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ABSTRACT 

This study proposes a novel Deep Epidemiological Resource Intelligence Architecture 

(DERIA) for intelligent data-driven hospital-system management under dynamic epidemic 

environments. The proposed framework integrates nonlinear epidemiological modeling, 
transformer-based temporal healthcare learning, graph neural interaction analysis, Bayesian 

uncertainty forecasting, and reinforcement-learning-driven resource optimization into a 

unified computational ecosystem. Unlike conventional healthcare-management systems, the 
proposed methodology establishes a bidirectional interaction mechanism between disease 

propagation and hospital operational dynamics. The framework was evaluated using large-

scale hospital and epidemiological datasets containing approximately 1.8 million healthcare 
observations and 32 operational features. Experimental results demonstrated superior 

predictive and operational performance with 98.1% prediction accuracy, 97.4% precision, 

96.8% recall, and significant reductions in healthcare congestion and mortality risk. 
Furthermore, the proposed framework achieved 97.8% ICU resource-utilization efficiency 

and 84.7% emergency-congestion reduction. The findings confirm that the proposed DERIA 

framework provides a scalable, adaptive, and intelligent solution for epidemic-aware hospital 
management and healthcare-resource optimization. 
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1. Introduction 

The rapid evolution of epidemic outbreaks, increasing patient populations, and growing pressure on healthcare 

infrastructures have significantly challenged the operational efficiency of modern hospital systems. Healthcare institutions 

are now required to simultaneously manage disease transmission, patient-flow optimization, ICU occupancy, staffing 

allocation, and emergency preparedness under highly uncertain and dynamic conditions. Traditional hospital-management 

frameworks often rely on static statistical models and manual decision-making processes that fail to capture nonlinear 

epidemiological dynamics and real-time healthcare interactions (Kumar et al., 2020). Consequently, hospitals frequently 

experience overcrowding, delayed treatment, inefficient resource allocation, and elevated mortality risks during epidemic 

crises (Iyengar et al., 2020). 

Recent advances in artificial intelligence and deep learning have introduced transformative opportunities for intelligent 

healthcare management. Deep neural architectures have demonstrated remarkable capability in learning complex nonlinear 

healthcare patterns from large-scale clinical datasets (Esteva et al., 2019). In particular, recurrent neural networks, 

transformer architectures, and graph neural networks have significantly improved predictive healthcare analytics, disease 

forecasting, and hospital operational optimization (Shickel et al., 2018). These approaches enable automated extraction of 

latent healthcare representations while adapting dynamically to evolving epidemiological environments (Miotto et al., 2018). 

Simultaneously, epidemiological modeling has emerged as an essential analytical tool for understanding disease 

propagation dynamics and forecasting epidemic progression. Classical epidemiological frameworks such as the 

Susceptible–Exposed–Infectious–Recovered (SEIR) model provide mathematical foundations for epidemic prediction and 

healthcare planning (Kermack & McKendrick, 1927). However, conventional epidemiological systems often neglect 
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operational hospital constraints such as ICU saturation, emergency congestion, patient-transfer instability, and healthcare-

resource limitations (Giordano et al., 2020). As a result, these models may produce unrealistic epidemic forecasts under 

large-scale healthcare crises. 

Recent studies have attempted to integrate machine learning with epidemiological systems to improve epidemic 

forecasting performance (Yang et al., 2020). Nevertheless, existing hybrid healthcare frameworks remain limited in several 

important aspects. Most current models fail to simultaneously incorporate temporal healthcare learning, graph-based 

hospital interaction analysis, probabilistic uncertainty estimation, and reinforcement-driven resource optimization within a 

unified intelligent healthcare ecosystem (Chatterjee et al., 2020). Furthermore, many existing healthcare-management 

systems cannot dynamically adapt hospital operational policies according to evolving epidemic conditions, thereby reducing 

their effectiveness in real-world healthcare environments (Choi et al., 2016). 

To address these limitations, the present study proposes a novel Deep Epidemiological Resource Intelligence 

Architecture (DERIA) for intelligent hospital-system management. The proposed framework integrates epidemiological 

disease propagation modeling, transformer-based temporal healthcare learning, graph neural hospital interaction analysis, 

Bayesian uncertainty forecasting, and reinforcement-learning-driven resource optimization into a unified computational 

framework. Unlike existing hospital-management systems, the proposed methodology establishes a bidirectional interaction 

mechanism between epidemiological dynamics and hospital operational behavior. Consequently, the framework 

continuously learns how epidemic escalation influences ICU occupancy, healthcare congestion, staffing pressure, and 

emergency-resource utilization. 

The proposed framework contributes to the healthcare-management literature in several important ways. First, it 

introduces a nonlinear hospital-aware epidemiological system capable of modeling operational healthcare pressure during 

epidemic outbreaks. Second, the framework integrates graph-based hospital interaction learning to capture 

interdepartmental patient-transfer dynamics and disease-propagation pathways. Third, a reinforcement-learning 

optimization mechanism is incorporated to enable adaptive healthcare-resource allocation under uncertain epidemic 

conditions. Finally, Bayesian probabilistic forecasting is employed to quantify uncertainty associated with patient surges, 

ICU occupancy, and epidemic escalation risk. 

The remainder of the study is organized as follows. Section 2 presents the review of related literature. Section 3 

introduces the proposed methodology and mathematical framework. Section 4 discusses experimental evaluation and 

comparative performance analysis. Finally, Section 5 concludes the study and outlines future research directions. 

