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Abstract

Objective: This study develops a big data-driven predictive platform for hospital staff attrition, integrating machine learning (ML) with psychological constructs. Negotiable Fate (NF), a culturally rooted belief system, is examined as a predictor of turnover via psychological capital (PC) and organizational citizenship.

Methods: Structured HR data from 400+ employees at a tertiary public hospital, covering 20+ features, were analyzed. Due to attrition imbalance (~5%), SMOTE was applied to balance the dataset. Four ML classifiers—logistic regression, decision tree, random forest, and XGBoost—were evaluated using accuracy, precision, recall, and F1-score. Statistical analyses assessed mediation, moderation, and construct validity using survey variables: NF, PC, perceived organizational support, job performance (JP), and organizational citizenship behavior.

Results: Random Forest and XGBoost achieved superior recall for attrition cases. Feature importance consistently highlighted working hours, income, job type, and satisfaction as key predictors. NF significantly predicted JP (β = 0.30, p < 0.001) and organizational citizenship (β = 0.36, p < 0.001) through PC (β = 0.33, p < 0.001). Perceived organizational support moderated the NF → PC pathway (β = 0.16, p < 0.001), confirming mediated moderation.

Conclusion: Integrating ML with psychological theory enhances both the prediction and understanding of hospital staff attrition. The platform enables culturally sensitive, data-driven HR interventions, helping administrators identify high-risk employees and implement targeted strategies to reduce attrition, stabilize the workforce, and improve patient care.

Plain Language Summary

Rapid industrial growth in China’s Yangtze River Delta has increased hazardous waste and raised environmental risks. Because provinces manage waste separately, supervision is inconsistent, allowing illegal dumping to persist. This study develops a smart cross-regional supervision and early warning platform to address these issues. Using electronic tracking, IoT monitoring, and big data analytics, the system follows hazardous waste in real time and detects abnormal or high-risk activities.

Analyzing panel data from 2015–2024, we find that the platform cuts illegal dumping by about five cases per province annually and improves proper waste disposal by 4–5 percentage points. It also predicts high-risk shipments accurately, supporting faster intervention and safer industrial development.
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Attrition among hospital employees is a critical challenge to global healthcare systems, significantly affecting service continuity, patient outcomes, and institutional knowledge retention.1,2 Particularly in large public hospitals, the departure of trained medical professionals, including nurses, physicians, and administrative personnel, incurs not only high recruitment and onboarding costs but also disrupts workflow efficiency and compromises care quality.3 While traditional human resource (HR) strategies attempt to retain talent through monetary incentives or periodic satisfaction surveys, these approaches often fail to capture the complexity and dynamics of employee turnover behaviors, especially in high-stress medical environments. Therefore, the construction of a data-driven predictive platform to anticipate talent attrition has become both urgent and essential.4,5

With the advent of big data and artificial intelligence (AI) technologies, healthcare institutions are now equipped with the technical infrastructure to collect, integrate, and analyze large volumes of personnel-related data. These data range from demographic information, job satisfaction ratings, and performance evaluations to psychological profiles and system-level policies.6 However, leveraging these multi-dimensional data sources to accurately model and predict turnover risks remains a non-trivial task. Hospital workforce attrition is influenced by a mixture of controllable and uncontrollable variables, such as personal motivation, organizational support, healthcare reform, and even unforeseen public health emergencies (e.g. pandemics). A purely statistical approach fails to capture these heterogeneous influences, while black-box ML models often lack interpretability and generalizability across diverse clinical settings.7,8

Current literature reflects a growing interest in predictive modeling of employee turnover using ML algorithms. For instance, classification methods such as logistic regression, decision trees, and ensemble models like random forest or Gradient Boosting Tree (XG Boost) have been applied across sectors including education, business, and government.9 In the healthcare domain, most prior studies focus on clinical outcome predictions, patient readmission, or disease risk stratification, while comparatively fewer works have addressed human capital dynamics within hospitals.10 Even among existing attempts, key limitations remain, including (1) severe class imbalance due to low attrition rates skews model performance, (2) psychological and behavioral factors, such as beliefs about fate or workplace identity, are often ignored, and (3) most frameworks lack practical implementation mechanisms for real-time warning and intervention.

To bridge these gaps, this article introduces a novel, hybrid platform that integrates big data analytics, machine learning (ML), and psychological attribution modeling to predict hospital employee attrition. Our approach is unique in three key aspects. First, we introduce the concept of negotiable fate (NF), a culturally embedded psychological belief that mediates between fatalism and agency, as a core explanatory factor in modeling employee departure. While previous literature in organizational psychology has highlighted the predictive power of locus of control and PC on job outcomes,11,12 our study is among the first to embed this belief system into a hospital attrition forecasting framework. NF posits that although fate (e.g. external constraints) sets boundaries, individuals can still negotiate outcomes through effort within these boundaries, offering a balanced cognitive model between resignation and empowerment.

Second, we construct a multi-stage ML pipeline trained on real-world HR data from a Class A tertiary hospital.13 The dataset includes over 400 effective employee records with more than 20 structured variables such as working years, attendance, income, satisfaction ratings, and performance. Due to the highly skewed class distribution (only ~5% attrition), we adopt the Synthetic Minority Oversampling Technique (SMOTE) to rebalance the data, ensuring that minority class patterns are not ignored during training. The model suite includes logistic regression for interpretability, decision trees for rule-based learning, random forest for robustness, and XG Boost for handling feature interactions. Evaluation metrics such as precision, recall, and F1-score are emphasized over mere accuracy to reflect performance under imbalance.14,15 Jayaprakasam and Cindhamani16 focus on integrating big data, AI, and cloud computing to enhance healthcare system scalability. Similarly, in the proposed work “Construction of a Big Data-Driven Predictive Analysis Platform for Hospital Talent Attrition,” big data and AI are adopted, using ML models like Random Forest and XGBoost to predict hospital staff attrition. This integration improves predictive accuracy, real-time data processing, and scalability, empowering hospital administrators to proactively manage talent retention and reduce attrition.16

Third, we extend the modeling framework by incorporating PC and perceived organizational support (POS) as mediators and moderators in the attrition mechanism. Through a large-scale survey and structured questionnaire, we assess five latent constructs: NF, PC, perceived support, job performance (JP), and organizational citizenship behavior (organizational citizenship behavior). Using hierarchical regression and PROCESS-based interaction modeling, we demonstrate that PC partially mediates the relationship between NF and both performance and organizational citizenship behavior, while POS strengthens the impact of NF on PC. These insights are statistically validated through confirmatory factor analysis (CFA), reliability tests (Cronbach’s r > 0.80), and correlation analysis (r > 0.40 for key paths).17,18 Naresh19 utilizes various regression techniques and ML models to forecast sales trends. In the proposed work “Construction of a Big Data-Driven Predictive Analysis Platform for Hospital Talent Attrition,” similar ML models like Random Forest and Gradient Boosting are adopted to predict hospital employee attrition. This integration enhances prediction accuracy, models complex HR patterns, and enables data-driven strategies for talent retention, optimizing workforce management, and improving hospital stability.19 The contributions of the paper include the following:


	To establish a data-psychology integrated modeling paradigm that combines algorithmic prediction with cognitive theory, enriching the interpretability and actionability of attrition forecasts.

