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I. INTRODUCTION 
 

There has never been such a critical period for 

retaining talented people in the digital organization. 

The percentage of voluntary turnover reached 24.1% 

in the technology industry in 2025, up from 19.2% 

the previous year [9]. The high rate of attrition causes 

significant financial burdens; for instance, it costs 50-

60% of an employee's salary to replace them, and the 

expenses related to turnover are 90-200% of their 

salary [9]. Replacing employees in the IT positions 

due to a necessity of having technical skills in cloud 

technologies, AI, cybersecurity, and data science may 

cost 150% of their annual income [1]. 

Several reasons can be associated with the discussed 

retention issue, including the absence of 

professional growth opportunities, which accounts 

for 36.22% of all voluntary turnovers, low 

compensation (63.46% according to those who quit 

their jobs in the USA), a problematic relationship 

between workers and managers, and a lack of a 

healthy balance between work and private life [9]. 

What is more important, the post-COVID workplace 

changed employee needs and expectations as 

flexible scheduling, lifelong learning, and individual 

career paths became standard features. 

 

Traditional methods such as reactive exit interviews, 

annual engagement surveys, and general benefits 
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programs have been found insufficient in dealing 

with these complicated and personalized motivators 

for leaving one's job. According to some studies, as 

few as 30 percent of managers admit their 

commitment to transformative change processes, 

and as much as 83 percent of organizations fail to 

employ workers with necessary competencies in 

change management to implement any effective 

retention strategies [10]. These deficiencies of 

modern organizations when it comes to addressing 

their retention challenges became one of the main 

reasons why strategic retention models relying on 

predictive analysis emerged [6]. 

 

Three major research questions are raised in this 

paper:  

 Which predictors can explain voluntary turnover 

in digital organizations?  

 How machine learning models can be used to 

detect potential cases of employee turnover in 

advance?  

 Which integration frameworks for retaining 

talent lead to decreased workforce turnover?  

 

This study is grounded in empirical data collected 

from several sources, including the dataset of 3,500 

employees working for five global IT companies 

located in Bangalore, India (the period covered is 

2021-2024) [6][8]. 

 

II. LITERATURE SURVEY 
 

The Scope and Expense of Workforce Attrition: Data 

from recent years in industries show disturbing 

trends in regard to workforce attrition. Within the 

technology industry, for instance, voluntary turnover 

was recorded at 24.1% in 2025, of which 36.22% left 

due to lack of development opportunities while 

36.80% left because of restructuring activities [9]. 

These expenses can be quite high, ranging from 90-

200% of the salary paid annually, with IT 

professionals being on the higher part of the 

spectrum [9]. In addition, workforce attrition may 

cause loss of expertise, delay in project delivery, low 

morale, and hindered innovation among other 

negative impacts [1]. 

 

Predictive Analysis for Attrition Prediction: The use of 

machine learning for employee retention prediction 

has proved to be a revolutionary concept. In one 

such study conducted through the use of Random 

Forest classification algorithm on a sample size of 

3,500 employees, the model proved to have an 

accuracy rate of 87.3% [6]. Some of the variables 

found to be significant in the prediction process 

were training frequency (β = -0.34), performance 

ratings (β = -0.28), engagement scores (β = -0.31), 

work-life balance measures (β = -0.22), and salary 

satisfaction (β = 0.35) [6]. Related studies using 

XGBoost and Random Forest algorithms with 

KMeans for employee segmentation have shown 

that identifying such high-risk employees at the early 

stage helps implement various interventions [7][8]. 

Using Skills Management for Employee Retention: 

Studies on skill management in digital service firms 

reveal that employee retention largely hinges on 

their perception of realistic advancement 

opportunities [3]. Customized career planning, which 

clearly differentiates between technological 

advancement, managing teams, and managing 

projects, is effective [3]. Mentorship schemes that 

involve pairing younger employees with more 

experienced colleagues have been found to help 

retain employees within such firms by an average of 

8 percent over two years among firms having 500+ 

consultants [3]. The continuous development of 

relevant skills through a combination of learning 

technologies such as e-learning, boot camps, and 

mentoring, in addition to delivery skills, helps in 

addressing the discovery that 52.15% of staff lack 

development plans [5]. 

