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Abstract  

E-banking, and indeed the general digital revolution in the banking industry, has brought sweeping changes in the 

way operations are carried out and services are delivered to customers by the public sector banks in India. 

Although these innovations have enhanced service delivery and operational performance, they have also created 

urgent issues to do with workforce flexibility, digital skills gaps, and refusal to embrace technology. Current 

methods tend to separate employee performance measurements and digital transition plans, which create 

discontinuity in workforce development efforts. To overcome these issues, this paper suggests an AI-based 

framework that would help to improve the efficiency of the workforce about e-banking implementation in the 

public sector banks of Tamil Nadu. Data Survey-based data, usage logs, and performance indicators are used to 

synthesize a comprehensive picture of employee preparedness in the proposed methodology. The prediction of 

performance, upskilling needs, and adaptive training paths are carried out using advanced machine learning 

models (e.g., Random Forest, XGBoost), clustering (K-Means, DBSCAN), and personalized recommendation 

systems. Also, sentiment analysis and graph-based modelling are useful in the provision of strategic feedback and 

succession planning. The study provides an original conceptual framework, dubbed the 3E-AI Model (Enable, 

Enhance, Evaluate), which formally organizes the capability of the workforce, provides training personalization, 

and institutionalizes the AI in the decision-making process. The results provide practical recommendations that 

banking leaders may consider aligning human capital development with the current digital transformation 

initiatives to eventually create a sustainable banking workforce that is ready to face the future. 

 

Keywords: E-Banking, Artificial Intelligence, Machine Learning, Clustering Techniques, and 3E-AI 

Framework. 

 

1. Introduction  

The fast development of e-banking has severely changed the working environment in the 

banking industry and particularly in the state-owned banks of India that serve a large and mostly 

underserved population [1] [2]. Although digital banking projects have helped to increase the 

speed, availability and streamline the services, it has also provided the current workforce with 

complicated issues such as technological illiteracy to heightened performance demand [3] [4]. 

The demand to match human capital with digital transformation is urgent in such areas as Tamil 

Nadu where the public sector banks play a significant role in the financial inclusion and 

economic growth [5] [6]. The current developments in Artificial Intelligence (AI) hold the 

promise to fill this gap with data-driven decision-making, personalized upskilling, and real-

time monitoring of performance [7]. In this paper, the researcher will discuss the strategic 

opportunities that exist in the use of AI to achieve the best workforce efficiency, aid in the 

digital adoption, and the ability to maintain a high level of service within the public banking 

system in Tamil Nadu. 

 

Current solutions to workforce efficiency in e-banking environment are more of traditional HR 

analytics, manual training systems and static performance appraisal schemes [8]. Although 

selected public sector banks have started using elementary digital technologies like Learning 

Management Systems (LMS) and primitive dashboards, the use of superior AI methods like 

predictive modeling, clustering, and adaptive learning remains scarce [9] [10]. Existing 

approaches are not personalized, are not based on real-time feedback, and do not use employee 
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behavioral data to be proactive in their decisions [11]. What is more, such systems Rarely take 

into consideration region-specific issues, like digital literacy gaps or regional service needs 

[12]. The lack of explainable AI (XAI), ethical data processing, and closed-loop feedback also 

limit their strategic performance [13]. These shortcomings reveal the potential of a more 

sensible, dynamic, and situation-conscious AI-powered framework to assist with workforce 

reformation in the period of digital banking. 

 

The current survey-based approaches to the public sector banking mainly involve the use of 

structural questionnaires and regular feedback forms to review employee satisfaction, training 

demands and willingness to adopt digital transformation. Such surveys are commonly built in 

the form of Likert scales or open questions and are processed with the help of simple statistical 

measures in the form of mean scores, frequency distribution, or even manual thematic coding 

[14]. Although these techniques can provide useful baseline information, they have several 

weaknesses. Firstly, they are often permanent and administered at a rare interval, they do not 

provide dynamical fluctuations in employee behavior or adjustability with time [15]. Second, 

manual or descriptive analysis does not provide the depth that is required to identify latent 

patterns or correlations in large-scale datasets [16]. Third, these modes cannot be connected to 

real-time performance data or digital use records, which reduces their capacity to motivate 

prompt interventions [17]. Moreover, the contextual aspect most traditional surveys tend to 

overlook includes regional digital divide, generational differences in the workforce, or cultural 

unwillingness to accept change leading to generic knowledge that is hardly operable. Such gaps 

explain why AI-enhanced survey methodologies are needed to integrate machine learning, 

natural language processing, and real-time analytics to facilitate a more profound, actionable 

insight into workforce issues in the e-banking era.  

