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Abstract 

 
This study aims to predict students’ mathematics scores based on their reading scores using a supervised learning 

approach. The dataset used is from Students' Performance in Exams (Kaggle), consisting of 1,000 student records, and 

was analyzed using Microsoft Excel and Google Colaboratory. The data was divided into training and test data with a 

ratio of 80:20. The research stages included descriptive statistical analysis, data visualization, Pearson correlation 

testing, linear regression model development, and model performance evaluation using Mean Absolute Error (MAE), 

Root Mean Squared Error (RMSE), and coefficient of determination (R²).  Prior to modeling, regression assumptions 

including linearity, normality of residuals, and homoscedasticity were examined to ensure model validity. The results 

showed a strong positive relationship between reading and math scores with a correlation coefficient of 0.818. The linear 

regression model produced an MAE of 7.281, an RMSE of 8.818, and an R² of 0.680. Decision Tree Regressor was 

selected as a comparison model because it represents a non-linear and non-parametric supervised learning approach 

commonly used in educational data mining. This study contributes to educational data mining literature by 

demonstrating that interpretable regression models explain significant mathematics achievement variance, rivaling the 

performance of non-linear alternatives. 
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1. INTRODUCTION 

Literacy skills, especially reading skills, play a fundamental role in students' academic success in 

various subjects. Reading is not merely the ability to decode text, but also involves comprehension, 

interpretation, reasoning, and the application of information in the context of problem solving. In 

mathematics education, reading literacy is particularly important when students are required to understand 

word problems, interpret instructions, and translate verbal information into mathematical representations. A 

number of studies have confirmed a significant relationship between reading comprehension and students' 

mathematical problem-solving abilities [1], [2], [3], [4]. However, many of these studies focus more on 

correlation analysis or class-based experimental designs rather than predictive modeling approaches. As a 

result, although the relationship between reading literacy and math performance has been recognized, its 

measurable predictive contribution has not been widely explored in the framework of supervised learning.  

Mathematics is often perceived as a discipline dominated by logical and numerical reasoning skills. 

However, understanding mathematical problems, especially word problems, requires strong reading 

comprehension skills. Research shows that students with better reading literacy tend to perform better in 

solving mathematical word problems and understanding abstract mathematical concepts [1], [2]. Meta-

analysis findings also confirm a consistent correlation between reading comprehension and mathematical 

problem-solving skills among students in Indonesia [4]. 

However, previous studies generally combine multiple cognitive, demographic, and 

socioeconomic variables, thereby obscuring the independent influence of reading ability on 

mathematical achievement. For example, several academic prediction studies combine learning habits, 

attendance, lifestyle, or e-learning activity data to improve model performance [5], [6], making it 

difficult to quantify the direct statistical contribution of reading ability alone. 

Advances in information technology have enabled the use of educational data to analyze and predict 

student academic achievement using machine learning. Recent studies have applied regression-based and 

supervised learning models to predict academic performance using academic, behavioral, and demographic 
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variables [7], [8], [9], [10]. For example, Zhang and Cutumisu [8] applied machine learning techniques to 

predict mathematical literacy, while Patil et al [7] evaluated regression-based machine learning models for 

predicting student performance. Bhutto et al. [9] demonstrated the effectiveness of supervised learning 

algorithms in modeling academic achievement.  

In addition, Kassy [11],  Rismaya et al. [6] and Athallah et al. [12] show that linear regression is 

still widely used in academic performance prediction due to its computational simplicity and 

interpretability, especially when transparency is prioritized over algorithm complexity.  

Although these studies report promising prediction accuracy, many of them use numerous 

predictors and relatively complex algorithms, including tree-based models such as Decision Tree [5]. 

While this approach can improve prediction performance, it often reduces model interpretability and 

limits transparency in explaining how each predictor affects the outcome variable. Guevara-Reyes et al 

[10] emphasize that interpretability is crucial in the context of educational decision-making, as 

stakeholders require clear and easily understandable explanations, not just high accuracy metrics.  

