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Abstract

Whistleblowing plays a critical role in detecting organizational misconduct; however, understanding the determinants of whistleblowing intention
remains a challenge. Prior studies predominantly rely on regression or structural equation modeling, which focus on explanatory relationships
rather than predictive evaluation. This study addresses this limitation by integrating the Theory of Planned Behavior and the Integrated Ethical
Decision-Making Model within a supervised machine learning framework. Data were collected from 382 permanent employees of Indonesian
state-owned enterprises (BUMN) using a structured questionnaire. Three classification algorithms—Logistic Regression, Support Vector
Machine (SVM), and Random Forest—were implemented to evaluate predictive performance. The results indicate that Random Forest achieved
the highest predictive accuracy and discrimination capability. Feature importance analysis reveals that perceived behavioral control is the
strongest predictor of whistleblowing intention, followed by ethical awareness and attitude, while subjective norms show comparatively weaker
influence. These findings refine TPB by demonstrating the dominant role of perceived behavioral control in high-risk ethical decisions and
reinforce the importance of ethical awareness as a cognitive trigger within the IEDM framework. The study contributes by bridging behavioral
theory and predictive analytics while offering governance insights for strengthening whistleblowing systems in state-owned enterprises.
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1. Introduction

Whistleblowing has long been recognized as a critical governance mechanism for detecting fraud, corruption,
and unethical practices across public and private organizations. Particularly within state-owned enterprises
and highly regulated sectors, whistleblowers constitute a primary source of information that enables
organizations and regulators to uncover wrongdoing that would otherwise remain concealed [1], [2], [3]. In
emerging economies such as Indonesia, where state-owned enterprises (BUMN) play a central role in national
economic development, whistleblowing systems are not merely organizational tools but institutional
safeguards for transparency, accountability, and public trust.

Scholarly research on whistleblowing intention the psychological precursor of reporting behavior has
expanded significantly over the past decade [4]. Prior studies have identified various antecedents, including
attitudes, subjective norms, perceived behavioral control, ethical awareness, moral judgment, organizational
support, and perceived retaliation risk [5], [6], [7]. These determinants are predominantly grounded in
established theoretical frameworks, particularly the Theory of Planned Behavior (TPB) and ethical decision-
making models. TPB conceptualizes intention as a function of attitudinal evaluation, perceived social
pressure, and perceived behavioral control [8], while ethical decision-making frameworks emphasize
cognitive processes such as ethical awareness and moral judgment in shaping behavioral outcomes. Together,
these theories provide a structured explanation of how individuals form whistleblowing intentions.

Despite the theoretical robustness of prior research, important methodological limitations remain. Prior
whistleblowing studies have predominantly relied on regression analysis or structural equation modeling to
examine the determinants of reporting intention. While these approaches successfully identify statistically
significant relationships among variables, they primarily focus on explanatory modeling rather than
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predictive evaluation. Consequently, existing studies rarely assess the relative predictive strength of
determinants when evaluated simultaneously within a classification framework. Furthermore, the reliance on
linear modeling assumptions may overlook nonlinear interactions and complex behavioral patterns inherent
in ethical decision-making processes. As a result, it remains unclear which theoretical constructs derived
from the Theory of Planned Behavior and ethical decision-making models provide the strongest predictive
capability for whistleblowing intention.

Previous studies on whistleblowing intention have tested TPB and ethical cognition variables independently
or within structural models; however, they have neither systematically examined their predictive performance
within supervised machine learning frameworks nor compared the relative explanatory contribution of linear
and nonlinear algorithms in classifying whistleblowing intention. This gap is particularly important in
governance-intensive contexts such as BUMN organizations, where the practical challenge extends beyond
understanding “what influences intention” to determining “how accurately intention can be predicted” based
on behavioral and ethical variables.

Addressing this gap, the present study integrates TPB and the Integrated Ethical Decision-Making Model
(IEDM) within a supervised machine learning classification framework. Rather than merely testing
hypotheses, this study evaluates the predictive capability of theoretical constructs using Logistic Regression,
Support Vector Machine, and Random Forest models. By comparing linear and nonlinear algorithms, the
study identifies the relative importance and predictive dominance of behavioral and ethical determinants in
shaping whistleblowing intention.

The Indonesian BUMN context further strengthens the relevance of this investigation. The Ministry of State-
Owned Enterprises mandates the implementation of internal Whistleblowing Systems (WBS) as part of
corporate governance reform and risk management policy. While such regulations institutionalize reporting
channels, structural compliance does not automatically translate into reporting behavior. From a TPB
perspective, regulatory clarity may enhance perceived behavioral control, yet intention formation ultimately
depends on individual cognitive evaluation. Similarly, the IEDM framework suggests that awareness of
consequences and ethical recognition are necessary precursors for action. Therefore, examining
whistleblowing intention within a predictive modeling framework is particularly relevant in BUMN settings
where regulatory mandates intersect with psychological and moral decision-making processes.

