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Abstract: The prediction of performance by remote employees has become more important as organizations try to 
make their workforce data-driven when distributed. Existing approaches, however, tend to be non-interpretable, non-
robust, and non-fair. In this study, an Explainable TabNet Framework for predicting employee performance remotely 
from a workforce dataset with 100,000 employee records is proposed. This framework incorporates attention-based 
deep tabular learning, explainability through SHAP values, robustness evaluation via cross-validation, statistical 
significance testing, and fairness auditing of subgroups in this field. Multiple regression analysis metrics were 
computed for the predictive performance of the model and compared with four other baselines: Linear Regression, 
Ridge Regression, Random Forest, Extra Trees, Gradient Boosting, Model XGBoost and LightGBM. The proposed 
framework outperformed all baseline models with better predictive performance, as evident in the R2 score, RMSE, 
MAE, and PCC values, which were 0.9880, 0.1549, 0.1223, and 0.9956, respectively. The most significant predictors 
of employee performance as determined by ex-ante analysis were employee satisfaction, monthly salary, project 
involvement, participation in training, and tenure in the organization. Cross-validation and statistical testing ensured 
model robustness and significance, and fairness testing confirmed that the prediction was similar across groups of 
demographic and organizational individuals. The Explainable TabNet Framework is an accurate, interpretable, robust, 
and fair solution for employee performance prediction in remote work, which will enable transparent workforce 
analytics and human resource decision making based on evidence. 

Keywords: Explainable artificial intelligence (XAI); remote employee performance prediction; TabNet; workforce 
analytics; SHAP explainability; fairness-aware machine learning; deep tabular learning 

1. Introduction 

Today, fast-growing digital technologies, cloud computing systems, and ways to communicate collaboratively are 
making workplaces different [1]. An increasing number of organisations are shifting to remote and hybrid working 
patterns to deliver increased flexibility, contented staff, cut down on infrastructure spend, and keep companies running 
[2]. These workplace models come with great Organizational and Employee benefits but also bring significant 
challenges of workforce monitoring, productivity assessment, performance evaluation, and managerial decision 
making [3]. The difficulty in assessing employee performance objectively and consistently remotely is greater than in 
traditional workplaces because of less direct supervision [4]. Thus, seemingly more and more organisations are turning 
to workforce analytics and Artificial Intelligence (AI) technologies to help guide evidenced-based performance 
evaluation and strategic human resource management. 

Staff performance is one of the major factors determining organizational productivity, innovation, 
competitiveness, and sustainability [5]. As organizational success becomes increasingly dependent on the performance 
of employees [6], [7], it is evident that they make a major contribution through better efficiency, service, customer 
satisfaction, and business results. The factors that impact employee performance, though, are varied and include 
demographic, behavioral, organisational, and work factors such as employee satisfaction, compensation and workload; 



participation in training; project involvement; professional experience, educational background; organisational tenure; 
and workplace flexibility [8], [9]. All these variables are interwoven and nonlinear, which makes it difficult to rely on 
traditional performance assessment methodologies. 

Most established systems for employee performance evaluation use manual appraisal, key performance 
indicators (KPIs), annual performance reviews, and supervisor assessments [10], [11]. Although these approaches 
provide management insights, they can be subjective, evaluation-biased, inconsistent, and scalable [12], [13]. These 
restrictions are especially pronounced in large companies, where employees are found at a distance and in different 
places, making it difficult to observe their work [14]. This leads to a growing demand for smart prediction systems 
that can reliably forecast the performance of employees and offer objective and scalable decision-support mechanisms 
that can be seen and understood. 

Machine learning is proving to be a tremendous remedy for tackling these issues. With machine learning 
algorithms automatically detecting patterns in large amounts of organizational data, these computer programs can 
make accurate predictions of employee productivity, engagement, retention, and performance results [15], [16], [17]. 
Common machine-learning models, such as Linear Regression, Ridge Regression, Random Forests, Gradient 
Boosting, XGBoost and LightGBM, have exhibited good results for different workforce analytics applications [18], 
[19], [20], [21]. However, there are currently two significant limitations to many predictive models. One is that 
standard algorithms are unable to adequately describe non-linear relationships between various workforce factors that 
may be non-homogeneous. Second, many predictive systems are black-box models that offer little insight into what 
factors affect the outcome of the predictions. 

As AI-based decision-support systems become more widespread, it has become a growing concern to ensure 
that they are applied in a transparent and accountable manner with trust and fairness [22]. In an organizational context, 
predictive suggestions can have a direct effect on promotion decisions, pay structures, workforce planning, employee 
career development, and performance management policies. Moreover, managers and stakeholders are much more 
needy of systems that are able to effectively predict well in addition to being able to interpret what justifications have 
guided their decisions [23], [24]. Explainable Artificial Intelligence (XAI) stands out as one of the most pressing and 
promising research horizons that seeks to increase the transparency of models and promote humans-in-the-loop 
decision-making [25], [26], [27]. Feature-level interpretation and prediction explanations contribute to trust and 
accountable use of AI systems, as well as easy adoption of AI systems for HR use. 

The understanding of structured tabular data is achieved using a special architecture designed recently 
specifically for tabular data, namely, deep learning. Among these methods, models based on deep tabular learning 
with an attention mechanism have received a great deal of attention owing to their excellent prediction power and 
built-in interpretability [28], [29]. These sequential architectures are different from conventional neural networks that 
process all the features at once. These architectures have sequential attention mechanisms, which means that they 
compute which features are the most informative for their current decision at each decision step [30], [31], [32]. This 
attention-based learning approach allows high-efficiency modeling of complex interactions between multiple, non-
linear variables, as well as explanations at the feature level, concerning the model behavior [33]. The quality and 
nature of these features make tabular learning with attention specifically well suited to workforce analytics [34], [35], 
which leverages a variety of demographic, organizational, behavioral, and remote-work variables that vary among 
different employees. 

Although workforce analytics has made significant progress, there are still several challenges for research 
that remain unanswered. Many studies have a limited interest in the employee-performance prediction task compared 
with employee attrition prediction or employee turnover analysis or categorization. Second, traditional predictive 
systems often focus on the prediction (accuracy) of the risk of negative events with little explanatory value, which 
hinders their use in the context of organizations. Third, the number of studies that examine predictive performance, 
explainability, robustness, statistical significance, and fairness in a single framework is limited. Finally, there continue 
to be relatively underexplored applications of deep tabular learning architectures that are suitable for large-scale 
remote applications to employee performance prediction. 



In this work, we introduce the Explainable TabNet Framework for Remote EPP, which improves on these 
limitations by leveraging a large-scale public dataset of 100,000 employee records. The proposed framework presents 
a unified predictive modeling pipeline that incorporates attention-based deep tabular learning, explainability via 
SHAP, extensive baseline comparisons, robustness validation, statistical significance testing, and fairness auditing. 
This framework seeks to deliver a dependable and attainable AI remedy for present-day labor force analytics and 
evidence-based HRM. 

Multiple regression metrics like coefficient of determination (R²), Mean Absolute Error (MAE), Root Mean 
Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), Median Absolute (MAE), Explained Variance 
Score and Pearson correlation coefficient are applied to the proposed framework. To evaluate the robustness of the 
models, five-fold cross validation was used and to ensure any statistical significance, paired t-tests, Wilcoxon signed-
ranked, Friedman tests, and Nemenyi post hoc analysis were performed. In addition, fairness is evaluated by gender, 
department, education level, and organizational subgroup, which guarantees fair predictive performance. 

The results of the experiment show the effectiveness of the proposed framework, with an R2 of 0.9880, 
RMSE of 0.1549, and Pearson correlation coefficient of 0.9956 for the new test data. The explanatory analysis 
determines that among the factors influencing employee performance, employee satisfaction, employees' monthly 
salaries, involvement in the project, participation in training, and organizational tenure are the most influential. 
Furthermore, the robustness validation, statistical testing, and fair assessment of the methodology demonstrate that 
the approach suggested in this work is reliable, stable, and ethically appropriate for workforce analytics applications. 

The following research questions were addressed in this study: 

RQ1: Can an attention-based deep tabular learning framework really predict the performance of remote employees 
based on demographic, organizational, behavioral, and workplace-related data? 

