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Abstract
The study assesses the performance of three machine learning models logistic regression, random woodland,
and Gaussian Naive Bayes to are expecting the performance of middle School students. Based on metrics which
includes F1-score, accuracy, precision, and specificity, the performance turned into determined to be the highest
for logistic regression, reaching accuracy and F1-rating values of 72.50% and 94.27%, respectively. In the
second role, the random wooded area version scored an accuracy and F1-rating level of 69.17% and 93.64%,
respectively, even as GNB scored the accuracy and F1-score degree of 69.17% and 93.19%, respectively. This
final results indicates that superior, complex fashions have higher overall performance in comparison to low-
complexity algorithms in the context of tutorial statistics mining. Findings support the application of state-of-
the-art analytical methods in the direction of deeper understanding of the overall performance of School
students, featuring that the stated fashions may be beneficial in supplying individualized learning trajectories
and optimizing curricula and getting to know techniques. Appropriate predictive fashions suitable for the unique
properties of the records were harassed, as is the significance that information-knowledgeable choice-making
provides on the fulfillment stage of School students. By making use of these insights, gaining knowledge of
institutions can doubtlessly develop holistically evolved School students, engagement, and motivation stages
within the getting to know surroundings.Keywords: Academic performance prediction, Educational data
mining, Predictive analytics, Machine learning
1. Introduction
The education area has a completely unique possibility to enhance scholar performance metrics and educational
institutional consequences through using Big Data analytics. The fast expansion of scholar statistics quantity
and grades is a right away end result of the virtual revolution in better schooling [1]. There are increasing
expectancies for American academic establishments to enhance educational overall performance, achievement
rates, and student retention rates [2]. By using greater sophisticated predictive procedures, academic institutions
are starting to transport far away from their reliance on conventional metadata collection [3].The main demand
is the development of robust prediction systems that take into account different factors that determine students'
success, such as academic achievement, demographics, socioeconomic status, and behavioral
characteristics[4].This study evaluates 5 top-performing device studying algorithms for high school student
performance, comparing logistic regression, random woodland, and GNB to identify the optimal predictive
modeling solution [5].This study is structured as follows: Section 2 reviews the literature on predictive analytics
and educational data mining; Section 3 explains the data collection and methodology; Section 4 presents and
assesses the results; and Section 5 summarizes the conclusions.
2. Literature Review
2.1 Educational Data Mining and Predictive Analytics
Educational Data Mining, or EDM for short, is a study of learning data in data mining and machine learning
contexts. It is a process that attempts to facilitate statistical analysis and enhance the learning results of students.
Reference indicates that educational data mining plays the most significant role in influencing how we see
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learning results. Essentially, EDM is intended to find valuable patterns from massive sets of data to enable
educators and administrators to make proper responses. Early detection of students at risk is the first in the
discipline because early recognition of these issues may lead to the changes that will enhance academic success
[6] [7].

2.2 Factors Influencing Student Performance

Research has found that there are a number of related factors affecting students' performance at school. These
can be found within the different areas of the student life. Where we're referring to academics, we're referring
to typical standards like how students do academically in terms of grade level, how often they attend school,
and what clubs or sports they participate in. How educated their parents are, as well as other factors like their
age, how they self-identify gender-wise, and socioeconomic status, all contribute significantly when it comes
to how students perform academically [7]. How students learn, how they interact on social media platforms,
and how well they get along with teachers and peers are all analyzed through the lens of behavioral factors.
Studies indicate that examining both the academic records and extracurricular activities provides a better picture
of how academically well students will perform, as highlighted in [8].