This study contributes to the literature in three significant ways. First, it advances whistleblowing research
by moving beyond explanatory modeling toward predictive analytics, thereby bridging behavioral theory and
data science. Second, it provides comparative evidence on the performance of linear and nonlinear
classification algorithms in evaluating TPB and IEDM constructs. Third, by focusing on permanent
employees within Indonesian BUMN, the study offers context-specific insights into governance effectiveness
in emerging economies. By integrating theoretical rigor with machine learning methodology, this research
demonstrates how predictive modeling can enrich traditional behavioral frameworks and provide actionable
insights for strengthening organizational whistleblowing systems.

2. Literature Review

2.1. Machine Learning

In recent years, machine learning (ML) has emerged as a powerful predictive tool across social science,
management, and governance research [9], [10], [11]. Unlike traditional statistical approaches that prioritize
parameter estimation and hypothesis testing, machine learning emphasizes predictive accuracy, model
comparison, and pattern recognition within complex datasets [9], [10]. This shift is particularly relevant in
behavioral research contexts, where decision-making processes may involve nonlinear interactions and
multidimensional cognitive factors.

Compared to linear regression models, machine learning algorithms offer several methodological advantages.
First, they do not strictly assume linear relationships among variables, enabling the detection of nonlinear
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and interaction effects that may remain undetected in conventional regression frameworks [10], [11], [12].
Second, ML approaches prioritize predictive performance over statistical significance, allowing researchers
to evaluate how accurately theoretical constructs classify behavioral outcomes [9], [10]. Third, ensemble
methods such as Random Forest reduce overfitting risk and enhance model robustness through aggregation
techniques [10], [12], [13].

In behavioral prediction research, algorithms such as Support Vector Machine (SVM) and Random Forest
(RF) have been increasingly applied to classify decision-making patterns, ethical judgments, and
organizational behaviors [12], [14], [15], [16]. Random Forest is particularly effective in handling high-
dimensional data and ranking feature importance [10], [12], [17], while SVM performs well in identifying
optimal decision boundaries within complex feature spaces [ 18], [ 19]. These characteristics make ML models
suitable for examining behavioral constructs derived from theories such as the Theory of Planned Behavior
and ethical decision-making frameworks [14], [15], [20], [21].

Despite the growing application of machine learning in management and governance research, its integration
into whistleblowing intention studies remains limited [22], [23], [24]. The majority of prior whistleblowing
research continues to rely on regression-based or structural equation modeling approaches, focusing primarily
on testing theoretical relationships rather than evaluating predictive strength [25], [26]. Consequently, little
is known about the comparative classification performance of TPB and ethical cognition variables when
assessed through supervised learning algorithms.

2.2. Whistleblowing Intention

Whistleblowing is widely recognized as a critical governance mechanism for detecting fraud, corruption, and
unethical practices across public and private organizations. In highly regulated sectors and state-owned
enterprises, whistleblowers serve as key sources of information for uncovering concealed wrongdoing [21].
This governance function has generated sustained scholarly interest across accounting, management, ethics,
public administration, and organizational behavior [22], [23], [24].

Within this domain, whistleblowing intention has become a central construct, as actual reporting behavior is
often difficult to observe due to legal, organizational, and cultural constraints [27], [28]. Intention reflects
individuals’ readiness to report wrongdoing and captures the cognitive, moral, and social processes that
precede action, making it a dominant focus in ethical decision-making research [25]. [26].

2.3. Theory of Planned Behavior (TPB)

The Theory of Planned Behavior (TPB) provides a structured framework for explaining how individual
beliefs translate into behavioral intention and, ultimately, behavior [&]. It extends the Theory of Reasoned
Action by incorporating perceived behavioral control as an additional determinant of intention [27]. TPB
extends this framework by introducing perceived behavioral control (PBC), recognizing that individuals may
face internal or external constraints affecting the realization of intention [8], [27]. This extension is
particularly relevant in whistleblowing contexts, where perceived risks, organizational barriers, and
uncertainty frequently influence reporting decisions.

Conceptually, TPB posits that intention is shaped by three belief-based determinants: attitude toward the
behavior, subjective norms, and perceived behavioral control. Attitude reflects an individual’s evaluative
assessment of whether performing a behavior will produce desirable or undesirable outcomes [§]. In
whistleblowing situations, employees who perceive reporting misconduct as beneficial for organizational
integrity or fairness are more likely to develop favorable attitudes toward reporting [28], [29].

P1: Attitude toward whistleblowing is expected to positively contribute to the prediction of whistleblowing
intention.

Subjective norms refer to perceived social pressure from significant others regarding whether the behavior
should be performed [30], [31]. In organizational contexts, expectations from supervisors, peers, or
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professional communities may shape employees’ reporting intentions. Supportive ethical climates can
strengthen intention, whereas discouraging norms may inhibit it.

