
A MACHINE LEARNING EXAMINATION OF TURNOVER:  

HIDDEN PATTERNS AND NEW INSIGHTS 

 

HILA CHALUTZ BEN-GAL 

Afeka Tel-Aviv Academic College of Engineering 

Industrial Engineering and Management Department 

38 Mivtza Kadesh Street Tel Aviv, Israel 6998812 

Tel-Aviv 

 

DAN AVRAHAMI 

Tel-Aviv University 

 

DANA PESSACH 

Tel-Aviv University 

 

GONEN SINGER 

Bar-Ilan University 

 

 

 

ABSTRACT 

 

The turnover literature is expansive, however empirical evidence on turnover using data science 

tools remains limited. We propose a novel examination of turnover antecedents—competencies, 

commitment, trust and values—using big data tools to develop a granular, case-dependent measure 

of turnover. Using archival data from 700,000 employees of a large organization collected over a 

decade, we find that turnover changes according to its antecedents’ levels. However, in more fine-

grained analysis, their effect on turnover is contingent upon role, person and cultural background. 

We discuss turnover implications and the potential of data science methods in the implementation 

of managerial and HR initiatives. 

 

INTRODUCTION 

 

Employee turnover refers to the number or percentage of employees who leave an 

organization and are replaced by new employees or to the transfer of employees across 

organizational boundaries (Hom, Lee, Shaw, & Hausknecht, 2017). What do antecedents of 

turnover tell us when analyzed using HR analytics and machine learning tools, and what are the 

respective theoretical and practical implications? 

Although the turnover literature is expansive, it has been subject to a number of criticisms, 

many of which involve how turnover is studied. Moreover, empirical evidence on the net 

antecedents explored via big data and HR analytics tools remains limited, leading researchers to 

search for an ever-growing but still unsettled list of factors (see Allen, Hancock, Vardaman, & 

Mckee, 2014, for a review). Thus, from a methodological standpoint, the majority of studies have 

used various tools (Madariaga, Oller, & Martori, 2018). Moreover, researchers have recently 

argued that the use of big data methods might lead to greater theoretical insight (Yarkoni & 

Westfall, 2017). 



We believe that progress in understanding people-related processes—such as turnover—

utilizing HR analytics and machine learning (ML) tools has begun to accumulate because of two 

core limitations in the extant research. First, given the theorized benefits of antecedents of the 

human resources phenomenon (e.g., turnover), it is typically not possible to observe all aspects 

of the phenomenon directly, let alone predict it (Allen et al., 2014; Bamberger & Ang, 2016; 

Chalutz Ben-Gal, 2019; Marler & Boudreau, 2017). Instead, prior studies relying on scholarly 

efforts to model the antecedents of turnover in organizations are likely to be limited because they 

ignore the dynamic nature of turnover as a whole, failing to consider the various stakeholders 

involved (Tzafrir, Chalutz Ben-Gal, & Dolan, 2012). Thus, in many cases, these antecedents may 

correspond poorly to how they actually come into play in various settings. Therefore, establishing 

a grounded framework to understand the complexity of turnover as an organizational 

phenomenon may assist in developing a more robust theory (Davis, 2015). 

From a practical perspective, this work has implications for the design of workforce 

planning practices in organizations. We illustrate how advanced tools can be used to extract 

personalized turnover patterns and shed light on issues far beyond the conventional use of 

hypothesis testing and regression models. To this end, we show the benefit of applying data-

driven tools to extract actionable recommendations. For example, our turnover measure could be 

used to predict when individuals are at risk of leaving and introduce alerts that would help 

management control turnover to a desired level as needed. Such diagnostic tools may be 

especially useful in the context of a globally distributed workforce and online labor markets, in 

which workforce planning often becomes a challenging task (Chalutz Ben-Gal, 2019). 

 

METHODOLOGY 

 

In order to predict successful recruitment, we use machine Learning to predict an objective 

measure that represents employee turnover. Turnover is a major concern for management because 

organizations make enormous investments in their employees in terms of recruiting, training, 

developing, and retaining them. 