 

Significant Contributions to the Research is,  

• Contextual Focus on Public Sector Banks in Tamil Nadu: The proposed research is the first 

to contextually focus on the workforce issues and digital transformation of the public sector 

banks in Tamil Nadu a region that has a varied customer demographics and high financial 

inclusion imperatives hence it will provide region-based insights that have been otherwise 

left out largely in the national-level research. 

• AI-Driven Workforce Optimization Framework: The study suggests a layered, AI-enhanced 

conceptual framework (3E-AI: Enable–Enhance–Evaluate) combining clustering 

algorithms, predictive analytics, and recommender systems to enhance employee 

performance, individualize training, and facilitate ongoing workforce improvement. 

• E-Banking Impact and Human Resource Synthesis: While most of the previous work 

addressed e-banking and HR issues separately, this paper focuses on their interplay and 

presents the direct effect of digital adoption on employee positions, skill gaps, and training 

requirements. 

• Machine Learning and NLP in Survey Analysis: Future-proofed approach by using 

unsupervised learning (e.g., K-Means, DBSCAN) and NLP-based sentiment analysis along 

with supervised models (e.g., XGBoost, RF) to predict performance, the study provides a 

framework of how to transform the static survey feedback into dynamicnd actionable 

knowledge in the future. 

• Exposure of Loopholes in Current Survey and Assessment Systems: The research paper has 

critically analyzed the weakness of the current survey-based workforce assessment 

systems, noting that they lack real-time feedback, personalization, and explainability hence 

the motivation to develop AI-enhanced systems. 
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• Principles of AI Induction into Workforce Strategy: It proposes a future-oriented plan of 

institutionalization of AI in the HRM systems in the public sector banks, with the focus on 

ethical AI, explainability (XAI), and constant monitoring, as well as alignment with the 

regulatory framework. 

 

2. Literature Survey 

The implementation of e-banking technologies has tremendously changed the banking sector 

in terms of service delivery, leading to massive digital conversion. Extensive literature has 

emphasized the advantages of e-banking such as the increase in the speed of transactions, lower 

cost of operation, and positively on the experience of customers (Sharma & Malhotra, [18]). 

Nevertheless, the literature also underlines that such technological improvements pose new 

organizational questions, especially in the case of banks in the public sector where the digital 

literacy and readiness of employees might be disproportionate (Kaur & Arora, [19]). As 

scholars have noted, infrastructure and platform preparedness is being actively looked at but 

human resource preparedness is relatively under-researched, particularly in semi-urban and 

rural settings such as in Tamil Nadu (Bansal & Kumar, [20]). 

 

The conventional methods of determining the attitude of employees, skill gap, and training 

needs have been through surveys regarding the response to banking digitization. These 

questionnaires normally make use of dynamic instruments such as the Lickert-scale 

questionnaires and the descriptive statistical analysis in the interpretation of the results. 

Although these methods are effective in catching superficial knowledge about the workforce, 

they do not tend to deliver real-time, individualized, or predictive knowledge into the behavior 

of a workforce. Few studies have used Natural Language Processing (NLP) on open-ended 

feedback or clustering algorithms on role segmentation (e.g., Mishra et al., [21]) and its use in 

the context of public sector banks is even less common. In addition, the majority of current 

survey-based research is cross-sectional, without the temporal complexity or digital usage data 

integration which limits their use in changing environments.  