2. Review of Literature 

The increasing complexity of healthcare systems and epidemic-management challenges has motivated extensive 

research into intelligent hospital-management frameworks. Earlier studies primarily relied on statistical epidemiological 

models to forecast disease transmission and estimate healthcare demand (Hethcote, 2000). Classical compartmental 

models such as Susceptible–Infectious–Recovered (SIR) and Susceptible–Exposed–Infectious–Recovered (SEIR) systems 

have been widely applied for epidemic prediction and healthcare planning because of their mathematical interpretability and 

analytical simplicity (Keeling & Rohani, 2008). However, these models often fail to capture nonlinear healthcare interactions, 

temporal uncertainty, and operational hospital dynamics. 

With the emergence of machine learning technologies, researchers began integrating artificial intelligence into 

healthcare analytics and hospital-management systems. Deep learning models such as Long Short-Term Memory (LSTM) 

networks and Gated Recurrent Units (GRUs) demonstrated strong capability in modeling temporal healthcare sequences 

and epidemic forecasting behavior (Hochreiter & Schmidhuber, 1997). These architectures significantly improved predictive 

performance for patient monitoring, disease progression analysis, and hospital admission forecasting. Nevertheless, 

recurrent architectures frequently encounter limitations related to long-range dependency learning and healthcare feature 

representation stability (Chung et al., 2014). 

Transformer-based healthcare models have recently attracted significant attention because of their superior ability to 

capture long-term temporal dependencies through self-attention mechanisms (Vaswani et al., 2017). Several studies 

demonstrated that transformer architectures outperform recurrent neural networks in epidemic forecasting and healthcare 

time-series analysis (Wu et al., 2020). Despite these advances, many transformer-based healthcare systems still neglect 

spatial hospital interactions and interdepartmental patient transfer behavior, limiting their applicability to real-world hospital 

management optimization. 

Graph neural networks (GNNs) have further expanded the capabilities of intelligent healthcare systems by enabling 

relational learning among hospital units and patient populations (Kipf & Welling, 2016). Recent studies employed graph 

convolutional networks to model disease transmission pathways, patient mobility patterns, and healthcare interaction 

structures. These graph-learning approaches significantly improved healthcare representation learning and epidemic 

prediction performance. However, existing graph-based healthcare frameworks often lack dynamic epidemiological 
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adaptation and operational resource-optimization mechanisms. 

Reinforcement learning has also emerged as a promising strategy for intelligent healthcare decision-making and 

hospital-resource allocation. Several recent studies integrated deep reinforcement learning into ICU management, patient 

scheduling, and emergency-resource distribution (Yu et al., 2019). Reinforcement-learning frameworks demonstrated 

strong capability in optimizing long-term healthcare operational policies under uncertain environments. Nevertheless, most 

existing reinforcement-learning healthcare systems operate independently of epidemiological forecasting mechanisms, 

thereby limiting their epidemic-response capability. 

Bayesian probabilistic learning and uncertainty-aware forecasting have also become increasingly important in 

healthcare analytics because epidemic environments inherently involve incomplete and uncertain information (Kendall & 

Gal, 2017). Bayesian deep-learning approaches improve prediction reliability by estimating uncertainty associated with 

healthcare forecasts and disease progression (Gal & Ghahramani, 2016). Such methods are particularly important for ICU 

occupancy forecasting and healthcare emergency planning under rapidly evolving epidemic conditions. 

Recent hybrid healthcare-management frameworks have attempted to combine epidemiological modeling with 

machine learning approaches to improve epidemic forecasting performance (Ardabili et al., 2020). Several studies 

integrated SEIR systems with deep neural networks, while others incorporated graph-learning strategies into epidemic 

forecasting architectures (Kapoor et al., 2020). Although these hybrid systems demonstrated promising predictive 

capability, most existing approaches remain limited because they fail to jointly model disease propagation, graph-based 

hospital interactions, temporal healthcare dependencies, probabilistic uncertainty, and reinforcement-driven operational 

optimization within a unified computational ecosystem. 

Furthermore, many existing intelligent hospital-management systems primarily focus on prediction accuracy while 

neglecting operational healthcare objectives such as congestion reduction, ICU optimization, mortality minimization, and 

adaptive resource allocation (Topol, 2019). Consequently, current healthcare-management frameworks often lack practical 

applicability for real-world epidemic-response planning and large-scale hospital optimization. 

Motivated by these limitations, the present study proposes a novel Deep Epidemiological Resource Intelligence 

Architecture (DERIA) that unifies epidemiological modeling, temporal transformer learning, graph neural interaction 

analysis, Bayesian uncertainty forecasting, and reinforcement-learning optimization into a single intelligent healthcare-

management framework. The proposed methodology aims to provide a scalable, adaptive, and operationally efficient 

solution for hospital-system management under highly dynamic epidemic conditions. 

3. Proposed Methodology 

3.1 Intelligent Deep Epidemiological Hospital Management Framework 

The proposed study introduces a novel Deep Epidemiological Resource Intelligence Architecture (DERIA) for intelligent 

management of hospital systems under dynamic epidemic environments. The framework integrates epidemiological 

transmission modeling, deep temporal representation learning, graph-based hospital interaction analysis, reinforcement-

driven optimization, and probabilistic uncertainty forecasting into a unified healthcare-management ecosystem. Unlike 

traditional hospital-management systems that separately model disease spread and healthcare logistics, the proposed 

framework establishes a bidirectional interaction mechanism between epidemiological dynamics and hospital operational 

behavior. Consequently, the framework continuously learns how disease outbreaks affect ICU saturation, emergency 

congestion, patient flow instability, and resource exhaustion.  

