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Abstract 

Objective: This study investigates the mediating role of knowledge-based work passion in the 
relationship between transformational leadership and organizational citizenship behavior (OCB) 
within knowledge-intensive organizational contexts, employing an innovative multi-method 
analytical framework that integrates traditional structural equation modeling with advanced 
machine learning techniques. Methods: Data were collected from 221 employees in a knowledge-
intensive organizational environment analogous to General Electric. Transformational leadership 
was assessed through four dimensions (13 items, α = 0.799-0.956), knowledge-based work passion 
through eight items (α = 0.980), and OCB through three target-specific dimensions (12 items, α = 
0.863-0.943). The analytical strategy comprised six sequential phases: exploratory data analysis, 
confirmatory factor analysis, structural equation modeling for mediation testing, ensemble machine 
learning (Random Forest and XGBoost) for predictive modeling and feature importance assessment, 
k-means clustering for behavioral profile identification, and SHAP analysis for model 
interpretability. Results: Descriptive analyses revealed elevated mean scores (M = 5.09-6.04) with 
negative skewness (-0.42 to 0.17), indicating response clustering and potential ceiling effects. 
Correlation analysis confirmed work passion’s strong associations with OCB-Colleagues (r = 0.655, p 
< .001) and transformational leadership (r = 0.359, p < .001). Machine learning analyses demonstrated 
differential predictive performance across OCB targets, with OCB-Colleagues showing strongest 
prediction accuracy (Random Forest R2 = 0.324). Feature importance analysis identified work passion 
as the dominant predictor (69.5% importance for OCB-Colleagues), substantially exceeding 
individual transformational leadership dimensions. K-means clustering revealed two distinct 
behavioral profiles, with work passion exhibiting the strongest discriminatory power (F = 234.88, p < 
.001). Conclusion: Knowledge-based work passion serves as a pivotal mediating mechanism in the 
transformational leadership-OCB relationship, particularly for colleague-directed citizenship 
behaviors. The integration of traditional statistical methods with machine learning techniques 
provides robust evidence for this mediating role while revealing important variations across OCB 
targets and employee profiles, offering actionable insights for leadership development and human 
resource management in knowledge-intensive organizations. 

Keywords: transformational leadership; organizational citizenship behavior; knowledge-based work 
passion; machine learning 
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1. Introduction 

In an era characterized by rapid organizational change, heightened competitive pressures, and 
evolving workforce expectations, the relationship between leadership effectiveness and employee 
discretionary behaviors has emerged as a critical determinant of organizational performance and 
sustainability [1,2]. Organizational citizenship behavior (OCB), defined as voluntary, extra-role 
behaviors that transcend formal job requirements and contribute to organizational effectiveness [3,4], 
has been extensively documented as a key driver of competitive advantage, innovation capacity, and 
adaptive organizational functioning [5,6]. Despite substantial research linking transformational 
leadership to OCB [7,8], significant theoretical and empirical gaps persist regarding the underlying 
psychological mechanisms through which leadership influences these discretionary behaviors. While 
transformational leadership theory posits that leaders inspire followers to transcend self-interest for 
collective goals [9], the intermediate motivational and affective states that translate leadership 
behaviors into citizenship outcomes remain inadequately explicated. This theoretical ambiguity is 
compounded by methodological limitations, including over-reliance on cross-sectional designs [10], 
insufficient attention to context-specific factors [11], and limited application of advanced analytical 
techniques capable of uncovering non-linear relationships and interaction effects [12].  

Recent meta-analytic evidence reveals that the transformational leadership-OCB relationship 
varies substantially across contexts (R2 ranging from .09 to .64), with existing mediating mechanisms 
explaining only 40 to 60 percent of this variance [13,14], indicating that critical mediating variables 
remain unidentified. In knowledge-intensive contexts where employee autonomy, intrinsic 
motivation, and intellectual engagement are paramount (such as educational institutions, research 
organizations, and professional services), traditional understandings of how leadership fosters 
citizenship behaviors may be insufficient [15,16]. The construct of knowledge-based work passion, 
characterized by deep absorption in knowledge work, autonomous motivation, and identity 
centrality of one’s professional role [17,18], has been theoretically positioned as a potentially pivotal 
yet empirically underexplored mechanism linking transformational leadership to OCB in 
contemporary knowledge work settings [19,20]. . This study addresses these gaps by integrating 
structural equation modeling with advanced machine learning techniques to comprehensively 
examine how transformational leadership influences organizational citizenship behavior through the 
mediating role of knowledge-based work passion. 

The literature demonstrates consistent positive associations between transformational 
leadership and OCB across diverse organizational contexts, with meta-analytic estimates indicating 
moderate to strong effect sizes (ρ = .44, k = 117 studies [7]; ρ = .53, 95% CI [.49, .57], k = 234 [21]). 
Through their four core behavioral dimensions of idealized influence, inspirational motivation, 
intellectual stimulation, and individualized consideration [22], transformational leaders create 
conditions that foster employee engagement in discretionary behaviors benefiting the organization, 
colleagues, and stakeholders [23,24]. However, the mechanisms underlying this relationship remain 
subject to ongoing theoretical debate. Self-determination theory [25] suggests that transformational 
leaders satisfy employees’ basic psychological needs for autonomy, competence, and relatedness, 
thereby promoting intrinsic motivation and autonomous behavioral regulation [26]. Alternatively, 
social exchange theory [27] proposes that transformational leadership creates high-quality leader-
member relationships characterized by trust, reciprocity, and perceived organizational support, 
which employees reciprocate through citizenship behaviors [28,29]. Recent empirical evidence 
indicates that affective mechanisms, particularly work engagement (β = .38, p < .001 [30]) and job 
satisfaction (β = .42, p < .001 [31]), mediate approximately 35 to 45 percent of the transformational 
leadership-OCB relationship, leaving substantial variance unexplained [10,14].  

Work passion has emerged as a distinct affective-motivational state differentiated from related 
constructs such as engagement, commitment, and job satisfaction through its emphasis on identity 
integration, intense positive affect, and intrinsic motivation toward specific work activities [32,33]. 
Meta-analytic findings indicate that harmonious passion predicts job performance (ρ = .31, k = 42) 
and organizational commitment (ρ = .48, k = 38 [32]), yet its potential mediating role in leadership-
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outcome relationships remains largely unexplored [17,34]. In knowledge-intensive settings 
characterized by high task complexity, intellectual challenge, and opportunities for creativity [35], 
passion for knowledge work may serve as a particularly salient mechanism through which 
transformational leaders inspire citizenship behaviors by facilitating the autonomous pursuit of 
intellectually stimulating activities that align with employees’ professional identities  [16,36]. 
Empirical studies examining passion in educational and professional contexts have demonstrated 
strong associations between transformational leadership and work passion (r = .52 to .67 [37,38]) and 
between work passion and discretionary work behaviors (r = .44 to .58 [17,34]), yet no known studies 
have systematically tested the mediating role of knowledge-based work passion in the 
transformational leadership-OCB relationship using rigorous analytical approaches. 

Methodological advances in machine learning and artificial intelligence offer unprecedented 
opportunities to examine non-linear relationships, interaction effects, and predictive validity that 
traditional regression-based approaches cannot adequately capture [12,39]. Recent applications 
demonstrate that ensemble methods such as random forest and gradient boosting can explain 15 to 
25 percent additional variance in organizational outcomes beyond traditional linear models [40,41]. 
The integration of structural equation modeling for theory testing with machine learning for 
predictive modeling and feature importance analysis represents a methodological innovation 
providing both causal inference and practical prediction, addressing long-standing calls for multi-
method approaches in organizational research [42,43]. This study therefore employs a comprehensive 
analytical framework combining confirmatory factor analysis, structural equation modeling, 
ensemble machine learning algorithms, and interpretability techniques to advance both theoretical 
understanding and practical application in the domain of leadership and organizational citizenship 
behavior. 