P2: Subjective norms are expected to positively contribute to the prediction of whistleblowing intention.

Perceived behavioral control captures individuals’ perceptions of their ability and autonomy to perform the
behavior [8]. In whistleblowing contexts, PBC reflects employees’ confidence in using reporting channels,
access to protection mechanisms, and perceived capability to manage potential retaliation [32], [33]. Higher
perceived control increases both intention and the likelihood of action.

P3: Perceived behavioral control is expected to positively contribute to the prediction of whistleblowing
intention.

Although TPB has demonstrated explanatory strength in whistleblowing research [25], [34], [35], it assumes
relatively linear and additive relationships among its constructs. Such assumptions may overlook nonlinear
interactions and complex behavioral dynamics. Furthermore, most empirical applications rely on regression-
based or structural equation modeling techniques that prioritize statistical significance rather than predictive
performance. These limitations suggest the need to reassess TPB determinants within comparative predictive
modeling frameworks.

2.4. Integrated Ethical Decision-Making Model (IEDM)

The Integrated Ethical Decision-Making Model (I-EDM) conceptualizes ethical behavior as a multi-stage
cognitive process that begins with the recognition of a moral issue and culminates in intention and action
[10]. In whistleblowing contexts, the decision to report misconduct requires prior ethical recognition and
moral evaluation.

Ethical awareness refers to an individual’s ability to recognize that a situation involves a moral dimension.
Without awareness, the ethical decision-making process does not proceed [36]. Employees who perceive
wrongdoing as ethically problematic are more likely to consider reporting as a moral responsibility.

P4: Ethical awareness is expected to positively contribute to the prediction of whistleblowing intention.
P5: Ethical judgment is expected to positively contribute to the prediction of whistleblowing intention.

P6: Awareness of consequences is expected to positively contribute to the prediction of whistleblowing
intention.

In the present study, TPB and IEDM are integrated as complementary theoretical lenses. TPB explains
behavioral evaluation mechanisms (attitude, subjective norms, and perceived behavioral control), while
IEDM captures ethical cognition processes (ethical awareness, ethical judgment, and awareness of
consequences). Rather than operating sequentially, these constructs function as parallel predictors influencing
whistleblowing intention within the predictive classification framework. To illustrate this conceptual
integration,

Figure 1 presents the research model, highlighting the parallel influence of TPB and IEDM constructs on
whistleblowing intention within a supervised machine learning framework.
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Figure 1. Research Model

3. Methodology

3.1. Research Design

This study adopts a supervised machine learning classification approach to predict whistleblowing intention
among employees of Indonesian State-Owned Enterprises (BUMN). Rather than focusing on traditional
hypothesis testing, the research emphasizes predictive model comparison to evaluate the performance of
multiple algorithms in classifying whistleblowing intention. In this framework, whistleblowing intention is
treated as a binary classification problem, while behavioral and ethical constructs derived from the Theory
of Planned Behavior (TPB) and the Integrated Ethical Decision-Making Model (IEDM) are utilized as
predictive features.

3.2. Data Collection and Sample

Data were collected using a structured online questionnaire distributed to permanent employees of Indonesian
State-Owned Enterprises (BUMN) that have implemented an internal whistleblowing system. The survey
was administered over a six-week period through official internal communication channels and professional
networks to ensure respondent authenticity and organizational relevance. The study adhered to ethical
research principles. Participation was voluntary, and respondents were informed about the purpose of the
study prior to completing the questionnaire. All responses were collected anonymously, and confidentiality
was strictly maintained to protect participants.

A purposive sampling technique was employed, targeting employees with a minimum tenure of one year to
ensure sufficient familiarity with organizational policies, ethical climate, and whistleblowing mechanisms.
The respondent screening and final sample selection process are summarized in table 1.

Table 1. Respondent Screening and Final Sample Selection

Stage Number of Questionnaires Percentage
Questionnaires Distributed 520 100%
Responses Returned 468 90.0%
Excluded Responses (Total) 86 16.5%

* Incomplete Responses 45 8.7%
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Stage Number of Questionnaires Percentage

* Straight-lining Patterns 21 4.0%

* Failed Attention Checks 20 3.8%

Final Valid Sample 382 73.5%

The final sample size of 382 observations is considered adequate for supervised machine learning
classification involving structured tabular data with a moderate number of predictors. Ensemble and kernel-
based machine learning models have been shown to achieve stable predictive performance with several
hundred observations when feature dimensionality is moderate [11], [10]. In the present study, the number
of predictors is relatively limited, which further supports the suitability of the available sample size for model
training and validation. Additionally, the binary target variable exhibited a relatively balanced class
distribution, reducing the risk of biased classification and enhancing model reliability.