However, in many predictive studies, the explanatory role of individual academic competencies such 

as reading ability has not been explicitly quantified. Furthermore, comparative studies between linear 

regression and tree-based methods often focus on performance metrics without discussing the practical 

implications of model transparency in the educational context [5], [7].  

Therefore, a focused, interpretive, and statistically measurable modeling approach is needed to clearly 

identify the proportion of variance in mathematics achievement explained by reading ability. Unlike previous 

studies that emphasized model complexity and multi-variable optimization, this study adopted a linear 

regression framework with a single predictor to isolate and quantify the statistical relationship between 

Reading Scores and Math Scores. 

By emphasizing transparency and interpretability, this study aims to show that simple supervised 

learning models can still provide meaningful predictive performance while providing clear insights for 

educators and policymakers. The objectives of this study are: (1) to analyze the characteristics and statistical 

relationship between Reading Scores and Math Scores, and (2) to evaluate the effectiveness of linear 

regression in predicting Math Scores based on Reading Scores. The results of this study are expected to 

contribute to the application of interpretive machine learning in educational data analysis and support 

literacy-based strategies to improve student achievement in mathematics. 

 

2. RESEARCH METHODOLOGY 

This research methodology was systematically developed to predict students' Math Scores based on 

their Reading Scores using a supervised learning approach with linear regression. The research flow refers to 

the stages of data analysis and predictive modeling, as shown in Figure 1 for Research Methodology.  

 

 

Figure 1. Research Methodology 

 

2.1. Problem Identification 

The use of educational data to analyze and predict student academic achievement has been widely 

practiced with the development of technology and machine learning approaches. However, in practice, 

student grade data is often only used as academic reports without further analysis to explore patterns of 

relationships between learning variables. The Students' Performance in Exams dataset contains various 

student assessment variables, including Reading and Math scores, that could provide insight into the 

relationship between reading literacy skills and math achievement. 
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Although several studies have discussed the prediction of academic achievement using various 

supervised learning algorithms, studies that specifically model the relationship between Reading and Math 

scores using a simple, interpretive, and easy-to-understand approach are still relatively limited. The available 

data has not been optimally utilized to explain the extent to which reading ability contributes to students' 

Math scores quantitatively. Therefore, an analysis method is needed that can model the linear relationship 

between variables clearly and precisely. In this study, a linear regression model was used to predict Math 

scores from students' Reading scores.  

 

2.2. Literature Review 

A literature review was conducted as a theoretical basis to support this study. The literature reviewed 

focused on the concepts of reading literacy, supervised learning, linear regression, and the application of 

machine learning in education. Several previous studies have shown that reading ability has a significant 

relationship with students' ability to understand story problems and mathematical concepts, thereby 

impacting mathematics learning outcomes [1], [4], [13], [14]. 

In addition, linear regression is widely used in academic achievement prediction studies because it has 

low computational complexity, is transparent, and is easy to interpret. This approach allows researchers and 

education practitioners to understand the direct contribution of input variables to output variables. Referring 

to this literature review, this study uses linear regression as the main method for modeling the relationship 

between students' reading and math scores [11], [12]. 

 

2.3. Data Collection 

The data collection stage is the first step in research that focuses on data analysis and modeling. The 

dataset used in this study was obtained from the Kaggle platform with the title Students Performance in 

Exams. A total of 1,000 student data were collected and are quantitative in nature. Each data point contains 

information on students' academic scores, including Reading and Math scores, which serve as the main 

variables in this study. These scores range from 0 to 100 and represent student academic achievement in each 

subject. This dataset is then used as the basis for descriptive analysis, regression modeling, and model 

performance evaluation [15]. 

 

2.4. Data Selection 

The data selection stage is carried out to ensure that only data relevant to the research objectives is 

used in the analysis process. From all the attributes available in the Students Performance in Exams dataset, 

this study only utilizes two main variables, namely Reading Score as the input variable (X) and Math Score 

as the output variable (Y). This selection process produces a more focused and appropriate data subset for 

regression-based supervised learning analysis. 

