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ABSTRACT KEYWORDS
Teacher and staff performance evaluation is important for supporting man- Machine Learning
agerial decision-making and maintaining the quality of educational services Performance Evaluation
in educational institutions. However, the manual evaluation process at the Performance Prediction
Al-Istigomah Al-Islamiyah Foundation in Prabumulih is time-consuming and Random Forest

less effective in supporting decisions regarding the appointment of Permanent Teachers and Employees

Foundation Teachers (GTY) and Permanent Foundation Employees (PTY).

This study aims to develop and evaluate a Random Forest-based model for ~ ARTICLE INFO
predicting teacher and staff performance. The study used a quantitative ap-

proach based on 100 historical performance evaluation records collected from Received: July 20, 2026
January 2022 to January 2024, with ten assessment variables. The research Accepted: August 28, 2026
stages included data preprocessing, training-testing data splitting using five Available Online: September 18, 2026
ratios (50:50, 60:40, 70:30, 80:20, and 90:10), Random Forest modeling, and

evaluation using accuracy, precision, recall, Fl-score, confusion matrix, fea-

ture importance, ROC-AUC, and k-fold cross-validation. The 70:30 split pro-

duced 96% training accuracy and 97% testing accuracy. The testing confusion

matrix correctly classified 24 of 25 GTY/PTY-appointed cases and all 5 not-

appointed cases. The model also achieved an AUC of 0.992, indicating strong

classification capability. These results show that the Random Forest model

can provide a systematic, consistent, and objective approach to supporting

teacher and staff performance evaluation and appointment decisions.
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1 INTRODUCTION

Human resources (HR) are a strategic component of organizational performance, including in educational in-
stitutions where teacher and staff quality directly affects the effectiveness of educational services [1,2]. Human
resource analytics supports the use of employee-related data to improve evidence-based decision-making and
connect HR information with organizational outcomes [3].

In educational institutions, human resource practices such as performance appraisal, training, and development
are closely associated with organizational performance [4,5]. Empirical evidence from educational institutes indi-
cates that performance appraisal is an important HR practice related to organizational performance, reinforcing
the need for systematic and objective evaluation mechanisms [6].

At the Al-Istiqgomah Al-Islamiyah Foundation, teacher and staff performance evaluation is still conducted man-
ually by school principals and evaluation teams [7,8]. This process can require substantial time and may lead to
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differences among evaluators, while decisions concerning the appointment of Permanent Foundation Teachers
(GTY) and Permanent Foundation Employees (PTY) may be delayed [9,10]. A data-driven approach can help
transform historical evaluation records into information that supports more consistent managerial decisions [11].
Recent research demonstrates that machine learning can be applied to employee performance prediction using
demographic, job-related, and historical performance variables [12,13]. In particular, Random Forest has been
evaluated alongside other machine learning algorithms for employee performance classification and has shown
strong predictive performance while supporting data-driven HR decision-making [14,15]. The Random Forest
algorithm itself is an ensemble method that combines multiple decision trees and determines predictions through
aggregation, making it suitable for tabular classification problems [16].

Machine learning has also been widely applied in educational data mining [17]. Educational data mining
provides computational methods for analyzing educational data and identifying patterns that can support
educational decision-making [18,19]. Studies have applied Random Forest to teacher teaching-ability evaluation
and to student performance prediction, demonstrating the relevance of Random Forest-based approaches to
educational evaluation and prediction tasks [20].

2 RESEARCH METHODS

2.1 Research Design

This study was conducted through a series of systematic research stages. Each stage serves as a framework that
describes the entire research process from the initial phase to the final stage. The overall research workflow
used in this study is illustrated in Figure 1.

I e e
eview
v I
Data Collection| Data . "
| Preprocessing >| Splitiing Data
]
Model .
Modelling >| Prediction & > Tam 12215 ;111tasi
Evaluation P
Finish

Figure 1. Research Sfages

2.2 Problem Identification

The educational operations at the Al-Istiqomah Al-Islamiyah Foundation, Prabumulih, face challenges in col-
lecting, processing, and utilizing teacher and staff performance evaluation data effectively. This issue arises
from the absence of a data-driven system capable of accurately predicting employee performance. Consequently,
performance monitoring and decision-making processes, particularly regarding the appointment of permanent
teachers and staff, are often delayed and rely on subjective evaluations.

To improve human resource quality and ensure compliance with the institution’s Standard Operating Procedures
(SOPs), a systematic and accurate approach to processing historical performance evaluation data is required.
Historical evaluation records provide valuable information that can be utilized to develop a performance predic-
tion model using machine learning techniques.