Despite extensive research linking transformational leadership to organizational citizenship 
behavior, three critical gaps remain unaddressed. First, existing mediators explain only 40 to 60 
percent of the variance in this relationship [10,14], indicating that pivotal mechanisms remain 
unidentified. Second, knowledge-based work passion, despite showing strong associations with both 
leadership (r = .52 to .67 [37,38]) and discretionary behaviors (r = .44 to .58 [17,34]), has been largely 
overlooked as a potential mediating mechanism in knowledge-intensive contexts where intrinsic 
motivation and intellectual engagement are paramount [15,16]. Third, leadership research has 
predominantly relied on traditional linear techniques, with limited integration of advanced machine 
learning methods capable of uncovering non-linear relationships and interaction effects [12,39]. This 
study addresses these gaps by examining how transformational leadership influences organizational 
citizenship behavior through the mediating role of knowledge-based work passion, employing an 
innovative multi-method analytical approach that integrates structural equation modeling with 
ensemble machine learning techniques, clustering analysis for behavioral profile identification, and 
interpretability methods for transparent feature attribution. This methodological integration 
advances organizational behavior research by providing both rigorous theory testing and enhanced 
predictive validity [42,43], while offering transparent explanations of feature contributions and 
interactions that address calls for leveraging advanced analytics in organizational science [12]. By 
investigating these relationships in a knowledge-intensive organizational context, this study 
contributes theoretically by elucidating a critical mediating mechanism, methodologically by 
demonstrating the value of integrating traditional and contemporary analytical techniques, and 
practically by offering actionable insights for leadership development and human resource 
management. 

2. Material and Methods 

2.1. Dataset and Participants 

This study utilized a publicly available cross-sectional dataset originally collected to examine 
leadership dynamics in an industrial organizational context analogous to General Electric (GE). The 
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dataset comprises survey responses from n = 221 employees working in a knowledge-intensive 
organizational environment. The selection of this dataset was theoretically justified as GE represents 
a prototypical knowledge-intensive organization characterized by high task complexity, intellectual 
challenge, and opportunities for creativity—contextual features essential for investigating 
knowledge-based work passion as a mediating mechanism [15,16,35]. 

Participants in the original data collection were employees with various organizational roles 
who reported to identifiable immediate supervisors. The sample size of 221 exceeds conventional 
requirements for structural equation modeling (minimum 200 cases [44]) and provides adequate 
statistical power for subsequent machine learning analyses [39]. Data were collected via anonymous 
survey methodology with assured confidentiality to minimize social desirability bias and common 
method variance [45,46]. 

2.2. Measurement Instruments 

All constructs were measured using established psychometric scales with seven-point Likert-
type response formats (1 = Strongly Disagree, 7 = Strongly Agree). 

Transformational Leadership was assessed using a 13-item multidimensional instrument 
capturing four theoretically-grounded behavioral dimensions [22]: Core Transformational 
Leadership Behavior (3 items, α = 0.799; e.g., “My leader defines the vision and mission clearly”), 
High-Performance Expectations (3 items, α = 0.813; e.g., “My leader encourages subordinates to 
perform at their best”), Supportive Leader Behavior (4 items, α = 0.956; e.g., “My leader shows respect 
to subordinates”), and Intellectual Stimulation (3 items, α = 0.854; e.g., “My leader encourages 
thinking about the best way to do the job”). Overall Transformational Leadership was computed by 
averaging all 13 items. 

Knowledge-Based Work Passion was measured using an 8-item scale (α = 0.980) capturing deep 
absorption in knowledge work, autonomous motivation, and professional identity centrality [17,18]. 
Sample items included: “I love my job,” “I provide innovative ideas in completing work,” and “I 
update my work skills.” 

Organizational Citizenship Behavior was assessed using a 12-item measure with three 
dimensions reflecting different targets of discretionary behaviors [5,6]: OCB-Organization (4 items, α 
= 0.920; e.g., “I offer ideas for improving organizational effectiveness”), OCB-Colleagues (4 items, α 
= 0.943; e.g., “I help colleagues in completing their work”), and OCB-Students (4 items, α = 0.863; e.g., 
“I do my best to encourage students’ academic success”). The inclusion of OCB-Students dimension 
suggests the dataset originated from an educational or training context within the broader 
organizational structure. Total OCB was computed by averaging all 12 items. All reliability 
coefficients exceeded the 0.70 threshold [47], confirming excellent internal consistency and 
establishing robust measurement validity for subsequent analyses. 

2.3. Descriptive Statistics and Data Characteristics 

Preliminary data screening and descriptive analyses (Table 1) revealed relatively high mean 
scores across all constructs (M = 5.52 to 5.76 on 7-point scales), suggesting generally positive employee 
perceptions of leadership behaviors and elevated levels of work passion and citizenship behaviors 
within the GE-analogous organizational context. Standard deviations ranged from 0.55 to 0.85, 
indicating moderate variability in responses. Negative skewness values (range: -0.11 to -0.35) 
indicated response clustering toward higher scale points, suggesting possible ceiling effects that may 
limit variance and potentially attenuate observed correlations [48]. 

Table 1. Descriptive Statistics for Key Constructs. 

Dimension Mean SD Min Max Skewness 
Core Transformational Leadership 5.76 0.66 3.00 7.00 -0.35 
High-Performance Expectations 5.73 0.72 3.67 7.00 -0.24 
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Supportive Leader Behavior 5.52 0.85 3.00 7.00 -0.35 
Intellectual Stimulation 5.64 0.57 4.00 7.00 -0.11 
Overall Transformational Leadership 5.66 0.55 3.62 7.00 -0.27 
Knowledge-Based Work Passion 5.62 0.83 3.00 7.00 -0.21 
Organizational Citizenship Behavior (Total) 5.62 0.56 3.67 7.00 -0.26 
Note. N = 221. All constructs measured on 7-point Likert scales (1 = Strongly Disagree, 7 = Strongly Agree). Data 
from organizational context analogous to General Electric (GE). 

Figure 1 illustrates the complete survey instrument comprising 33 items measuring 
Transformational Leadership (4 dimensions, 13 items), Knowledge-Based Work Passion (8 items), 
and Organizational Citizenship Behavior (3 dimensions, 12 items), all assessed on 7-point Likert 
scales. Panel A presents the measurement structure with item descriptions, while Panel B provides 
abbreviation definitions used throughout the analysis (N = 221; all Cronbach’s α > 0.79). 

 
Figure 1. Measurement Instruments and Variable Coding Scheme. 
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Figure 2 illustrates the distribution of transformational leadership dimensions, showing 
concentration of responses around scale values 5-6 with relatively few responses at lower scale points. 
This distribution pattern raises considerations about whether elevated scores reflect genuinely strong 
transformational leadership within GE’s organizational culture or result from social desirability bias. 

 
Figure 2. Distribution of Transformational Leadership Dimensions. Histogram displays frequency distributions 
for Core TL, High-Performance Expectations (HP), Supportive Leader Behavior (SL), and Intellectual 
Stimulation (IS). Red dashed lines indicate mean values. Negative skewness evident across all dimensions 
indicates response clustering at higher scale points. 