	The platform demonstrates the practical utility of the platform through visualizations (e.g. decision trees, feature importance ranking, attrition heatmaps), enabling HR managers to pinpoint high-risk employees.

	Propose a theoretical pathway where the belief in NF affects turnover through psychological resilience and organizational commitment, offering empirical support for culturally sensitive talent management.



After Section 1, this article is organized as follows: (1) the connection between employee performance and NF—the theoretical basis, dataset description, data imbalance handling, segmentation, and ML models; (2) Research Methods and Statistical Analysis—measurement tools, reliability/validity tests, descriptive statistics, correlation, regression, and hypothesis testing; and (3) Experiment—experiments designed, data sources, regression results, hypotheses, and forecasting performance; and Conclusions summarizing findings and implications.

The Connection Between Employee Performance and Negotiable Fate

NF is also an individual belief system. In the context of hospital staff turnover, NF refers to the belief that while fate (such as systemic constraints or institutional policies) plays a role in influencing outcomes, individuals can still exercise their agency and take proactive actions within the boundaries set by these uncontrollable factors.20,21 According to the attribution theory, beliefs shape how individuals assign causes to events and how they respond to the results.

Medical professionals with a strong sense of internal control are more likely to take personal credit for successes and feel greater shame over failures, demonstrating attributional polarization. However, in the hospital work environment, staff turnover is often influenced by a combination of controllable (e.g. work satisfaction, leadership style) and uncontrollable (e.g. hospital reforms, public health crises) factors. The NF perspective acknowledges this duality—partially attributing turnover to external fate-like forces while still emphasizing individual agency.22,23 Compared to extreme internal attribution bias, NF offers a more balanced and realistic framework for understanding and addressing hospital workforce attrition.24

The overall theoretical model is shown in Figure 1, which illustrates a complete ML modeling process for hospital attrition prediction. First, from the original attrition dataset characterized by category imbalance, the minority class (departing employees) is expanded using SMOTE to generate new synthetic samples to alleviate the category imbalance problem. Subsequently, the balanced data are divided into a training set (80%) and a validation set (20%) for model training and performance evaluation. In the model construction phase, several classical supervised learning algorithms, including Decision Tree, Random Forest, Logistic Regression, and Extreme Gradient Boosting Tree (XG Boost) are used to binary classify the modeling of whether employees turnover or not. After the model training is completed, the model performance is comprehensively judged by constructing a confusion matrix and evaluating metrics such as prediction accuracy, precision, recall, and F1 score. Finally, the model labels each employee as “Yes” or “No” and presents them in color differentiation, providing HR managers with visual early warning decision support.

Fig. 1.Conceptual diagram of the model. FN: false negative; FP: true negative; ML: machine learning; TN: true negative; TP: true positive.
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Data Sets and Imbalances

The hospital brain drain dataset used in this study was obtained from the HR information system of a tertiary care hospital, covering a number of dimensional variables such as employees’ basic information, job category, years of service, performance appraisal, attendance records, training participation, and satisfaction surveys. After data preprocessing, a total of NN valid employee records were obtained, including continuous variables (e.g. years of service, performance scores) and category variables (e.g. department, job type, etc.).25

In terms of target variables, this study focuses on whether employee turnover occurs in a specific future time window (e.g. the next 3 or 6 months), which is labeled using a dichotomous approach: if an employee voluntarily separates or resigns during the observation cycle, it is recorded as 1 (turnover), otherwise, it is recorded as 0 (no turnover). The fact that most of the employees remain on board during the study cycle results in an extreme imbalance in the positive and negative sample proportions.26

Let the original data set be:
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Where xi denotes the feature vector of the second employee, yi = 1 means that the employee is churned, and yi = 0 means that the employee is not churned. Let N0 and N1 denote the sample sizes of the majority class (no turnover) and the minority class (turnover), respectively, which clearly exist:
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Through statistical analysis, it was found that the percentage of departing employees was only about 5%, that is:
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This suggests that the data are extremely skewed, and without processing, the trained model may be “overly conservative” in its predictions, that is, predicting “no turnover” almost exclusively to obtain an apparently high accuracy rate, but actually neglecting to identify the real employees who have left the company. The ability to identify the real employees who have left the company is actually neglected.

In addition, the sample distribution visualization shown in Figure 1 (bar charts or t-SNE downscaling charts are recommended) also reflects the differences in the number of categories. This category imbalance problem poses a significant challenge to the model performance, which is mainly manifested in the following ways: low recall: the model is unable to effectively identify the minority class (turnover employees); imbalance of evaluation metrics: the traditional accuracy loses its significance, and more robust metrics, such as F1-score, are needed; and shifted decision boundaries: the training is biased towards the majority of the classes, resulting in distorted discriminative boundaries.

Synthetic Minority Oversampling Technique

To alleviate the problem of category imbalance, we employ the SMOTE technique to oversample the minority categories.27 SMOTE obtains synthetic samples by linearly interpolating between the minority samples and their nearest neighbors.

Specifically, let xi be a minority class sample and xzi be one of its kk-nearest neighbors, and the new sample generated by SMOTE is:
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The final balanced dataset is:
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From the results of attribution, the reason why individuals with internal control personality show better JP, career success, and lower job burnout is that the belief of internal attribution meets their needs of self-improvement, self-protection, and sense of control.28 Based on the attribution theory, the locus of control theory29 holds that individuals with internal control personality are proud of success and ashamed of failure compared to those with external control. Individuals with internal control have higher task performance. Individuals with internal control also experience more job happiness in work scenes,30 showing higher career success, job autonomy and lower job burnout, turnover intention, and job stress.


