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Background: Compassion fatigue (CF) is a significant occupational challenge among nurses and is associated with adverse workforce
and patient-care outcomes. In China’s demanding healthcare system, identifying nurses at elevated risk of CF may help inform targeted
support strategies. This study aimed to develop and internally validate an explainable machine learning (ML)-based model for CF risk
stratification among clinical nurses.

Methods: A cross-sectional survey was conducted among 969 clinical nurses in Liaoning Province, China. CF status was classified using
established Professional Quality of Life Scale questionnaire cutoff criteria. A hybrid approach combining the Boruta algorithm and Least
Absolute Shrinkage and Selection Operator regression was employed. Eight ML algorithms were developed and compared. Model performance
was evaluated using the area under the receiver operating characteristic curve (AUC), accuracy, recall, and Fl-score. Shapley Additive
exPlanations (SHAP) analysis was used to interpret the optimal model and quantify the contribution of important risk factors.

Results: Based on questionnaire-defined criteria, 56.2% of participants were classified as having elevated CF symptoms. Among the
evaluated algorithms, the Naive Bayes (NB) model demonstrated the best overall performance, achieving an AUC of 0.924 (95%
confidence interval [CI]: 0.894-0.954) in the testing set. It also showed favorable calibration and potential net benefit. SHAP analysis
indicated that social support, work engagement, and mindfulness were important protective factors, whereas exposure to workplace
violence, frequent night shifts, prolonged daily working hours, and department assignment were important risk factors associated with
elevated CF symptom classification.

Conclusion: The NB-based model demonstrated strong discrimination and interpretability for stratifying nurses at elevated risk of CF
within this study population. The findings highlight potentially modifiable factors associated with elevated CF symptoms and may
support targeted occupational health strategies. External and prospective validation studies are still needed before broader implemen-
tation in clinical or administrative settings.
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Introduction

Clinical nurses are frequently exposed to high levels of occupational stress due to direct, sustained interaction with
patient suffering, excessive workloads, and extended working hours." These demanding conditions contribute to the
development of compassion fatigue (CF), a psychological syndrome characterized by emotional exhaustion and
a diminished capacity for empathy.” CF is a multidimensional construct comprising burnout and secondary traumatic
stress.” Burnout arises from prolonged exposure to job-related stressors, resulting in emotional exhaustion and profes-
sional detachment,* whereas secondary traumatic stress stems from indirect exposure to patients’ trauma, manifesting as

fear and anxiety.” CF has significant organizational implications, as elevated CF symptoms are associated with increased
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nurse turnover, reduced quality of care, and compromised patient safety, thereby challenging healthcare system
sustainability.

The prevalence of CF varies widely across nursing specialties, ranging from 7.3% to 86%, with the highest rates
observed in high-workload clinical settings, such as emergency, obstetrics and gynecology, intensive care unit (ICU), and
oncology departments.” '® Asian nursing populations often exhibit more pronounced manifestations of CF, a trend
attributed to cultural expectations of self-sacrifice, hierarchical workplace dynamics, and under-resourced healthcare
systems,'"'? highlighting the importance of understanding occupational stressors in these contexts. In China, hospitals—
particularly those in Liaoning Province—manage large patient volumes and serve an aging population that requires
intensive nursing care.'> Consequently, identifying nurses at elevated risk of CF in this setting is critical for workforce
planning and targeted occupational health interventions.

CF has important implications not only for nurses’ psychological well-being but also for healthcare organizations and
patient outcomes. Previous studies have demonstrated that elevated levels of CF are associated with reduced job
satisfaction, increased turnover intention, absenteeism, diminished quality of care, and a higher likelihood of medical
errors.'* Furthermore, CF may negatively affect patient safety by impairing nurses’ emotional engagement, communica-
tion, and clinical decision-making.'> Given the persistent nursing workforce shortages and increasing healthcare demands
in China, identifying nurses at elevated risk of CF has become an important occupational health priority." However,
standard instruments such as the Professional Quality of Life Scale (ProQOL) are primarily designed for retrospective
symptom assessment rather than to support multivariable risk-stratification modeling.'®'” Moreover, previous research
has predominantly relied on traditional statistical approaches, such as linear or logistic regression, which may be limited
in capturing complex, nonlinear relationships and interactions among multidimensional CF-related factors.'®'?

Recent advancements in machine learning (ML)—a subset of artificial intelligence (Al)—offer an opportunity to
address these limitations.”> ML models are increasingly employed in healthcare research due to their capacity to process
high-dimensional datasets, identify nonlinear patterns, and support risk stratification in complex scenarios.”'
Nevertheless, many ML models function as “black boxes”, limiting their transparency and reducing their usefulness
for healthcare administrators seeking to understand the variables contributing to model stratification. Explainable
artificial intelligence approaches, such as SHapley Additive exPlanations (SHAP), address this limitation by quantifying
the contribution of individual variables to model outputs and providing interpretable insights into risk stratification
patterns.”? Such transparency is particularly valuable for nursing managers because it supports evidence-based resource
allocation, targeted interventions, and workforce planning.

Emerging studies have applied ML to CF assessment in specific nursing populations and demonstrated promising
discriminative performance. For example, Bian et al employed XGBoost to classify Chinese ICU nurses at elevated risk
of CF (achieving the area under the receiver operating characteristic curve [AUC] of 0.832),%® while Li et al developed
a Random Forest model for operating room nursing staff (reporting an AUC of 0.851).>* However, ML-based risk-
stratification models targeting the broader clinical nursing workforce remain scarce. To address this gap, the present study
developed and internally validated an explainable ML-based risk-stratification model for clinical nurses in China. By
integrating the SHAP framework, this approach may provide interpretable information to help nursing administrators
identify nurses at elevated risk of CF and develop targeted occupational health strategies to support workforce well-
being.

