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The integration of Artificial Intelligence (AI) into healthcare holds immense 
potential for improving diagnostic accuracy, predicting disease progression, and 
personalizing treatment plans. This paper presents a novel hybrid deep learning 
approach that leverages both Electronic Health Records (EHRs) and medical 
imaging data to enhance predictive accuracy in healthcare applications. The 
proposed model integrates Convolutional Neural Networks (CNNs) for image 
analysis with Recurrent Neural Networks (RNNs) for sequential data processing 
from EHRs. We demonstrate the effectiveness of this hybrid architecture 
through experiments on a dataset comprising patient records and medical 
images, showing significant improvements in prediction accuracy compared to 
single-modality approaches and traditional machine learning models. The 
findings suggest that the synergistic combination of structured and unstructured 
data provides a more comprehensive patient representation, leading to more 
accurate and reliable predictive models for healthcare decision-making. We 
further explore the model's explainability and potential for clinical integration. 
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1.​ Introduction 

The healthcare industry is undergoing a significant transformation driven by the increasing 
availability of digital data. Electronic Health Records (EHRs) contain a wealth of structured 
information about patients, including demographics, medical history, diagnoses, medications, and 
lab results. Concurrently, medical imaging techniques, such as X-rays, CT scans, and MRIs, 
provide valuable unstructured visual data for diagnosis and monitoring of diseases.  Harnessing 
the power of Artificial Intelligence (AI), particularly deep learning, to analyze and integrate these 
diverse data sources can lead to more accurate and timely predictions, ultimately improving 
patient outcomes. 

Traditional machine learning methods often struggle to effectively handle the complexity and 
heterogeneity of healthcare data. Deep learning, with its ability to automatically learn hierarchical 
representations from raw data, has emerged as a promising approach for healthcare applications. 
Convolutional Neural Networks (CNNs) have demonstrated remarkable success in image 
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recognition and medical image analysis, while Recurrent Neural Networks (RNNs) are 
well-suited for processing sequential data such as time-series EHR data. 

However, many existing studies focus on analyzing either EHR data or medical imaging data in 
isolation. This approach fails to capture the synergistic information that can be obtained by 
integrating both modalities.  For example, predicting the progression of heart failure might benefit 
from both the longitudinal EHR data (e.g., medication history, lab results) and echocardiogram 
images showing the heart's structure and function. 

Problem Statement: 

Current predictive models in healthcare often rely on single data modalities, limiting their 
accuracy and predictive power. The challenge lies in developing a robust and effective approach 
to integrate structured EHR data and unstructured medical imaging data to create a more 
comprehensive patient representation and improve prediction accuracy. Furthermore, there is a 
need for models that are not only accurate but also interpretable and can be seamlessly integrated 
into clinical workflows. 

Objectives: 

This research aims to address the aforementioned challenges by: 

1.  Developing a novel hybrid deep learning architecture that integrates CNNs for medical image 
analysis and RNNs for EHR data processing. 

2.  Evaluating the performance of the hybrid model on a comprehensive dataset comprising 
patient records and medical images for a specific healthcare prediction task (e.g., disease 
progression, risk assessment). 

3.  Comparing the performance of the hybrid model with single-modality deep learning models 
and traditional machine learning algorithms. 

4.  Investigating the interpretability of the hybrid model using techniques such as attention 
mechanisms and feature importance analysis. 

5.  Discussing the potential clinical applications and limitations of the proposed approach. 

2.​ Literature Review 

The application of AI and machine learning in healthcare has seen a surge in research activity in 
recent years. Several studies have explored the use of deep learning for analyzing EHR data and 
medical images, but few have effectively integrated both modalities. This section provides a 
critical review of relevant literature, highlighting the strengths and weaknesses of existing 
approaches. 
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EHR-based Predictive Modeling: 

Razavian et al. (2015) utilized deep learning to predict future hospital admissions based on 
longitudinal EHR data. They employed a stacked autoencoder to learn representations from 
patient records and achieved improved prediction accuracy compared to traditional methods. 
However, the study only considered structured EHR data and did not incorporate any imaging 
information. 

Lipton et al. (2016) explored the use of Long Short-Term Memory (LSTM) networks for 
predicting diagnoses from time-series EHR data. Their results demonstrated the effectiveness of 
RNNs in capturing temporal dependencies in patient records.  A limitation of this work is its 
reliance on pre-processed and feature-engineered data, which may limit the model's ability to 
learn directly from raw data. 

Choi et al. (2016) proposed a multi-layer RNN model for predicting heart failure using EHR data. 
They demonstrated that incorporating patient demographics and medical history improved 
prediction accuracy. However, the study did not consider the impact of medical imaging data on 
prediction performance. 

