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ABSTRACT

This paper presents GenWorkBalanceNet, a hybrid Generative Artificial Intelligence (AI)-Deep Learning
(DL) framework designed for predictive modeling of workforce productivity under diverse Work-Life
Balance (WLB) policies. The framework integrates three core components: (i) a transformer-based
Generative AI module for synthetic scenario generation, (ii) an attention-enhanced Long Short-Term
Memory (LSTM) network for forecasting temporal productivity trends, and (iii) a Shapley Additive
Explanations (SHAP)-based interpretability layer for interpretable analysis of key productivity
determinants. By augmenting historical Human Resource (HR) records and productivity logs with
synthetic policy-driven data, GenWorkBalanceNet addresses critical challenges such as data sparsity,
limited policy simulation capacity, and the lack of transparency in conventional analytics approaches.
Experimental evaluation on an Information Technology (IT) workforce dataset demonstrates that the
proposed model outperforms established baselines, such as Random Forest, Gradient Boosting, and
standalone LSTM, achieving a 19-28% reduction in Root Mean Square Error (RMSE), a 27-36%
reduction in Mean Absolute Error (MAE), and a 2-7% improvement in R? score. Scenario-based
simulations further reveal that flexible work-hour policies can enhance overall productivity by up to 6-8 %,
emphasizing the framework's potential as a decision-support tool for HR managers. Overall,
GenWorkBalanceNet offers a scalable, interpretable, and data-driven solution for adaptive workforce
planning.

Keywords-generative Artificial Intelligence (Al); Work-Life Balance (WLB); Large Language Models
(LLMs); Information Technology (IT) workforce; employee productivity; burnout reduction; retention
prediction; Human Resource (HR) policy simulation

I.  INTRODUCTION

Deep Learning (DL) has become an essential tool for
predictive analytics, offering state-of-the-art capabilities in
handling high-dimensional and complex datasets. Its ability to
automatically extract hierarchical representations from raw data
without extensive feature engineering has enabled its
successful application in predicting workforce productivity
based on several factors, including absenteeism, project
delivery performance, workload distribution, and employee
wellness factors. Architectures such as Convolutional Neural
Networks (CNNs) and Long Short-Term Memory (LSTM)
networks have proven particularly effective, as CNNs excel in
spatial feature extraction, while LSTMs capture temporal

dependencies in sequential organizational datasets, making
them highly suitable for analyzing work environment dynamics
[1,2].

However, standalone DL models present inherent
limitations when applied to Work-Life Balance (WLB)-driven
productivity modeling, which involves multiple heterogeneous
and often sparse data sources. For instance, workforce datasets
are frequently imbalanced, particularly when capturing
scenarios involving newly introduced policies such as hybrid
work schedules, flexible shift programs, or employee wellness
incentives. This imbalance negatively impacts model
generalization, leading to reduced predictive accuracy for
underrepresented policy configurations [3]. In addition,
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conventional DL models rely solely on historical data and
cannot simulate hypothetical "what-if" scenarios, such as the
potential productivity effect of compressed workweeks or
wellness-based incentives, thus limiting their role in proactive
Human Resource (HR) policy design [4]. Furthermore, most
DL models act as black boxes, meaning there is no justification
in the model's final prediction, making it difficult for HR
managers to interpret how individual factors (e.g., workload
intensity or remote work participation) affect overall
employees' productivity, reducing trust in Al-driven decision
support [5].

To address these challenges, hybrid modeling approaches
integrating Generative Al with predictive DL architectures
have gained momentum. Generative Al models, including
transformer-based architectures and Variational Autoencoders
(VAEs), can generate synthetic yet realistic datasets that are
then used for improving training robustness and enabling
counterfactual policy simulations [6, 7]. Such simulations
allow decision-makers to evaluate the potential productivity
scores of new or modified WLB policies before
implementation. Furthermore, with the integration of
explainability mechanisms, such as Shapley Additive
Explanations (SHAP), decision-makers can also assess the
contribution of each feature to the final productivity score [8].

