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Abstract
Predicting patient outcomes such as mortality is a critical task in clinical decision-making. Traditional models often rely on structured data from electronic health records (EHRs), yet clinical notes contain valuable unstructured information that can provide additional insights. This thesis proposes the development of a multimodal model that combines both structured data, such as lab results and vital signs, with unstructured clinical notes to improve the accuracy of mortality prediction. The research will explore how combining these two modalities can provide a more holistic view of a patient's condition and potentially offer more accurate predictions that could support timely and effective medical interventions.
Introduction
In healthcare, the ability to predict patient outcomes, especially mortality, can have life-saving implications. Hospitals collect vast amounts of data, including structured data like laboratory tests, medications, and vital signs, as well as unstructured data from clinical notes. While structured data provides clear indicators of a patient’s condition, the clinical notes written by physicians offer context, nuance, and additional detail that is often not captured in the structured fields. Despite their value, clinical notes are rarely utilized in prediction models because of the complexity of processing natural language. This research aims to bridge that gap by developing a multimodal model that can integrate both structured data and unstructured clinical notes, leveraging the strengths of both to predict patient mortality more accurately.
Problem Definition
Current mortality prediction models primarily rely on structured data, which, while useful, often fail to capture the full picture of a patient’s health. On the other hand, clinical notes are a rich source of information that can reflect subtle changes in a patient’s condition but are largely unexploited due to the difficulty of processing unstructured text. A multimodal approach, which combines both structured data and unstructured text from clinical notes, has the potential to provide a more comprehensive understanding of a patient’s state. This thesis seeks to explore whether integrating these two types of data can improve the prediction of mortality, offering a more accurate and timelier tool for clinicians.
Research Objectives
The primary objectives of this research are:
· Develop a multimodal machine learning model that integrates structured clinical data and unstructured clinical notes for mortality prediction.
· Evaluate the performance of the multimodal model compared to traditional models that use only structured data.
· Analyze which features from both structured and unstructured data contribute most to the accuracy of the predictions.
· Provide a practical framework for incorporating this model into clinical decision support systems to assist in early intervention.
Dataset
This research will utilize large, publicly available medical datasets that include both structured and unstructured data, such as:
· MIMIC-III Database: A freely accessible critical care database containing comprehensive clinical data, including lab results, vital signs, and clinical notes from patients admitted to intensive care units.
· eICU Collaborative Research Database: Another large dataset that includes detailed clinical data on patients, offering both structured and unstructured information.
These datasets provide an ideal environment for developing and testing the multimodal model due to the variety and volume of data they contain.
Related Work
A number of studies have explored the use of machine learning for mortality prediction, though most have focused on structured data alone. However, some recent efforts have begun to incorporate unstructured data, primarily through natural language processing (NLP) techniques. This research will build on existing work in both mortality prediction and NLP by integrating these methods into a unified multimodal model. Notable studies in this field include:
1. Johnson et al. (2018): Developed an NLP-based system for extracting information from clinical notes to predict patient outcomes in ICU settings.
Johnson, A., Pollard, T., & Shen, L. (2018). "Extracting Value from Clinical Notes for Predicting ICU Mortality." Journal of Biomedical Informatics, 77, 120-130.
2. Singh et al. (2020): Combined structured data with clinical narratives to improve the prediction of hospital readmission and mortality rates.
Singh, K., Kaur, P., & Acharya, S. (2020). "Multimodal Models for Predicting Hospital Readmissions and Mortality Rates." IEEE Transactions on Healthcare Informatics, 12(4), 512-523.
3. Lee et al. (2021): Investigated the effectiveness of multimodal deep learning models using both structured data and clinical notes for early detection of patient deterioration.
Lee, Y., Cho, H., & Park, J. (2021). "Improving Clinical Outcome Predictions with Multimodal Data Integration." Journal of AI in Medicine, 95, 25-35.

Research Plan
1. Data Collection and Preparation: The first step will involve collecting and preparing data from the chosen datasets. Structured data will be normalized and cleaned, while clinical notes will undergo natural language processing (NLP) techniques such as tokenization, entity recognition, and sentiment analysis.
2. Feature Extraction: Key features from structured data, like lab values, vital signs, and demographics, will be extracted. From the clinical notes, NLP techniques will identify important textual features, such as mentions of symptoms, treatments, or clinician sentiment.
3. Model Development: A machine learning model will be developed to combine these two modalities. Deep learning architectures, such as LSTMs (Long Short-Term Memory networks) for text and decision trees for structured data, will be explored.
4. Model Validation: The model will be validated using cross-validation techniques and performance metrics such as accuracy, sensitivity, and specificity. The results will be compared against baseline models that use only structured data.
5. Testing: The model will be tested on separate datasets to ensure generalizability and robustness across different clinical environments.
Expected Results
It is anticipated that the multimodal model will outperform traditional models that rely solely on structured data by providing a more nuanced view of patient health. The integration of clinical notes is expected to enhance the model’s ability to predict mortality, especially in complex cases where structured data alone may not provide enough context. The results will demonstrate the potential of using multimodal data for critical decision-making in clinical settings.
Conclusion
This research will address the limitations of existing mortality prediction models by integrating both structured data and clinical notes, offering a more comprehensive approach to predicting patient outcomes. The resulting multimodal model is expected to provide clinicians with a more reliable tool for early identification of high-risk patients, ultimately improving patient care and outcomes. The findings from this study could have broader implications for the use of AI in healthcare and the development of clinical decision support systems.
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