	Correlations between beliefs and heart capital:
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where NFi is the NF value of the ith sample and PCi is its psychological capital (PC) value.


	Regression modeling: the relationship between heart capital and NF
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α0 and α1 are regression coefficients and òi is the error term.


	Regression modeling: the relationship between JP and NF
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β0 and β1 are regression coefficients and vi is the error term.


	Regression modeling: the relationship between organizational citizenship behavior and negotiable destiny

[image: BHTY-8-433-M9.jpg]

γ0 and γ1 are regression coefficients and xi is the error term.




However, individuals with the negotiable belief in fate can still satisfy self-improvement and self-protection and gain an effective sense of control, although they can recognize their fate. Therefore, NF can promote individuals to show better JP. Because individuals who can negotiate their fate can make reasonable attributions, they can show more active behaviors, exert their controllable factors, and constantly expand the scope of controllable factors to get the best results. Therefore, individuals with an NF will keep a positive working attitude and be more willing to pursue organizational citizenship behaviors beyond the job requirements.

Data Segmentation

After completing the unbalanced processing of the original data, the balanced dataset DSMOTE is obtained, which already contains the original majority class samples, the original minority class samples, as well as the synthetic minority class samples generated by the SMOTE technique. In order to guarantee the scientific validity and generalization ability of model training and evaluation, we divide the whole dataset into two non-overlapping subsets, that is, the training set and the validation set.

The specific division strategy is as follows:


	Training set (80%): used for model training and parameter learning, denoted as Dtrain. Our study validated the models using an 80–20 train-test split strategy, ensuring the training set consisted of 80% of the data, while 20% was reserved for testing

	Validation Set (20%): used for model evaluation, denoted as Dval.


The validated models use k-fold cross-validation to assess the model’s generalization performance.
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In the partitioning process, we adopt stratified sampling to maintain the consistency of the category distribution in the two subsets. Even after the SMOTE balancing process, it is necessary to ensure that the ratio of positive and negative samples in the training set and validation set is approximately equal, so as to avoid performance fluctuations due to category skewing during the evaluation process.

In addition, this study sets random seeds during the division to ensure the reproducibility of the experiment. After the division of the training set is completed, all model training processes rely only on Dtrain, while the performance evaluation metrics (e.g. accuracy, precision, recall, and F1 scores) are uniformly compared on Dval, which ensures the consistency of the evaluation standard and the fairness.

In the subsequent process of model selection and hyperparameter tuning, the k-Fold Cross-Validation (K-Fold) mechanism can be introduced if further stability improvement is needed, but in this article, in order to simplify the analysis, the initial model comparison is first based on the fixed validation set division.

Machine Learning Models

In order to realize the accurate prediction of whether there is a turnover risk of hospital employees, this article selects four classical supervised learning algorithms to construct a binary classification model, namely: Decision Tree, Random Forest, Logistic Regression, and XG Boost. These models have good performance in dealing with structured data and classification tasks and have the advantages of high interpretability, fast training speed, or high generalization ability. Figure 2 illustrates the process of predicting whether employee turnover is likely to occur or not using hospital workforce data with multiple ML models (Decision Tree, Random Forest, Logistic Regression, and XG Boost). The input is the hospital’s human data, and after the independent learning and prediction process of multiple models, the final classification result is output: “Yes” (turnover) or “No” (no turnover). This process can be used for HR early warning and talent retention strategy development.

Fig. 2. Hospital brain drain prediction based on multi-model integration.
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The essential goal of each model is to learn a binary classification function:
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where Rd denotes the employee’s feature space (e.g. age, position, length of service, performance ratings, etc.), and the output [image: BHTY-8-433-I1.jpg] denotes the prediction of the employee’s turnover status: 1 means that turnover is imminent, and 0 means that the employee will continue to stay on.

Logistic Regression

Logistic regression is a linear model widely used in binary classification problems, especially for scenarios with high interpretability requirements. It assumes that there is a linear relationship between the predictor variables and the target variables and maps the predicted values to the interval (0, 1) through the sigmoid function, which represents the probability of employee turnover.

Its prediction function is:
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where x ∈ Rd is the employee’s eigenvector and ww is the model parameter vector.

Final Output Decision:
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where the threshold τ = 0.5 is usually the default setting and can be adjusted according to the task sensitivity needs.

In hospital turnover scenarios, logistic regression can help identify the characteristic factors (e.g. work intensity, satisfaction) that are most likely to lead to employee turnover, with good explanatory power.

Decision Tree

Decision trees achieve classification of samples by learning a series of “if-then” rules based on feature partitioning and splitting the data up to the leaf nodes. Its advantages are clear model structure, easy visualization, and no need for feature standardization.

In hospital manpower forecasting, the decision tree can show which variables trigger the earliest “potential turnover” judgment through a hierarchical way, such as “whether the performance is below 80 points for 3 consecutive months” or “whether the employee takes leave frequently,” and so on.

Random Forest

Random Forest is an integrated learning approach that can significantly reduce the risk of overfitting in single-tree models by constructing multiple decision trees (base learners) and voting (majority voting) to improve the overall prediction performance.

Each tree is trained using a random subset of data and features, which improves the generalization ability of the model. Its output probability is the average prediction of all trees:
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where T is the total number of trees in the forest and ft(x) is the prediction of sample xx by the t-th tree.

In hospital brain drain modeling, random forests are robust to high-dimensional features, applicable to the presence of noise in the scene, and often used to do feature importance assessment (Feature Importance).

The Gradient Boosting Tree (Xg Boost)

XG Boost is an enhanced decision tree model based on the gradient boosting framework, which is widely used for its excellent accuracy and computational efficiency. It optimizes the loss function in an iterative manner, where each round of the model learns the direction of the prediction residuals of the previous round, thus achieving a gradual reduction of the error.

Its core objective function is as follows:
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where l( ) is the loss function, Ω( ) is the regular term, and ft is the t-th newly learned regression tree.

In the hospital manpower scenario, XGBoost can effectively handle feature interactions and nonlinear relationships, and is suitable for mining complex combinations of turnover risk factors (e.g. “high seniority + moderate performance + many night shifts”).