Methods
Study Design and Participants

A cross-sectional study was conducted among clinical nurses working in Liaoning Province, China, between
June 2024 and January 2025. Using convenience sampling, a total of 969 nurses were recruited from six tertiary
public hospitals and four secondary public hospitals. To capture the diversity of clinical nursing practice,
participants were drawn from multiple clinical specialties, including internal medicine, surgery, ICUs, emergency
departments, pediatrics, and oncology units. The inclusion criteria were: (1) registered clinical nurses engaged in
direct patient care with at least one year of work experience; (2) possession of a valid nursing practice certificate;
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and (3) voluntary participation with provision of informed consent. The exclusion criteria were: (1) nurses who
were on leave, suspended from duty, or participating in off-site training during the study period; (2) those who had
experienced major adverse life events within the previous year; (3) those with a history of physical or mental
illness; (4) those not engaged in direct clinical nursing activities; and (5) those who declined to participate.

Ethics Statement

This study was reviewed and approved by the Ethical Review Committee of Shengjing Hospital of China Medical
University (No. 2024PS1367K) and adhered to the Declaration of Helsinki. Written informed consent was obtained from
all participants prior to their involvement in this study. This study ensured the anonymity and confidentiality of
participants’ private information.

Data Collection

Data were collected using an online survey administered between June 2024 and January 2025. Electronic questionnaires were
distributed through nursing department directors at participating hospitals. Before dissemination, directors received standardized
instructions regarding the study objectives and survey procedures to ensure consistent implementation across sites. Participants
were informed that participation was anonymous, voluntary, and confidential. The questionnaire was developed using
Wenjuanxing, a widely used Chinese online survey platform, and distributed through institutional WeChat groups. After
accessing the survey link, participants were required to provide electronic informed consent before completing the questionnaire.
The research team was responsible for coordinating survey administration and monitoring data collection throughout the study
period.

Several quality-control measures were implemented to ensure data integrity. First, each mobile device and IP address was
permitted to submit only one questionnaire to prevent duplicate responses. Second, the online survey platform was configured
to encourage response completeness, and any residual missingness was systematically addressed during the data preproces-
sing phase. Third, questionnaires completed in less than 5 minutes were flagged and excluded when response patterns
suggested inattentive completion. Fourth, questionnaires containing logical inconsistencies or obvious repetitive response
patterns were considered invalid and excluded from the final analysis. The survey comprised approximately 131 items and
required 15-20 minutes to complete. A total of 1,050 questionnaires were distributed, and 998 responses were received. After
excluding invalid questionnaires, 969 valid responses were retained for analysis, yielding an effective response rate of 92.3%.

Instruments

The selection of associated variables was guided by the Compassion Stress and Fatigue Model and previous empirical
evidence.? Individual psychological resources (mindfulness, resilience, and self-efficacy), social resources (perceived
social support), and occupational factors (occupational stressors, workplace violence, and work engagement) have
consistently been identified as important correlates of CF among nurses.® > Therefore, these constructs were included
to capture the multidimensional determinants of CF risk.

Demographics Questionnaire

A self-designed questionnaire was employed to collect sociodemographics (age, gender, marital status, education level,
number of children, monthly income, and professional rank), occupational data (hospital grade, clinical department, years
of nursing experience, daily working hours, and participation in mental health training), and lifestyle characteristics
(smoking, alcohol consumption, monthly frequency of night shifts, self-reported health status, dietary habits, exercise
habits, and sleep duration).

Compassion Fatigue

Nurses’ CF was assessed using the Chinese version of the Professional Quality of Life Scale (ProQOL), validated by
Chen and Wang.?’ The ProQOL consists of 30 items categorized into three subscales: burnout, compassion satisfaction,
and secondary traumatic stress. Each item is scored on a 5-point Likert scale, ranging from 1 (“never”) to 5 (“always”).
We defined high CF risk based on questionnaire cutoff scores. This is a screening classification, not a formal clinical
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diagnosis. Cutoff values for elevated risk were defined as follows: compassion satisfaction scores <37, burnout scores
>27, and secondary traumatic stress scores > 17. CF severity was classified as mild, moderate, or severe based on the
number of subscales exceeding their respective thresholds: one subscale for mild CF, two for moderate CF, and three for
severe CF. In the current study, the ProQOL demonstrated strong internal consistency, with a Cronbach’s a coefficient of
0.753.

For the purposes of model development, participants meeting the predefined ProQOL cutoff criteria were classified as
exhibiting elevated CF symptoms. This classification was intended for research-based risk stratification and should not be

interpreted as a formal clinical diagnosis of CF.

Mindfulness

Mindfulness was assessed using the Chinese version of the Mindful Attention Awareness Scale (MAAS).*® This is a
unidimensional instrument that comprises 15 items designed to measure the frequency of open receptivity to and
awareness of present-moment experiences in daily life. Items were rated on a 6-point Likert scale ranging from 1
(“almost always™) to 6 (“almost never”). Total scores range from 15 to 90, with higher scores indicating higher levels of
dispositional mindfulness. In the current study, the MAAS demonstrated robust internal consistency, yielding
a Cronbach’s o coefficient of 0.957.

Resilience

Nurses’ resilience was assessed using the 10-item Connor-Davidson Resilience Scale (CD-RISC-10),?" which has been
validated in the Chinese population.”® The CD-RISC-10 comprises 10 items, each rated on a 5-point Likert scale,
ranging from 1 (“strongly disagree”) to 5 (“strongly agree”). Total scores range from 10 to 50, with higher scores
indicating greater resilience. In this study, the scale demonstrated strong internal consistency, with a Cronbach’s a
coefficient of 0.940.

Perceived Social Support

Perceived social support was assessed using the Multidimensional Scale of Perceived Social Support (MSPSS), devel-
oped by Zimet.>* The MSPSS includes 12 items categorized into three domains: family support, friend support, and
significant others. Responses are recorded on a 7-point Likert scale ranging from 1 (“strongly disagree”) to 7 (“strongly
agree”). Total scores range from 12 to 84, with higher scores reflecting greater social support. In this study, the MSPSS
demonstrated strong internal consistency, yielding a Cronbach’s a coefficient of 0.966.