3.3. Variable Specification and Feature Construction

Each construct was operationalized as a composite mean score derived from its validated measurement items.
These composite scores were treated as numerical input features for the machine learning models.
Whistleblowing intention was transformed into a binary target variable using a median split approach, where
values below the median were categorized as low whistleblowing intention (0) and values above the median
were categorized as high whistleblowing intention (1). The median split approach was selected to balance
class distribution and avoid severe class imbalance, which is critical in supervised classification contexts. All
constructs were measured using previously validated Likert-scale instruments ranging from 1 (strongly
disagree) to 5 (strongly agree). The operationalization of variables and their respective roles in the predictive
modeling framework are summarized in table 2.

Table 2. Variable Operationalization

Variable Items Type Role in Model
Attitude toward Whistleblowing 4 Numerical Predictive Feature
Subjective Norms 3 Numerical Predictive Feature
Perceived Behavioral Control 4 Numerical Predictive Feature
Ethical Awareness 3 Numerical Predictive Feature
Ethical Judgment 4 Numerical Predictive Feature
Awareness of Consequences 3 Numerical Predictive Feature
Age 1 Numerical Control Feature
Tenure 1 Numerical Control Feature
Position Level 1 Categorical Control Feature
Whistleblowing Intention 4 Binary Target Variable

3.4. Data Preprocessing

To ensure computational robustness and analytical reliability, the dataset underwent several preprocessing
steps prior to model development. Missing values were addressed using mean imputation to preserve dataset
completeness without substantially altering distributional properties. The proportion of missing data was
minimal (less than 5% across all variables), and therefore mean imputation was considered appropriate
without materially affecting the distribution of the dataset.
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Outliers were identified through z-score analysis with a threshold of £3 to minimize the influence of extreme
observations. Outlier screening using the £3 z-score threshold identified only a small number of extreme
values, and no observations were removed from the dataset. This result indicates that the dataset does not
contain influential outliers that could distort model training.

All numerical features were standardized using z-score normalization to ensure comparable scaling across
predictors. Feature scaling using z-score normalization was primarily applied to ensure compatibility with
algorithms sensitive to feature scale, particularly Logistic Regression and Support Vector Machine. Tree-
based algorithms such as Random Forest are generally insensitive to feature scaling; however, standardized
features were retained to maintain consistency across comparative model evaluation. Table 3 summarizes
the data preprocessing procedures applied in this study, including the techniques used and their corresponding
objectives.

Table 3. Data Preprocessing Procedure

Step Technique Objective

Missing Value Handling Mean Imputation Preserve data completeness
Outlier Screening Z-score analysis Reduce bias from extreme cases
Feature Scaling Z-score Standardization Improve model convergence
Categorical Encoding One-hot Encoding Enable algorithm compatibility
Target Transformation Binary Classification Define prediction objective

3.5. Machine Learning Model Development

Three supervised classification algorithms were implemented to evaluate predictive performance and
compare model robustness. Logistic Regression was employed as a baseline linear classifier to provide a
benchmark for comparison. Random Forest was utilized as an ensemble learning method capable of capturing
nonlinear relationships and interaction effects among behavioral and ethical variables. Random Forest
improves predictive stability through bootstrap aggregation (bagging), in which multiple decision trees are
trained on randomly resampled subsets of the data. Each tree generates an independent prediction, and the
final classification is obtained through majority voting. This ensemble mechanism reduces variance and
mitigates overfitting compared with single decision trees, while allowing the model to capture nonlinear
interactions among behavioral and ethical predictors. Support Vector Machine (SVM) with a Radial Basis
Function (RBF) kernel was applied to optimize decision boundaries in potentially complex feature spaces.

GridSearchCV was conducted over the following parameter grid: for Logistic Regression, regularization
strength (C =[0.01, 0.1, 1, 10]) and penalty type; for Random Forest, number of trees (n_estimators = [100,
200, 300]) and maximum depth (max depth = [None, 10, 20]); and for Support Vector Machine,
regularization parameter (C =[0.1, 1, 10]) and gamma (gamma = ['scale’, 0.01, 0.1]) using the RBF kernel.

The optimal hyperparameters were selected based on cross-validated performance within the training set.
The best-performing configurations were identified as follows: Logistic Regression (C = 1, penalty = L2),
Random Forest (n_estimators =200, max_depth = 10), and Support Vector Machine (C = 1, gamma = 'scale').
These parameter settings were subsequently used for final model evaluation. Table 4 summarizes the final
configuration and optimal hyperparameters for each model.