 

Employee Motivation Typologies and Retention: 

Qualitative studies conducted on the motivation of 

workers within information technology firms have 

established the existence of three major types of 

motivations, namely intrinsic motivation (in terms of 

learning, autonomy, and meaningful work), 

instrumental (pay, promotion opportunities, and 

other extrinsic motivators), and interactional 

(supportive teams, affiliation, and recognition) [4]. 

Two case studies performed within software 

development firms found that whereas intrinsic and 

interactional forms of motivation were highly 

important for their employees, lack of instrumental 
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motivation (salary growth and promotion prospects) 

posed significant challenges to retention [4]. 

 

HR Technology and Personalization: Contemporary 

HR systems support personalization on a large scale. 

People analytics applications such as Visier and SAP 

SuccessFactors feature dashboards monitoring 

voluntary turn-over, internal movement, and 

departure of top performers by department and 

supervisor [1]. Talent management solutions like 

Cornerstone and LinkedIn Learning, along with 

internal talent exchanges including Gloat and Fuel50, 

use skills data to assign employees relevant projects, 

mentoring relationships, and job opportunities [3]. 

Recognition tools Bonusly and Mercer incorporate 

recognition into employees' work process flow, 

resolving the identified problem of recognizing 

achievements on time for only 64.77% of employees 

[5]. 

 

Even with the advances made in the field, there is still 

a gap in the incorporation of predictive analytics into 

actionable retention strategies, the applicability of 

retention models across cultures, and the 

development of models that consider both intrinsic, 

instrumental, and interactive motivations at the 

same time [4][6][8]. 

 

III. PROPOSED METHODOLOGY 
 

Research Design 

The methodology for this research is a combination 

of mixed methods which includes both quantitative 

and qualitative approaches. The quantitative 

approach involves the analysis of HR data of about 

3,500 employees at five different international IT 

companies based in Bangalore, India, in the period 

between 2021 to 2024. The qualitative approach will 

involve interviewing HR managers. 

 

Data Collection and Variables 

The data set consists of 28 attributes divided into five 

different groups: 

 Demographic: Age, Tenure, Department, Role 

Level, Education 

 Performance: Performance Score, Promotion 

Record, Project Success Rate 

 Engagement: Survey Scores, 360-Degree 

Feedback, Recognition Frequency 

 Compensation: Salary Percentile for Role, Bonus 

Eligibility, Equity Status 

 Behavioral: Absence Days, Training Hours 

Completed, Internal Mobility Requests 

  

 
Figure 1: Data Collection and Preprocessing 

Pipeline for Attrition Prediction 

 

Predictive Model Structure 

Structure of the predictive attrition model consists 

of: 

 Classifier type: Random Forest 

 Number of trees: 200 

 Minimal leaf size: 5 

 Size of feature subsets: √F (F being the number 

of features) 

 Cross-validation: Stratified 5-fold 

 Optimization technique for hyperparameters: 

GridSearchCV 

 

 



 Dr.A.Parameshwari, International Journal of Science, Engineering and Technology, 

 2026, 14:3 

 

4 

 

 

Algorithm 1: Random Forest for Attrition Risk 

Classification 

Input: Employee dataset D = {(x_i, y_i)} for i = 1 to 

N 

       where y_i ∈ {0,1} (0=retained, 1=attrited) 

       Number of trees T = 200 

       Minimum leaf size min_leaf = 5 

Output: Trained Random Forest RF, Feature 

importance scores FI 

 

Initialize empty forest forest = [] 

 

For t = 1 to T: 

    # Bootstrap sampling with replacement 

    D_t = bootstrap_sample(D, size = N) 

     

    # Initialize tree with root node 

    tree = Node() 

    tree.data = D_t 

     