2.3 Machine Learning Models for Student Performance Prediction

Logistic regression's baseline model is used in educational research because it is simple and straightforward.
From what we can see in [9], logistic regression has good classification accuracy and model interpretability on
simple datasets but fails to work well in complex educational problems and non-linear relationships. When you
work with predictor variables, logical regression gives clear coefficients and meaningful probability estimates
so it is useful for education data mining. Used in combination with well-designed feature selection and
preprocessing logistic regression can achieve competitive prediction accuracy as complex procedures. It is also
used to predict binary response in schooling. Organizations that require transparent prediction systems that
comprehend the reasoning behind computational models would greatly benefit from its explain ability features
[10]. Because Decision Trees combine flexible characteristics with user-friendly interfaces, they perform better
than traditional statistical methods for predicting academic performance [11]. Furthermore, a similar method
approach was used to assess the differences between machine learning and the conventional statistical strategy
for cancer patient prediction [12]. From attendance figures to engagement variables, educational administrators
and teachers may determine which aspects have a major impact on student achievement because to Decision
Trees' visualization capabilities [13]. The study illustrated how Decision Trees employ binary splitting criteria
to find significant patterns that can be transformed into targeted support initiatives by educational institutions.
Because Random Forest ensemble learning combines many Decision Trees to lower the risk of overfitting,
predictive accuracy rises [14] [15]. Random forests have shown excellent overall performance in relation to
complex dataset interactions. Teachers can perceive important fulfillment elements using the model's ability to
rank important traits [16]. Random Forest's disappearance mechanism, every now and then known as bootstrap
aggregating (bagging), is a key component supporting its use in educational research [7]. In managing disparate
instructional data units, along with identifying at-hazard students with struggling youngsters who're much less
representative than regular students, researchers verified that this methodology is specific. Research suggests
that Random Forest improves prediction accuracy via combining ensemble gaining knowledge of with
dependable overall performance metrics, producing predictions which can be regular throughout academic
environments [17]. Since SVM is now essential for predicting student overall performance in each online and
combined learning environments, it plays very well when working with excessive-dimensional datasets [18].
Accessing feature choice strategies for optimization, the observe by way of [19] highlighted how SVMs
established excellent capacity to predict student dropout in Massive Open Online Courses (MOOCs). Through
its kernel-primarily based approach, the superior mathematical basis of SVM gives special advantages in
instructional records analysis, it is claimed [20]. This paper discusses how Al can be used in the study of
Monkeypox disease, and its applications can enhance the research by accelerating the process of identifying
effective interventions, thus improving the overall outcomes and response to the disease by the population [21].
The scalability combined with the missing value management features of this algorithm ensure its suitability
for large educational data analysis projects. The ability of these models to learn themselves makes it possible to
apply them in educational contexts, which involve complex relationships between variables that are difficult for
human analysts to identify [22].

2.4 Comparative Studies, Research Findings and Gaps
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The discipline continuously compares and evaluates different machine learning models to ascertain how well
they predict student performance [23]. According to a comprehensive evaluation by ensemble methods Random
Forest in particular performed better in terms of accuracy and generalization capacities than Logistic
Regression, Decision Trees, and Neural Networks [24]. For predicting university grades, SVM and Random
Forest worked best together, however Logistic Regression was a useful baseline comparison for performance
assessment [25]. Deep learning algorithms and ensemble approaches have been shown to outperform Random
Forests, Decision Trees, and Logistic Regression in terms of accuracy and generalization. The most successful
methods for university-level prediction are SVM and Random Forest with Neural Networks, whereas logistic
regression offers essential performance data for comparison [26]. There are still unanswered questions in
solvable models, such neural networks, especially in terms of their interpretability and applicability. These
models' dependence on tiny datasets limits their use in other educational situations. Additionally, there is no
attempt to forecast dynamic student performance by integrating adaptive learning systems with real-time data.
A research uses university-level data to evaluate logistic regression, decision trees, random forests, support
vector machines, and neural networks in order to fill these gaps.

