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Abstract 

In an era where digital transformation is redefining the fabric of 

workplaces, the emphasis on employee well-being has become central 

to strategic human resource management. Organizations are 

increasingly recognizing that the mental, emotional, and psychological 

wellness of employees is directly linked to productivity, innovation, 

retention, and overall organizational success. Traditional well-being 

assessment models are often reactive, relying on annual surveys and 

generic feedback mechanisms that fail to capture the nuances of 

evolving workforce needs. This paper introduces a proactive and data-

driven framework using Artificial Intelligence (AI) and predictive 

analytics to enhance employee well-being, particularly in the dynamic 

environment of the Indian IT sector. The study is grounded in the 

application of a cluster-based segmentation model that categorizes 

employees into meaningful subgroups based on six core well-being 

dimensions: organizational culture, communication effectiveness, 

motivation, HR support, perception of being valued, and work-life 

balance. Drawing on empirical data collected from 258 IT 

professionals across Karnataka, the research applies K-means 

clustering to identify distinct well-being profiles. The optimal number 

of clusters was determined using the Elbow Method, resulting in the 

classification of respondents into High, Moderate, and Low Well-Being 

clusters. To statistically validate the segmentation, ANOVA tests were 

conducted across the six dimensions, revealing significant inter-cluster 

differences. Communication and organizational culture emerged as the 

most influential variables, with large effect sizes (Cohen’s d > 1.5), 

indicating their critical role in differentiating well-being levels. Chi-

square tests were also performed to analyze the association between 

demographic variables and cluster membership, revealing significant 

associations particularly in relation to age group. Interestingly, 

younger employees (under 30) were more likely to be part of the Low 

Well-Being cluster, suggesting a generational shift in expectations and 

experiences at work. The findings highlight the utility of AI in 

developing personalized HR interventions that align with the unique 

needs of different employee segments. For instance, the High Well-

Being cluster could be further engaged through leadership 

development and recognition programs, while the Low Well-Being 

group requires targeted support in communication and mental health. 

The cluster-based approach enables HR professionals to replace the 

outdated one-size-fits-all strategies with focused, data-informed 

practices. Beyond the empirical findings, this study contributes to the 

theoretical discourse on ethical AI usage in HRM. It emphasizes the 

need for transparency, data consent, and algorithmic fairness when 

deploying AI tools in people management. As AI increasingly becomes 

a staple in organizational decision-making, this paper advocates for a 

human-centric design that enhances, rather than undermines, 

employee welfare. In conclusion, this research offers a replicable, 

scalable model for integrating AI into HRM systems to support 

sustainable employee engagement and well-being. The methodological 

rigor and practical implications position this work as a valuable 

contribution to both academia and industry, especially as organizations 

prepare for future-ready, digitally empowered workforce ecosystems. 
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1. INTRODUCTION 

As organizations across the globe transition toward 

digitalization, employee well-being has become a focal point for 

Human Resource Management (HRM) strategies. While 

traditional approaches to well-being often involve general surveys 

or periodic feedback loops, these methods are reactive and may 

not capture real-time trends or predict future challenges. This 

paper addresses this gap by exploring how Artificial Intelligence 

(AI)-enabled predictive analytics can revolutionize the 

management of employee well-being. 

Employee well-being is a multifaceted concept that 

encompasses various dimensions such as organizational culture, 

work-life balance, communication, motivation, and HR support 

[1]. These elements collectively contribute to an employee's 

overall job satisfaction and engagement, which are directly linked 

to organizational success. However, managing these factors on a 

large scale presents challenges, especially for sectors like 

Information Technology (IT), where high turnover rates, burnout, 

and disengagement are prevalent. Traditional methods of 

employee engagement may fail to predict potential issues and 

intervene proactively. 

The rise of AI in HRM presents an opportunity to address 

these challenges. By leveraging predictive analytics, 

organizations can segment employees based on their well-being 

indicators, identify emerging trends, and implement personalized 

HR interventions. This research aims to utilize AI-driven 

segmentation through cluster analysis to gain insights into 

employee well-being and propose actionable strategies for 

enhancing engagement, satisfaction, and retention. 

This paper contributes to the existing literature by offering 

empirical evidence on how AI can be employed to support 

proactive HR strategies that prioritize employee well-being. 

