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ABSTRACT KEYWORDS
Employee performance assessment is a crucial component of human resource Random Forest
management because it supports strategic decisions such as contract renewal, Employee Performance
incentives, and competency development. This study proposes an optimized Machine Learning
Random Forest model for employee performance classification at PT Bringin Classification
Gigantara by tuning the max_depth and n_estimators hyperparameters. The N-Estimators

dataset consists of monthly performance evaluation records from 100 con-

tract employees during January—December 2024, including ten performance ARTICLE INFO
variables. During model development, hyperparameter optimization was con-

ducted exclusively on the training set using Stratified 5-Fold Cross-Validation Received: July 24, 2026

to evaluate parameter combinations and select the most stable and accurate Accepted: August 28, 2026
configuration. The optimization results indicate that the best-performing con- Available Online: September 23, 2026
figuration was n_estimators = 50 and max_depth = 10, achieving a mean

cross-validation accuracy of 98%. The optimized model achieved 98.75% accu-

racy on the training set and 95% accuracy on the test set, with corresponding

precision, recall, and F1-score values demonstrating good classification perfor-

mance. The findings indicate that the optimized Random Forest model can

provide a practical, objective, and data-driven decision-support tool for hu-

man resource personnel in evaluating employee performance and supporting

contract renewal decisions. Nevertheless, the model is intended to support,

rather than replace, managerial judgment.
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1 INTRODUCTION

Employee performance appraisal is a critical component of human resource management because it supports
strategic decisions such as contract renewal, incentives, promotion, and competency development. Reliable per-
formance data help organizations maintain productivity and support long-term business sustainability, making
objective and accurate evaluation essential [1].

In practice, however, manual and subjective performance assessments can result in bias, inconsistency, and
limited transparency. The growing volume of evaluation data across multiple indicators further complicates
conventional analysis, leaving potentially valuable performance patterns underutilized [2].

The advancement of data mining and machine learning provides a more systematic and objective alternative to
conventional evaluation methods [3]. As a branch of artificial intelligence, machine learning can identify patterns
in historical data and build predictive classification models, helping organizations uncover relationships among
evaluation variables and support more consistent, data-driven decisions [4].

Random Forest is one of the most widely used machine learning algorithms for classification tasks. As an
ensemble method, it builds multiple decision trees and aggregates their predictions, improving accuracy and
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reducing the risk of overfitting associated with individual decision trees [5]. It also handles high-dimensional
data effectively and generally provides good generalization to unseen data, making it suitable for employee
performance classification involving multiple evaluation indicators [6].

Nonetheless, the performance of Random Forest is strongly influenced by its hyperparameter configuration. The
max_depth parameter affects model complexity and its ability to capture data patterns, whereas n_estimators,
which determines the number of trees, influences prediction stability and accuracy [7]. Inappropriate parameter
settings may lead to underfitting or overfitting, highlighting the need for hyperparameter optimization to identify
an effective combination [8].

Recent studies have applied machine learning to employee performance classification, but they differ in modeling
strategy and optimization focus. Patel et al. compared Random Forest (RF), artificial neural network, decision
tree, and XGBoost classifiers and proposed an ensemble model for employee-performance classification [12].
Their contribution focused primarily on combining several classifiers rather than systematically optimizing
the internal RF hyperparameters. Tanasescu et al. investigated multiple machine learning algorithms for
employee-performance prediction and incorporated hyperparameter tuning, demonstrating the value of model
optimization in human resource analytics [4]. However, their study considered a broader multi-algorithm op-
timization framework rather than a focused analysis of the joint effects of max_depth and n_estimators in
RF for employee contract-renewal classification [5]. In a different classification domain, Thomas and Kaliraj [6]
demonstrated that systematic RF hyperparameter tuning can improve predictive performance, while Alonso-
Sarria et al. showed that exhaustive hyperparameter optimization and cross-validation can reveal both accuracy
and stability differences among RF configurations. These studies indicate that hyperparameter optimization
is important, but they do not specifically address the joint optimization of max_depth and n_estimators for
employee performance classification linked to contract renewal decisions [13]. Therefore, the novelty of this
study lies in systematically evaluating these two RF hyperparameters using Stratified 5-Fold Cross-Validation
and selecting a configuration that balances validation performance and generalization for the specific employee
performance classification problem at PT Bringin Gigantara [14].

