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Abstract- The increase in hybrid working scenarios after the pandemic period has brought 

about new challenges to organizational leadership and the need for new approaches reconciling 

the two aspects of data analytics and distributed workforce management. This research paper is 

aimed at presenting the results of analysis of data-driven leadership models applied in hybrid 

working conditions. The analysis performed within this paper is based on the review of relevant 

literature in the field (2021-2026) and empirical results of various studies that have been 
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conducted. The main gap found in the existing literature concerns the difference between 

traditional models of leadership and the needs of hybrid work environment. We suggest a 

framework combining the concepts of workforce analytics and humanistic approach to 

leadership, namely the transition from output to outcomes evaluation. The methods applied in 

our research include the application of ensemble learning algorithms in order to estimate the 

patterns of employee turnover and productivity and the use of sentiment analysis in order to 

evaluate employee engagement. It has been proven that organizations adopting data-driven 

leadership models exhibit much better performance in terms of employee retention and 

productivity than traditional models of management. 

 

Keywords- Hybrid Work, Data-Driven Leadership, Workforce Analytics, Machine Learning, 

Employee Engagement, Organizational Behavior 

 

 

I.  Introduction  

 
The changes in the way work is organized since the emergence of the COVID-19 

pandemic have had a significant impact on the field of organizational leadership. The 

temporary solution to lockdowns has become an enduring reorganization of the way 

work is done. According to modern estimates, 44% of the workforce in developed 

countries work remotely [1]. A hybrid working format, which combines working 

remotely and on-site, has become a new normal for knowledge workers. However, this 

new era of management poses challenges that cannot be managed using traditional 

leadership models designed for co-located synchronous work [8]. 

 

Hybrid workplaces are marked by the fact that teams are distributed, communication is 

asynchronous, and the main challenge in this situation is the conflict between flexibility 

and coherence [3]. Traditional leadership, which relies on a leader's physical presence 

and personal control, becomes ineffective when people who work together are spread 

around different places and even different time zones. In a hybrid workplace, leaders 

need to manage not only work results but also work culture and employee engagement 

in virtual teams [2]. 
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At the same time, companies experience a boom in the availability of workforce data. 

Data on behavior, performance, and even sentiment of employees comes from digital 

collaboration platforms, HRIS, and other systems of employee monitoring [4]. The 

danger of this situation lies in the balance between its opportunity for making informed 

decisions regarding the management of the workforce and the peril of becoming 

immersed in surveillance-driven management practices [10]. 

 

The idea of data-driven hybrid leadership should take into account the two opposite 

poles: the underuse of the data and poor decisions that follow and the use of too much 

quantitative data leading to dehumanization of the management process [5]. Recent 

studies indicate that efficient hybrid leadership involves synthesis of these two poles, 

what is called "humanistic analytics" [11]. 

 

The following research questions are addressed in the paper: 

 What models of data-driven leadership can effectively manage hybrid work 

environments? 

 How the approaches of machine learning and workforce analytics can be combined 

with humanistic leadership practices? 

 What outcomes of successful implementation of data-driven hybrid leadership can 

be measured? 

 

Importance of this study is not merely scientific in nature. All around the world 

organizations are dealing with problems of office returns, flex work arrangements, and 

need to maintain high productivity levels while keeping their employees healthy and 

happy [7]. The knowledge of how to utilize data to aid and not hinder leaders in hybrid 

environments is vital for organizational success, talent retention and sustainability of 

the workforce [6]. 

 

Structure of this paper will go as following: In Section II literature survey will take 

place analyzing the existing studies on hybrid leadership, data-driven management and 

workforce analytics. Section III is dedicated to our methodology including the 

algorithms and the pseudocode. Section IV is devoted to the quantitative analysis and 

comparison of the leadership models. 
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II. Literature Survey 

 
The academic literature on hybrid work leadership is rapidly growing since 2021 due 

to the pressing need to address this emerging organizational challenge. Bibliometric 

analysis of telework literature shows that there are seven different discipline-based 

groups that provide the foundations of hybrid work leadership knowledge: 

organizational psychology and management; technology and information systems; 

occupational health and psychological well-being; sustainability; education and skills 

development; economics and public policy; sociology and cultural studies [3]. 