Self-Efficacy
Self-efficacy was measured using the General Self-Efficacy Scale (GSES), originally developed by Luszczynska and

Schwarzer.** The GSES consists of 10 items scored on a 4-point Likert scale, ranging from 1 (“not at all true”) to 4
(“exactly true”). Total scores range from 10 to 40, with higher scores indicating greater self-efficacy. In this study, the
GSES demonstrated strong internal consistency, yielding a Cronbach’s a coefficient of 0.916.

Occupational Stressors

Nurses’ occupational stressors were assessed using the Nurse Occupational Stressor Scale (NOSS), developed by Chen
et al’> The NOSS comprises 21 items across nine subscales: work demands, work-family conflict, workplace violence
and bullying, organizational issues, insufficient support from coworkers or caregivers, occupational hazards, difficulty
taking leave, powerlessness, and unmet basic physiological needs. Each item is rated on a 4-point Likert scale, ranging
from 1 (“strongly disagree”) to 4 (“strongly agree”). Total scores range from 21 to 84, with higher scores indicating
a greater frequency of experienced work stressors. In this study, the NOSS demonstrated strong internal consistency,

yielding a Cronbach’s a coefficient of 0.933.
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Workplace Violence

Workplace violence experienced by clinical nurses was evaluated using the Chinese version of the Workplace Violence
Scale (WVS).*® The WVS assesses five types of workplace violence—physical assault, threats, verbal sexual harassment,
sexual abuse, and emotional abuse—via five items. Each item is rated on a 4-point Likert scale from 0 (“never”) to 3
(“more than three times”). Total scores are categorized into four groups: never (0 point), low (1-5 points), intermediate
(6-10 points), and high (11-15 points).>’ In this study, the WVS demonstrated strong internal consistency, with
a Cronbach’s a coefficient of 0.912.

Work Engagement

Work engagement was assessed using the short version of the Utrecht Work Engagement Scale (UWES), developed by
Schaufeli et al*® The UWES comprises 9 items across three subscales: vigor, dedication, and absorption. Responses are
recorded on a 7-point Likert scale from 0 (“never”) to 6 (“always”). Total scores range from 0 to 54, with higher scores
indicating greater work engagement. In this study, the UWES-9 exhibited strong internal consistency, yielding
a Cronbach’s a coefficient of 0.969.

Data Preprocessing

To ensure methodological robustness, comprehensive data preprocessing was implemented prior to model development.
Variables with >20% missing values were excluded to reduce potential bias from excessive missingness. Remaining
missing data were handled using the Multivariate Imputation by Chained Equations (MICE).*® This iterative technique
addresses missingness by leveraging the correlations between variables to generate plausible imputed values, thereby
preserving the distribution and statistical power of the dataset. All continuous variables were subjected to Z-score
normalization to standardize feature scales and enhance model convergence efficiency. Categorical variables were
converted into numerical form using one-hot encoding. The dataset was partitioned using stratified random sampling,
allocating 70% of observations to the training set for model development and 30% to the testing set for performance
evaluation. Because the proportion of participants classified as having CF (56.2%) was relatively balanced, no additional
class-balancing procedures (eg, synthetic minority over-sampling technique [SMOTE] or random oversampling) were
applied.

Feature Selection

In this study, we employed the Boruta algorithm, a robust wrapper method founded on the Random Forest framework—
to assess feature importance in our dataset. This method effectively identifies statistically significant candidate factors by
iteratively comparing original features against permuted “Shadow” features: synthetic variables generated through
randomization of attributes. The algorithm’s non-parametric nature circumvents distributional assumptions while main-
taining high dimensionality tolerance, thereby enhancing model robustness and streamlining feature selection.”® To
complement the Boruta approach, the Least Absolute Shrinkage and Selection Operator (LASSO) logistic regression was
subsequently employed. The optimization of the regularization parameter (A) was achieved through 10-fold cross-
validation using the minimization of binomial deviance as the selection criterion. Within this framework, we prioritized
the A.1se criterion (the largest A maintaining cross-validated error within one standard error of A.min) to promote model
parsimony while preserving predictive performance, aligning with best practices for regularization in clinical risk
models.*" Ultimately, we adopted the intersection of features identified by both the Boruta and LASSO as the definitive
set of risk factors.*?

Model Construction

This study evaluated eight ML algorithms to ensure methodological diversity and robustness in CF risk stratification:
Logistic Regression (LR),** Random Forest (RF),** eXtreme Gradient Boosting (XGBoost),** Light Gradient Boosting
Machine (LGBM),*¢ Naive Bayes (NB),*” K-Nearest Neighbors (KNN),*® Decision Tree (DT),*” and Neural Network
(NNet).”® A random seed of 12 was set before model training for each algorithm to enhance reproducibility.
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Hyperparameter tuning was conducted using 5-fold cross-validation within the training set and the optimal parameter
combination was selected primarily according to the highest cross-validated AUC. The final hyperparameter configura-
tions are presented in Supplementary Table S1. After tuning, each final model was refitted on the full training set and

evaluated on the independent testing set to provide an unbiased estimate of model performance.

Model Performance Evaluation

We conducted a comprehensive evaluation of the risk stratification models, emphasizing three critical dimensions:
discrimination, calibration, and potential practical utility. The discrimination capability was assessed using the AUC,
complemented by additional performance metrics including accuracy, precision, sensitivity (recall), specificity, log loss,
negative predictive value (NPV), and F1- score. The 95% confidence interval (CI) for the AUC was estimated using
bootstrap resampling with 1,000 iterations. Calibration was rigorously evaluated through calibration plots and Brier
scores to quantify the alignment between predicted probabilities and observed outcomes. To evaluate clinical applic-
ability, decision curve analysis (DCA) was employed to estimate the net benefit across varying risk thresholds, thereby
assessing the models’ potential utility for future risk-screening support.

