the prediction of grades) with the weight 
coefficients of the criteria presented in Table 1, the following values of the total score of the SAW 
function and the rank of the alternatives are obtained (Table 3): 

 
Table 3 
SAW method values 

Alternative Total score Rank 
A1 0.1628 10 
A2 0.3317 7 

A3 0.2193 9 

A4 0.3668 6 

A5 0.3254 8 

A6 0.4136 4 

A7 0.3697 5 

A8 0.5076 3 

A9 0.6161 2 

A10 0.9409 1 

 
In the next steps, the obtained score is scaled, so that the results obtained after the prediction 

can be compared with this, and in order to assign grades to the alternatives (students).  In this 
procedure, a linear transformation of the SAW score is performed using Eqs. 1-5. Applying Eq. 2, the 
value is obtained 0.401120x = , Eq.3 78.758997y = , Eq. 4 93.80907159303806a= and Eq.5 

41.17615725807386b= . Finally, using Eq. 1, the following scaled value of the total score of the SAW 
method according to the alternatives is obtained (Table 4): 

 
Table 4 
Scaled values of the total score SAW 
method, rank and grades 

Alternative Scaled total 
score 

Rank Grade 

A1 56.44756 10 C 
A2 72.29285 7 B 

A3 61.74408 9 C 

A4 75.58411 6 B 

A5 71.69925 8 B 

A6 79.97394 4 B 

A7 75.85341 5 B 

A8 88.79763 3 A 

A9 98.96889 2 A 

A10 129.4428 1 A 
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In the next phase, the validation of the obtained results is carried out through the comparison of 

the obtained results of the total scaled score of the SAW method and Linear Regression, as well as 
the comparison of the scores obtained using the SAW method and prediction.  
 
3.4 Validation of the model 

To validate the proposed approach, the results from Tables 2 and 3 will be compared. 
Comparative analysis of predicted and scaled total score SAW method values shows high consistency. 
In most cases, scores remain stable, and the differences between predicted and scaled values are 
minimal, generally below ±3 points. The only exception is alternative A2, where there is a change in 
grade from C to B, indicating an oscillation around the cut-off value between grades. This stability 
confirms that the scaling preserved the ranking and proportionality of the predictions, thus allowing 
reliable mapping into ratings and integration into MCDM methods such as SAW. The results show 
that the transformation is numerically precise and classification consistent.  

By calculating the Pearson correlation coefficient [31] between the predicted and scaled values 
of the total score SAW method, a result is obtained that indicates an extremely strong positive linear 
relationship (0.9994), while the value of this coefficient for ranks is 0.9945. The values are almost 
perfectly matched, which confirms that the scaling did not distort the data structure, but preserved 
the proportionality and ranking among the alternatives. This high correlation means that the scaled 
values can be reliably used as a substitute for the original predictions in evaluation and classification 
procedures, without loss of information precision. 
 
4. Conclusions 
 

In this research, a multi-level analysis of predictive modeling, scaling and evaluation of 
educational data was carried out, with the aim of providing a proportional, reproducible and 
technically consistent classification of grades. Two prediction paradigms were tested, Random Forest 
regression and multidimensional Linear Regression, representing methodologically distinct 
approaches, with the application of clearly defined parameters and evaluation metrics. Beyond 
measuring accuracy, the approach also allows for a qualitative analysis of the contribution of 
individual criteria in the formation of the overall assessment. Although MCDM methods have 
traditionally been used for ranking and evaluating alternatives based on multiple criteria, the results 
of this research confirm that they can also be successfully applied for numerical prediction. 

The results of the Random Forest model (MSE=81.93, R²=0.66) and the Linear Regression 
(MSE=80.83, R²=0.66) indicate a stable ability of both models to explain the variation of the target 
variable, with a moderate prediction error. The analysis of the importance of input attributes showed 
that the average weekly hours of independent study are the most dominant factor (76.28%), while 
attendance at classes (13.74%) and class participation (9.98%) have secondary importance. This 
distribution of weights allows direct integration into MCDM decision methods, thus providing a 
transparent and empirically validated evaluation. 

After scaling the predictions into proportional values of the total score of the SAW method, 
classification stability was preserved, whereby the scores remained consistent in almost all cases. 
The Pearson correlation between predicted and scaled values was 0.9994, while the correlation 
between ranks was 0.9945, confirming that the transformation preserved order and proportionality 
with almost perfect precision. This stability is crucial for reliable classification and evaluation in 
automated decision systems, especially in educational and research contexts. 
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By using empirically based weights from models such as Random Forest, MCDM approaches allow 
the generation of aggregate scores that are then proportionally scaled to predictive values. Such a 
transformation allows MCDM logic to be used not only for decision making, but also for quantitative 
assessment of the target variable, while preserving the interpretability of the model. This extends 
the MCDM methodology beyond its classical domain, offering a transparent and reproducible 
alternative for predictive modeling in the context of educational, social and technical systems. 

However, several limitations should be noted. The models are trained on structured data with a 
limited number of criteria, which may affect generalization in more complex environments. The 
model was tested on only ten alternatives. Also, the classification boundaries between grades are 
not adaptive, but fixed, which can lead to oscillations in borderline cases. In future work, it would be 
useful to explore dynamic classification thresholds, integrating additional semantic and contextual 
factors, and applying advanced models such as Gradient Boosting and Explainable AI approaches to 
increase interpretability and accuracy. 
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