RQ2: Can Explainable TabNet Framework outperform popular machine learning models (Linear Regression, Ridge 
Regression, Random Forest, Extra Trees, Gradient Boosting, XGBoost, and LightGBM) with respect to predictive 
performance? 

RQ3: What are the most important attention-based features and explainable AI-based features for predicting employee 
performance? 

RQ4: Is the proposed framework valid, statistically sound, and generalizable to various validation settings? 

RQ5: Does the suggested scheme preserve a fair and equitable predictive performance among demographic and 
organizational groups of employees? 

Based on the objectives of this study and the characteristics of the proposed framework, the following 
hypotheses were formulated: 

H1: Prospect refers to the proposed Explainable TabNet Framework, which successfully predicts the performance of 
an employee and explains a significant portion of the variation in the obtained performance scores. 𝐻1:  ்ܴ௔௕ே௘௧2 > 0.90 

H2: The proposed Explainable TabNet Framework performs significantly better in prediction results compared to the 
conventional machine learning and ensemble learning algorithms. 𝐻2:  ்ܴ௔௕ே௘௧2 > ܴ஻௔௦௘௟௜௡௘2  

where ܴ஻௔௦௘௟௜௡௘2  denotes the coefficient of determination achieved by competing regression models. 
H3: The most influential determinants of employee performance include employee satisfaction, monthly salary, 
training, involvement in projects, and organizational tenure. 𝐻3:  ݁ܿ݊ܽݐݎ݋݌݉ܫ௄௘௬ ி௘௔௧௨௥௘௦ > ை௧ℎ௘௥ ி௘௔௧௨௥௘௦݁ܿ݊ܽݐݎ݋݌݉ܫ  

as determined by TabNet attention scores and SHAP values. 
. 
H4: The proposed framework achieves a statistically significant improvement in predictive performance. 𝐻4:  ݌ < 0.05 

for paired t-test, Wilcoxon signed-rank test, Friedman test, and Nemenyi post-hoc analysis. 



H5: The proposed framework preserves strong predictive capability over various folds of cross validation. 𝐻5:  ߪ஼௏ → 0 

where data include the variation of predictive performance across validation folds, where ߪ஼௏ is the variance. 
H6: The proposed framework has very low demo and organization bias among the subgroups of employees. 𝐻6:   ∣ ௜ܧܣܯ − ௝ܧܣܯ ∣<  ߜ

where ܧܣܯ௜ and ܧܣܯ௝ denote prediction errors for the subgroups and when there is a small amount of fairness δ. 

The major contributions of this study are summarized as follows: 

• First, an Explainable TabNet Framework is developed for continuous remote employee performance prediction 
using large-scale workforce data.  

• Second, attention-based deep tabular learning was integrated with SHAP-based explainability and native feature-
importance analysis to improve model transparency. 

•  Third, comprehensive benchmarking is performed against multiple traditional and ensemble-based machine 
learning algorithms.  

• Fourth, robustness validation, statistical significance testing, and fairness auditing were incorporated to ensure 
reliable and responsible AI deployment. 

• Finally, actionable insights regarding the key determinants of employee performance are generated to support 
evidence-based human resource management and organizational decision-making. 

2. Literature Review 

2.1 Employee Performance Prediction in Remote Work Environments 

According to Ortynska [6],  remote and hybrid work are adopted, one-way organizations measure productivity and 
performance changes. Zapata, L., et al. [36], what makes remote working different from the regular way of work is 
that it has extra considerations including workplace flexibility, effectiveness, work-life balance, digital collaboration 
and worker autonomy. Pillai, S. V. and J. Prasad [37], these factors result in complexity and interactions that impact 
worker productivity, making it increasingly difficult to assess performance. Md Harun-Or-Rashid, M. and K. Sai 
Praveen [38], as a result, there is an increasing trend towards data-driven human resource management to interpret 
employee behaviour and forecast their performance outcomes. 

Varghese, S., et al. [39], workforce analytics research in recent years has shown that performance is a 
multifaceted mix of workplace, behavior, and organizational factors as well as demographic factors. Hariani, M. and 
R. Mardikaningsih [40], employee satisfaction, employee compensation, workload, training participation, project 
involvement, work organization tenure, educational level, and workplace flexibility always appear as important 
influences on productivity. Hasibuan, M. S. and R. R. N. Fikri [41], correlations between these variables are complex 
and nonlinear, and badly affected by the integration of the variables in the model, making traditional statistical 
approaches inadequate. Addressing these challenges has inspired the taking toward the trend of advanced machine 
learning strategies that may model complicated workforce dynamics. 

2.2 Machine Learning Approaches for Employee Performance Analytics 

Razali et al. [42] stated that the potential of assembling data in huge volumes within organizational surroundings and 
utilizing machine learning to uncover hidden trends is an increasingly critical part of contemporary HR analytics. 
Song, Q. C., et al. [43], manually created predictive models, such as linear regression and ridge regression, give a 
clear interpretation but have difficulty explaining non-linear relationships between employee characteristics and 
performance indicators. Maharani, D., et al. [44], to overcome these advantages, ensemble-learning algorithms like 
Random Forest, Extra Trees, Gradient Boosting, XGBoost, and LightGBM have been utilized greatly within the 
forecasting of the workforce jobs. 

Gustriansyah, R., et al. [45], in general, tree-based methods give better predictive results when they are able 
to model nonlinear decision boundaries and feature interactions. Palivela, L. H., et al. [46], Random Forest relies on 



"bootstrapping" aggregation and boosters attempt to sequentially minimize predicting errors to increase overall 
accuracy. Nwoke, J., [47], these approaches sometimes outperform traditional statistical methods, but they rely on 
features that are designed manually and are often unable to yield a deep understanding of the underlying decision-
making process. Buyuktanir, B., et al., [48], the size and intricacy of workforce datasets are growing, and options for 
learning architectures that are more adaptable and interpretable are becoming more apparent. 

2.3 Explainable Artificial Intelligence in Workforce Analytics 

Chen, Z. [49], While the adoption of predictive analytics in human-resource management has been growing, 
there are key questions of transparency, fairness, and accountability. Guion, R. M. [50] predictive models could impact 
staff assessments, promotions, pay, and other career growth opportunities when making organizational decisions. 
Mathew, D. E., et al. [51] stakeholders are therefore increasingly demanding the use of machine-learning systems that 
make accurate predictions while also providing reasons that are understandable for these decisions. 

One effective answer to this challenge is Explainable Artificial Intelligence (XAI). Kalasampath, K., et al. 
[52], XAI techniques can be used to understand what causes the model to make a prediction and to determine how 
important the different features are on a global and individual basis. Biecek and Burzykowski [53] used a global 
explanation to explain the overall behavior of a predictive model, and a local explanation to explain the factors that 
influence the behavior of the model for a particular prediction. Ayanponle, L., et al. [54] AI Explainability is a feature 
that helps gain trust in workforce analytics, aids managers in decision-making, and enhances the feasibility of using 
predictive models. 

However, recent research has shown that factors such as employee satisfaction, offers, staff development, job 
loading, project involvement, and expertise with companies are often key determinants of employee performance [55]. 
Implementing explainability techniques then allows companies to obtain actionable and predictive insights from their 
workforces. 

2.4 Attention-Based Deep Learning for Tabular Data 

Learning from tabular data has been challenging, despite the success of deep learning in other fields such as computer 
vision and natural language processing [35]. Somvanshi, S., et al. [56], traditional deep learning is not able to 
outcompete ensemble-learning approaches with tabular data for multi-type (numerical and categorical) data sets. This 
restriction has inspired the design of special deep-learning architectures, especially for tabular learning. 

Gorishniy, Y., et al. [57], an interesting recent development in this regard is attention-based tabular learning 
models. These architectures learn the most relevant features in the process of learning, as opposed to using all 
predictors. Ma et al. [58], attention mechanisms allow allocation of computation only towards those attributes that are 
informative, increasing both the prediction accuracy and the interpretability of the running algorithm. We see these 
kinds of capabilities being especially useful in workforce analytics applications, where performance outcomes are a 
result of many interdependent factors such as demographic attributes, workplace behaviors, organizational factors, 
and remote work enactment. 

