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Abstract

This research explores into the field of human resource management, focusing on the critical issue of
employee attrition. The departure of employees not only disrupts operational dynamics but also incurs
substantial costs associated with recruitment and training. The primary aim of this study is to explore
the efficacy of survival analysis models, specifically the Kaplan-Meier (KM) estimator and the Cox
Proportional Hazards (CPH) model, in comprehending and predicting employee turnover.
Methodologically, the research employs the KM model for univariate analysis, presenting step-function
survival curves, and the CPH model for multivariate analysis, providing a nuanced understanding of
factors influencing attrition. The investigation entails utilizing KM models to dissect individual factors
contributing to attrition and conducting log-rank tests to discern significant disparities based on specific
variables. Additionally, the CPH model is employed to scrutinize the cumulative effects of various factors
on attrition. Python libraries and statistical packages are leveraged for data processing and model
implementation. The results reveal several covariates significantly influencing employee retention
survival, including age, grey wage, self-control, anxiety, and industry sectors such as technology,
services, and consulting. Additionally, the mode of transportation to work, method of job application,
and employer contact via job sites or online portals play crucial roles in attrition prediction. Specifically,
the CPH model identifies significant covariates, with confidence intervals indicating the range of their
impact. For instance, age (95% C.I: 0.01~0.03), grey wage (95% C.I: 0.29~0.79), and self-control (95%
C.I: -0.11~-0.02) are among the influential factors. In response to these findings, preventive actions
such as proactive agediverse hiring practices, fair wage structures, and comprehensive mental health
wellness programs are recommended. Additionally, targeted interventions tailored to specific industries
and transportation modes can address unique challenges and promote job satisfaction. By addressing
these factors, organizations can mitigate the risk of employee turnover and enhance overall
organizational success.

Keywords: s Employee attrition; Kaplan-Meier model; Cox Proportional Hazards model; survival
analysis; human resource management; predictive analytics; retention strategies

Introduction

Employee attrition, or turnover, is a significant challenge for organizations, impacting their
operational efficiency, financial stability, and overall productivity. High attrition rates lead to increased
costs related to recruitment, training, and loss of institutional knowledge. Additionally, frequent turnover
disrupts team dynamics and lowers employee morale. Therefore, predicting employee attrition is crucial
for developing effective retention strategies and ensuring organizational stability.

One effective method to analyze and predict employee attrition is survival analysis. Survival
analysis is particularly useful for time-to-event data, where the event of interest is the termination of
employment. This method can provide insights into the timing and likelihood of employee departures,
which are essential for proactive talent management.
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This study employs two prominent survival analysis models: the Kaplan-Meier (KM) estimator
and the Cox Proportional Hazards (CPH) model. The KM estimator is a non-parametric statistic that
estimates survival probabilities over time and provides clear visual representations of survival functions.
It is particularly effective for univariate analysis, where the impact of a single factor on survival can be
examined without considering other variables. In contrast, the CPH model is a semi-parametric model
that allows for multivariate analysis, assessing the effect of multiple covariates on the time to an event.
The CPH model provides hazard ratios that quantify the relative impact of each variable, making it
valuable for understanding the combined effects of several factors on employee attrition.

Previous studies have applied various methods to analyze employee turnover, such as
regression models, decision trees, and machine learning techniques. However, survival analysis offers
a distinct advantage by incorporating the time dimension, providing a more comprehensive
understanding of turnover dynamics.

This research aims to (1) compare the efficacy of the KM and CPH models in analyzing
employee attrition and (2) identify significant predictors of employee turnover. The study leverages a
comprehensive dataset containing demographic, professional, and behavioral information of
employees. By applying the KM estimator, the study visualizes survival probabilities and identifies
significant differences in attrition rates across various groups. Subsequently, the CPH model is
employed for multivariate analysis, identifying key predictors and quantifying their impact on employee
turnover.

Literature Review

Survival Analysis

Survival analysis predicts the time until an event occurs within a specific timeframe. Traditionally
statistical, its applications now include machine learning approaches, enhancing prediction accuracy
([25]). It's widely used in fields like medicine, computer science, and engineering ([1];[ 20]). For
example, it predicts survival times for patients and user engagement in online communities ([2];[3]).

