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Abstract

Background: Human resources (HR) departments collect extensive employee data that can be 

useful for predicting turnover. Yet, these data are not often used to address turnover due to the 

complex nature of recorded data forms.

Aims of the Study: The goal of the current study was to predict community mental health 

center employees’ turnover by applying machine learning (ML) methods to HR data and to 

evaluate the feasibility of the ML approaches.

Methods: Historical HR data were obtained from two community mental health centers, and ML 

approaches with random forest and Lasso regression as training models were applied.

Results: The results suggested a good level of predictive accuracy for turnover, particularly 

with the random forest model (e.g., Area Under the Curve was above .8) compared to the Lasso 

regression model overall. The study also found that the ML methods could identify several 

important predictors (e.g., past work years, wage, work hours, age, job position, training hours, 

and marital status) for turnover using historical HR data. The HR data extraction processes for ML 

applications were also evaluated as feasible.

Discussion: The current study confirmed the feasibility of ML approaches for predicting 

individual employees’ turnover probabilities by using HR data the organizations had already 

collected in their routine organizational management practice. The developed approaches can 

be used to identify employees who are at high risk for turnover. Because our primary purpose 

was to apply ML methods to estimate an individual employee’s turnover probability given 

their available HR data (rather than determining generalizable predictors at the wider population 

level), our findings are limited or restricted to the specific organizations under the study. As ML 

applications are accumulated across organizations, it may be expected that some findings might be 

more generalizable across different organizations while others may be more organization-specific 

(idiographic).

Keywords

machine learning; human resources data; employee turnover; community mental health center; 
data-driven management strategies; job retention

Employee turnover continues to be a critical problem for many community mental health 

workers, with rates of turnover ranging from 25% to 60% annually (1–3). Vacancies in 

positions often remain unfilled for long periods (4). Indeed, some data indicate that over 

70% of counties in the U.S. report a severe shortage of mental health professionals (5, 6). 

High rates of voluntary turnover negatively affect both the organization (e.g., extra cost for 

new hires and training, reduced productivity) and individual employees (e.g., diminished 

well-being, reduced financial stability) (1, 3, 7–9), subsequently decreasing the quality of 

care provided for clients (3, 8, 10–12). Thus, it is imperative for employee well-being, 

quality of care, and cost considerations to develop methods to identify and prevent avoidable 

turnover among community mental health employees.

Turnover research in mental health is still limited and generally relies on cross-sectional 

surveys with few variables and small convenience samples. Most existing research has 
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identified factors correlated with turnover intentions, a proxy for actual turnover (13). 

Some potential turnover factors suggested in mental health include insufficient salary, 

increased burnout, decreased job satisfaction, the lack of organizational support, and lack 

of professional development opportunities (14). Additional negative factors include job 

demands (15), emotional labor, low organizational trust (14), workplace interpersonal 

conflict, and heavy workload (16). Conversely, positive factors that may reduce turnover 

include positive workplace climates, fair performance appraisal, job autonomy, and 

workplace psychological safety (11).

Unfortunately, turnover predictors suggested in the literature may not always be applicable 

to a specific organization, given differing characteristics (e.g., demographic diversity, 

organizational size, different management systems, and clientele). Identifying specific 

variables that require attention in a particular organizational setting is challenging. 

Collecting more data from employees (who are already often overwhelmed with existing 

documentation requirements) might not be well tolerated, especially when there is a lack of 

clarity about the salient predictors. Further, administrators and evaluators may not be able 

to collect information from those disengaged in their work (especially those intending to 

leave). It may also be difficult, if not impossible, to identify an individual at high turnover 

risk through anonymous survey methods.

Human Resources (HR) departments typically collect extensive employee data, including 

demographics, the type and nature of the job, withdrawal behaviors (e.g., absence), and job 

performance, which are presented in turnover theories (17). In mental health organizations 

in particular, other administrative data such as the client populations being served (e.g., 

client caseload, client symptom severity, age, missed appointments) and work contexts (e.g., 

individual vs. team, work department) may also be available. Such a wealth of information 

could help us understand employee turnover at the organizational level. For example, 

Rombaut and Guerry (18) found that available HR data (e.g., demographics; work-specific 

factors, such as seniority and salary) could result in reliable turnover predictions in a private 

company in Belgium. However, HR data are often collected in different data management 

systems, with sparse and different formats, which are difficult to handle with traditional data 

analysis methods. As a result, these data are not often analyzed to address turnover in mental 

health organizations.

Although the application of machine learning (ML) methods in practice is still limited, 

applying these analytics to HR data for predicting employee turnover is emerging as a 

promising approach (19). ML, which can handle extensive heterogeneous data, involves 

a set of computational strategies or algorithms to recognize and discover data patterns 

systematically. ML creates automated algorithms to learn from data and make data-driven 

predictions or decisions (20). ML algorithms have gained popularity in HR analytics as 

a data-driven approach when predicting turnover (21–23). For example, Ribes et al. (24) 

used ML to identify meaningful predictors for employee turnover, such as business units, 

employee behavior, and performance. Sajjadiani et al. (25) applied ML to job application 

data to predict job performance and turnover among applicants for public school teaching 

positions. Quinn et al. (26) also applied ML to HR data for predicting turnover among 

child welfare workers. Additionally, Kuncel et al. (27) conducted a meta-analysis comparing 
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the predictive power of mechanical methods (i.e., applying an algorithm or formula) 

versus holistic methods (i.e., clinical expert judgment, intuitive, subjective) and found 

that mechanical methods outperformed holistic methods in areas such as predicting job 

performance.