Yiyuan, Z., et al. [59], attention-based models have shown good promise among recently developed tabular-
learning models in terms of retaining the interpretability of feature selection and capturing nonlinear feature 
interactions. They are well suited for jobs such as staff-member performance forecasting using huge distributed 
datasets containing various types of data. 

2.5 Research Gap and Study Motivation 

Although great progress has been made in workforce analytics, some significant gaps in the research are clear. There 
are two points to note here: First, many studies are based on employee turnover, attrition, or employee performance 
in a category and not on the estimation of employee performance on a continuum. As a result, relatively limited studies 
focus on high-precision performance prediction via regression, which can serve to inform comprehensive workforce 
evaluation. 



Second, current predictive models often focus on predictive outcomes but have low interpretability. This 
opacity makes practical use in organizational settings difficult when managers need an explanation for the 
recommendations the model makes. Third, many workforce analytics studies focus on the predictive aspect only and 
do not systematically explore robustness or statistical significance, nor explore subgroup fairness, still less 
"responsible AI" concerns. 

Finally, the study of using attention-based deep tabular learning for large-scale remote worked prediction of 
performance is still under exploration. Natural papers tend to stand apart from other projects regarding the integration 
of all of these four elements (predictive modeling, explainability analysis, robustness validation, and statistical testing) 
and fairness auditing as a unified analytical body of work. 

3. Materials and Methods 

The overall research workflow is illustrated in Figure 1. 

 

Figure 1. Explainable TabNet Framework for remotely predicting employee performance (Materials and Methods). 
The various steps in the workflow entail the acquisition of the dataset, data audit and quality checking, exploratory 
data analysis, feature engineering, Categorical Encoding, dataset splitting, optimization of the TabNet-based attention 
mechanism, training and optimization of models, comparison of baseline models, performance evaluation, Explainable 
AI analysis using SHAP, checking of robustness and statistical significance, and an audit on the fairness of the 
predictions leading to accurate, explainable, robust, and fair prediction of employee performance. 

3.1 Dataset Description 

This study considered a large employee performance dataset (of 100,000 observations) containing several 
demographic, organizational, behavioral, and remote work-related features [60]. Let the data be denoted by ܦ = ௜ݔ)} , ௜)}௜=1ேݕ

       (1) 



where ݔ௜, denotes the label for class ݅ and the performance score to be achieved is denoted by ݕ௜; the number of all 
observations is denoted by ܰ. The goal was to obtain a predictive function: ̂ݕ =  (2)       (ݔ)݂

Prediction of an employee's performance based on multidimensional data on his/her job. 

3.2 Data Audit and Quality Assessment 

A data quality audit was performed to ensure that the datasets were reliable before developing the model. Missing 
values were coded as. The missing values are marked as follows: ܯ௝ = ே೙೘೔ೞೞ೔೙೒,ೕே × 100      (3) 

Records were duplicated by using ܦௗ௨௣ = ∑ ݀௜ே௜=1         (4) 

Cardinality of a feature was further explored via 

௝ܷ = )݁ݑݍܷ݅݊| ௝ܺ)|      (5) 

Differentiate between numerical and categorical variables. The audit validated that the data was properly cleaned so 
it could be used in the predictive modelling process. 

3.3 Data Leakage Audit 

To ensure that the information is not leaked, numerical predictors were tested by Pearson correlation: ݎ =   ∑ (௫೔−௫̅)(௬೔−௬̅)೔ಿ=1√∑ (௫೔−௫̅)2        ೔ಿ=1 √∑ (௬೔−௬̅)2೔ಿ=1       (6) 

The conditional target means used to assess categorical variables were as follows: ߤ௖ = 1௡೎  ∑ ௜௜ ఌ ௖ݕ          (7) 

Furthermore, the Hire Date feature was investigated for temporal leakage and manipulated into meaningful features 
of tenure prior to training the models. 

3.4 Exploratory Data Analysis 

Data were subjected to Exploratory Data Analysis (EDA) to explore data distributions and to identify relationships 
with employees' performance. The desired distribution is determined by ܲ(ܻ = (ݕ = ௡೤ே         (8) 

However, for departments, performance was calculated as  ̅ݕௗ = 1௡೏  ∑ ௜௡೏௜=1ݕ        (9)  

The impact of the frequency of remote work was further tested by analyzing the results. The effect of remote work 
frequency was analyzed in the following ways: ܧ[ ܻ ∣ ܴ = ݎ ] = 1௡ೝ  ∑ ௜௡ೝ௜=1ݕ        (10) 

Pearson’s correlation was used to evaluate the relationship between employee satisfaction and performance: 



ௌ௒ݎ = ∑ (ௌ೔−ௌ̅)(௒೔−௒̅)೔ಿ=1√∑ (ௌ೔−ௌ̅)೔ಿ=1 √∑ (௒೔−௒̅)೔ಿ=1      (11) 

These analyses were used to gain preliminary insight into factors that affect employee productivity and to advance 
further model development. 

3.5 Feature Engineering 

To determine relevant information from the given attributes and obtain better prediction capabilities, feature 
engineering was performed. The Hire Date variable was separated into three temporal variables: Hire Year, Hire 
Month, and Employee Tenure. Employees' tenure is defined as follows: 

௜ܶ = ௥௘௙݁ݐܽܦ −  ℎ௜௥௘,௜      (12)݁ݐܽܦ

where ݁ݐܽܦ௥௘௙, denotes specific dates. Denotes particular ݁ݐܽܦℎ௜௥௘,௜ represents the hiring date of employee ݅. The 
final feature space can be expressed as ܺ∗ = {ܺ, 𝐻ܻ, 𝐻ܯ, ܶ}      (13) 

where 𝐻ܻ refers to hire year, hire month (𝐻ܯ), tenure (ܶ). These engineered variables also include extra data on 
employee experience and exposure to the organization. 

3.6 Data Encoding 

Categorical variables were encoded into numeric types to be used for deep learning. Allow categorical feature to have ܭ different categories: ܥ = {ܿ1, ܿ2, … , ܿ௄}      (14) 

Label encoding was applied according to 

௖݂௞ = ݇ − 1       (15) 

Every word in each text was labeled as a question word in accordance with where ݇ ∈ {1,2, … ,  Therefore, category .{ܭ
information was encoded with consecutive integer codes, and each category's code was different, reflecting category 
information. Learning embedding representations were then used to use the encoded variables with the TabNet 
architecture. 

3.7 Data Splitting Strategy 

For unbiased evaluation, the dataset was divided into three subsets: training, validation, and testing sets. Let ܦ = ௧௥௔௜௡ܦ ∪ ௩௔௟௜ௗܦ ∪ ௧௘௦௧ܦ      (16) 

subject to ܦ௧௥௔௜௡ ∩ ௩௔௟௜ௗܦ = ௧௥௔௜௡ܦ ∩ ௧௘௦௧ܦ = ௩௔௟௜ௗܦ ∩ ௧௘௦௧ܦ = ∅  (17) 

A 70:15:15 split ratio was adopted such that |ܦ௧௥௔௜௡| = 0.70ܰ, |௩௔௟௜ௗܦ| = 0.15ܰ, |௧௘௦௧ܦ| = 0.15ܰ  (18) 

The training subset provided the parameters for general training and the validation subset for hyperparameter 
optimization and early stopping, while the testing subset provided the parameters for the final performance evaluation. 

3.8 Proposed Explainable TabNet Framework 



In this study, TabNet attention-based deep learning architecture, designed for tabular data, was used. Given an input 
feature vector, ݔ ∈ ܴௗ        (19) 

TabNet iteratively filters out informative features via selective feature masks and an attentive transformer. The Feature 
mask is produced at decision step t, which is given by ܯ௧ = )ݔܽ݉݁ݏݎܽ݌ܵ ௧ܲ ⊙ ℎ(ܽ௧))     (20) 

Where ௧ܲ denotes previous feature importance, ܽ௧ represents the attention representation, and ⊙ by element-wise 
multiplication. These selected features are then calculated as follows: ݔ௧ = ௧ܯ ⊙  (21)       ݔ

All outputs from the decision steps are aggregated to determine the final output. ̂ݕ = ∑ ݀௧௧்=1        (22) 

where ݀௧ “denotes” the contribution of the decision at step ݐ. To promote interpretability, sparsity regularization was 
applied to the learning process as follows: ܮ = ெௌாܮ + ௦௣௔௥௦௘ܮ ௦ߣ       (23) 

where ܮெௌா  denotes the prediction loss, ܮ௦௣௔௥௦௘  is the regularization parameter. The sparsity penalty is represented by 
the term ߣ௦. Set the strength of regularization. This mechanism allows TabNet to achieve a high predictive performance 
while maintaining its transparent feature-selection behavior. 