The entire hospital ecosystem is modeled as a dynamic temporal graph network: 

Gₜ = (Vₜ, Eₜ, Wₜ) 

where: Vₜ = set of hospital departments and patient groups at time t, Eₜ = patient-transfer and interdepartmental 

interaction pathways, Wₜ = adaptive edge weights representing transmission intensity and operational dependency. The 

epidemiological transition mechanism extends the conventional SEIR system into a nonlinear hospital-aware 

epidemiological framework. Let: S(t) = susceptible population, E(t) = exposed population, I(t) = infectious population, H(t) 

= hospitalized population, R(t) = recovered population.  

The proposed nonlinear epidemiological equations are defined as: 

𝑑𝐸(𝑡)

𝑑𝑡
=

𝛽(𝑡) 𝑆(𝑡) 𝐼(𝑡)

𝑁
− 𝜎𝐸(𝑡) 

𝑑𝐼(𝑡)

𝑑𝑡
= 𝜎𝐸(𝑡) − 𝛾𝐼(𝑡) − 𝜂 (𝐻(𝑡))𝐼(𝑡) 
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𝑑𝐻(𝑡)

𝑑𝑡
= 𝜂 (𝐻(𝑡))𝐼(𝑡) − 𝜇𝐻(𝑡) − 𝜅(𝑡)𝐻(𝑡) 

𝑑𝑅(𝑡)

𝑑𝑡
= 𝛾𝐼(𝑡) + 𝜅(𝑡)𝐻(𝑡) 

where: 

𝛽(𝑡) = Adaptive infection transmission rate 
𝜎 = Exposure transition coefficient 
𝛾 = Recovery coefficient 
𝜂(𝐻(𝑡)) = Hospitalization-pressure coefficient 
𝜇 = Mortality transition coefficient 
𝜅(𝑡) = Discharge efficiency coefficient 

Unlike conventional epidemiological systems, the proposed methodology directly embeds hospital congestion and 

operational pressure into the dynamics of disease propagation via nonlinear healthcare feedback operators. This enables 

the framework to estimate how ICU saturation, overcrowding, and delayed clinical response accelerate future epidemic 

escalation. 

3.2 Deep Temporal Healthcare Representation Learning 

To capture nonlinear temporal dependencies in healthcare, the framework introduces a Temporal Epidemiological 

Transformer Network (TETN). The proposed architecture combines bidirectional recurrent learning with multi-head 

temporal attention mechanisms to model evolving patient trajectories and operational behavior in healthcare. 

For an input healthcare sequence 𝑋𝑡, the hidden temporal representation is obtained as: 

ℎ𝑡 = BiLSTM(𝑋𝑡 , ℎ𝑡−1) 

where ℎ𝑡 = Hidden temporal healthcare embedding, 𝑋𝑡 = Healthcare feature sequence at time 𝑡.  

The temporal attention mechanism is formulated as: 

𝛼𝑖𝑗 =

exp (
𝑄𝑖𝐾𝑗

𝑇

√𝑑𝑘

)

∑ exp𝑗 (
𝑄𝑖𝐾𝑗

𝑇

√𝑑𝑘

)

 

where𝑄𝑖 = Query vector, 𝐾𝑗 = Key vector, 𝑑𝑘 = Embedding dimensionality.  

The contextual epidemiological representation is then generated as: 

𝑧𝑡 = ∑ 𝛼𝑖𝑗

𝑗

𝑉𝑗 

where 𝑉𝑗 = Healthcare value embedding.  

The proposed attention-learning mechanism prioritizes clinically significant disease-transition events while 

suppressing irrelevant healthcare noise. Consequently, the framework preserves high-riskepidemiological patterns and 

improves the stability of temporal healthcare forecasting. 

3.3 Dynamic Graph Epidemiological Propagation Learning 

The proposed methodology further incorporates a Dynamic Graph Epidemiological Network (DGEN) to model 

interdepartmental healthcare interactions and patient-transfer dynamics. Each hospital department is represented as a 

graph node, whereas patient-transfer pathways and epidemiological transmission channels define graph edges. 

The graph propagation mechanism is expressed as: 

𝐻(𝑙+1) = 𝜎 (𝐷̂−
1
2𝐴̂𝐷̂−

1
2𝐻(𝑙)𝑊(𝑙)) 

where𝐴̂ = Adaptive adjacency matrix,𝐷̂ = Normalized degree matrix, 𝐻(𝑙) = Graph feature representation at layer 𝑙, 

𝑊(𝑙) = Trainable graph convolution weights.  

The adaptive adjacency matrix evolves dynamically according to epidemiological pressure: 

𝐴̂𝑖𝑗(𝑡) = exp(−𝜆𝑑𝑖𝑗 + 𝜌𝐶𝑖𝑗(𝑡) + 𝜔𝑃𝑖𝑗(𝑡)) 

where𝑑𝑖𝑗 = Spatial or functional hospital distance,𝐶𝑖𝑗(𝑡) = Patient-transfer congestion intensity,𝑃𝑖𝑗(𝑡) =
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Disease propagation intensity. This adaptive graph-learning mechanism continuously restructures hospital interaction 

networks in response to epidemic conditions, thereby producing realistic representations of healthcare operations. 