Model Interpretation

To enhance the interpretability of our optimal ML model, we employed SHapley Additive exPlanations (SHAP), a game
theory-derived framework that quantifies feature contributions to predictions by calculating Shapley values.”' SHAP
decomposes model outputs into additive effects from individual features, accounting for both main effects and interac-
tions, thereby enabling a dual-level interpretation. Globally, features were ranked by their aggregate impact on predic-
tions, while locally, the direction (positive/negative) and magnitude of each feature’s influence on specific outcomes were
elucidated.SHAP values were visualized using - beeswarm plots, where data points were color-mapped to normalized
feature values, illustrating how feature magnitudes correlated with their predictive influence. The entire analysis work-
flow is presented in Figure 1.

Statistical Analyses

Descriptive analyses were conducted using SPSS version 27.0 (IBM Corp., Armonk, NY, USA). Continuous variables
were expressed as medians and interquartile ranges (IQRs) and compared using the Mann—Whitney U-test. Categorical
variables were presented as frequencies and percentages and compared using the Chi-square test or Fisher’s exact test, as
appropriate. A two-sided p-value < 0.05 was considered statistically significant.

ML analyses were conducted using R version 4.4.2 (R Foundation for Statistical Computing, Vienna, Austria). Data
preprocessing and imputation were performed using the “mice” package. Feature selection was conducted using the
“Boruta” and “glmnet” packages. ML models were developed using the following R packages: LR with “glmnet”, RF
with “randomForest”, XGBoost with “xgboost”, LGBM with “lightgbm”, NNet with “nnet”, NB with “klaR”, KNN with
“class”, and DT with “rpart”. Hyperparameter tuning and cross-validation procedures were implemented using the “caret”
framework. Model interpretation was performed using the “SHAPforxgboost” and “shapviz” packages, and graphical
visualizations were generated using “ggplot2”.

Results

Participant Characteristics

Table 1 summarized the demographic and occupational characteristics of the study cohort. A total of 969 clinical nurses
were included in the final analysis, with an average age of 34.0 years (range: 23-52 years). The majority of participants
were female (87.6%). Regarding professional characteristics, 75.1% had more than five years of work experience, 70.8%
reported average daily working hours exceeding 8 hours, and 72.5% reported a sleep duration of less than 7 hours.
Approximately 30.9% of nurses reported working more than six night shifts per month, and 39.2% were employed in
high-intensity departments, including emergency, critical care, or oncology departments.
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Figure | Flow diagram of the study process.
Abbreviations: LASSO, Least Absolute Shrinkage and Selection Operator; ROC, Receiver Operating Characteristic; SHAP, Shapley Additive exPlanations.

Based on the predefined ProQOL classification criteria, 56.2% (545/969) of participants were identified as being at
elevated risk for CF. The distribution of questionnaire-defined CF symptom severity was illustrated in Supplementary
Figure S1. Baseline characteristics were compared between participants classified as having elevated CF symptoms and
those not meeting the ProQOL classification criteria (Table 1). Furthermore, the dataset was randomly divided into
a training set (n = 679; 388 high-risk individuals) and a testing set (n = 290, 157 high-risk individuals). As shown in
Supplementary Table S2, there were no statistically significant differences in baseline characteristics between the two
groups (p > 0.05).

Feature Screening

To identify the most robust candidate factors associated with elevated CF symptoms, a dual-method feature screening
strategy was employed. First, the Boruta algorithm was utilized to estimate feature importance and identify relevant
variables. This algorithm identified nine key factors: social support, work engagement, mindfulness, years of work
experience, night shifts per month, daily working hours, age, department, and workplace violence (Figure 2A).
Concurrently, LASSO regression was applied to perform variable selection and regularization by penalizing the absolute
size of the regression coefficients. As shown in Figure 2B and 2C, LASSO regression isolated nine features: social support,
work engagement, mindfulness, years of work experience, night shifts per month, daily working hours, occupational stress,
department, and workplace violence (Figure 2B and 2C). To enhance the stability and reliability of the final model, we
extracted the intersection of features identified by both the Boruta algorithm and LASSO regression. Consequently, eight
common variables were finalized as the input features for model construction: social support, work engagement, mindfulness,
years of work experience, night shifts per month, daily working hours, department, and workplace violence (Figure 2D).
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Table | Baseline Characteristics of Participants with or without Compassion Fatigue

Variable Total (N =969) | CF (N =545) | Non-CF (N = 424) | Statistics | p-value
Age (years) 34.0 [30.0, 39.0] | 33.0 [28.0, 39.0] 35.0 [31.0, 39.0] —2.214 0.027
Gender
Male 120 (12.4%) 67 (12.3%) 53 (12.5%) 0.009 0.923
Female 849 (87.6%) 478 (87.7%) 371 (87.5%)
Hospital level
Tertiary hospital 762 (78.6%) 429 (78.7%) 333 (78.5%) 0.004 0.947
Secondary hospital or below 207 (21.4%) 116 (21.3%) 91 (21.5%)
Marital status
Married/Living with partner 590 (60.9%) 332 (60.9%) 258 (60.8%) 0.000 0.983
Single/Divorced/widow 379 (39.1%) 213 (39.1%) 166 (39.2%)
Education level
College degree or below 663 (68.4%) 371 (68.1%) 292 (68.9%) 0.070 0.792
Bachelor degree or above 306 (31.6%) 174 (31.9%) 132 (31.1%)
Smoking habit
No 922 (95.1%) 517 (94.9%) 405 (95.5%) 0.223 0.637
Yes 47 (4.9%) 28 (5.1%) 19 (4.5%)
Alcohol consumption
No 893 (92.2%) 504 (92.5%) 389 (91.7%) 0.177 0.674
Yes 76 (7.8%) 41 (7.5%) 35 (8.3%)
Years of work
<5 241 (24.9%) 176 (32.3%) 65 (15.3%) 44.648 <0.001
6-10 419 (43.2%) 231 (42.4%) 188 (44.3%)
>10 309 (31.9%) 138 (25.3%) 171 (40.3%)
Professional title
Nurse 488 (50.4%) 298 (54.7%) 190 (44.8%) 9.695 0.008
Senior nurse 412 (42.5%) 214 (39.3%) 198 (46.7%)
Head Nurse or above 69 (7.1%) 33 (6.1%) 36 (8.5%)
Number of children
0-1 853 (88.0%) 477 (87.5%) 376 (88.7%) 0.303 0.582
22 116 (12.0%) 68 (12.5%) 48 (11.3%)
Monthly income (yuan)
<4,000 277 (28.6%) 174 (31.9%) 103 (24.3%) 7277 0.026
4,000-6,000 434 (44.8%) 237 (43.5%) 197 (46.5%)
26,000 258 (26.6%) 134 (24.6%) 124 (29.2%)
Night shift per month (frequency)
<l 272 (28.1%) 93 (17.1%) 179 (42.2%) 80.150 <0.001
2-5 398 (41.1%) 243 (44.6%) 155 (36.6%)
26 299 (30.9%) 209 (38.3%) 90 (21.2%)
Self-health status
Good 576 (59.4%) 305 (56.0%) 271 (63.9%) 7.829 0.020
Fair 330 (34.1%) 197 (36.1%) 133 (31.4%)
Poor/lliness 63 (6.5%) 43 (7.9%) 20 (4.7%)
Diet habit
Regular 384 (39.6%) 215 (39.4%) 169 (39.9%) 0.017 0.897
Irregular 585 (60.4%) 330 (60.6%) 255 (60.1%)
Exercise habit
No 644 (66.5%) 364 (66.8%) 280 (66.0%) 0.060 0.806
Yes 325 (33.5%) 181 (33.2%) 144 (34.0%)
Daily working hours
<8 h 283 (29.2%) 104 (19.1%) 179 (42.2%) 61.729 <0.001
>8 h 686 (70.8%) 441 (80.9%) 245 (57.8%)
(Continued)
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Table | (Continued).