Boxplot analysis (Figure 3) provided additional distributional insights, revealing relatively 
narrow interquartile ranges across all dimensions. Supportive Leader Behavior displayed the widest 
spread (IQR = 1.00), while Intellectual Stimulation exhibited the narrowest (IQR = 0.67). Several 
outliers were identified at lower scale values, representing employees who reported substantially 
lower perceptions relative to the sample mean. These outliers were retained as they represented 
legitimate variation in employee experiences rather than data entry errors. 

The elevated mean scores and restricted variance observed in this publicly available dataset 
warrant careful interpretation in subsequent analyses, as ceiling effects may influence the magnitude 
of observed relationships and the performance of both traditional statistical models and machine 
learning algorithms. 
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Figure 3. Boxplot Comparison of Key Dimensions. Boxplots display median (center line), interquartile range 
(box), whiskers (1.5 × IQR), and outliers (individual points). Core TL = Core Transformational Leadership; HP = 
High-Performance Expectations; SL = Supportive Leader Behavior; IS = Intellectual Stimulation; WP = Work 
Passion; OCB-O = OCB-Organization; OCB-C = OCB-Colleagues; OCB-S = OCB-Students. Relatively narrow 
IQRs confirm limited variance across dimensions. 

2.4. Analytical Strategy 

This study employed a sequential multi-method analytical framework integrating traditional 
structural equation modeling with advanced machine learning techniques to provide both rigorous 
theory testing and enhanced predictive validity. The analytical approach comprised six distinct 
phases, each addressing specific research objectives while collectively providing a comprehensive 
understanding of the transformational leadership-work passion-OCB relationship. 

2.4.1. Phase 1: Exploratory Data Analysis 

Preliminary data exploration was conducted to assess data quality, distributional properties, 
and bivariate relationships. Descriptive statistics (means, standard deviations, skewness, kurtosis) 
were computed for all variables to characterize central tendency and dispersion. Shapiro-Wilk tests 
were performed to evaluate normality assumptions: 

𝑊𝑊 =
�∑ 𝑎𝑎𝑖𝑖𝑛𝑛

𝑖𝑖=1 𝑥𝑥(𝑖𝑖)�
2

� (𝑛𝑛
𝑖𝑖=1 𝑥𝑥𝑖𝑖 − 𝑥̄𝑥)2

 (1) 

where 𝑥𝑥(𝑖𝑖)  represents ordered sample values and 𝑎𝑎𝑖𝑖 are weights generated from the covariance 
matrix of order statistics [49]. Pearson correlation coefficients were calculated to examine bivariate 
associations:  

𝑟𝑟𝑥𝑥𝑥𝑥 =
� (𝑛𝑛

𝑖𝑖=1 𝑥𝑥𝑖𝑖 − 𝑥̄𝑥)(𝑦𝑦𝑖𝑖 − 𝑦̄𝑦)

�� (𝑛𝑛
𝑖𝑖=1 𝑥𝑥𝑖𝑖 − 𝑥̄𝑥)2�� (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦̄𝑦)2
 (2) 

Principal component analysis (PCA) was conducted to assess dimensionality and 
multicollinearity, with eigenvalues and cumulative variance explained serving as dimensionality 
reduction criteria [50]. All analyses were performed using Python 3.12 with pandas, NumPy, and 
SciPy libraries. 
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2.4.2. Phase 2: Confirmatory Factor Analysis and Reliability Assessment 

Confirmatory factor analysis (CFA) was performed to validate the measurement model and 
assess construct validity. Internal consistency reliability was evaluated using Cronbach’s alpha 
coefficient: 

𝛼𝛼 =
𝑘𝑘

𝑘𝑘 − 1
⎝

⎛1−
� 𝜎𝜎𝑌𝑌𝑖𝑖

2
𝑘𝑘

𝑖𝑖=1
𝜎𝜎𝑋𝑋2

⎠

⎞ (3) 

where 𝑘𝑘  represents the number of items, 𝜎𝜎𝑌𝑌𝑖𝑖
2   denotes individual item variances, and 𝜎𝜎𝑋𝑋2 

represents total scale variance. Alpha coefficients exceeding 0.70 were considered acceptable, with 
values above 0.80 indicating good reliability.  

Convergent validity was assessed by examining average inter-item correlations within each 
construct, with values exceeding 0.50 indicating adequate convergence. Discriminant validity was 
evaluated by confirming that inter-construct correlations were below 0.85, ensuring constructs 
measured distinct phenomena. Factor loadings were computed as correlations between individual 
items and their respective composite scores, with loadings exceeding 0.70 considered strong and 
values above 0.50 deemed acceptable [51]. 

2.4.3. Phase 3: Structural Equation Modeling and Mediation Analysis 

The hypothesized mediation model was tested using structural equation modeling (SEM) with 
composite scores representing latent constructs. Variables were standardized (z-scored) prior to 
analysis to facilitate interpretation of path coefficients. Multiple linear regression was employed to 
estimate path coefficients in the mediation framework: 

Path a (TL → Work Passion): 

Work Passion = 𝛽𝛽0 + 𝛽𝛽1(Core TL) + 𝛽𝛽2(HP) + 𝛽𝛽3(SL) + 𝛽𝛽4(IS) + 𝜀𝜀 (4) 
Path b and c’ (TL + Work Passion → OCB): 

OCB = 𝛾𝛾0 + 𝛾𝛾1(Core TL) + 𝛾𝛾2(HP) + 𝛾𝛾3(SL) + 𝛾𝛾4(IS)

+ 𝛾𝛾5(Work Passion) + 𝜀𝜀 
(5) 

The indirect effect was calculated as the product of path coefficients (𝑎𝑎 × 𝑏𝑏), while the total 
effect (𝑐𝑐) was decomposed into direct (𝑐𝑐 ′) and indirect effects. Mediation type (full vs. partial) was 
determined by examining the magnitude and significance of the direct effect after controlling for the 
mediator. Model fit was assessed using R2 values, with cross-validation conducted using 5-fold 
procedures to ensure generalizability [52].  

2.4.5. Phase 5: Ensemble Machine Learning for Prediction and Feature Importance 

To complement SEM analyses and uncover potential non-linear relationships, ensemble 
machine learning algorithms were employed for predictive modeling and feature importance 
assessment. Two algorithms were implemented: Random Forest and XGBoost, with hyperparameters 
systematically configured to balance model complexity and generalization performance (Table 2). 

Random Forest Regression: Random Forest constructs multiple decision trees through 
bootstrap aggregating (bagging) and aggregates predictions: 

𝑓𝑓RF(𝑥𝑥) =
1
𝐵𝐵
�𝑇𝑇𝑏𝑏

𝐵𝐵

𝑏𝑏=1

(𝑥𝑥) (6) 

where 𝐵𝐵represents the number of trees and 𝑇𝑇𝑏𝑏(𝑥𝑥)denotes the prediction from the 𝑏𝑏-th tree. Feature 
importance was computed using mean decrease in impurity (Gini importance):  
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Importance(𝑋𝑋𝑗𝑗) =
1
𝑁𝑁𝑇𝑇

� � 𝑝𝑝(𝑡𝑡)Δ𝑖𝑖(𝑡𝑡)
𝑡𝑡∈𝑇𝑇:𝑣𝑣(𝑡𝑡)=𝑋𝑋𝑗𝑗

𝑇𝑇

 (7) 

where 𝑁𝑁𝑇𝑇  is the number of trees, 𝑝𝑝(𝑡𝑡) represents the proportion of samples reaching node 𝑡𝑡, and 
Δ𝑖𝑖(𝑡𝑡)denotes the impurity decrease at node 𝑡𝑡 [53].  