In this context, this paper introduces GenWorkBalanceNet,
a hybrid architecture to predict productivity scores influenced
by WLB strategies. GenWorkBalanceNet advances existing
research along three main axes. First, it couples conditional
generative modeling with a deep predictive network to improve
sample efficiency and robustness under policy heterogeneity
and class imbalance (e.g., rare burnout events). Second, it
unifies tabular HR Information System (HRIS) data,
longitudinal activity traces, and optional textual feedback
within a hybrid architecture, comprising a sequence encoder,
transformer text encoder, and fusion head, to jointly capture
temporal and semantic determinants of productivity. Third, it
embeds governance-by-design principles through policy-aware
conditioning, subgroup stability testing, and explainability
tooling, translating model outputs into actionable and auditable
WLB interventions. To achieve these, the architecture
incorporates an attention-based LSTM module for temporal
workforce analysis and employs SHAP analysis to improve
interpretability and transparency. This synthesis directly
addresses persistent limitations in prior research, including
limited data realism, poor generalization across teams or
policies, and insufficient support for counterfactual, decision-
oriented analytics in enterprise IT settings [9, 10].

II. METHODOLOGY

GenWorkBalanceNet is a novel hybrid Generative AI-DL
framework designed to predict workforce productivity under
varying WLB conditions. Figure 1 illustrates the proposed
architecture, which mainly consists of three integrated
components: (i) a generative policy simulation layer; (ii) an
attention-enhanced LSTM predictor; and (iii) a SHAP-based
explainability layer. Additionally, Figure 2 illustrates the
overall workflow of the proposed GenWorkBalanceNet
framework.
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Fig. 1.

GenWorkBalanceNet architecture.
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Fig. 2.

GenWorkBalanceNet workflow.

A. Generative Policy Simulation Layer

The first stage of the proposed model uses a transformer-
based encoder-decoder structure to create synthetic workforce
data representing policy-driven scenarios. Given an input
dataset:

X = {xl, POTRIE

) Xn} ey

where each element x; denotes workforce-specific features
(e.g., task completion rate, absenteeism, wellness participation,
and scheduling details), and the encoder produces contextual
representations:

H = Encoder(X) 2)
while the decoder reconstructs synthetic samples:
X = Decoder(H) 3)

The generated dataset X augments the original data,
ensuring balanced representation of policy scenarios such as
flexible schedules, wellness-driven incentives, or hybrid
working models. This approach allows the downstream
prediction module to learn from both historical and
hypothetical policy interventions, enhancing generalization and
adaptability.

B. Productivity Prediction via Attention-Enhanced LSTM

The prediction component is built on an LSTM network
[11], which is well-suited for capturing temporal dependencies
present in workforce productivity data. For each time step t,
the model receives a feature input z;, composed of both
original and synthetically generated attributes:

he, ce = LSTM(Zt' hge—1y, C{t—l}) 4

where h; is the hidden state vector and c; is the memory cell
state. To dynamically emphasize relevant features, an attention
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mechanism is
computed as:

incorporated, with attention weights a;

a = {exp(Woho)} /A (Wohi)} ©)
and the resulting context vector is given by:
il = T ach (6)

The final productivity estimate Y; is computed as:
Y, = Wy + b, 0

where W, and b, represent learnable parameters of the output
layer.

C. SHAP-Based Explainability Layer

To improve transparency, interpretability, and enhance trust
in the model's outputs, the proposed approach integrates SHAP
for feature attribution. The contribution of a given feature i is
quantified as the contribution score ¢; defined as:

[FS u{ih = F(HIB)

where F represents the full feature set, F is a subset excluding
feature i, and f () denotes the trained prediction model.

D. Hybrid Integration of the Generative AI Module and the
DL Predictive Model

Figure 3 focuses specifically on the hybrid integration
pipeline that connects the Generative Al module and the DL
predictive model within the proposed GenWorkBalanceNet
framework. The diagram illustrates how synthetic workforce
scenarios generated through the transformer-based generative
module are fused with attention-enhanced LSTM processing to
enable accurate and interpretable productivity predictions.
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Fig. 3. Hybrid integration pipeline of GenWorkBalanceNet.

The pipeline begins with historical HR datasets containing
task completion records, absenteeism trends, wellness program
participation, and scheduling information. The Generative Al
module produces synthetic workforce scenarios reflecting
alternative HR policies such as flexible scheduling, remote
work adoption, and wellness incentives. These synthetic data
are then merged with historical records and fed into an
attention-enhanced LSTM network that models temporal
dependencies and dynamically assigns importance to critical

workforce attributes. The resulting predictions undergo a
SHAP-based interpretability analysis, which identifies key
policy and workforce factors that impact productivity
outcomes. The final output provides HR managers with
actionable productivity forecasts and interpretable insights,
enabling proactive workforce planning and policy evaluation
[2, 12].