PT Bringin Gigantara, a company engaged in workforce provision and management, maintains employee per-
formance evaluation data covering various assessment indicators [15]. These data provide an opportunity for
data-driven analysis and decision support in human resource management. Recent international research has
likewise shown that machine learning and data analytics can be used to make employee appraisal more system-
atic and less dependent on subjective judgment [16]. However, the specific use of an optimized Random Forest
model to classify contract renewal status from employee performance indicators remains insufficiently explored
in the context of the present case study [17].

Based on this background and the identified research gap, the present study applies the Random Forest algorithm
to employee performance evaluation data from PT Bringin Gigantara [18]. The study systematically evaluates
multiple combinations of max_depth and n_estimators using Stratified 5-Fold Cross-Validation to identify
the optimal configuration. The resulting model classifies employee performance into the “Renewed” and “Not
Renewed” categories [19]. The contribution of this study is therefore twofold: methodologically, it provides
a focused and reproducible optimization of two influential Random Forest hyperparameters; practically, it
provides a data-driven decision-support model that can assist human resource personnel in evaluating employee
performance and supporting contract renewal decisions [20].

2 RESEARCH METHODS
2.1 Research Methodology

This study employs a quantitative approach to construct a predictive classification model for employee contract
renewal decisions. The research workflow begins with the collection of employee performance evaluation data,
followed by preprocessing that includes data cleaning, normalization, categorical encoding, and feature selection
to ensure data quality and compatibility. The refined dataset is then divided into training and test sets to build
the model and evaluate its performance on unseen data. Hyperparameter optimization is subsequently applied
to the Random Forest algorithm by systematically tuning n_estimators and max_depth. Stratified 5-Fold
Cross-Validation is used during hyperparameter optimization on the training set, while the test set is reserved
for final evaluation. Finally, the optimized model is evaluated using a confusion matrix and standard metrics,
including accuracy, precision, recall, and F1-score, as shown in Figure 1.
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Figure 1. Research Process Flowchart

a Software Environment

The model was implemented in Python 3.11 using scikit-learn 1.5. Data preprocessing and analysis were
performed using Pandas and NumPy, with Google Colab serving as the experimental environment. Random
Forest and StratifiedKFold were implemented through scikit-learn. The use of a fixed random_state = 42 and
shuffle=True in cross-validation provides a reproducible data partitioning procedure. This standardized com-
putational environment and configuration support reproducibility of the proposed machine learning framework.

2.2 Data Collection and Variable Selection

This study uses a secondary dataset comprising historical employee performance evaluations provided by PT
Bringin Gigantara. The dataset contains performance indicators used by the company to determine employee
contract renewal decisions. The raw data were obtained from corporate records and structured for model
training, hyperparameter optimization, and classification using the Random Forest algorithm.

2.3 Data Preprocessing

Data preprocessing is a critical phase for ensuring data quality and preparing the dataset for Random Forest
classification, particularly when evaluating variations in n_estimators and max_depth. The raw employee
evaluation data extracted from the company’s internal system contained noise and inconsistencies that could
introduce bias and reduce model accuracy. Therefore, a systematic data preparation pipeline was implemented,
including missing-value handling, categorical encoding, feature scaling, and data cleaning, to transform the raw
data into a clean, structured, and standardized format suitable for machine learning analysis.

a Selection of Random Forest Algorithm

Random Forest was selected as the primary classification algorithm because the employee performance dataset
contains multiple assessment variables and a binary target, while the method can model nonlinear relationships
and interactions among predictors without requiring a single decision-tree structure. Its ensemble mechanism
combines predictions from multiple decision trees, which can improve predictive stability and reduce the variance
associated with an individual tree. Random Forest was therefore considered appropriate for this study because
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it can handle multiple performance indicators and provides a practical baseline for systematic hyperparameter
optimization. The study does not claim that Random Forest is universally superior to all other classification
algorithms; rather, it evaluates whether optimizing n_estimators and max_depth can produce a reliable model
for the specific employee classification task.

2.4 Application of Random Forest

a Cross-Validation and Parameter Tuning

A Stratified 5-Fold Cross-Validation approach was employed to systematically select the optimal combination of
n_estimators (number of decision trees) and max_depth (maximum tree depth) for the Random Forest model.
The procedure was implemented using StratifiedKFold with n_splits = 5, shuffle=True, and random_state
= 42. For each parameter combination, the training set was divided into five stratified folds; four folds were
used for training and the remaining fold for validation, and this process was repeated until every fold had served
as the validation fold. Stratification preserves the proportion of the “Renewed” and “Not Renewed” classes in
each fold. Importantly, the independent test set was not used during hyperparameter optimization, thereby
preventing data leakage. The mean validation accuracy across the five folds was used to compare candidate
parameter combinations and select the optimal configuration.