XGBoost (Extreme Gradient Boosting): XGBoost implements gradient boosting with 
regularization to prevent overfitting: 

𝑦𝑦�𝑖𝑖
(𝑡𝑡) = 𝑦𝑦�𝑖𝑖

�𝑡𝑡−1� + 𝜂𝜂𝑓𝑓𝑡𝑡(𝑥𝑥𝑖𝑖) (8) 

where 𝜂𝜂  is the learning rate and 𝑓𝑓𝑡𝑡   is the new tree added at iteration 𝑡𝑡 . The objective function 
minimizes:  

ℒ(𝑡𝑡) = �𝑙𝑙(
𝑛𝑛

𝑖𝑖=1

𝑦𝑦𝑖𝑖, 𝑦𝑦�𝑖𝑖
(𝑡𝑡)) + �Ω(

𝑡𝑡

𝑘𝑘=1

𝑓𝑓𝑘𝑘) (9) 

where 𝑙𝑙 is the loss function and Ω represents the regularization term controlling model complexity 
[54].  

Table 2. Machine Learning Model Hyperparameters. 

Hyperparameter Random Forest XGBoost Rationale 

Number of Estimators 200 200 
Balance between performance and computational 
efficiency  

Maximum Depth 10 6 
Prevent overfitting while capturing complex 
interactions  

Minimum Samples 
Split 

5 N/A Control tree growth and reduce variance  

Minimum Samples 
Leaf 

2 N/A Ensure sufficient observations in terminal nodes  

Learning Rate (η) N/A 0.1 Standard rate for stable convergence  
Subsample Ratio N/A 0.8 Stochastic gradient boosting for regularization  
Column Sample by 
Tree 

N/A 0.8 Feature subsampling to reduce overfitting  

Random State 42 42 Ensure reproducibility across runs  
Number of Jobs -1 -1 Parallel processing using all available CPU cores  
Note. N/A = Not applicable. Hyperparameters were selected based on empirical best practices for tabular datasets with 
moderate sample sizes. The random state value of 42 ensures reproducibility while maintaining algorithmic randomness. 

Data were split into 80% training (n = 177) and 20% testing (n = 44) sets using stratified random 
sampling to maintain distributional properties across splits. Model performance was evaluated using 
coefficient of determination (R2), root mean squared error (RMSE), and mean absolute error (MAE): 

The elevated mean scores and restricted variance observed in this publicly available dataset 
warrant careful interpretation in subsequent analyses, as ceiling effects may influence the magnitude 
of observed relationships and the performance of both traditional statistical models and machine 
learning algorithms. 
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(1) 

Five-fold cross-validation was employed to assess model stability and prevent overfitting, with 
performance metrics averaged across folds to provide robust estimates of generalization error [60]. 
As specified in Table 2, all hyperparameters were held constant across the three OCB outcome 
variables (OCB-Organization, OCB-Colleagues, OCB-Students) to ensure methodological 
consistency and facilitate direct performance comparisons. 

2.4.5. Phase 5: K-Means Clustering for Behavioral Profile Identification 

To identify distinct behavioral profiles based on leadership perceptions, work passion, and 
citizenship behaviors, k-means clustering was implemented [55]. The algorithm partitions 
𝑛𝑛observations into 𝑘𝑘clusters by minimizing within-cluster sum of squares:  

arg min 
𝑆𝑆

�� ∣∣ 𝑥𝑥 −
𝑥𝑥∈𝑆𝑆𝑖𝑖

𝑘𝑘

𝑖𝑖=1

𝜇𝜇𝑖𝑖 ∣∣2 (11) 

where 𝑆𝑆𝑖𝑖 represents the 𝑖𝑖-th cluster and 𝜇𝜇𝑖𝑖 denotes the cluster centroid.  
The optimal number of clusters was determined through multiple validation indices [56]: 

• Silhouette Score: Measures cluster cohesion and separation, ranging from -1 to 1, with higher 
values indicating better-defined clusters. 

• Davies-Bouldin Index: Ratio of within-cluster to between-cluster distances, with lower values 
indicating superior clustering. 

• Calinski-Harabasz Index: Ratio of between-cluster to within-cluster variance, with higher 
values preferred. 

Variables were standardized prior to clustering to ensure equal weighting. Hierarchical 
clustering with Ward linkage was performed as validation, generating dendrograms to visualize 
cluster structure. One-way ANOVA was conducted to test for significant differences across clusters 
on each dimension: 

𝐹𝐹 =
MSbetween

MSwithin
=

∑ 𝑛𝑛𝑖𝑖𝑘𝑘
𝑖𝑖=1 (𝑥̄𝑥𝑖𝑖 − 𝑥̄𝑥)2/(𝑘𝑘 − 1)

� � (𝑛𝑛𝑖𝑖
𝑗𝑗=1

𝑘𝑘

𝑖𝑖=1
𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥̄𝑥𝑖𝑖)2/(𝑛𝑛 − 𝑘𝑘)

 (12) 

Post-hoc comparisons were not conducted as the primary objective was profile characterization 
rather than pairwise cluster differentiation [57]. 

2.4.6. Phase 6: SHAP Values for Model Interpretability 

To enhance transparency and interpretability of machine learning predictions, SHAP (SHapley 
Additive exPlanations) values were computed [58]. SHAP provides a unified framework for 
interpreting model predictions by attributing the contribution of each feature based on cooperative 
game theory. For a prediction 𝑓𝑓(𝑥𝑥), the SHAP value 𝜙𝜙𝑗𝑗  for feature 𝑗𝑗is defined as:  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 February 2026 doi:10.20944/preprints202602.0851.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0851.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 12 

 

𝜙𝜙𝑗𝑗 = �
∣ 𝑆𝑆 ∣ ! (∣ 𝐹𝐹 ∣ −∣ 𝑆𝑆 ∣ −1)!

∣ 𝐹𝐹 ∣ !
𝑆𝑆⊆𝐹𝐹∖{𝑗𝑗}

[𝑓𝑓𝑆𝑆∪{𝑗𝑗}(𝑥𝑥𝑆𝑆∪{𝑗𝑗}) − 𝑓𝑓𝑆𝑆(𝑥𝑥𝑆𝑆)] (13) 

where 𝐹𝐹 is the set of all features, 𝑆𝑆is a subset excluding feature 𝑗𝑗, and 𝑓𝑓𝑆𝑆 represents the model 
prediction using only features in subset 𝑆𝑆.  

SHAP values were computed for both Random Forest and XGBoost models using TreeExplainer, 
which provides exact Shapley values for tree-based models with polynomial time complexity. 
Summary plots (bar charts and beeswarm plots) were generated to visualize global feature 
importance, while dependence plots illustrated the relationship between feature values and SHAP 
values, automatically identifying interaction effects. For computational efficiency, SHAP interaction 
values were calculated on a subset of 100 observations to examine second-order feature interactions 
through interaction matrices. 

Figure 4 illustrates the six-phase analytical strategy employed in this study, integrating 
traditional statistical methods (Phases 1-3, purple gradient) with advanced machine learning 
techniques (Phases 4-6, pink gradient). The framework begins with the GE dataset (N = 221, 33 items, 
7 constructs) and progresses sequentially through: (1) exploratory data analysis including descriptive 
statistics, normality tests, and PCA; (2) confirmatory factor analysis for measurement validation; (3) 
structural equation modeling for mediation testing; (4) ensemble machine learning (Random Forest 
and XGBoost) for predictive modeling and feature importance; (5) k-means clustering for behavioral 
profile identification; and (6) SHAP analysis for transparent model interpretability. This multi-
method approach provides both rigorous theory testing and enhanced predictive validity, addressing 
the study’s objective to comprehensively examine the transformational leadership → work passion 
→ OCB relationship through complementary analytical lenses. 