 

2.5. Data Preprocessing 

Data Preprocessing was conducted to ensure data quality, consistency, and suitability before the 

modeling stage, as data quality significantly influences machine learning performance [16], [17], [18]. The 

preprocessing procedure was carried out systematically using Microsoft Excel and the Python environment in 

Google Colaboratory. The preprocessing steps included: 

1. Duplicate Removal 

The dataset was inspected to identify potential duplicate records. Duplicate checking was performed 

to maintain data integrity before analysis. 

 

2. Missing Value Handling  

All selected variables were examined to detect incomplete or null values. If missing values were 

identified, appropriate handling techniques such as imputation or record removal would be applied 

[19]. 

 

3. Data Type and Range Validation 

The numerical data types of the selected variables were verified to ensure compatibility with 

regression modeling. Range validation was also performed to confirm that all values were within the 

expected score interval. 

 

4. Outlier Detection 

Outlier screening was conducted using descriptive statistical analysis and visualization techniques 

such as boxplots. In addition, standardized score (z-score) analysis was used to identify potential 

extreme observations that could distort regression results [19]. 
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2.6. Data Transformation 

Data transformation was performed to adjust the data format so that it could be processed properly at 

the modeling stage. In this study, the Reading and Math scores were already numerical, so there was no need 

to transform the categorical data. 

However, to ensure consistency in the analysis process and to facilitate statistical calculations and 

visualization, the data were reorganized into a structured format in both Microsoft Excel and Google 

Colaboratory. In addition, the dataset was divided into training data and test data with a ratio of 80% for 

training data and 20% for test data. This transformation was intended to support the objective evaluation of 

the model and avoid bias in the prediction results [20], [21]. 

 

2.7. Method Analysis 

Linear regression is a supervised learning method used to model linear relationships between input 

variables and output variables based on labeled data. This method aims to build a prediction model capable of 

quantitatively estimating the value of dependent variables. In this study, linear regression was used to predict 

Mathematics scores (Math Score) based on Reading scores (Reading Score). 

The application of the linear regression method was carried out systematically and structurally, as 

shown in Figure 2, which presents the analysis process flow from variable determination to prediction result 

evaluation. 

 

 

Figure 2. Flowchart of Linear Regression Method 

 

Here is an explanation of the flowchart above: 

1. Start  

This stage marks the beginning of the linear regression analysis process. The dataset used in this stage 

has undergone data collection, variable selection, preprocessing, and training and testing data division 

as described in the previous section. 

 

2. Build Linear Regression Model 

At this stage, a simple linear regression model was constructed to model the relationship between the 

independent variable Reading Score and the dependent variable Math Score. The linear regression 

model is expressed in the following Equation 1. 

 

𝑦 = 𝑎 + 𝑏𝑥 (1) 

 

where y is the predicted Math Score value, x is the Reading Score, a is the constant (intercept), and b 

is the regression coefficient. 
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3. Estimate Model Parameters (a,b) 

The regression parameters 𝑎 and 𝑏 are calculated using the least squares method with the aim of 

minimizing the difference between the actual and predicted values. The regression coefficient 𝑏 is 

calculated using Equation 2. 

 

𝑏 =
( 𝛴𝑖=1

𝑛 (𝑥𝑖 −  𝑥̄)(𝑦𝑖 −  ȳ))

( 𝛴𝑖=1
𝑛 (𝑥𝑖 −  𝑥̄)2)

 (2) 

  

Next, the constant value 𝑎 is calculated using Equation 3. 

 

𝑎 =  ȳ −  𝑏 𝑥̄ (3) 

 

Where 𝑥𝑖 and 𝑦𝑖  are the data pairs for 𝑖, 𝑥̄ and ȳ are the average values for Reading Score and Math 

Score, and 𝑛 is the number of training data. 

 

4. Predict Math Score 

After the regression parameters were obtained, the model was used to predict the Math Score values in 

the test data. The prediction process was carried out by entering the Reading Score values into the 

regression Equation 4. 

 

ŷ𝑖 =  𝑎 +  𝑏 𝑥𝑖 (4) 

 

Where ŷ𝑖 is the predicted Math Score value for the data at 𝑖. 
5. Model Evaluation (MAE, RMSE, R²) 

Model performance is evaluated by comparing predicted and actual values using three metrics: MAE, 

RMSE, and R². 