E. Dataset and Preprocessing

The dataset utilized in this study is derived from a publicly
available employee performance and productivity dataset [13]
hosted on Kaggle. The dataset comprises 100,000 employee
records covering various aspects of performance, productivity,
and demographics within a corporate environment. Features
include job role, department, education, experience, working
hours, satisfaction levels, employee engagement scores,
overtime hours, job satisfaction ratings, work-from-home
frequency, and average project turnaround time, ensuring a
holistic representation of productivity-related parameters. All
records were preprocessed, with personal identifiers
anonymized to ensure ethical and reliable analysis [14]. Other
preprocessing steps included:

e Data Cleaning: Removed duplicate records and resolved
inconsistent categorical entries.

e Feature Encoding: Converted categorical variables (e.g.,
department, role, and location) to one-hot encoding.

e Normalization: Scaled continuous variables, such as task
completion times and overtime hours, to the [0,1] range
using min-max normalization.

e Qutlier Treatment: Applied Interquartile Range (IQR)
filtering to cap extreme values in absenteeism and overtime
features.

e Data Splitting: Partitioned the dataset into training (70%),
validation (15%), and testing (15%) sets while maintaining
temporal sequence integrity for productivity trends.

The resulting dataset, combining real HR records and
synthetic policy-driven data, provides a robust foundation for
training and evaluating the proposed GenWorkBalanceNet
framework [15].

F. Model Configuration and Parameter Settings

The proposed hybrid framework configuration parameters
are presented in Table I. The transformer encoder-decoder and
LSTM modules shared the same optimizer (AdamW), learning
rate (5-107), batch size (32), and early stopping criterion
(patience = 10 epochs).

The experimental evaluation was carried out on a high-
performance computing server configured with an NVIDIA
RTX A6000 Graphics Processing Unit (GPU) featuring 48 GB
of Video Random Access Memory (VRAM), 256 GB of
system RAM, and dual Intel Xeon processors to support large-
scale DL workloads. The software environment comprised
Python 3.11 for overall development, PyTorch 2.3 for DL
model implementation, and SHAP 0.41 for explainability
analysis.
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TABLE L. MODEL CONFIGURATION AND TRAINING
SETTINGS
Parameter Value / Setting Description
. Transformer encoder- Hybrid model for policy
Arc’llx_ltezture decoder + LSTM- simulation and productivity
yp Attention prediction.
Number of stacked
Encoder- .
Decoder Layers 4 transformer layers in both
encoder and decoder.
Attention Heads 3 Number of self-attention
heads per transformer layer.
Dimensionality of hidden
Hidden Size 512 representation within each
transformer block.
Activation Non-linear activation for
. GELU . . .
Function improved learning dynamics.
Positional . . Encodes the sequential order
. Sinusoidal .
Encoding of input data.
Stabilizes training and
Normalization Layer Normalization mitigates internal covariate
shift.
Optimizer with decoupled
Optimizer AdamW weight decay for
generalization.
Learning Rate 5.10° Adaptive learning rate for
stable convergence.
Batch Size 32 Mml-t_)aFch size u.sed per
training iteration.
Weight Decay 1102 Regularization fac_tor to
prevent overfitting.
Max Epochs 100 Upper'hmlt‘of training
iterations.
. Training stops if validation
Earéy‘Sto'p ping Patience = 10 epochs loss does not improve for 10
riterion .
consecutive epochs.
LSTM Layers 2 (Bidirectional) Number of recurrent l.ayers for
temporal modeling.
LSTM Hidden 256 (per direction) Hidden dimension in each
Size P LSTM direction.
Hardware Setu NVIDIA RTX A6000 Environment used for model
P GPU training and evaluation.
Framework PyTorch 2.3 DL fr.amework utl.hzed for
implementation.
III. RESULTS AND DISCUSSION

A. Comparative Analysis of GenWorkBalanceNet vs Baseline

Methods

The models were evaluated using Root Mean Square Error

(RMSE), Mean Absolute Error (MAE), and R? Score to
measure prediction accuracy based on the productivity index.
The productivity index represents a composite score derived
from normalized indicators, including task completion rate,
punctuality, engagement in wellness programs, and remote
work efficiency. Each component (task completion rate,
attendance consistency, overtime hours, project turnaround
time, and wellness program participation) was scaled between
0 and 10, and the final index reflects an aggregated measure of
workforce productivity under varying policy scenarios.

Figure 4 presents a comparative analysis of model
performance based on the RMSE. The proposed
GenWorkBalanceNet achieved the lowest RMSE value of 3.12
and the closest alignment between predicted and actual
productivity scores. In contrast, Random Forest (4.35) and

Gradient Boosting (4.12) exhibited higher error margins,
reflecting lower prediction precision. The standalone LSTM
(3.84) performed moderately well but remained less accurate
than GenWorkBalanceNet.
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Fig. 4. RMSE comparison across models.