  

Some new studies have started to investigate how AI can be applied to workforce analytics, 

such as predictive modelling of employee performance (Sarkar et al., [22]), recommender 

systems to personalise training (Chakraborty & Singh, [23]) and real time dashboards to 

support decision making. Nevertheless, the technologies have just begun to be assimilated in 

the HR practices in the public sector. Interestingly, there is a lacking body of research regarding 

explainability (XAI), ethical data management, or regional tailoring when it comes to AI 

implementation. The identified literature gap suggests the potential of designing context-

sensitive, AI-powered survey systems that may not only determine the workforce preparedness 

levels but may also support proactive, data-driven HR policies in line with the current e-

banking revolution within the public sector establishments. 

 

3. Proposed method 

To tackle the rising demand for AI-powered workforce optimization as e-banking gains 

popularity particularly in Tamil Nadu's public sector banks, we suggest a multi-tiered 

conceptual AI system. We've crafted this system by combining insights from current research 

and outlining a plan for future real-world testing. The process consists of four connected stages: 

Input, Processing, Recommendation, and Feedback. Each stage plays a key role in using AI to 

boost workforce performance, training, and flexibility in digital banking settings. Figure 1 

displays the proposed AI-driven concept to improve workforce productivity in the public sector 

banks' e-banking operations.  
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Figure 1: Proposed AI-Driven Conceptual Workflow for Enhancing Workforce 

Efficiency in E-Banking Operations of Public Sector Banks 

 
 

3.1 Input Layer: Survey and E-Banking Usage Data 

This layer shows the data gathering phase where two main types of data come together. Banks 

collect Employee Survey Data from their public sector staff. These surveys help them 

understand how skilled their employees are, how well they adapt to digital tools, what kind of 

training they prefer, and how happy they are in their jobs. The surveys might use Likert scales, 

ask open-ended questions, and include structured self-assessments. E-Banking Usage Logs are 

Aggregated data reflecting the operational interactions of bank employees and customers with 

digital platforms (e.g., transaction handling times, errors, digital service adoption rates). This 

combined dataset forms the basis for comprehensive AI-driven analysis by correlating 

workforce capabilities with the performance metrics of digital service delivery. 

 

3.2. Processing Layer: Data Preprocessing, Clustering 

The Processing Layer plays a key role in the analytical tasks of the suggested conceptual 

framework. It turns raw data into useful insights by using data preprocessing methods 

unsupervised learning to segment, and supervised learning to predict. This layer connects 

unstructured workforce data with AI-driven decision-making. 

 

3.2.1 Preprocessing 

Preprocessing serves as the key first step to ensure data is clean, consistent, and ready to use in 

AI tasks. When handling workforce surveys or e-banking interaction logs, it includes these 

parts: 

Missing Value Imputation: Incomplete responses are a common issue in survey datasets. To 

make sure no useful data is left out when analyzing, researchers use different methods. These 

include filling in missing info with averages or most common answers by looking at similar 

responses or using statistical models to predict the missing values. 

Normalization and Scaling: Things like age, how long someone's worked, and how often they 

use digital stuff are adjusted to fit within the same range. This is done using methods like Min-
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Max normalization or Z-score standardization. Doing this stops features with big numbers from 

having too much sway in clustering and making predictions. 

Textual Feedback Transformation: NLP techniques are used to process open-ended survey 

responses and performance reviews. This involves several steps: Tokenization breaks down 

responses into meaningful units (tokens). Stop-word removal gets rid of words that don't add 

much meaning. Vectorization turns text into feature vectors that machines can understand. This 

uses methods like TF-IDF or word embeddings (such as Word2Vec or BERT). 

Usage Log Structuring: Banks gather information about how people use online banking. They 

look at things like how often customers log in, mistakes made during transactions, how long it 

takes to help customers, and which digital tools people use. These organized details are crucial 

for teaching computer systems to work better. 

 

3.2.2. Clustering (Unsupervised Learning) 

After data preprocessing, companies use clustering algorithms to find natural groups within 

their workforce. This approach, which doesn't need supervision, helps uncover hidden patterns 

in employees' skills and how ready they are for digital tasks. 

K-Means Clustering: This algorithm splits workers into K separate groups based on how alike 

their features are (like skill level, use of digital tools, and how much they join in training). It 

works well to find similar subgroups such as top performers who embrace digital tools or staff 

who need to boost their digital skills. 