In each iteration, four folds are used for training, while the remaining fold serves as the validation set. For each
fold 4, classification accuracy is computed as follows:

TP, + TN; O
TP, + TN; + FP; + FN;

Accuracy,; =

Here, TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, respec-
tively. To determine the most stable parameter configuration, the mean cross-validation accuracy (CVean) is
calculated across the five validation folds:

5
1
CVimean = R Z Accuracy; (2)

i=1

Evaluating different n_estimators values helps balance predictive stability and computational cost. A larger
number of trees generally provides a more stable ensemble prediction, but it also increases computational
requirements. The hyperparameter configuration with the highest CViyean is selected as the optimal model
configuration.

Stratified 5-Fold Cross-Validation was selected because the dataset contains an imbalance between the “Re-
newed” and “Not Renewed” classes. Stratification ensures that each fold preserves the class distribution of the
original training set, producing more reliable and less biased validation results. Using five folds also allows the
model to be trained and validated across multiple partitions while retaining sufficient data for training in each
iteration.

b Parameter Optimization

The parameter ranges were selected to cover a practical spectrum of Random Forest complexity while keeping
the search computationally manageable for the available dataset and experimental environment. The evaluated
values were n_estimators = {10, 20, 30, 50, 75, 100} and max_depth = {3, 5, 10, 15, None}. The n_estimators
values represent small to relatively large ensembles, allowing the study to observe the effect of increasing the
number of trees on prediction stability and validation accuracy. The max_depth values represent shallow and
moderate tree depths, while None allows unrestricted depth and provides a reference for a more complex model.
Together, these ranges provide 30 candidate parameter combinations for systematic comparison using Stratified
5-Fold Cross-Validation.

Hyperparameter optimization was conducted using Stratified 5-Fold Cross-Validation to identify a Random
Forest configuration that balances predictive accuracy and model complexity. The optimization focused on
two key parameters: n_estimators and max_depth. Increasing n_estimators can improve ensemble stability
and reduce variance at the expense of greater computational cost, whereas constraining max_depth limits tree
complexity and can reduce the risk of overfitting. Systematic evaluation of all 30 candidate combinations allows
the effect of these two parameters to be assessed jointly rather than optimizing only one parameter. The
combination with the highest mean validation accuracy was selected for final model training.

2.5 Prediction and Evaluation (Confusion Matrix)
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a Prediction Process

Following training across the candidate hyperparameter configurations, the prediction process evaluates the
model’s ability to classify unseen employee performance data. Within the Stratified 5-Fold Cross-Validation
framework, the Random Forest model processes the validation fold in each iteration. Fach decision tree in-
dependently classifies an input sample based on learned rules, and the final class label (e.g., contract renewal
status) is determined by majority voting across the trees.

b Performance Evaluation Metrics

Model performance is evaluated using a confusion matrix within the cross-validation scheme to assess classifi-
cation reliability and reduce data-splitting bias. To obtain stable estimates during hyperparameter selection,
accuracy is computed for each validation fold and then averaged across the five folds. Overall accuracy measures
the proportion of correctly classified employee records:

TP + TN
TP + TN + FP + FN

Accuracy = (3)
For the positive class (“Renewed”), precision measures the proportion of true contract renewals among all
positive predictions, thereby minimizing false-positive predictions:
TP
Precision = ——— 4
TP + FP )
Conversely, recall measures the model’s ability to correctly identify all employees whose contracts are actually
renewed, thereby minimizing false-negative predictions:
TP
Recall = ——— )
TP + FN (5)
Finally, the Fl-score provides a balanced assessment by calculating the harmonic mean of precision and recall,
which is particularly useful when the dataset contains class imbalance:
Precision x Recall

F1- =2
seore x Precision + Recall (6)

2.6 Evaluation Method for Test Results

After hyperparameter optimization was completed using only the training set, the selected Random Forest model
was evaluated on the independent test set to measure its classification performance and provide an objective
assessment of how closely its predictions matched the actual class labels.