Variable Total (N =969) | CF (N =545) | Non-CF (N = 424) | Statistics | p-value
Department
Emergency/critical/oncology 380 (39.2%) 264 (48.4%) 116 (27.4%) 44.464 <0.001
Others 589 (60.8%) 281 (51.6%) 308 (72.6%)
Attending mental health training
No 594 (61.3%) 333 (61.1%) 261 (61.6%) 0.021 0.885
Yes 375 (38.7%) 212 (38.9%) 163 (38.4%)
Sleep time per day
27 h 266 (27.5%) 134 (24.6%) 132 (31.1%) 5.129 0.024
<7h 703 (72.5%) 411 (75.4%) 292 (68.9%)
Workplace violence
Never 348 (35.9%) 158 (29.0%) 190 (44.8%) 35817 <0.001
Low 427 (44.1%) 252 (46.2%) 175 (41.3%)
Intermediate 165 (17.0%) 110 (20.2%) 55 (13.0%)
High 29 (3.0%) 25 (4.6%) 4 (0.9%)
Social support 47.0 [41.0, 59.0] | 45.0 [36.0, 49.0] 58.0 [46.0, 69.0] —13.335 <0.001
Mindfulness 40.0 [28.0, 49.0] | 36.0 [26.0, 44.0] 45.0 [35.3, 55.8] —9.765 <0.001
Psychological resilience 30.0 [23.0, 39.0] | 29.0 [23.0, 39.0] 31.0 [23.3, 38.0] —0.699 0.485
Self-efficacy 22.0[17.0,28.0] | 22.0 [17.0, 28.0] 23.0 [17.0, 29.0] —0.457 0.648
Occupational stress 46.0 [39.0, 59.0] | 49.0 [40.0, 60.5] 43.0 [36.0, 55.0] —3.864 <0.001
Work engagement 29.0 [17.0, 41.0] | 22.0 [13.0, 34.0] 37.0 [28.0, 44.0] —13.586 <0.001

Abbreviation: CF, Compassion fatigue.

Model Performance Evaluation

Eight ML models were developed and evaluated for classifying nurses at elevated risk of CF. Figure 3 illustrated
the ROC curves for both the training and testing sets. In the training set, the AUC values ranged from 0.861 to
0.925. Among the eight models, the NB model exhibited strong discriminative performance (AUC = 0.925, 95%
CI: 0.906-0.944) (Figure 3A and Table 2). This performance was also observed in the testing set, where the NB
model maintained the highest AUC (0.924, 95% CI: 0.894-0.954), followed by RF (AUC = 0.903) and XGBoost
(AUC = 0.896) (Figure 3B and Table 2). Furthermore, the NB model showed the best overall performance across
multiple performance metrics, achieving the highest accuracy (0.841), recall (0.924), NPV (0.892), and F1- score
(0.863), as well as the lowest log loss (0.368) and Brier score (0.116) (Figure 4 and Table 2).

DCA was performed to assess the potential net benefit (Figure 5A). The results indicated that, within the evaluated
threshold probability ranges, most models provided higher net benefit than the reference strategies. This was
particularly evident for the LR, RF, XGBoost, and NB models in the testing set. Calibration plots for the eight models
were presented in Figure 5B. The calibration curve of the NB model demonstrated the closest alignment with the ideal
diagonal line, indicating favorable agreement between the predicted probabilities and the observed questionnaire-
defined classifications. Consequently, based on a comprehensive evaluation of discrimination, calibration, and potential
net benefit, the NB model was identified as the optimal model for stratifying nurses at elevated risk of CF within this
study population.

Model Explanation and Interpretability

To enhance the transparency of the optimal model, we employed the SHAP method to quantify the marginal contribution
of each feature to the model output. Figure 6A displayed the mean absolute SHAP values, ranking features by their
overall importance. The analysis identified social support, work engagement, mindfulness, night shifts per month, and
daily working hours as the top five most influential features, underscoring their substantial contribution to classifying
nurses at elevated risk of CF. Figure 6B provided a detailed visualization of feature effects using a SHAP summary plot
(beeswarm plot). In this plot, each dot represents an individual sample, and the color gradient ranges from yellow to red
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Figure 2 Feature selection process using dual algorithms. (A) Feature importance ranking derived from the Boruta algorithm. Green boxes represent confirmed important
variables, red boxes represent rejected variables, and blue boxes represent tentative variables. (B) LASSO coefficient profiles of the baseline features across different L
values. (C) Cross-validation plot for the LASSO regression model identifying the optimal tuning parameter A; the right vertical dashed line indicates the selected A value.
(D) Venn diagram illustrating the overlapping variables identified by both the Boruta and LASSO algorithms.