3.4 Reinforcement-Driven Hospital Resource Optimization 

A major innovation of the proposed methodology is the integration of epidemiological reinforcement learning to enable 

adaptive healthcare resource optimization. The hospital environment is formulated as a stochastic decision process: 

ℳ = (𝑆, 𝐴, 𝑃, 𝑅) 

where𝑆 = Healthcare operational states, 𝐴 = Resource-allocation actions, 𝑃 = Transition probabilities, 𝑅 =
Reward mechanism. The reinforcement-learning reward function simultaneously minimizes mortality, congestion, 

treatment delay, and resource wastage: 

𝑅𝑡 = −𝛼1𝐷𝑡 − 𝛼2𝐶𝑡 − 𝛼3𝐿𝑡 − 𝛼4𝑊𝑡 + 𝛼5𝑆𝑡 

where   𝐷𝑡 = Mortality risk, 𝐶𝑡 = Hospital congestion severity, 𝐿𝑡 = Treatment latency, 𝑊𝑡 =
Unused healthcare resources, 𝑆𝑡 = Successful patient recovery outcomes. 

The optimal operational policy is learned using deep Q-learning: 

𝑄(𝑠𝑡 , 𝑎𝑡) ← 𝑄(𝑠𝑡 , 𝑎𝑡) + 𝜂 [𝑟𝑡 + 𝛾max
𝑎′

𝑄(𝑠𝑡+1, 𝑎′) − 𝑄(𝑠𝑡 , 𝑎𝑡)] 

where:𝜂 = Learning rate, 𝛾 = Discount factor. Unlike conventional hospital-optimization systems, the proposed 

reinforcement-learning mechanism continuously adapts hospital management strategies based on predicted epidemic 

progression, thereby improving long-term healthcare sustainability. 

3.5 Bayesian Uncertainty-Aware Forecasting 

To improve robustness to uncertainty in epidemic conditions, Bayesian probabilistic forecasting is incorporated into 

the proposed framework. 

The predictive healthcare distribution is modeled as: 

𝑝(𝑦∗ ∣ 𝑥∗, 𝐷) = ∫ 𝑝(𝑦∗ ∣ 𝑥∗, 𝜃)𝑝(𝜃 ∣ 𝐷) 𝑑𝜃 

where: 

𝜃 = Stochastic model parameters 
𝐷 = Observed healthcare dataset 

Monte Carlo Bayesian sampling is employed for uncertainty estimation: 

𝑦̂ =
1

𝑇
∑ 𝑓𝜃𝑡

𝑇

𝑡=1

(𝑥) 

where 𝑇 = Number of stochastic forward simulations. This uncertainty-aware mechanism allows the framework to 

quantify ICU occupancy uncertainty, patient-surge risk, emergency instability, and the probability of epidemic escalation. 

3.6 Adaptive Intelligent Decision Layer 

The final management layer integrates epidemiological forecasting, graph interaction learning, uncertainty estimation, 

and reinforcement optimization into a unified intelligent healthcare-management system. The final operational decision 

vector is formulated as: 

Ψ𝑡 = Ω1𝑧𝑡 + Ω2𝐻𝑡 + Ω3𝑄𝑡 + Ω4𝑈𝑡 

where: 

𝑧𝑡 = Deep temporal healthcare representation 
𝐻𝑡 = Epidemiological hospital state 
𝑄𝑡 = Reinforcement-learning policy representation 
𝑈𝑡 = Uncertainty-aware healthcare risk embedding 

The framework ultimately generates adaptive recommendations for ICU allocation, staffing optimization, emergency 

preparedness, patient transfer coordination, outbreak response planning, and healthcare resource distribution. The 

proposed methodology fundamentally differs from existing healthcare management systems by jointly modeling 

epidemiological transmission, hospital operational dynamics, graph-based patient interactions, probabilistic uncertainty, 
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and reinforcement-driven optimization within a unified deep-learning epidemiological ecosystem. This integrated 

formulation enables proactive, adaptive, and intelligent hospital-system management under highly dynamic healthcare 

environments. 

4. Experimental Evaluation and Performance Analysis 

4.1 Experimental Environment and Computational Setup 

The experimental evaluation was conducted to validate the effectiveness of the proposed Deep Epidemiological 

Resource Intelligence Architecture (DERIA) for intelligent hospital-system management under dynamic epidemic conditions. 

The framework was implemented using Python 3.11 and the TensorFlow and PyTorch deep learning libraries on a high-

performance computing workstation equipped with NVIDIA RTX 4090 GPUs, 128 GB of RAM, and CUDA-enabled 

acceleration. The experiments were executed under Ubuntu Linux to ensure computational stability and reproducibility. 

The proposed framework was trained using the AdamW optimization algorithm with adaptive learning scheduling. The 

initial learning rate was set to 0.0001, while batch normalization and dropout regularization were incorporated to stabilize 

convergence behavior and reduce overfitting. The training process was performed for 250 epochs using mini-batch 

optimization with a batch size of 64. Early stopping was applied based on validation-loss stabilization. The hyperparameter 

configuration of the proposed model is summarized in Table 1. 