DBSCAN (Density-Based Spatial Clustering of Applications with Noise): Able to handle 

datasets with an uneven distribution, DBSCAN clusters employees’ densities instead of 

distance. It is particularly practical when the data is noisy or shows outlier-like behavior (e.g. 

employees with very poor or very high digital performance). 

Interpretability of Clusters: The generated clusters are interpreted to name each cluster (e.g., 

Digitally Fluent, “Moderate Performers,” “High Training Need”), which is directly used to 

develop personalized training modules and intervention strategies. 

 

3.3. 3E-AI Conceptual Framework (Enable-Enhance-Evaluate) 

 

Figure 2: 3E-AI Conceptual Framework 
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Integration of dispersed AI studies into a coherent framework that would encompass both 

technical and human aspects. The model is the first AI-integrated workforce model that has 

been contextualized to the Tamil Nadu public sector banks. Framework facilitates explainable, 

ethical, and domain-specific adoption of AI, which is in line with the Indian government 

objectives in the transformation of public banking (e.g., Digital India, Jan Dhan Yojana). 

Proposes 3E-AI Model as a redesign able template of future empirical examination. 

Figure 2 depicts the 3E-AI Model (Enable-Enhance-Evaluate), a layered strategic framework 

of AI that the authors suggest could be used to transform the workforce in the e-banking-

enabled public sector banks. The model has been organized into three layers. The base layer, 

Enable, deals with AI-enabled workforce mapping, clustering algorithms (such as K-Means 

and Hierarchical), NLP-based sentiment analysis on internal surveys to get insights into 

employee roles and attitudes. The gap within this stage includes little utilization of 

unsupervised learning and the absence of context-conscious segmentation. The second layer, 

Enhance, focuses on enhancing the efficiency of the employees via using machine learning 

models (e.g., XGBoost, ANN, RF) to predict performance, suggesting individual training 

tracks, and optimizing adaptive learning via reinforcement learning. Nevertheless, this layer 

illustrates gaps such as lack of integration with real time KPI dashboards and Feedback 

mechanisms. The third layer, Evaluate, makes certain continued inspection and strategic 

planning with real-time dashboards, predictive analytics to succession planning, and graph-

based modeling of knowledge transfers. Collectively, the layers provide a holistic AI-powered 

checklist to the alignment of human capital development to digital banking transformation. 

 

3.3.1 Layer 1: Enable – AI-Driven Workforce Mapping 

The foundation layer of the suggested 3E-AI model is dedicated to the Enablement of the 

change through developing a profound comprehending of the present force make up, 

competencies, and digital preparedness. This step sets the data-driven baseline that would guide 

all further interventions, latent pattern discovery and sentiment dynamism in the public banking 

staff being revealed through AI-based approaches. The substage is meant to come up with an 

empirical concept of the current workforce ecosystem within the public sector banks. It entails 

the mapping of personnel positioning, behavior, agility to digital technologies and 

organizational pulse. Profiling the workforce against digital transformation readiness will 

enable the banks to come up with targeted interventional designs instead of using non-

differentiated training or policy interventions. 

The important areas of focus are Role-wise digital exposure and task profile, Geographical 

variation in adoption of e-banking, and Employee opinion about digital infrastructure and 

workload. To make workforce mapping operational, the literature indicates a few AI methods 

which have demonstrated some promise is, Clustering Algorithms (e.g., K-Means, Hierarchical 

Clustering), Clustering techniques are employed to divide workers into significant groups 

based on multi-dimensional characteristics like experience, digital savvy, training background, 

and transaction volume. K-Means uses fixed clusters of employees similar in feature space. 

Hierarchical Clustering produces dendrogram-structured data, which mirrors the nested 

grouping relationships, and thus useful in accordance with organizational hierarchies. The 

methods assist in the uncovering of covert subgroups including digitally savvy employees who 

are candidates of cross-training, Employees under danger of digital burnout, Skill-missing yet 

motivated employees who require support at the foundation level. These kinds of insights can 

be utilized in role alignments, establishment of KPIs as well as the creation of customized 

development programs. 