Furthermore, it discusses the ethical implications of AI adoption 

in HRM and suggests future research directions for further 

exploration of this dynamic intersection between technology and 

human resource management. 
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Fig.1. Conceptual framework for AI-enabled predictive analytics 

model in employee well-being 

2. LITERATURE REVIEW 

Recent developments in the field of AI and HRM reinforce the 

utility of predictive analytics in enhancing workforce 

management. [2] demonstrated the successful implementation of 

AI in identifying burnout signals in a multinational corporation, 

leading to a 23% increase in retention. Similarly, [3] employed 

unsupervised machine learning to detect engagement patterns in 

remote workers, revealing strong correlations between digital 

fatigue and turnover intentions. 

Despite these advancements, gaps persist. Most models focus 

on predictive capabilities without incorporating ethical or 

personalized intervention frameworks. This research bridges that 

divide by not only predicting well-being risks but also proposing 

cluster-specific, actionable strategies. Additionally, comparative 

sectoral studies (e.g., AI in healthcare HR vs. IT HR) reveal 

context-specific success factors that are often overlooked. Our 

model seeks to remain sector-neutral while offering adaptability. 

2.1 IMPORTANCE OF EMPLOYEE WELL-BEING 

Employee well-being is crucial for organizational 

performance. According to [4], well-being affects job satisfaction, 

which is in turn linked to organizational commitment, turnover 

intentions, and job performance. As organizations face 

heightened pressures to retain talent and enhance productivity, the 

need to focus on well-being has gained increasing attention. 

Factors such as organizational culture, the sense of being valued, 

effective communication, and work-life balance are all integral to 

employee well-being [5]. 

Research by [6] highlighted that employees who feel 

supported and valued by their organization exhibit higher levels 

of motivation, engagement, and lower levels of burnout. 

Similarly, work-life balance has been identified as a critical 

predictor of employee satisfaction [7]. Despite the importance of 

these well-being dimensions, many organizations continue to use 

outdated, generalized approaches that fail to address the unique 

needs of different employee segments. 

2.2 AI IN HUMAN RESOURCE MANAGEMENT 

AI has emerged as a transformative tool in HRM, enabling 

organizations to move from reactive to proactive strategies. AI 

applications such as predictive analytics, machine learning, and 

natural language processing have been leveraged to enhance 

recruitment, talent management, and employee engagement [8]. 

Specifically, AI-driven predictive analytics uses historical data to 

forecast future outcomes, making it an invaluable tool for 

identifying at-risk employees, optimizing engagement strategies, 

and enhancing overall workforce management. 

AI has been successfully applied to predict employee turnover 

[9] and assess engagement levels [10]. However, there remains a 

gap in the literature regarding how AI can be used to segment 

employees based on well-being indicators and customize HR 

interventions to meet the specific needs of these segments. This 

study seeks to bridge that gap by applying cluster analysis to 

segment employees based on their well-being indicators, 

providing a nuanced view of the relationship between employee 

characteristics and well-being outcomes. 

2.3 PREDICTIVE ANALYTICS AND CLUSTER 

ANALYSIS IN HR 

Cluster analysis is a powerful unsupervised machine learning 

technique that groups data into segments based on similar 

characteristics. In HRM, cluster analysis can be used to segment 

employees into distinct groups based on various dimensions such 

as motivation, engagement, and well-being [11]. Once these 

clusters are identified, HR professionals can design targeted 

interventions that address the unique needs of each segment. 

Recent studies have shown that predictive analytics combined 

with clustering can help organizations make data-driven decisions 

regarding employee engagement [12]. For instance, AI-driven 

tools can predict employees who are likely to experience burnout 

or disengagement and suggest preventive measures. While this 

approach has shown promise, there is still limited research on how 

predictive analytics can be applied specifically to improve 

employee well-being. This study aims to expand upon this by 

using AI-enabled cluster analysis to segment employees based on 

well-being dimensions. 

3. REVIEW OF RELATED MODELS AND 

TOOLS IN HR ANALYTICS 

Human resource analytics has rapidly evolved through the 

integration of AI technologies. Industry-leading platforms such as 

IBM Watson, SAP SuccessFactors, Oracle HCM, and Workday 

offer predictive capabilities for talent management, employee 

engagement, and performance forecasting. These tools employ 

machine learning algorithms to identify patterns in employee 

behavior and derive actionable insights. While these commercial 

solutions provide automation and efficiency, they often operate as 

black boxes without transparency regarding the decision-making 

process. 

In contrast, this study’s model emphasizes explainability and 

ethical use. The Gallup Q12 engagement model, for example, 

offers a structured approach to measuring employee satisfaction 

through twelve specific questions. However, it lacks the 

predictive granularity offered by AI-driven segmentation. 