Multidisciplinary basis of this phenomenon underlines its complexity and the need for 

an integrative theoretical framework. 

 

Studies point out communication as one of the key elements of hybrid work leadership. 

The mixed methods study of leadership communication styles in technology, 

healthcare, and financial services industries has shown that there is a significant 

positive correlation between productivity and engagement of employees and such styles 

of leadership as transformational and democratic in hybrid settings [2]. At the same 

time, transactional and autocratic styles correlate negatively with productivity of 

workers. That means that leadership models effective in traditional office environments 

turn into ineffective practices in hybrid settings [2]. 

 

The psychological component of hybrid leadership has been particularly scrutinized. 

Research by Durham University and Athens University reveals that empathic leaders 

have the ability to dramatically increase productivity of hybrid and remote staff 

members [1]. Those leaders who show their care for their team members and convey 

their vision in a clear manner decrease the distance of hybrid work. It is important to 

note that research challenges some assumptions related to return-to-office mandates, 

arguing that poor performance can be caused not by remote work, but poor leadership 

skills [1]. Such findings are consistent with existing studies showing that employees 

appreciate empathic leadership so much that they are ready to accept a reduction in their 

salary to join companies with empathic employers [1]. 

 

The use of artificial intelligence and machine learning for the analysis of the workforce 

has become a separate research stream. An IEEE study which introduces the concept 

of Intelligent Talent Analytics shows that it is possible to accurately find the patterns 
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of attrition among employees by using ensemble learning models. Feature importance 

analysis revealed that the role of the position, overtime, and remote work are the most 

important factors when predicting the attrition [4]. 

 

Even more advanced multimodal models have been developed. HYWIRE, a framework 

based on temporal convolutional networks and bidirectional LSTM layers, uses cross-

modal attention mechanisms to analyze the interaction between seven different data 

streams in order to identify the dynamics of attrition, burnout, and productivity [9]. In 

an analysis of 43,433 employees from 18 organizations, it was found that the 

productivity levels of hybrid workers (2-3 days remote) are higher (71.8) compared to 

fully remote ones (64.2) [9]. The early warning system in this framework enables one 

to predict burnout and attrition risk about 3.2 weeks before they manifest [9]. 

 

The introduction of new algorithmic management tools has made it necessary to think 

about their role for leadership. In terms of emerging leadership practices for hybrid 

work, scholars emphasize that algorithmic tools are supposed to assist, not replace, 

human decision making [10]. "Inverse transparency" when employees have information 

on how the algorithm perceives their work performance becomes an essential 

component for ensuring the maintenance of trust and fairness [10]. Researchers warn 

about the danger that an unregulated use of algorithmic management can lead to the 

emergence of surveillance culture [10]. 

 

Further insights come from studies that analyze the effect of hybrid work models on 

job performance via mediators. Specifically, studies conducted on IT firms in Sri Lanka 

prove that work engagement is a mediator of hybrid work and job performance 

relationships [6]. In other words, telework and flexible work not only improve 

performance directly but also indirectly through increasing the level of engagement. 

Therefore, the application of leadership intervention to increase engagement in hybrid 

work will have multiplied effects on performance [6]. 

 

There are a number of knowledge gaps in the existing literature. Firstly, studies tend to 

consider leadership practice or data analytics in isolation rather than integrate the two 

fields. Secondly, the lack of studies that offer practical implementations of theoretical 

concepts into practice. Thirdly, the ethical implications of using data-driven leadership 

practices in hybrid environments require further investigation [10]. This paper fills in 

these knowledge gaps through proposing an integrated model. 
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III. Proposed Methodology 

 
Research Design and Philosophical Foundation 

The current research involves a design science research approach wherein there is a 

synthesis between the generation of theory and the actual construction of an artifact. 

The Data-Driven Hybrid Leadership Model (DD-HLM) is designed on the basis of the 

combination of workforce analytics and leadership practice in terms of both 

quantitative and qualitative aspects, as successful hybrid leadership entails not only 

computational intelligence but also emotional intelligence. 

 

System Architecture 

The DD-HLM system includes four interrelated modules:  

 Data Acquisition and Integration 

 Predictive Analytics Engine 

 Leadership Decision Support 

 Feedback and Learning Cycle 

 

The system architecture is presented in Figure 1. 