However, implementing a Random Forest-based prediction model requires careful evaluation of factors that
influence model performance, particularly the data-splitting process. For relatively small datasets, different
training and testing data split ratios may affect prediction accuracy and the model’s generalization capability.
Therefore, the primary problem addressed in this study is to analyze how different data-splitting ratios influence
the performance of the Random Forest algorithm in developing an accurate, objective, and reliable prediction
model for teacher and staff performance based on historical evaluation data.

2.3 Literature Review

This study reviewed peer-reviewed literature on human resource analytics, educational data mining, employee
performance prediction, teacher evaluation, and Random Forest classification. The literature was selected based
on its direct relevance to the research problem and methodological approach.
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HR analytics provides a foundation for using employee-related data to support evidence-based HR decisions.
In educational settings, performance appraisal is an important HR practice associated with organizational
performance. Recent machine learning research has also demonstrated the feasibility of predicting employee
performance from HR-related variables, including the use of Random Forest classifiers.

Random Forest was introduced as an ensemble learning method that constructs multiple decision trees us-
ing randomized samples and feature selection, with the final prediction obtained through aggregation. This
characteristic makes it appropriate for classification problems involving multiple performance indicators.

2.4 Data Collection

This study employed the documentation method to collect secondary data from historical teacher and staff
performance evaluation records at the Al-Istiqgomah Al-Islamiyah Foundation, Prabumulih. The records covered
January 2022 to January 2024 and contained ten performance-assessment indicators for each employee.

A total of 100 records were available for analysis. This small dataset is an important methodological limitation
because performance metrics obtained from small testing sets can have high sampling variability. Therefore,
the reported results are interpreted as an exploratory evaluation of the available institutional data rather than
as a population-level estimate of model performance.

The target variable is the employee’s appointment status. The two target classes are (1) GTY/PTY Appointed,
representing employees recorded as appointed as Permanent Foundation Teachers (GTY) or Permanent Foun-
dation Employees (PTY), and (2) Not Appointed, representing employees without a GTY/PTY appointment
outcome in the historical records. The dataset contains 82 Appointed records and 18 Not Appointed records,
corresponding to an 82:18 class distribution.

Table 1. Teacher and Staff Data Sample

Employee V1 v2 V3 v4 V5 Ve v7 V8 V9 V1o
P1 45 85 70 65 95 65 75 50 50 70
P2 24 37 35 45 45 50 38 45 30 45
P3 70 85 75 60 75 55 80 80 50 85
P4 75 70 70 75 75 85 78 78 80 85
P5 70 75 70 82 85 85 70 70 70 70
P6 25 25 25 20 25 30 25 25 20 25
p7 85 85 73 95 95 75 75 74 85 70
P8 85 75 70 85 80 85 85 90 90 85
P9 80 75 75 89 70 70 75 70 80 75

P100 20 25 25 25 20 22 20 20 22 22

The predictor variables are retained in the source dataset as V1V10. The available manuscript documentation
identifies performance dimensions including discipline, communication skills, work efficiency, and teamwork, but
it does not provide the exact mapping between these dimensions and V1V10. To avoid inventing information,
the exact V-number-to-indicator mapping must be verified against the original institutional evaluation form
before publication.

2.5 Data Preprocessing

Data preprocessing was performed to ensure that the dataset was clean, consistent, and suitable for Random
Forest classification. The process included checking missing, incomplete, and invalid records and ensuring that
predictor values were represented in a consistent numeric format.

The target distribution is imbalanced (82 Appointed and 18 Not Appointed). The original experiment did not
apply SMOTE, ADASYN, or class weighting. This is therefore reported explicitly as a limitation, and accuracy is
not interpreted alone; class-specific precision, recall, F1-score, and the confusion matrix are considered together.
A class-weighted Random Forest or a resampling strategy should be evaluated in a future rerun before corrected
performance values are claimed.

2.6 Data Splitting

After preprocessing, the dataset was divided into training and testing sets. The training set was used to build
the Random Forest model, while the testing set was used to evaluate predictive performance on unseen records.
Five split ratios were examined: 50:50, 60:40, 70:30, 80:20, and 90:10. With 100 total records, these scenarios
produce test sets of 50, 40, 30, 20, and 10 observations, respectively. The 90:10 scenario is therefore particularly
sensitive to sampling variation and is treated as an exploratory comparison rather than a statistically stable
estimate of generalization performance.

The data were split while maintaining class proportions as closely as possible through stratification. K-fold
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cross-validation was also used as a supplementary assessment of model stability. Nevertheless, cross-validation
cannot fully overcome the fundamental limitation imposed by the small number of observations.