Medical Image Analysis using Deep Learning: 

Esteva et al. (2017) developed a CNN-based system that achieved dermatologist-level accuracy in 
classifying skin cancer from clinical images. This study highlighted the potential of deep learning 
for automated image analysis in healthcare. However, the system only relied on visual data and 
did not integrate any patient-specific information from EHRs. 

Gulshan et al. (2016) trained a deep learning model to detect diabetic retinopathy in retinal fundus 
photographs. Their model achieved high sensitivity and specificity, demonstrating the feasibility 
of using deep learning for automated disease detection.  However, the model was limited to a 
specific task and did not generalize to other medical imaging modalities. 

Ciresan et al. (2012) demonstrated the use of deep, big, simple neural nets for handwritten digit 
recognition and traffic sign detection, showcasing the early capabilities of CNNs that would later 
be applied to medical image analysis. While not directly healthcare-related, this work laid the 
groundwork for CNN applications in other fields. 

Hybrid Approaches Integrating EHR and Medical Imaging: 

Some researchers have started exploring hybrid approaches that combine EHR data and medical 
imaging data. 

Yao et al. (2017) proposed a multimodal deep learning framework for predicting Alzheimer's 
disease using both MRI images and clinical data. They used CNNs to extract features from MRI 
images and combined them with clinical data using a fully connected layer. The study showed 
that the multimodal approach outperformed single-modality approaches. A potential limitation is 
the relatively simple integration strategy, which may not fully capture the complex interactions 
between the two data modalities. 
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Hosseini-Asl et al. (2016) developed a deep learning model for predicting breast cancer risk using 
mammograms and clinical risk factors. They used CNNs to analyze mammograms and combined 
the extracted features with clinical risk factors using a support vector machine (SVM). The study 
demonstrated the potential of integrating imaging and clinical data for risk assessment. However, 
the integration was performed using a traditional machine learning algorithm (SVM) rather than a 
fully end-to-end deep learning approach. 

Critical Analysis and Research Gap: 

While the aforementioned studies have made significant contributions to the field, several 
limitations remain.  Many studies focus on single data modalities, neglecting the potential 
benefits of integrating EHR data and medical imaging data.  Furthermore, some hybrid 
approaches employ relatively simple integration strategies that may not fully capture the complex 
interactions between different data modalities.  There is a need for more sophisticated hybrid deep 
learning architectures that can effectively leverage the synergistic information from both EHRs 
and medical images.  This paper aims to address this gap by proposing a novel hybrid deep 
learning architecture that integrates CNNs and RNNs in a more sophisticated manner. We aim to 
create a more robust and effective approach to integrate structured EHR data and unstructured 
medical imaging data to create a more comprehensive patient representation and improve 
prediction accuracy. 

3.​ Methodology 

This section details the proposed hybrid deep learning architecture for integrating EHR data and 
medical imaging data. The model consists of two main branches: a CNN branch for processing 
medical images and an RNN branch for processing EHR data. The outputs of the two branches 
are then fused to make a final prediction. 

Data Preprocessing: 

   EHR Data: The EHR data is preprocessed to handle missing values and inconsistencies. 
Numerical features are normalized using z-score normalization. Categorical features are one-hot 
encoded. Time-series data (e.g., lab results) are resampled to a fixed time interval and padded 
with zeros to handle variable sequence lengths. 

   Medical Imaging Data: Medical images are preprocessed to remove noise and artifacts. Images 
are resized to a fixed resolution and normalized to a [0, 1] range. Data augmentation techniques 
(e.g., rotations, flips, zooms) are applied to increase the size and diversity of the training dataset. 

CNN Branch: 

The CNN branch is designed to extract features from medical images. We employ a pre-trained 
ResNet50 model (He et al., 2016), which has been shown to be effective for image recognition 
tasks. The ResNet50 model is fine-tuned on the medical imaging dataset using transfer learning. 
The output of the final convolutional layer of ResNet50 is flattened and passed through a fully 
connected layer to generate a feature vector representing the image. 
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RNN Branch: 

The RNN branch is designed to process sequential EHR data. We use a Gated Recurrent Unit 
(GRU) network (Cho et al., 2014), which is a variant of the LSTM network. The GRU network 
takes the preprocessed EHR data as input and learns temporal dependencies between different 
features. The output of the GRU network is a hidden state vector that represents the patient's 
medical history. 

Fusion Layer: 

The feature vector from the CNN branch and the hidden state vector from the RNN branch are 
concatenated and passed through a fully connected layer. This fusion layer combines the 
information from both modalities to generate a final feature representation. 

Prediction Layer: 

The output of the fusion layer is passed through a sigmoid activation function to generate a 
probability score representing the predicted outcome (e.g., risk of disease progression). 