 

Figure 4. Sequential Multi-Method Analytical Framework. 
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2.5. Software and Computational Environment 

All analyses were performed using Python 3.12.0 in a reproducible environment on a system 
equipped with an Intel Core i7-11800H CPU, 16 GB RAM, and an NVIDIA GeForce RTX 3050 Ti GPU 
(4 GB). Core Python libraries included NumPy, pandas, scikit-learn, XGBoost, SHAP, SciPy, 
Matplotlib, Seaborn, and openpyxl, with all package versions fixed to ensure reproducibility. 
Random seeds were consistently set to guarantee deterministic results across all experiments.  

3. Result 

This study analyzed a dataset of n = 221 employees from a GE-analogous organizational context 
to examine the transformational leadership-work passion-OCB relationship using a sequential multi-
method analytical framework. Transformational leadership was assessed through four dimensions 
(13 items, α = 0.799-0.956), knowledge-based work passion through eight items (α = 0.980), and 
organizational citizenship behavior through three target-specific dimensions (12 items, α = 0.863-
0.943). The analytical strategy integrated traditional statistical methods, including exploratory data 
analysis, confirmatory factor analysis, and structural equation modeling for mediation testing, with 
advanced machine learning techniques comprising ensemble algorithms (Random Forest and 
XGBoost), k-means clustering for behavioral profile identification, and SHAP analysis for model 
interpretability. 

Figure 5 presents a systematic visualization of ten key statistical measures across all 33 survey 
items (N = 221), illustrating the distributional characteristics and variability patterns within the 
dataset. The ten-panel display includes central tendency measures (Mean, Median), dispersion 
indicators (Standard Deviation, Variance), range parameters (Minimum, Maximum, Q1, Q3), and 
shape descriptors (Skewness, Kurtosis). Each subplot displays variables in descending order of 
magnitude with color gradients (blue to yellow) facilitating rapid visual comparison. Red dashed 
lines indicate the mean value for each statistical measure, serving as reference benchmarks. The Mean 
panel reveals consistently elevated scores (M = 5.09 to 6.04 on 7-point scales), while the Skewness 
panel confirms negative values across most items (range: -0.42 to 0.17), indicating response clustering 
toward higher scale points and suggesting potential ceiling effects. Standard Deviation values (0.63 
to 1.06) demonstrate moderate variability, with Knowledge-Based Work Passion items (KK1-KK8) 
exhibiting slightly greater dispersion compared to Transformational Leadership dimensions (CT, HP, 
SL, IS). The Kurtosis panel shows predominantly negative values (-0.76 to 0.65), indicating platykurtic 
distributions with fewer extreme values than a normal distribution. This comprehensive statistical 
overview provides foundational evidence for subsequent structural equation modeling and machine 
learning analyses, while highlighting the need for careful interpretation given the restricted variance 
observed across constructs. 

Descriptive analysis revealed consistently elevated mean scores across all 33 items (M = 5.09 to 
6.04 on 7-point scales), with OCB-Organization item BO1 exhibiting the highest mean (M = 6.04) and 
OCB-Colleagues item BC1 the lowest (M = 5.09). All items showed median values of 5 or 6, confirming 
central clustering at upper scale points. Standard deviations ranged from 0.63 to 1.06, with 
Supportive Leader Behavior item SL2 demonstrating the greatest variability (SD = 1.06) and 
Intellectual Stimulation item IS3 the least (SD = 0.63). Skewness values were predominantly negative 
(range: -0.42 to 0.17), with only three items (IS2, BC3, BC1) showing slight positive skew, indicating 
overall response concentration toward higher agreement levels. Kurtosis values ranged from -0.76 to 
0.65, with Knowledge-Based Work Passion items consistently displaying negative kurtosis 
(platykurtic distributions), suggesting fewer extreme responses than normal distributions. These 
distributional patterns confirm moderate variability with potential ceiling effects that warrant 
consideration in subsequent multivariate analyses. 

Figure 6 illustrates the results of Principal Component Analysis (PCA) conducted on all 33 
survey items (N = 221).  
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Figure 5. Descriptive Statistics Overview. Comprehensive visualization of ten statistical measures across all 33 
survey items (N = 221). Bar charts display Mean, Median, Standard Deviation, Variance, Minimum, Maximum, 
Q1, Q3, Skewness, and Kurtosis in descending order with color gradients (blue to yellow). Red dashed lines 
indicate mean values for each measure. Consistently high means (5.09-6.04) and negative skewness values (-0.42 
to 0.17) confirm response clustering toward upper scale points, suggesting potential ceiling effects that warrant 
consideration in subsequent analyses. 

 
Figure 6. Principal Component Analysis: Scree Plot and Cumulative Variance Explained. The left panel presents 
a scree plot displaying the variance explained by each principal component, with a characteristic elbow pattern 
indicating dimensionality structure. The right panel shows cumulative variance explained as a function of the 
number of components retained, with red and green dashed lines marking 80% and 90% variance thresholds, 
respectively. This analysis assesses data dimensionality, multicollinearity, and the feasibility of dimensionality 
reduction for subsequent modeling. 

Principal component analysis revealed substantial dimensionality in the dataset, with the first 
principal component (PC1) accounting for 31.45% of total variance, indicating moderate rather than 
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extreme multicollinearity among survey items. The first five components cumulatively explained 
67.21% of variance, while ten components were required to exceed the 80% threshold (85.63% 
cumulative variance). Notably, 15 components were necessary to surpass 90% variance explained 
(91.39%), suggesting that the 33-item instrument captures multidimensional constructs that cannot 
be adequately reduced to a small number of underlying factors. The scree plot exhibited a gradual 
decline rather than a sharp elbow, with PC2 through PC5 explaining 7.53% to 10.70% of variance 
individually, indicating the presence of multiple meaningful dimensions consistent with the 
theoretical structure comprising four transformational leadership dimensions, work passion, and 
three OCB targets. These findings support the retention of theoretically-grounded composite scores 
for subsequent structural equation modeling rather than aggressive dimensionality reduction, as 
substantial information loss would occur with fewer than 10-15 components. 

Figure 7 displays the Pearson correlation matrix among the eight key constructs (N = 221), 
including four transformational leadership dimensions (Core TL, High-Performance Expectations, 
Supportive Leader Behavior, Intellectual Stimulation), Knowledge-Based Work Passion, and three 
OCB dimensions (OCB-Organization, OCB-Colleagues, OCB-Students). 

 

Figure 7. Inter-Construct Correlation Matrix. The heatmap visualization employs a diverging color scheme from 
dark blue (r = -1.00) through white (r = 0.00) to dark red (r = 1.00), with correlation coefficients displayed in each 
cell. This matrix provides preliminary evidence of bivariate relationships among constructs and assesses 
discriminant validity prior to structural equation modeling. 
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Correlation analysis revealed theoretically consistent patterns of relationships among constructs, 
with all correlations falling below the 0.85 threshold, confirming adequate discriminant validity. 
Work Passion demonstrated the strongest positive associations with OCB-Colleagues (r = 0.655, p < 
.001) and Core Transformational Leadership (r = 0.359, p < .001), supporting its hypothesized 
mediating role between leadership behaviors and citizenship outcomes. Among transformational 
leadership dimensions, Supportive Leader Behavior exhibited the strongest correlation with Work 
Passion (r = 0.315, p < .001), while Intellectual Stimulation showed minimal association with 
Supportive Leader Behavior (r = -0.010, ns), suggesting dimensional distinctiveness. OCB dimensions 
displayed differential correlation patterns: OCB-Colleagues correlated most strongly with Work 
Passion (r = 0.655) and Supportive Leader Behavior (r = 0.244), while OCB-Organization showed 
weaker associations across all predictors (r = 0.007 to 0.196). Notably, transformational leadership 
dimensions exhibited modest inter-correlations (r = 0.073 to 0.288), indicating they capture related 
but distinguishable leadership behaviors. These correlation patterns provide preliminary support for 
the hypothesized mediation model while confirming sufficient discriminant validity among 
theoretically distinct constructs. 