2.7 Modeling

After preprocessing and data splitting, the Random Forest algorithm was used to classify the target variable into
GTY/PTY Appointed and Not Appointed. The model was trained separately for each data-splitting scenario.
Random Forest constructs multiple decision trees from randomized subsets of observations and predictors, and
the final class is determined through aggregation. The original experiment used 100 trees, a maximum depth of
2, and random_ state = 42. These settings were kept consistent across split scenarios to make the comparison
reproducible.

2.8 Model Evaluation

The performance of the Random Forest models was evaluated using accuracy, precision, recall, and F1-score for
each data-splitting ratio. Because the target classes are imbalanced, class-specific evaluation metrics and the
confusion matrix were emphasized in addition to overall accuracy. The evaluation metrics were calculated based
on the number of true positives (T'P), true negatives (T'N), false positives (F'P), and false negatives (FN).

Accuracy measures the proportion of correctly classified instances among all observations and is calculated as:

TP +TN
TP+TN+FP+FN

(1)

Accuracy =

Precision measures the proportion of correctly predicted positive instances among all instances predicted as

positive:
TP
Precision = m (2)

Recall, also referred to as sensitivity or true positive rate, measures the proportion of actual positive instances
that are correctly identified by the model:

TP
="
Recall = 757N 3)

To provide a balance between precision and recall, the F'1-score was calculated as the harmonic mean of precision

and recall: Precisi Recall
recision X Reca
Fi1- =2 4
seore % Precision + Recall (4)

These class-specific metrics are particularly important in the presence of imbalanced target classes because
accuracy alone may provide an overly optimistic assessment of model performance.

The confusion matrix was also examined to identify the distribution of correct and incorrect predictions across
the target classes. It provides the values of TP, TN, FP, and FN, allowing the classification errors of the
Random Forest model to be analyzed in greater detail.

In addition, Receiver Operating Characteristic (ROC) analysis and the Area Under the Curve (AUC) were used
as supplementary measures of the model’s discrimination capability. The ROC curve illustrates the relationship
between the true positive rate (T'PR) and false positive rate (FFPR) across different classification thresholds.
The true positive rate and false positive rate are defined as:

TP
TPR= ———
R TP+ FN (5)
FP
FPR= FP+TN (6)

The AUC represents the area under the ROC curve and summarizes the model’s ability to distinguish between
the target classes across classification thresholds. An AUC value closer to 1 indicates better discrimination,
whereas a value around 0.5 indicates discrimination that is close to random classification.

To assess the stability of the Random Forest models across different data partitions, k-fold cross-validation was
also employed. In k-fold cross-validation, the dataset is divided into k approximately equal subsets, with each
subset used once as the validation set while the remaining (k — 1) subsets are used for model training. The
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cross-validation score can be expressed as the mean performance across all folds:
1k
C1‘/mean = E ; Mz (7)

where M; represents the evaluation metric obtained from the i-th fold and & denotes the number of folds. The
variability across folds may additionally be assessed using the standard deviation:

k

Z(M1 - vamcan)2 (8)

i=1

CVaa =\ 5
Given the small sample size, the evaluation metrics were interpreted cautiously because both hold-out and
cross-validation estimates may vary substantially depending on the sampled records and data partitions.
Furthermore, hyperparameter tuning and feature-importance analysis were performed to examine the behavior
and contribution of the predictors in the Random Forest models. Feature importance was used to identify the
variables that contributed most strongly to the model’s decision-making process.

The experimental results reported in this manuscript reflect the original model configuration. No additional
results involving unreported resampling or class-balancing techniques, such as SMOTE, ADASYN, or class-
weighting, were introduced.

3 RESULTS AND DISCUSSION

3.1 Model Performance Evaluation

a. Confusion Matrix Results

This study employed five data-splitting ratios (50:50, 60:40, 70:30, 80:20, and 90:10) to evaluate the perfor-
mance of the Random Forest model. Among these, the 70:30 ratio was selected as the primary experimental
configuration because it provides a balanced proportion of training and testing data, enabling a more reliable
assessment of the model’s generalization capability.

Across the five data-splitting scenarios, the 70:30 configuration provided the most balanced testing performance.
It achieved 97% testing accuracy and maintained strong precision, recall, and F1-score values for both classes.
The comparison in Table 2 therefore supports 70:30 as the primary configuration for interpreting the model’s
predictive performance.