3.9 Hyperparameter Configuration 

The success of the suggested TabNet framework relies on the correct choice of hyperparameters. The hyperparameters 
used were the learning rate, batch size, virtual batch size, sparsity coefficient, weight decay, and patience of early 
stopping. The generated model parameters were optimized based on ߠ௧+1 = ௧ߠ −  (24)     (௧ߠ)ܮఏߘߟ

where ߟ is the learning rate and ܮ(ߠ௧) is the function to be optimized. To obtain good generalization, regularization 
by weight decay has been added as ܮ௥௘௚ = ܮ ௪ߣ + ∑ ௞2௉௞=1ߠ      (25) 

where ߣ௪ weight-decay coefficient is denoted as α and there are P trainable parameters. To stop the training when the 
validation performance did not increase for a given amount of patience, early stopping was used. 

3.10 Model Training Procedure 

The training set was preprocessed, the parameters of the model were optimized on this subset, and the validation 
subset was used to monitor convergence and overfitting. In this approach ݇ = 1, and the prediction loss was calculated 
for each mini-batch of size ܤ with the Mean Squared Error (MSE): ܮெௌா = 1஻ = ∑ ௜ݕ) − ప̂)2஻௜=1ݕ     (26) 

The objective function is the complete prediction loss + sparsity regularization: ܮ௧௢௧௔௟ = ெௌாܮ + ௦௣௔௥௦௘ܮ௦ߣ      (27) 

Adam optimizer was used to optimize model parameters with a method based on updating parameters according to: 



௧+1ߠ = ௧ߠ − ߟ ௠೟̂√௩೟̂+ ఢ      (28) 

Where ݉̂௧ and ̂ݒ௧ first and second moment estimates are okay, as denoted by denoting the bias-corrected estimation. 
The most successful model (based on its lowest validation error) was selected for the final testing model. 

3.11 Evaluation Metrics 

Multiple regression metrics were used to evaluate the model performance and provide a complete picture of the 
predictive accuracy and robustness. The coefficient of determination (R2) was computed as follows: ܴ2 = 1 − ∑ (௬೔−௬ഢ̂)2೔ಿ=1∑ (௬೔−௬̂̅)2೔ಿ=1      (29) 

The errors made during the prediction were calculated using the Mean Absolute Error (MAE) and Root Mean Squared 
Error (RMSE): ܧܣܯ = 1ே ∑ ௜ݕ| − ప̂|ே௜=1ݕ ܧܵܯܴ (30)      = 1ே √∑ ௜ݕ) − ప̂)2ே௜=1ݕ     (31) 

Other evaluation metrics used were Mean Absolute Percentage Error (MAPE), Median Absolute Error (MAE), 
Explained Variance Score (EVS), and Adjusted R-squared and Pearson Correlation (r). These measures collectively 
measure aspects of prediction accuracy, amount of variance explained, magnitude of errors, and level of agreement 
between predicted and actual employee performance ratings. 

3.12 Explainable Artificial Intelligence Framework 

To provide transparency and trustworthiness, an Explainable Artificial Intelligence (XAI) framework was incorporated 
into the proposed model. Feature importance scores were first obtained using the native attention masks of TabNet. 
The global importance of feature ݆ was computed as: ܫ௝ = 1ே  ∑ ∑ ௧்=1ே௜=1(௜)(௧,௝)ܯ      (32) 

where ܯ(௧,௝)(௜) , represents the attention weightage to feature ݆. 

SHapley Additive exPlanations (SHAP) was used to obtain model-agnostic explanations. Form the Shapley value of 
feature ݆ as: ߶௝ = ∑ ∣ௌ∣!(∣ி∣−∣ௌ∣−1)!|ி|!ௌ⊆ி{௝}   [݂(ܵ ∪ {݆}) − ݂(ܵ)]  (33) 

The most influential factors at the global level (across the entire dataset) were identified by the Global SHAP option, 
and the Local SHAP explanation broke down individual predictions by the most influential factors. ̂ݕ = ߶0 + ∑ ߶௜௝௣௝=1      (34) 

where ߶0,  average value of the likelihood ratio in the temperature inversion layer, where ߶௜௝ denotes the part of the 
performance of employee i predicted solely by j. This structure resulted in a more interpretable model and allowed for 
practical decision-making. 

3.13 Baseline Model Comparison 

The predictive power of the proposed TabNet framework was compared with some widely used machine learning 
algorithms such as Linear Regression, Ridge Regression, Random Forest, Extra Trees, Gradient Boosting, XGBoost 



and LightGBM. The models chosen were diverse learning paradigms, from linear statistical models to advanced 
models of ensemble learning. Linear Regression describes the line on which the target variable depends on the 
predictors as ̂ݕ = 0ߚ  ∑ ௝௣௝=1ݔ௝ߚ      (35) 

where ߚ௝ represents the regression coefficients. With Ridge Regression, we extend this by adding the 2ܮ regularization: ܮ = ܴܵܵ + ߣ ∑ ௝2௣௝=1ߚ      (36) 

Where ܴܵܵ is the residual sum of squares. Ensemble tree-based methods (e.g., Random Forest) make predictions by 
averaging the predictions of several decision trees: ̂ݕ = 1௄ ∑ ௞ܶ(ݔ)௄௞=1       (37) 

Note that ܭ is the number of trees. Gradient Boosting, XGBoost and LightGBM are learning weak learners one after 
another to reduce errors from last learners and to obtain better accuracy. The effectiveness of the proposed TabNet 
architecture was rigorously evaluated by comparing it to these baselines. 

3.14 Robustness Validation 

The stability of the generalization of the model was investigated using five-fold cross validation to estimate the model's 
generalization power for each partition in the data. All data were randomly split into five mutually exclusive folds: ܦ = 1ܦ ∪ 2ܦ ∪ 3ܦ ∪ 4ܦ ∪  (38)    5ܦ

In each iteration, one fold was used for validation and the other four were omitted for model training. Let ܯ௞ Be the 
performance results of fold ݇. The average cross-validation results are calculated as ̅ܯ = 15 ∑ ௞5௞=1ܯ       (39) 

Similarly, the standard deviation was calculated to evaluate the consistency of the performance: ߪெ = 15 ∑ ௞ܯ) − 2(ܯ
     (40) 

With low variation across folds, learning behavior is stable and has high generalization skills in the unseen employee 
data. 

3.15 Statistical Significance Testing 

A complement of multiple statistical significance tests was performed to determine whether any performance 
difference between the competing models was statistically significant. The paired t-test was used to compare the 
difference in means between two models and is defined as ݐ = ௗ̅௦೏/√௡       (41) 

where ݀̅ is the standard deviation of the difference, ݊ is the number of paired observations and ݏௗ is the standard 
deviation of differences. 

 

In some cases, the assumption of normality may not be valid for performance parameters; thus, the Wilcoxon Signed-
Rank Test was also conducted. To make multi-model comparison the Friedman test was used to 



߯ி2 = 12ே௞(௞+1)  ∑ ௝ܴ2 − 3ܰ(݇ + 1)௞௝=1      (42) 

where ௝ܴ  average rank of model ݆ and its number of models is denoted by ‘k ’; 'N ' is the number of evaluation 
datasets. The Nemenyi post-hoc procedure was used if a significant difference was observed. The critical difference 
is the difference between the minimum freezing temperatures of the two basins. 

ܦܥ = ௔√௞(௞+1)6ேݍ         (43) 

where ݍ௔, denotes the critical value obtained from the Studentized range distribution. These statistical procedures will 
guarantee that developers can prove with valid inference that performance is enhanced, as claimed. 