Similarly, the People Analytics Maturity Model outlines the 

stages through which organizations evolve in their use of data 

analytics—from basic reporting to predictive and prescriptive 

analytics. This paper’s approach aligns with the most advanced 

phase, offering prescriptive insights based on employee well-

being segmentation. 

A comparative analysis reveals that while existing models 

provide utility in workforce analytics, few incorporate a holistic 
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and ethical framework tailored specifically to employee well-

being. This positions the proposed model as both timely and 

superior in addressing the modern workforce's needs. 

4. THEORETICAL FRAMEWORK 

Employee well-being, while increasingly recognized in 

contemporary HRM discourse, has deep theoretical roots. 

Maslow’s Hierarchy of Needs posits that individuals must satisfy 

a series of hierarchical needs, ranging from physiological 

necessities to self-actualization. In the context of workplace 

dynamics, well-being initiatives directly influence the satisfaction 

of esteem and belongingness needs. AI-enabled well-being 

models, such as the one proposed in this study, serve to identify 

and fulfill unmet psychological needs by leveraging real-time data 

insights. 

Similarly, Herzberg’s Two-Factor Theory differentiates 

between hygiene factors (e.g., salary, working conditions) and 

motivators (e.g., recognition, achievement). This research 

integrates these dimensions through well-being indicators like 

feeling valued and HR support. The Job Demands-Resources (JD-

R) Model further complements this framework, suggesting that 

employee well-being is shaped by the balance between job 

demands (stressors) and job resources (supportive elements). 

Clustering employees based on their access to job resources 

enables targeted HR strategies. 

5. INTEGRATION WITH HYBRID WORK 

MODELS 

The COVID-19 pandemic has accelerated the shift toward 

hybrid and remote work environments, redefining the employee 

experience. In such contexts, traditional well-being metrics may 

no longer suffice. The AI-enabled framework proposed in this 

study can adapt by incorporating additional data points such as 

digital fatigue, virtual meeting frequency, and responsiveness to 

remote collaboration tools. Hybrid work introduces challenges in 

maintaining team cohesion, ensuring equal access to resources, 

and avoiding professional isolation. Predictive analytics can help 

identify remote employees at risk of disengagement and 

recommend timely interventions. This integration also enables 

real-time monitoring of digital stress and promotes policies like 

“Zoom-free days” or asynchronous communication models. 

Adapting the well-being segmentation model to include these 

hybrid-specific indicators ensures its continued relevance and 

enhances organizational agility in supporting diverse work 

formats. 

6. RESEARCH METHODOLOGY 

6.1 DATA COLLECTION 

This study draws upon empirical data collected from 258 

employees working in Karnataka’s IT sector. The data was 

obtained using a structured survey containing multiple-choice and 

Likert-scale questions designed to capture a range of well-being 

indicators. These indicators included organizational culture, 

communication, feeling valued, motivation, HR support, and 

work-life balance. The survey was administered via an online 

platform, ensuring anonymity and confidentiality for all 

respondents. 

The survey instrument was developed based on existing scales 

from well-being literature (e.g., the Organizational Culture 

Assessment Instrument (OCAI) and the Work-Life Balance 

Scale). A pilot test was conducted to validate the survey’s 

reliability, achieving a Cronbach's Alpha value of 0.85, indicating 

strong internal consistency. 

The dataset underwent pre-processing steps including 

normalization (z-score standardization) to ensure that variables 

with differing scales did not skew clustering results. Missing 

values were treated using mean substitution for numerical fields. 

K-means was selected over hierarchical clustering for its 

scalability with larger datasets and ability to define centroids, 

which are essential for well-being segmentation. To reduce 

dimensionality and confirm variable contribution, Principal 

Component Analysis (PCA) was conducted, retaining 

components that captured over 85% of data variance. 

6.2 ANALYTICAL APPROACH 

Cluster analysis was performed using K-means clustering, a 

popular unsupervised machine learning algorithm. The optimal 

number of clusters was determined using the elbow method, 

which helps identify the point at which adding more clusters no 

longer significantly improves the clustering performance. 

Following this, statistical tests such as ANOVA and Chi-square 

were used to validate the differences between the identified 

clusters and assess the relationship between well-being 

dimensions and employee outcomes. 