Table 2. Confusion Matrix Results across Data-Splitting Scenarios

50:50 60:40 70:30 80:20 90:10
Train Test Train Test Train Test Train Test Train Test
Accuracy 94% 98% 95% 97% 96% 97% 100% 95% 96% 100%
Precision 100% & 100% & 100% & 100% & 100% & 100% & 100% & 100% & 100% & 100% (1)
79% 88% 80% 86% 81% 83% 100% 80% 82%
Recall 92% & 98% & 94% & 9% & 95% & 96% & 94% & 100% & 94% & 100% (1)
100% 100% 100% 100% 100% 100% 100% 100% 100%
F1-Score 9%6% & 99% & 97% & 9% & 9% & 98% & 9T% & 100% & 9% & 100% (1)
88% 93% 89% 92% 90% 91% 89% 100% 90%

b. Training Data Performance

Based on the evaluation of the Random Forest model on the training dataset, the model achieved an accuracy
of 96%, indicating excellent classification performance. The confusion matrix shows that 54 of 57 teachers and
staff appointed as GTY/PTY were correctly classified, while 3 instances were misclassified. In addition, all 13
non-appointed cases were correctly classified, demonstrating the model’s strong ability to identify this class.
The classification report indicates that the GTY/PTY Appointed class achieved a precision of 1.00, recall of
0.95, and an Fl-score of 0.97. For the Not Appointed class, the model obtained a precision of 0.81, recall of 1.00,
and an Fl-score of 0.90. Overall, the weighted average F1l-score was 0.96, while the macro average F1-score
reached 0.93, indicating stable and balanced performance despite class imbalance.

These results demonstrate that the Random Forest model effectively learned the underlying patterns in the
training data and was well prepared for evaluation on the testing dataset.
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Figure 2. Training Data Confusion Matrix

c. Testing Data Performance

Based on the evaluation of the Random Forest model on the testing dataset, the model achieved an accuracy of
97%, demonstrating excellent generalization performance. The confusion matrix indicates that 24 of 25 teachers
and staff appointed as GTY/PTY were correctly classified, with only one misclassification. In addition, all five
non-appointed cases were correctly predicted, confirming the model’s strong ability to identify both classes on
unseen data.

According to the classification report, the GTY/PTY Appointed class achieved a precision of 1.00, recall of 0.96,
and an Fl-score of 0.98. The Not Appointed class obtained a precision of 0.83, recall of 1.00, and an Fl-score
of 0.91. Overall, the model achieved a weighted average Fl-score of 0.97, indicating accurate, consistent, and

reliable classification performance on previously unseen data.
Confusion Matrix - Test Data
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Figure 3. Testing Data Confusion Matrix

3.2 Feature Importance and Interpretation

The feature-importance results show that the performance indicators do not contribute equally to the prediction
of GTY/PTY appointment eligibility. This is important for the foundation because it indicates which aspects
of the existing evaluation process are most closely associated with the historical appointment outcomes.
Discipline was the strongest predictor in the model, corresponding to the first indicator listed in the dataset
description (V1). Work Efficiency was also among the strongest predictors and corresponds to V3 based on
the order in which the indicators are introduced in the manuscript. A second high-ranking indicator (V5) also
contributed substantially, but its substantive label is not specified in the current dataset description; therefore,
its organizational meaning should be documented in the final data dictionary before the result is interpreted.
The remaining indicators, particularly those ranked lower in the feature-importance plot, contributed less to the
model’s predictions. These differences suggest that the foundation should pay particular attention to discipline
and work efficiency when reviewing performance evidence related to GTY/PTY appointment decisions, while
avoiding the assumption that lower-importance indicators are unimportant for employee development.

Overall, the feature importance analysis demonstrates that the Random Forest model successfully identified the
most influential performance indicators. These findings provide valuable insights for improving performance
evaluation criteria and support future development of data-driven decision-making models.
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Figure 4. Feature Importance Ranking

3.3 ROC Curve and AUC

Based on the ROC curve, the Random Forest model performed well above the diagonal reference line, indicating
excellent discrimination between the GTY/PTY Appointed and Not Appointed classes. The model achieved
an Area Under the Curve (AUC) of 0.992, demonstrating outstanding classification performance.

An AUC of 0.992 indicates a 99.2% probability that the model assigns a higher prediction score to an employee
who is actually eligible for appointment than to one who is not. The ROC curve’s close proximity to the
upper-left corner further confirms a high True Positive Rate and a low False Positive Rate, indicating accurate
predictions with minimal misclassification.