Table 4. Model Configuration and Optimal Hyperparameters

Model Purpose Hyperparameters Validation

Logistic Regression Baseline classifier C=1.0, penalty = L2 5-fold Cross-Validation
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Model Purpose Hyperparameters Validation
Random Forest Nonlinear ensemble model n_estimators = 200, max_depth = 10 5-fold Cross-Validation
Support Vector Machine Boundary optimization C = 1.0, gamma = scale (RBF kernel) 5-fold Cross-Validation

4. Results and Discussion

4.1. Demographic Profile of Respondents

The final dataset consisted of 382 permanent employees of State-Owned Enterprises (BUMN). Table 5
presents the demographic distribution of respondents.

Table 5. Demographic Characteristics of Respondents

Variable Category Frequency Percentage (%)

Male 210 55.0

Gender
Female 172 45.0
<30 years 78 20.4
3040 years 156 40.8

Age

41-50 years 102 26.7
> 50 years 46 12.0
1-5 years 94 24.6
Tenure 6-10 years 138 36.1
> 10 years 150 393
Non-managerial 248 64.9

Position Level )
Managerial 134 35.1

The results indicate a relatively balanced gender composition, with male respondents accounting for 55.0%
and female respondents 45.0%, suggesting adequate representation across gender groups. In terms of age, the
majority of respondents fall within the 30—40 years category (40.8%), followed by 41-50 years (26.7%),
indicating that most participants are in their mid-career stage. This profile is relevant as employees in this
age range are likely to possess sufficient organizational experience and awareness of internal governance
mechanisms.

4.2. Descriptive Statistics and Reliability Analysis

Prior to predictive modeling, descriptive statistics and internal consistency reliability were examined to
ensure measurement robustness. Table 6 presents the mean, standard deviation, and Cronbach’s alpha for
each construct.

Table 6. Descriptive Statistics and Reliability

Variable Mean Std. Dev Cronbach’s Alpha
Attitude 3.92 0.61 0.87
Subjective Norms 3.75 0.68 0.85

Perceived Behavioral Control 3.88 0.59 0.89
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Variable Mean Std. Dev Cronbach’s Alpha
Ethical Awareness 4.01 0.54 0.91
Ethical Judgment 3.95 0.57 0.88
Awareness of Consequences 3.98 0.60 0.86

The results indicate that all variables exhibit relatively high mean values, suggesting generally favorable
perceptions toward whistleblowing and strong ethical cognition among respondents. Ethical awareness shows
the highest mean score (M = 4.01), followed closely by awareness of consequences (M = 3.98) and ethical
judgment (M = 3.95), indicating that respondents demonstrate a strong ability to recognize and evaluate
ethical issues. Attitude toward whistleblowing (M = 3.92) and perceived behavioral control (M = 3.88) also
reflect positive evaluations, suggesting that employees tend to perceive whistleblowing as beneficial and feel
moderately confident in their ability to report misconduct.

4.3. Classification Performance Comparison

Before model evaluation, the distribution of the binary target variable in the independent testing dataset (n =
115) was examined to avoid imbalanced classification bias. The testing data comprised 53 low-intention
cases (46.1%) and 62 high-intention cases (53.9%), indicating a relatively balanced class structure. This
balance supports the validity of evaluation metrics such as recall, F1-score, and ROC-AUC, which may
otherwise be distorted under severe class imbalance conditions.

Three supervised classification models—Logistic Regression (LR), Random Forest (RF), and Support Vector
Machine (SVM)—were evaluated to predict whistleblowing intention. Model performance was assessed
using accuracy, precision, recall, F1-score, and ROC-AUC on the testing dataset (n = 115). Table 7 presents
the comparative performance of the three classification models across all evaluation metrics.

Table 7. Comparative Model Performance

Model Accuracy Precision Recall F1-Score ROC-AUC
Logistic Regression 0.74 0.72 0.70 0.71 0.78
Random Forest 0.83 0.81 0.84 0.82 0.88
Support Vector Machine 0.80 0.78 0.79 0.78 0.85

The results clearly indicate that the Random Forest model outperforms the other models across all evaluation
metrics, achieving the highest accuracy (0.83), precision (0.81), recall (0.84), F1-score (0.82), and ROC-
AUC (0.88). This superior performance suggests that nonlinear ensemble methods are more effective in
capturing complex relationships among behavioral and ethical predictors compared to linear and kernel-based
approaches.

To further evaluate model stability, additional cross-validation metrics were computed across the five
validation folds. Besides accuracy, mean ROC-AUC and F1-score were also examined to provide a more
comprehensive assessment of classification performance. Table 8 presents the cross-validation performance
of the three models, including mean accuracy, ROC-AUC, and F1-score along with their standard deviations
across folds.