ML algorithms applied to HR data could identify organization-based, targeted variables 

when addressing turnover in a specific organizational context. Further, the algorithms 

developed in a particular organizational context may be adapted to other organizations, 

tailoring the turnover predictions and continuing to improve precision in both unique (local) 

and more generalizable (global) contexts. Successful ML applications will suggest data-

driven, evidence-based HR management strategies for organizations to prevent employee 

turnover. However, as far as the authors are aware, ML methods have not been applied to HR 

data to predict turnover among community mental health organization employees.

The goals of the current study are three-fold: 1) applying ML methods to historical HR 

data for predicting an employee’s turnover probability within the following 12 months; 2) 

exploring predicting variables; and 3) evaluating the feasibility of ML applications to HR 

data at community mental health organizations. Because HR data management systems or 

available data are different across different centers, we developed ML predictive models for 

one center first (the main evaluation center) and used the center to present the primary ML 

application process. We then applied the same method to another center (the application 

center) to examine the applicability of the ML approaches in another setting.

Methods

Study Setting

Historical HR data were obtained from a community mental health center in an urban 

midwestern city (our “main evaluation center”). The organization had approximately 300 

employees and provided services that included case management, home-based, and school-

based services, supported employment, medication management, and outpatient individual 

and group therapy. The HR and administrative data extraction involved six staff from the 

HR, Operations, and Clinical Administrations departments at the center using five different 

HR data management systems. The data were de-identified (with research IDs), cleaned, 

and processed for the ML predictive model development and application by the research 

team. The study was approved by the [university] Institutional Review Board, and waiver of 

informed consent was applied to the data already being collected by the organizations.

Data Preparation and Processing

The HR data (dating back to 2011) contained 751 employees’ records, including those who 

had already left the job (leavers) and those who stayed (stayers) at the time of data extraction 

(January 2021). Employee IDs were replaced with research IDs which were used to merge 

the datasets for ML. We excluded the following cases: 1) seven cases that never started the 

job, 2) 20 cases with missing data in their hire date, 3) ten cases hired in 2021, given the 

lack of sufficient historical information for ML, and 4) 60 involuntary leavers due to reasons 

such as unsatisfactory job performance, ended funding, or job elimination. Thus, 654 cases 
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were used in the analysis. Among them, 336 cases (51.4%) left the organization by the end 

of 2020 (leaver), and 318 (48.6%) stayed (stayer).

We extracted both categorical and continuous predicting variables (often called “features” in 

the ML literature) from the existing HR data. We will refer to these variables as predictors, 

a term most familiar to applied researchers in social and behavioral science. Categorical 

predictors included marital status, education level, exempt status, race, employee status/job 

type (i.e., clinical vs. nonclinical), and gender. Additionally, 175 job position titles were 

recorded, which were grouped into 12 categories (e.g., direct services) by combining work 

of similar nature and categories with small sizes. The categorical predictors were entered 

into the ML models using the dummy variable approach (28). The HR data also included 

work department, which contained 52 units. However, the information was not used in 

analyses due to a small number of cases for each department category (i.e., merging different 

departments was not desirable as each had unique job functions). Further, the HR data 

contained certification and position assignment history information. However, we did not 

include these data in the analyses because only a small number of employees’ information 

was available. Table 1 displays the frequency distributions of the categorical predictors 

by stayers and leavers for our main evaluation center (and application center as described 

below). The reference group used in dummy variable encoding is in italics in Table 1.

The continuous predictors were extracted from sources containing wage, job training, and 

client service data. They included employee age, years employed, salary (converted to an 

hourly wage), hours worked, job training hours, and client characteristics served by the 

employee (i.e., average age, proportions of groups by gender and diagnosis). Specifically, we 

calculated the employees’ age and the number of years they had worked in the organization 

by the previous year. For leavers (i.e., those who left at some point before the end of 2020), 

a date of the end of the previous year was used for the calculation. For instance, if an 

employee left in 2017, their age and number of work years by December 31st of 2016 were 

used. If the employee left in the same year when they were hired, then the number of work 

years would be 0. For stayers (i.e., those who had stayed until the end of 2020), we used Dec 

31st of 2019 as the benchmark to calculate their age and work years.