The ROCAUC results support the model’s strong discrimination between the GTY /PTY Appointed and Not
Appointed classes. The AUC of 0.992 indicates excellent separation in this dataset. Nevertheless, a high AUC
does not by itself establish that the model is appropriate as an autonomous personnel-decision mechanism;
operational use should remain subject to human review, SOP compliance, and periodic validation on new data.

3.4 Discussion and Practical Implications

The findings should be interpreted not only as evidence of predictive accuracy but also as evidence about how
performance information is currently associated with GTY/PTY appointment outcomes at the Al-Istiqomah
Al-Tslamiyah Foundation. The model achieved 97% testing accuracy and an AUC of 0.992, indicating strong dis-
crimination in the available dataset. These results suggest that historical evaluation records contain sufficiently
consistent patterns to support a data-driven decision-support approach. However, the model should support,
rather than replace, the professional judgment of school principals and the evaluation team.

The feature-importance results provide a more actionable interpretation for educational human resource man-
agement. Discipline and Work Efficiency emerged as the most influential named indicators in the available
description of the dataset. In the foundation’s context, this suggests that consistent attendance, adherence
to work responsibilities, and efficient completion of assigned duties may be closely associated with historical
appointment outcomes. The result can therefore inform more focused performance monitoring and feedback. At
the same time, feature importance should not be interpreted as proof that these indicators cause appointment
decisions; it only shows their contribution to the model’s predictions.

For SOP improvement, the foundation can use the model as an early screening and evidence-summarization
tool. Before an appointment recommendation is finalized, the predicted class should be reviewed together with
the employee’s underlying evaluation records, documented achievements, disciplinary history, and applicable
institutional criteria. A practical workflow would be: the model generates a prediction, the HR or evaluation
team checks the supporting indicators, discrepancies are documented, and the final appointment decision re-
mains with authorized decision-makers. This approach reduces repetitive manual screening while preserving
accountability.

Ethical and governance safeguards are also necessary before deployment. Employee data should be access-
controlled and used only for legitimate HR purposes. Predictions should be explainable to decision-makers,
and employees should not be disadvantaged solely because of an automated prediction. The model should be
periodically re-evaluated for changes in employee characteristics, evaluation practices, and class distribution.
Because the dataset contains only 100 historical records, the reported performance should be treated as promis-
ing rather than definitive, and the model should be validated on larger and more recent data before being used
for high-stakes appointment decisions.

Overall, the main contribution of the model is not simply its accuracy but its potential to make the foundation’s
evaluation process more consistent, evidence-based, and auditable. The strongest indicators can guide attention,
while the prediction itself can function as one source of evidence within a transparent human-led HR process.
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4 CONCLUSION

This study successfully developed a Random Forest-based prediction model for evaluating teacher and staff per-
formance using historical performance evaluation data from the Al-Istiqgomah Al-Islamiyah Foundation, Prabu-
mulih. The proposed model achieved 96% training accuracy and 97% testing accuracy, demonstrating strong
predictive performance in classifying GTY /PTY appointment eligibility. Among the five evaluated data-splitting
ratios (50:50, 60:40, 70:30, 80:20, and 90:10), the 70:30 ratio produced the most balanced overall performance,
with high accuracy, precision, recall, and Fl-score, as well as a low number of misclassifications. The model
also achieved an AUC of 0.992, indicating strong discriminatory capability between the GTY/PTY Appointed
and Not Appointed classes.

From a practical perspective, the findings indicate that Random Forest can support a more objective, consistent,
and data-driven performance evaluation process at the foundation. The model can be used as a decision-support
tool to assist HR managers and school administrators in identifying performance patterns relevant to GTY /PTY
appointment decisions. However, the model should not be used as the sole basis for employee appointment
decisions. Its predictions should be considered together with institutional SOPs, professional judgment, and
other relevant administrative and performance considerations.

A key limitation of this study is the relatively small dataset, which consists of only 100 performance evaluation
records collected from January 2022 to January 2024. Although the model achieved high predictive performance
on the available data, the limited sample size may constrain the generalizability of the findings to other periods,
employee groups, or educational institutions. Therefore, the current performance results should be interpreted
within the context of the available dataset and should not yet be considered universally applicable.

Future research should validate the proposed model using a substantially larger dataset collected over multiple
years and, where possible, from different units or educational institutions. Such validation would provide a
stronger assessment of the model’s stability, robustness, and generalization capability across different employee
characteristics and evaluation periods. Future studies may also incorporate additional relevant performance
indicators and compare Random Forest with other machine learning algorithms to determine whether predictive
performance and practical usefulness can be further improved. Furthermore, integrating the validated model
into a decision-support application could facilitate its responsible implementation within the foundation’s human
resource management process.
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