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Abstract 

Prognostic risk stratification is crucial for optimizing care delivery in clinical settings. This 
paper investigates the application of recurrent neural network (RNN) architectures, such as 
LSTM and GRU, for modeling longitudinal patient trajectories across multicenter datasets. 
We propose a temporal deep learning framework that captures time-varying dependencies 
and nonlinear patterns in multivariate electronic health records (EHRs). The model 
demonstrates significant performance gains in predicting adverse outcomes such as 
mortality and readmission, compared to traditional models. Using datasets from diverse 
clinical cohorts, our approach achieves up to 20% improvement in AUC-ROC for early 
prediction of patient deterioration. This study underscores the potential of recurrent 
architectures for clinical decision support in real-world settings. 

 
Keywords:  

Recurrent Neural Networks, Longitudinal Data, Temporal Modeling, Prognostic Risk, 
LSTM, GRU, Deep Learning, EHR, Patient Trajectory, Survival Analysis 
 

Citation: Deepa Sivakumar. (2023). Temporal Modeling of Longitudinal Patient Trajectories Using 
Recurrent Neural Architectures for Prognostic Risk Stratification in Multicenter Clinical Cohorts. 
ISCSITR-International Journal of Scientific Research in Artificial Intelligence and Machine Learning 
(ISCSITR-IJSRAIML), 4(1), 36-44. 

 

1. Introduction  

The complexity of human disease progression demands tools that go beyond static risk 

scores or snapshot analyses. In clinical practice, decisions must often be made based on 

evolving patient histories recorded across time and institutions. Electronic Health Records 

(EHRs), with their vast temporal depth and breadth, provide an unprecedented opportunity 

for dynamic patient modeling. However, traditional statistical models like Cox proportional 
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hazards are limited in handling temporal dependencies and nonlinear interactions in such 

data. 

Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) and 

Gated Recurrent Units (GRU), have emerged as powerful architectures capable of modeling 

sequential and time-variant data. They enable representation learning from irregular and 

heterogeneous sequences, making them ideal for longitudinal clinical data. Despite this 

potential, deploying these models across multicenter clinical datasets remains challenging 

due to differences in data distributions, missingness patterns, and cohort-specific biases. 

This paper addresses these challenges by designing and evaluating a recurrent deep 

learning framework for prognostic risk stratification using real-world, longitudinal EHR 

data. We evaluate the framework across multicenter cohorts and compare its predictive 

performance against both classical and contemporary machine learning models. 

 

2. Literature Review 

2.1 Importance of Longitudinal Patient Modeling 

Longitudinal data in healthcare captures evolving patient states over time, offering rich 

information for dynamic risk prediction. Traditional survival models such as the Cox 

proportional hazards model often fail to fully exploit time-dependent trends and nonlinear 

relationships. Therefore, more sophisticated temporal modeling techniques are required. 

2.2 Emergence of Recurrent Neural Networks (RNNs) 

Recurrent neural networks (RNNs), especially Long Short-Term Memory (LSTM) and 

Gated Recurrent Unit (GRU) variants, are designed to handle sequential dependencies in 

data. Lin and Luo (2022) demonstrated that LSTM-based architectures outperform 

traditional survival models for multivariate clinical time-series, achieving better dynamic 

risk predictions in high-dimensional settings [1]. 
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2.3 Integration of Neural ODE and Competing Risk Modeling 

To model complex medical events like cancer-associated thromboembolism, Moon et 

al. (2022) proposed SurvLatent ODE, combining neural ordinary differential equations with 

recurrent frameworks. This architecture significantly improved performance on time-to-

event data by jointly modeling survival and competing risks [2]. 

2.4 Deep Learning for ICU Prognosis 

In critical care contexts, Yang et al. (2022) introduced DeepMPM, a multi-task RNN-

based model that integrated patient vitals and labs over time to predict ICU mortality. It 

achieved a higher AUC than both logistic regression and XGBoost baselines, confirming the 

value of sequential modeling [3]. 

2.5 Temporal Learning in Oncology 

Tak et al. (2024) applied temporal deep learning to longitudinal glioma data and found 

that their model improved early recurrence prediction in pediatric oncology patients, 

especially when using temporal pretraining with LSTM networks [5]. 

2.6 Summary of Contributions 

The reviewed studies underline the strengths of recurrent neural architectures in 

modeling temporal dependencies in patient data. Table 1 summarizes the architectures and 

use-cases for each of the reviewed works. 

 

3. Proposed Framework 

To effectively model the temporal dynamics inherent in longitudinal patient data, we 

propose a deep learning framework built upon Bidirectional Long Short-Term Memory 

(BiLSTM) networks enhanced with an attention mechanism. This architecture is 

specifically designed to capture both short-term fluctuations and long-term dependencies in 

clinical sequences such as lab values, vital signs, and administered treatments. 
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Bidirectional LSTM with Attention 

In contrast to traditional unidirectional RNNs, BiLSTMs process the input sequence in 

both forward and backward directions, thereby allowing the model to access both past and 

future context at each time step. This is crucial in medical data, where outcomes often depend 

on the temporal patterns that span both recent and historical observations. 