Table 8. Cross-Validation Performance Across Models

Model Accuracy (Mean £ SD) ROC-AUC (Mean = SD) F1-Score (Mean + SD)

Logistic Regression 0.75+0.05 0.79+£0.04 0.72+0.05
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Model Accuracy (Mean + SD) ROC-AUC (Mean = SD) F1-Score (Mean + SD)
Random Forest 0.81 £0.03 0.87+£0.02 0.82+0.03
Support Vector Machine 0.79 £0.04 0.84 £0.03 0.78 £0.04

The results indicate that the Random Forest model consistently achieves the highest performance across all
evaluation metrics, with a mean accuracy of 0.81, ROC-AUC of 0.87, and F1-score of 0.82. Importantly, the
relatively low standard deviation values (+£0.02-0.03) suggest that the model demonstrates stable and
consistent performance across different validation folds, indicating strong generalization capability.

The Support Vector Machine model shows competitive performance, with a mean ROC-AUC of 0.84 and
Fl-score of 0.78, although its performance remains slightly below that of Random Forest. Logistic
Regression exhibits the lowest performance among the three models, particularly in terms of F1-score (0.72),
indicating weaker balance between precision and recall.

4.4. Confusion Matrix Analysis

To further evaluate classification behavior, confusion matrices were examined. Table 9 presents the
confusion matrix for the best-performing model (Random Forest), detailing the distribution of correct and
incorrect classifications across both low and high whistleblowing intention categories.

Table 9. Confusion Matrix — Random Forest

Predicted Low Predicted High
Actual Low 45 8
Actual High 11 51

The matrix shows balanced predictive performance across both classes. The Random Forest model correctly
classified 96 out of 115 observations (83.5% accuracy), with comparable sensitivity (recall for high intention
= 82.3%) and specificity (84.9%). These results indicate minimal classification bias and stable discrimination
between low and high whistleblowing intention categories.

4.5. ROC Curve Comparison

Figure 2 presents the Receiver Operating Characteristic (ROC) curve comparison among the three
classification models evaluated on the independent testing dataset (n = 115). The Random Forest model
achieved the highest area under the curve (AUC = 0.88), followed by the Support Vector Machine (AUC =
0.85) and Logistic Regression (AUC = 0.78). The steeper ascent and larger enclosed area of the Random
Forest curve indicate superior discriminatory capability in distinguishing between employees with low and
high whistleblowing intention. The Support Vector Machine demonstrates intermediate performance, while
Logistic Regression exhibits comparatively lower sensitivity across false positive thresholds. The diagonal
dashed line represents the baseline random classifier (AUC = 0.50), confirming that all three models
substantially outperform chance-level prediction.
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Figure 2. ROC Curve Comparison

4.6. Feature Importance Analysis

To enhance interpretability and examine the relative predictive dominance of theoretical constructs, feature
importance analysis was conducted using the Random Forest model, which demonstrated the highest overall
performance. Random Forest enables estimation of the relative contribution of each predictor variable in
reducing classification impurity across decision trees, thereby identifying the most influential determinants
of whistleblowing intention. Figure 3 illustrates the relative importance of each predictor variable based on
the Random Forest model.

Perceived Behavioral Control
Ethical Awareness

Attitude toward Whistleblowing
Awareness of Consequences
Ethical Judgment

Subjective Norms

Tenure

Age

Position Level

0 0,075 0,15 0,225 0,3

Figure 3. Ranked Feature Importance — Random Forest Model

In contrast, Subjective Norms exhibit comparatively lower importance, indicating that social pressure exerts
weaker predictive influence within regulated organizational environments such as BUMN. Demographic
variables demonstrate minimal contribution, suggesting that whistleblowing intention is primarily driven by
cognitive and ethical determinants rather than structural characteristics. These findings provide empirical
reweighting of TPB and IEDM constructs within a nonlinear classification framework, offering deeper
insight into hierarchical determinant influence beyond traditional regression-based significance testing.

4.7. Proposition-Based Interpretation of Predictive Dominance

To provide a structured theoretical alignment between the predictive modeling results and the proposed
propositions (P1-P6), table 10 summarizes the relative predictive strength of each construct and its
corresponding support status. This summary facilitates clearer interpretation of hierarchical determinant
influence within the integrated TPB—IEDM framework.
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Table 10. Proposition-Based Predictive Interpretation

Proposition Variable Theoretical Framework Predictive Strength Support Status
P1 Attitude TPB Moderate Supported
P2 Subjective Norms TPB Weak Supported (Weak Influence)
P3 Perceived Behavioral Control TPB Strongest Strongly Supported
P4 Ethical Awareness IEDM Strong Strongly Supported
P5 Ethical Judgment IEDM Moderate Supported
P6 Awareness of Consequences IEDM Moderate Supported

This structured interpretation ensures direct alignment between predictive modeling outcomes and the theory-
driven propositions prior to theoretical discussion.

4.8. Discussion

This study re-examines whistleblowing intention by integrating the Theory of Planned Behavior (TPB) and
the Integrated Ethical Decision-Making Model (IEDM) within a supervised machine learning framework. By
shifting from traditional regression-based significance testing to comparative predictive modeling, the study
evaluates the relative dominance of behavioral and ethical determinants among permanent employees of
Indonesian state-owned enterprises (BUMN). The findings provide differentiated support for Propositions
P1-P6 and offer theoretical as well as regulatory insights within the Indonesian governance context.