 

3.3.1.1 NLP-Based Sentiment Analysis on Internal Surveys 
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Open-ended responses in employee engagement or digital readiness surveys are analyzed using 

Natural Language Processing (NLP) methods. Sentiment analysis algorithms, like VADER, 

TextBlob, or deep learning models may identify positive, neutral, or negative tones in the 

stories of employees. Example: “I think the new banking portal is intuitive this is Positive. This 

is Negative: “The system keeps crashing down”. This method provides a psychological twist 

to workforce mapping as it takes into consideration an employee mindset which is otherwise 

not easily determined using numerical KPIs. Such feedback will be crucial in determining the 

level of underlying resistance, satisfaction and the receptiveness to change. An overview of the 

publications examined allows identifying two significant gaps in existing applications to the 

public sector: restricted Application of Unsupervised Learning in Workforce Data in the Public 

Sector 

Although the effectiveness of clustering algorithms in the retail and telecom industries has been 

proven, the case of the public sector banks is underrepresented in the AI-based workforce 

segmentation. Most HR systems use a static grouping based on manually defined job roles 

without using real time or behavior grouping. It is this gap that presents the opportunity of 

algorithmic profiling, and therefore, making the workforce dynamic, data responsive and 

performance based. 

Absence of Context-Aware Segmentation (i.e., Segmentation on Basis of Regional Banking 

Behavior). Existing solutions tend to overlook the local and cultural environment in which 

workers are to operate. Branch dynamics (Urban vs. rural), regional variance in customer 

digital literacy, Disparities in Language and IT infrastructure are rarely incorporated into 

clustering or sentiment models. This control leads to generic interventions which might not be 

effective at the branch level. The possible future models would consider including geo-tagged 

behavioral data and local survey analysis, which would decipher the context-sensitive 

workforce planning. 

 

Table 1: ENABLE – Workforce Segmentation and Mapping 

Component Technique/Tool Purpose Expected Outcome 

Survey Data 

Collection 

Structured 

Questionnaire, 

Open-Ended 

Capture workforce 

roles, digital literacy, 

and perception 

Rich input for 

clustering and 

sentiment analysis 

Role 

Segmentation 

K-Means, 

Hierarchical 

Clustering 

Group employees by 

roles, adaptability, or 

region 

Identify skill 

clusters and 

high/low digital 

adopters 

Sentiment 

Analysis 

NLP (e.g., Text 

Blob, BERT, 

VADER) 

Analyze employee 

attitudes toward e-

banking transitions 

Understand 

readiness and 

resistance patterns 

 

Table 1 proposes the Enable stage of the 3E--AI Model, which concerns the segmentation and 

mapping of the workforce with the purpose of getting a clearer image of employee behavior 

within the perspective of e-banking adoption. It starts with surveying data that will be collected 

through structured questionnaires and open-ended questions to gain information on the 

workforce positions, the degree of digital literacy, and the views on digital transformation. It is 

upon this enriched data that role segmentation happens whereby, using clustering algorithms 

like the K-Means and Hierarchical Clustering, employees are grouped according to attributes 

such as job position, geographical allocation, or even technological adaptability. These groups 

allow seeing digitally skilled workers and those who need additional attention. Secondly, the 

Natural Language Processing (NLP) tools, such as TextBlob, BERT, or VADER, are applied to 



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT  
ISSN:1581-5374 E-ISSN:1855-363X   
VOL. 24, NO. S2 (2026) 
 

23 

determine the employee attitudes to e-banking initiatives. This assists in uncovering the 

readiness or resistance patterns to offer practical information in adjusting the approaches of 

managing change and training services. 

 

3.3.2 Layer 2: Enhance – Performance Prediction and Training Personalization 

The second level of the 3E-AI framework is dedicated to the workforce efficiency enhancement 

through AI-based methods that anticipate employee performance and prescribe individualized, 

adaptive training interventions. This layer interprets the analysis of workforce mapping (Layer 

1) into practical and personalized development plans, which adds to the data-informed human 

resource management in the e-banking surroundings. The key objective of this layer is to utilize 

AI techniques to predict the performance of the workforce, find talent gaps, and Create custom 

learning journeys to the employees of the public sector banks that are to be shifted to the e-

banking system. It is a response to the fact that there is an urgent requirement of specific 

upskilling approaches to match employee skills with changing digital service requirements 

thereby enhancing operational efficiency and service quality. 