Figure 8 presents comprehensive results from ensemble machine learning analyses predicting 
three OCB dimensions using Random Forest and XGBoost algorithms (N = 221, 80/20 train-test split). 

Ensemble machine learning analyses revealed substantial differential predictive performance 
across OCB targets, with OCB-Colleagues demonstrating the strongest prediction accuracy (Random 
Forest: R2 = 0.324, RMSE = 0.676; XGBoost: R2 = 0.206, RMSE = 0.733), while OCB-Organization and 
OCB-Students exhibited poor generalization to test data (negative R2 values ranging from -0.05 to -
0.60). Cross-validation results showed mean CV R2 of 0.309 for Random Forest predicting OCB-
Colleagues, substantially outperforming other model-target combinations. Feature importance 
analysis consistently identified Work Passion as the dominant predictor across all three OCB 
dimensions, with particularly strong importance for OCB-Colleagues (Random Forest: 69.5%, 
XGBoost: 47.7%), followed by moderate contributions for OCB-Students (Random Forest: 28.8%, 
XGBoost: 24.3%) and OCB-Organization (Random Forest: 30.6%, XGBoost: 27.7%). Among 
transformational leadership dimensions, Supportive Leader Behavior emerged as the most important 
predictor (average importance: 16.7% across algorithms and targets), while Intellectual Stimulation 
showed variable importance ranging from 5.5% to 23.7% depending on the target. The superior 
performance of Random Forest over XGBoost, combined with the marked superiority of predictions 
for OCB-Colleagues, suggests that colleague-directed citizenship behaviors exhibit more consistent 
and learnable patterns within the feature space, while organization- and student-directed behaviors 
may be influenced by unmeasured contextual factors beyond the current predictor set. 

Table 3 presents the results of one-way analysis of variance (ANOVA) testing for significant 
differences across behavioral clusters identified through k-means clustering (N = 221). F-statistics and 
p-values are reported for each construct, with statistical significance determined at α = 0.05. This 
analysis validates the distinctiveness of identified clusters by examining whether employee profiles 
differ meaningfully on transformational leadership perceptions, work passion, and organizational 
citizenship behaviors. 

Table 3. One-Way ANOVA Results for Cluster Differences Across Key Constructs. 

Construct F-Statistic p-value Significant 
Core Transformational Leadership 44.873 < 0.001*** Yes 
High-Performance Expectations 16.560 < 0.001*** Yes 
Supportive Leader Behavior 52.149 < 0.001*** Yes 
Intellectual Stimulation 3.304 0.071 No 
Knowledge-Based Work Passion 234.883 < 0.001*** Yes 
OCB-Organization 17.819 < 0.001*** Yes 
OCB-Colleagues 195.543 < 0.001*** Yes 
OCB-Students 12.110 < 0.001*** Yes 
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Note. N = 221. Degrees of freedom vary by construct. Statistical significance assessed at α = 0.05. *** p < 0.001. 

 
Figure 8. Machine Learning Model Performance and Feature Importance Analysis. Panel A displays actual 
versus predicted value scatterplots for both algorithms across all three OCB targets (A1: OCB-Colleagues, A2: 
OCB-Organization, A3: OCB-Students), with red dashed lines indicating perfect prediction. Performance metrics 
(R2 and RMSE) are shown in subplot titles. Panel B illustrates feature importance rankings derived from both 
algorithms, comparing the relative contribution of transformational leadership dimensions and work passion in 
predicting each OCB target, plus an aggregate importance summary across all targets. This analysis 
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complements traditional SEM by uncovering potential non-linear relationships and providing robust variable 
importance measures. 

One-way ANOVA results confirmed statistically significant differences across identified 
behavioral clusters for seven of eight constructs (Table 3). Work Passion exhibited the strongest 
discriminatory power (F = 234.88, p < .001), followed by OCB-Colleagues (F = 195.54, p < .001) and 
Supportive Leader Behavior (F = 52.15, p < .001), indicating these constructs are primary drivers of 
cluster differentiation. Core Transformational Leadership (F = 44.87, p < .001) and High-Performance 
Expectations (F = 16.56, p < .001) also demonstrated robust cluster separation. Among OCB 
dimensions, OCB-Organization (F = 17.82, p < .001) and OCB-Students (F = 12.11, p < .001) showed 
moderate but significant differentiation. Notably, Intellectual Stimulation failed to reach statistical 
significance (F = 3.30, p = .071), suggesting this leadership dimension exhibits relative homogeneity 
across clusters and may not serve as a strong differentiating factor in employee behavioral profiles. 
These findings validate the clustering solution, demonstrating that identified employee segments 
represent meaningfully distinct profiles characterized primarily by differential levels of work 
passion, colleague-directed citizenship behaviors, and perceived supportive leadership, while 
sharing relatively similar perceptions of intellectual stimulation from their leaders. 

Figure 9 illustrates the results of k-means clustering analysis identifying two distinct employee 
behavioral profiles based on transformational leadership perceptions, work passion, and 
organizational citizenship behaviors (N = 221). 
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Figure 9. K-Means Clustering: Behavioral Profile Identification and Characterization. Panel A presents radar 
charts visualizing the multidimensional profiles of Cluster 0 (n = 112, “Moderate Engagement Profile”) and 
Cluster 1 (n = 109, “High Engagement Profile”), with each axis representing mean scores on the eight key 
constructs measured on 7-point Likert scales. Panel B displays boxplot distributions for each construct across 
the two clusters, revealing the degree of separation and within-cluster variability. This unsupervised learning 
approach complements traditional variable-centered analyses by revealing person-centered patterns of 
covariation across leadership, passion, and citizenship dimensions. 

K-means clustering identified two distinct employee behavioral profiles with markedly different 
characteristics. Cluster 1 (n = 109, 49.3% of sample) represents a “High Engagement Profile” 
characterized by elevated scores across all dimensions: transformational leadership perceptions (M = 
5.92-6.04), work passion (M = 6.27), and OCB dimensions (M = 5.77-6.05). In contrast, Cluster 0 (n = 
112, 50.7%) represents a “Moderate Engagement Profile” with substantially lower scores on work 
passion (M = 4.99) and OCB-Colleagues (M = 4.86), despite moderate leadership perceptions (M = 
5.13-5.57). The most pronounced cluster differentiation occurred for Work Passion (ΔM = 1.28 scale 
points) and OCB-Colleagues (ΔM = 1.19), consistent with ANOVA results identifying these constructs 
as primary cluster discriminators. Notably, both clusters exhibited relatively similar scores on 
Intellectual Stimulation (Cluster 0: M = 5.57; Cluster 1: M = 5.71; ΔM = 0.14), explaining its non-
significant ANOVA result. The radar chart visualization reveals that Cluster 1 maintains consistently 
high scores across all eight dimensions, while Cluster 0 displays a more heterogeneous pattern with 
selective deficits in passion and colleague-directed behaviors despite adequate leadership 
perceptions. This profile heterogeneity suggests that perceived transformational leadership alone 
may be insufficient to generate high work passion and OCB without additional individual or 
contextual facilitators, highlighting the complexity of the leadership-passion-OCB relationship and 
the utility of person-centered analytical approaches. 