    # Recursive partitioning 

    tree = grow_tree(tree, min_leaf) 

     

    # Add to forest 

    forest.append(tree) 

 

# Feature importance calculation (mean decrease 

in impurity) 

FI = zeros(dim=F) 

For each tree in forest: 

    For each split node in tree: 

        impurity_reduction = node.impurity_parent - 

node.impurity_left - node.impurity_right 

        FI[node.feature] += impurity_reduction * 

(node.n_samples / N) 

 

# Normalize importance scores 

FI = FI / sum(FI) 

 

Return forest, FI 

 

 

 
  

Figure 2: Random Forest Architecture for Employee 

Attrition Prediction 

 

Strategic Framework of Retention Elements 

Based on findings from predictive analytics and 

synthesis of existing literature, an Integrated 

Retention Framework is outlined with the following 

four strategic elements: 

 Predictive Attrition Scoring: Implement Random 

Forest technique for attrition score prediction for 

each employee that gets refreshed on a monthly 

basis. Employees are segmented into three 

categories based on their probability score: 

high-risk (> 0.7), medium-risk (0.3 - 0.7) and low-

risk (< 0.3). 

 Highly Personalized Employee Journey: 

Leveraging the skills database and career 

aspirations of each individual, map out 

personalized journey plans for employees. This 

involves personalization of learning, internal 

transfers, and recognition aligned with 

motivational profile types (intrinsically, 

instrumentally or interactively dominated). 

 Comprehensive Onboarding (90-Day Program): 

Take the concept of onboarding past a day-one 

process to an extensive 90-day onboarding 

process. According to research, structured 

onboarding leads to 58% increased retention 

probability for a period of more than three years, 

whereas 33% of employees leave due to bad 

onboarding experiences. 

 Continuous Learning and Talent Marketplaces: 

Introduce a learning experience platform and 

talent marketplaces that help connect 

employees to assignments, mentors, and job 

positions. Companies that offer personalized 

learning experience programs have seen 

retention rates rise by 60%. 
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Figure 3: Integrated Strategic Retention Framework 

Implementation Protocol 

 

Organizations deploying the framework are advised 

to adopt a phase-by-phase strategy: 

 Phase I (Months 1-3): Data audit/cleaning and 

implementation of prediction tool; determine 

attrition baseline 

 Phase II (Months 4-6): Implementation of 

dashboards for risk management in HR and 

management teams; training managers on 

interventions 

 Phase III (Months 7-9): Roll-out of personalized 

learning and mobility programs 

 Phase IV (Months 10-12): Rethinking onboarding 

process as a 90-day experience; creating 

feedback loops 

 

Algorithm 2: Employee Risk Stratification and 

Intervention Assignment 

Table 1: Attrition Prediction Model Performance 

Comparison 

Input: Employee attrition probabilities P[i] for i = 

1 to N 

       Thresholds θ_high = 0.7, θ_medium = 0.3 

       Historical intervention effectiveness data 

Output: Risk tier assignments and recommended 

interventions 

 

Initialize tiers = [], interventions = [] 

 

For i = 1 to N: 

    If P[i] > θ_high: 

        tiers[i] = "HIGH_RISK" 

        interventions[i] = [ 

            "schedule_stay_interview", 

            "fast_track_promotion_review", 

            "customized_development_plan" 

        ] 

    Else If P[i] > θ_medium: 

        tiers[i] = "MEDIUM_RISK" 

        interventions[i] = [ 

            "quarterly_career_conversation", 

            "mentorship_program_enrollment", 

            "recognition_boost" 

        ] 

    Else: 

        tiers[i] = "LOW_RISK" 

        interventions[i] = 

["standard_retention_activities"] 

 

Return (tiers, interventions) 

 

 