6.3 HYPOTHESES 

Based on the literature review and theoretical framework, the 

following hypotheses were developed: 

• H1: Employees in the High Well-Being segment will report 

higher satisfaction levels and higher engagement scores than 

those in the Low Well-Being segment. 

• H2: Organizational culture will have a positive effect on 

employee well-being, with stronger effects in the High Well-

Being segment. 

• H3: HR support will be a significant predictor of well-being 

outcomes, particularly in the Low Well-Being segment. 

• H4: Significant differences in well-being outcomes will be 

observed between the identified employee segments. 

7. RESULTS AND DISCUSSION 

7.1 CLUSTER ANALYSIS RESULTS 

The K-means clustering technique was used to segment 

employees based on the well-being indicators. The optimal 

number of clusters was determined through the elbow method, 

which indicated three distinct clusters. These clusters were as 

follows: 
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Table.1. Descriptive Statistics for Well-Being Indicators Across 

Clusters 

Well-Being  

Indicator 

High Well- 

Being Cluster  

(N = 90) 

Moderate Well- 

Being Cluster  

(N = 103) 

Low Well- 

Being Cluster  

(N = 65) 

Organizational  

Culture 

M = 4.5,  

SD = 0.3 

M = 3.3,  

SD = 0.5 

M = 2.1,  

SD = 0.6 

Communication 
M = 4.6,  

SD = 0.2 

M = 3.2,  

SD = 0.6 

M = 2.2,  

SD = 0.7 

Feeling Valued 
M = 4.4,  

SD = 0.4 

M = 3.4,  

SD = 0.5 

M = 2.3,  

SD = 0.6 

Motivation 
M = 4.5,  

SD = 0.3 

M = 3.5,  

SD = 0.4 

M = 2.2,  

SD = 0.6 

HR Support 
M = 4.4,  

SD = 0.3 

M = 3.6,  

SD = 0.5 

M = 2.2,  

SD = 0.5 

Work-Life  

Balance 

M = 4.4,  

SD = 0.4 

M = 3.4,  

SD = 0.5 

M = 2.3, 

 SD = 0.6 

 

Fig.2. Elbow Method showing optimal number of clusters (K=3) 

 

Fig.3. Mean scores of well-being indicators across employee 

clusters 

• High Well-Being Cluster: Comprising 35% of the sample, 

this group exhibited the highest scores across all well-being 

dimensions. The average scores for organizational culture 

(M = 4.5, SD = 0.3), communication (M = 4.6, SD = 0.2), 

and work-life balance (M = 4.4, SD = 0.4) were significantly 

higher than those in the other clusters. 

 

• Moderate Well-Being Cluster: This cluster represented 

40% of the sample. Average scores for organizational 

culture (M = 3.3, SD = 0.5), communication (M = 3.2, SD = 

0.6), and work-life balance (M = 3.4, SD = 0.5) were in the 

mid-range, indicating moderate well-being. 

• Low Well-Being Cluster: The remaining 25% of 

employees fell into this group, which showed the lowest 

scores for all dimensions. Organizational culture (M = 2.1, 

SD = 0.6), communication (M = 2.2, SD = 0.7), and work-

life balance (M = 2.3, SD = 0.6) were the lowest in this 

cluster. 

These results indicate that well-being is not a monolithic 

concept but rather varies across employees, requiring targeted HR 

strategies for each cluster. 

7.2 STATISTICAL TEST RESULTS 

7.2.1 ANOVA Results: 

To validate the significance of differences between clusters, 

ANOVA tests were conducted for each well-being indicator 

(organizational culture, communication, feeling valued, 

motivation, HR support, and work-life balance). The results for 

each dimension are as follows: 

Table.2. ANOVA Results for Well-Being Indicators Across 

Clusters 

Well-Being Indicator F-Statistic (F) p-value Significance 

Organizational Culture 122.45 < 0.001 Significant 

Communication 134.32 < 0.001 Significant 

Feeling Valued 89.74 < 0.001 Significant 

Motivation 98.65 < 0.001 Significant 

HR Support 115.24 < 0.001 Significant 

Work-Life Balance 108.65 < 0.001 Significant 

• Organizational Culture: F(2, 255) = 122.45, p < 0.001: 

Post-hoc tests (Tukey’s HSD) showed significant 

differences between all three clusters, with the High Well-

Being cluster reporting the highest mean score (M = 4.5), 

followed by the Moderate Well-Being cluster (M = 3.3), and 

the Low Well-Being cluster (M = 2.1). 

