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Abstract. This study analyzes the score distribution of 2,490 candidates in the 2024 Ministry of
Finance Public sector recruitment, focusing on the CNI, GIT, and PCT sections using machine
learning classification. Models used include Logistic Regression (accuracy 0.7897), Random
Forest (0.9779), and XGBoost (0.9809), all trained with default parameters (n_estimators=100,
max_depth=None) and evaluated using accuracy, precision, recall, and Fl-score. While
ensemble models outperformed Logistic Regression, the presence of false negatives—especially
in the latter—reveals structural imbalances in test design. PCT scores dominate the total, while
CNI and GIT show limited variation. These patterns suggest the need to revise PCT items with
more complex ethical scenarios and enhance CNI and GIT content for better discrimination. This
study contributes to improving test validity and fairness using empirical, data-driven methods.
The findings support broader policy reforms toward more meritocratic and competency-aligned
recruitment in Indonesia's civil service.
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1. Introduction

Public sector recruitment is a strategic process used by governments and public institutions to
identify, evaluate, and appoint competent individuals for civil service roles. It plays a central
role in building an accountable, efficient, and professional bureaucracy, which is essential for
delivering quality public services and maintaining public trust [1]. In many countries, including
Indonesia, public sector recruitment is not only a matter of fulfilling staffing needs, but also a
governance instrument to ensure that only individuals with strong integrity, cognitive ability,
and national commitment enter public office [2]. One of the most prominent forms of public
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sector recruitment in Indonesia is the Civil Servant Candidate Selection (CPNS). The selection
of Civil Servant Candidates (CPNS) is a crucial process to ensure the quality of human
resources in the public sector, which supports the effectiveness of service and governance [3].

The Public sector recruitment consists of three main components: the National Insight Test
(CNI), which measures understanding of the Pancasila ideology, the 1945 Constitution, and
national issues; the General Intelligence Test (GIT), which evaluates cognitive abilities such as
logic, numeracy, and verbal; and the Personal Characteristics Test (PCT), which assesses
integrity, cooperation, and service orientation [4]. These components are designed to reflect the
competencies required of a civil servant, as regulated by the Ministry of State Apparatus
Empowerment and Bureaucratic Reform through graduation rules based on general and special
formations [5]. However, the effectiveness of the Public sector recruitment test design in
measuring these competencies still requires in-depth evaluation, especially to ensure that the
test can distinguish high-quality candidates fairly and validly.

Optimizing public sector recruitment using machine learning enables a more efficient,
objective, and transparent selection process [6]. With intelligent algorithms, the system can
analyze applicant data in real time, identify performance patterns, and predict candidate success
based on various variables such as educational background, work experience, and competency-
based exam results [7]. Machine learning is also capable of detecting anomalies, reducing
human bias, and suggesting improvements in question design and evaluation systems [8]. As a
result, the recruitment process becomes more adaptive, measurable, and aligned with the needs
of public agencies in providing professional and integrity-driven civil servants [9]. In the
context of educational testing and selection, ML has been used to evaluate test designs, detect
bias, and optimize scoring systems [10]. For example, clustering techniques can group
participants based on score patterns, while classification models can predict selection outcomes
and measure the contribution of each test component [11,12]. Although machine learning (ML)
has proven effective in various domains, its application in Public sector recruitment evaluation
in Indonesia is still very limited, making this approach a promising innovation.

For instance, Virnandes et al. highlighted the importance of training to improve participant
readiness for the Public sector recruitment, but focused on the provisioning aspect without using
ML-based quantitative data analysis [1]. Meanwhile, Nurhidayat and Hendrastuty [13] applied
the Naive Bayes algorithm to analyze public sentiment towards the Public sector recruitment on
social media Twitter, but did not specifically evaluate the distribution of test scores. This gap
creates opportunities for research that is not only academically relevant but also has practical
implications for civil service selection policies, particularly through the analysis of score
distribution patterns using ML.

The distribution of Personal characteristics Test (PCT), Civics and National Insight (CNI)
and General Intelligence Test (GIT) scores in the Public sector recruitment can provide
important insights into the strengths and weaknesses of the test design. For example, a PCT
score distribution that is skewed toward high scores may indicate that the questions are less
discriminatory, thus failing to distinguish candidates with superior character from those with
average [14]. Conversely, low variability in GIT scores may indicate that the questions are not
challenging enough to measure cognitive abilities in depth [15]. These patterns, if not analyzed,
can result in suboptimal selection, where candidates who pass do not necessarily reflect the
ideal competencies of a civil servant.