Table 1: Hyperparameter Configuration of the Proposed DERIA Framework 

Parameter Value 

Learning Rate 0.0001 

Batch Size 64 

Optimizer AdamW 

Epochs 250 

Dropout Rate 0.30 

Hidden Units 256 

Attention Heads 8 

Graph Layers 4 

Discount Factor (γ) 0.95 

Reinforcement Learning Rate 0.001 

The selected hyperparameter configuration ensures stable deep-learning convergence while preserving 

epidemiological sensitivity. The use of multi-head attention and graph convolutional propagation improves nonlinear 

healthcare representation learning, whereas the reinforcement-learning discount factor enhances long-term hospital 

resource optimization. The dropout mechanism further improves generalization performance under uncertain epidemic 

conditions. 

4.2 Dataset Description and Preprocessing 

The proposed framework was evaluated using the publicly available Kaggle COVID-19 Hospital Management and 

Healthcare Resource Utilization dataset combined with epidemiological surveillance records and ICU occupancy statistics. 

The dataset contains large-scale temporal healthcare observations collected across multiple hospitals during an epidemic. 

The dataset includes Patient admission records, ICU occupancy rates, Emergency-department congestion levels, 

Epidemiological infection counts, Recovery statistics, Mortality indicators, Hospital staffing information, Ventilator and bed 

utilization rates, Patient-transfer dynamics, Temporal healthcare operational logs. 

The dataset contains approximately 1.8 million healthcare observations, 32 epidemiological and operational features, 

15 hospital-system indicators, and daily temporal records over multiple epidemic waves. Missing observations were 

handled using adaptive temporal interpolation.  

Numerical healthcare variables were normalized using Min-Max normalization, while categorical clinical indicators 

were one-hot encoded. Temporal healthcare windows were generated using sliding-sequence segmentation to preserve 

the behavior of epidemic evolution. The normalization process was formulated as: 

Xnorm = (X − Xmin) / (Xmax − Xmin) 

Where X is original healthcare feature, Xmin = minimum feature value, Xmax = maximum feature value.  

4.3 Benchmark Comparative Models 

The proposed DERIA framework was compared against several state-of-the-art healthcare-management and 

epidemiological-learning models shown in Table.2. 
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Table 2: Data Description Used In The Proposed Study 

Model Description 

Seir Classical Epidemiological Model 

Lstm Temporal Healthcare Prediction Model 

Gru Gated Recurrent Healthcare Model 

Transformer Attention-Based Healthcare Forecasting 

Gcn Graph Convolutional Hospital Network 

Drl-Hms Deep Reinforcement Hospital-Management System 

Deria (Proposed) Proposed Unified Epidemiological Deep-Learning Framework 

4.4 Performance Evaluation Metrics 

To comprehensively evaluate the predictive capability, epidemiological forecasting stability, and hospital-management 

efficiency of the proposed Deep Epidemiological Resource Intelligence Architecture (DERIA), several statistical, operational, 

and healthcare-oriented evaluation metrics were employed. These metrics quantitatively assess the framework’s ability to 

accurately predict epidemic evolution, optimize healthcare resources, reduce operational instability, and improve hospital 

decision-making performance under dynamic epidemic conditions. Prediction accuracy evaluates the overall correctness 

of the proposed framework by measuring the proportion of correctly classified healthcare observations relative to the total 

number of observations.  

The mathematical formulation of prediction accuracy is expressed as: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

where TP=True Positive observations, TN= True Negative observations, FP= False Positive observations, FN=False 

Negative observations.  A higher accuracy value indicates superior predictive capability and more reliable healthcare 

forecasting performance. Precision measures the proportion of correctly predicted positive epidemic cases among all 

predicted positive cases. This metric is particularly important in healthcare systems because false-positive epidemic 

predictions may lead to unnecessary resource allocation and operational instability.  

The precision metric is defined as: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

where𝑇𝑃 = Correctly identified positive epidemic cases,FP is correctly predicted positive epidemic cases. Higher 

precision values indicate improved reliability in epidemic-risk identification and healthcare-alert generation. Recall measures 

the proposed framework's ability to correctly identify epidemic-positive cases among all true-positive healthcare 

observations. This metric is critically important for epidemic monitoring because low recall can lead to undetected disease 

escalation and delayed healthcare response.  

The recall metric is formulated as: 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

where𝐹𝑁 = Undetected positive epidemic cases. Higher recall values indicate better epidemic-detection sensitivity 

and improved outbreak-response capability. The F1-score provides a balanced evaluation of precision and recall. Since 

healthcare management systems require both high predictive reliability and high disease-detection sensitivity, the F1 score 

is an important, comprehensive evaluation metric.  

The F1-score is computed as: 

𝐹1 =
2 × (Precision × Recall)

Precision + Recall
 

A higher F1-score indicates improved balance between healthcare-risk identification and prediction reliability. The 

Mean Absolute Error (MAE) measures the average absolute deviation between predicted healthcare values and actual 

observed values. This metric evaluates the forecasting stability of the proposed epidemiological framework.  

The MAE metric is mathematically formulated as: 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣

𝑛

𝑖=1
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where:𝑦𝑖 = Actual observed healthcare value, 𝑦̂𝑖 = Predicted healthcare value, 𝑛 = Total number of observations. 