Abbreviations: LASSO, Least Absolute Shrinkage and Selection Operator.

according to normalized feature values. The horizontal location of the points indicates the impact of the feature value on
the model output: points to the right of the central axis indicate a positive contribution to elevated risk of CF, whereas
points to the left indicate a negative contribution (low risk).

To further elucidate the model stratification process at the individual level, SHAP waterfall plots were generated
(Figure 6C and 6D). These plots visualize how each feature shifts the model output from the baseline value [E(f(x)) =
0.604] to the final model output. Figure 6C illustrated the stratification path for a participant classified by the model as
being at elevated risk for CF according to the questionnaire-based classification criteria. Although high mindfulness and
social support exerted negative contributions to the elevated CF classification, these were outweighed by features
contributing positively to the model output, including low work engagement, department assignment, short work
experience (<5 years), frequent night shifts (2—5 times/month), long daily working hours (>8 h), and moderate exposure
to workplace violence. The cumulative effect of these positive contributors resulted in a model output above the
classification threshold [f(x) = 1.05]. Conversely, Figure 6D depicted the waterfall plot for a participant classified by
the model as being at lower risk for CF. In this case, protective features, specifically high work engagement scores,
infrequent night shifts (<1 time/month), and standard daily working hours (<8 h), made substantial negative contribu-
tions, resulting in a final model output below the classification threshold [f(x) = 0.184].
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Figure 3 ROC curves of the eight machine learning models in the training set (A) and testing set (B).
Abbreviations: LR, Logistic Regression; RF, Random Forest; XGBoost, Extreme Gradient Boosting; LGBM, Light Gradient Boosting Machine; NNet, Neural Network; NB,
Naive Bayes; KNN, K-Nearest Neighbors; DT, Decision Tree; ROC, Receiver Operating Characteristic; AUC, Area Under the Receiver Operating Characteristic Curve.
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Clinical nurses in China may be particularly susceptible to CF owing to workforce shortages, increasing service

demands, patient-centered care requirements, and ongoing healthcare reforms.® Given the multifactorial nature of CF,

Table 2 Comparative Metrics Among Eight Machine Learning Algorithms

Algorithms | Accuracy AUC (95% CI) Recall | Precision | Fl-score | Specificity | NPV | Log loss | Brier Score
Training set

LR 0.844 0.917 (0.896-0.938) | 0.897 0.841 0.868 0.773 0.849 0416 0.128
RF 0.813 0.900 (0.877-0.923) | 0.861 0.821 0.840 0.749 0.801 0.406 0.129
XGBoost 0.835 0.912 (0.890-0.933) | 0.869 0.847 0.858 0.790 0.819 0.444 0.137
LGBM 0.822 0.904 (0.881-0.926) | 0.861 0.833 0.847 0.770 0.806 0.424 0.132
NNet 0.853 0.917 (0.896-0.938) | 0.88I 0.864 0.872 0.814 0.837 0.401 0.121
NB 0.841 0.925 (0.906-0.944) | 0.905 0.832 0.867 0.756 0.856 0.349 0.110
KNN 0.841 0.911 (0.889-0.932) | 0.848 0.870 0.859 0.832 0.804 0.368 0.118
DT 0.826 0.861 (0.832-0.89) | 0.907 0811 0.856 0.718 0.853 0.433 0.135
Testing set

LR 0.803 0.889 (0.852-0.926) | 0.879 0.784 0.829 0.714 0.833 0.456 0.146
RF 0.831 0.903 (0.868-0.938) | 0.904 0.807 0.853 0.744 0.868 0.428 0.132
XGBoost 0.834 0.896 (0.859-0.933) | 0.879 0.826 0.852 0.782 0.846 0.468 0.147
LGBM 0.810 0.875 (0.833-0.916) | 0.860 0.804 0.831 0.752 0.820 0.469 0.149
NNet 0.821 0.891 (0.854-0.928) | 0.873 0811 0.840 0.759 0.835 0.445 0.140
NB 0.841 0.924 (0.894-0.954) | 0.924 0.810 0.863 0.744 0.892 0.368 0.116
KNN 0.800 0.873 (0.833-0.914) | 0.822 0811 0.816 0.774 0.786 0.490 0.144
DT 0.783 0.837 (0.791-0.883) | 0.879 0.758 0.814 0.669 0.824 0.488 0.158

Abbreviations: LR, Logistic Regression; RF, Random Forest; XGBoost, Extreme Gradient Boosting; LGBM, Light Gradient Boosting Machine; NNet, Neural
Network; NB, Naive Bayes; KNN, K-Nearest Neighbors; DT, Decision Tree; AUC, Area Under the Receiver Operating Characteristic Curve; Cl, Confidence
Interval; NPV, Negative Predictive Value.
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Figure 4 Comparative performance of the eight machine learning models in the training and testing sets. Performance metrics include AUC, accuracy, precision, recall,
specificity, NPV, Fl-score, log loss, and Brier score.

Abbreviations: LR, Logistic Regression; RF, Random Forest; XGBoost, Extreme Gradient Boosting; LGBM, Light Gradient Boosting Machine; NNet, Neural Network; NB,
Naive Bayes; KNN, K-Nearest Neighbors; DT, Decision Tree; AUC, Area Under the Receiver Operating Characteristic Curve; NPV, Negative Predictive Value.

we developed and internally validated an explainable ML-based risk stratification model to identify factors associated
with elevated CF symptoms among clinical nurses. Furthermore, SHAP analysis was integrated to improve model
transparency and quantify the relative contribution of individual variables. To our knowledge, this study is among the
first to systematically compare multiple ML algorithms and incorporate explainable Al techniques for CF risk classifica-
tion within a large sample of Chinese clinical nurses. The findings highlight several potentially modifiable factors—
including social support, work engagement, mindfulness, workplace violence, night shift frequency, and working hours—
that may inform future occupational health strategies and workforce support initiatives.