Given that the public sector recruitment passing rules have been set by the ministry based
on formation, evaluating test design becomes increasingly important to ensure that the
assessment system supports fair and effective selection [16]. This study used ML techniques,
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such as classification, to analyze the score distribution of 2,490 Public sector recruitment takers,
with the aim of revealing weaknesses in the test design and recommending data-based
improvements. Previous studies on Public sector recruitment tests tend to focus on policy
analysis or qualitative evaluation, with little attention to quantitative data analysis based on
sophisticated methods. For example, Hermawan and Saputra [17] analyzed the effect of GIT,
CNI, and PCT scores on passing the Public sector recruitment Basic Competency Selection
(SKD) using simple bivariate analysis and binning methods, finding that PCT has higher
competitiveness than CNI and GIT, but did not utilize a machine learning approach to explore
the pattern of score distribution in depth. Similarly, Rahmawati et al. [ 18] examined the urgency
of the National Insight Test (CNI) as an assessment instrument for the recruitment of employees
of the Corruption Eradication Commission (KPK), highlighting the importance of CNI in
measuring national insight, but focused on normative and legal aspects without quantitative
analysis of score distribution.

These limitations emphasize the need for research that utilizes ML to provide new
perspectives on the effectiveness of the Public sector recruitment. This study offers the
following contributions:

1. Analyzing the distribution patterns of CNI, GIT, and PCT scores among 2,490 Public
sector recruitment participants using machine learning classification methods (Logistic
Regression, Random Forest, and XGBoost).

2. Identifying structural weaknesses in the test design, such as overrepresentation of PCT
scores and limited score variation in CNI and GIT.

3. Providing actionable, data-driven recommendations to improve test fairness, validity,
and alignment with the competencies expected of civil servants.

4. Demonstrating the potential of machine learning as an evaluation framework for
optimizing high-stakes national selection exams in Indonesia and other similar contexts

2. Methods

This study adopts a quantitative approach based on data mining to analyze the distribution
pattern of scores of the National Insight Test (CNI), General Intelligence Test (GIT), and
Personal Characteristics Test (PCT) in the selection of public sector recruitment. The research
process is designed chronologically, including data acquisition, data pre-processing, modeling
using ML techniques, model testing, and interpretation of results to produce data-based
recommendations to improve the effectiveness of the public sector recruitment design.

2.1 Data Acquisition

The research data comes from the 2024 CPNS (Civil Servant Candidate Selection) test
conducted by the Ministry of Finance of Indonesia, consisting of 2,490 rows and four main
variables: CNI (National Insight Test), GIT (General Intelligence Test), PCT (Personal
Characteristics Test), and graduation status (Pass/Fail). These data were officially sourced from
the Ministry’s Integrated CASN Recruitment Information System and stored in CSV format for
ease of processing. To maintain confidentiality and uphold ethical standards, all personally
identifiable information such as participant names, IDs, and testing center codes were
anonymized prior to analysis. The dataset used in this study contains only aggregated numerical
values and binary labels, ensuring compliance with data protection regulations. The data
acquisition process adhered to applicable data protection regulations, aligning with ethical
standards for confidentiality and responsible data usage in public sector research. The findings
of this study are intended to contribute to the design of fairer and more accountable recruitment
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policies by providing data-driven insights for legal frameworks, recruitment formation, and
public policy decisions.

2.2. Data Pre-Processing

Data cleaning and preprocessing were conducted using Python 3.9 along with essential libraries
such as pandas, numpy, and scikit-learn to ensure data quality and optimal model performance.
Initial inspection revealed no missing or null values in the dataset. The score features—CNI,
GIT, and PCT—were standardized using the Standard Scaler to normalize different value
ranges across features. The target variable indicating graduation status ("Lulus" or "Tidak
Lulus") was encoded into binary values, with 1 representing Pass and 0 representing Fail.
Outliers, particularly in the PCT scores, were identified using the Interquartile Range (IQR)
method and capped where necessary to preserve distribution consistency. Due to class
imbalance—29.9% Pass (745 instances) and 70.1% Fail (1,745 instances)—stratified sampling
was applied during train-test splitting, and class weighting techniques were implemented to
reduce model bias and ensure fairer classification outcomes [2,19,20]. This process was
performed using Python on Jupyter Notebook.