3. Methodology

3.1 Dataset Overview

The student performance dataset is an integrated model that simulates authentic educational environments,
incorporating data from 1,200 male and female students aged between 16 and 20 years in the Nimrud district
of Nineveh Governorate. The dataset includes ten independent variables, including gender, age, attendance rate,
homework completion, classroom participation, previous academic scores, weekly study hours, and
extracurricular activities, and two interactive variables to enhance predictive model accuracy see the( Figure 1
Shows the most important features). Data generation uses sophisticated scientific methodologies, utilizing
normal distributions to simulate natural student variability and introducing a 10% random noise component to
replicate unobserved factors in genuine educational settings.The dependent variables, which measure
educational achievement along three interrelated dimensions - cognitive, affective and psychosocial - are
designed according to Bloom's comprehensive educational taxonomy. To maximize algorithmic performance,
computing uses sophisticated techniques such as the development of interactive variables, numerical coding of
categorical variables, and data scaling methods. Using machine learning methods, three sophisticated predictive
models were created: Naive Bayesian Classification, Random Decision Forest and Multitask Logistic
Regression. The dataset shows a particular ability to reproduce between-school variations in average student
achievement and trait distributions, and the settings of each algorithm were adjusted to achieve optimal
performance.An integrated forecasting system was developed, allowing users to enter new student data and
receive personalized improvement suggestions in addition to real-time performance estimates in all three
dimensions. This technique is useful for academic research and educational policy development because it
makes it easier to generate random data and compare large groups of students. The findings are presented as
complete reports that include ROC curves, correlation matrices, variable importance charts and performance
metrics. These reports can be fully exported to an Excel spreadsheet for group analysis. For the stratified sample,
a rigorous scientific process was used, and 1,147 male and female students were randomly selected from a total
of 1,200. Due to the strict inclusion and exclusion criteria used in the sample design, only 4.4% of the data were
excluded, demonstrating the accuracy and reliability of the data. The study sample and any biases were carefully
examined in (Figure 8 shows Chart of Sample Distribution). We can see the age distribution of the sample (16-
20 years), with percentages ranging from 10.4% to 25.5%. With 52.3% of the population being male and 47.7%
female, the gender distribution is fairly balanced. The outstanding attendance rate of 84% indicates that the
participants were highly dedicated. However, since this study was conducted in a specific area where the
percentage of geographical bias was 85%, major methodological biases should be addressed in the future.
Among the recommendations, the geographical distribution could be improved, and regarding age
representation (75%), the target group for the preparatory study is approximately the same age group.
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Figure 1: Top10 most Important feature

3.2 Data  Preprocessing in Educational Performance
Predictive Modeling

The data preprocessing step is a crucial step within the development of strong academic predictive fashions. It
entails deciding on seven core academic variables, including attendance styles, homework of completion rates,
magnificence participation levels, historic academic overall performance, devoted take a look at time,
extracurricular involvement, and demographic age traits, that exhibit predictive validity in the academic
performance literature. The gender variable undergoes label encoding to transform the textual illustration into
numerically computable values even as keeping the statistical integrity of the variable. The preprocessing
framework then proceeds thru the development of sophisticated interactive features that seize the complicated
synergistic relationships among educational elements. The architectural design of the preprocessing pipeline
ensures systematic records agency, creating duplicate records sets that hold the original statistics integrity at the
same time as permitting transformative operations. This effects in a comprehensive characteristic matrix that
consists of each simple educational metrics and constructed interactive variables, developing a
multidimensional function space that is optimized for predicting tripartite instructional results. The dataset
partitioning method makes use of the traditional 80-20 schooling-testing split, allocating 960 pupil records for
version development and 240 records for validation. This cautiously designed preprocessing framework ensures
dimensional consistency among the function matrix and goal variables, maintains relevance to the educational
context, and permits seamless integration with computerized gadget gaining knowledge of pipelines. The best
basis for building predictive models that appropriately represent the complex interplay of student academic
performance across cognitive, affective, and psychomotor domains is created by this procedure, which
combines statistical rigor with pedagogical awareness. The heatmap (Figure 2 Shows the correlation matrix for
academic performance characteristics).
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Figure 2: Correlation Matrix for Academic Performance Features

Python programming was used to develop models using popular libraries like pandas, NumPy, scikit-learn,
TensorFlow, and Keras, with hyperparameters identified through cross-validation techniques. The system used
for analysis was an 15 CPU, Windows 11 operating system, and 16 GB RAM.