Mean Absolute Error (MAE) is calculated using Equation 5: 

 

𝑀𝐴𝐸 =  (
1

𝑛
) 𝛴𝑖=1

𝑛 | 𝑦𝑖 − ŷ𝑖| (5) 

 

Root Mean Squared Error (RMSE) is calculated using the Equation 6. 

 

𝑅𝑀𝑆𝐸 =  √ (
1

𝑛
) 𝛴𝑖=1

𝑛 ( 𝑦𝑖 −  ŷ𝑖)
2 (6) 

 

The coefficient of determination (R²) is calculated using the equation: 

 

𝑅2 =  1 −  (
𝛴𝑖=1

𝑛 ( 𝑦𝑖 − ŷ𝑖)
2

𝛴𝑖=1
𝑛 ( 𝑦𝑖 −  ȳ )2

) (7) 

 

6. Results & Analysis 

The evaluation results were used to analyze the performance of the linear regression model. The MAE 

and RMSE values indicate the level of prediction error, while the R² value describes the model's 

ability to explain the variation in Math Score based on Reading Score. 

 

7. End 

This stage marks the end of the linear regression analysis process. The results obtained are then used 

as the basis for discussion and drawing conclusions from the research. 

 

The application of linear regression in this study was carried out through the stages of dividing the 

training data and test data, as well as evaluating the model performance using the MAE, RMSE, and 

coefficient of determination (R²) metrics [22]. This approach shows that linear regression is a quantitative 

statistical method used to objectively model the relationship between independent and dependent variables. 

The similarity between this study and previous studies lies in the use of linear regression as the main 

predictive model in analyzing students' mathematics scores. This study applies linear regression with the 

numeric variable of reading scores as predictors of math scores, thus being methodologically consistent with 

previous studies in terms of modeling, data training and testing processes, and model performance 
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evaluation. This study reinforces the use of linear regression as a relevant and consistent method in analyzing 

the relationship between academic variables in the field of education. 

 

2.8. Regression Assumption Testing 

Before interpreting the regression results, basic regression assumptions were examined through 

exploratory visualization and residual analysis. Linearity between Reading Score and Math Score was 

evaluated using a scatter plot to observe whether the relationship followed a linear pattern. To examine 

model validity, residual analysis was conducted by plotting prediction errors against predicted values. This 

residual plot was used to assess whether errors were randomly distributed around zero, indicating the absence 

of systematic bias and suggesting homoscedasticity. Additionally, statistical significance testing was 

performed using the Ordinary [23], [24]. 

 

2.9. Model Configuration 

Two supervised learning models were implemented: Linear Regression and Decision Tree Regressor. 

The Linear Regression model was built using the default scikit-learn configuration. The dataset was split into 

80% training data and 20% testing data using train_test_split with random_state = 42 to ensure 

reproducibility. The Decision Tree Regressor was implemented as a comparative model using default 

parameters with random_state = 42. No additional hyperparameter tuning, such as max_depth or pruning 

optimization, was applied, allowing a fair baseline comparison with the linear regression model. Model 

performance was evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and 

Coefficient of Determination (R²). Five-fold cross-validation was also conducted to assess model stability. 

 

3. RESULTS AND DISCUSSION 

This chapter presents the results of applying research methods and analysis in predicting students' 

Mathematics scores based on their Reading scores using a supervised learning approach. The research stages 

are described in a structured manner, including data requirements analysis, data selection and preprocessing, 

data transformation, application of Linear Regression and Decision Tree Regression algorithms, as well as 

testing and analysis of results. This discussion aims to evaluate the model's performance and identify the 

relationship between reading scores and math scores as a basis for drawing research conclusions. 

 

3.1 Data Requirements Analysis 

A data requirements analysis was conducted to determine the type of data needed to build a model to 

predict students' mathematics scores. This study used students' academic data, which was numerical in nature 

and sourced from a secondary dataset obtained through the Kaggle platform. The data used consists of two 

main attributes, namely Reading Score as an independent variable and Math Score as a dependent variable. 