2.3. Research Design

The study design employed machine learning classification techniques to predict participants’
graduation status based on their test scores. Three algorithms were used: XGBoost, Random
Forest, and Logistic Regression, each applied to the CNI, GIT, and PCT scores of public sector
recruitment 2024 participants [21,22]. These models aimed to identify the most influential score
components and assess the effectiveness of the current test structure. The study procedures are
detailed in the following standard pseudocode. To evaluate the quality of clusters formed by
participant score patterns, the Silhouette Score was used as it effectively balances intra-cluster
cohesion and inter-cluster separation [23].

PSEUDOCODE: Analysis of CPNS Score Distribution Based on Machine Learning
INPUT: dataset (2,490 rows: CNI, GIT, PCT, Graduation Status)
OUTPUT: graduation prediction model, recommendation

// 1. Data Pre-processing

FUNCTION PreProcessing(dataset):
- Handle missing values
- Normalize or scale features (CNI, GIT, PCT)
- Split dataset into training and testing sets
RETURN X train, X test, y train, y test

// 2. Classification Analysis
FUNCTION Classification(X train, X test, y train, y test):
- Initialize models: Logistic Regression, Random Forest, XGBoost
- Train each model on X train, y train
- Evaluate on X test: accuracy, precision, recall, Fl-score
- Select best model based on evaluation
- Extract important features from best model
RETURN best model, metrics, important features

// 3. Result Interpretation
FUNCTION Interpretation(metrics, important features):
- Analyze contribution of CNI, GIT, PCT
- Identify strengths and weaknesses of current test design
- Generate data-based recommendations
RETURN feature impact, recommendation

// Main Program

X train, X test, y train, y test = PreProcessing(dataset)

best model, metrics, important features = Classification(X train, X test, y train,
y test)
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feature impact, recommendation = Interpretation(metrics, important features)
RETURN best model, feature impact, recommendation

2.4. Classification Procedure

The selection of Logistic Regression, Random Forest, and XGBoost for public sector
recruitment pass classification was carried out to compare linear and non-linear approaches in
handling datasets with numeric features (CNI, GIT, PCT) that have complex distributions and
potential class imbalances. Three classification models were selected for evaluation: 1) Logistic
Regression, which is simple, interpretable, and efficient for binary classification. Logistic
Regression was chosen because of its simplicity and interpretability, suitable as a baseline for
evaluating the linear relationship between test scores and passing. 2) Random Forest, which
effectively handles nonlinear relationships and is resistant to overfitting. Random Forest was
chosen because of its resistance to overfitting and ability to handle non-linear feature
interactions, which are relevant for datasets with high PCT score variability. 3) XGBoost, a
gradient boosting algorithm known for its high accuracy, particularly in imbalanced datasets.
XGBoost was chosen because of its superiority in boosting to improve accuracy on data with
class imbalance, which often occurs in public sector recruitment, as well as its efficiency in
handling medium-sized datasets like this.

Model parameters were initially set using standard best practices and subsequently optimized
using GridSearchCV to enhance performance. For instance, Random Forest was configured
with n_estimators=100, max_depth=None,and class weight='balanced',
while XGBoost employed learning_rate=0.1 and scale pos weight=2.33, the latter adjusted
based on the class imbalance observed in the dataset. The comparison of these three algorithms
allows a comprehensive evaluation of model performance, from simple to complex approaches,
to ensure robust and relevant insights for research objectives [24]. The model was trained with
default parameters and evaluated with accuracy, precision, recall, and F1-score metrics [25].
Feature importance was analyzed to determine the contribution of CNI, GIT, and PCT to
passing, providing insight into the weighting of test components [8].