Figure 5 compares the MAE values of the evaluated
models. GenWorkBalanceNet achieved the lowest MAE of
1.60, demonstrating higher consistency and reduced deviation
between predicted and actual outcomes. In comparison,
Random Forest (2.50) and Gradient Boosting (2.40) produced
larger errors, while the standalone LSTM (2.20) performed
moderately but less effectively than GenWorkBalanceNet.
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Fig. 5. MAE comparison across models.

Figure 6 depicts the R? values, representing each model’s
ability to explain the variance in productivity predictions.
GenWorkBalanceNet attained the highest R? value of 0.92,
indicating a stronger correlation between predicted and actual
productivity compared to other models. In contrast, Random
Forest (0.86) and Gradient Boosting (0.88) demonstrated lower
explanatory power, while the standalone LSTM (0.90)
performed competitively but slightly below
GenWorkBalanceNet.

In relative terms, GenWorkBalanceNet reduced RMSE by
19-28%, MAE by 27-36%, and improved R? by 2-7%
compared with all baselines, validating the effectiveness of the
proposed model.
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Moreover, Figure 7 illustrates the weekly variation in
productivity scores, comparing actual productivity scores from
the dataset in [13] against predictions from the proposed model
and the second-best performing model (standalone LSTM). As
shown, GenWorkBalanceNet closely follows the actual trend,
maintaining minimal deviation throughout the observation
period, while the standalone LSTM slightly underestimates
productivity in certain intervals, showing delayed responses to
fluctuations.
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Fig. 7. Productivity trend prediction.

B. SHAP-Based Feature Importance and Interpretability
Analysis

Table II summarizes the mean absolute SHAP values for
the ten most influential features based on our model's
predictions. The analysis indicates that task completion rate,
wellness participation, and remote work frequency exhibit the
strongest positive contributions to productivity, while overtime
hours and absenteeism rate show pronounced negative impacts.
Collectively, these five factors explain approximately 68% of
the total model variance. Intermediate behavioral attributes
such as engagement, peer collaboration, and skill development
demonstrate moderate positive effects, highlighting the
importance  of  collaborative = and  learning-oriented
environments. In contrast, demographic features, including
experience and education level, had a limited influence.
Overall, the interpretability results validate that balanced
workload management, flexibility, and wellness participation
drive an estimated 6-8% improvement in productivity,
consistent with the model’s quantitative performance gains.

TABLE II SHAP-BASED FEATURE IMPORTANCE RANKING
Rank Feature Mean ISHAPI II!ﬂue{lce
Value Direction
1 Task Completion Rate 043 Positive
2 Wellness Participation 041 Positive
3 Remote Work Frequency 0.37 Positive
4 Overtime Hours 0.39 Negative
5 Absenteeism Rate 041 Negative
6 Engagement Score 0.28 Positive
7 Peer Collaboration 0.25 Positive
8 Skill Development 0.24 Positive
9 Experience (Years) 0.12 Neutral
10 Education Level 0.09 Neutral

IV. CONCLUSION

The proposed GenWorkBalanceNet framework effectively
integrated Generative Artificial Intelligence (AI) for synthetic
policy-driven scenario generation with an attention-enhanced
Long Short-Term Memory (LSTM) predictor and Shapley
Additive  Explanations  (SHAP)-based interpretability,
addressing key limitations of traditional workforce analytics
models such as data sparsity, limited policy simulation, and
lack of transparency. By enriching historical Human Resource
(HR) datasets with realistic synthetic scenarios, the model

improves generalization and enables proactive "what-if"
analysis of Work-Life Balance (WLB) strategies.
Experimental results demonstrated that

GenWorkBalanceNet outperformed baseline methods such as
Random Forest, Gradient Boosting, and standalone LSTM,
with a 19-28% reduction in Root Mean Square Error (RMSE),
27-36% reduction in Mean Absolute Error (MAE), and 2-7%
improvement in R? score. Additionally, the SHAP analysis
identified task completion rate, wellness participation, and
remote work frequency as positive drivers of productivity,
while overtime hours and absenteeism rate exhibited negative
impacts, jointly explaining 68% of model variance. Scenario
analysis further revealed that flexible work-hour policies could
enhance productivity by up to 6-8%, highlighting the model's
value as a decision-support tool for HR management. Future
research will extend this framework toward real-time
workforce analytics, cross-organizational validation, and
adaptive generative modeling to support dynamic, data-driven
HR decision-making.
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