Kaplan-Meier Model

The Kaplan-Meier (KM) model estimates and graphs survival curves, useful in medicine, finance, and
biology. In medicine, it estimates survival probabilities and handles incomplete data ([6];[19]). It's used
in cancer studies and implant failure analysis ([16],[17]). In finance, it designs profitable strategies
(Sarwar et al., 2018). Developed in 1958, it remains a key tool for time-to-event data analysis (Etikan
et al., 2017).

Cox Proportional Hazards Model

The Cox Proportional Hazards (CPH) model, or Cox regression, examines relationships between
survival time and predictors. It's extensively used in medical research for various conditions
([211];[12]). The model predicts survival probabilities while controlling for covariates ([15]) and is useful
in gene selection for medical research ([20]). It remains robust across different survival predictions

([23]).

Log-Rank Test

The log-rank test compares survival distributions between groups, commonly used in medicine and
clinical trials. It has shown effectiveness in studies like those on Spironolactone for heart failure (Galili
et al., 2021). Efforts to improve it include addressing conservativeness in small samples and adaptively
weighted versions for better performance ([10];[12]).

Employee Attrition

Employee attrition impacts organizational performance and budgets. Factors influencing turnover
include job satisfaction, organizational commitment, and support ([18]). Attrition can result from
resignations and retirements, leading to the loss of productive employees ([19]). Leadership, ethical
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climate, and corporate image significantly influence turnover intention ([16]). Advanced techniques
like machine learning are being explored to predict attrition, showing growing interest in technology for
this issue ([21]).

Methodology

Data Preparation
Data preparation is a crucial step in ensuring the dataset aligns with the requirements of the survival
analysis models used in this study. The dataset consists of demographic, professional, and behavioral
information of employees, focusing on factors influencing employee attrition. Key variables include age,
gender, job role, department, salary, years at the company, and performance ratings. The dataset spans
a period from January 2009 to April 2019.
Data preprocessing involves the following steps:
1) Cleaning: Removing any incomplete or inconsistent records to ensure data integrity.
2)Coding: Converting categorical variables into numerical formats suitable for analysis. For
example, job roles and departments are assigned numerical codes.
3) Time-to-Event Variable: Calculating the time-to-event variable, which represents the duration of
employment until attrition.
4) Event Indicator: Creating an event indicator variable, where '1' indicates employee attrition and
'0" indicates continued employment.

Kaplan-Meier Analysis
The Kaplan-Meier (KM) model is used for univariate analysis to estimate and visualize survival
probabilities over time. This method involves the following steps:
1) Estimation: Applying the KM estimator to calculate the survival function, S(t)S(t)S(t), which
represents the probability that an employee will remain employed beyond time ttt.
2) Graphing: Plotting the KM survival curves for different groups based on categorical variables
such as gender, job role, and department.
3) Comparison: Conducting log-rank tests to compare survival distributions between groups and
identify significant differences.
The KM model provides clear visual representations of survival probabilities, helping to identify trends
and patterns in employee attrition.

Cox Proportional Hazards Model
The Cox Proportional Hazards (CPH) model is employed for multivariate analysis to assess the impact
of multiple covariates on the time to employee attrition. The methodology involves:
1) Model Fitting: Fitting the full CPH model to the dataset, including all relevant covariates.
2)Variable Selection: Identifying significant predictors based on their p-values. Variables with p-
values less than 0.1 are considered significant.
3) Reduced Model: Creating a reduced CPH model using only the significant predictors identified in
the previous step.
4)Hazard Ratios: Estimating hazard ratios for each predictor in the reduced model to quantify their
impact on the hazard of employee turnover.
The CPH model's ability to handle multiple covariates simultaneously provides a comprehensive
understanding of the factors influencing employee attrition.

Model Comparison
To compare the efficacy of the Kaplan-Meier and Cox Proportional Hazards models, the following steps
are undertaken:
1) Survival Curves: Comparing the survival curves generated by the KM model for different groups.
2) Hazard Ratios: Analyzing the hazard ratios from the CPH model to understand the relative impact
of each predictor.
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3) Goodness-of-Fit: Assessing the goodness-of-fit for both models to evaluate their performance.
This involves examining the concordance index (C-index) for the CPH model and visual
inspection of the KM survival curves.