2.5. Testing and Validation
Model performance is further evaluated on test data to assess accuracy in predicting graduation
outcomes. A baseline comparison is conducted using Logistic Regression to measure the
performance advantage of ensemble models such as Random Forest and XGBoost [26].
Visualizations, including the Confusion Matrix and ROC Curve, are employed to interpret and
compare model performance effectively [8]. To ensure the robustness and generalizability of
the classification models, a two-level validation strategy was applied:
1. Stratified Train-Test Split (80/20)
The dataset was divided into 80% training data (1,992 entries) and 20% testing data
(498 entries) while preserving the class ratio of Pass (29.9%) and Fail (70.1%). This
technique ensures that both classes are proportionally represented in both training and
testing sets.
2. 5-Fold Stratified Cross-Validation
On the training set, a 5-fold Stratified Cross-Validation was conducted to evaluate
model consistency across multiple folds. The stratification preserved the class distribution
within each fold, which is crucial for imbalanced datasets. This means that in each fold,
approximately 29.9% of the samples represent the "Pass" class, and 70.1% represent the
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"Fail" class. This cross-validation technique helps reduce overfitting and provides a more
reliable estimate of model performance before testing on unseen data.
o The average metrics across the five folds were recorded
for Accuracy, Precision, Recall, F1-Score, and ROC-AUC.
o These metrics are compared to the final results from the test set to check for
overfitting or underfitting symptoms.
o For Random Forest, the average cross-validation F1-Score was 0.87, with standard
deviation of +£0.02, indicating model stability across different subsets of the data.
3. Hyperparameter Tuning with Cross-Validation
Each model underwent GridSearchCV optimization using 5-fold stratified CV to select
the best hyperparameter configuration. This further strengthens the reliability of each
model by tuning it based on average performance over multiple folds, not just a single
training-validation split.

2.6. Interpretation

Classification results are analyzed to identify patterns in score distribution that reflect
weaknesses in the test design, such as low variability in GIT scores or the dominance of PCT
in influencing graduation outcomes. Based on these findings, data-driven recommendations are
formulated—such as adjusting score weights or revising question content to enhance
discrimination in accordance with psychometric testing standards. These recommendations are
further aligned with existing CPNS policy literature to ensure relevance and applicability.

2.7. Device and Environment

The analysis was carried out using Python 3.9 on Jupyter Notebook, with a library of scitches
for ml, pandas for data processing, matplotlib and seaborn for visualization, and numpy for
numeric computing. Hardware includes computers with Intel Core 17 processors, 16GB RAM,
and Windows 10 operating systems. This study follows systematic data mining principles,
ensuring that each step is supported by scientific references to ensure academic validity, in line
with the purpose of optimizing CPNS selection through ML.

3. Results and Discussion

3.1 Descriptive Analysis

Figure 1 shows the Histogram Distribution of CNI, GIT, and PCT Scores of 2,490 Public sector
recruitment participants in the Ministry of Finance 2024. Figure 2 shows that the CNI score is
relatively symmetrical, on average 94 for graduation, 67 not to graduate; GIT leaning to the
right with low variability, an average of 134 vs. 67; And the crime scene also leaning to the
right with an average score of 190 vs. 176 which indicates the crime scene less discriminatory
and GIT is less challenging, while CNI is sufficient to distinguish national insight but needs to
increase relevance, support the research objectives to uncover the weaknesses of test design and
recommend data-based improvements.

Figure 2 shows the boxplot of CNI, GIT, and PCT scores that show a significant difference
between the graduation participants (P/L) and not graduated (TL/TH), with the median CNI
score (92 vs. 70), GIT (130 vs. 65), and PCT (190 vs. 175); Participants graduated have a higher
score, but the crime scene shows low variability (IQR ~ 20 to graduate vs. ~ 25 to not pass) and
many outliers to participants do not pass, indicate the problem of the crime scene is less
discriminatory, while GIT has a narrow IQR (~ 25 to graduate) which shows the lack of
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cognitive challenges, and CNI is enough to distinguish national insights (IQR ~ 25 to pass vs.
~ 30 to pass).
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Figure 3 shows the results of the Public sector recruitment classification using three algorithms:
Logistic Regression, Random Forest, and XGBoost, presented in the form of a confusion
matrix. Based on the updated performance metrics, Logistic Regression achieved an accuracy
0f 0.790, precision of 0.790, recall of 0.790, and F1-Score of 0.786. Random Forest performed
better with an accuracy of 0.978, precision of 0.978, recall of 0.978, and F1-Score of 0.978.
XGBoost outperformed the other two with the highest accuracy of 0.981, precision of 0.981,
recall of 0.981, and F1-Score of 0.981.

