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ABSTRACT 
Predicting academic success, quantified as Grade Point Average (GPA), is one 
of the key research focuses in educational psychology, with ongoing debate 
regarding the most influential predictors. Previous studies suggest that cognitive 
readiness for school (e.g., attention, working memory, etc.) is among the 
strongest predictors of later academic achievement. In addition, social factors 
such as parents' education and gender also show consistent, though somewhat 
weaker, associations with GPA. However, many earlier studies have relied on 
traditional statistical models, such as linear regression, which assume linearity 
and often overlook complex, nonlinear interactions among variables. This limits 
their ability to uncover the true structure of influential predictors. In contrast, 
advanced machine learning (ML) methods, such as decision trees, random 
forest, and gradient boosting, can model such complexity, offering greater 
accuracy and deeper insight into predictor importance. This study applied these 
ML algorithms, along with linear regression, to predict GPA in 4th and 7th grade 
among 218 elementary school students, using measures of cognitive readiness 
and socio-demographic variables as predictors. Results indicated that linear 
regression and random forest yielded the most accurate predictions. The 
strongest predictors of GPA in both grades were measures of cognitive readiness 
(Coding, Visual Memory, General Knowledge, Block Assembly), while other 
predictors had minimal or no effect. These findings underscore the value of ML 
models in improving early identification of at-risk students and informing 
targeted academic support, while also illustrating the contexts in which 
traditional methods may still perform comparably. 
Keywords: elementary school GPA, decision trees, random forest, gradient 
boosting, cognitive readiness for school 
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Introduction 

Grade Point Average (GPA) is widely recognized as a key measure of 
academic achievement at all levels of education. It is frequently used to 
evaluate a student’s readiness for future educational and career 
opportunities (Imose & Barber, 2015). Studies have demonstrated that 
students with lower GPAs are more likely to face challenges in high school 
and beyond, including lower graduation rates and limited post-secondary 
education opportunities (e.g., Tyler & Lofstrom, 2009). Lower academic 
performance during this period is also associated with an increased risk of 
dropping out of formal education, which can have lasting adverse effects on 
an individual’s career trajectory and socioeconomic status (Entwisle et al., 
2005; Lawson et al., 2020). Given its critical role in long-term academic 
success, predicting GPA in elementary school provides valuable insights into 
early academic performance and potential future career outcomes (Entwisle 
et al., 2005; Lawson et al., 2020). Understanding GPA predictions involves 
examining the complex interplay of individual and contextual factors, such as 
cognitive abilities, socioeconomic background, and parental involvement, 
which collectively shape academic performance (Eccles & Roeser, 2011). 

Cognitive determinants of GPA 

A growing body of research highlights the critical role of cognitive 
readiness for elementary school, defined as a child’s ability to engage in and 
benefit from classroom learning (Blair, 2002), in shaping long-term academic 
success. Key components such as verbal and visuospatial working memory 
(Bull et al., 2008; Soltanlou et al., 2019) and numerical representations 
(Stock et al., 2009) are consistently identified as robust predictors of 
achievement (Duncan et al., 2006; Jovanović et al., 2010; McClelland et al., 
2017). Among them, early math and logical abilities are the strongest 
determinants of later performance, followed by reading skills and attentional 
control (Duncan et al., 2006). Soltanlou et al. (2019) found that children with 
superior working memory capacities achieve higher GPAs across subjects, 
highlighting the role of these faculties in learning, problem-solving, and 
retention. Although much of the research originates from Western cultures, 
similar findings were reported in Serbia (e.g., Jovanović et al., 2010). In Serbia, 
the most commonly used tools for assessing school readiness are the New 
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Belgrade Revision of the Binet-Simon Scale (Ivić et al., 1976) and the First 
Grader Examination Test (Ivić et al., 1995). More recently, the School 
Maturity Test (Novović et al., 2007) has gained popularity. It assesses 
memory, attention, visuomotor coordination, practical knowledge, and social 
adjustment. Its advantage lies in minimizing cultural, social, and linguistic 
bias, making it a reliable and valid cognitive measure (Biro et al., 2006; 
Jovanović et al., 2010). 