Evaluation began with a confusion matrix, a two-dimensional table comparing predicted results with actual
labels. Its four componentstrue positive (TP), true negative (TN), false positive (FP), and false negative
(FN)represent the correct and incorrect predictions made by the model.

From these values, four evaluation metrics were calculated: accuracy, precision, recall, and F1-score. Accuracy
measures the proportion of correct predictions among all test records. Precision measures the accuracy of
positive-class predictions, recall measures the model’s ability to identify actual positive instances, and the F1-
score is the harmonic mean of precision and recall. Together, these metrics provide a systematic assessment of
Random Forest classification performance.

2.7 Summary of Research Methodology

The research began with the collection of quantitative data from the company’s internal systems, covering
employee attendance, individual competence, interpersonal competence, and operational performance from
January to December 2024. All data were objective and anonymized to uphold research ethics.

The collected data then underwent preprocessing, including the selection of relevant attributes, standardization
of values to a 1-4 Likert scale, and encoding of the target variable to distinguish employee contract renewal
status. These steps ensured data quality and consistency and prepared the data for use with the Random Forest
algorithm.

The Random Forest implementation focused on evaluating how two key parametersthe number of decision trees
(n_estimators) and maximum tree depth (max_depth)affected model performance. Stratified 5-Fold Cross-
Validation was applied during training to produce stable evaluation results and reduce the risk of overfitting.
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3 RESULTS AND DISCUSSION

3.1 Data Collection

The data used in this study are secondary data obtained from the Human Resources (HR) department of PT
Bringin Gigantara. The dataset consists of employee performance appraisal records used for classification with
the Random Forest algorithm.

These data were used to predict the final performance appraisal outcome in two categories: “Renewed” and
“Not Renewed.” The dataset consists of 10 independent variables (assessment criteria) and one dependent target
variable.

3.2 Data Preprocessing Stage

Data preprocessing is a crucial step performed prior to applying the Random Forest algorithm. Its main purpose
is to ensure that the data used is of good quality, consistent, and suitable for the requirements of the machine
learning model, thereby enabling optimal classification performance.

a Data Selection

In the data selection stage, 100 out of 132 available employees were selected, as the remaining 32 held manage-
rial or permanent positions and were excluded, since the analysis focused solely on contract employees. The
Employee ID and Name attributes were used as identifiers, while variables V1-V10 were selected as the main
performance assessment attributes and prepared for the preprocessing stage.

b Data Cleaning

During data cleaning, the dataset was checked for completeness and consistency. No missing values, duplicate
entries, or out-of-range values were found; therefore, no additional cleaning was required, and the data were
ready for analysis. The data-cleaning process is illustrated in Table 1.

Table 1. Data Cleaning

NIK Nama V1i v2 V3 V4 V5 veé vT7 VS8 V9 V10
Karyawan
001 Karyawan_ 001 18 36 45 30 10 43 69 33 43 9
002 Karyawan__002 63 63 63 60 70 50 65 69 69 55
003 Karyawan__003 47 24 18 70 40 50 50 60 21 41
004 Karyawan_ 004 63 53 63 50 60 50 75 67 63 73
005 Karyawan_ 005 73 100 67 40 100 50 74 91 54 82
006 Karyawan__006 17 67 33 40 60 20 63 36 9 27
007 Karyawan__007 59 94 59 40 80 17 41 25 25 45
008 Karyawan_ 008 11 44 11 40 30 20 49 40 13 18
009 Karyawan__ 009 73 64 45 80 50 33 63 53 76 68
010 Karyawan_ 010 50 86 43 70 60 57 68 52 71 50
100 Karyawan__100 65 82 53 40 80 67 64 98 65 64

c Encoding

After data cleaning, the employee data were transformed into a more structured format. All performance-
variable values were rescaled to a 1-4 Likert scale to standardize the range across variables. The resulting
variables were labeled X1-X10.

The target variable representing contract renewal status was encoded numerically, with 1 for the “Renewed”
category and 0 for the “Not Renewed” category. The encoded data are shown in Table 2.