The selection of the Reading Score is based on its correlation with the ability to understand questions, while 

the Math Score is used as the prediction target. Details of the data requirements used in this study are 

presented in Table 1 as a basis for the next stage of data processing. 

 

Table 1. Data Requirements Analysis 

No Data Attribute Data Type Role Description 

1 Reading Score Numerical Independent Variable 
Student reading ability score used 

as a predictor 

2 Math Score Numerical Dependent Variable 
Student mathematics score as 

prediction target 

 

3.2 Data Selection 

Based on the data selection process described in Chapter 2, this study uses two numerical variables, 

namely reading score and math score. Of the total 1000 student data, all data met the selection criteria and 

were used in the next stage of analysis. The final dataset used is shown in Table 2. 

 

3.3 Data Preprocessing  

The preprocessing stage was conducted to ensure data quality before model development. The dataset 

consisted of 1,000 student records, from which Reading Score and Math Score were selected for analysis. 

The duplicate inspection confirmed that no duplicate records were found. Missing value examination 

indicated that both variables contained no null entries; therefore, no imputation was required. Data type 

validation verified that both variables were numerical and within the valid score range of 0–100. Outlier 

screening using boxplots and z-score analysis did not identify any extreme values requiring removal. Overall, 

the dataset was considered complete, consistent, and suitable for subsequent regression and supervised 

learning analysis. 
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Table 2. Dataset After Data Selection Process 

No Reading Score Math Score 

1 72 70 

2 90 88 

3 85 84 

… … … 

1000 68 65 

 
3.4 Data Transformation 

The dataset was split into training (80%) and test (20%) sets using a train-test split with random_state 

= 42, yielding 800 training and 200 test samples for modeling and testing. The entire process was carried out 

using the Python programming language in Google Colab.  

 

3.5 Application of Linear Regression Methods 

Linear regression models were used to examine the relationship between reading scores (independent 

variables) and math scores (dependent variables). The training process was carried out using training data 

(80%) with Python programming language implementation and scikit-learn library on Google Colab. The 

training results produced the following linear regression equation: 

 

𝑌 = 0,8465𝑋 + 𝑏                    (8) 

 

The regression coefficient value shows that every 1-point increase in reading score is followed by an 

increase in math score of ±0.85 points. These results indicate a positive linear relationship between students' 

reading and math abilities, as shown in Figure 3. 

 

 

Figure 3. Scatter Plot Reading Score and Math Score 

 

3.6 Testing 

The testing was conducted using test data (20%) to evaluate the model's ability to predict students' 

math scores based on their reading scores. The model's performance was evaluated using the MAE, RMSE, 

and R² metrics. For comparison, testing was conducted using the Decision Tree Regressor model. A 

comparison of the performance of the two models is shown in Table 3, which shows that the linear regression 

model produces more accurate and stable predictions than the Decision Tree. 

 

Table 3. Comparison of Model Evaluation Results 

Model Dataset MAE RMSE R² 

Linear Regression Testing 7.280882 8.818137 0.680447 

Linear Regression Training 6.999839 8.704344 0.663932 

Decision Tree Testing 7.567415 9.129746 0.657464 

Decision Tree Training 6.610437 8.312882 0.69348 

 

3.7 Analysis of Results 

The performance evaluation indicates that both models demonstrate good predictive capability in 

modeling the association between Reading Score and Math Score. On the testing dataset, Linear Regression 

achieved an R² value of 0.680447, while the Decision Tree model achieved 0.657464. The MAE and RMSE 

values between the two models are relatively close, indicating comparable predictive accuracy. However, 

Linear Regression shows slightly better generalization performance on unseen data. 
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To reduce the risk of overfitting bias, training and testing performances were compared. For Linear 

Regression, the R² value increased slightly from 0.663932 (training) to 0.680447 (testing), indicating stable 

generalization and no evidence of overfitting. In contrast, the Decision Tree model showed a decrease in R² 

from 0.693480 (training) to 0.657464 (testing), suggesting a mild generalization gap. Although the decline is 

not substantial, it indicates that the Decision Tree model fits the training data more closely than Linear 

Regression. Overall, Linear Regression performs more consistently across datasets. 