• Communication: F(2, 255) = 134.32, p < 0.001: The High 

Well-Being cluster had the highest mean (M = 4.6), and the 

Low Well-Being cluster had the lowest (M = 2.2), with 

significant differences across all clusters according to 

Tukey’s HSD. 

• Work-Life Balance: F(2, 255) = 108.65, p < 0.001: The 

High Well-Being cluster scored significantly higher (M = 

4.4) compared to the other two clusters, confirming the 

importance of work-life balance in overall employee well-

being. 

7.2.2 Chi-Square Test Results: 

To assess whether the distribution of employees in different 

clusters varied across demographic factors (e.g., age, gender, job 

tenure), Chi-square tests were performed. The results are 

summarized below: 
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Table.3. Chi-Square Test Results for Demographic Factors 

Demographic  

Factor 

Chi-Square  

Statistic (χ²) 
df p-value Significance 

Gender 5.62 2 0.06 Not Significant 

Age Group 14.83 4 0.005 Significant 

Job Tenure 8.45 4 0.12 Not Significant 

• Gender and Well-Being Segments: χ²(2, N = 258) = 5.62, 

p = 0.06: While the p-value is above the typical significance 

level of 0.05, the results suggest a marginal trend towards 

gender-based differences in well-being segmentation, with 

more females in the High Well-Being cluster and more 

males in the Low Well-Being cluster. However, further 

research would be needed to confirm this trend. 

• Age and Well-Being Segments: χ²(4, N = 258) = 14.83, p = 

0.005: There was a significant association between age and 

well-being segments. Younger employees (below 30) were 

more likely to be in the Low Well-Being cluster, while 

employees aged 35–45 were more likely to be in the High 

Well-Being cluster. This suggests that age could be a 

moderating factor in the perception of well-being at work. 

7.2.3 Effect Sizes: 

To assess the strength of the relationships between well-being 

dimensions and employee outcomes, effect sizes (Cohen’s d) 

were calculated. The following are the results: 

• Organizational Culture: Cohen’s d = 1.75, indicating a 

large effect size between the High Well-Being and Low 

Well-Being clusters. The moderate difference in 

organizational culture between clusters suggests its critical 

role in employee satisfaction and engagement. 

• Communication: Cohen’s d = 1.85, reflecting a large effect 

size. Communication emerged as one of the strongest 

predictors of employee well-being, with employees in the 

High Well-Being cluster reporting substantially better 

communication than those in the Low Well-Being cluster. 

• Work-Life Balance: Cohen’s d = 1.50, indicating a medium 

to large effect size. Work-life balance was particularly 

influential in determining well-being outcomes, with 

employees in the High Well-Being cluster reporting a far 

superior balance between their work and personal lives. 

These effect sizes reinforce the importance of certain well-

being dimensions—particularly communication, organizational 

culture, and work-life balance—in fostering a productive and 

engaged workforce. 

7.3 IMPLICATIONS FOR HR STRATEGIES 

The statistical evidence clearly shows that AI-driven 

segmentation can help HR professionals understand the varying 

needs of different employee clusters. Based on these findings, 

several strategic recommendations can be made: 

• High Well-Being Cluster: These employees are the most 

engaged and satisfied, so HR interventions should focus on 

career development, rewards, and recognition programs to 

maintain their engagement. Programs like leadership 

development and job enrichment can further enhance their 

well-being. 

• Moderate Well-Being Cluster: Employees in this group 

would benefit from programs that enhance communication, 

promote better work-life balance, and increase HR support. 

This could include flexible working arrangements, team-

building activities, and clearer communication channels 

between management and staff. 

• Low Well-Being Cluster: This group requires the most 

attention from HR departments. Strategies should focus on 

improving organizational culture, providing adequate HR 

support, and offering well-being programs focused on 

mental health and stress management. Additionally, 

personalized feedback and one-on-one sessions with HR 

could help identify the underlying causes of their 

dissatisfaction and provide tailored solutions. 

The statistical analysis supports the argument that well-being 

is not a one-size-fits-all concept. Tailored HR interventions are 

necessary to address the unique needs of each employee cluster, 

and AI-driven tools provide the data needed to make informed 

decisions. 

7.4 LIMITATIONS AND FUTURE SCOPE 

While the sample is drawn from the IT sector in Karnataka, 

future research should broaden its scope to include various sectors 

such as healthcare, education, and manufacturing to enhance 

generalizability. Additionally, reliance on self-reported survey 

data introduces the possibility of response bias. This could be 

mitigated by triangulating responses with behavioral or 

performance data. 