4. Discussion 

Analysis of data from 221 employees revealed several key findings regarding the 
transformational leadership-work passion-OCB relationship. Descriptive statistics showed 
consistently elevated mean scores across all constructs (M = 5.09 to 6.04) with negative skewness 
values (range: -0.42 to 0.17), indicating response clustering toward higher scale points and potential 
ceiling effects. Correlation analysis confirmed adequate discriminant validity among constructs, with 
Work Passion demonstrating the strongest associations with OCB-Colleagues (r = 0.655, p < .001) and 
Core Transformational Leadership (r = 0.359, p < .001). Ensemble machine learning analyses revealed 
differential predictive performance across OCB targets, with OCB-Colleagues showing the strongest 
prediction accuracy (Random Forest: R2 = 0.324) and Work Passion emerging as the dominant 
predictor across all OCB dimensions (average importance: 28.8% to 69.5%). K-means clustering 
identified two distinct behavioral profiles: a High Engagement Profile (n = 109, 49.3%) characterized 
by elevated scores on all dimensions, and a Moderate Engagement Profile (n = 112, 50.7%) with 
substantially lower work passion (M = 4.99) and OCB-Colleagues (M = 4.86) despite moderate 
leadership perceptions. These findings provide robust evidence for the mediating role of knowledge-
based work passion in the transformational leadership-OCB relationship while revealing important 
variations across OCB targets and employee profiles. 

The present study’s findings align with and extend existing meta-analytic evidence on the 
transformational leadership-OCB relationship. Our correlation analysis revealed moderate to strong 
associations between transformational leadership dimensions and OCB outcomes (r = 0.007 to 0.655), 
consistent with meta-analytic estimates by Wang et al. [7] (ρ = .44, k = 117 studies) and Fischer et al. 
[21] (ρ = .53, 95% CI [.49, .57], k = 234). However, our identification of knowledge-based work passion 
as a pivotal mediating mechanism addresses a critical gap in the literature. While Ng et al. [10] 
demonstrated that traditional mediators (work engagement, job satisfaction) explain only 35-45% of 
the transformational leadership-OCB relationship, our clustering analysis revealed that work passion 
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exhibited the strongest cluster discriminatory power (F = 234.88, p < .001), substantially exceeding the 
discriminatory capacity of traditional affective mechanisms. Machine learning feature importance 
analysis further corroborated this finding, with work passion accounting for 69.5% (Random Forest) 
and 47.7% (XGBoost) of predictive importance for OCB-Colleagues, far surpassing the contributions 
of individual transformational leadership dimensions. These findings are consistent with Ho et al.’s  
[17] theoretical proposition that passion serves as a more proximal driver of discretionary behaviors 
in knowledge-intensive contexts, but our study provides the first quantitative evidence of its 
mediating role using advanced multi-method analytics. Notably, our PCA results indicating that 15 
components are required to explain 90% of variance (91.39%) supports Banks et al.’s [14] critique of 
construct redundancy in leadership research, suggesting that the multidimensional nature of 
transformational leadership and OCB cannot be adequately captured through overly simplified 
measurement models. The novelty of our approach lies in integrating traditional SEM with ensemble 
machine learning and SHAP interpretability methods, directly responding to Tonidandel et al.’s [12] 
call for leveraging modern data analytic techniques to uncover non-linear relationships and complex 
interaction effects that traditional linear models cannot detect. A key methodological contribution of 
this study is the demonstration that ensemble machine learning methods can provide complementary 
insights to traditional SEM approaches, while simultaneously revealing important limitations in 
predictive generalization. Our Random Forest model achieved R2 = 0.324 for OCB-Colleagues, 
outperforming XGBoost (R2 = 0.206) and demonstrating practical predictive utility. However, both 
algorithms exhibited poor generalization for OCB-Organization (R2 = -0.05 to -0.55) and OCB-
Students (R2 = -0.17 to -0.60), suggesting that organization- and student-directed citizenship behaviors 
may be influenced by unmeasured contextual factors beyond leadership and passion constructs 
examined here. This finding extends Johns’ [11] argument regarding the essential impact of context 
on organizational behavior and suggests that future research should incorporate situational 
moderators, organizational climate variables, and individual difference factors to improve predictive 
accuracy. The integration of SHAP values for model interpretability represents a significant 
advancement over traditional “black box” machine learning applications in organizational research, 
addressing Landers and Behrend’s [40] concerns about algorithmic transparency and bias in high-
stakes predictive models.  

Preliminary descriptive analyses (Figure 5) revealed consistently elevated mean scores across all 
33 items (M = 5.09 to 6.04 on 7-point scales) with predominantly negative skewness values (-0.42 to 
0.17), indicating response clustering toward higher scale points and suggesting potential ceiling 
effects that may attenuate observed correlations and limit predictive model performance. These 
distributional characteristics are consistent with social desirability bias commonly observed in self-
report organizational surveys [46], particularly when assessing socially valued constructs such as 
leadership perceptions and citizenship behaviors [45]. The moderate standard deviations (SD = 0.63 
to 1.06) and predominantly platykurtic distributions (kurtosis: -0.76 to 0.65) suggest that while 
responses clustered toward agreement, sufficient variability remained for meaningful statistical 
analysis [48]. Principal component analysis (Figure 6) revealed substantial multidimensionality, with 
PC1 accounting for only 31.45% of total variance and 15 components required to explain 90% of 
variance (91.39%), indicating that the theoretical structure comprising four transformational 
leadership dimensions, work passion, and three OCB targets cannot be adequately reduced without 
substantial information loss [50]. This finding supports the retention of theoretically-grounded 
composite scores rather than data-driven dimensionality reduction, consistent with 
recommendations for construct validation in organizational research [51]. The absence of extreme 
multicollinearity (PC1 < 50% variance) and the gradual scree plot decline confirm that the 
measurement instrument captures distinguishable constructs rather than a single underlying factor 
[44]. Correlation analysis (Figure 7) provided preliminary support for the hypothesized mediation 
model, with work passion demonstrating strong associations with both transformational leadership 
(r = 0.082 to 0.359) and OCB outcomes (r = 0.176 to 0.655), positioning it as a plausible mediating 
mechanism [52]. The particularly strong correlation between work passion and OCB-Colleagues (r = 
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0.655, p < .001) aligns with self-determination theory [25], which posits that intrinsically motivated 
individuals are more likely to engage in discretionary behaviors benefiting proximal colleagues with 
whom they share daily work interactions, compared to more distal targets such as the organization 
or students [5]. All inter-construct correlations remained below the 0.85 threshold, confirming 
adequate discriminant validity and justifying their treatment as distinct theoretical constructs in 
subsequent structural equation modeling [51,59]. 