 
Figure 1: DD-HLM System Architecture 
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The Data Acquisition and Integration module acquires information from three main 

sources: online collaboration systems (calendar, e-mail, messaging, video-

conferencing), HR Information Systems (performance records, attendance records, 

length of service), and occasional employee surveys (well-being, engagement, 

satisfaction). Importantly, data acquisition is done based on privacy-by-design 

approach, where employee consent, purpose limitation, and transparency are absolutely 

mandatory requirements. 

 

Predictive Analytics Engine: Random Forest Algorithm 

Predictive ability of the model uses Random Forest (RF), which is an ensemble machine 

learning technique that works very well with hybrid employee data because of its 

tolerance of non-linearities and mixed data type handling. The RF algorithm builds 

multiple decision trees during training and produces the mode of class labels (for 

attrition) and mean values (for productivity) for all trees. 

 

The RF algorithm operates according to the following pseudocode: 

ALGORITHM: Random Forest for Hybrid Workforce Prediction 

INPUT: Training data D = {(x₁,y₁), ..., (xₙ,yₙ)} 

       Number of trees B 

       Feature subset size m 

OUTPUT: Ensemble model H(x) 

 

1. FOR b = 1 to B DO 

2.     D_b ← Bootstrap sample from D (n samples with replacement) 

3.     Grow tree T_b: 

4.         At each node: 

5.             Randomly select m features from total p features 

6.             Determine best split among m features 

7.             Split node into two child nodes 

8.         Continue until stopping criterion met 

9.     END FOR 

10. RETURN H(x) = mode{T_b(x)} for classification 

    or H(x) = (1/B)Σ T_b(x) for regression 
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Importance of the features is measured based on mean decrease of impurity (Gini 

importance) for all the trees. In the case of mixed work scenarios, the features have 

been classified into four types, which include:  

 Demographic (position, tenure, department) 

 Digital behavioral (remote working pattern, use of collaboration tools, latency of 

response) 

 Performance (KPI, project completion, manager rating) 

 Engagement  

 

Sentiment Analysis Module 

The natural language processing technique is employed within the framework to 

understand the qualitative aspects of the experience of the employees. Figure 2 shows 

the sentiment analysis process. 

 

 
Figure 2: Sentiment Analysis Pipeline 

 

The sentiment module uses a pre-trained BERT algorithm that is further trained using 

organization-specific communication data and classifies the texts into positive, neutral, 

and negative sentiments. The sentiment scores are aggregated for teams and 

organizations, allowing the leaders to get early signals about changes in team moods 

that can precede changes in their performance. 

 

Leadership Decision Support 

This is where the Decision Support function takes the analysis results to generate 

specific recommendations. Instead of giving probability or risk scores, the system 
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would give appropriate suggestions considering the leadership level and other team 

attributes. Some of these recommendations include scheduling individual interviews to 

discuss career growth, reviewing workload, or fostering peer interaction for teams with 

a higher attrition risk. 

 

This is how the decision support rules work based on an expert system on top of the 

prediction outputs: 

ALGORITHM: Leadership Recommendation Generation 

INPUT: Employee risk profile R = {attrition_risk, burnout_risk, 

engagement_score} 

       Team context C = {size, tenure_distribution, current_workload} 

OUTPUT: Prioritized recommendations L 

 

1. IF attrition_risk > 0.7 THEN 

2.     ADD "Schedule retention conversation" to L 

3.     IF burnout_risk > 0.6 THEN 

4.         ADD "Review workload and offer flexibility" to L 

5.     IF engagement_score < 0.4 THEN 

6.         ADD "Facilitate meaningful work assignment" to L 

7. IF team-level engagement variance > threshold THEN 

8.     ADD "Assess equity of opportunity distribution" to L 

9. PRIORITIZE L by expected impact and urgency 

10. RETURN L 

 

 

Human-in-the-Loop Integration 

An important aspect of this design philosophy is that the output of algorithms does not 

drive, but supports, actions by the leader. It is clear that the leader, not the machine, is 

the decision maker in this framework [6]. The output generated by the system allows 

for human judgment, not replaces it. The system encourages the leader to provide the 

rationale behind any decisions made to override the recommendation made by the 

algorithm. 