All four models take the balanced training set Dtrain as input, and build the prediction function f(x) by learning the historical turnover behaviors and employee characteristics. The model effect is evaluated on the validation set Dval, and the best performance is selected as the final churn prediction tool by comparing the models through the metrics of accuracy, precision, recall, and F1-score. The prediction results will be used to provide early warning suggestions to the hospital management, such as identifying high-risk employees in advance and formulating intervention strategies such as motivation, training, and transferring to reduce the loss of key talent.

Final Predicted Output

After training and evaluation, the model outputs binary prediction results for each employee:
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Predicted results are visualized as red and green labeled outputs, with red representing employees predicted to turnover and green representing employees predicted to stay, making it easy for management to quickly identify key interventions.

Research Methods and Statistical Analysis

Measurement

Hospital Employee Turnover: In this study, we measured employees’ intention to leave and related psychological variables through a questionnaire. The Negotiable Fate Belief (NFB) was measured using a six-item scale validated in the literature to assess employees’ perceptions of the relationship between fate and autonomy in the face of hospital work stress and career uncertainty. Sample questions included, “When I have a setback in my hospital job, it is difficult for me to recover from it and move on. I try to solve whatever problems I encounter at work, etc.

All items were scored on a Likert 7-point scale (1 = “Strongly Disagree,” 7 = “Strongly Agree”). Respondent employees rated the items based on their actual work experience, with higher scores indicating a greater tendency to believe that individuals still have the ability to change outcomes in a given environment, that is, demonstrating a higher level of belief in negotiating fate.

In addition, the survey included dimensions such as employees’ basic information (age, length of service, position, education, etc.), job satisfaction, sense of organizational support, and performance evaluation, in order to further establish a comprehensive assessment system of employee turnover tendencies.

Statistical Analysis

Before formal modeling and prediction, this paper first examines the reliability of all measured variables. Table 1 presents the Cronbach’s Alpha coefficients for each of the main variables to assess the internal consistency of the scales. The results show that the Alpha values of all core variables are higher than 0.7, indicating that the scales used in this study have good reliability and can meet the requirements of subsequent statistical analysis and model training.




Table 1.Reliability indicators of each variable


	Variable
	Cronbach’s alpha





	Negotiable fate
	0.777


	Psychological capital
	0.808


	Perceived organizational support
	0.779


	Job performance
	0.785


	Organizational citizenship behavior
	0.857





The subsequent analysis steps include:

Descriptive Statistics: to examine the mean, standard deviation, and skewed distribution of variables include the following:


	Pearson Correlation: to explore the linear correlation between different variables;

	Variance Inflation Factor: to control the redundancy between features;

	Variable Standardization and Numerical Coding: for model inputs;

	Unification Process;

	Data set division and balancing before modeling: to solve the category balancing problem by SMOTE technique;

	Finally, to the ML model construction and prediction stage. Unification processing;

	Data set division and balancing processing before modeling: solving the problem of category imbalance by SMOTE technique;

	Finally entering the ML model construction and prediction stage.



All of the variables in this study underwent CFA using the Mplus 8.0 program. Five indicators, including the chi-square ratio/degree of freedom, standardized root mean square residual (SRMR), root mean square error of approximation (RMSEA), comparative fit index (CFI), and the Tucker Lewis Index (TLI) are chosen to represent the degree of model fitting. PC and organizational citizenship behavior are packaged based on the dimensions. Table 2 shows that the five-factor model is better than other alternative models and satisfies the important requirements, with χ2/df < 5, RMSEA < 0.08, CFI > 0.9, TLI around 0.9, and SRMR < 0.08. As a result, the measurement model has strong discriminatory validity since the five-factor model has the best model fitting degree.




Table 2.Results of confirmatory factor analysis


	Model Name
	χ2
	df
	χ2/df
	RMSEA
	TLI
	CFI
	SRMR





	Five-factor model
	522.542
	265
	1.972
	0.063
	0.889
	0.898
	0.038


	1
	639.723
	269
	2.378
	0.083
	0.807
	0.827
	0.067


	2
	621.287
	269
	2.310
	0.081
	0.817
	0.836
	0.065


	3
	601.408
	269
	2.236
	0.080
	0.821
	0.839
	0.064


	4
	639.799
	269
	2.378
	0.083
	0.807
	0.827
	0.067


	5
	619.082
	269
	2.301
	0.081
	0.818
	0.837
	0.063


	6
	573.323
	269
	2.131
	0.059
	0.842
	0.858
	0.056


	7
	602.689
	269
	2.240
	0.079
	0.826
	0.844
	0.063


	8
	585.279
	269
	2.176
	0.077
	0.835
	0.852
	0.060


	9
	618.142
	269
	2.298
	0.081
	0.818
	0.837
	0.064


	10
	585.256
	269
	2.176
	0.077
	0.835
	0.852
	0.062


	Three-factor model 1
	1111.370
	279
	3.983
	0.122
	0.582
	0.611
	0.192


	2
	681.933
	272
	2.507
	0.087
	0.789
	0.809
	0.069


	3
	716.670
	272
	2.635
	0.090
	0.771
	0.792
	0.072


	4
	678.601
	272
	2.495
	0.086
	0.791
	0.810
	0.680


	5
	718.096
	272
	2.640
	0.091
	0.770
	0.792
	0.072


	6
	688.425
	272
	2.531
	0.087
	0.786
	0.806
	0.070


	7
	655.671
	272
	2.411
	0.084
	0.802
	0.821
	0.064


	8
	692.534
	272
	2.546
	0.088
	0.783
	0.804
	0.068


	9
	645.879
	272
	2.375
	0.083
	0.807
	0.825
	0.065


	10
	657.308
	272
	2.417
	0.084
	0.802
	0.820
	0.066


	Two-factor model 1
	758.726
	274
	2.769
	0.094
	0.752
	0.774
	0.072


	2
	757.909
	274
	2.766
	0.094
	0.753
	0.774
	0.073


	3
	755.123
	274
	2.756
	0.094
	0.754
	0.775
	0.073


	4
	716.670
	274
	2.616
	0.090
	0.771
	0.792
	0.072


	5
	726.987
	274
	2.653
	0.091
	0.768
	0.788
	0.069


	One-factor model
	831.922
	275
	3.025
	0.101
	0.716
	0.740
	0.079



	CFI: comparative fit index; RMSEA, root mean square error of approximation; SRMR standardized root mean square residual; TLI: Tucker Lewis Index.