An attention layer is incorporated on top of the BiLSTM outputs. The attention 

mechanism dynamically assigns weights to different time steps and variables, allowing the 

model to focus on the most clinically relevant features when making predictions. This 

enhances both predictive performance and model interpretability, offering insights into 

which time points or variables contribute most to the predicted risk score. 

Input Representation 

The input to the model consists of multivariate time-series data from patients, 

including: 

• Vital signs (e.g., heart rate, blood pressure) 

• Laboratory results (e.g., creatinine, hemoglobin) 

• Interventions (e.g., medications, mechanical ventilation) 

Each patient trajectory is encoded into a temporal embedding—a compact 

representation that preserves both feature values and their time dependencies—before 

being passed through the LSTM and attention layers. 

3.1 Dataset Overview 

To validate the generalizability of our framework, we utilized a harmonized, 

multicenter Electronic Health Record (EHR) dataset compiled from three geographically 

and demographically diverse tertiary care hospitals. The dataset includes: 

• Over 90,000 unique patient trajectories 

• Data domains covering Intensive Care Units (ICU), oncology, and cardiology 
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• Temporal granularity at hourly or daily resolution 

• Outcome labels including mortality, ICU readmission, and clinical deterioration 

Data harmonization steps included imputation for missing values, normalization of 

numeric features, and temporal alignment of time-series variables across centers. 

3.2 Performance Metrics 

To evaluate the effectiveness of the proposed model, we employed multiple metrics 

commonly used in clinical prediction tasks: 

• Area Under the Receiver Operating Characteristic Curve (AUC-ROC): Measures 

the ability of the model to discriminate between positive and negative outcomes 

across all decision thresholds. A higher AUC indicates better performance. 

• Precision-Recall (PR) Curve: Especially useful in imbalanced datasets, where high 

precision and recall indicate that the model is identifying true positives without 

producing too many false alarms. 

• Calibration Curve: Assesses how well the predicted probabilities align with actual 

observed outcomes. A well-calibrated model ensures that risk scores correspond to 

real-world likelihoods. 

These metrics provide a comprehensive picture of both the discrimination and 

reliability of the model’s predictions, which are essential for deployment in high-stakes 

medical environments. 

Table 1. Comparative Model Performance 

Model AUC-ROC F1 Score Calibration Error 

Cox Proportional Hazards 0.71 0.63 0.098 

Random Forest Survival 0.75 0.66 0.085 

GRU 0.81 0.70 0.062 

BiLSTM + Attention (Proposed) 0.86 0.77 0.043 
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4. Results and Visualization 

The performance of our proposed Bidirectional LSTM with Attention architecture 

was evaluated across multiple clinical outcomes using real-world, multicenter EHR datasets. 

This section presents both quantitative results and visual insights into how the model 

behaves over time. 

4.1 Quantitative Results 

To assess the model’s ability to stratify patients by prognostic risk, we compared it 

against traditional and state-of-the-art baselines using three evaluation metrics: AUC-ROC, 

F1 Score, and Calibration Error. The results are summarized in Table 1: 

Model AUC-ROC F1 Score Calibration Error 

Cox Proportional Hazards 0.71 0.63 0.098 

Random Forest Survival 0.75 0.66 0.085 

GRU 0.81 0.70 0.062 

BiLSTM + Attention 0.86 0.77 0.043 

 

Key Takeaway: 

The proposed BiLSTM + Attention model consistently outperformed baseline models 

across all metrics, with a 15–20% improvement in AUC-ROC over traditional models. 

Notably, the attention mechanism helped reduce calibration error, which is critical for 

producing clinically actionable risk scores. 

4.2 Visualization of Temporal Risk Patterns 

The model’s temporal sensitivity is illustrated in Figure 1, which plots predicted risk 

trajectories for four randomly selected patients over a 30-day window. 
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Figure 1: Temporal Risk Trajectory Prediction 

Each curve shows a gradual rise in predicted risk leading up to clinically significant 

events (e.g., ICU transfer, cardiac arrest). These anticipatory spikes demonstrate the model’s 

capability to forecast deterioration in advance, allowing clinicians time to intervene. 

4.3 Interpretability via Attention Scores 

Beyond raw prediction scores, we analyzed attention weights to determine which 

features and time points contributed most to model decisions. For instance: 

• For Patient C, elevated lactate levels and declining SpO₂ readings between days 10–

14 received the highest attention scores. 

• For Patient D, the model highlighted a sudden drop in GCS (Glasgow Coma Scale) as 

a key risk driver. 

This interpretability makes the model clinically trustworthy, providing both 

predictive power and transparent explanations of underlying factors. 
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5. Conclusion 

Temporal modeling with recurrent neural architectures presents a robust method for 

prognostic risk stratification across heterogeneous clinical datasets. This study 

demonstrates that advanced sequence modeling not only enhances predictive accuracy but 

also provides interpretable trajectories that can inform timely interventions. Future research 

will expand to integrate imaging, genomics, and real-time streaming data to enhance clinical 

utility. 
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