Socio-economics, parental actors, and GPA prediction 

Beyond cognitive abilities, socioeconomic status (SES) is a major 
determinant of academic performance. Research consistently demonstrates 
that students from higher-income families tend to have greater access to 
high-quality educational resources, including well-funded schools, private 
tutoring, and enrichment programs that foster cognitive and academic 
growth (Sirin, 2005). These advantages create cumulative effects that 
reinforce achievement gaps (Reardon, 2018). A key SES component is 
parental education, a strong predictor of student success. Educated parents 
often provide cognitive stimulation, academic support, and emphasize the 
value of education (Davis-Kean, 2005; Li et al., 2024; Tamayo Martinez et al., 
2022). They are also better equipped to navigate the education system and 
secure opportunities such as advanced coursework (Lareau, 2018). 
Furthermore, students whose parents set high expectations, monitor 
homework, and engage with schools typically earn higher GPAs and test 
scores (Fan & Chen, 2001; Li et al., 2024; Naite, 2021). Moreover, previous 
research shows that the supportive, autonomy-granting parenting positively 
affects children’s academic performances (Bucci Liddy et al., 2021; Jeynes, 
2007). 

Machine learning algorithms and GPA prediction 

While prior research has identified GPA determinants (Imose & 
Barber, 2015; Li et al., 2024; Soltanlou et al., 2019), most relied on traditional 
statistical methods, such as regression analysis, which often miss the 
complexity and non-linearity of influencing factors. Recent advancements in 
machine learning (ML) have addressed these limitations, enabling 
researchers to use more sophisticated predictive models that account for 
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complex interactions between multiple predictors (Burke & Sass, 2013). ML 
approaches, particularly decision trees (DT), random forest (RF), and 
gradient boosting (GB), have demonstrated superior accuracy in GPA 
prediction compared to conventional statistical models (Zhang et al., 2020). 
These ML techniques provide distinct advantages over traditional regression 
models by uncovering hidden patterns in student performance data, 
facilitating early interventions, and improving educational decision-making 
(Baker & Inventado, 2014). By leveraging these models for GPA prediction, 
researchers can generate more precise predictions and develop targeted 
support strategies for at-risk students. Advanced techniques, such as deep 
learning and support vector machines, are often mentioned in GPA 
prediction. While deep learning models achieve high accuracy, they require 
large datasets and lack transparency, making them less suitable for 
educational policy applications where explainability is crucial (Lipton, 2016). 
Similarly, support vector machines, though effective for classification, are 
computationally demanding and less interpretable, especially in large, multi-
dimensional datasets (Vapnik, 1995). Given these limitations, DT, RF, and GB 
are more suitable for GPA prediction in real-world educational datasets of 
limited size. 

Accurate GPA prediction using ML has significant implications for 
policy, instruction, and support systems. Early identification of at-risk 
students enables targeted interventions, resource allocation, and 
personalized instruction (D'Mello & Graesser, 2012). International studies 
confirm ML’s effectiveness in predicting achievement, using demographic, 
cognitive, and behavioral data. Cognitive abilities emerge as the most reliable 
predictors, followed by SES (Chen & Ding, 2023; Ojajuni et al., 2021; 
Rajendran et al., 2022). In Serbia, research on the application of ML in 
education is still in its early stages, with a handful of studies focusing on high 
school and college students (Gerasimović, 2012; Stanković, 2021). 
Gerasimović (2012) demonstrated that socioeconomic status and prior 
academic achievement can be successfully used to predict students' college 
choices. Stanković (2021) further explored ML applications in education, 
showing that student engagement metrics and assessment patterns can 
effectively predict academic success in higher education. 
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The present study 

The review of the available literature suggests there is a notable 
research gap in exploring how early predictors (e.g., cognitive abilities, SES, 
etc.) contribute to GPA outcomes in elementary school. The present study 
aims to address this gap by evaluating the predictive performance of linear 
regression, DT, RF, and GB in predicting 4th and 7th – grade GPA, based on 
cognitive, demographic, and socioeconomic variables. 

The decision to focus on these grades is grounded in key 
developmental and educational transitions that occur at these stages. Fourth 
grade marks a shift from basic skill acquisition to their application across 
subjects, requiring more cognitive flexibility and independence (Mullis et al., 
2012). In Serbia, the fourth grade is also important as it marks the end of the 
first educational cycle, after which students transition from being taught by a 
single teacher to subject-specific teachers. Seventh grade coincides with 
early adolescence and greater academic complexity (Eccles & Roeser, 
2011). In the Serbian educational system, a broader curriculum, including 
physics, chemistry, and a second foreign language, is introduced in the 
seventh grade, demanding cross-disciplinary integration and increasing 
cognitive load. 