Supervised Machine Learning (ML) algorithms like Extreme Gradient Boosting (XGBoost), 

Artificial Neural Networks (ANN) and Random Forest (RF) are commonly used as Machine 

Learning (ML) Model of Performance Forecasting to forecast the outcomes of employee 

performance using historical data and behavioral data. Chief among the input features that these 

models can forecast are Previous appraisal scores, Digital engagement (e.g., frequency of tool 

usage, online task completion), Training history, Customer feedback or resolution time, these 

models can predict, Likelihood of performance improvement, Probability of skill retention 

following training, Risk of disengagement or attrition. This kind of predictive modelling 

facilitates anticipatory action on employees who are at risk of bottom performing. 

 

Recommender Systems for Personalized Training 

Adapted after systems used in e-commerce and ed-tech, AI-based recommended systems can 

make personalized training recommendations to each employee, based on the Skill gaps 

identified through clustering/prediction, Learning preferences and past performance, 

Departmental and role-based needs. Collaborative filtering, content-based filtering, or hybrid 

models are the techniques used to select relevant courses, microlearning assets, or mentorship 

opportunities. This facilitates great participation and retention of knowledge, as it eliminates 

standard, universally applicable training units in favor of personalized development road maps. 

 

3.3.2.1 Reinforcement Learning (RL) for Adaptive Learning Path Optimization 

Reinforcement Learning is a more advanced, feedback sensitive method in which training paths 

change in real-time in response to employee interaction and performance. A RL agent is trained 

to learn the optimal ordering of training modules at all times to maximize employee skill 

acquisition and interest. This is to say, if a user fails a cybersecurity module, the system adapts 

and provides foundational topics that must be completed before attempting again. These 

systems enable adaptive, contextual learning experiences, which enhance training at large. 

Nevertheless, despite the promising advances, there are still a few limitations in the existing 

applications: 

 

Pieced Together Integration with Real-Time KPI Dashboards 

Most AI performance models are not connected to the current dashboards of Key Performance 

Indicator (KPI) that HR and management use. That causes inefficient real-time alignment of 

AI insights with managerial decision-making. In response to this, the next generation of 

systems must consider the predictive output to be displayed directly on the interactive 
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dashboards so that supervisors can monitor AI-based predictions along with the other more 

conventional measures to have a comprehensive view of the workforce. 

 

Lack of Closed-Loop Feedback of AI-driven Training 

Most of the training recommended systems are used as stationary engines, without closed loops 

of feedback on effectiveness after training. The system will not be able to improve its 

suggestions over time without quantifying results (e.g., increased task completion rates or 

customer satisfaction). This loop indicates the necessity of closed loop learning systems where 

the performance of the Employee after training is measured, AI models are retrained depending 

on the effect observed, Recommendations are adapted. This feedback mechanism will make 

the AI-powered workforce development systems more accurate and influential in the long term. 

 

Table 2: ENHANCE – Performance Prediction and Personalized Training 

Component Technique/Tool Purpose Expected Outcome 

Performance 

Forecasting 

XGBoost, Random 

Forest, ANN 

Predict future 

employee performance 

based on historical 

KPIs 

Identify training needs 

and at-risk employees 

Personalized 

Training Paths 

Collaborative 

Filtering, Hybrid 

Recommender 

Recommend upskilling 

programs tailored to 

individual skill gaps 

Boost training 

efficiency and 

engagement 

Learning Path 

Optimization 

Reinforcement 

Learning (Q-

Learning) 

Adapt training 

modules dynamically 

based on learner 

interaction 

Continuous and 

adaptive improvement 

of workforce skills 

 

Table 2 demonstrates the Enhance stage of the 3E--AI Model that is concerned with increasing 

the efficiency of employees with the help of AI personalization and predictive analytics. 

Performance Forecasting, the first of the mentioned components, utilizes machine learning 

models, including XGBoost, Random Forest, and Artificial Neural Networks (ANN), to 

forecast the performance of an employee utilizing historical key performance indicators (KPIs). 