Prior work has typically measured turnover based on surveys, which are implemented once 

or at best sporadically. In part for this reason, turnover has generally been conceptualized as a 

static construct; for example, in exploring the relationship between socioeconomic characteristics 

and turnover (Madariaga et al., 2018). However, turnover that manifests a dynamic phenomenon 

is likely to vary from day to day, resulting in complex, long-term workforce planning challenges 

(Huselid & Becker, 2005). Without being able to observe these nuanced and granular fluctuations, 

it is impossible to know whether—and in what forms—they might have meaningful managerial 

implications.  

In this paper, we seek to address these gaps and help reinvigorate turnover research by 

focusing on a specific methodological approach involving HR analytics and machine learning 

tools. We believe that through HR analytics, turnover may be analyzed from a wider, more suitable 

perspective, thereby assisting organizations in strategic human capital decisions (Huselid & 

Becker, 2005; Marler & Boudreau, 2017). Guided by these insights from management scholars, 

and by recent research calling for more empirical work in the field (Allen et al., 2014; Bamberger 

& Ang, 2016; Chalutz Ben-Gal, 2019; Guenole, Ferrar, & Feinzig, 2017), we reveal that turnover 

is a personalized and granular organizational challenge. By accepting this fact, organizations can 

fine-tune the scope and accuracy of managerial attention to turnover and thus maximize people-

centered decision-making processes. 



We note, however, that known antecedents of turnover, when explored by means of HR 

analytics and machine learning tools are not necessarily aligned with existing theories. 

Specifically, we uncover some personalized and disruptive aspects of turnover that are sometimes 

counterintuitive. For example, we find that turnover patterns vary depending on role, gender and 

cultural background. Moreover, we theorize that—all else being equal—competencies, 

commitment, trust and values have significant associations with turnover. However, we also 

propose that—when utilizing HR analytics tools—turnover may appear to be a counterintuitive 

phenomenon, hence the need for further theoretical development. 

We applied HR analytics using data science and machine learning tools. This approach 

enables us to detect and model more granular turnover patterns that are otherwise undetectable or 

hidden in large datasets (Bamberger & Ang, 2016; Chalutz Ben-Gal, 2019). We generated granular 

models that addressed various subpopulations. We then calculated the probability of the 

subpopulation remaining in a specific role, based on personalized characteristics. Lastly, we 

formulated actionable recommendations per role. Key results are detailed in the following sections. 

 

Dataset 

 

We test these ideas using a unique and rich longitudinal archival dataset that includes more 

than 700,000 employees in the largest public-sector organization over a period of one decade. The 

dataset includes rich turnover records, as well as control and independent variables pertaining to 

employees. We also use machine learning techniques to analyze turnover and its associated 

features. Using machine learning to identify turnover patters, we find strong empirical support for 

our four main hypotheses. We discuss the implications of this novel approach to measuring 

turnover for research and practice. 

Our research setting is a large public organization which promotes a policy of wide social 

diversity. Consequently, the organization recruits a wide range of heterogeneous populations. Our 

uniquely rich dataset comprises information on 700,000 employees recruited by the organization 

over a period of ten years1. Data represent a wide variety of jobs: core jobs (27.2%) and 

administrative jobs (72.8%). The average employee turnover rate for the organization was 23.9%, 

with women averaging 17.8% and men averaging 28.6% in annual turnover. Our sample 

comprised 43.5% female and 56.5% male respondents. We collected archival data on individuals’ 

personal and demographic characteristics, as well as performance. Some of the key variables 

include age, gender, family and marital status, residence, nationality, criminal record, education, 

academic performance, job interviews, recruitment test scores, job placement and medical data. 

Our expansive dataset enabled the extraction of rules and insights, thereby extracting large 

subpopulations and resulting in high prediction significance. Table 1 presents the dataset features, 

their frequencies, and the corresponding turnover rate. 

----------------------------- 

Table 1 about here 

----------------------------- 

 

 

 

 

 

 



FINDINGS 

 

Using the archival data from 700,000 employees of a large organization collected over a 

period of ten years, we find that turnover is generally associated with varying levels of these 

antecedents. However, in more fine-grained analysis, their effect on turnover is contingent upon 

role, person and cultural background. 