While linear regression is a foundational and widely used predictive 
model in educational research, it imposes certain statistical assumptions, 
such as linearity, homoscedasticity, and lack of multicollinearity, that are 
often violated in real-world educational data (Kutner et al., 2005). More 
flexible ML algorithms, such as RF, DT, and GB, are designed to 
accommodate nonlinearity, interaction effects, and complex, high-
dimensional feature spaces without relying on these assumptions 
(Fernández-Delgado et al., 2014; Zhang et al., 2020). These models can 
better capture the multifaceted and nonlinear nature of educational 
performance, offering improved generalization, robustness to overfitting, and 
enhanced interpretability through tools like variable importance measures. 

Importantly, this study does not frame linear regression and modern 
ensemble-based methods as belonging to entirely separate analytical 
paradigms. Rather, all models applied in this study fall within the broader 
domain of supervised ML. However, their methodological capacities differ 
significantly. Linear regression represents a simpler, parametric approach, 
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while ensemble models offer more adaptive, data-driven learning 
mechanisms capable of modeling complex relationships. Emphasizing these 
distinctions is essential for understanding the potential added value that 
newer ML approaches bring to educational prediction tasks (Smith & Lee, 
2022). 

Building on the findings of previous studies (e.g., Zhang et al., 2020), 
our study aims to compare predictive performance across models and 
identify the variables that most strongly contribute to GPA, thereby providing 
both theoretical and practical contributions. It is expected that ensemble 
methods, particularly RF, will yield superior predictive performance due to 
their ability to manage noisy, high-dimensional data and uncover non-
obvious patterns. Additionally, cognitive readiness and SES-related 
variables, such as parental education and academic expectations, are 
hypothesized to emerge as key predictors. Through this comparative 
approach, the study aims to offer a nuanced perspective on the utility of 
different supervised ML models in educational research and to provide a 
foundation for their future integration into data-informed educational 
decision-making. 

Method 

Sample and procedure 

This study involved 218 primary school students from Stara Pazova 
(112 male, 106 female), all native Serbian speakers, aged 13–14 years (M = 
13.39, SD = 0.49). Data collection spanned three phases over approximately 
seven years. In the first phase, a certified school psychologist or pedagogue 
conducted cognitive and developmental assessments during the students' 
final preschool year, alongside a parental sociodemographic questionnaire. 
Academic performance data for 4th and 7th grades were obtained from 
school records. The 7th grade data were collected prospectively, while 4th 
grade GPA data were retrieved retrospectively. 

In Serbia, preschool cognitive testing is required for school 
enrollment. Parents provided formal applications and signed informed 
consent forms permitting scientific use of their children’s data. The study 
adhered to strict ethical standards, ensuring anonymity and confidentiality. 
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Due to consent restrictions, the dataset is not publicly available but may be 
accessed upon reasonable request and additional ethical approval. 

Instruments and measures 

The School Maturity Test 

The School Maturity Test (Novović et al., 2007) includes five subtests 
assessing children's cognitive and developmental abilities. General 
Knowledge evaluates practical knowledge and social adaptability, aiming to 
reduce socio-educational bias. Visual Memory measures retention and 
attention. Block Assembly tests visuomotor coordination, organization, and 
planning, and Coding assesses coordination, learning, and concentration. 
Lastly, the Visual Vocabulary subtest assesses linguistic competence and 
serves as an alternative measure specifically designed for children from 
socially disadvantaged backgrounds or those whose native language is not 
Serbian. Since the sample did not include children from such categories, the 
Visual Vocabulary test was not included in this study. In previous research, 
the reliability coefficients for the subtests of the School Maturity Test are as 
follows: General Knowledge (.52), Visual Memory (.80), Block Assembly 
(.82), and Visual Vocabulary (.77), while the overall reliability is .87 when 
including the Visual Vocabulary subtest and .85 when excluding it (Novović 
et al., 2007).  

The Sociodemographic Questionnaire for Parents 

The Sociodemographic Questionnaire for Parents gathered data on 
parental and household characteristics, including age, education, 
employment type, financial status, and involvement in the child’s learning. 
Parental perceptions of the child’s academic potential and school interest 
were assessed using two single-item questions, asking parents to rate their 
child’s expected academic performance (satisfactory to outstanding) and to 
indicate whether they believe their child is interested in school. 