All models were validated using 5-fold cross-validation, showing consistent generalization
capabilities across folds. XGBoost demonstrated superior performance, likely due to its
boosting mechanism that handles class imbalance and captures complex non-linear
relationships. Random Forest also showed strong performance due to its robustness against
overfitting. Logistic Regression, while simpler and easier to interpret, underperformed in
comparison, indicating lower sensitivity toward the positive (graduated) class.
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The confusion matrix analysis (not shown) supports this pattern: all models were generally
more accurate at predicting participants who did not graduate, while logistic regression
exhibited relatively more false negatives, indicating its limited ability to capture the complexity
in the graduation class. This suggests that traditional linear models may not be sufficient for a
test system with skewed distributions—especially where national insight (CNI) and cognitive
ability (GIT) scores are highly variable. XGBoost and Random Forest, by contrast, proved more
effective in addressing these data characteristics.

Table 1. Results of the Three Classification Models

Model Accuracy Precision Recall F1-score
Random Forest 0.977917 0.977992 0.977917 0.977899
Logistic Regression 0.789670 0.789698 0.789670 0.786031
XGBoost 0.980928 0.981097 0.980928 0.980932
3.3. Discussion

This research utilizes classification algorithms—Logistic Regression, Random Forest, and
XGBoost—to analyze the distribution of CNI, GIT, and PCT scores from 2,490 public sector
recruitment participants in the 2024 Kemenkeu selection. These classification methods enable
data-driven predictions of graduation outcomes and help identify the key determinants affecting
success, such as the dominant role of PCT (Personal characteristics Test) scores and the limited
variation observed in GIT (General Intelligence Test). The performance disparity among the
three models—Logistic Regression, Random Forest, and XGBoost—can be attributed to their
underlying algorithmic complexity and capability in handling feature interactions, non-
linearity, and class imbalance. Logistic Regression, being a linear model, assumes a linear
relationship between input features and the target variable. While this simplicity makes it
interpretable and computationally efficient, it limits the model’s ability to capture complex
patterns—particularly in datasets like the Public sector recruitment scores, where score
distributions across CNI, GIT, and PCT are not linearly separable.

As aresult, Logistic Regression tends to generalize poorly for the "Lulus" class, leading
to higher false negatives. On the other hand, Random Forest, an ensemble of decision trees,
handles non-linearities and overfitting better through bootstrapping and feature randomness,
which improves performance significantly. However, it still lacks the sequential learning and
error-correction capabilities needed to maximize precision and recall under severe class
imbalance. XGBoost outperformed the other models because of its advanced gradient boosting
framework that corrects errors from previous trees in a sequential manner, allowing the model
to learn from difficult or minority class samples more effectively [27]. This is especially crucial
in the CPNS dataset, where only 29.9% of participants passed, making the "Lulus" class
underrepresented. Furthermore, XGBoost offers regularization (both L1 and L2), which
prevents overfitting despite  high model complexity, and its ability to
assign scale_pos weight directly addresses class imbalance. The model also incorporates
optimized tree pruning, parallel processing, and efficient handling of missing data, enabling
faster and more accurate training.

Feature importance from XGBoost further indicates that PCT scores dominate
predictions due to their distribution and discriminative power, while CNI and GIT contribute
less. This combination of technical superiority and better adaptation to imbalanced, non-linear
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data makes XGBoost the most reliable model for accurately predicting Public sector recruitment
outcomes. By using classification, the study reveals patterns in the data that suggest an
imbalance in how test components contribute to the overall result—particularly the
overemphasis on PCT and the relatively weaker discriminative power of CNI and GIT. The
findings suggest that the current test design leads to score homogeneity in PCT, low cognitive
challenge in GIT, and possibly outdated content in CNI. As a result, classification models—
especially XGBoost and Random Forest with their strong predictive performance—help
highlight the limitations of the existing rubric and provide evidence for necessary
improvements.