Regarding P1, the findings confirm that attitude toward whistleblowing positively contributes to the
prediction of whistleblowing intention. Employees who perceive reporting misconduct as beneficial for
organizational integrity and fairness demonstrate stronger reporting intention. This result is consistent with
the behavioral belief mechanism of the Theory of Planned Behavior (TPB), in which favorable outcome
evaluations strengthen intention [8]. Prior studies have also reported that positive attitudes significantly
influence whistleblowing intention [25], [29]. However, the present findings extend this understanding by
showing that, although attitude contributes positively, it does not exert dominant predictive influence when
evaluated alongside other determinants within a nonlinear classification framework. This suggests that
attitudinal alignment alone may be insufficient in high-risk ethical contexts.

Regarding P2, subjective norms show comparatively weaker predictive contribution. While prior research in
collectivist environments [30], [35] demonstrated that social expectations significantly shape whistleblowing
decisions, the current results indicate that normative pressure plays a secondary role in the BUMN context.
One possible explanation relates to the institutionalization of whistleblowing systems within BUMN
governance structures, where formal reporting channels may reduce reliance on informal social expectations.
However, this interpretation should be considered cautiously because employees’ perceptions of regulatory
support were not directly measured in this study.

Regarding P3, perceived behavioral control (PBC) emerges as the most dominant predictor of whistleblowing
intention, providing strong support for Proposition P3. This finding reinforces the assertion of the Theory of
Planned Behavior (TPB) that perceived control becomes particularly salient when behavior involves
uncertainty, risk, and external constraints [8]. Whistleblowing represents a high-stakes ethical decision
involving potential retaliation and reputational consequences. In such contexts, employees tend to prioritize
feasibility considerations—such as whether reporting is safe, confidential, and protected—over social
conformity. This finding is consistent with prior studies that identify PBC as a significant determinant of
whistleblowing intention [25], [26], [29]. The present study extends this literature by demonstrating
predictive dominance rather than merely statistical significance, indicating a hierarchical weighting among
TPB components in governance-regulated environments.
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Regarding P4, ethical awareness demonstrates a strong predictive contribution, supporting the Integrated
Ethical Decision-Making Model (IEDM). In line with prior theoretical perspectives, moral recognition
functions as a necessary precursor to intention formation [ 10]. Without recognizing misconduct as ethically
problematic, employees are unlikely to consider reporting. This finding is consistent with previous studies
indicating that ethical sensitivity strengthens whistleblowing intention [26], [30]. The present study extends
these insights by showing that ethical awareness retains high predictive importance even when evaluated
simultaneously with TPB constructs within a machine learning framework, suggesting that moral recognition
plays a central role in the overall decision-making process.

Regarding PS5, ethical judgment contributes positively but with moderate predictive influence. Evaluating
whistleblowing as morally justified strengthens intention; however, its relative weight is lower than perceived
behavioral control and ethical awareness. This pattern suggests that moral evaluation operates alongside
feasibility considerations rather than independently dominating intention formation. The finding is consistent
with [EDM’s emphasis on judgment as a critical stage in ethical decision-making, while also indicating that
practical constraints may shape how moral conviction translates into behavioral readiness.

Regarding P6, awareness of consequences also contributes positively, though its predictive weight remains
moderate. Employees who recognize the broader harm of misconduct to stakeholders and organizational
integrity show stronger reporting intention. This finding is consistent with moral intensity literature
emphasizing harm recognition as a motivational factor. However, similar to ethical judgment, awareness of
consequences appears to function as a reinforcing element rather than a dominant driver within the predictive
hierarchy observed.

Taken together, these differentiated findings refine the theoretical integration of TPB and IEDM. The relative
dominance pattern observed suggests a structured influence configuration in which ethical recognition and
perceived feasibility play central roles, while attitudinal evaluation and social norms provide supporting
influence. Rather than operating independently, these constructs appear to contribute collectively within a
broader decision framework.

The Indonesian regulatory context further clarifies these dynamics. Through Ministry of State-Owned
Enterprises regulations (Permen BUMN), all BUMN entities are required to implement internal
Whistleblowing Systems (WBS). These regulations institutionalize reporting as a governance instrument
aimed at strengthening transparency and anti-corruption efforts. However, the dominance of perceived
behavioral control indicates that regulatory existence alone does not automatically translate into reporting
intention. Employees must perceive WBS mechanisms as accessible, credible, confidential, and protective.
This reveals a critical governance insight: regulation establishes structural opportunity, but perceived
institutional protection and procedural clarity are central to activating behavioral intention.