IV. ANALYSIS 
 

Predictive Model Performance 

Table 1: Attrition Prediction Model Performance 

Comparison 

Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC-ROC 

Random Forest 87.3 84.2 81.5 82.8 0.91 

XGBoost 85.1 82.8 79.4 81.1 0.89 

Logistic Regression 76.2 72.3 68.9 70.6 0.79 
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Model Accuracy (%) Precision (%) Recall (%) F1 (%) AUC-ROC 

Decision Tree 73.8 71.4 66.2 68.7 0.71 

Data from analysis of 3,500 employee records 

across five IT firms  

For instance, the accuracy of the Random Forest 

model is 87.3%, which means that it has improved 

rule-based systems by 25.8%. Its discriminative 

power based on AUC-ROC is 0.91. Feature 

importance for the most effective predictors in the 

model is as follows: 

 Satisfaction with compensation: 0.35 

 Number of training hours: 0.34 

 Composite engagement score: 0.31 

 Performance (12-month lagged variable): 0.28 

 Satisfaction with work-life balance:0.22 

  

 
Figure 4: Feature Importance Analysis for Attrition 

Prediction 

 

Retention Strategy Effectiveness 

Table 2: Retention Metric Improvements After 

Framework Implementation 

Metric 

Before 

Implementat

ion 

After 

12 

Mont

hs 

Chan

ge 

Voluntary 

turnover 

rate 

24.1% 16.6% -31% 

High-

potential 
68% 87% +28% 

Metric 

Before 

Implementat

ion 

After 

12 

Mont

hs 

Chan

ge 

employee 

retention 

Employee 

engagem

ent score 

73% 81% +11% 

Internal 

mobility 

rate 

12% 21% +75% 

Training 

completio

n rate 

44% 67% +52% 

Time-to-

hire for 

backfills 

45 days 
32 

days 
-29% 

Based on data gathered from various industry 

studies 

The 31% decrease in voluntary attrition results in 

significant monetary savings. Assuming that the 

digital firm has 1,000 employees with a base rate of 

attrition at 24.1%, a lower attrition rate of 16.6% 

amounts to saving around 75 resignations per year. 

Considering the cost of hiring a new specialist IT 

employee to be $50,000, savings will exceed $3.75 

million. 

 

Motivational Alignment Findings 

Table 3: Cross-Company Comparison of 

Motivational Drivers 
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Motivational 

Type 

SoftSe

rve 

(n=8) 

Web 

Manu

als 

(n=1

1) 

Indus

try 

Avera

ge 

Intrinsic 

dominant 
37.5% 

27.3

% 
35% 

Instrumental 

dominant 
0% 

36.4

% 
25% 

Interactive 

dominant 
12.5% 0% 20% 

Mixed 

(Intrinsic+Inter

active) 

50% 
36.4

% 
20% 

 

Qualitative interview data 

SoftServe had high levels of intrinsic and interactive 

motivation (autonomy, learning, team support), yet 

low levels of instrumental motivation (salaries 

growth, career advancement opportunities) led to 

possible turnover. Web Manuals demonstrated high 

levels of intrinsic motivation; however, 

disagreements over remote working conditions 

arose due to the lack of fit between managerial 

intentions and the need for autonomy. 

 

Comparative Analysis Table 

Table 4: Comparative Analysis of Strategic 

Retention Models 

Dimension 
Predictive Analytics 

Model 
Personalization Model 

Integrated 

Framework 

(Proposed) 

Core Technology 
Random Forest/XGBoost 

classification 

AI-driven skills 

matching, learning 

platforms 

Combined prediction 

+ personalization 

Risk Detection 

Lead Time 
3-6 months 

Reactive (based on 

expressed 

preferences) 

3-6 months + real-

time signals 

Intervention Types 

Standardized (stay 

interviews, 

compensation reviews) 

Customized learning 

paths, internal 

mobility 

Stratified by risk tier 

and motivation type 

Data Requirements 
Historical HR data (2+ 

years) 

Skills inventory, career 

aspirations 

Both historical and 

preference data 

Implementation 

Complexity 

Medium (requires data 

science capability) 

High (requires 

multiple platform 

integrations) 