The implication of this comparison highlights the need for revising the public sector
recruitment design to enhance its discriminative power and ensure fairness in candidate
selection. Although the updated results show significantly improved performance—particularly
with XGBoost (accuracy 0.981) and Random Forest (accuracy 0.978)—Logistic Regression
still underperforms (accuracy 0.790), indicating limited sensitivity to the graduated class. This
underscores that certain components of the test, particularly PCT, may contribute to score
homogeneity and low model detectability. Introducing more complex scenarios, such as ethical
dilemmas, could help differentiate participants more effectively. Moreover, the relatively lower
effectiveness of models in capturing graduation outcomes suggests that the content of CNI and
GIT sections should be re-evaluated. CNI should align more closely with current national policy
issues, while GIT questions could be enhanced with logical reasoning or advanced data
interpretation challenges. Despite the strong predictive capabilities of XGBoost and Random
Forest, these tools are only as effective as the quality of the input data—making improvements
to test design a necessary step forward [28].

An analysis of feature importance derived from tree-based models, particularly XGBoost
and Random Forest, reveals that PCT (Personal characteristics Test) consistently carries the
highest predictive weight compared to CNI (Civics and National Insight) and GIT (General
Intelligence Test). This dominance suggests that performance in the CPNS selection is
disproportionately influenced by behavioral and personality-oriented questions, rather than
cognitive or knowledge-based components. While PCT is designed to evaluate ethical
reasoning and decision-making, its elevated importance may reflect an imbalance in how each
test domain contributes to the overall outcome. This has implications for test fairness, as it may
disadvantage candidates with strong cognitive or analytical abilities who do not perform equally
well on subjective situational items [29].

To address this issue, test designers should consider recalibrating the weight and difficulty
of each component to ensure they contribute proportionally to the final classification. For
example, if PCT questions tend to yield less variance across participants, their predictive power
might stem from score homogeneity rather than true differentiation. In contrast, CNI and GIT—
when enriched with nuanced, contextually relevant material—could offer more granular
insights into a candidate’s suitability for public service roles. Aligning feature contributions
with the intended function of each subtest ensures a more balanced evaluation framework and
promotes meritocratic selection based on both ethical judgment and intellectual capacity.

The main contribution of this study to the CPNS recruitment team is the provision of data-
based insights that can inform test revisions—for instance, by incorporating more complex PCT
scenarios involving ethical dilemmas or updating CNI questions to reflect modern national
policy issues. This ensures a more valid and balanced assessment aligned with civil servant
competencies, including national insight, cognitive reasoning, and integrity. For test
participants, it promotes a fairer and more transparent process where abilities are measured
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proportionally. For the broader public, this research supports the development of a more
competent and trustworthy state apparatus, ultimately enhancing public service quality and
reinforcing confidence in the public sector recruitment system. The application of machine
learning in this context offers a robust empirical foundation for innovation and strengthens the
body of test evaluation research in Indonesia through a data-driven perspective. For the broader
public, this research supports the development of a more competent and trustworthy state
apparatus, ultimately enhancing public service quality and reinforcing confidence in the public
sector recruitment [30,31].

4. Conclusion

This study employed classification algorithms—Logistic Regression, Random Forest, and
XGBoost—to analyze the distribution of CNI, GIT, and PCT scores from 2,490 CPNS 2024
participants. XGBoost outperformed other models (accuracy 0.981, F1-Score 0.981), followed
by Random Forest and Logistic Regression. However, the presence of false negatives—
particularly in Logistic Regression—suggests an imbalance in test composition, where PCT
scores exert disproportionate influence over predictions, while CNI and GIT contribute less.
These findings indicate the need to revise the public selection recruitment design.

Recommendations include updating PCT (Personal characteristics) items to include complex
ethical dilemmas, enriching GIT questions with deeper logical reasoning challenges, and
aligning CNI content with dynamic national policy discourse. Such revisions aim to improve
test validity and fairness.

Despite promising results, this study has limitations. The dataset is limited to one institution
(Ministry of Finance), which may restrict generalizability across different agencies or years.
Additionally, while anonymization and ethical safeguards were applied, the study did not assess
fairness metrics (e.g., disparate impact) or algorithmic bias across demographic groups, which
are crucial for equitable public sector recruitment. Future research should explore fairness-
aware machine learning models, cross-agency datasets, and real-time policy integration to
enhance the objectivity, transparency, and inclusiveness of public selection recruitment.
Broader application of such models must also consider explainability and legal accountability
to ensure ethical adoption in high-stakes public sector decisions.
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