Methodologically, the superiority of the Random Forest model over Logistic Regression and Support Vector
Machine indicates that whistleblowing intention may reflect nonlinear relationships among behavioral and
ethical determinants. Traditional regression and SEM approaches assume linear and additive effects,
potentially limiting detection of hierarchical dominance patterns. By contrast, ensemble learning methods
provide complementary evidence regarding relative predictor influence. This does not invalidate prior
explanatory research but expands the analytical lens by emphasizing predictive robustness alongside
theoretical significance.

Theoretically, this study contributes by reweighting TPB constructs, reinforcing the centrality of ethical
awareness within IEDM, and bridging behavioral theory with predictive analytics. By explicitly evaluating
Propositions P1-P6 within a supervised learning framework, the study advances whistleblowing research
from explanatory validation toward computational and contextual refinement, particularly within
governance-regulated environments such as Indonesian BUMN.
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5. Conclusion

This study integrates the Theory of Planned Behavior (TPB) and the Integrated Ethical Decision-Making
Model (IEDM) within a supervised machine learning framework to predict whistleblowing intention among
permanent employees of Indonesian state-owned enterprises (BUMN). By moving beyond traditional
regression- and SEM-based explanatory approaches, the study introduces a comparative predictive modeling
perspective that evaluates the relative dominance of behavioral and ethical determinants. This methodological
shift constitutes the primary novelty of the research, as whistleblowing studies have rarely incorporated
supervised machine learning to assess nonlinear interactions and hierarchical predictor importance.

Consistent with the structured discussion of Propositions P1-P6, the findings indicate that perceived
behavioral control is the most dominant predictor of whistleblowing intention, followed by ethical awareness
and attitude. Subjective norms exhibit comparatively weaker influence, while ethical judgment and
awareness of consequences demonstrate positive but moderate predictive contributions. These results suggest
that in high-risk ethical decisions such as whistleblowing, feasibility perception and moral recognition
outweigh social pressure. Theoretically, the study reweights TPB components, validates ethical awareness as
a trigger mechanism within IEDM, and demonstrates that the integration of behavioral theory with predictive
analytics enhances understanding of complex ethical decision processes. The findings refine the Theory of
Planned Behavior by demonstrating that perceived behavioral control may exert stronger predictive
dominance than attitudinal or normative components in high-risk ethical decisions. Additionally, the results
reinforce the role of ethical awareness as a central cognitive trigger within the Integrated Ethical Decision-
Making Model, highlighting its importance in initiating ethical evaluation prior to intention formation.

From a governance perspective, the findings hold important policy implications for the Indonesian context.
Although Permen BUMN regulations mandate the implementation of internal Whistleblowing Systems
(WBS), structural compliance alone does not guarantee reporting intention. The dominance of perceived
behavioral control indicates that employees’ confidence in confidentiality, anti-retaliation mechanisms, and
procedural clarity is critical for activating reporting behavior. Therefore, policy efforts should move beyond
formal system establishment toward strengthening perceived institutional protection, transparency of case
handling, and communication of successful reporting outcomes. Regulation creates structural opportunity,
but psychological empowerment determines behavioral activation.

Academically, this study recommends greater methodological diversification in whistleblowing research.
Future studies should complement explanatory modeling with predictive approaches to evaluate comparative
determinant strength. Integrating machine learning with behavioral ethics theory provides richer insight into
nonlinear interactions that may not be fully captured through linear statistical techniques. Additionally, cross-
national comparative research could examine whether the dominance of perceived behavioral control persists
in different regulatory and cultural contexts.

Several limitations should be acknowledged. First, the sample is restricted to permanent employees within
Indonesian BUMN, which may limit generalizability to private sector organizations or non-regulated
environments. Differences in contractual status or organizational structure may influence reporting dynamics.
Because participation in the survey was voluntary and distributed through professional networks, the sample
may also be subject to self-selection bias. Employees who are more ethically aware or supportive of
whistleblowing may have been more likely to participate, which could influence the distribution of ethical
cognition variables within the dataset. Second, the study focuses on selected TPB and IEDM constructs and
does not incorporate other potentially relevant variables, such as organizational climate, leadership style, or
perceived retaliation risk. The transformation of whistleblowing intention into a binary variable using a
median split also represents a methodological limitation. The median split transformation simplifies the
original Likert-scale distribution and may reduce variability in the outcome variable. While this
transformation facilitates binary classification, it may also lead to some loss of information contained in the
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original scale. Third, although machine learning enhances predictive robustness, it does not establish causal
relationships among variables.

Future research should expand the model by incorporating additional organizational and contextual variables,
apply longitudinal designs to examine behavioral realization beyond intention, and explore hybrid modeling
approaches that integrate structural equation modeling with machine learning techniques. Such efforts would
further refine the theoretical and methodological development of whistleblowing research.
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