3.3 Data Analysis Algorithms

One of the most significant shifts has been to make predictive analytics and machine learning an integral part of
our daily work, displacing basic statistics and gut intuition with machine learning. were utilized in this research
as predictors of student success in the available academic history. All algorithms certainly have advantage and
disadvantage in terms of precision, interpretability and computational efficiency. The techniques that we employ
in our study are Random Forest (combines decision trees), GNB (an interpretable, but very simple method) and
logistic regression [27]. These algorithms are then selected for a variety of models, from interpretable linear
models to more complex nonlinear models, in order to fully assess how well they predict student achievement. In
the parts that follow:

3.3.1 Logistic Regression Algorithm

The algorithm is an optimal statistical model for predicting multi-class classification outcomes. It uses a logistic
function to transform linear results into probabilistic values. The algorithm has been adapted to perform multiple
tasks simultaneously, thereby mitigating risk of overfitting. The advanced L-BFGS optimizer is employed for
parameter estimation and a regularization coefficient is included to govern for the complexity of the model. The
proposed method yields steady parameter estimates that allow the evaluation of the impact of independent
variables on the output probability, providing insight into educational performance indicators [27].

3.3.2 Random Forest Decision Algorithm

The algorithm applies ensemble learning to enhance prediction performance by constructing many independent
decision trees. The algorithm generates bootstrap samples from the original data and builds independent trees
using each sample and random restrictions on split features. It lowers variation and increases model stability by
fostering diversity. The program handles complex interactions and non-linear correlations without changing the
data. It also tracks purity improvements by split across all trees which can help researchers identify significant
variables in the modeling process for educational performance predictions [28].

3.3.3 Gaussian Naive Bayes Algorithm

The algorithm is based on Bayes’ theorem and assumes that the features are conditionally independent for
classification purposes. It has performed well empirically, particularly with high-dimensional data. Posterior class
probabilities are obtained as prior probabilities times the probabilities of the features. The Gaussian version of
algorithm assumes that the continuous variables are normally distributed and estimates the parameters of this
distribution from the training data. The method allows for probabilistic predictions from the model to be reported
directly and is computationally efficient [29].

3.3.4 Evaluation metrics

Using metrics such as accuracy, recall, precision, the F1-score, and the False Positive Rate from the confusion
matrix, the study assesses the efficacy and efficiency of a classification model. Each performance metric is
calculated as follows:

A (TP + TN) .
CCUrAY =1TP + FP + TN + EN) o
Recall = TP/(TP + FN) [2]

Precision = TP / (TP + FP) [3]
F1 — Score = 2TP / (2TP + FP + FN) [4]
FPR = FP / (FP + TN) [5]

where, TP is the number of true positive cases, TN is the number of true negative cases, FP is the number of false
positive cases, and FN is the number of false negative cases [30].

4. Results and Discussion

4.1 Logistic Regression Analysis

The logistic regression model is an extremely reliable predictive model for multidimensional educational
assessment, with an overall accuracy of 72.50% and outstanding results in terms of precision (91.45%) and recall
(97.32%) see the (Table 1 shows Performance Measures). The model is able to classify 233 students and made
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150 errors when classifying successful students. The model was able to identify 201 successful students but it
incorrectly classified 20 students see the (Figure 3 shows Confusion matrix). This suggests that affective
indicators are more discernable predictors in the data structure than more sophisticated cognitive indicators. The
model reports an impressive F1 score of 94.27% showing it is robust enough for educational assessment practices.
Looking across particular dimensions the model is consistently impressive with cognitive dimension 82.89%,
affective dimension 85.94%, and skills dimension 85.48% see the (Table 2 shows AUC by dimension). The
cognitive dimension of the assessment achieves perfect recall of 100% and 97% precision. The skills dimension
performed strong in predicting students with 95% recall and 85% with precision. Therefore, claims can be made
for the reliability of the model for complete assessment of students and early detection of exceptional students.
Table 1. Performance Measures for Logistic Regression Analysis
Accuracy Precision Recall F1 Score Mean AUC-ROC

