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Project Title: Development of a multimodal AI framework for ICU outcome mortality prediction using clinical notes and laboratory data
Introduction
[bookmark: _GoBack]Mortality prediction in the Intensive Care Unit (ICU) is crucial for stratifying patients by risk and guiding timely clinical decisions. [16] Electronic Medical Records (EMRs) contain multimodal data, including structured information such as demographics and laboratory results, alongside unstructured clinical notes that require Natural Language Processing (NLP) for effective representation. Traditional scoring systems, such as APACHE, often overestimate risk due to fixed thresholds, while deep learning approaches have demonstrated improved predictive performance. [16][5]
Despite progress, major challenges remain, including encoding heterogeneous clinical notes, handling missing or incomplete data, and extracting complementary information across modalities. Prior studies using large-scale datasets such as MIMIC-II, MIMIC-III, and MIMIC-IV have applied both traditional machines learning and deep learning models for mortality prediction, length of stay, and disease severity, with Random Forests achieving AUROC up to 0.84. However, these models often treat structured and unstructured data separately, limiting their ability to fully leverage complex interactions. [16][4][5][6]
To address these limitations, we propose a novel multimodal AI framework that integrates structured physiological data with unstructured clinical notes via cross-modal attention mechanisms. Temporal deep learning captures lab trends, while BioClinicalBERT encodes clinical notes. An evidence-aware fusion module manages data heterogeneity and missing values, and a Bayesian uncertainty layer flags unreliable prediction. Interpretable outputs using SHAP and attention weights enhance clinician trust, enabling early identification of high-risk ICU patients and supporting data-driven, evidence-based decision-making.










Literature Review
Optimization methods for models such as grid search. The sequential having and classification (SHAC) algorithm.
In [2], the Gao et al., 2024 conducted comparative analysis using different machine learning (ML) models: Decision Trees (DT), Gradient Boosting, XGBoost, LightGBM, Multilayer Perceptrons (MLP), Support Vector Machines (SVM), and Random Forest to predicate sepsis cases using the dataset was extracted from MMIC-IV database. Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables, and using the Synthetic Minority Over-sampling Technique (SMOTE) was used to handle imbalanced the data. The result showed that RF achieved the best performance.  was the most effective, an area under the receiver operating characteristic curve (AUROC) of 0.94.

In [3] the Ruan et al., 2025 conducted comparative analysis using multimodal framework to generate the modality-level evidence for both structured data and free-text notes using the evidence mapping module and fuse the modality-level evidence for final prediction. They are used state-of-the-art deep neural networks for single-modality feature extraction: ResNet/Transformer-based models for structured EHR data and pre-trained language models for free-text EHR data. The result achieved the highest BACC of 0.7672, AUROC of 0.8534, and AUPRC of 0.4977.

In [4] the Huddar et al., 2016 conducted comparative analysis using five classifiers: Logistic Regression with L2 regularization (LR), (SVM), Decision Tree (DT), AdaBoost (AB) and Random Forest (RF) to predict the risk of ARF using the dataset was extracted from MIMIC II database, a publicly available database, part of Physionet , containing physiological signals and clinical data of more than 2300 patients in Critical Care. Different Data preprocessing steps were applied: integration of distinct databases, inconsistently used clinical concepts across databases, artifacts due to noise, measurement errors and missing data was used to handle imbalanced the data. The result showed that RF achieved the best performance.  was the most effective, on the features obtained (AUC) of 0.844.

In [5], the Al-Dailami et al., 2025 conducted comparative analysis using different Deep learning (ML) models: Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), stacked autoencoders, and attention-based networks. In addition, utilized a Transformer-based skip-gram model to extract the code representation and adopted a pre-trained Bidirectional Encoder Representations from Transformers (BERT) model to extract the medical notes representation using the dataset was extracted from MIMIC-III database. Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables. The result showed that CNN achieved the best performance with result AUROC of 0.9149.
	