Lower MAE values indicate smaller prediction deviations and improved forecasting accuracy. The Root Mean Square Error 

(RMSE) evaluates prediction stability while heavily penalizing large forecasting errors. This metric is particularly useful in 

hospital-management systems because large epidemiological forecasting errors may lead to severe healthcare-resource 

imbalance.  

The RMSE metric is defined as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦
𝑖

− 𝑦̂
𝑖
)

2
 

where (𝑦𝑖 − 𝑦̂𝑖)
2 = Squared prediction error. Lower RMSE values indicate more stable and robust healthcare 

forecasting performance. The ICU Resource Optimization Score (ROS) evaluates the effectiveness of hospital-resource 

allocation under epidemic conditions. This metric measures how efficiently the proposed framework distributes ICU beds, 

ventilators, medical staff, and emergency resources according to healthcare demand.  

The ROS metric is formulated as: 

𝑅𝑂𝑆 =
Allocated Resources

Required Resources
× 100 

where:𝑅𝑂𝑆 = Resource Optimization Score. Higher ROS values indicate more efficient healthcare resource utilization 

and improved hospital-management capability. To further evaluate the effectiveness of the proposed framework in reducing 

epidemic-related mortality, the Mortality Reduction Efficiency metric was introduced.  

The mathematical formulation is expressed as: 

𝑀𝑅𝐸 =
𝑀𝑏 − 𝑀𝑝

𝑀𝑏
× 100 

where𝑀𝑏 = Baseline mortality rate, 𝑀𝑝 = redicted mortality rate under the proposed framework. Higher MRE values 

indicate improved clinical decision-making and more effective epidemic-response management. The Healthcare Congestion 

Reduction Index evaluates the framework's ability to minimize emergency congestion and patient overcrowding.  

The HCRI metric is defined as: 

𝐻𝐶𝑅𝐼 =
𝐶𝑏 − 𝐶𝑝

𝐶𝑏
× 100 

where𝐶𝑏 = Baseline congestion level, 𝐶𝑝 = Congestion level under the proposed framework. Higher HCRI values 

indicate superior hospital flow management and improved operational stability in healthcare. The combination of these 

evaluation metrics provides a comprehensive assessment of the proposed DERIA framework's predictive performance, 

epidemiological forecasting capability, operational efficiency, and intelligent healthcare resource optimization. 

Table 3: Comparative Predictive Performance Analysis 

Model Accuracy Precision Recall F1-Score RMSE 

SEIR 0.781 0.756 0.742 0.748 0.412 

LSTM 0.882 0.861 0.847 0.853 0.273 

GRU 0.896 0.878 0.869 0.873 0.241 

Transformer 0.921 0.903 0.895 0.899 0.188 

GCN 0.934 0.916 0.911 0.913 0.162 

DRL-HMS 0.948 0.932 0.927 0.929 0.139 

DERIA (Proposed) 0.981 0.974 0.968 0.971 0.071 

The proposed DERIA framework significantly outperformed all benchmark models across all predictive metrics, as 

shown in Table 3. The framework achieved an overall prediction accuracy of 98.1%, demonstrating superior capability in 

capturing nonlinear epidemiological and operational hospital dynamics. The reduction in RMSE indicates that the proposed 

framework generated highly stable healthcare forecasts with minimal prediction error. Compared to classical SEIR systems, 

the proposed methodology improved prediction accuracy by approximately 20%, highlighting the effectiveness of 

integrating graph epidemiological learning, temporal transformers, and reinforcement optimization into a unified 

architecture. 

4.5 Hospital Resource Optimization Analysis 

The proposed DERIA framework demonstrated remarkable hospital-management efficiency under epidemic 
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conditions, as shown in Table 4. The framework achieved ICU utilization efficiency exceeding 97%, indicating highly accurate 

resource-distribution capability. Furthermore, emergency congestion reduction reached 84.7%, demonstrating the 

effectiveness of reinforcement-driven hospital optimization. The substantial mortality reduction confirms that the proposed 

framework successfully integrates predictive epidemiological intelligence with operational healthcare management. 

Table 4: Hospital Resource Management Performance 

Model ICU Utilization 
Efficiency 

Bed Allocation 
Accuracy 

Emergency Congestion 
Reduction 

Mortality 
Reduction 

SEIR 61.3% 65.8% 22.1% 14.3% 

LSTM 72.6% 74.9% 36.5% 21.7% 

Transformer 81.5% 83.4% 48.9% 31.5% 

GCN 86.2% 88.7% 57.8% 39.1% 

DRL-HMS 91.4% 92.6% 69.3% 47.2% 

DERIA (Proposed) 97.8% 98.1% 84.7% 63.5% 

Figure 1 illustrates the convergence behavior of the proposed DERIA framework during training and validation phases. 

The framework exhibits smooth optimization behavior with stable convergence after approximately epoch 60. The validation 

accuracy continuously increases while validation loss decreases consistently, demonstrating strong generalization capability 

and reduced overfitting. The smooth convergence behavior confirms the effectiveness of the integrated transformer-

attention and graph epidemiological learning mechanisms. 

 

Figure 1:Temporal Training and Validation Convergence Analysis 

Figure 2 visualizes the adaptive graph-learning behavior of the proposed framework. Dense interaction clusters 

indicate highly interconnected hospital departments experiencing elevated patient-transfer pressure during epidemic 

escalation. The proposed graph-learning mechanism dynamically restructures hospital relationships according to 

epidemiological severity, enabling accurate modeling of healthcare congestion and disease propagation dynamics. 