Hourly wage and biweekly work hours were calculated for each employee. We created four 

variables for each person based on the salary and work hours data (i.e., mean and standard 

deviation of hourly wage over the years, mean and standard deviation of biweekly work 

hours over the years). To account for potential salary inflation, the salary was standardized 

by year. In addition, we calculated the total number of job trainings and the total number 

of training hours for each employee using the job training data (which had 3,620 elements 

and a total of 32,391 records). Because of the high redundancy between the two predictors 

(Pearson r > .9), only the total number of training hours was used. Finally, we extracted 

deidentified client characteristics served by the employees, which contained 2,421 unique 

clients’ demographic information served by 398 employees between 2017 and 2019. The 

average client age, as well as the proportion of clients’ gender (i.e., male vs. female) and the 

clients’ diagnosis (i.e., schizophrenia vs. other diagnoses) were calculated. Note that we also 

had access to annual job performance evaluation data. However, we did not use the data in 

analyses because there was a large amount of missing data (> 50%), and these missing data 
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were mostly from the leavers. All the continuous predictors were standardized to remove the 

influence of their scales on the ML applications. The descriptive statistics of the continuous 

predictors by stayers and leavers are shown in Table 2 for our main evaluation center (and 

application center as described below).

Missing Data

The organization introduced new HR data management systems around 2017, which created 

some missing data during the data transition. Missing data in the HR systems were filled 

by HR staff where possible for the current study. For example, about 500 employees’ 

educational degrees were not recorded in the current HR data system, which were later 

transferred (e.g., Licensed Master Social Worker, or LMSW) and re-coded (i.e., diploma, 

associate, bachelor, master, doctoral degrees) by the HR staff. The remaining amount of 

missing data for the predictors included in the analyses ranged from 1.3% to 45.5%. The 

amount of missing data on categorical predictors was generally low (e.g., 1.3% for gender, 

2.0% for marital status, 2.6% for race, 5.8% for employee type, 6.4% for job position). 

Missing data were imputed (i.e., replaced by plausible values) using the k-nearest neighbor 

(KNN), which has been shown as a generally effective missing data technique (29, 30). 

Briefly speaking, KNN imputes a missing value on a predictor by finding the complete 

cases close to the missing cases and aggregating those cases’ observations to fill in the 

missing value. The imputed values for categorical data from KNN were continuous and 

recoded into categorical values by rounding to the nearest neighbor. The only exceptions 

were race and job position. The two predictors had more than two categories and a relatively 

larger proportion of missing data than the other categorical predictors. More importantly, the 

employees with missing position data were all leavers. Thus, instead of imputing the missing 

values, we replaced them with a new category representing missing data (MISS) (31). We 

included the MISS category (which may not be meaningfully interpreted) only to prevent the 

ML models from losing cases. For race, there were only 3 Asian or Pacific islander cases, 

which were also combined into the MISS category to keep these cases in the analysis.

ML Applications

We adopted both parametric and nonparametric ML approaches in our study. Parametric 

approaches are more parsimonious and easier to interpret (32). However, they 

require distributional assumptions and correct specifications about variable relationships. 

Consequently, they have limited capability to account for complex nonlinear relationships 

in data. Nonparametric ML approaches, in comparison, are designed to overcome such 

limitations. However, many nonparametric approaches are black-box approaches (e.g., not 

clearly specifying what or how interactions were considered, directionality in variable 

association), resulting in challenges in interpreting the results. Accordingly, we used both 

types of approaches to complement each method’s strengths and shortfalls. As a preliminary 

study, we choose one representative method from each type.

For the parametric approach, we choose Lasso regression given its close relationship with 

logistic regression (the most popular traditional method for classification problems). Lasso 

regression is a regularization technique that extends logistic regression analysis by adding a 

penalty term for regression coefficients in the discrepancy function for estimation (33, 34). 
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This penalty term will shrink the estimates for coefficients, leading to biased estimates. 

However, this is intentionally designed to achieve a better variance-bias tradeoff (i.e., 

reduce the variance of prediction at the expense of a slight increase in bias), consequently 

improving the generalizability of the result (35). Compared to logistic regression, Lasso 

regression is capable of handling more effects (e.g., interaction effects) or parameters 

and is often used to select predictors. Thus, one could fit more complex models than 

logistic regression. To establish a suitable Lasso regression model, we started with the 

simplest model without interaction effects and then added all possible two-way interactions. 

However, because the model with all two-way interactions did not lead to a better prediction, 

we adopted the Lasso regression model without interaction effects in the current study.

For the nonparametric approach, we used random forest, which has shown superior 

performance for classification problems in the existing literature (32, 36, 37). Random 

forest is a powerful extension to the classification/decision tree (i.e., a classic nonparametric 

method for classification). Briefly speaking, the classification tree predicts a response 

variable by successively splitting the data set into increasingly homogeneous subsets based 

on one predictor at a time (38). Although the classification tree accounts for nonlinear 

relationships, a single classification tree is prone to noise (e.g., errors, residuals) in a training 

set, limiting its generalizability (39, 40). Random forest solves the problem by assembling 

results across a large number of trees. Specifically, it generates many samples based on 

the original data using a resampling approach such as bootstrapping and builds a tree for 

each sample. Furthermore, it allows the random selection of a subset of predictors at each 

split when building a tree, reducing the correlations or redundancy among the trees and 

improving the generalizability of the result (41). More information on random forest can be 

found in Kuhn and Johnson (29).