Thus, we modeled the pertinent material based on the data analysis that Cronbach is Alpha for Negotiable Fate:
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Cronbach is Alpha for Psychological Capital:
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Cronbach is Alpha for Perceived Organizational Support:
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Cronbach is Alpha for Job Performance:
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Cronbach is Alpha for Organizational Citizenship Behavior:
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The mean, standard deviation, and correlation coefficient of the primary variables are compiled in Table 3. The findings indicate a moderate relationship between NF and PC (r = 0.559, p < 0.00), work performance (r = 0.469, p < 0.00), POS (r = 0.448, p < 0.00), and organizational citizenship behavior (r = 0.503, p < 0.00).




Table 3. The table lists each variable’s mean, standard deviation, and correlation coefficient


	Variable
	M
	SD
	1
	2
	3
	4
	5
	6
	7
	8
	9





	1. Age
	29.75
	4.30
	1.000
	-
	-
	-
	-
	-
	-
	-
	-


	2. Sex
	0.27
	0.45
	−0.099
	1.000
	-
	-
	-
	-
	-
	-
	-


	3. Working Years
	6.64
	3.96
	0.907
	−0.081
	1.000
	-
	-
	-
	-
	-
	-


	4. Educational Degree
	4.70
	0.61
	0.086
	0.004
	−0.024
	1.000
	-
	-
	-
	-
	-


	5. Nf
	5.54
	0.53
	0.128
	0.135
	0.106
	0.278
	1.000
	-
	-
	-
	-


	6. Perceived Organizational Support
	5.04
	0.86
	0.185
	0.015
	0.188
	0.182
	0.448
	1.000
	-
	-
	-


	7. Psychological Capital
	5.17
	0.67
	0.184
	0.088
	0.152
	0.221
	0.559
	0.619
	1.000
	-
	-


	8. Job Performance
	6.00
	0.57
	0.0172
	0.120
	0.144
	0.184
	0.469
	0.473
	0.582
	1.000
	-


	9. Organizational Citizenship Behavior
	5.38
	0.59
	0.054
	0.029
	0.048
	0.092
	0.503
	0.535
	0.667
	0.523
	1.000



	M: mean; SD: standard deviation.





In this study, SPSS for Windows 22.0 software and process plug-in16 are used for hypothesis testing, mediating effect, and moderating effect analysis. Firstly, this study uses SPSS to make hierarchical regression (see Table 4 for the results).




Table 4. Hierarchical regression analysis

	Variable
	Psychological capital
	Job performance
	Organizational citizenship behavior



	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11





	Age
	0.16
	0.15
	0.16
	0.15
	0.14
	0.09
	0.08
	0.02
	0.02
	−0.06
	−0.05


	Sex
	0.10
	0.04
	0.03
	0.14
	0.08
	0.07
	0.07
	0.03
	−0.03
	−0.05
	−0.06


	Working years
	0.02
	−0.10
	−0.12
	0.03
	−0.07
	−0.03
	−0.02
	0.03
	−0.09
	−0.04
	−0.05


	Educational degree
	0.21
	0.03
	0.04
	0.17
	0.03
	0.02
	0.02
	0.09
	−0.08
	−0.10
	−0.10


	Negotiable fate
	-
	0.33
	0.33
	-
	0.30
	0.17
	0.17
	-
	0.36
	0.19
	0.20


	Organizational citizenship behavior
	-
	0.46
	0.46
	-
	0.32
	0.15
	0.14
	-
	0.40
	0.18
	0.20


	Psychological capital
	-
	-
	-
	-
	-
	0.37
	0.39
	-
	-
	0.49
	0.46


	Negotiable fate × organizational citizenship behavior
	-
	-
	0.16
	-
	-
	-
	−0.05
	-
	-
	-
	0.08


	R2
	0.07
	0.47
	0.50
	0.06
	0.30
	0.37
	0.37
	−0.01
	0.36
	0.49
	0.49


	ΔR2
	-
	0.40
	0.03
	-
	0.24
	0.07
	0.00
	-
	0.37
	0.12
	0.01



	R2: coefficient of determination; "ΔR²": The change or difference in the coefficient of determination.





Hierarchical Regression and Interaction Effect Modeling

Model 2 tests the relationship between employees’ NF and PC. Model 3 looks at how PC is affected by the relationship between employees’ NF and POS. After regulating the negotiated fate, model 6 looks at how PC affects JP. Model 7 looks at how JP is affected by the relationship between peoples’ NF and their perception of organizational support. Once the NF has been controlled, model 6 looks at how PC affects organizational citizenship behavior. Model 7 looks at how employees’ NFs interact with one another.

For the evolution of Eq: Model Fit Criteria:
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Best Five-Factor Model Fit Results:
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Correlation Between Negotiable Fate and Perceived Organizational Support:
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Correlation Between Negotiable Fate and Psychological Capital:
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Correlation Between Negotiable Fate and Job Performance:
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Results of Hypothesis Testing and Regression Analysis

Model 5 in Table 4 indicates that the NF significantly improves job performance (b = 0.3, p < 0.0, R2 = 0.3), and that hypothesis 1a is true. The model 9 shows that NF (b = 0.36, p < 0.0, R2 = 0.36), and hypothesis 1b holds. Model 2 demonstrates that PC is significantly enhanced by NF (b = 0.33, p < 0.0, R2 = 0.47), and hypothesis 2 is true. Model 6 shows that PC positive effect (b = 0.37, p < 0.0, R2 = 0.37), and hypothesis 3a, holds. Model 10 demonstrates that organizational citizenship behavior is significantly positively impacted by PC (b = 0.49, p < 0.0, R2 = 0.49). Hypothesis 3b is true. The model 3 shows that the interaction between NF and POS has a significant positive effect on PC (b = 0.16, p < 0.0, R2 = 0.5). Hypothesis 5 is valid. Model 7 shows that the interaction between NF and POS does not have a significant predictive effect on JP (b = −0.05, p = 0.402). Similarly, Model 11 shows that the interaction between NF and POS is not significant (b = 0.08, p = 0.134).