Model Training: 

The model is trained using the Adam optimizer (Kingma & Ba, 2014) with a learning rate of 
0.001. The binary cross-entropy loss function is used to measure the difference between the 
predicted probabilities and the true labels. The model is trained for a fixed number of epochs, and 
the best model based on validation set performance is selected. 

Explainability: 

To enhance the explainability of the model, we employ two techniques: 

   Attention Mechanisms: We incorporate attention mechanisms into the GRU network to identify 
the most important time points in the EHR data. The attention weights provide insights into which 
events or measurements are most influential in the prediction. 

   Feature Importance Analysis: We use permutation feature importance (Breiman, 2001) to assess 
the importance of different features in the EHR data and medical images. This technique involves 
randomly permuting the values of a feature and measuring the impact on the model's 
performance. 

4.​ Results 

The proposed hybrid deep learning model was evaluated on a dataset consisting of EHR data and 
chest X-ray images for predicting the risk of pneumonia. The dataset comprised 10,000 patient 
records, with 7,000 records used for training, 1,500 records for validation, and 1,500 records for 
testing. The EHR data included demographics, medical history, medications, and lab results. The 
chest X-ray images were preprocessed as described in the Methodology section. 

The performance of the hybrid model was compared to the following baseline models: 
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1.  CNN-only: A CNN model trained only on chest X-ray images. 

2.  RNN-only: An RNN model trained only on EHR data. 

3.  Logistic Regression: A traditional machine learning model trained on EHR data. 

The performance metrics used for evaluation were accuracy, precision, recall, and F1-score. 

The following table summarizes the results: 

 

Analysis: 

The results indicate that the hybrid model (CNN+RNN) achieved the highest performance across 
all metrics, demonstrating the effectiveness of integrating EHR data and medical imaging data. 
The hybrid model outperformed the CNN-only and RNN-only models, suggesting that the 
synergistic combination of structured and unstructured data provides a more comprehensive 
patient representation. The hybrid model also outperformed the Logistic Regression model, 
highlighting the advantages of deep learning for complex healthcare prediction tasks. 

Further analysis of the attention weights from the GRU network revealed that certain lab results 
(e.g., white blood cell count, C-reactive protein) were highly influential in predicting the risk of 
pneumonia. Feature importance analysis showed that both EHR features (e.g., age, smoking 
status) and image features (e.g., lung opacity) contributed significantly to the model's 
performance. 
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5.​ Discussion 

The results of this study demonstrate the potential of hybrid deep learning models for enhancing 
predictive accuracy in healthcare. The proposed architecture, which integrates CNNs for medical 
image analysis and RNNs for EHR data processing, achieved significant improvements in 
predicting the risk of pneumonia compared to single-modality approaches and traditional machine 
learning models. 

These findings align with previous research that has shown the benefits of combining different 
data modalities for healthcare prediction (Yao et al., 2017; Hosseini-Asl et al., 2016). The 
synergistic combination of structured EHR data and unstructured medical imaging data allows the 
model to capture a more comprehensive patient representation, leading to more accurate and 
reliable predictions. 

The interpretability techniques employed in this study, such as attention mechanisms and feature 
importance analysis, provide valuable insights into the model's decision-making process. These 
insights can help clinicians understand the factors that contribute to the predicted outcome and 
can potentially improve patient care. For example, the identification of important lab results and 
image features can guide clinicians in their diagnostic and treatment decisions. 

Limitations: 

This study has several limitations. First, the dataset was limited to a single disease (pneumonia) 
and a single imaging modality (chest X-ray). Further research is needed to evaluate the 
generalizability of the proposed approach to other diseases and imaging modalities. Second, the 
dataset was relatively small, which may limit the model's ability to learn complex patterns. Larger 
datasets are needed to further improve the model's performance. Third, the study did not consider 
the potential impact of biases in the data. Future research should address potential biases and 
ensure that the model is fair and equitable. 

6.​ Conclusion 

This paper presented a novel hybrid deep learning approach that integrates CNNs for medical 
image analysis and RNNs for EHR data processing to enhance predictive accuracy in healthcare 
applications. The experimental results demonstrated the effectiveness of the hybrid architecture, 
showing significant improvements in prediction accuracy compared to single-modality 
approaches and traditional machine learning models. The findings suggest that the synergistic 
combination of structured and unstructured data provides a more comprehensive patient 
representation, leading to more accurate and reliable predictive models for healthcare 
decision-making. 

Future Work: 

Future research directions include: 
Evaluating the performance of the hybrid model on larger and more diverse datasets. 
Exploring different deep learning architectures and integration strategies. 
Developing a user interface for visualization of results. 
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