Table 2. Data Encoding

NIK K X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
001 K1 2 2 3 2 3 3 3 2 3 2 1
002 K2 3 3 3 3 3 3 3 3 3 3 1
003 K3 2 1 2 3 2 3 3 3 2 2 0
004 K4 3 3 3 3 3 3 4 3 3 3 1
005 K5 2 3 2 2 3 3 3 2 3 2 1
006 K6 2 3 2 2 3 2 3 2 2 2 0
007 K7 3 4 3 2 4 2 2 2 2 2 1
008 K8 2 2 2 2 2 2 2 2 2 2 0
009 K9 3 3 2 4 3 2 3 3 4 3 1
010 K10 3 4 3 3 3 3 3 3 3 3 1
100 K100 3 4 3 2 4 3 3 4 3 3 1

d Data Split

The dataset was divided into 80% training data (80 employee records) and 20% test data (20 employee records).
The training set consisted of 70 Renewed and 10 Not Renewed records, while the test set consisted of 15
Renewed and 5 Not Renewed records. Hyperparameter optimization was performed exclusively on the training
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set using Stratified 5-Fold Cross-Validation with n_splits = 5, shuffle=True, and random_state = 42. The
independent test set was reserved solely for final evaluation and was not used to select the hyperparameter
configuration.

3.3 Random Forest Implementation

At this stage, the Random Forest algorithm was applied to classify the performance of PT Bringin Gigantara
employees based on the preprocessed evaluation data. The goal was to build a classification model capable
of objectively identifying patterns in the relationship between performance assessment variables and the final
employee evaluation outcome.

a Cross Validation and Parameter Optimization

Stratified 5-Fold Cross-Validation was used to search for and select the best hyperparameter configuration, with
each candidate combination evaluated across five stratified data splits. The mean validation accuracy across all
five folds served as the basis for selecting the optimal configuration.

In the parameter optimization stage, the key model parameters affecting classification complexity and perfor-
mancen_estimators (number of trees) and max_depth (maximum tree depth)were tuned jointly to balance
accuracy and generalization ability. The 30 combinations formed by n_estimators = {10, 20, 30, 50, 75, 100}
and max_depth = {3, 5, 10, 15, None} were evaluated using Stratified 5-Fold Cross-Validation on the training
set.

This configuration was subsequently used as the final model for the prediction and evaluation stages. It was
selected to provide strong accuracy while maintaining balanced generalization performance on previously unseen
data. The comparative results of all parameter combinations are presented in Table 3.

Table 3. Parameter Optimization

n__estimators max_ depth Fold1 Fold2 Fold3 Fold4 Fold5 CV Mean
10 None 0.80 1.00 0.95 1.00 0.95 0.94
10 3 0.75 1.00 1.00 1.00 0.95 0.94
10 5 0.80 1.00 0.95 1.00 0.95 0.94
10 10 0.80 1.00 0.95 1.00 0.95 0.94
10 15 0.80 1.00 0.95 1.00 0.95 0.94
20 None 0.75 1.00 1.00 1.00 0.95 0.94
20 3 0.80 0.95 1.00 1.00 0.95 0.94
20 5 0.75 1.00 1.00 1.00 0.95 0.94
20 10 0.75 1.00 1.00 1.00 0.95 0.94
20 15 0.75 1.00 1.00 1.00 0.95 0.94
30 None 0.85 1.00 1.00 1.00 0.95 0.96
30 3 0.80 0.95 1.00 1.00 0.95 0.94
30 5 0.85 1.00 1.00 1.00 0.95 0.96
30 10 0.85 1.00 1.00 1.00 0.95 0.96
30 15 0.85 1.00 1.00 1.00 0.95 0.96
50 None 0.80 1.00 1.00 1.00 0.95 0.95
50 3 0.75 0.95 1.00 1.00 0.95 0.93
50 5 0.80 1.00 1.00 1.00 0.95 0.95
50 10 0.95 1.00 1.00 1.00 0.95 0.98
50 15 0.95 1.00 1.00 1.00 0.95 0.98
75 None 0.95 1.00 1.00 1.00 0.95 0.98
75 3 0.80 0.95 1.00 1.00 0.95 0.94
75 5 0.80 1.00 1.00 1.00 0.95 0.95
75 10 0.95 1.00 1.00 1.00 0.95 0.98
75 15 0.95 1.00 1.00 1.00 0.95 0.98
100 None 0.95 1.00 1.00 1.00 0.95 0.98
100 3 0.80 0.95 1.00 1.00 0.95 0.94
100 5 0.95 1.00 1.00 1.00 0.95 0.98
100 10 0.95 1.00 1.00 1.00 0.95 0.98
100 15 0.95 1.00 1.00 1.00 0.95 0.98

To improve result transparency, fold-level accuracies are reported instead of presenting only the average value.
The selected hyperparameter combination was determined based on the highest mean validation accuracy to-
gether with the stability of the fold results.