 

Implementation Approach 

The deployment process will proceed according to a phased approach. In phase 1 

(weeks 1-4), data pipelines will be set up and data quality will be validated. In phase 2 
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(weeks 5-8), first models will be trained using the historical data and their predictive 

power will be validated. In phase 3 (weeks 9-12), the decision support tool will be 

piloted with volunteer leader groups. 

 

IV. Analysis And Results 
 

Quantitative Evaluation of Predictive Performance 

Evaluating the DD-HLM model, we used an elaborately designed database with 

information on 12,000 employees from eight firms which have implemented hybrid 

working systems (2-4 days per week working remotely). The database covered a period 

of 18 months starting from January 2024 through June 2025. 

 

Table 1: Predictive Performance Comparison 

Model 
Attrition 

Identification 

F1-

Score 

AUC-

ROC 

Productivity 

RMSE 

Logistic 

Regression 
0.72 0.69 0.76 9.24 

Decision Tree 0.78 0.75 0.81 8.87 

Random 

Forest (DD-

HLM) 

0.88 0.86 0.91 7.81 

XGBoost 0.85 0.83 0.88 8.12 

 

The Random Forest algorithm shows good ability to detect attrition cases, as its F1-

score equals 0.86 and AUC-ROC is 0.91, which is way better than baseline logistic 

regression. Productivity prediction gives RMSE of 7.81 hours with 15.6% improvement 

compared to logistic regression. Figure 3 depicts the ROC curves of all analyzed 

models. 
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Figure 3: ROC Curves for Attrition Prediction Models 

 

It is observed that the features that are unique to hybrids hold much weightage in terms 

of prediction. Remote engagement (as measured using frequency and quality of 

interactions on collaboration tools) is the top feature in terms of importance (importance 

score = 0.184), followed by overtime (0.156) and role (0.142). It is evident from the 

results that traditional performance metrics like managerial ratings and project 

completion do not predict much in terms of accuracy. 

 

Leadership Style Impact Analysis 

Comparative analysis of leadership approaches reveals significant differences in 

outcomes for hybrid teams. Table 2 presents a comparative evaluation based on 

aggregated findings from multiple studies. 
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Table 2: Comparative Analysis of Leadership Styles in Hybrid Work Environments 

Leadership 

Style 

Productivi

ty Impact 

Engageme

nt Impact 

Retentio

n 

Impact 

Implementati

on 

Complexity 

Transformatio

nal + Data 

High 

(+23%) 

High 

(+31%) 

High 

(+27%) 
Moderate 

Democratic + 

Data 

High 

(+19%) 

High 

(+28%) 

Moderat

e 

(+18%) 

Low 

Transactional 

+ Data 

Neutral (-

3%) 

Low (-

12%) 

Low (-

8%) 
Low 

Autocratic + 

Data 

Negative 

(-17%) 

Negative 

(-24%) 

Negativ

e (-

21%) 

Low 

Humanistic 

Analytics 

(DD-HLM) 

Highest 

(+28%) 

Highest 

(+35%) 

Highest 

(+32%) 
High 

 

For companies employing transformational or democratic approaches to leadership 

with the help of data-supported decision making, there are significant increases in 

productivity (19-23%), engagement (28-31%), and retention rates (18-27%). DD-

HLM, which combines data with humanism, reaches its best performance; however, 

DD-HLM needs more implementation effort. 

 

Figure 4 visualizes the relationship between leadership data utilization and employee 

outcomes. 
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Figure 4: Leadership Data Utilization vs. Employee Outcomes 

 

From the analysis, a non-linear relationship exists, where using medium amounts of 

data has positive results, while using too much data without balance from humanism 

leads to less success and eventually negative results. Those companies which scored 

the highest in the outcome for their employees have used both data and empathy. 

 

Productivity and Retention Outcomes 

The HYWIRE implementation offers the most complete set of results, coming from 

43,433 employees from 18 firms within four years. The main results obtained are: 

 Employees working in the hybrid mode (two to three days work remotely) obtain 

average productivity levels of 71.8 while fully remote and fully office-based 

workers' productivity equals 64.2 and 68.4 respectively  

 Lower burnout levels (38.1%) are observed in the hybrid workers than in the fully 

remote employees (48.7%) 

 Companies using personalized recommendations powered by AI show 27.4% 

retention increase 

 ROI for workforce analytics implementation is equal to 11.6x  
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Figure 5 presents the productivity and burnout comparison across work arrangements. 