The Student Data Questionnaire 

The Student Data Questionnaire, developed for the purposes of this 
study, included questions about the student's gender and age, as well as 
tasks aimed at assessing cognitive and developmental indicators. Spatial 
orientation was assessed through a task that required students to identify 
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positions of objects relative to each other and follow spatial instructions. 
Temporal orientation was measured using sequencing tasks that required 
students to place daily activities in chronological order and interpret time-
related concepts. Word analysis and synthesis skills were evaluated through 
phonological tasks involving breaking down words into individual phonemes 
(analysis) and combining phonemes into meaningful words (synthesis). 
Additionally, the questionnaire included questions about the student’s GPA 
at the end of the 4th and 7th grades, as reported by school records. 

Statistical methods  

Descriptive statistics were first computed to summarize information 
about the dataset. Subsequently, linear regression, DT regressor, RF 
regressor, and GB regressor were applied to predict GPA. The DT regressor 
partitions the data using recursive binary splits, assigning each region the 
mean value of the target variable (Breiman et al., 1984). RF improves 
predictive accuracy and reduces overfitting by aggregating the outputs of 
multiple trees trained on bootstrapped samples and random subsets of 
features (Breiman, 2001). GB builds trees sequentially, with each tree 
correcting the residual errors of its predecessors through gradient-based 
optimization (Friedman, 2001). These models were selected to represent a 
progression in complexity and predictive power, enabling a comprehensive 
comparison in terms of performance, interpretability, and generalization 
ability. 

All analyses were performed in Python 3 (Van Rossum & Drake, 2009) 
using the Jupyter Notebook environment. The Pandas 2.2.3 package 
(McKinney, 2010) was used for descriptive statistics, while Matplotlib 
(Hunter, 2007) was used for data visualization. 

Results 

As the dataset contained no missing values nor measurement errors, 
descriptive statistical analysis was performed (Table 1).  
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Table 1 

The Results of Descriptive Statistical Analysis (N = 218) 

Variables M SD Min Skewness Kurtosis Max K-S p 

Mother’s 
education level 4.12 0.81 3 -0.22 -1.45 5 .25 .00 

Father’s 
education level 3.95 0.78 3 0.08 -1.37 5 .21 .00 

Financial 
situation 1.94 0.82 1 0.11 -1.51 3 .24 .00 

Parental 
perceptions of 
the child's 
academic 
potential 

3.67 0.97 2 -0.29 -0.87 5 .24 .00 

General 
Knowledge 10.28 2.92 6 0.05 -1.30 15 .13 .00 

Visual Memory 10.32 2.79 6 0.09 -1.10 15 .10 .01 
Block Assembly 11.15 3.39 6 -0.11 -1.34 16 .13 .00 
Coding 10.98 3.45 5 -0.16 -1.45 16 .12 .00 
Spatial 
orientation 1.49 0.50 1 0.06 -2.02 2 .34 .00 

Temporal 
orientation 1.53 0.50 1 -0.13 -2.01 2 .36 .00 

Word analysis 
skills 1.50 0.50 1 -0.02 -2.02 2 .34 .00 

Word synthesis 
skills 1.47 0.50 1 0.13 -2.01 2 .36 .00 

4th grade GPA 4.29 0.58 3 -0.52 -0.46 5 .12 .00 
7th grade GPA 3.92 0.79 2 -0.60 -0.66 5 .12 .00 

 

Table 1 indicates that parents reported limited financial resources 
and moderate education levels, with mothers being slightly more educated. 
The parents generally held positive perceptions of their child’s academic 



PP (2026) 19(1), 3–27 USING MACHINE LEARNING FOR GPA PREDICTION 

 
 

13 

potential. Children exhibited high and variable scores on General Knowledge, 
Visual Memory, Block Assembly, and Coding. Spatial and Temporal 
Orientation, Word Analysis, and Word Synthesis showed minimal variation, 
suggesting ceiling or binary effects. Academic performance was strong in 4th 
grade but declined slightly by 7th  grade, with increased variability, potentially 
reflecting heightened academic demands or shifts in student engagement. 
Regarding the distributions of the study variables, the values of skewness and 
kurtosis indicated systematic deviations from normality. Specifically, the 
consistently negative kurtosis values pointed to flatter (platykurtic) 
distributions, while the presence of mild skewness suggested asymmetry. 
Moreover, the results of the One-Sample Kolmogorov–Smirnov Test (K–S) 
confirmed that the distributions of all variables significantly deviated from 
normality (p ≤ .01). Therefore, the assumption of normality was violated, 
suggesting that caution is warranted in further statistical analysis. 