High but modular 

(phased adoption 

possible) 

Reported Turnover 

Reduction 
15-20% 10-15% 25-35% 
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Dimension 
Predictive Analytics 

Model 
Personalization Model 

Integrated 

Framework 

(Proposed) 

Employee 

Personalization 
Low (segment-based) High (individual-level) 

High with risk-based 

prioritization 

Manager 

Enablement 

Dashboards with risk 

scores 

Nudges and 

recommended actions 

Integrated dashboards 

+ coaching tools 

V. CONCLUSION 
 

This paper has provided a thorough examination of 

strategic retention models for mitigating attrition 

rates among digital workforce populations. This 

research shows how AI-powered predictive analysis 

techniques when applied alongside customized 

employee experiences and skill development 

strategies have proved to be effective in decreasing 

turnover rates by boosting employee engagement 

and internal mobility. 

 

The Random Forest prediction model proves capable 

of determining employees prone to attrition with an 

accuracy rate of 87.3%; the most important 

predictors according to the feature importance 

analysis are compensation satisfaction (0.35), 

number of training hours (0.34), and engagement 

metrics (0.31). By employing integrated retention 

frameworks, firms managed to cut voluntary 

turnover rates by 31%, retain key high-performing 

employees by 28%, and raise internal mobility rates 

by 75%. The 90-day onboarding program helped to 

secure the commitment of newly hired staff for at 

least three years. 

 

Motivational typology analysis makes clear that 

successful retention efforts need to take into account 

intrinsic (learning, autonomy), instrumental 

(compensation, career opportunities), and 

interactive (relatedness, recognition) motivational 

factors at once. Companies concentrating solely on 

one motivational facet will have their chances for 

success undermined significantly. 

 

 

Limitations 

There are multiple drawbacks to this research. The 

first and foremost is the limited scope of the initial 

data set; although it includes 3,500 observations, it 

covers IT companies in Bangalore, India only. 

Predictive analytics methods require two or more 

years of data, which may not be available for startups 

or fast-growing businesses. Moreover, the 

suggested model requires a company's 

preparedness for employing artificial intelligence 

techniques, particularly for data governance and 

manager training. 

 

Future Research 

Future research could take many important paths. 

First, longitudinal studies measuring retention 

results over a period of 3-5 years could reveal 

information about sustainability of various 

approaches. Second, cross-national studies looking 

at the role of national culture in moderating the 

effectiveness of particular retention levers would 

contribute to global workforce strategies. Third, 

combination of passive sensor data 

(communications, calendar usage, activity in IT 

systems) and active survey data can lead to more 

accurate predictions and facilitate triggering 

interventions. Fourth, applying causal inference 

techniques to understand the most effective 

retention interventions for particular groups of 

employees can be helpful in developing 

personalized retention strategies. Fifth, ethical issues 

of using predictive HR analytics need to be further 

addressed. 

 

In the realm of digital organizations, several practical 

recommendations based on the presented evidence 

can be derived for HR professionals: 
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 First, develop people analytics skills in order to 

create a benchmarking system of retention 

metrics and predict risks associated with 

potential employee churn. 

 Second, revise the current onboarding process 

into a comprehensive and structured 90-day 

experience that involves automation and human 

interaction components. 

 Third, develop a concept of internal talent 

marketplaces that offer visible growth 

opportunities to the organization’s employees. 

 Fourth, coach managers to be able to hold 

productive stay interviews and career 

conversations and provide managers with timely 

risk information through a dashboard and 

suggested actions. 

 Fifth, note that while compensation plays its role, 

it alone is not enough – other intrinsic and 

interactive motivators should be addressed, 

specifically, development opportunities, 

autonomy, belonging, and recognition. 

 

As the competition for talent continues to escalate in 

the context of digital talent becoming the main 

differentiating factor, those companies which 

succeed in designing strategic retention models will 

benefit from both minimized costs of employee 

turnover and improved innovation potential, among 

others. 
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