72.5 91.45 97.32 94.27 84.77
Table 2. AUC by dimension

Cognitive Affective Skills
82.89 85.94 85.48

Confusion Matrices - Logistic Regression

Cognitive Dimension Affective Dimension Skills Dimension
200
180

Needs Improvement

Needs Improvement Needs Improvemen

Needs Improvement ucce:
Predicted Predicted

Figure 3: Confusion matrix of Logistic Regression

4.1.2 Random Forest Analysis
The Random Decision Forest model achieves a more complete balance, actively preserving its strength to
identify students who may need to make improvements in the cognitive dimension (233 correct classifications),
while indicating an appreciable improvement in reporting successful students, compared to the previous model.
In the affective dimension, the model demonstrates 199 correct classifications of successful student outcomes
versus only 23 errors, providing further evidence that behavioral indicators may be represented more
transparently and effectively by tree models (see the Figure 4 shows Confusion matrix). This balanced sample
hooked up for the Random Decision Forest model is specifically remarkable as it demonstrates the model to be
effective in coping with the varied complexities found in instructional datasets. The version does truly display
variations in performance across the academic dimensions, consultant of the complexity of the educational
procedure and the special and complicated nature of every academic area. Finally, the Random Forest version
gives a greater blended overall performance predicting educational overall performance normal, attaining a
standard accuracy stage of 69.17%, with a high remember charge, at 97.17%. The Random Forest model can
show a good stability in producing schooling performance type values, as tested by means of a balanced F1 rate
of 93.64% see the (Table 3 shows Performance Measures) . The Random Forest model does show first-rate
energy within the affective (86.09%) and skill (81.27%) dimensions, with lower overall performance effects
shown in the cognitive size (65.97%) see the (Table 4 shows AUC by dimension). The version does receive
remarkable overall performance inside the cognitive size for accuracy (97%), and recall (100%), at the same
time as performance is a bit lower inside the ability measurement (83% accuracy, 96% recall). Despite the
version in performance across the exclusive dimensions, the model stays a useful device for helping academic
decisions, especially in figuring out behaviorally and emotionally advanced college students, with a need to
improve overall performance in cognitive elements.

Table 3. Performance Measures for Random Forest Analysis

Accuracy Precision Recall F1 Score Mean AUC-ROC
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| 69.17 | 90.45 197.17 | 93.64 | 77.78 |

Table 4. AUC by dimension
Cognitive Affective Skills
65.97 86.09 81.27

Confusion Matrices - Random Forest
Cognitive Dimension Affective Dimension Skills Dimension

Needs Improvement
Needs Improvement

2eds Improvement success Needs Improvement

Figure 4: Performance Measures for Random Forest Analysis
4.1.3 Gaussian Naive Bayes model

The Gaussian Naive Bayes model produces different results when it analyzes the three educational dimensions.
The model demonstrates a clear tendency to over-classify which reduces its ability to accurately analyze various
categories. The Gaussian Naive Bayes model, however, shows a blatant systematic bias for over-classification,
identifying 226 students as successful on the cognitive dimension, while missing students who needed to
improve almost entirely (only 7 instances). The same trend persisted on the affective dimension, with 196
correct classifications of students who were successful compared to only 10 students who needed improvement
(see the Figure 5 shows Confusion matrix). This consistency of bias, across dimensions, suggests that the
assumptions of this algorithm are not appropriate for the complexity of educational data. The simple Gaussian
Bayes model demonstrates balanced and stable performance with the educational assessment, while producing
an overall accuracy of 69.17% and a remarkable balance in precision (91.41%) and recall (95.12%) reflected
by the F1 rate of 93.19%, see the (Table 5 shows Performance Measures). Model performance in the cognitive
dimension (85.47%) was complemented by consistency in the affective (85.07%) and skill (81.89%) dimensions
such as (Table 6 shows AUC by dimension). The details of the report demonstrate remarkable consistency
across educational dimensions and utility as an efficient way to support educational decisions and offer
appropriate support to students.