4th grade GPA prediction 

For the modeling phase, two Python packages were used: NumPy 
(Van der Walt et al., 2011) and Scikit-learn (Pedregosa et al., 2011), while 
Matplotlib (Hunter, 2007) was used for data visualization. The process began 
with encoding categorical features into dummy/indicator variables. Next, all 
predictors were standardized, and the dataset was split into training (80%) 
and testing (20%) subsets, following standard ML validation procedures. 
Each ML model was then run individually, with results presented in Table 2 
and Table 3, as well as in Figure 1. 

Table 2 

The Results of All ML Models Used for 4th Grade GPA Prediction 

Model MAE MSE R2 Score 

Linear Regression .28 .13 .51 
Decision Trees .33 .17 .33 
Random Forest .27 .13 .51 
Gradient Boosting .29 .15 .41 
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Figure 1 

Performance Comparison of All ML Models Used for 4th grade GPA Prediction 

 
 

The results in Table 2 and Figure 1 indicate that all models had limited 
explanatory power. The RF model and the linear regression model 
demonstrated the highest explained variance, accounting for approximately 
51% of the variance in the dependent variable (4th grade GPA). Those two 
models outperformed the other two (i.e., GB and DT). Additionally, the mean 
absolute error (MAE) was lowest in the RF model, while the mean squared 
error (MSE) was lowest in linear regression, suggesting that larger errors were 
more heavily penalized in the latter, indicating some variance in prediction 
errors between the two models. Similar trends were observed in the other 
two models (i.e., DT and GB), where lower R² values corresponded with 
higher MAE and MSE. The contribution of each predictor across all four 
models is presented in Table 3. 
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Table 3 

Partial Contribution of Each Predictor in All ML Models for 4th Grade GPA Prediction 
  Importance Score 

Variables Linear Regression DT RF GB 

Coding .98 .29 .30 .30 

Block Assembly .69 .20 .16 .21 

Visual Memory .80 .17 .19 .20 

General Knowledge .67 .22 .18 .19 
Parental perception of 

child’s academic potential 
.21 .04 .08 .06 

Father’s education level .08 .03 .02 .01 

Word synthesis skills .16 .00 .01 .01 

Mother’s education level .04 .01 .02 .01 

Financial situation .02 .00 .02 .01 

Spatial orientation .07 .00 .01 .01 

Temporal orientation .00 .01 .01 .00 

Word analysis skills .04 .00 .01 .00 

Gender .06 .00 .01 .00 

 
Across all models (Table 3), Coding consistently emerged as the 

most important predictor of academic performance, highlighting its strong 
and stable predictive power. Other high-importance variables included 
Visual Memory, Block Assembly, and General Knowledge, all of which show 
substantial contributions across both linear and ensemble models, 
indicating the central role of cognitive abilities in predicting academic 
outcomes. It is important to note that linear regression shows higher partial 
contributions because it attributes importance based solely on direct linear 
effects without capturing complex interactions or nonlinearities that other 
ML models distribute across multiple variables (Molnar, 2020). On the other 
hand, the least important predictors across all models included Temporal 
Orientation, Word Analysis Skills, Gender, and Financial Situation, all of 
which showed minimal or no importance in 4th grade predictions. This 
suggests that demographic and socioeconomic variables contributed with 
little predictive value compared to direct cognitive skill measures. Notably, 
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while Parental Perceptions of Child’s Academic Potential showed moderate 
importance in linear regression, it was far less influential in tree-based 
models, indicating that subjective assessments were less robust predictors 
than objective cognitive measures in more complex models. 

7th Grade GPA Prediction 

The same Python packages used for the previous analysis were 
employed for the modeling section related to 7th grade GPA. 