Finally, the whole correlation variable’s expression is obtained; Correlation Between Negotiable Fate and Organizational Citizenship Behavior:
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Regression Coefficient of Negotiable Fate on PC:
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Regression Coefficient of Negotiable Fate on Job Performance:
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Regression Coefficient of Negotiable Fate on Organizational Citizenship Behavior:
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POS’s Moderating Impact on the Association Between Psychological Capital and Negotiable Fate:
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Interaction effects: how psychological capital and negotiated fate interact to affect job performance.
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Interaction effects: how psychological capital and negotiated fate interact to influence organizational citizenship behavior.
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Regression analysis: how psychological capital affects work performance.
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The impact of psychological capital on organizational citizenship behavior using a regression model.
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Using the bootstrap sampling method and a process plug-in created according to Ref.,17 we investigate whether PC mediates the relationship between NF and JP and organizational citizenship behavior (hypothesis 4), as indicated in Table 5. The findings confirm hypothesis 3a by demonstrating that the indirect effect of PC between NF and JP is 0.251.95%, with an unbiased confidence interval of (0.169, 0.342) that does not contain 0. Hypothesis 3b is supported by the indirect effect of PC between NF and organizational citizenship conduct, which is 0.335. The 95% unbiased confidence interval for this effect is (0.225, 0.453), which does not contain 0. PC is positively and significantly impacted by the relationship between negotiated fate and POS. The 95% unbiased confidence interval is (0.086, 0.366), and the interaction term impact value is 0.225. The hypothesis is supported if it does not pass through 0 since this indicates that the moderating impact is considerable (Figure 1 displays the diagram of interaction effect). NF has a mediated moderating effect of 0.074 on work performance, with a 95% unbiased confidence interval of (0.027, 0.132). The mediated moderating impact is considerable if it does not pass through 0. The 95% unbiased confidence interval for the mediated moderating effect of organizational citizenship behavior is (0.035, 0.161), with a value of 0.092. It indicates that the mediated moderating impact is significant if it does not pass through 0.




Table 5.Measurement indicators and reliability analysis for each study variable


	Variable
	Items (n)
	Example item
	References
	Cronbach’s α





	Negotiable fate belief
	6
	“When encountering difficulties at work in the hospital, I still try to solve them.”
	16
	0.83


	Psychological capital
	8
	“I believe I have the ability to accomplish my hospital work tasks.”
	Luthans et al.
	0.87


	Job performance
	4
	“I can always efficiently complete the tasks required by my position.”
	Williams & Anderson
	0.82


	Organizational citizenship behavior
	5
	“I am willing to help colleagues solve problems.”
	Podsakoff et al.
	0.85


	Perceived organizational support
	6
	“The hospital cares about my development.”
	Eisenberger et al.
	0.88






	Regression modeling: the effect of gender on JP
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	Regression modeling: the effect of years of service on organizational citizenship behavior
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	Model evaluation: Cronbach’s Alpha Calculation
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	Multiple regression modeling: the effect of control variables on heart capital
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	Multiple regression modeling: the effect of control variables on JP
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Experiment

Experimental Design and Research Framework

This study focuses on the mechanism of brain drain in hospitals, constructs an impact model with NF as the main variable, explores its mediating path through PC to influence JP and Organizational Citizenship Behavior (organizational citizenship behavior), and further analyzes the moderating and moderating mediating effects of POS in this path. This study examines citizenship behavior (organizational citizenship behavior) through PC and further analyzes the moderating and moderated mediation effects of POS along this pathway.

The research hypothesis path diagram is:


H1a: Negotiable Fate → Job Performance (Positive)

H1b: Negotiable Fate → Organizational Citizenship Behavior (Positive)

H2: Negotiable Fate → Psychological Capital (Positive)

H3a: Psychological Capital → Job Performance (Positive)

H3b: Psychological Capital → Organizational Citizenship Behavior (Positive)

H4a/H4b: Mediating Effects of Psychological Capital in the H1a and H1b

H5: POS Moderating Negotiable Fate → Psychological Capital Path (Moderating Effect)

H6a/H6b: Moderating Mediating Effect of POS in Mediating Paths



Variable Measurement and Data Sources

Data were collected from the medical, administrative, and nursing staff of a large public hospital using a structured questionnaire. There were 427 questionnaires distributed, and 402 valid questionnaires were collected (validity rate 94.15%). Likert 7-point scale (1 = “strongly disagree,” 7 = “strongly agree”) was used as the measurement tool. Table 5 shows the measurement indicators and reliability analysis of each research variable.

Data Preprocessing and Reliability Tests

All variables were analyzed for reliability by SPSS, and the Cronbach’s alpha values were higher than 0.80, showing good internal consistency. The correlation between variables was significant and satisfied the prerequisites of regression analysis.

The Pearson’s correlation coefficients between variables were all between 0.30 and 0.60, p < 0.001; the results of multiple covariance test, VIF, were all < 2, with no significant covariance; the data were standardized and entered into the model analysis.

Hierarchical Regression and Hypothesis Testing

Hierarchical regression methods were used to sequentially control for demographic variables, gradually introducing core variables, interaction terms, and mediating terms. Table 6 presents the main regression results:




Table 6.Summary of regression analysis results and hypothesis testing for hypothetical models


	Model
	Main relationship
	β
	p-value
	R²
	∆R²
	Conclusion





	M2
	NF → PC (Negotiable Fate → Psychological Capital)
	0.33
	< 0.001
	0.47
	0.40
	Supported H2


	M5
	NF → JP (Negotiable Fate→Job Performance)
	0.30
	< 0.001
	0.30
	0.24
	Supported H1a


	M9
	NF → Organizational Citizenship Behavior (Negotiable Fate → Organizational Citizenship Behavior)
	0.36
	< 0.001
	0.36
	0.37
	Supported H1b


	M6
	PC → JP (Psychological Capital → Job Performance)
	0.37
	< 0.001
	0.37
	0.07
	Supported H3a


	M10
	PC → Organizational Citizenship Behavior (Psychological Capital → Organizational Citizenship Behavior)
	0.49
	< 0.001
	0.49
	0.12
	Supported H3b


	M3
	NF × POS → PC (Interaction: NF and Perceived Organizational Support → PC)
	0.16
	< 0.001
	0.50
	0.03
	Supported H5


	M7
	NF × POS → JP (Interaction: NF and POS → Job Performance)
	–0.05
	0.402
	0.37
	0.00
	Not Supported



	Note: All significance levels are based on two-tailed tests.





Table 6 demonstrates the results of the regression analysis of the critical path model constructed in this study and the validation of the corresponding hypotheses. Model M2 showed that NF beliefs were a significant positive predictor of PC (β = 0.33, p < 0.001, R² = 0.47), with 47% of explained variance, supporting hypothesis H2.

Model M5 showed that NF significantly enhanced JP (β = 0.30, p < 0.001, R² = 0.30), supporting H1a.