In the current cohort, the proportion of nurses classified as having elevated CF symptoms was 56.2% based on the
predefined ProQOL criteria. While this rate is notably lower than the rates reported among gynecological and obstetric
nurses (75.9%)°* and emergency department staff (77.6%),'® it substantially exceeds the globally reported range of 7.3%
to 44.8%."" Such discrepancies likely stem from heterogeneity in demographic backgrounds, cultural contexts, assess-
ment instruments, and occupational environments, including variations in workload. Beyond the overall proportion of
nurses classified as exhibiting elevated CF symptoms, the distribution of questionnaire-defined symptom severity
provides additional insight into workforce well-being. Although many nurses were categorized as having mild or
moderate symptom levels, the presence of severe CF symptoms in a subset of participants (27.1%) is particularly
concerning because such symptoms have been associated with emotional exhaustion, impaired occupational functioning,
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Figure 5 Assessment of calibration and potential net benefit in the training and testing sets. (A) DCA illustrating the net benefit of each model across a range of threshold
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Abbreviations: LR, Logistic Regression; RF, Random Forest; XGBoost, Extreme Gradient Boosting; LGBM, Light Gradient Boosting Machine; NNet, Neural Network; NB,
Naive Bayes; KNN, K-Nearest Neighbors; DT, Decision Tree; DCA, Decision Curve analysis.

reduced job satisfaction, and increased turnover intention.”>*® These findings highlight the importance of routine
monitoring and targeted support strategies across different levels of symptom burden.

More recently, ML algorithms have emerged as useful tools for processing high-dimensional, multivariate datasets
compared to traditional statistical approaches.’” Findings regarding the optimal modeling technique remain mixed. Zhang
and Dator compared models such as LR, RF, and XGBoost in nursing students, finding that the traditional LR model
yielded the best performance (AUC = 0.770)."? In contrast, Yi et al identified XGBoost as the superior algorithm for
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Abbreviations: CF, Compassion Fatigue; NB, Naive Bayes; SHAP, Shapley Additive exPlanations.

stratifying CF risk among Chinese nursing interns.>* Furthermore, Zhang et al corroborated the efficacy of multiple ML
classifiers—including RF, KNN, SVM and NB—in predicting CF among psychological hotline counselors, thereby
supporting the utility of ML frameworks in risk stratification.>® In the current analysis, we systematically evaluated eight
distinct ML algorithms. Among these, the NB model demonstrated superior discriminative ability, calibration, and
potential net benefit within the testing cohort, identifying it as the optimal screening tool for this study population.
Quantitatively, the NB model achieved AUC values of 0.925 in the training set and 0.924 in the testing set. These metrics
were higher than those achieved by the LR model (0.917 and 0.899, respectively). The NB model also showed favorable
performance across key indicators, including accuracy, recall, NPV, log loss, Brier score, and Fl-score. These findings
suggest that the model may be useful for stratifying participants with elevated CF symptoms within internally validated
data, although external validation is required before broader application.

The advantageous performance of the NB model can be attributed to its unique probabilistic framework.> Several
factors may explain why the NB model outperformed more sophisticated ensemble approaches such as RF and XGBoost
in the present study. First, the final model incorporated a relatively small set of carefully selected candidates identified
through the combined Boruta-LASSO feature-selection strategy. Under such conditions, the simplicity of NB may
facilitate stable estimation and reduce susceptibility to overfitting. Second, although the assumption of conditional
independence among variables is rarely fully satisfied in healthcare datasets, previous studies have demonstrated that
NB often remains highly effective when factor correlations are modest. Third, compared with more complex ensemble
models, NB requires fewer parameters and may generalize better when the sample size is moderate relative to model
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complexity.’® Collectively, these characteristics may explain the superior discrimination and calibration observed in our
testing cohort.

To further enhance the interpretability of the model, we employed SHAP analysis. Importantly, the use of SHAP extends
beyond technical model interpretation. For nursing administrators, explainable Al provides a transparent framework for
understanding why specific individuals or groups may be classified as being at elevated risk. Rather than functioning as
a “black-box” algorithm, the model identifies the relative importance of modifiable occupational and psychosocial variables,
thereby supporting evidence-informed prioritization of intervention strategies, workforce planning, and resource allocation.”
This transparency is critical for CF research, given the complex, multifactorial nature of associated factors, such as workload
intensity and psychosocial stressors, that contribute to the condition. Notably, social support emerged as the most influential
factor for CF risk among clinical nurses. Social support encompasses the perception of being cared for, esteemed, and valued
within a social network.”® This finding aligns with prior research indicating that while healthcare professionals face
unavoidable occupational stressors, those with robust social support systems exhibit lower susceptibility to CF and superior
stress resilience.”® Furthermore, as a primary source of psychological resources, work engagement characterizes a positive,
fulfilling, and work-related state of mind. Highly engaged employees typically demonstrate superior mental health and job
performance compared to their less engaged counterparts.®® In our analysis, work engagement ranked as another critical
determinant of CF. This corroborates a previous pilot study,®® which observed that increased work engagement correlates with
higher compassion satisfaction and significantly reduced burnout levels. Therefore, the implementation of organizational
strategies designed to enhance work engagement is recommended to mitigate CF, improve workforce well-being, and
optimize the quality of patient care.®'