Table 4 

The Results of All ML Models Used for 7th Grade GPA Prediction 

Model MAE MSE R2 Score 

Linear Regression .40 .25 .44 
Decision Trees .52 .45 .01 
Random Forest .40 .27 .40 
Gradient Boosting .43 .29 .34 

Figure 2 

Performance Comparison of All ML Models Used for 7th Grade GPA Prediction 
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The results presented in Table 4 and Figure 2 suggest that all ML 
models again had limited explanatory power (R2 varied from .01 to .44). Again, 
the linear regression model explained the highest portion of the variance, 
followed by the RF model. The GB model performed similarly, while DT was 
the weakest model. A very low R² in a decision tree model may indicate that 
the model is too simple (e.g., too shallow tree) or that the data are non-linear 
for that structure. Furthermore, the MAE and MSE of linear regression model 
and RF model indicated that larger errors were penalized more. The GB 
model had similar MAE and MSE scores, but an identical pattern – lower MAE 
and MSE were followed by higher R2. The results of the impact of each feature 
in all models are listed in Table 5.  

Table 5 

Partial Contribution of Each Predictor in All ML Models for 7th Grade GPA Prediction 

  Importance Score 

Variables Linear Regression DT RF GB 

Coding .99 .26 .27 .29 
General Knowledge .77 .24 .19 .22 
Block Assembly .70 .22 .16 .19 
Visual Memory .77 .17 .17 .16 
Parental perceptions of 
child’s academic potential 

.33 .03 .10 .10 

Financial situation .02 .02 .02 .01 
Father’s education level .12 .00 .02 .01 
Mother’s education level .02 .02 .02 .01 
Word Synthesis .15 .01 .01 .01 
Spatial orientation .01 .00 .00 .00 
Temporal orientation .03 .00 .01 .00 
Gender .05 .00 .00 .00 
Word analysis skills .07 .00 .00 .00 
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The results presented in Table 5 suggest that Coding stood out as the 
most influential predictor across all models, indicating a consistently strong 
role in predicting academic outcomes. Other highly influential predictors 
included General Knowledge, Visual Memory, and Block Assembly, 
reinforcing the dominance of cognitive abilities as key predictors regardless 
of the model used. On the other hand, the least important predictors across 
all models included Gender, Spatial Orientation, Word Analysis Skills, and 
Temporal Orientation, all of which showed negligible or no contribution. 
Similarly, demographic variables such as Father’s Education Level, Mother’s 
Education Level, and Financial Situation had minimal predictive value. 
Interestingly, Parental Perception of Child’s Academic Potential retained 
moderate importance in linear regression, but lost influence in all other 
models, suggesting subjective evaluations contribute less to performance 
prediction when more complex, non-linear relationships are modeled. As 
was the case in the prediction of 4th grade GPA, linear regression again 
showed higher partial contributions for several predictors, as it assigns 
importance based solely on direct linear relationships, without accounting 
for complex interactions or nonlinear effects that are more accurately 
captured and distributed across variables in machine learning models 
(Molnar, 2020). 

Discussion 

The comparative analysis revealed differences in predictive 
performance among the tested algorithms. In 4th grade, linear regression and 
RF achieved the same R², although RF yielded a lower MSE. In 7th grade, linear 
regression slightly outperformed all models across all evaluation metrics, 
indicating that, despite its simplicity, it effectively captures relevant linear 
patterns. Nonetheless, this does not diminish the value of RF, particularly in 
situations where the assumptions of linear models may be violated. Linear 
regression assumes linearity, constant variance, and normally distributed 
residuals (Kutner et al., 2005), which often do not hold in real-world 
educational data - an issue also reflected in our findings, where skewness, 
kurtosis, and the Kolmogorov–Smirnov test indicated deviations from 
normality. Its higher accuracy may reflect data-specific factors, such as the 
train-test split or overfitting to linear trends. In contrast, RF, a nonparametric 
ensemble method, builds multiple decorrelated trees via bootstrap 
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aggregation and random feature selection (Breiman, 2001), enabling them to 
capture nonlinearities and interactions that linear models miss. Although 
they may have slightly higher variance in low-noise or small-sample settings, 
they reduce bias when data involve multicollinearity, threshold effects, or 
non-additive influences (Hastie et al., 2009). They’re also more robust to 
outliers and offer internal out-of-bag error estimates, improving reliability. 
Given these strengths, RF offers a more robust, theoretically sound 
framework. Even if they do not always yield the lowest prediction error, their 
flexibility and robustness make them a valuable tool for educational 
prediction tasks involving nonlinear patterns and complex interactions. 