3.16 Fairness and Bias Auditing Framework 

As AI and automated tools have implications for society, a pipeline to audit fairness and bias was added to the 
experimental pipeline. Its aim was to understand if such predictive accuracy held true across demographic and 
organizational subgroups such as frequency of remote work, gender, department, and education level. An example of 
using group-specific prediction error was obtained by measuring ܧܣܯ௚ = 1௡೒  ∑ ௜ݕ| − ప̂|௡೒௜ݕ       (44) 

where ݊ ௚, denotes the cardinality of the set of observations in the group g. Overall, a disparity in fairness across groups 
was assessed by defining it as ܦܨ = (݃ܯ)ݔܽ݉ −  (45)     (݃ܯ)݊݅݉

where ݃ܯ, represents a performance measure computed for group g. Lower values of the disparity indicate more 
balanced behavior exhibited by the model. 

Fairness by gender was analyzed with respect to predictive performance for both male and female employees and 
auditing at the department level to examine performance consistency among departments. Prediction accuracy by level 
of education was also examined. Finally, whether employees under various work arrangements were provided with an 
equivalent degree of prediction quality was evaluated using remote-work-frequency fairness. Such auditing will assist 
the proposed framework in portraying the correct, transparent, and ethical uses of practical applications in the 
workforce. 

4. Results 

4.1 Data Audit Results 

The data audit identified that very little preprocessing was needed for the employee performance dataset for predictive 
modeling. All the variables included had valid observations with a complete data rate of 0% for the entire covered 
dataset. Similarly, no duplicate records were found across 100, 000 employees, further validating the uniqueness and 
integrity of the collected data. There were no missing entries or duplications, which avoided the need for imputation 
or deduplication procedures and reduced the size of the preprocessing complexity and potential sources of bias. 

A feature-type analysis provided a mix of numerical and categorical features across four categories of 
employees and organizational and workplace characteristics, behavior, and policies regarding remote working. 
Quantitative attributes included salary, hours of work, number of projects handled, number of training hours, number 
of years with the company, number of overtime hours, and employee satisfaction. The qualitative ones included 
department, job title, gender, and educational qualifications. The feature diversity that was observed helped capture a 
comprehensive view of the workforce that was appropriate for advanced predictive modelling. 

 



Table 1. Data audit summary information. 

Assessment Criterion Result 

Total Records 100,000 

Missing Values 0 

Duplicate Records 0 

Numerical Features 13 

Categorical Features 5 

Data Integrity Status Passed 

The overall data quality assessment is summarized in Figure 2. Ensuring sufficient feature diversity and data 
without missing values or duplicated records further confirmed that the data quality and consistency were good for 
exploratory analysis and the subsequent model development phase. 



 

Figure 2. Data audit results including (a) missing-value analysis, (b) duplicate-record assessment, (c) feature-type 
distribution, and (d) feature cardinality analysis. 

In general, the results of the audits confirmed that the dataset is suitable for building a framework to predict 
employee performance that is easy to explain. 

4.2 Data Leakage Assessment 

To ensure that the variables did not directly or indirectly provide information about the target variable, a data leakage 
assessment was performed. Realistic relationships between workplace characteristics and employee performance were 
found to be consistent with a realistic value in this study using Pearson correlation analysis, and no predictor was 
associated with suspiciously high correlation values that would suggest leakage of the target. Staff satisfaction, salary, 
training hours, projects (managed), and years (at company) showed meaningful and positive relationships with 
performance outcomes, suggesting that it was the organization's behavior to which these results were attributed and 
not the leakage of information. 

Special consideration was placed on the Hire Date attribute because temporal variables often contain leakage 
pathways. Instead of using the raw time stamps, variables were recoded into meaningful measures of time, such as 



employee years on duty, hire year, and hire month. The original timestamp variable was then not added to the 
modelling process, so that subtle information was kept, but new information does not impact new predictions. 

The test results of the leakage assessment are shown in Figure 3. The correlation heatmap illustrates useful 
feature-target relationships while also ensuring that there are no near-perfect associations. None of the variables 
showed a deterministic relationship with employee performance, suggesting that the proposed framework learned the 
predictive patterns from real workplace data.  

 

Figure 3. Data leakage assessment views: (a) feature-target correlation analysis, (b) categorical leakage inspection, 
(c) temporal leakage evaluation, and (d) correlation between the targets. 

The results confirm the validity of the experimental dataset and ensure that the performance of the proposed 
framework is a true estimate of the learning underlying the prediction process. 

4.3 Exploratory Data Analysis 

Exploratory Data Analysis (EDA) was conducted to gain insights into the statistics of the data and factors contributing 
to employee performance. The performance range on the target variable was reasonably spread out with minimal 
skewness and imbalance, suggesting suitability for regression modeling. There was enough variation between 
performance levels to allow the discovery of valuable predictive relationships for learning. 

Analysis of the productivity by departments showed that there were significant productivity differences 
among the departments; hence, departmental context plays a significant role in the productivity outcome. The higher 
the scores for the Overall and for the Project Involvement and Training dimensions, the higher the performance scores 
for the employees. 



The study showed that improved flexibility also impacts employee productivity when working remotely from 
the office. The performance of workers with the balanced remote working model was slightly higher than that of those 
who worked fully remotely or fully on-site. Notably, employee satisfaction showed one of the highest positive 
correlations with performance outcomes and underscored the need to focus on employee engagement, motivation, and 
well-being in order to measure employee effectiveness. 

There were also significant relationships between workload-related variables and productivity. The increases 
in work hours and project participation seemed to show positive results in those exercises where they increased, and 
the increases seemed to become supplanted in performance with excessive overtime jobs, reflecting fatigue and 
overload stress. The main findings from these explorations are summarized in Figure 4. 

 

Figure 4. The results of the exploratory data analysis are shown below: (a) Distribution of the performance score, (b) 
comparison of performance in different departments, (c) performance score relation to the frequency of remote work, 
and (d) relation between performance score and employee satisfaction. 

These results highlight that there are demographic, organizational, behavioral, and working flexibility factors 
that must be taken into account when explaining employee performance under modified working conditions, 
supporting the use of more sophisticated nonlinear prediction models. 

 

 



4.4 Feature Engineering Outcomes 

The features were engineered to convert the data into meaningful representations that yielded better predictions and 
models. A major challenge was to obtain useful temporal data from the Hire Date variable. Custom variables regarding 
employee years of service, years of hire, and months of hire were created to reflect organizational experiences, patterns 
of workforce recruitment, and alterations in the workforce in different months. 

Of the engineered variables, one that was found to be particularly informative was employee time on the job, 
which encompasses knowledge of the organization gained over time, familiarity with the workplace, and professional 
growth. Those who worked in the organization for longer periods had better performance scores, emphasizing the 
value of experience to workforce productivity. Similarly, other indicators of the workforce, such as hire-year and hire-
month, offer added explanatory power and are translated as hire-year and hire-month. 

The resulting variables from feature engineering were correlated with each other and with employee 
performance, showing meaningful relationships. The engineered features provided additional information that was not 
directly available from the attributes, and hence the overall dimension of the feature space was increased. As a result, 
the altered dataset would be able to provide a more complete picture of the workforce and would be able to construct 
a more complex relationship between employee performance and the proposed sets of characteristics. Figure 5 shows 
the feature engineering results of the distributions. 

 

Figure 5. Provide feature engineering results of distributions of (a) employee tenure, (b) hire-year, (c) hire-month, 
and (d) correlations between engineered features and employee performance. 



The ability to convert temporal information into interpretable numerical indicators improves the 
predictiveness of the proposed Explainable TabNet Framework and its transparency. 

4.5 Predictive Performance of the Proposed Explainable TabNet Framework 

The proposed framework, the Explainable TabNet Framework, showed outstanding prediction performance on the 
independent dataset. The complete set of evaluation metrics from the final model is shown in Table 2. The framework 
obtained an R2 score of 0.9880 and an adjusted R2 score of 0.9880, which represented almost 98.8% of the variance 
in the employee performance scores that were explained by the learned model. It is an exceptionally high degree of 
explanatory power that clearly indicates how powerful the attention-based deep tabular learning approach is in 
modelling the intricate relationship between workforce and performance behavior. 