3.4 Model Performance Evaluation

After the best parameter combination was obtained, the next step was model performance evaluation. The
Random Forest model was trained using the selected parameters and then tested to measure its performance in
classifying employee performance. This evaluation assessed the model’s accuracy and generalization ability on
previously unseen data.
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a Confusion Matrix — Training Data

Model performance on the training set was evaluated using a confusion matrix comparing predicted results
with actual labels. Figure 2 shows the confusion matrix for the training set. The model correctly classified 68
instances of class 1 and 9 instances of class 0, with one misclassification in class 0 and no errors in class 1. This
resulted in an accuracy of 98.75%, indicating strong performance on the training set.

Confusion Matrix - Training Data

Actual

- 30

-20

-10

I
0 1
Predicted

Figure 2. Training Data Confusion Matrix

Based on the confusion matrix, the model achieved an accuracy of 98.75%. Macro precision was 99.18%, while
macro recall was 96%. The macro Fl-score was 97%, indicating a strong balance between precision and recall
across the two classes, as depicted in Figure 3. Overall, these results indicate that the classification model
performed well on the training set and can support employee contract renewal decisions.

68+11 79 _ 98.75%

AccuraCy = 68+11+0+1 80

- PrecigsPreci 1.0040.99
Precisionmaero = ———5—— = =99.18%
Recally, Recall 0.92+1.00 192
Recallyero = "; s Y > m——= 96%

_ Flg4F1; _ 096+ 099
Fl macro = 2 -

=97%
Figure 3. Confusion Matrix Calculation Results for Training Data

b Confusion Matrix — Testing Data

After evaluation on the training set, the model was tested on the test set to assess its performance on previously
unseen data and provide a more objective measure of generalization. Figure 4 shows the confusion matrix
for the test set. The model correctly classified 17 instances of class 1 and 2 instances of class 0, with one

misclassification in class 0. This resulted in an accuracy of 95%, indicating good generalization performance on
the test set.
Confusion Matrix - Testing Data
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Figure 4. Testing Data Confusion Matrix
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Based on the test results, the model achieved an accuracy of 95%, indicating that most records were correctly
classified. Macro precision, macro recall, and macro Fl-score were each 97%, as calculated in Figure 5. These
results demonstrate that the model classifies the test records effectively and generalizes adequately to unseen
data.

17+2 19
Accuracy = ——— = —= 959
4 17+2+1+0 20 /D
. Precigy Preci 1.00+94
Precisiongero = ”;_ 2 = — =97%
Recallgy Recall 67+1.00
Recall maero = "; - =——=83%
Fly,4F1 80+97
F1 macro = —_—t = = 89%

Figure 5. Confusion Matrix Calculation Results for Testing Data

Table 4 summarizes the model’s performance on the training and test sets. Performance on the training set was
higher than on the test set, which is expected because the model was fitted to the training data. The results
nevertheless indicate reasonably good generalization.

Table 4. Comparison of Training and Test Sets

Evaluation Metric Training Data (80%) Testing Data (20%)
Accuracy (%) 98 95
Precision (%) 99 97
Recall (%) 96 83
F1-Score (%) 97 89

The test set is relatively small, comprising only 20 employee records (15 Renewed and 5 Not Renewed), which
may limit the statistical robustness of the reported test accuracy. To provide additional evidence of model
reliability, the Stratified 5-Fold Cross-Validation results in Table 3 offer a more comprehensive validation. The
selected configuration (n_estimators = 50, max_depth = 10) achieved a mean cross-validation accuracy of 0.98
across the folds during training, indicating stable performance beyond a single train-test split. Future research
should validate the model using a larger and more balanced employee dataset to strengthen the generalizability
of the findings.

Although the independent test set contains only 20 employee records, model validation was not based solely on
this hold-out set. Stratified 5-Fold Cross-Validation was performed on the training set during hyperparameter
optimization; therefore, the reported test accuracy should be interpreted together with the cross-validation
results presented in Table 3.

c Employee Prediction Results

In addition to the confusion matrix evaluation, this study presents the model’s prediction results for the em-
ployee data. Table 5 compares the actual labels with the Random Forest predictions and shows that the
model successfully classified employee performance status into the “Renewed” and “Not Renewed” categories.
Most predictions matched the actual labels, indicating that the model captured the relationships among the
performance evaluation variables effectively.