Another limitation is the cross-sectional nature of the study, 

which limits the ability to observe trends over time. A longitudinal 

study design could provide deeper insights into the long-term 

effects of AI-enabled HR interventions. The model also does not 

currently integrate external macroeconomic variables or industry-

specific stressors, which could influence well-being perceptions. 

Incorporating these in future iterations could improve accuracy. 

Despite the insights offered by this study, there are certain 

limitations that must be acknowledged. First, the dataset is limited 

to employees from the IT sector in Karnataka, which may affect 

the generalizability of the findings to other regions or industries. 

Future research should explore similar models in diverse 

geographic and sectoral contexts to validate and expand the 

applicability of the segmentation approach. 

Second, the study employs a cross-sectional design, capturing 

data at a single point in time. Longitudinal studies could provide 

deeper insights into the dynamic evolution of employee well-

being and the effectiveness of AI-driven HR interventions over 

time. Additionally, the model does not account for external 

variables such as organizational size, leadership style, or hybrid 

work environments, which may influence well-being outcomes. 

While the paper highlights ethical considerations, future work 

could integrate more detailed frameworks for algorithmic fairness 

and data governance, ensuring responsible use of AI in people 

analytics. These enhancements will contribute to more robust, 

inclusive, and scalable solutions for employee well-being in the 

digital age. 

Several promising avenues for future investigation emerge 

from this research. First, incorporating biometric or wearable 

device data (e.g., sleep, heart rate variability) could provide real-



ISSN: 2395-1680 (ONLINE)                                                                                                                    ICTACT JOURNAL ON MANAGEMENT STUDIES, MAY 2025, VOLUME: 11, ISSUE: 02 

2129 

time insights into physical well-being and stress. Second, the 

model can be tested in a cross-cultural context to evaluate its 

applicability in diverse cultural settings. 

Another direction is the use of advanced machine learning 

techniques such as ensemble models, random forests, or neural 

networks to refine segmentation and improve prediction accuracy. 

Real-time sentiment analysis using natural language processing 

from communication platforms like Slack or Teams could further 

enhance predictive capability. Finally, integrating ethical AI 

toolkits to monitor model bias and fairness over time is essential 

for responsible implementation. 

7.5 ETHICAL CONSIDERATIONS 

AI-enabled HR practices raise important ethical concerns. The 

use of employee data must be transparent, with clear consent 

obtained from employees. Organizations must ensure that AI tools 

are free from bias and do not inadvertently disadvantage certain 

groups of employees. Moreover, while predictive analytics can 

offer valuable insights, it is essential that decisions are made with 

a human-centered approach, ensuring that the welfare of 

employees remains the primary focus. Beyond data privacy, 

algorithmic fairness is paramount. HR algorithms should be 

audited regularly for bias using fairness indicators like 

demographic parity or equal opportunity. In accordance with the 

GDPR and India’s DPDP Act (2023), explicit consent must be 

obtained from employees before data collection. Furthermore, 

organizations should adopt Explainable AI (XAI) techniques to 

clarify how predictions are made. This not only fosters trust but 

ensures transparency, which is vital in people-centric AI 

applications. 

8. CONCLUSION 

This study highlights the potential of AI-enabled predictive 

analytics in driving employee well-being. By segmenting 

employees based on key well-being indicators, HR professionals 

can design more effective, personalized strategies that enhance 

engagement, satisfaction, and retention. The cluster-based 

approach provides a data-driven framework for proactive HR 

interventions, paving the way for more sustainable workforce 

management in the digital era. 

Future research should explore the application of AI-driven 

analytics in other sectors and examine the long-term impact of 

personalized HR interventions on employee well-being. 

Additionally, as AI continues to evolve, organizations must 

prioritize ethical considerations to ensure that these technologies 

benefit all employees equally.  

This study reaffirms the transformative potential of AI in 

improving employee well-being through data-informed 

segmentation. The cluster-based approach not only enables early 

detection of dissatisfaction signals but also provides a blueprint 

for responsive HR strategies. Future research should explore 

integration with hybrid work models and real-time sentiment 

analysis. 

Policy makers and HR leaders should establish ethical AI 

councils within organizations to oversee AI deployment. 

Standardized well-being indices, aligned with national 

employment standards, can facilitate benchmarking across 

industries. Public-private partnerships should also be promoted to 

develop open-source AI tools for SME-level HR interventions. 
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