Our analysis identified mindfulness as a significant protective factor. Conceptually, mindfulness is characterized by
a non-judgmental, purposeful awareness of the present moment.*> Mindfulness-based interventions have been widely
adopted in healthcare settings to facilitate emotional regulation, enabling nurses to modulate their affective responses to
meet professional demands.®>** Regarding occupational characteristics, our findings align with established literature
identifying night shift frequency and prolonged daily working hours as critical contributors to CF.%® The adverse impact
of night shifts is likely attributable to the disruption of natural circadian rhythms. Furthermore, night shifts are often
characterized by reduced staffing levels concurrent with high patient acuity and rapid clinical deterioration, imposing
a heavier cognitive and physical load on nurses. Similarly, extended daily working duration showed a positive correlation
with burnout. Nurses operating under these conditions face excessive workloads to meet complex patient care needs,
significantly elevating their susceptibility to CF.°® Based on these findings, evidence-based administrative strategies, such
as circadian-friendly rostering, centralized night shift management, and performance-based incentive systems, may be
considered. These measures may alleviate biological clock disruptions and mitigate work-life conflicts, thereby preser-
ving the health and longevity of the nursing workforce.®’

Our analysis revealed substantial heterogeneity in CF prevalence across distinct clinical departments. This observa-
tion parallels prior research identifying elevated CF levels among nurse stationed in high-intensity units, such as the
ICUs, emergency departments, and oncology wards.®® 7% Nurses in these heavy-workload environments are frequently
confronted with traumatic clinical scenarios, such as life-threatening emergencies, end-of-life care dilemmas, ethical
conflicts, and the management of intractable pain, all of which amplify emotional exhaustion. Regarding professional
tenure, our results corroborate previous findings,”"”> demonstrating an inverse correlation between years of working
experience and CF risk. Specifically, senior nurses exhibited lower susceptibility to CF compared to their junior
counterparts. This protective effect is plausibly explained by the accumulation of professional capital: over time,
experienced nurses develop superior problem-solving competencies and emotional resilience, enabling them to navigate
clinical emergencies and stressors with greater efficacy and composure.”* Furthermore, a deleterious workplace environ-
ment—characterized by exposure to patient assault, bullying, or other forms of violence—was identified as a potent risk-
associated factor for elevated CF symptom classification. Such exposure significantly exacerbates emotional exhaustion
and diminishes personal accomplishment. Theoretically, workplace violence acts as a catalyst, initiating a pathological
trajectory from “compassion discomfort” to “compassion stress”, eventually culminating in severe CF symptoms.”* This
process may undermine psychological well-being and contribute to adverse organizational outcomes, including reduced
job satisfaction, eroded organizational loyalty, and increased turnover intention.””
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Implications for Nursing Management

In occupational health management, identifying nurses who may be at elevated risk of adverse mental health outcomes is
an important priority. Compared to approaches relying solely on retrospective assessment or traditional statistical
associations, the present study may provide several useful insights for nursing administration. First, this study established
and internally validated an explainable ML-based risk-stratification model through a systematic comparison of eight ML
algorithms. The NB model demonstrated favorable discrimination and calibration in the present cohort, suggesting its
potential as a screening-support model for elevated CF symptoms, pending external and prospective validation.

Second, the model integrated a multidimensional set of psychosocial and occupational variables, including social
support, work engagement, mindfulness, workplace violence, night shift frequency, and working hours. These findings
may help administrators identify modifiable areas for workforce support, such as strengthening social support systems,
improving work engagement, optimizing shift arrangements, and preventing workplace violence.

Third, SHAP analysis provides interpretable information about the relative contribution of each variable to model
stratification. This may help nursing managers understand not only which nurses are classified as being at elevated risk,
but also which occupational or psychosocial features contribute most strongly to that stratification. Therefore, explainable
ML may support more transparent and evidence-informed occupational health planning.

However, given that the present model was developed using cross-sectional survey data and underwent internal
validation only, its primary value currently lies in identifying nurses who may exhibit elevated CF symptoms and in
highlighting potentially modifiable associated factors. Future external validation and prospective implementation studies
are required before routine deployment in nursing workforce management settings can be recommended.

Limitations

Several limitations of this study warrant acknowledgement. First, the cross-sectional design precludes causal inferences
and does not allow for the assessment of the temporal relationships between associated factors and elevated CF
symptoms. Longitudinal and prospective studies are needed to examine changes in CF over time and to evaluate the
predictive performance of the proposed model in real-world settings.

Second, participants were recruited from hospitals within a single province in China using convenience sampling.
Given regional differences in healthcare resources, organizational culture, and patient populations, the generalizability of
the findings to other regions or countries may be limited. Therefore, external validation using multicenter and geogra-
phically diverse cohorts is warranted before broader implementation.

Third, although a comprehensive set of psychological, social, and occupational variables was included, residual
confounding from unmeasured factors—such as personality traits, family circumstances, organizational climate, and
other contextual influences—cannot be excluded and may affect model performance.

Fourth, the study relied on self-reported questionnaire data, which may be subject to recall bias and social desirability
bias. In addition, the outcome variable was defined according to questionnaire-based classification criteria rather than
a formal clinical diagnosis of CF. Accordingly, the model should be interpreted as a tool for classifying nurses with
elevated CF symptoms or increased risk of CF rather than as a diagnostic instrument.

Finally, the model was developed and internally validated using only the present dataset only. Although the NB model
demonstrated strong stratification performance and good interpretability, prospective studies and independent external
validation are necessary to confirm its robustness, generalizability, and potential utility for occupational health screening
and nursing workforce management.

Conclusion

In conclusion, this study demonstrated that a substantial proportion of Chinese clinical nurses were classified as
exhibiting elevated CF symptoms according to questionnaire-based criteria. Among the evaluated ML algorithms, the
NB model showed the best overall stratification performance, with favorable discrimination, calibration, and interpret-
ability within the study population. Through SHAP-based interpretation, several important factors associated with
elevated CF symptoms were identified, including social support, work engagement, workplace violence, and shift
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schedules. These findings suggest that explainable ML approaches may provide a useful framework for identifying
nurses at elevated risk of CF and for highlighting potentially modifiable occupational and psychosocial factors. Such
information may assist nursing administrators in workforce monitoring, resource allocation, and the development of
targeted support strategies. However, because the model was developed using cross-sectional questionnaire data and
underwent internal validation only, external validation and prospective evaluation studies are required before broader
implementation in routine clinical or administrative use can be recommended.
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