Both Lasso regression and random forest involve tuning hyperparameters (i.e., their values 

control the learning process). For Lasso regression, we tuned the so-called regularization 

parameter λ, which can range anywhere from 0 to 1. Increase of λ would decrease variance 

but increase bias in the estimates. For random forest, several parameters such as the number 

of trees and the number of candidate or plausible predictors randomly selected at each split 

of the random forest process (denoted as mtry) could be tuned. We only tuned mtry in the 

current study, given that this parameter has exhibited a substantial impact on random forest 

results (32, 42). We set the number of trees at 500, which is more than sufficient to obtain 

stable results (43).

Cross-Validation

To prevent overfitting (e.g., modeling random errors in a specific data point) and increase 

the generalizability of ML-trained predictive models, we used the repeated K-fold cross-

validation (CV) approach to evaluate the performance of the predictive models. Based on 

the general practice and size of our data, we set K = 5 (44). This approach splits the data 

randomly into five equal-sized folds (n ≈ 130 for each fold), and each fold was used as 

the testing data to evaluate the performance of the predictive model trained based on the 

other four folds. This process was repeated ten times (the participants in the five folds 

were different across the replications), resulting in 50 sets of predictions. The predictions 
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were then aggregated to evaluate the final performance of the predictive model according to 

various criteria.

ML Evaluation Criteria for Prediction Power

Four criteria were used to evaluate the performance of the prediction models: overall 

prediction accuracy (i.e., the proportion of cases that are correctly classified), specificity 

(i.e., true negative rate), sensitivity (i.e., true positive rate), and area under the curves (AUC). 

AUC is a balance of accuracy and false positive rates, which provides an overall index of 

how well the model is classified across a series of thresholds. For both models (i.e., random 

forest and Lasso regression), the hyperparameter was chosen to maximize each criterion, 

resulting in four sets of results. An AUC value above .8 is considered good prediction power 

(45).

ML Result Reporting and Interpretation

We used variable importance measures (VIMs) to assess the degree to which the predictors 

impact the turnover prediction. VIMs were calculated differently between the two methods. 

For Lasso regression, they were computed based on the absolute value of the t-test statistic 

for the corresponding model parameter. For random forest, a permutation-based approach 

(41) was used to calculate the VIM for each predictor. Specifically, the value of each 

predictor was permuted first, and the difference in prediction accuracy averaged across all 

trees before and after permutation was then recorded. This difference was normalized to 

produce the importance score for the predictor. Predictors that resulted in greater differences 

were considered more important or influential.

Scaled importance scores are often reported to facilitate interpretation and comparison, 

which are the original importance scores divided by the highest variable importance score 

(46). Scaled importance scores range between 0% and 100%, showing the importance of a 

predictor relative to the most important one in the data. For instance, a VIM of 50% means 

that the importance of the predictor was 50% of that of the most important one. However, 

there is no absolute criterion to evaluate the VIMs. They are also calculated differently 

across methods; thus, they are not directly comparable. In practice, VIMs are usually used 

to identify a set of most important predictors (e.g., top ten) (47). Given the relatively small 

number of predictors considered in the study, we report the top five predictors identified 

from each approach. For dummy variables, note that a MISS category (to maintain cases 

with missing data in the prediction model) is not included in the VIMs presentation as it 

cannot be meaningfully interpreted.

Although VIMs indicate the degree to which a predictor is influential, it does not inform 

the pattern of the target predicting relationship. To facilitate interpretation, we created partial 

dependence plots (PDPs) for the top five predictors from each approach. PDPs visualize 

the effect of each predictor on the probability of turnover averaged across the marginal 

distributions of all other predictors (48, 49). In other words, it shows how the average 

prediction of the outcome could change as each predictor changes (i.e., the marginal effect).
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Feasibility Evaluation of the ML Approaches to HR Data

To evaluate the feasibility of the ML approaches to HR data managed by a CMHC, we 

collected information from the HR director about perceived feasibility. The information 

included the required number of people for extracting data, estimated initial data extraction 

time (with the initial trials and errors), expected data extraction time (in the future), required 

skills for data extraction, difficulty/ease of the initial data extraction (1. Fairly easy to 5. 

Very difficult), and the predicted difficulty/ease of data extraction in the future trial (1. Fairly 
easy to 5. Very difficult).

Applicability Evaluation of the ML Approaches

To evaluate the applicability of the ML approaches, we obtained historical HR data from 

another community mental health center (our “application center”) that mirrored data from 

the main evaluation center’s HR database for 894 unique employees. For the applicability 

evaluation for this study, we extracted only a subset of predictors (i.e., date of birth, gender, 

race, marital status, employee status, hire date, termination date, exempt status, scheduled 

work hours, and hourly pay rate). Note that we only extracted the most recent wage and 

work hours data for the application center (while we extracted all the historical wage and 

work hours data in multiple years for the main evaluation center) for the current evaluation. 