Table 5. Performance Measures for GNB

Accuracy Precision Recall F1 Score Mean AUC-ROC
69.1 91.41 95.12 93.19 84.14

Table 6. AUC by dimension

Cognitive Affective Skills
85.47 85.07 81.89

Confusion Matrices - Gaussian Naive Bayes
Cagnitive Dimension Affective Dimension skills Dimension

Aetual

Needs Imp t

5 & 8

H g g
Needs Improvement

success

Needs Improvement Needs Improvement

Predictad

Figure 5: Performance Measures for Gaussian Naive Bayes Analysis

4.1.4 Discussion

The logistic regression model performed best, achieving a predictive accuracy of 72.50%, while the GNP model
achieved 69.17%, and the random forest model had a lower accuracy of 69.17% but demonstrated robustness
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when dealing with emotional and behavioral traits (see Figures 6 shows Model Performance and Figures 7
shows AUC-ROC BY Dimension and model). The overall average F1 scores were 94.27%,93.19% and 93.64%,
respectively, while the precisions were 91.45, 91.41, 90.45 and, respectively. Logistic regression was slightly
higher than the other models, achieving excellent performance. Despite some overconfidence in cognitive
classification, it is considered optimal for early detection in education. The proposed logistic regression model
remains the most suitable for fair educational assessment, while all three proposed models outperform related
studies on key performance indicators (see Table 7 Compared with the results of several researchers).

Model Performance Comparison Across Different Metrics

1.0

o.g

0.6

0.4

0.2

0.0 -

Figure 6: Model Performance Across Different Metrics

AUC-ROC by Dimension and Model

Accuracy
Precision
Recall

F1
AUC-ROC

AUC Score

Dimension
N Ccognitive
- Affective
s skills

Figure 7: AUC-ROC BY Dimension and model
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Figure 8: Chart of Sample Distribution

Table 7. A Comparison between different ML models

Ref. No. Model A:)cc. Precision | Recall lST:ore Model
(%) Type

Logistic =
Proposed | Regression 72.50 | 91.45 97.32 94.27 E

(LR) g
[31] LR 72.63 | 64.10 54.35 58.82 = 2
Proposed | GNB 69.17 | 91.41 95.12 93.19 o =
[32] GNB 69 70.28 63.28 60.28 E =

Random Forest = g
Proposed (RF) 69.17 | 90.45 97.17 | 93.64 S %
[31] RF 78.13 | 74.36 61.70 67.44

5. Conclusion

An extensive study of machine learning algorithms for predicting student academic achievement yielded several
findings that contribute to educational data mining and analysis research. The study focuses on three different
machine learning models: random forest, logistic regression, and GNB. The more advanced algorithms yield
better prediction results in the educational context. The report cites the logistic regression model as the best
model included in the report, achieving the best F1 value (94.27%) and average AUC-ROC (84.77%). These
demonstrate a remarkable balance between excellent predictive value and sensitivity, earning the model a
Predictive Excellence badge. Doubts should be avoided in this regard, as the model's prediction accuracy
(72.50%) also indicates superiority, while other metrics provide absolute confidence in the model's performance.
These effects dictate the primary purpose of the research. This study sets a new standard in educational predictive
modeling. The analytical strategies used to evaluate it are also diverse. Furthermore, future research should focus
on the challenges facing predictive models in several key areas. First, developing hybrid modeling techniques
that combine the best features of multiple algorithms while minimizing their weaknesses. Second, integrating
temporal dynamics and longitudinal data to capture the evolving nature of student learning processes.
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