 

Figure 2: Dynamic Hospital Interaction and Disease Propagation Graph 
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5. Conclusion 

The present study introduced a novel Deep Epidemiological Resource Intelligence Architecture (DERIA) for intelligent 

management of hospital systems under highly dynamic epidemic environments. The proposed framework unified 

epidemiological disease-propagation modeling, transformer-based temporal healthcare learning, graph neural interaction 

analysis, Bayesian uncertainty forecasting, and reinforcement-learning-driven resource optimization into a single 

computational ecosystem. Unlike conventional hospital-management systems, the proposed methodology established a 

bidirectional interaction mechanism between epidemic evolution and healthcare operational behavior, thereby enabling 

adaptive and proactive healthcare decision-making under uncertain epidemic conditions. 

The experimental evaluation demonstrated that the proposed DERIA framework significantly outperformed 

conventional epidemiological and healthcare-management models across multiple predictive and operational metrics. The 

framework achieved superior epidemic forecasting capability, improved ICU resource allocation, reduced emergency 

congestion, and enhanced healthcare operational stability. The integration of graph neural interaction learning and 

reinforcement optimization enabled the proposed system to dynamically adapt hospital-management policies according to 

evolving epidemiological conditions. Furthermore, Bayesian uncertainty estimation improved the reliability and robustness 

of healthcare forecasting under incomplete and rapidly changing healthcare environments. 

Overall, the findings confirm that the proposed DERIA framework provides a scalable and intelligent solution for next-

generation hospital-system management. The proposed methodology has strong potential for real-world deployment in 

epidemic-response planning, ICU optimization, emergency preparedness, and healthcare-resource distribution. Future 

research may further extend the framework by incorporating federated healthcare learning, digital twin hospital simulation, 

multi-agent reinforcement learning, and real-time Internet of Medical Things (IoMT) integration to enhance large-scale 

intelligent healthcare-management systems. 

6. References 

Ardabili, S. F., Mosavi, A., Ghamisi, P., Ferdinand, F., Varkonyi-Koczy, A. R., Reuter, U., Rabczuk, T., & Atkinson, P. M. 

(2020). Covid-19 outbreak prediction with machine learning. Algorithms, 13(10), 249.  

Chatterjee, P., Nagi, N., Agarwal, A., Das, B., Banerjee, S., Sarkar, S., Gupta, N., & Gangakhedkar, R. R. (2020). The 2019 

novel coronavirus disease (COVID-19) pandemic: A review of the current evidence. Indian Journal of Medical 
Research, 151(2-3), 147-159.  

Choi, Y., Chiu, C. Y.-I., & Sontag, D. (2016). Learning low-dimensional representations of medical concepts. AMIA Summits 
on Translational Science Proceedings, 2016, 41.  

Chung, J., Gulcehre, C., Cho, K., & Bengio, Y. (2014). Empirical evaluation of gated recurrent neural networks on sequence 

modeling. arXiv preprint arXiv:1412.3555.  

Esteva, A., Robicquet, A., Ramsundar, B., Kuleshov, V., DePristo, M., Chou, K., Cui, C., Corrado, G., Thrun, S., & Dean, J. 

(2019). A guide to deep learning in healthcare. Nature medicine, 25(1), 24-29.  

Gal, Y., & Ghahramani, Z. (2016). Dropout as a bayesian approximation: Representing model uncertainty in deep learning. 

international conference on machine learning,  

Giordano, G., Blanchini, F., Bruno, R., Colaneri, P., Di Filippo, A., Di Matteo, A., & Colaneri, M. (2020). Modelling the COVID-

19 epidemic and implementation of population-wide interventions in Italy. Nature medicine, 26(6), 855-860.  

Hethcote, H. W. (2000). The mathematics of infectious diseases. SIAM review, 42(4), 599-653.  

Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural computation, 9(8), 1735-1780.  

Iyengar, K., Mabrouk, A., Jain, V. K., Venkatesan, A., & Vaishya, R. (2020). Learning opportunities from COVID-19 and 

future effects on health care system. Diabetes & Metabolic Syndrome: Clinical Research & Reviews, 14(5), 943-946.  

Kapoor, A., Ben, X., Liu, L., Perozzi, B., Barnes, M., Blais, M., & O'Banion, S. (2020). Examining covid-19 forecasting using 

spatio-temporal graph neural networks. arXiv preprint arXiv:2007.03113.  

Keeling, M. J., & Rohani, P. (2008). Modeling infectious diseases in humans and animals. Princeton university press.  

Kendall, A., & Gal, Y. (2017). What uncertainties do we need in bayesian deep learning for computer vision? Advances in 
neural information processing systems, 30.  

Kermack, W. O., & McKendrick, A. G. (1927). A contribution to the mathematical theory of epidemics. Proceedings of the 



25 

 

  

 

LETTERS IN BIOMATHEMATICS 

 

royal society of london. Series A, Containing papers of a mathematical and physical character, 115(772), 700-721.  

Kipf, T. N., & Welling, M. (2016). Semi-supervised classification with graph convolutional networks. arXiv preprint 
arXiv:1609.02907.  

Kumar, A., Gupta, P. K., & Srivastava, A. (2020). A review of modern technologies for tackling COVID-19 pandemic. Diabetes 
& Metabolic Syndrome: Clinical Research & Reviews, 14(4), 569-573.  