Results and discussion
Kaplan-Meier Analysis

The Kaplan-Meier (KM) survival curves were generated to visualize the survival probabilities of
employees over time, considering various demographic and professional factors.
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Gender

The KM survival curves for gender show distinct patterns. Female employees exhibit a slightly higher
survival probability over time compared to male employees. The log-rank test indicates that this
difference is statistically significant (p-value = 0.12545). Although not highly significant, this suggests a
trend where gender might influence attrition rates.

Coaching

Employees with coaching show higher survival probabilities than those without coaching. The log-rank
test reveals a p-value of 0.41493, indicating no significant difference between the two groups. This
suggests that coaching, while beneficial, may not significantly impact overall attrition rates when
considering the entire observation period.

Coach Gender

The KM survival curves for head gender indicate no significant differences in survival probabilities
between employees supervised by male and female heads. The log-rank test yields a p-value of
0.266829, suggesting that the gender of the head does not significantly affect employee attrition rates.

Wage type
The survival curves for wage type (grey wage vs. white wage) show a pronounced difference.
Employees with grey wages have a significantly lower survival probability compared to those with white
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wages. The log-rank test confirms this with a highly significant p-value of 0.000002. This finding
underscores the importance of formalizing wage structures to improve employee retention.

Industry

The survival analysis across different industries reveals significant differences. Employees in the
Technology industry exhibit the highest survival probabilities, whereas those in the Finance industry
show the lowest. The log-rank tests for pairwise industry comparisons yield several significant p-values,
such as Finance vs. Technology (p-value = 0.000052), indicating substantial differences in attrition rates
across industries.

Profession

Analysis by profession shows that certain professions, such as Technology and Consulting, have higher
survival probabilities compared to others like Management and Business. The log-rank test results,
such as Management vs. Technology (p-value = 0.027865), confirm these differences, highlighting the
influence of professional roles on attrition rates.

Mode of Transportation

The mode of transportation to work also impacts survival probabilities. Employees who commute by
bus have lower survival probabilities compared to those who commute by car or on foot. The log-rank
test shows significant differences, particularly between bus and foot commuters (p-value = 0.004621).

Cox Proportional Hazards Model
The Cox Proportional Hazards (CPH) model provides a multivariate analysis, identifying key
predictors of employee attrition and quantifying their impact.

Full Model

The full CPH model includes all relevant covariates. The table below presents the significant predictors
from the full model along with their hazard ratios and p-values:

Table 1: The Full Model of Cox Proportional Hazards Model upon Employee Atttrion

Predictor Coef  AHR  Coef 95% CI AHR 95% CI P value
Age 0.02 1.02 0.01~0.03 1.01~1.03 <0.005%**
Greywage 0.51 1.67 -0.25~0.77 1.29~2.15 <0.005***
Selfcontrol 006 094  -0.13~0.01 0.88~1.01 0.08*
Anxiety 006 094  -0.13~0.01 0.88~1.01 0.08*
Industry
Finance (R.C)
Industry -0.51 0.60 -0.82~-0.20 0.44~0.82 <0.005%**
Services -0.59 0.55 -0.86~-0.32 0.42~0.73 <0.005%**
Technology -0.95 0.39 -1.57~-0.52 0.25~0.59 <0.005%**
Way
Bus (R.C)
Car -0.20 0.82 -0.39~0.00 0.67~1.00 0.05**
Foot -0.35 0.71 -0.68~0.01 0.51~0.99 0.04**
Profession
Business (R.C)
Consulting 0.52 1.68 -0.04~1.07 0.96~2.92 0.07*

[ 105 )




Ahmad&Khalid (2024) Proc. Sci. Math. 21: 190-198

Engineering 0.56 1.75  -0.10~1.22 0.90~3.39 0.10*
Technology 040  0.67  -0.88~0.07 0.41~1.07 0.10*
Traffic

KA (R.C)

Empjs 0.68 1.98 0.30~1.07 1.34~2.92 <0.005***
Youjs 0.39 1.48 0.00~0.78 1.00~2.17 0.05**

Table 1 illustrates the full Cox Proportional Hazards (CPH) model for employee attrition, detailing the
impact of various predictors on the hazard of leaving the organization. Each predictor's coefficient
(Coef), adjusted hazard ratio (AHR), confidence intervals (95% CI), and p-values are provided to
understand their significance and influence on attrition.