The model also had a Mean Absolute Error (MAE) of 0.1223 and a Root Mean Squared Error (RMSE) of 
0.1549, which demonstrated a strong level of accuracy in its predictions, with very few deviations from the actual 
performance values. The Mean Absolute Percentage Error (MAPE) was below 6%, indicating high practical accuracy 
and a low level of relative prediction error. Likewise, the Median Absolute Error (0.0951) suggests that the errors 
made in predictions were very low for most employees. 

An Explained Variance Score of 0.9880 was achieved, which verified the variability present in the workforce-
performance data. In addition, the Pearson's correlation coefficient for the observed and predicted performance scores 
was 0.9956, which is considered to have almost no error. The findings taken together show that this proposed 
framework can correctly model the high level of complexity in the relationship between employee demographics, 
place of work, the organization, and the attributes of remote working. 

Table 2. The performance of the proposed Explainable TabNet Framework was predicted. 

Metric Value 

R² 0.9880 

Adjusted R² 0.9880 

MAE 0.1223 

RMSE 0.1549 

MAPE 0.0564 

Median Absolute Error 0.0951 

Explained Variance Score 0.9880 

Pearson Correlation 0.9956 

The results offer evidence of the accuracy and reliability of the proposed Explainable TabNet Framework as 
an employee performance prediction option. 

4.6 Prediction Diagnostics 

We carried out complete diagnostics of the prediction for model calibration, behavior of the residuals, and overall 
reliability of the model. The actual versus predicted values, residual analysis, residual distribution, and Quantile–
Quantile (Q-Q) evaluation of the proposed framework are presented in Figure 6. 

In fact, the observed versus predicted plot shows an almost perfect scatter of observations along the 45° 
reference line (Figure 6a) and indicates very good agreement between the observed and estimated levels of employee 



performance. This shows that the points are closely grouped around the identity line, indicating that the model has a 
good fit with actual data for both poorly and well-performing employees, with little scatter. 

Residual analysis also revealed that the prediction errors were randomly distributed around zero, with no 
discernible trends or systematic structures in the residuals (Figure 6b). The proposed framework does not show 
significant prediction bias, and it seems that the underlying nonlinear relationships in the dataset were captured rather 
well. The lack of heteroscedasticity also indicates good predictive consistency across performance levels. 

The residual histogram showed a small and more or less symmetric distribution, with a mean of 
approximately zero (Figure 6c). In the majority of cases of prediction errors, they did not exceed a narrow limit, in 
accordance with the low MAE and RMSE values shown in Table 2. Similarly, the Q-Q plot showed good similarity 
between the empirical quantiles of the residuals and the theoretical normal distribution (Figure 6d), thus corroborating 
the statistical robustness of the proposed model. 

 

Figure 6. Prediction diagnostic results: (a) actual and predicted values, (b) residual plot, (c) residual distribution 
histogram, and (d) Q-Q plot. 

Overall, the diagnostic analyses show that the proposed Explainable TabNet Framework offers accurate, 
unbiased, and well-calibrated predictions appropriate for workforce-performance assessments. 



4.7 Explainable AI Validation 

A detailed Explainable Artificial Intelligence (XAI) analysis was conducted on the native TabNet attention mechanism 
and SHAP (SHapley Additive exPlanations). The goal was to determine what factors in the workplace were important 
when trying to predict these employee outcomes and to confirm if the patterns of this relationship matched known 
theories of organizational behavior. 

The TabNet-native feature importance showed that among the most important features that affect model 
decisions, employee satisfaction, monthly salary, training hours, projects handled, years at company, and remote-work 
frequency. Overall, the most prominent factor was employee satisfaction, highlighting that worker engagement and 
well-being in the workplace are key drivers of productivity outcomes. Likewise, the categories of ‘salary’ and ‘training 
participation’ had strong contributions, indicating that both compensation and training are critical factors to employee 
effectiveness. 

These results were also validated by the use of Global SHAP analysis, which quantifies the average 
contribution obtained from all of the features in the dataset. The measures of engagement, overall experience, and 
professional development with the organization all yielded similar positive predictive effects on scores for overall 
performance. Below-satisfaction levels, lack of training involvement, and less involvement with projects had a 
negative effect on satisfaction. 

The most consistent feature of the SHAP summary plot was that employee satisfaction, as well as salary, 
years at company, and training hours were some of the more influential variables. Local SHAP explanations provided 
employee-specific explanations of individual predictions. Positive contributions were mostly linked to a high level of 
satisfaction, strong involvement in training, significant involvement in projects, and competitive salaries for more 
productive employees. Unfortunately, however, less successful employees had a less positive impact from these 
influences. Figure 7 shows the Explainable AI validation results. 

 

Figure 7. Explainable AI validation results: (a) native TabNet feature importance, (b) SHAP global feature importance, 
(c) SHAP summary plot, and (d) representative local SHAP explanation. 



TabNet's attention scores show high agreement with the SHAP explanation, indicating trustworthy 
relationships between features. More significantly, the predictors identified can be related very closely to the current 
theories of Human Resource and Organizational Behavior, which thereby builds confidence in the utilization of the 
proposed framework in practice. 

4.8 Baseline Model Comparison 

To assess the performance of the proposed framework, the predictive results were investigated relative to several 
different well-used machine-learning algorithms, including Linear Regression, Ridge Regression, Random Forest, 
Extra Trees, Gradient Boosting, XGBoost, and LightGBM. The comparative results on the testing dataset are 
summarized in Table 3. 

Table 3. Comparative performance of the regression models. 

Model R² MAE RMSE 

TabNet 0.9880 0.1223 0.1549 

Gradient Boosting 0.8090 0.5158 0.6183 

LightGBM 0.8090 0.5159 0.6183 

Random Forest 0.4749 0.7889 1.0252 

Extra Trees 0.4507 0.8526 1.0485 

XGBoost 0.3356 0.9741 1.1531 

Ridge Regression 0.2615 1.0082 1.2158 

Linear Regression 0.2614 1.0083 1.2158 

The proposed Explainable TabNet Framework significantly exceeded all state-of-the-art algorithms on all 
assessment methods. The coefficient of determination is improved substantially from the best baseline models to 
Gradient Boosting and LightGBM, which is approximately 0.809 to 0.988. At the same time, the value of MAE 
decreased by approximately 76% and the value of RMSE decreased by approximately 75%. 

Such a feature-selection mechanism, based on attention to importance and sequential decision-learning 
architecture, allows for better modelling of the complex relations among the workforce attributes, accounting for their 
high dimensionality within the proposed framework. These interactions were not captured in a similarly accurate 
manner by traditional regression or ensemble learning methods. 

Figure 8 visually illustrates the performance of the models in the evaluated algorithms. The significant 
performance difference makes it clear that TabNet is well suited to the task of employee performance prediction and 
can compare favorably with traditional tabular machine-learning methods. 



 

Figure 8. Comparisons of TabNet and baseline machine learning models in terms of (a) R2, (b) MAE, (c) RMSE, and 
(d) overall model ranking. 

These results clearly validate the proposed Explainable TabNet Framework as the best predictive model 
among all the models analyzed. 

4.9 Robustness Validation 

Five-fold cross-validation was performed to assess the robustness and generalization power of the proposed 
Explainable TabNet Framework. The procedure provided that the performance of the model was evaluated across 
several different training and validation partitions, instead of the train-test partition. In general, the trends in the 
performance results obtained during the validation are summarized in Table 4. 

Table 4. Five-fold cross-validation results of the proposed Explainable TabNet Framework 

Fold R² MAE RMSE 

Fold 1 0.9895 0.1277 0.1452 



Fold 2 0.9734 0.1738 0.2302 

Fold 3 0.9382 0.2901 0.3518 

Fold 4 0.9839 0.1383 0.1794 

Fold 5 0.9765 0.1788 0.2176 

The proposed framework was evaluated on average cross-validation performance of 

R2 = 0.9723 ± 0.0201 

Data partitions provide a consistently good predictive ability. The variation in performance between Fold 3 
and the rest of the folds was quite small, although it was less than that of the other folds, but still, the average accuracy 
of the results was very high. These findings show that the feature representations learned from the data generalize well 
to out-of-sample employee records. 