Accordingly, we could not calculate the mean and standard deviation of these variables nor 

account for inflation. We extracted the HR data in the time window between 2017 and 2020 

(the center introduced a new HR data management system in 2017). The size and services of 

the center were similar to those of the main evaluation center, but the application center was 

located in a rural midwestern town. Among the employees, there were 407 (45.5%) stayers 

and 487 (54.5%) leavers at the time of data extraction. All the predictors were complete 

except for marital status (5% missing) and gender (0.4% missing). The same ML approaches 

used for the main evaluation center were applied. The frequency distributions for categorical 

predictors can be found in Table 1, with the reference group highlighted in italics. The 

descriptive statistics of the continuous predictors are shown in Table 2.

Software Implementation

All analyses were implemented in R 4.1.2 (50). Specifically, the ML applications were 

implemented using the caret package in R (42).

Results

Results for the Main Evaluation Center

Table 3 shows the means and standard deviations of the AUC, sensitivity, specificity, and 

overall accuracy measures from the 50 sets of predictions from the repeated K-fold cross-

validation for the Lasso regression and random forest approaches. Paired t-tests were used to 

test whether the means differed significantly between the two approaches. To avoid inflated 

type I error rates, the α value for the t-tests was adjusted using Bonferroni’s correction for 

multiple outcomes (four criteria, adjusted α = 0.05/4 = 0.0125). The result suggested that 

random forest performed significantly better than Lasso regression for all criteria except for 

sensitivity: AUC [difference = .09, t(49) = 13.70, p < .01], specificity [difference= 0.25, 
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t(49) = 20.35, p <.01], and overall accuracy [difference = 0.12, t(49) = 18.30, p <.01]. 

For sensitivity, Lasso regression was slightly better, but the difference was not significant 

according to the adjusted α [difference = −0.23, t(49) = −2.54, p = .014]. As shown in Table 

3, AUC reached .85 for random forest, which is generally considered as good predictive 

performance (45).

Figure 1 shows the importance measures from the two ML methods (i.e., random forest, 

Lasso regression) for the main evaluation center. For illustration purposes, we highlight 

the top five important predictors from each method. Recall that we trained random forest 

and Lasso regression to maximize each of the four criteria. Thus, there were four sets of 

importance scores for both methods. These importance scores for each method were highly 

consistent. Therefore, we reported the averaged importance scores across the four criteria for 

simplicity.

Variable Importance.—The values of VIMs from random forest were not correlated with 

those from Lasso regression (Person r = .15, p = .44). However, their rank orders were 

positively related (Kendall’s tau = .36, p = .02). As mentioned above, we focus on the 

predictors with top five importance scores for our illustration. As expected, there is both 

overlap and discrepancy in terms of the top list in each of the methods. Three of the top five 

predictors were consistent across the methods, including past work years, biweekly work 

hours, and age. In addition, random forest identified total number of training hours and 

change in hourly wage as one of the influential predictors, while Lasso regression included 

position title (outreach/community positions vs. residential services) in the top five list.

The marginal effects of the top five predictors are visualized by PDPs in Figure 2. The 

general trends show that more past work years, older in age, or longer average work 

hours were associated with a lower probability of turnover. In contrast, a greater total 

number of training hours was associated with a higher probability of turnover. The random 

forest model also suggested that more change in hourly wage over the year was associated 

with a higher probability of turnover, while Lasso regression indicated that working in 

the outreach/community department vs. residential services was associated with a higher 

probability of turnover. In addition, as shown in Figure 2, the patterns from random forest 

appeared to be more nonlinear or nonmonotonic in some cases. For example, regarding 

the effect of past work years, random forest showed that the turnover probability steeply 

dropped within four years of hire while slightly yet gradually increased afterward.

Results for the Application Center and the ML Methods’ Applicability

The results of the application center, including the mean AUC, sensitivity, specificity, and 

overall accuracy, as well as their standard deviations from the 50 sets of predictions via 

the repeated K-fold cross-validation, are shown in Table 3. Paired t-tests suggested that 

random forest performed substantially better than Lasso regression for all criteria except 

for specificity: AUC (difference = 0.06, t(49) = 10.01, p < .01), sensitivity (difference = 

0.14, t(49) = 15.19, p < .01), and overall accuracy (difference = 0.13, t(49) = 16.89, p < 

.01). Lasso regression led to a higher specificity (difference= 0.14, t(49) = 15.19, p <.01) 

than random forest, which means that Lasso regression performed better in terms of the true 
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negative rate (i.e., classifying stayers). The results of AUC above .8 indicate that the ML 

methods had a good prediction power for the application center’s data.

Figure 3 presents the VIMs from both methods for the application center. Following the 

presentation of the main evaluation center result, we highlight the top five predictors. Both 

methods identified past work years as the most important predictor. Other than past work 

years, Lasso regression did not select any other variables, likely due to its penalty term in the 

discrepancy function (i.e., shrink effects/coefficients to zero among those with less impact) 

(51). Random forest also included hourly wage, age, biweekly work hours, and marital 

status in its top five list.