4th Grade GPA prediction 

Within all models related to the 4th grade GPA prediction, the Coding 
subtest had the strongest predictive value, underscoring the importance of 
processing speed and attention in academic performance (Fry & Hale, 2000). 
These results align with previous research, highlighting processing speed as 
a crucial factor in learning, particularly in symbol decoding and problem-
solving tasks (Demetriou et al., 2014). Visual Memory was another significant 
predictor, reinforcing the role of working memory in academic achievement, 
which aligns with previous research suggesting that visuospatial working 
memory is critical for success in math and science (Alloway & Alloway, 2010; 
Bull et al., 2008). Additionally, General Knowledge was a strong predictor, 
supporting theories of crystallized intelligence that emphasize accumulated 
knowledge and experience as key factors in academic success (Cattell, 
1987; Neisser et al., 1996). The predictive significance of Block Assembly 
highlights the role of spatial reasoning, a cognitive skill linked to problem-
solving, in academic success (Wai et al., 2009; Verdine et al., 2014). 

Spatial Orientation and Temporal Orientation had minimal or no 
impact on GPA. While relevant for daily functioning, these skills appear less 
crucial for structured academic tasks relying on working memory and 
reasoning (Diamond, 2013). Gender and parents’ education level also had 
negligible influence, suggesting that cognitive and environmental factors 
outweigh biological sex differences in academic performance and offer 
limited predictive utility for GPA at this developmental stage (Halpern et al., 
2007; Hyde, 2014). Similarly, Word Analysis and Synthesis Skills had limited 
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predictive values, likely because literacy skills are well-established by later 
elementary grades (Torgesen, 2002).  

7th Grade GPA prediction 

Results concerning the 7th grade GPA differed from those related to 
the 4th grade. While Coding remained the strongest predictor, its relative 
influence declined, and overall model R² scores were lower across all 
models. General Knowledge, Block Assembly, and Visual Memory retained 
some predictive power but were no longer dominant, which suggests that the 
explanatory power of early cognitive variables diminishes over time. This may 
be tentatively interpreted in light of Vygotsky's (1978) socio-cultural theory, 
which emphasizes the growing role of external factors such as instruction, 
environment, and motivation. Socioeconomic and demographic variables, 
such as Mother’s and Father’s Education Level, Financial Situation, and 
Gender, remained weak predictors across all models. The low importance of 
Mother’s Education Level challenges prior findings that parental education 
strongly affects academic achievement (Davis-Kean, 2005), possibly 
indicating that school-based factors in this sample mitigate socioeconomic 
disadvantages. 

Implications, limitations and future directions 

The findings of this study have important implications for educational 
policy and intervention strategies. Given that cognitive readiness 
assessments were found to be strong predictors of GPA, early screening and 
targeted support programs should be implemented to help students with 
lower readiness levels. Schools could benefit from incorporating ML models 
into early warning systems (EWS) to identify at-risk students and provide 
timely interventions, such as personalized tutoring, cognitive skill 
development programs, and socio-emotional support (Bowers & Zhou, 2019; 
Jayaprakash et al., 2014). Furthermore, while RF did not outperform linear 
regression in this instance, its flexibility, robustness, and interpretability 
make it well-suited for complex educational data. It is especially valuable for 
identifying nuanced predictor interactions and offering actionable insights 
beyond what linear coefficients can provide. 
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This study has some limitations. While it included many predictors, 
factors like student motivation, peer influence, and teacher quality were not 
measured. Future research should address these gaps. Additionally, Serbia’s 
centralized education system, with standardized curricula and GPA-based 
evaluations, may not be directly comparable to more flexible systems. Thus, 
findings may not fully apply to countries with different educational policies 
and socio-cultural influences. Cross-cultural studies could clarify whether 
key predictors of academic success are universal or system-dependent. 

Nevertheless, this study underscores the potential of ML models, 
particularly RF, in predicting academic performance in primary school GPA. 
By identifying key predictors of GPA, this research contributes to the growing 
field of educational data mining and highlights the practical applications of 
advanced machine learning models in educational settings. The findings 
suggest that integrating various predictive models into school systems could 
facilitate early intervention strategies, ultimately improving personal learning, 
student outcomes, and informing data-driven policy decisions. Future 
research should build upon these results by incorporating additional 
predictors, expanding to diverse educational contexts, and exploring 
advanced ML techniques to further refine academic forecasting models. 
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