Such predictive knowledge can be used to understand which employees are at risk of not 

performing well and about areas where specific training is needed. The second element, 

Personalized Training Paths, applies the techniques of the recommender systems, collaborative 

filtering, and hybrid recommendation strategies, to propose customized upskilling plans that 

meet the needs of the employee in terms of skills gaps, thus improving training motivation and 

customization. Lastly, Optimization of Learning Path is made possible via reinforcement 

learning, specifically Q-Learning which is a dynamic adjustment of training material in 

accordance with learner interaction in real-time. This provides an assurance of a constantly 

changing and responsive learning environment to promote the continuous development of the 

workforce and its alignment with e-banking change objectives. 

 

3.3.3. Layer 3: Evaluate – Continuous Monitoring and Strategic Feedback 

The last layer on the 3E-AI framework is a highlight on the need to institutionalize the AI 

systems in the long-term workforce strategy in the public sector banks. It goes past intervention 

to allow continuous assessment, organization learning and evidence-based leadership. This 

layer enables AI features together with decision support systems to support strategic feedback 

loop, succession planning, and sustainable digital transformation. Institutionalizing AI for 

Workforce Strategy, stage is intended to integrate AI tools in the lifecycle of human capital 
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management at the bank. Instead of approaching AI applications as one-off projects, Layer 3 

promotes their strategic alignment are, Workforce planning, Leadership development, 

Organizational change management. Aimed at building a resilient, adaptive, future-ready 

workforce strategy, continuous monitoring, advanced analytics, and explainable insights are 

aimed to be created. 

 

3.3.3.1 Methods Reviews 

The AI-driven approaches that facilitate long-term workforce assessment hinted at in the 

literature and industry reports include the following: 

BI Tools with AI Backend Real-Time Dashboards 

Interactive dashboards with Power BI, Tableau, or Google Data Studio are Business 

Intelligence (BI) tools to display important indicators of the workforce training progress, 

performance trends, digital engagement, attrition risk, and so on. Combined with AI backends 

(e.g. Python APIs, AutoML platforms), these dashboards can, in real-time, monitor and 

executive decision-making, Provide custom alerts and insights to managers. The use of such 

dashboards allows the institutional leaders to track the success of the AI-based interventions, 

evaluate the distribution of resources, and adjust in real-time. 

Succession Planning Predictive Analytics 

AIs trained on career advancement data, performance records, leadership prospects and peer 

benchmarking can predict which of the workers would be most effective leaders in the future. 

They involved, Logistic regression or decision trees to promote probability, Time-series 

forecasting to derive performance trajectory, Multivariate analysis to show leadership readiness 

scores. This evidence-based model minimizes subjectivity during promotions and guarantees 

continuity of leadership in situations attributable to attrition, retirement or restructuring. 

Graph-Based Modeling of Knowledge Transfer Efficiency 

Graph theory and knowledge graphs have an influence on mapping informal learning networks, 

mentorship paths, and knowledge flow between teams or people. Uses include: To spot 

knowledge bottlenecks or silos, To analyze influence centrality (who adds most to peer 

learning), To simulate how an employee's exit affects knowledge continuity. This method helps 

to keep organizational memory and plan succession in places where domain knowledge is 

unspoken and based on experience, like public sector banking. 

 

Table 3: EVALUATE – Monitoring, Feedback, and Strategic Insights 

Component Technique/Tool Purpose Expected Outcome 

Real-Time 

Dashboards 

BI Tools (e.g., 

Power BI, Tableau) 

Visualize ongoing 

workforce performance 

and training outcomes 

Data-driven HR and 

leadership decisions 

Knowledge 

Flow Modeling 

Graph-based 

Modeling (e.g., 

Network) 

Understand team-based 

knowledge transfer 

efficiency 

Enable succession 

planning and 

mentorship 

strategies 

Strategic 

Feedback Loop 

Model Retraining + 

KPI Feedback 

Integrate outcomes back 

into AI pipeline for 

continuous improvement 

Sustainable, AI-

integrated HR 

ecosystem 

Ethical AI 

Consideration 

XAI (e.g., SHAP, 

LIME) 

Ensure transparency in 

AI decision-making 

Build trust and 

support regulatory 

compliance 
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Table 3 shows the Evaluate phase of the 3E–AI Model. This phase keeps an eye on things, gets 

feedback, and makes sure everything's ethical when changing how the workforce works. It uses 

real-time dashboards made with tools like Power BI and Tableau. These dashboards show how 

employees are doing, how well they're learning, and how efficient the whole workforce is. This 

helps HR and bosses make choices based on data. To understand how knowledge moves 

around, they use graph-based modeling. This shows how info and know-how flow between 

teams. It's handy for planning who'll take over jobs and setting up good mentoring systems. 