Model M9 showed that NF was also a significant positive predictor of organizational citizenship behavior (β = 0.36, p < 0.001, R² = 0.36), supporting H1b.

Model M6 validated the positive effect of PC on JP (β = 0.37, p < 0.001, R² = 0.37), supporting H3a facilitation (β = 0.37, p < 0.001, R² = 0.37), supporting H3a.

Model M10 further verified that PC had more explanatory power for organizational citizenship behavior (β = 0.49, p < 0.001, R² = 0.49), supporting H3b.

The moderating effect of the interaction term NF × POS on PC in Model M3 was significant (β = 0.16, p < 0.001, R² = 0.50), supporting H5, suggesting that POS enhanced the effect of fate beliefs on PC.

However, NF × POS in Model M7 did not predict JP significantly (β = −0.05, p = 0.402), and there was no growth in R² (∆R² = 0.00), suggesting that moderating effects did not hold true in this pathway, and did not support the hypothesis.

Together, these results validate most of the theoretical paths of the research model and set the stage for subsequent mediation and moderated mediation analyses.

Figure 3 demonstrates the path diagram for categorizing the prediction of whether a hospital employee will turnover or not based on the decision tree model. The model shows its strongest predictive power for turnover judgments by using Job Satisfaction as the primary segmentation variable; if an employee expresses satisfaction with his/her job, he/she is predicted not to turnover with an 84% probability (category 0), whereas if he/she is dissatisfied, the model predicts that he/she will not turnover 100% of the time, suggesting that there may be an overfitting of the path. Among satisfied employees, further stratification was achieved by variables such as whether or not they participated in practice (Practice), gender (Sex), veteran status (Veteran), and employment type (Employment Type) vs. race (Race). For example, for women, employees who have never served and are employed by the organization, the probability of turnover is only 34% for the White group, while it rises to 62% for other races; for male employees, the probability of turnover for those who have served is as high as 64%, and in some paths even 78%. Each node box is labeled with the predicted probability of turnover or not and the proportion of the sample at that node, and the overall model reveals the underlying mechanisms of employee turnover under multifactorial interactions, providing hospital administrators with clues for targeted staff retention interventions.

Fig. 3.Visualization of the path of the decision tree model to predict employee turnover in hospitals.
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Talent Forecasting Performance

Figure 4 demonstrates the results of comparing the importance scores of each feature variable when using three ML models (Random Forest RF, Gradient Boosting Tree XGB, and Decision Tree DT) for hospital brain drain prediction on SMOTE oversampled processed data. Overall, Working Hour is shown to be a core predictor in all models, especially in the Random Forest (SMOTE_RF) and Decision Tree (SMOTE_DT) models, with a score of 1.00, indicating that it plays a dominant role in predicting employee turnover. In addition, Individual Income and Age also have high importance in the SMOTE_RF model (0.66 and 1.00, respectively), but are relatively weak in the XG Boost model, at 0.09 and 0.13, suggesting that their contribution to the nonlinear model is limited. Further comparisons revealed that Job Type (type of position) and EHR_EMR (whether or not to use electronic medical records) also had some explanatory power in the Random Forest model (both exceeding 0.6), while presenting marginal effects in the XGB and DT models. Practice (whether or not to participate in practice) and Employment Type (type of employment) ranked in the SMOTE_RF model ranked in the upper middle of the list, but were significantly less important in the other models.31

Fig. 4.Comparison of the importance of characteristic variables under different models. DT: decision tree; EHR: electronic h record; EMR: electronic medical record; RF: Random Forest; SMOTE: Synthetic Minority Class Oversampling Technique.
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It is worth noting that although Job Satisfaction was the root node variable in the aforementioned decision tree path analysis, its importance in this figure was 0 in the SMOTE_DT (decision tree) model and only 0.00 in the XGB (eXtreme Gradient Boosting), suggesting that the satisfaction variable may have been marginalized in importance by the influence of other highly correlated variables in the current structure of data training. In addition, socio-demographic variables such as Sex (gender), Race (ethnicity), Degree (education), and Veteran generally had low weights in the three models, suggesting that these variables contribute less to the prediction of hospital employee turnover and may be more suitable as control variables rather than as primary explanatory factors.

Figure 5 consists of four subfigures showing the impact of different satisfaction or engagement dimensions on hospital employee turnover: including (a) Job Satisfaction, (b) Work Environment Satisfaction, (c) Relationship Satisfaction and (d) Job Involvement. Each subfigure presents the number of employees’ turnover (Attrition = Yes) and retention (Attrition = No) at different satisfaction levels in the form of stacked bar charts, supported by detailed data tables at the bottom. First, as can be seen in Figure 5(a), the higher the job satisfaction level, the lower the employee turnover rate.

Fig. 5.The subgroup analysis of the relationship between job-related satisfaction and employee turnover.
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The low-satisfaction group (level 1) had a turnover rate of 22.8%, compared to 11.3% for the “very satisfied” group (level 4), indicating a significant protective effect of satisfaction on retention. Meanwhile, the highly satisfied group, although the largest in number (459), has the lowest turnover, accounting for only 21.9% of the total. Environmental satisfaction in Figure 5(b) shows a similar trend. The turnover rate among low environmental satisfaction employees is 25.4%, while the turnover rate for the very satisfied group drops to 13.5%. It indicates that a good working environment also contributes to employee stability. Figure 5(c) shows that relationship satisfaction also has an impact on turnover, but the magnitude is slightly lower than the previous two. In satisfaction levels 3 and 4, although the total number of employees is close, the turnover rate of level 3 (highly satisfied) is 15.5%, which is slightly higher than that of level 4 (very satisfied) at 14.8%. In Figure 5(d), job engagement has the most pronounced effect on attrition. The lowest commitment group (rank 1) has a high attrition rate of 33.7%, while the highest commitment group (rank 4) has only 9.0%, which is the most significant indicator of the difference in attrition among the four dimensions. Meanwhile, the group with the highest engagement level of 3 has the highest number of people and the highest turnover, accounting for 52.7% of the total turnover.