We hereby present an example of one of the analyses sets we focused on. Here we analyze 

the effect of cultural background on turnover. Figures 1 and 2 present a diverse relationship 

between values and turnover, showing that turnover is a flexible and granular phenomenon in such 

a context. Figure 1 illustrates that when examining the male population, a minor 5% effect of the 

jobholder’s cultural background is identified. However, when examining a specific administrative 

role, one identifies a surprising substantially larger effect (21%) of cultural background on the 

turnover rates of male jobholders. Figure 1 illustrates how, for male jobholders of a specific 

cultural background employed in a specific administrative role, turnover rates are significantly 

higher (23% and 44%, respectively). Figure 2 demonstrates the gender and cultural background 

effect on turnover rates for a specific administrative role. Cultural background plays a more 

significant role in the case of male jobholders, who demonstrate a 21% gap in turnover rate (23% 

vs. 44%), compared with female jobholders, who demonstrate only a 9% gap in turnover rate (28% 

vs. 37%). These observations emphasize again the importance of analyzing turnover from a 

granular perspective using HR analytics tools. 

We compared these results to a regression model that showed there exist a significant effect 

of cultural variables on the turnover rate. However, in the context of HR analytics, these effects 

on turnover rates are evidently contingent on person and role and therefore should be treated as 

personalized and role-dependent, as shown in the analysis of the interpretable machine learning 

model. 

----------------------------- 

Figure 1 about here 

----------------------------- 

----------------------------- 

Figure 2 about here 

----------------------------- 

 

CONCLUSIONS 

 

In summary, this study demonstrates the value of HR analytics and machine learning 

methods to the study of turnover. Relative to prevailing approaches to studying turnover, HR 

analytics and machine learning tools offer a different way of understanding turnover, including a 

granular view of turnover antecedents, and reveal the role of unforeseen measures in explaining 

the turnover phenomenon. 

Using a machine learning model to predict turnover may significantly contribute to the 

success of organizational recruitment process thus may serve as a managerial decision support tool 

to improve recruitment and placement decisions. Furthermore, it may contribute objective 

measurements to the recruitment process which traditionally rely on subjective interviews and 

personality tests, based on data insights and patterns. These insights may assist in better 

understanding the dynamic nature of turnover, fill gaps in existing management and HR theory 

and point to future research directions. 



ENDNOTES 

 

1. The data were anonymized to remove any personally identifiable information. Our dataset 

contains information that was explicitly provided to the research team for the purpose of this 

study. 

 

REFERENCES AVAILABLE FROM THE AUTHOR(S) 

 

 

 

TABLES AND FIGURES 

 

Table 1: Population Summary and Turnover 

Variable Value Percentage Turnover 

All   100.0% 23.9% 

Gender Female 43.5% 17.8% 

Male 56.5% 28.6% 

Core role No 72.8% 22.3% 

Yes 27.2% 28.2% 

Trust  False  96.9% 23.8% 

True  3.1% 35.4% 

Volunteer activities  False  99.9% 24.4% 

True  0.1% 43.3% 

Motivation High 82.1% 21.5% 

Low 17.9% 37.9% 

Cultural background Cultural background A 95.3% 24.3% 

Cultural background B  4.7% 22.5% 

Country of Birth Native 82.4% 24.5% 

Immigrant 17.6% 22.6% 

Educational Background School type C 13.3% 23.8% 

School type D 86.7% 24.2% 

Leadership Low 72.0% 28.6% 

High 28.0% 15.3% 

 

 

 

 



 
Figure 1: Cultural background’s effect on turnover for a specific role within the male 

population 

When examining all male roles, a minor 5% effect of the cultural background of the candidate is 

identified. Surprisingly, when examining a specific administrative role for male employees, we 

identified a substantially larger effect (21%) of cultural background on turnover rates. 

 

 

 

 
Figure 2: Gender’s and cultural background’s effects on turnover for a specific role 

Cultural background plays a greater role for male job holders, with a 21% gap (23% vs. 44%), 

compared to female, with a 9% gap (28% vs. 37%). 