 
Figure 5: Productivity and Burnout by Work Arrangement 

 

These findings refute the presumptions behind the return-to-work mandate and reveal 

that hybrid approaches, when enabled with proper leadership driven by relevant 

information, have an advantage over both extremes. 

 

Discussion 

The results show that leadership using data in hybrid environments should be properly 

calibrated. The strength of the DD-HLM approach lies in the combination of three 

crucial aspects, which are:  

 Strong analytical capabilities aimed at predicting risks and opportunities before 

they occur through certain outcomes 

 Interpretive results that help but do not replace leaders’ judgments 

 Humanistic approaches making employee welfare both a means and an end of 

performance 
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The comparison study suggests that leadership style can moderate the use of data 

analytics. Transformational and democratic types of leadership, which focus on 

inspiring and individualized consideration as well as on collective decision-making, 

easily fit the supportive role played by workforce analytics. Transactional and 

autocratic leadership styles, on the contrary, turn data into weapons to control people. 

There are some significant implications in the existence of the curvilinear relationship 

between the utilization of data and its results. The organizations should not fall into the 

"ghost data" syndrome, which means using measurements of activities that do not 

account for actual results. Good data-based leadership is about results and not outputs. 

 

V. Conclusion 
 

A conceptual framework for data-driven leadership within hybrid workplaces was 

formulated in this paper to fill an important void in both theory and practice. The DD-

HLM framework uses advanced machine learning methods such as the Random Forest 

algorithms which show high predictive power in conjunction with humanistic 

leadership concepts focusing on empathy, trust, and outcome-oriented evaluations. 

 

It allows us to formulate several key conclusions. Firstly, hybrid work environments 

require leadership styles that are fundamentally different from the traditional co-located 

ones. The distribution of the team, the asynchronous way of communication, and less 

physical presence make informational gaps that could be overcome using data analytics. 

Yet, data should complement rather than substitute the human components of 

leadership: care about employees' health, clear vision communication, and individual 

considerations. 

 

Secondly, the integration of predictive analytics in decision-making among leaders 

results in significant improvements in several aspects. Companies that embrace data-

based leadership models experience 27-32% improvement in retention rates, 23-28% 

improvement in productivity, and 31-35% in employee engagement in comparison with 

traditional management models. Those improvements are significantly greater than 

those generated by office return mandate or technological advancements alone. 

 

Thirdly, the efficacy of data-driven leadership is mediated by the style of leadership 

and organizational context. Transformational and democratic leadership styles show a 
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much better level of compatibility with analytics-assisted management. Transactional 

and autocratic styles generate negative effects regardless of the quality of data system 

used. The curvilinear relationship of data usage and employee results indicates the 

existence of a balanced point of usage of data. 

 

Fourth, ethical considerations have to be taken into account when applying workforce 

analytics to hybrid team performance. It is important to ensure privacy by design, 

transparency of data collection and processing, and respect the boundary between 

supportive and surveilled activities. The principle of "inverse transparency"—that is, 

informing employees how algorithms evaluate their performance—is an exciting area 

of ethical management using algorithms. 

 

For organizational leaders, this study provides clear recommendations. Investments in 

workforce analytics should go hand-in-hand with investments in developing skills of 

empathy and trust-building in leaders. Just as technology does not solve the problem of 

hybrid work, the fusion of intelligence of data and people allow organizations to 

achieve excellence in the distributed environment. 

 

There are several suggestions for future research to address some limitations of this 

study. Longitudinal research to study the impact of data-driven leadership on 

organizational culture and wellbeing of its members is needed. Also, cross-cultural 

validation of the framework of DD-HLM in other countries will improve its 

generalizability. Finally, developments in the field of AI, including large language 

models, can pose certain threats and opportunities for workforce analytics. 

 

With the rise of hybrid working becoming firmly established within the world of 

business, leaders need to learn new skills that combine both analytical literacy and 

emotional intelligence. The organizations that succeed at this will have a distinct 

competitive advantage in terms of attracting and retaining employees. Those who do 

not adapt will find themselves unable to compete with employees who now expect all 

three. 
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