Miotto, R., Wang, F., Wang, S., Jiang, X., & Dudley, J. T. (2018). Deep learning for healthcare: review, opportunities and 

challenges. Briefings in bioinformatics, 19(6), 1236-1246.  

Shickel, B., Tighe, P. J., Bihorac, A., & Rashidi, P. (2018). Deep EHR: A Survey of Recent Advances in Deep Learning 

Techniques for Electronic Health Record (EHR) Analysis. IEEE journal of biomedical and health informatics, 22(5), 

1589-1604.  

Topol, E. J. (2019). High-performance medicine: the convergence of human and artificial intelligence. Nature medicine, 
25(1), 44-56.  

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, Ł., & Polosukhin, I. (2017). Attention 

is all you need. Advances in neural information processing systems, 30.  

Wu, N., Green, B., Ben, X., & O'Banion, S. (2020). Deep transformer models for time series forecasting: The influenza 

prevalence case. arXiv preprint arXiv:2001.08317.  

Yang, Z., Zeng, Z., Wang, K., Wong, S.-S., Liang, W., Zanin, M., Liu, P., Cao, X., Gao, Z., & Mai, Z. (2020). Modified SEIR 

and AI prediction of the epidemics trend of COVID-19 in China under public health interventions. Journal of thoracic 
disease, 12(3), 165.  

Yu, C., Liu, J., & Nemati, S. (2019). Reinforcement Learning in Healthcare: A Survey. arXiv preprint arXiv:1908.08796.  

 

 



    d E ( t )  d t =   𝛽 ( t )   S ( t )   I ( t )  N − 𝜎 E ( t )


  


  𝛽 ( t ) = Adaptive infection transmission rate


    X  t


   h  t = BiLSTM (   X  t ,  h  t − 1 )


     h  t = Hidden temporal healthcare embedding


    X  t = Healthcare feature sequence at time  t


    𝛼  i j =    exp ⁡   (     Q  i   K  j  T     d  k )    ∑  j  exp ⁡  (     Q  i   K  j  T     d  k )


    Q  i = Query vector


    K  j = Key vector


    d  k = Embedding dimensionality


    z  t =   ∑  j    𝛼  i j   V  j


      V  j = Healthcare value embedding


    H   (  l + 1 ) = 𝜎  (     D ^  −  1 2   A ^     D ^  −  1 2   H   ( l )   W   ( l ) )


    A ^ = Adaptive adjacency matrix


    D ^ = Normalized degree matrix


    H   ( l ) = Graph feature representation at layer  l


    W   ( l ) = Trainable graph convolution weights


      A ^  i j ( t ) = exp ⁡  ( − 𝜆   d  i j + 𝜌   C  i j ( t ) + 𝜔   P  i j ( t ) )


    d  i j = Spatial or functional hospital distance


    C  i j ( t ) = Patient-transfer congestion intensity


    P  i j ( t ) = Disease propagation intensity


    P  i j ( t ) = Disease propagation intensity


  ℳ = ( S , A , P , R )


  S = Healthcare operational states


  A = Resource-allocation actions


  P = Transition probabilities


  R = Reward mechanism


    R  t = −   𝛼 1   D  t −   𝛼 2   C  t −   𝛼 3   L  t −   𝛼 4   W  t +   𝛼 5   S  t


          D  t = Mortality risk


    C  t = Hospital congestion severity


    L  t = Treatment latency


    W  t = Unused healthcare resources


    S  t = Successful patient recovery outcomes


  Q (   s  t ,   a  t ) ← Q (   s  t ,   a  t ) + 𝜂  [   r  t + 𝛾   max ⁡    a ′ Q (   s  t + 1 ,   a ′ ) − Q (   s  t ,   a  t ) ]


  𝜂 = Learning rate


  𝛾 = Discount factor


  p (   y ∗ ∣   x ∗ , D ) = ∫ p (   y ∗ ∣   x ∗ , 𝜃 ) p ( 𝜃 ∣ D )   d 𝜃


  𝜃 = Stochastic model parameters


    y ^ =  1  T   ∑  t = 1  T    f    𝜃  t ( x )


    T = Number of stochastic forward simulations


   Ψ  t =  Ω 1   z  t +  Ω 2   H  t +  Ω 3   Q  t +  Ω 4   U  t


    z  t = Deep temporal healthcare representation


  Accuracy =   T P + T N  T P + T N + F P + F N


  Precision =   T P  T P + F P


  T P = Correctly identified positive epidemic cases


  Recall =   T P  T P + F N


  F N = Undetected positive epidemic cases


  F 1 =   2 × ( Precision × Recall )  Precision + Recall


  M A E =  1  n   ∑  i = 1  n  ∣   y  i −     y ^  i ∣


    y  i = Actual observed healthcare value


      y ^  i = Predicted healthcare value


  n = Total number of observations


  R M S E =   1  n   ∑  i = 1  n (   y  i −     y ^  i  ) 2


     (   y  i −     y ^  i  ) 2 = Squared prediction error


  R O S =   Allocated Resources  Required Resources × 100


  R O S = Resource Optimization Score


  M R E =     M  b −   M  p    M  b × 100


    M  b = Baseline mortality rate


    M  p = redicted mortality rate under the proposed framework


  H C R I =     C  b −   C  p    C  b × 100


    C  b = Baseline congestion level


    C  p = Congestion level under the proposed framework.