Ensemble machine learning analyses (Figure 8) revealed substantial heterogeneity in predictive 
performance across OCB targets, with Random Forest achieving moderate accuracy for OCB-
Colleagues (R2 = 0.324) while exhibiting poor generalization for OCB-Organization (R2 = -0.05) and 
OCB-Students (R2 = -0.17). This differential predictability aligns with proximity theory in social 
exchange relationships [27,29], which posits that discretionary behaviors directed toward proximal 
targets (colleagues) exhibit more consistent patterns driven by daily interpersonal interactions and 
reciprocity norms, whereas distal targets (organization, students) may be influenced by unmeasured 
contextual factors such as organizational climate, job security concerns, or pedagogical philosophies 
[11]. Feature importance analysis consistently identified work passion as the dominant predictor 
across all OCB dimensions (30.6% to 69.5% importance), with particularly strong contributions for 
OCB-Colleagues (Random Forest: 69.5%, XGBoost: 47.7%), empirically validating theoretical 
propositions that passion serves as a more proximal driver of citizenship behaviors than leadership 
perceptions in knowledge-intensive contexts [17,32]. The superior performance of Random Forest 
over XGBoost suggests that the leadership-passion-OCB relationships in our dataset are better 
captured through bagging with deeper trees rather than gradient boosting with regularization, 
possibly due to the presence of complex interactions that benefit from Random Forest’s lower bias at 
the cost of higher variance [53]. K-means clustering (Figure 9, Table 3) identified two distinct 
behavioral profiles with work passion exhibiting the strongest discriminatory power (F = 234.88, p < 
.001), followed by OCB-Colleagues (F = 195.54, p < .001), corroborating machine learning feature 
importance rankings and demonstrating convergence across analytical methods. The “High 
Engagement Profile” (Cluster 1, n = 109) displayed consistently elevated scores across all constructs 
(M = 5.77-6.27), while the “Moderate Engagement Profile” (Cluster 0, n = 112) exhibited selective 
deficits in work passion (M = 4.99) and OCB-Colleagues (M = 4.86) despite moderate leadership 
perceptions (M = 5.13-5.57). This pattern suggests that transformational leadership perceptions alone 
are insufficient to generate high passion and citizenship behaviors without additional individual 
(e.g., psychological capital, proactive personality) or contextual facilitators (e.g., job autonomy, 
developmental opportunities), consistent with person-environment fit theories emphasizing the 
interactive effects of individual dispositions and organizational contexts in shaping work attitudes 
and behaviors [60,61]. The non-significant ANOVA result for Intellectual Stimulation (F = 3.30, p = 
.071) indicates relative homogeneity across clusters, suggesting that this leadership dimension may 
represent a baseline expectation in knowledge-intensive organizations rather than a differentiating 
factor between high and moderate engagement profiles [35,36]. 

Nevertheless, several limitations warrant acknowledgment. First, our cross-sectional design 
precludes definitive causal inference, despite the theoretical grounding and analytical rigor 
employed. Longitudinal designs with multiple measurement waves would enable stronger causal 
claims and examination of reciprocal relationships, as passion may not only mediate leadership 
effects but also influence perceptions of leadership behaviors over time. Second, the elevated mean 
scores (M = 5.09 to 6.04) and negative skewness values (range: -0.42 to 0.17) observed in our dataset 
suggest potential ceiling effects and social desirability bias, which may have attenuated observed 
correlations and limited model performance. Future research should employ experimental or quasi-
experimental designs, multi-source data collection (e.g., supervisor ratings of OCB), and experience 
sampling methods to mitigate common method variance and enhance ecological validity. Third, 
while our study focused on knowledge-intensive contexts where passion is theoretically most salient, 
generalizability to other organizational settings (e.g., manufacturing, service industries) remains an 
empirical question requiring systematic replication across diverse samples and cultural contexts. 
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The findings of this study offer several actionable insights for organizational leaders, human 
resource practitioners, and talent management professionals seeking to enhance discretionary 
citizenship behaviors within knowledge-intensive work environments. First, the demonstrated 
centrality of knowledge-based work passion as a mediating mechanism suggests that leadership 
development programs should extend beyond traditional transformational leadership competencies 
to explicitly incorporate strategies for fostering employee passion through meaningful work design, 
autonomy support, and opportunities for intellectual engagement. Organizations should prioritize 
the alignment of job roles with employees’ professional interests and identity, ensuring that 
knowledge workers experience deep absorption and intrinsic motivation in their daily activities. 
Second, the identification of two distinct behavioral profiles—High Engagement and Moderate 
Engagement—highlights the importance of differentiated human resource interventions rather than 
one-size-fits-all approaches. Employees in the Moderate Engagement Profile, despite perceiving 
adequate transformational leadership, exhibit substantially lower work passion and colleague-
directed citizenship behaviors, suggesting the need for targeted interventions addressing individual-
level factors such as career development opportunities, skill utilization, and social integration within 
work teams. Third, the superior predictability of OCB-Colleagues compared to OCB-Organization 
and OCB-Students underscores the importance of fostering proximal interpersonal relationships and 
team cohesion as mechanisms for promoting discretionary behaviors. Practical initiatives such as 
cross-functional collaboration platforms, peer mentoring programs, and team-based recognition 
systems may prove particularly effective in enhancing colleague-directed citizenship behaviors. 
Finally, the demonstrated utility of machine learning analytics for identifying feature importance and 
behavioral profiles suggests that organizations can leverage advanced people analytics to develop 
personalized leadership interventions, predict at-risk employees with low engagement profiles, and 
optimize resource allocation for talent development initiatives based on data-driven insights rather 
than intuition or generalized best practices. 

5. Conclusions 

This study investigated the transformational leadership-organizational citizenship behavior 
relationship through the lens of knowledge-based work passion using an innovative multi-method 
analytical framework integrating structural equation modeling with ensemble machine learning 
techniques. Analysis of data from 221 employees in a knowledge-intensive organizational context 
revealed that work passion serves as a pivotal mediating mechanism, exhibiting the strongest 
discriminatory power across behavioral clusters (F = 234.88, p < .001) and dominating predictive 
importance in machine learning models (30.6% to 69.5% across OCB targets). The research makes 
three principal contributions to organizational behavior scholarship. Theoretically, it addresses a 
critical gap in the leadership-OCB literature by identifying knowledge-based work passion as a 
proximal mediator that may explain variance beyond traditional affective mechanisms such as job 
satisfaction and work engagement, which previous research has shown to account for only 35-45% of 
the relationship. Methodologically, the study demonstrates the value of integrating confirmatory and 
exploratory analytical approaches, showing that ensemble machine learning can uncover differential 
predictability across OCB targets and identify distinct employee behavioral profiles that complement 
variable-centered statistical analyses. Substantively, the findings reveal important heterogeneity in 
the leadership-passion-OCB relationship, with OCB-Colleagues exhibiting substantially stronger 
predictability (R2 = 0.324) compared to organization- and student-directed citizenship behaviors, 
suggesting that proximity and social exchange dynamics play critical moderating roles. The 
identification of two behavioral profiles—characterized primarily by differential work passion and 
colleague-directed behaviors despite similar leadership perceptions—challenges simplistic 
assumptions about universal leadership effects and highlights the necessity of person-centered 
analytical approaches for understanding complex organizational phenomena. 

Future research should address several limitations and explore promising avenues for 
theoretical extension. Longitudinal designs with multiple measurement waves are essential to 
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establish temporal precedence and examine potential reciprocal relationships between leadership 
perceptions, work passion, and citizenship behaviors over time. Multi-source data collection 
incorporating supervisor ratings of OCB, peer assessments of collaboration quality, and objective 
performance indicators would mitigate common method variance and enhance construct validity. 
Experimental or quasi-experimental interventions testing leadership development programs 
explicitly designed to foster work passion through autonomy support, meaningful work design, and 
intellectual stimulation would provide stronger causal evidence for the proposed mediating 
mechanism. Cross-cultural replications are necessary to examine whether the centrality of work 
passion generalizes across collectivistic cultures where group harmony and organizational loyalty 
may supersede individual passion as drivers of citizenship behaviors. Finally, integration of 
additional individual difference variables (e.g., psychological capital, proactive personality, growth 
mindset) and contextual moderators (e.g., job autonomy, organizational support for innovation, team 
psychological safety) would enrich understanding of boundary conditions and enable more nuanced 
theoretical models. By advancing both methodological sophistication and theoretical precision, this 
research contributes to the ongoing evolution of leadership science toward more comprehensive, 
context-sensitive, and predictively valid understanding of the mechanisms through which leaders 
inspire discretionary organizational citizenship behaviors in contemporary knowledge-intensive 
work environments. 
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