Three of the predictors (i.e., past work years, work hours, age) selected by random forest 

were consistent across both centers. However, the PDPs for these predictors suggest that 

the relationship patterns for some corresponding predictors were not necessarily consistent 

between the two centers (see Figures 2 and 4). For instance, increase in work hours were 

generally associated with lower probability of turnover in the main evaluation center, while 

it could increase the probability of turnover (e.g., after passing 70 hours biweekly) in the 

application center. Further, the turnover probability steeply dropped within the fourth year 

of hire (similar to the main evaluation center), but the probability sharply increased first 

before leveling off for the application center. A more dynamic pattern of age influence also 

seemed to be present for the application center. In addition to the three predictors, the results 

from the application center also showed that increase in wage may not always decrease the 

probability of turnover (e.g., it could increase the probability among those who are at the 

lowest wage range group) and married employees were more likely to leave.

Feasibility Assessment of HR Data Extraction for ML

The brief survey returned by the HR director indicated high feasibility. Based on the 

director’s report, on average, about one or two HR personnel were involved in each data 

extraction. Depending on the data management systems, the initial data extraction took 

about an hour to several days. The lengthiest process was determining the data fields that 

needed to be extracted between HR personnel and the research team (e.g., understanding 

available data fields and deciding on data format). For instance, the research team requested 

to extract employees’ annual salaries; however, the annual salary varied depending on the 

data extraction point (e.g., varying work hours), and many employees were non-exempt. It 

required several days to write a program for the HR data management system to estimate an 

hourly rate for each employee at different time points (while managing their regular HR job 

duties). The levels of ease/difficulty of the data extractions were rated as either neutral or 

easy by the director once the data extraction fields were determined.

Discussion

The goal of the current study was to examine the feasibility and predictive capacity of 

machine learning (ML) methods for community mental health center employees’ turnover 

using historical HR data. We applied widely used parametric and nonparametric ML 

approaches with cross-validations to improve the generalizability of our findings. Our 

developed ML predictive models achieved a good level of predictive accuracy using the HR 
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data, particularly with random forest (the nonparametric approach) – both AUC and overall 

prediction accuracy were above or close to .8, considered good in general (45). In addition to 

the overall predictability, our ML methods were able to explore some key variables that may 

be important to predict turnover.

Because our primary purpose was to apply ML methods to estimate an individual 

employee’s turnover probability given their available HR data (i.e., data-driven approach), 

not to determine predictors that are generalizable at the wider population level (i.e., theory-

driven and hypothesis-testing approach), our interpretations of the predictors are limited 

or restricted to the specific organizations under the study. Regardless, for our illustration 

purpose, we highlighted the top five predictors that may be more influential (among the 

predictors considered) to turnover probabilities.

The top five list included past work years, wage, work hours, age, job position, training 

hours, and marital status at the two centers. These factors have been identified as important 

in general turnover research (52, 53). Our ML applications to HR data also mirrored the 

findings in the literature that the effects of turnover predictors or their directionality (i.e., 

positive vs. negative association with turnover) vary across studies. Such discrepancies in 

the literature may be due to differences in populations, study conditions, and predictors in 

their modeling. The two centers in our ML applications identified differences in predictors 

or their directionality, although some common predictors were also found (i.e., past work 

years, wage, age, work hours). While the two centers were similar in size and the mental 

health services they provided, one center was located in an urban area, and the other was 

in a rural area with different demographic decompositions in their workforce. The list of 

available predictors for ML was also different across the two centers. For instance, while 

the wage was highlighted as relatively important for both centers, the findings are not 

directly comparable, given the different conditions. We extracted all the historical wage data 

over multiple years from the main evaluation center, accounting for the potential salary 

inflation over the years. On the other hand, we only extracted the most recent wage data 

from the application center, which did not account for the salary inflation effect or change 

of the average wage over years. The current study focused on the initial feasibility testing 

of the ML approaches with limited implementation settings (e.g., the number of centers 

considered, predictors used, and sample size). To understand the difference in important 

predictors for turnover prediction across different centers, further applications of the current 

ML approaches at multiple locations, with differing contexts are needed as the next step.

Between the two ML approaches, random forest had better predictability compared to 

Lasso regression in terms of AUC and overall accuracy by a large margin, although 

Lasso regression could lead to higher specificity or sensitivity depending on the data. 

As mentioned in Wolper and Macready (54), no algorithm may outperform another in 

all metrics. In addition, the variable importance scores from the two approaches did not 

agree, although their rank orders were correlated. These differences are likely because 

some predictors might have nonlinear relationships with turnover, which were not captured 

by Lasso regression. Previous research showed the potential nonlinear dynamic nature of 

turnover decision-making processes (17). The two methods also differed regarding how the 

predictor redundancy was handled (55, 56). Random forest may be more robust to predictor 
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redundancy than Lasso regression because it has the feature to randomly select a subset 

of predictors in the tree building process. Because redundant predictors may not always be 

selected together, random forest can mitigate the impact of predictor redundancy. However, 

it is not immune to the problem. For example, Kubus (56) found that presence of redundant 

predictors could decrease the classification accuracy of random forest. Random forest is 

also less affected by outliers, given that it does not have any distributional assumptions. 

The bottom line is that the important predictors identified by either approach might 

warrant future investigation until one is certain about their prediction power and influential 

mechanisms. The influential predictors identified across multiple approaches would likely 

be more generalizable than those uniquely identified by a certain approach.