In [6], the Iwase et al., 2022 conducted comparative analysis using different machine learning (ML) models: (Random Forest RF, XGBoost and Neural Network 
NN) and logistic regression LR aimed to investigate the predictive accuracy for mortality and length of stay in intensive care unit (ICU) patients using the dataset was extracted from MMIC-IV database.  Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables. The result showed that RF achieved the best performance with result 0.961 for short ICU stay and 0.830 for long ICU stay.

In [7], the Yang et al., 2021 conducted comparative analysis using model: CNN to quickly predict the course of disease and customize early intervention programs for the patients in need using the dataset was extracted from MIMIC-III database. This model using time series data and clinical text at the same time. Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables.   The result showed that CNN achieved the best performance with result AUCROC 0.861.

[8] The Shi, Z., Zuo, integrated disease diagnosis and severity assessment model (IDDSAM) to diagnose and assess diseases in addition to provide an evidence-based explanation using the dataset was extracted from MIMIC-III database. Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables. The result showed that the prediction accuracy varies from 55.23% to 93.81%.In the majority of the tasks, our model achieved the best performance: 129/150 in disease diagnosis, and 81/123 in mortality prediction. 
	
[9] The Kumar, S., were applied an ML method based on model type into the following categories: regression, SVM, decision tree, Bayesian networks, neural networks, and natural language processing (NLP) to complex deep learning models. The neural networks category includes both classifiers such as multilayer perceptron and deep learning models such as convolutional neural networks and autoencoders using the dataset was extracted from MIMIC-III database. Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables. The result showed the decision trees (50%).

[10] The Huang, K., Altosaar applied bidirectional encoder representations from transformers (bert) to clinical text. Publicly-released bert parameters are trained on standard corpora such as Wikipedia and BookCorpus, which differ from clinical text using the dataset was extracted from MIMIC-III database.in assition to The attention weights of ClinicalBERT can also be used to interpret predictions.  Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables. The AUROC and AUPRC results show that Clinical-BERT has more confidence and higher accuracy. The result showed the ClinicalBERT achieved the best performance with result AUROC 0.714.


[11] The Xu, K., Lam, M., Pang developed an ensemble-based approach, which integrates modality-speciﬁc models. For unstructured text, they applied the Text Convolutional Neural Network (Text-CNN) model (Kim (2014)) for multi-label classiﬁcation. For semi-structured text data, they constructed a deep learning model to analyze semantic similarities between diagnosis written by physicians and ICD code descriptions. For tabular data, their approach transformed numeric features to binary features and fed them to a decision tree (Quinlan(1986)) to classify the ICD codes using Medical Information Mart for Intensive Care (MIMIC-III) dataset to validate their approach. To make their predictions explainable, key evidence was retrieved from raw data and presented for examination. Different Data preprocessing steps were applied:  handling missing values, regrouping categorical variables. The result showed the best performance model (micro-AUC = 0.9541) signiﬁcantly outperforms other baseline models including TF-IDF (micro-AUC = 0.7879) and Text-CNN model (micro-AUC = 0.9235).

In [12], Caicedo-Torres et al. (2022) developed ISeeU, an interpretable deep learning model trained on the MIMIC-III dataset used a multi-scale (CNN) to predict in-ICU mortality using raw nursing notes together with visual explanations for word importance based on the Shapley Value. They employed a multi-scale convolutional architecture. The result achieved the highest a competitive ROC AUC of 0.8735. 

[13] The Wang et al. (2022) proposed a Multimodal Transformer architecture for in-hospital mortality prediction by integrating both structured EHR data (vitals, labs) and clinical notes. They introduced a fusion mechanism capable of capturing both temporal and contextual dependencies from heterogeneous modalities. Their model employed Transformer-based encoders for each data type followed by a cross-modal fusion layer to generate patient-level representations. Evaluated on MIMIC‑III and eICU-CRD datasets, the model achieved a competitive AUROC of 0.877 and AUPRC of 0.538, outperforming several baseline unimodal and traditional fusion approaches.