The results of the fold-wise validation are shown in Figure 9. The small variability across the five folds 
indicates that the proposed framework is not train dependent, and thus has a stable predictive behavior when the 
validation conditions vary. This is particularly crucial in the context of workforce analytics solutions that rely on 
predictive models and must be reliable with a constantly shifting workforce. 

 



Figure 9. Illustration of robustness validation results as above (a) R2 scores, (b) MAE, (c) RMSE, and (d) average 
CV results and variability indices. 

These results are a strong indication of the reliability, stability, and reproducibility of the proposed 
Explainable TabNet Framework. 

4.10 Statistical Significance Testing 

A test of statistical significance was performed to ascertain whether the improved prediction performance attained by 
the proposed concept was statistically significant or attributed to random chance. The differences in performance 
between the different models were assessed using multiple statistical techniques such as paired t-tests, Wilcoxon 
signed-ranked tests, Friedman rank analysis, and Nemenyi post-hoc comparisons. 

The statistic obtained in the Friedman test was 57,707.58, and the obtained P-value was less than 0.001, 
which shows that there are highly significant differences among the analyzed algorithms. Thus, the hypothesis that all 
models achieved comparable predictive performance was rejected. This finding verifies that the differences in model 
accuracy are true differences in their ability to predict. 

Pairwise comparisons showed the superiority of the proposed framework in subsequent steps. The paired t-
test and Wilcoxon signed ranked test showed a statistically significant performance benefit of TabNet over Gradient 
Boosting, LightGBM, Random Forest, Extra Trees, XGBoost, Ridge Regression and Linear Regression. The results 
obtained from both parametric and non-parametric procedures were consistent, providing ample evidence to support 
the reliability of the results obtained. 

Table 5. Table showing the results of the tests of statistical significance. 

Statistical Test Result 

Friedman Statistic 57,707.58 

Friedman p-value < 0.001 

Paired t-Test Significant 

Wilcoxon Signed-Rank Test Significant 

Nemenyi Post-Hoc Analysis Significant 

The results of the statistical comparison are shown in Figure 10. In all cases, the mean ranking analysis ranked 
the proposed Explainable TabNet Framework as the best model, and the Nemenyi post-hoc procedure revealed 
statistically significant differences between TabNet and the other models. 



 

Figure 10. Results of statistical significance analysis (a) Average model ranks, (b) Friedman rank distribution, (c) 
critical difference diagram, and (d) Nemenyi post-hoc comparison results. 

These findings demonstrate high-quality statistics and provide solid representations that the benefits in 
performance of the proposed framework are meaningful within practice and statistically significant. 

4.11 Fairness and Bias Assessment 

A fairness assessment was performed to evaluate whether the proposed Explainable TabNet Framework produced 
consistent predictive performance among people's demographic and organizational groups. Subgroup-specific Mean 
Absolute Error (MAE), Root Mean Squared Error (RMSE), and prediction bias were used for analysis with regard to 
gender, department, and education level. Figure 10 shows a visual summary of the fairness assessment results. 

The ratio-gender analysis showed an extremely well-balanced predictive performance in all categories, as 
reported in Table 6. The MAEs for female employees were 0.1215, RMSEs were 0.1541, and for male employees 
were 0.1224 and 0.1552, respectively. The errors of the employees in the category “Other” were slightly higher (errors 
(MAE) = 0.1300, errors (RMSE) = 0.1608), but the variation was still small. Values for prediction bias also did not 
differ between gender groups, ranging from −0.0393 to −0.0478, signifying almost no systematic bias. 



Table 6. Results of the evaluation of gender fairness. 

Gender Samples MAE RMSE Prediction Bias 

Female 7,217 0.1215 0.1541 -0.0397 

Male 7,194 0.1224 0.1552 -0.0393 

Other 589 0.1300 0.1608 -0.0478 

Apart from these assessments, the department-level fairness assessment also resulted in robustness of the 
proposed framework. Table 7 shows that the legal department achieved the best performance, with a prediction error 
of 0.1197, whereas the IT department showed the worst performance, with a prediction error of 0.1262. Such 
differences aside, the maximum MAE disparity was 0.007 MAE units, which resulted in a very similar predictive 
accuracy among organizational units. Similar trends were found for prediction bias values across departments, 
indicating a lack of functional role differences in treatment. 

Table 7. Evaluation results of fairness versus department level. 

Department MAE RMSE Prediction Bias 

Legal 0.1197 0.1527 -0.0375 

HR 0.1203 0.1520 -0.0338 

Sales 0.1204 0.1515 -0.0328 

Customer Support 0.1217 0.1547 -0.0423 

Marketing 0.1218 0.1550 -0.0427 

Engineering 0.1228 0.1546 -0.0397 

Finance 0.1231 0.1543 -0.0344 

Operations 0.1246 0.1591 -0.0494 

IT 0.1262 0.1596 -0.0453 

Likewise, the results from the education-level analysis, found in Table 8, showed comparable predictive 
behavior by employees based on their educational backgrounds. The prediction error (MAE) for the employees who 
possess PhD and Master's degrees was 0.1269 and 0.1194, respectively, which were also the least and the most for 
PhD and Master's degree holders, respectively. However, the differences in the observed data were not large and did 
not matter. For all educational groups, there was a consistent prediction bias, which was negative, suggesting a 
comparable prediction tendency across educational groups.  

Table 8. Education-level fairness evaluation results. 

Education Level Samples MAE RMSE Prediction Bias 

Master 2,258 0.1194 0.1518 -0.0371 

Bachelor 7,549 0.1218 0.1545 -0.0364 

High School 4,466 0.1238 0.1564 -0.0452 

PhD 727 0.1269 0.1585 -0.0496 

The results of fairness at a subgroup level are summarized and displayed in Figure 11 for all evaluation 
categories. The averages of the percentage errors (MAE, RMSE, and prediction bias) are consistent across different 
gender divisions, departments, and levels of education, which demonstrates the proposed framework's equitable 
prediction behavior and high overall accuracy. 



 

Figure 11. Assessment of fairness and bias in the proposed Explainable TabNet Framework: (a) gender-based fairness 
analysis, (b) department-level fairness analysis, (c) education-level fairness analysis, and (d) comparison of prediction 
bias among subgroups. 

The overall results of the fairness evaluation prove that the proposed Explainable TabNet Framework results 
in performing a prediction with high consistency over the various employee groups. A relatively low inter-subgroup 
error metric suggests low demographic and/or organizational bias, which contributes to the ethical validity, 
transparency, and implementation of the framework in workforce analytics applications. 

4.12 Practical Implications 

The results from the experiments show that explainable deep tabular learning provides an extremely powerful solution 
for employee performance prediction. To a good degree, the proposed Explainable TabNet Framework achieved an R2 
of 0.9880. The score yielded 0.9880, RMSE 0.1549, and a Pearson correlation coefficient of 0.9956, which suggest a 
near-perfect agreement between actual and predicted scores that measure employee performance. All the results were 



much better than those of all the evaluated baseline models, establishing the effectiveness of attention-based deep 
tabular learning in workforce analytics. 

The explainability analysis revealed that the most important determining factors of employee performance 
are the following factors employee satisfaction, salary per month, participation in training, projects implemented, 
years in the company, and remote working frequency. The results indicate a parallelism with current theories in 
organizational behavior and human resource management, which put great importance on the role of employee 
engagement, professional development, flexibility in the place of work, and organizational experience to improve 
productivity outcomes. 

In this sense, advantages from a managerial point of view are very great. HR managers can use the model to 
gain insights into the performance of their workforce, identify potential issues, search for the best use of training 
dollars, help with promotion decisions, and leverage workforce planning needs. In contrast to traditional black-box 
strategies, TabNet's explanation process using SHAP explains individual predictions, which helps build a deeper 
understanding and instills trust in AI models, leading to informed decision-making. 

Robustness validation and fairness assessment also showed robustness in multiple validation folds and across 
various employee groups. They are especially relevant in organizations with diverse working populations that need to 
have them accurately, reliably, and fairly predictive. 

In summary, the results corroborate the proposed Explainable TabNet Framework as a trustworthy, 
interpretable, strong, and ethically sensitive model for employee performance analysis. It is uniquely well priced for 
this purpose, owing to the balance of high prediction accuracy, transparency, application of fair selection principles, 
and applicability, allowing for interpretation and user-friendliness. It balances well in terms of high prediction 
accuracy, transparency, fair selection principles, and user-friendliness, characteristics that make it suitable for 
supporting data-driven processes of human resource management and strategic organization planning. 