An R² value of 0.680447 indicates that approximately 68% of the variance in Math Score is 

statistically associated with variation in Reading Score. This result suggests a strong relationship between 

reading literacy and mathematics achievement. However, the remaining 32% of the variance is influenced by 

other factors not included in this model. These may include socioeconomic background, parental education 

level, learning environment, teaching quality, and student motivation. Therefore, mathematics performance is 

multidimensional and cannot be fully explained by reading ability alone. 

Beyond numerical metrics, visual diagnostic analysis was conducted to ensure that the statistical 

indicators are supported by the observed data distribution. Visual inspection is an important component of 

regression evaluation because it confirms whether the model structure appropriately represents the data 

pattern. The relationship between Reading Score and Math Score is illustrated in Figure 4. The scatter plot 

combined with the regression line serves as a graphical validation of the model’s predictive structure. 

 

 

Figure 4. Visualization of Linear Regression 

 

The regression line demonstrates a clear positive trend, and the concentration of data points around the 

line visually supports the R² value of 0.68. This alignment between statistical metrics and graphical 

representation strengthens the credibility of the linear regression model.  

In addition, to evaluating predictive performance, residual diagnostics were conducted to assess 

potential bias and model assumptions. The residual distribution is presented in Figure 5. 

 

 

Figure 5. Graph of Error Distribution 

 

The residuals are randomly distributed around zero without observable systematic patterns. This 

visual diagnostic suggests that the model does not exhibit major heteroscedasticity or structural bias, thereby 

reinforcing the reliability of the regression results.  

Although the Decision Tree model achieved slightly higher performance during training, Linear 

Regression offers greater interpretability and stability. Linear Regression provides a transparent mathematical 
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equation that quantifies the statistical relationship between Reading Score and Math Score. This 

interpretability is particularly important in educational research contexts, where explainable findings are 

necessary for informed academic decision-making. In contrast, Decision Tree models generate rule-based 

splits that are less straightforward in expressing direct quantitative relationships. 

Nevertheless, several limitations should be acknowledged. The dataset was obtained from Kaggle and 

does not specifically represent Indonesian students. Differences in curriculum structure, cultural context, 

assessment systems, and educational environments may limit the generalizability of these findings to the 

Indonesian education context. Furthermore, the model includes only one predictor variable, which restricts its 

explanatory scope. Future research should incorporate additional relevant predictors and utilize locally 

collected educational data to enhance contextual validity and improve model robustness. 

Importantly, the findings of this study indicate statistical association rather than causal relationships. 

Although Reading Score is strongly associated with Math Score, the analysis does not establish that reading 

ability directly causes improvements in mathematics performance. Further longitudinal or experimental 

research would be required to examine potential causal mechanisms. 

   

4. CONCLUSION 

This study concludes that the Linear Regression method is capable of effectively modeling and 

predicting students' mathematics scores based on their reading scores. The modeling results show a positive 

linear relationship between reading scores and math scores, with a coefficient of determination (R²) value of 

0.68, indicating that approximately 68% of the variance in students' math scores is statistically explained by 

reading scores within the model, rather than representing a direct causal contribution. Model evaluation using 

MAE and RMSE metrics shows a relatively low and stable prediction error rate, as well as better linear 

regression model performance compared to the Decision Tree Regressor method. The visualization of the 

regression line and residual distribution reinforces the finding that the model does not experience systematic 

bias and is able to represent the linear relationship well. The results of this study indicate that reading ability  

is strongly associated with mathematics academic achievement within the observed dataset; however, this 

relationship should not be interpreted as causal. The limitations of this study lie in the use of a single 

independent variable and the application of a model that is still relatively simple. Therefore, further research 

is recommended to add other relevant variables, use more complex regression methods or machine learning 

algorithms, apply multi-variable modeling approaches, and implement more robust validation techniques 

such as k-fold cross-validation to obtain more comprehensive and generalizable prediction results. 
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