Some limitations of the study are worth mentioning. First, the current sample size was 

considered relatively small in the ML literature (57). Our intent for the current study 

was to pilot the feasibility of ML approaches for predicting turnover with historical 

HR data at community mental health centers. We chose decently sized centers in two 

states, with different geographic settings (urban and rural) that provided similar types of 

services. However, some of the categorical data were still sparse (although we decreased 

the sparseness by combining categories), and some of the continuous data had a substantial 

amount of missing data. We acknowledge that some community mental health centers may 

have fewer resources than our sites. For example, some of the HR data might be recorded 

in hard copy and some small centers may not have enough personnel to record all data 

electronically. In addition, it may be challenging for some small centers to customize data 

fields for ML if they do not have their own internal data management systems (e.g., payroll 

software), relying on external contractors. To resolve the issue, we will need to further 

train the ML predictive models by extending the number of application and testing centers. 

By doing so, we should be able to identify the core data and predictor format that may 

be important in general turnover prediction and those that may be important for specific 

organizational settings. Sequentially building ML models may be one approach to achieve 

this goal (e.g., build models with more generalizable predictors first, then add organization-

specific predictors to improve the prediction). We will need to further investigate the 

strategies to borrow accumulated learning information when applying the ML approaches to 

smaller centers.

Second, as a preliminary study, we only examined two representative ML methods for 

classification problems. There are many more available ML methods to consider. For 

instance, for parametric methods, there are elastic net (as an extension of Lasso regression) 

and neural network. For nonparametric methods, gradient boosting machine (another tree-

based nonparametric method) and support vector machine could be used (44). More 

complicated ML algorithms (e.g., deep learning) also could be used to fully explore the 

capacity of HR and administration data. As a fast-advancing area, new ML methods 

are continuing to be developed to overcome limitations of existing methods. The current 

feasibility study opens the possibility for using more powerful ML methods when a bigger 

sample is available.

Third, despite the good predictive performance of our ML predictive models, we recognize 

that HR data alone may not fully address the mechanisms of turnover. For instance, Fukui et 
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al. (58) found that some employee characteristics, such as demographics (that are typically 

available in historical HR data), could be predictive of actual turnover. Yet, other job factors, 

including job stressors (e.g., burnout, job satisfaction, perception of work-life conflict) 

may be more predictive for increased turnover intention among community mental health 

employees. Given the increased attention of mental health organizations on their employees’ 

mental health, many organizations conduct organization-wide job well-being surveys to 

address job concerns. Such organizational data also could be integrated into the ML models, 

which may further improve the prediction accuracy.

Fourth, interpretations of important predictors or the directionality of their effects on 

turnover can be challenging, especially with random forest, when applying them to 

the actual employee management strategies without additional investigations. Unlike the 

traditional statistical approaches, which test pre-specified or theory-based hypotheses 

(specific variable relationships) in the population, the process of nonparametric ML 

(including random forest) often remains in a black box (59, 60). For instance, one 

predictor’s effect (the relative strengths and directionality) may change depending on other 

predictor combinations. Such nonlinear relationships may be graphically explored with 

random forest (48, 61), yet the interpretation is not straightforward or easy with many 

predictors in ML. Additionally, output interpretations are restricted to the quality of data 

(e.g., garbage in, garbage out), or the data considered in the modeling. For example, 

our model indicated that a greater total number of training hours was associated with a 

higher turnover probability. Meaningful job training can be an important job advancement 

opportunity, facilitating employee retention. Therefore, the quality of training may matter 

(62), which was not considered in our models. The amount of required training hours 

also may be different across different job roles and interact with other factors. Therefore, 

further explorations are needed for HR and leadership to use the information for their 

turnover prevention and retention strategies. For instance, evaluating the characteristics of 

high turnover risk employees who might be clustered in a specific job, personal, or relational 

cluster may be informative for intervention purposes (although this would require sufficient 

data for the specific cluster).

Finally, but most importantly, despite the emerging popularity of ML approaches, the 

application to non-research data, including HR and administration data, requires caution. 

If the training data are systematically biased, the models trained based on the data will 

reproduce structural biases in our prediction models (25). For example, if specific racial 

groups systematically received biased job evaluations or were assigned to limited job roles 

that may be linked to turnover, ML predictive models could be biased. Data validity can also 

be a concern for data collected for non-research purposes (63). Synergy between data-driven 

approaches and theory-based approaches is suggested (64–66), which will be the important 

next step of the current study.

Despite the limitations, the current study provides new perspectives and avenues to 

address the persistent turnover issue among community mental health centers. Although 

still primitive, our study provides a data-driven approach to apply ML methods to 

existing HR and administration data, which may help address employee turnover. As 

the ML applications are accumulated across organizations, it may be expected that some 
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findings might be more generalizable across different organizations while others may be 

more organization-specific (idiographic). The former findings may contribute to broader 

policy and workforce development efforts. On the other hand, the latter findings can be 

useful for the organization’s HR and leadership to evaluate and address turnover in their 

specific organizational contexts. As our continuing effort, it is important to study how 

the ML methods and outputs can be meaningfully utilized in routine management and 

leadership practice settings in mental health (including how to develop organization-tailored 

intervention strategies to support and retain employees) beyond identifying high turnover 

risk individuals. Such organization-based intervention strategies with ML applications can 

be accumulated and shared by organizations, which will facilitate the evidence-based 

learning communities to address turnover. This, in turn, may enhance the quality of care 

we can offer to clients.