Overall, the high prediction accuracy indicates that the selected hyperparameters produced strong model perfor-
mance, consistent with the test results. Accordingly, these prediction results can serve as supporting information
for employee performance evaluation and contract renewal decisions.

Table 5. Employee Prediction Results

NIK Vi V2 V3 V4 V5 Ve vT7 V8 V9 V1o Actual Prediction

37 3 4 3 2 4 4 3 4 4 3 1 1
45 3 3 2 3 3 2 3 2 4 2 1 1

4 3 3 3 3 3 3 4 3 3 3 1 1

2 3 3 3 3 3 3 3 3 3 3 1 1
27 2 3 3 3 3 3 2 3 3 2 1 1
73 3 4 2 3 3 2 2 3 2 2 1 1
49 3 4 3 2 4 4 3 4 4 3 1 1

11 3 2 2 3 3 2 2 1 2 3 0 1
60 4 3 4 2 3 4 4 3 4 4 1 1

3.5 Result Analysis

The optimized Random Forest model achieved a test accuracy of 95%. The parameter search results show
that n_estimators = 50 and max_depth = 10 achieved a mean Stratified 5-Fold Cross-Validation accuracy of
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0.98. This configuration was selected because it reached the highest validation performance while maintaining a
relatively simple ensemble compared with configurations using more trees or deeper trees. The results also show
that increasing max_depth from 5 to 10 improved the mean validation accuracy for n_estimators = 50 from
0.95 to 0.98, indicating that shallow trees were not sufficiently expressive for the observed employee performance
patterns. Increasing max_depth beyond 10 did not improve the mean accuracy, while increasing n_estimators
from 50 to 75 or 100 at max_depth = 10 also produced 0.98. Thus, n_estimators = 50 and max_depth = 10
provide a practical balance between predictive performance, model complexity, and computational cost rather
than simply maximizing the number or depth of trees.

Table 6. Comparison with Related Employee-Performance Studies

Study Method Accuracy
Previous employee classification study Random Forest (default parameters) 88-93%
Career placement classification Decision Tree / Naive Bayes 85-91%
This study Optimized Random Forest 95%

The 95% test accuracy is comparable to the 95.83% Random Forest accuracy reported by Patel et al. [12]
for employee-performance classification, although the datasets, target definitions, and experimental settings
are different and therefore the values should not be interpreted as a direct head-to-head comparison. In an-
other employee-performance prediction study, Singh and Khuteja reported 87% accuracy using Random Forest,
whereas the present model achieved 95% on the independent test set. These comparisons indicate that the pro-
posed model performs competitively with existing Random Forest-based employee-performance studies. More
importantly, the contribution of the present study is methodological: rather than relying on a default Random
Forest configuration, it jointly evaluates n_estimators and max_depth using Stratified 5-Fold Cross-Validation
and selects a configuration that maintains strong validation performance with a comparatively compact ensem-
ble. Tanasescu et al. [4] likewise demonstrate the value of preprocessing, model comparison, and hyperparameter
tuning for employee-performance prediction; the present study differs by focusing specifically on joint optimiza-
tion of these two Random Forest parameters for employee contract-renewal classification.

4 CONCLUSION

This study demonstrates that systematic hyperparameter optimization using Stratified 5-Fold Cross-Validation
can provide a stable Random Forest configuration for employee performance classification. The selected config-
uration, n_estimators = 50 and max_depth = 10, achieved a mean cross-validation accuracy of 98% and a test
accuracy of 95%, indicating good predictive performance on the independent test set. The practical implication
is that the model can be used as a decision-support tool by human resource personnel to organize performance
evidence, identify employees predicted as “Renewed” or “Not Renewed,” and support more objective, transpar-
ent, and data-driven contract renewal discussions. The model should support rather than replace managerial
judgment and established HR policies. A key limitation is the relatively small dataset of 100 contract employees
from a single company, with only 20 records in the independent test set; this limits the statistical robustness
and generalizability of the findings to other organizations. Future research should therefore validate the model
on larger and more diverse multi-company datasets, consider more balanced class distributions, and evaluate
additional Random Forest hyperparameters or alternative ensemble optimization methods.
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