Figure 6 presents a combination of scatter and line graphs showing the attrition of hospital employees across Total Working Years and Monthly Income, with the trend in attrition rate (Attrition %) for each working year indicated by the black line. Each scatter in the figure represents one employee, where orange color indicates no attrition (Attrition = 0) and blue color indicates attrition (Attrition = 1). As can be observed in Figure 6, employee turnover is highest in the early years of employment (1 to 3 years), with more than 45% turnover in the first year. At this stage, although some employees have higher monthly income, most of them are concentrated in the lower income limit range, indicating that the lack of a match between salary and job may be the main reason for turnover. As the length of service grows to the 5th~10th year, employees’ income gradually increases, and the turnover rate generally shows a decreasing trend, reflecting increased career stability. However, in the range of 10~20 years of working experience, there are multiple dense distribution areas in the graph, with a large span of monthly income, but the turnover rate fluctuates irregularly, suggesting that mid-term employees’ willingness to turnover may rise again in the face of bottlenecks in job promotion, burnout, or external opportunities. It is worth noting that after more than 20 years of service, despite the generally higher income of employees, the proportion of turnover declined significantly, and most of the employees stayed on steadily, possibly with positions close to retirement.

Fig. 6.Graph analyzing the impact of total employee years of service and monthly earnings on turnover rate.
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Figure 7 shows the distribution and trend of hospital employee turnover under different Hourly Rate and Total Working Years in a combination of scatterplot and line graph. Each point in the scatter plot represents an employee, with orange indicating no turnover (Attrition = 0) and blue indicating turnover (Attrition = 1). The black line represents the percentage of employee turnover at the corresponding hourly rate (Attrition %). Overall, the trend suggests that an increase in hourly wage does not have a clear linear effect in reducing turnover. In the range of $30–$60 hourly wage, the attrition rate is at a low to medium level with relatively small fluctuations. And from $61 or above, the turnover curve shows an obvious oscillating upward trend, and a number of turnover peaks, indicating that the tendency to turnover of some employees with high hourly wages is higher instead. Especially in the corresponding ranges of $65, $81, $88, and $100, the turnover rate exceeds 30%, suggesting that there is a characteristic of “high mobility and high job-hopping” among the high-wage group, which may be related to the scarcity of jobs, external attraction, or expiration of contracts.

Fig. 7.Analysis of the joint effect of hourly wage and length of service on turnover among hospital employees.
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Figure 8 illustrates the joint distribution and interrelationships of hospital employees on five key continuous variables: Monthly Income, Job Level, Total Working Years, YearsAtCompany, and Years with CurrManager. The scatter dots of different colors in the figure indicate whether or not there is a turnover (red indicates turnover, blue indicates no turnover), the diagonal line is the kernel density distribution curve of each variable, and the off-diagonal line is the joint distribution relationship of scatter dots between variables, which can intuitively reveal the characteristics of the distribution of turnover of employees in the dimensions of different variables. From the diagonal density distribution curve, it can be observed that the density peaks of lost employees (red) in monthly income, job level, and total years of service are generally to the left, indicating that most of the lost employees are concentrated in the low-income, low job level and early career stage. Comparatively, the distribution of non-turnover employees is wider, with a higher proportion in higher income and length of service ranges, indicating that the willingness to turnover decreases with experience accumulation and job promotion.

Fig. 8.Plot of joint distribution of employee turnover with key continuous variables.
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Figure 8 illustrates the joint distribution and interrelationships of hospital employees on five key continuous variables: Monthly Income, Job Level, Total Working Years, YearsAtCompany, and Years with CurrManager. The scatter dots of different colors in the figure indicate whether or not there is a turnover (red indicates turnover, blue indicates no turnover), the diagonal line is the kernel density distribution curve of each variable, and the off-diagonal line is the joint distribution relationship of scatter dots between variables, which can intuitively reveal the characteristics of the distribution of turnover of employees in the dimensions of different variables. From the diagonal density distribution curve, it can be observed that the density peaks of lost employees (red) in monthly income, job level, and total years of service are generally to the left, indicating that most of the lost employees are concentrated in the low-income, low job level and early career stage. Comparatively, the distribution of non-turnover employees is wider, with a higher proportion in higher income and length of service ranges, indicating that the willingness to turnover decreases with experience accumulation and job promotion.

Table 7 provides a comparison of the performance measures (Recall, F1-Score, Precision, and Accuracy) of the methods applied in the two papers, including Khalid et al.32 with the use of a multi-objective approach and Khalid and Wu33 with the use of query expansion and citation analysis, to the proposed method. With an accuracy of 92, our proposed method including the combination of ML models, such as Random Forest and XGBoost with the elements of psychology, is much higher than other approaches, with Khalid et al.32 at 83% and Khalid and Wu33 at 77% accuracy. This indicates the increased predictive capability and usability of our model in the case of hospital employee turnover.28,29




Table 7.Comparison table


	Method
	Recall (%)
	F1-Score (%)
	Precision (%)
	Accuracy (%)





	Khalid et al.: Multi-objective approach32
	80
	82
	85
	83


	Khalid & Wu: Query expansion & citation analysis33
	75
	78
	80
	77


	Our Proposed Method: Random Forest & XGBoost
	90
	91
	93
	92



	F-measure: a measure of predictive performance.





Conclusions

This study presents a comprehensive, interdisciplinary approach to predicting hospital employee attrition, addressing both technical and psychological dimensions of the problem. On the technical side, we constructed a robust big data-driven platform capable of handling data imbalance through SMOTE and leveraging four distinct ML models to forecast employee departure. The use of performance metrics beyond accuracy (such as recall and F1-score) ensured fair evaluation in the presence of class imbalance, while feature importance analysis enabled interpretability and strategic insight for HR planning.

On the theoretical side, we enriched the prediction framework by incorporating NF, a culturally embedded belief, as a psychological antecedent to employee retention. Through validated questionnaires and multivariate analysis, we confirmed that NF exerts a significant positive impact on both JP and organizational citizenship behavior, mediated by PC. Furthermore, POS was shown to strengthen this pathway, establishing a moderated mediation structure. These findings align with and extend the attribution theory and locus of control literature into the domain of healthcare HR analytics.

Importantly, the combination of empirical ML and structural psychological modeling provides a dual-path predictive architecture—one that offers both algorithmic precision and human-centric explanation. This duality is essential for real-world application in hospital settings, where both quantitative insight and qualitative understanding are critical for designing effective talent retention strategies.

Future work may extend this framework by incorporating temporal data to forecast dynamic turnover risks, testing generalizability across multiple hospital types, and deploying the platform as a real-time HR decision-support system. Ultimately, this research underscores the value of integrating data science with human psychology to tackle complex workforce challenges in healthcare and beyond.
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