To conclude, we would like to bring attention to ethical considerations of the proposed 

approach. Our ML methods are intended to identify high risk employees for turnover, given 

their HR and administration data, by calculating the individual turnover probability. This is 

analogous to the approaches in the modern medicine (67, 68), where we hope to identify 

high risk individuals for the organization to support them in preventing their potential future 

turnover. This is one of the essential HR efforts in data collection and use (e.g., addressing 

equity in gender, race, age). However, the method could be used against high turnover risk 

employees (e.g., similar to the current insurance systems excluding or burdening individuals 

with a high health risk probability). It is important to continue considering how our ML 

approaches can help mental health employees, but not add further barriers for successful job 

retention.
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Implications for Health Care Provision and Use:

The organization-specific findings can be useful for the organization’s HR and leadership 

to evaluate and address turnover in their specific organizational contexts. Preventing 

extensive turnover has been a significant priority for many mental health organizations to 

maintain the quality of services for clients.

Implications for Health Policies:

The generalizable findings may contribute to broader policy and workforce development 

efforts.

Implications for Further Research:

As our continuing research effort, it is important to study how the ML methods and 

outputs can be meaningfully utilized in routine management and leadership practice 

settings in mental health (including how to develop organization-tailored intervention 

strategies to support and retain employees) beyond identifying high turnover risk 

individuals. Such organization-based intervention strategies with ML applications can 

be accumulated and shared by organizations, which will facilitate the evidence-based 

learning communities to address turnover. This, in turn, may enhance the quality of care 

we can offer to clients. The continuing efforts will provide new insights and avenues to 

address a data-driven, evidence-based turnover prediction and prevention strategies using 

HR data that are often under-utilized.
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Figure 1. 
Variable Importance Plot from Lasso Regression and Random Forest for the Main 

Evaluation Center

Note: MISS categories are not included. Because the Lasso function (to reduce effects/

coefficients down to zero for predictors with less impact), the importance score of age 

(relative to other more influential predictors) is very small (.05), thus not apparent within the 

graph; however, it was the last predictor of the top five list from Lasso regression.
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Figure 2. 
Partial dependence plots (PDPs) of the top five predictors from each method for the main 

evaluation center

Note. The PDPs portray marginal effects of the predictors. The y axis represents the 

predicted probability of turnover based on the fitted model. Average hourly wage is in a 

standardized log transformed unit.
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Figure 3. 
Variable Importance Scores from Lasso Regression and Random Forest for the Application 

Center

Note: MISS categories are not included.
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Figure 4. 
Partial dependence plots (PDPs) of the top five predictors for the application center

Note. Average hourly wage is in a standardized log transformed unit.
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Table 1

Frequency Distribution Of Categorical Predictors For Stayers And Leavers From The Two Centers.

Main Evaluation Center Application Center

Stayer
(n = 318)

Leaver
(n = 336)

Stayer
(n = 407)

Leaver
(n = 487)

Marital Status 

Married 109 93 181 213

Single 204 235 162 198

Missing 4 8 64 76

Education 

Associate and below 101 95

Bachelor 93 122

Masters and above 124 119

Exempt Status 

Exempt 62 52 81 47

Non-exempt 256 284 326 440

Race 

Black 138 147 9 19

White 177 172 360 413

Asian/Pacific islander 3 0 20 30

Missing 0 17 14 15

Employment Type 

Clinical 249 251

Non-clinical 69 47

Missing 0 38

Gender 

Female 237 247 327 396

Male 76 88 80 91

Missing 5 1 0 0

Position 

Admin Assist/Assistant/coordinator 10 4

Direct Provider 106 78

Finance 14 6

Leadership 11 10

Nurse 16 22

Outreach/Community 6 45

Peer Provider 9 8

Residential Service 39 62

Team Leader/Manager 60 26

Therapist/Prescriber 28 21

Other 19 12

Missing 0 42

Note. The reference category for each categorical predictor is in italics.
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Table 3

The Overall Predictive Performance of The Machine Learning Approaches

Criterion
Main Evaluation Center Application Center

Lasso Regression1 Random Forest1 Lasso Regression1 Random Forest1

AUC .76(.04) .85(.03) .83(.03) .89(.03)

Sensitivity .87(.05) .85(.05) .45(.06) .95(.02)

Specificity .47(.06) .73(.05) .89(.03) .75(.05)

Accuracy .67(.04) .78(.03) .70(.04) .82(.03)

Note. The values outside the parentheses are means and inside the paratheses are standard deviations. AUC = area under the curve.

1
The means and standard deviations of the criteria for random forest and Lasso regression are obtained based on the corresponding hyperparameter 

value tuned to maximize each criterion.
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