Age is a significant predictor with a coefficient of 0.02 and an AHR of 1.02, indicating that each additional
year of age increases the risk of attrition by 2% (p < 0.005).

Employees with grey wages have a coefficient of 0.51 and an AHR of 1.67, indicating a 67% higher risk
of attrition compared to those with formal wages (p < 0.005).

Higher self-control and anxiety slightly reduce the risk of attrition by 6% each (AHR = 0.94, p = 0.08).
Industry type significantly affects attrition, with finance as the reference category. Employees in the
industry sector have a 40% lower risk of attrition, those in services have a 45% lower risk, and those in
technology have a 61% lower risk (p < 0.005).

Mode of transportation also impacts attrition. Employees who commute by car have an 18% lower risk,
while those who walk have a 29% lower risk compared to bus commuters (p = 0.05 and 0.04,
respectively).

Professionally, consultants have a 68% higher risk of attrition and engineers a 75% higher risk
compared to those in business. Technology professionals, however, show a 33% lower risk of attrition
(p = 0.07 and 0.10, respectively).

The source of traffic significantly affects attrition. Employees contacted through job sites (Empjs) have
a 98% higher risk of attrition, while those who applied through job sites (Youjs) have a 48% higher risk
(p < 0.005 and 0.05, respectively).

4.2.2. Reduced Model

The reduced CPH model includes covariates that were significant at the 90% significance level in the
full model. The significance level for evaluating the reduced model remains at 95%. The table below
highlights the reduced model predictors with their hazard ratios and p-values:

Table 2 The Reduced Model of Cox Proportional Hazards Model upon Employee

Atttrition
Predictor Coef AHR  Coef95% Cl AHR 95% CI P value
Age 0.02 1.02 0.01~0.03 1.01~1.03 <0.005***
Greywage 0.55 1.62 0.23~0.73 1.26~2.08 <0.005***
Industry
Finance (R.C)
Industry -0.34 0.71 -0.58~-0.09 0.56~0.91 0.01***
Services -0.43 0.65 -0.63~-0.23 0.53~0.79 <0.005***
Technology -0.84 0.43 -1.21~-0.47 0.30~0.63 <0.005***
Traffic
KA (R.C)
Empjs 0.45 1.56  0.23~0.66 1.26~1.94 <0.005***
Youjs 0.17 1.18  -0.04~0.37 0.96~1.45 0.11

[ 196 )
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Way
Bus (R.C)
Car 023  0.79  -0.42~0.05 0.66~0.96 0.01%**
Foot 046  0.63  -0.78~0.14 0.46~0.87 0.01%**

Table 2 shows the reduced Cox Proportional Hazards (CPH) model for employee attrition, highlighting
significant predictors and their impact on the risk of leaving the organization. Each predictor's coefficient
(Coef), adjusted hazard ratio (AHR), confidence intervals (95% CI), and p-values are provided.

Age is a significant predictor, with each additional year increasing the risk of attrition by 2% (AHR =
1.02, p < 0.005).

Employees with grey wages face a 72% higher risk of attrition compared to those with formal wages
(AHR =1.72, p < 0.005).

Higher self-control and anxiety reduce the risk of attrition by 6% each (AHR = 0.94, p < 0.005 and 0.01,
respectively).

Industry type significantly affects attrition. Employees in the industry sector have a 28% lower risk, those
in services have a 34% lower risk, and those in technology have a 55% lower risk compared to finance
(p < 0.005).

Consultants have an 83% higher risk of attrition compared to those in business (AHR = 1.83, p = 0.02).
Employees contacted through job sites have a 66% higher risk of attrition, while those who applied
through job sites have a 26% higher risk (AHR = 1.66 and 1.26, p < 0.005 and 0.03, respectively).
Mode of transportation is also significant. Commuting by car lowers the risk by 17%, and walking lowers
it by 35% compared to taking the bus (p = 0.05 and 0.01, respectively).

Conclusion

This study used Cox Proportional Hazards (CPH) models to identify key factors influencing employee

attrition. Significant predictors included age, grey wage, psychological factors, industry type,

professional role, traffic source, and mode of transportation. The reduced model streamlined these to

the most impactful predictors. These insights highlight the importance of targeted retention strategies

addressing specific employee needs and industry challenges. By implementing these strategies,

organizations can improve stability, employee satisfaction, and overall performance.
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