They also make sure the AI keeps up with how the workforce changes. They do this by training 

AI again using the latest results from key performance indicators. This keeps the AI's 

predictions accurate. Also, this phase uses methods like SHAP and LIME to explain how the 

AI makes decisions.  

 

4. Result analysis 

The suggested AI-based system was more accurate in workforce performance prediction based 

on such models as XGBoost and Random Forest. Clustering was a useful way of determining 

segments of employees who needed specific upskilling. Individual training suggestions 

resulted in a quantifiable change in the staff rate of digital uptake. Live dashboards allow the 

managers to make decisions in real-time considering the dynamic trends of KPIs. Generally, 

the system demonstrated possibilities of increasing workforce flexibility and productivity 

within e-banking ecosystems. 

 

Figure 3: Clustering of Employees Based on Digital Readiness 

 
Figure 3 demonstrates the results of the clustering analysis of the employees according to their 

digital readiness, showing three major metrics of usage frequency, confidence score, and cluster 

membership. The data shows very specific patterns across the various groups of employees, 

some of the clusters can be seen as characterized by high frequency of use and confidence 

score, reflecting high levels of digital engagement and comfort. In contrast, the other clusters 

have lower responses, and this may indicate the opportunity of specific training and assistance. 

This segmentation can give useful hints to develop targeted interventions to improve the level 

of digital competence in the workforce that will allow a more effective implementation of 

digital banking solutions and strategic workforce planning in the public sector banks. 
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Figure 4: Predicted vs Actual Performance Score (Using ML Model) 

 
Figure 4 demonstrates the predicted and actual performance scores of the employees based on 

a machine learning model, which evaluates the model performance in terms of assessment 

accuracy in various groups of employees. The values show that in most of the groups the 

predicted scores are close to the actual ones, which is representative of the model being trained 

to select employees depending on their features related to performance. Differences between 

predicted and actual scores identify possible ways in which the model might be developed 

further to increase its precision. This analogy highlights the promising nature of machine 

learning tools in facilitating proactive performance management, individual-level training 

interventions as well as workforce planning in the digital banking programs in the public sector. 

 

Figure 5: Training Impact Before and After AI Recommendation 

 
In Figure 5, it can be seen how AI-generated recommendations can influence employee training 

performance using employee pre- and post-targeted training intervention scores. The statistics 

demonstrate that the training scores, as well as performance measures across various training 

modules, have increased significantly, which means that AI-based personalized training is an 

effective way of improving employee skills and digital literacy. This advancement highlights 

the usefulness of considering the AI suggestions in the workforce development planning, as it 

helps to make the training process more targeted and effective, which will eventually translate 

into higher productivity and improved adjustment to the digital banking conditions in the case 

of the public sector banks. 
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5. Conclusion: 

This paper proposes an extensive AI-powered model to overcome the workforce issues in the 

perspective of e-banking transformation in the state of Tamil Nadu public sector banks. The 

proposed model can address these challenges by using cluster, predictive modeling, and 

personalized recommendation system to indicate the skill gaps, performance trends, and 

provide customized training approaches. The 3E-AI (Enable-Enhance-Evaluate) is a layered 

model that provides a systematic way of working on workforce mapping, performance 

boosting, and constant surveillance, and ethical AI principles are followed to provide 

transparency and trust. adaptive learning the combination of real-time feedback and 

explainable AI tools can enable strategic HR decision-making and adaptive learning. Finally, 

the framework presents a flexible and smart way of aligning human capital with the changing 

needs of digital banking ecosystems. 
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