5. Discussion 

This study aimed to create a well-established, comprehensible, valid, and equitable model for predicting away 
work employees' performance based on their workforce data. The experimental results confirm that the proposed 
Explainable TabNet Framework effectively meets these criteria, providing excellent performance on prediction and 
ensuring the statistical validity and fairness of its results at various subgroup levels while remaining transparent in the 
explanations generated. The R2score, RMSE, and Pearson coefficient of the framework were found to be 0.9880, 
0.1549, and 0.9956, respectively, which showed that the framework had very close agreement with the actual and 
predicted scores of employee performance. The findings validate the effectiveness of attention-based deep tabular 
learning in modeling complex interactions in modern ERs. 

TabNet is encouraged by its superior performance, which is explained by the sequential attention strategy 
adopted, where it learns to select the most informative features at each decision step. The proposed model learning 
framework differs from common regression models, which generally assume linear betweenness between variables, 
instead adaptively learning the nonlinear relationships among the employee's characteristics, the organization's 
characteristics, the factors of workplace behavior, and the factors of remote-work attributes. This ability allows the 
model to reflect the complex dynamics of employment in ways that are often not accounted for in traditional machine-
learning analysis. Additionally, because the performance difference is quite large between TabNet and the baseline 
algorithms, attention-based learning has proven to be beneficial in structured organizational data. 

All evaluation metrics showed that the proposed framework outperformed the other methods in terms of the 
accuracy achieved in the baseline comparison. Ensemble-learning algorithms presented somewhat fair performance 
(Gradient Boosting and LightGBM), but did not perform well enough as compared to TabNet. This discovery implies 
that the relationships between workers and worker performances are complex and nonlinear, and that conventional 
tree-based learning methods do not express these relationships sufficiently. TabNet's capacity for sequential feature 
selection and representation learning seems to provide a substantial boost for modelling the characteristics of diverse 
workforces. 



This study introduces the use of XAI in the predictive framework, which is an aspect of particular value. The 
results of the explainability analysis indicated that some of the strongest conditions impacting employees' performance 
included explainability, employee tenure, number of months worked, training participation, and employee satisfaction. 
This is in line with previous theories of organizational behaviors and human resources management, which argue that 
engagement, learning and development, compensation, and experiences create an impact on productivity. The high 
correlation between the native Tabnet feature importance and Tabnet SHAP values further enhances the reliability and 
validity of the Tabnet identified relationships. 

Employee satisfaction outweighs all other important indicators and reflects the vital need to engage 
employees in remote working environments. Wellbeing, communication, recognition, and positive culture were found 
to be linked to performance outcomes, with higher levels of employee satisfaction providing the most beneficial 
outcomes. Likewise, the roles played by salary and training participation as well as project involvement suggest that 
development opportunities and investment in a trained workforce can be beneficial in boosting work productivity. 
These results are useful for managers trying to optimize organizational results by knowing what workforce 
interventions are needed. 

The validation results of the robustness test verified the reliability of the proposed framework. The reliable 
predictive performances obtained under the five-fold cross-validations over the various data partitions indicate good 
generalization capability and low sensitivity to variations in the training data. There was some variation in performance 
between the folds used for validation, but not large enough to throw off the accuracy results. The results indicate that 
the proposed framework can sustain a stable predictive performance on an unseen employee set and is subject to a real 
workplace environment. 

The superiority of the proposed framework was further demonstrated with statistical significance tests. The 
Friedman test, paired t-tests, Wilcoxon signed-rank tests, and Nemenyi tests yielded statistically significant differences 
between TabNet and the other machine-learning models at two different times. The results suggest that the observed 
performance enhancements cannot be attributed to random effects only, but must be considered to be due to the real 
methodological advantages introduced by the proposed architecture. This makes the fact that the Explainable TabNet 
Framework yields a prediction that is better than the standard baseline statistically and practically sound. 

This research not only focused on prediction accuracy but also on a new trend in workforce analytics - the 
responsible use of artificial intelligence. There was an excellent level of predictivity for fairness assessment by gender, 
department, and education-level groups. The values of the subgroup-specific MAEs were mostly close, with similar 
levels for the RMSEs and prediction biases, meaning that the proposed framework would not prioritize or disadvantage 
certain groups of employees. This is significant because an increasing number of organizations are making 
performance management, promotion, staffing, and provisioning decisions based on predictive models, and career 
development and growth decisions are being increasingly affected by predictive models. Therefore, the fairness 
features noted imply the ethical appropriateness of the suggested plan for implementing the proposed framework in 
practice. 

The proposed framework is of high practical relevance to contemporary businesses. HR professionals can 
use the model to evaluate the performance of their top quoters, uncover productivity issues, maximize training 
investments, inform promotion decisions, and develop workforce-planning strategies. The ability to integrate 
explainable AI also helps managers by allowing them to see what drives a particular prediction, helping them make 
sense of algorithms when deciding on a strategy for a given product. The proposed framework goes beyond the black-
box approach, offering actionable insights to guide strategic organizational planning and workforce development 
efforts. 

Even though it was successful, there were a few things to note. First, the analysis was restricted to a single 
workforce database, which could restrict the applicability of the results to other industries, organizational cultures, 
and geographic areas. Second, this study concentrated mainly on structured tabular data rather than unstructured data, 
such as employee communications, performance feedback, and data from the collaboration network. Third, while the 
study considered several aspects of demographic and organizational fairness, there are more aspects of fairness in both 
categories that could be used to assess responsible AI behavior. 



The proposed framework could be expanded in the future to leverage multimodal information about the 
workforce, such as textual, behavioral, and communication-based data. Future enhancements in predictive 
performance and insights generation for organizations could stem from the collaborative integration of transformer-
based tabular architectures, GNNs, and temporal workforce analytics. Furthermore, longitudinal research can deepen 
the understanding of patterns and evolution of employees' performances over time, which would enable better 
comprehension of workforce development and productivity in non-office settings such as remote and hybrid work. 

In summary, the results obtained in this study show that the designed Explainable TabNet Framework is a 
helpful tool that is comprehensible, strong, and provides fairness in the prediction of employees' performance 
remotely. The authors' results provide both methodological contributions and insights for the emerging space of 
workforce analytics by successfully integrating key deep tabular learning and explainable AI technologies within a 
cohesive framework, including statistical validation and fairness auditing. The findings suggest that explainable AI 
could be a valuable asset to help inform data-driven HRM practices and responsible organizational decision-making 
in increasingly digital workplaces. 

6. Conclusion 

In this study, the authors proposed an Explainable TabNet Framework for predicting the performance of a distant 
workforce with a comparable database that consisted of 100,000 employee records. The proposed framework merged 
all four concepts of attention in deep tabular learning, explainability (via SHAP), robustness validation, statistical 
significance testing, and fairness auditing in a single predictive analytics pipeline. By experimental results, the 
effectiveness framework had an R^2score of 0.9880, RMSE was 0.1549 and the Pearson correlation coefficient was 
0.9956, showing a great performance with significant improvement, compared to the traditional machine-learning 
methods like Linear Regression, Ridge Regression, Random Forest, Extra Trees, Gradient Boosting, XGBoost and 
LightGBM. Explainability analysis revealed that the following drivers of employee performance were most influential 
in influencing employee performance: employee satisfaction, employee monthly salary, involvement in projects, 
participation in training, and job tenure in the organization, which provides valuable managerial insights in optimizing 
the workforce. The framework was validated for its robustness, reliability, and generalizability through five-fold cross-
validation and multiple statistical analyses. In addition, fairness testing showed that the model could be administered 
fairly for every evaluation group based on gender, department, and education level, which was found to be consistent 
for all groups, suggesting ethical appropriateness for organizational use. In summary, the results demonstrate the 
capabilities of the XDL algorithms to facilitate transparent, accurate, and responsible WFL. Other multimodal 
organizational information, temporal changes in the workforce, and advanced transformer-based architectures could 
be incorporated into future research to improve predictive performance and decision support capabilities in remote 
and hybrid settings. 
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