In [14], Shukla et al., 2019 proposed a multimodal deep learning framework that integrates physiological time-series data and unstructured clinical notes for ICU mortality prediction using the MIMIC-III dataset. The model employed a Long Short-Term Memory (LSTM) network to capture temporal patterns from physiological signals and a (CNN) to encode semantic features from clinical notes, followed by a fusion layer for joint representation learning. Standard preprocessing steps were applied, including missing value handling, normalization of continuous features, and text tokenization for free-text notes. The results demonstrated that the multimodal LSTM+CNN framework significantly outperformed single-modality models, achieved an AUROC of 0.90.




[15] The King et al. (2023) developed a self-supervised multimodal pretraining framework that learns joint representations from time-series physiological data and clinical notes using contrastive learning and masked modeling objectives. Their approach enables label-efficient transfer learning, particularly valuable in clinical settings with limited annotations. They pretrained the encoder on MIMIC-III and fine-tuned on mortality prediction with only 1% of labeled data, achieving a performance gain of +0.17 AUC-ROC compared to models trained from scratch. This demonstrates the framework's effectiveness in low-resource scenarios for ICU prediction tasks.

[16] The Hager Saleh et al. (2023) developed a real-time multimodal framework to enhance ICU mortality prediction for heart disease patients by integrating structured data, clinical notes, and big data streaming platforms using multimodal model and a real-time pipeline. They were proposed the Transformer-FusionNet model leverages BioBERT-Transformer for clinical notes and a Recurrent Neural Network (RNN) for structured data using the dataset was extracted from MMIC- III database. Different Data preprocessing steps were applied:  handling missing values, anomalies, and irrelevant entries. The result achieves an accuracy of 91.720%,


Table-1 Papers Comparing 
	Paper
	Year
	Methods
	Dataset
	The best model
	Result

	[2]
	2024
	Applied different ML models : DT, RF, SVM
	MIMIC-IV
	AUROC
	RF achieved 94 for AUROC

	[3]
	2025
	MLP, ResNet, FT-Transformer
	MIMIC-IV
	AUROC
	it achieved the highest BACC of 0.7672, AUROC of 0.8534, and
AUPRC of 0.4977

	[4]
	2016
	Applied different ML models: Logistic Regression with L2 regularization (LR), Support Vector Machines (SVM), Decision Tree (DT), AdaBoost (AB) and Random Forest (RF)
	MIMIC II
	AUC
	(AUC) of 0.844

	[5]
	2025
	Applied different ML models: Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN),
	MIMIC-III
	AUROC
	AUROC of 0.9149

	[6]
	2022
	(Random Forest RF, XGBoost and Neural Network 
NN) and logistic regression
	MMIC-IV
	AUCs
	0.961 for short ICU stay and 0.830 for long ICU stay

	[7]
	2021
	CNN
	MIMIC-III
	AUCPR and AUCROC
	AUCROC 0.861

	[8]
	2020
	integrated disease diagnosis and severity assessment model (IDDSAM)
	MIMIC-III
	
	93.81%.

	[9]
	2021
	regression, SVM, decision tree, Bayesian networks, neural networks, and natural language processing (NLP)
	MIMIC-III
	
	decision trees (50%).

	[10]
	2020
	ClinicalBERT
Bag-of-words
bi-lstm, bert
	MIMIC-III
	AUROC and AUPRC
	AUROC of 0.714

	[11]
	2019
	unstructured text, semi-structured text and structured tabular
data.
	MIMIC-III
	micro-AUC
	micro-AUC = 0.9541

	[12]
	2022
	CNN
	MIMIC-III
	ROC AUC
	0.8735.

	[13]
	2022
	Transformer fusion of vitals/labs + clinical notes
	MIMIC‑III + eICU‑CRD
	AUROC
Multimodal Transformer
	A 0.877

	[14]
	2020
	Convolutional Neural Network (CNN
	MIMIC‑III
	AUROC
	0.90.

	[15]
	2023
	Self-supervised contrastive + masked modeling
	MIMIC‑III
	Pretrained multimodal encode
	0.17 AUC-ROC

	[16]
	2024
	Transformer-FusionNet BioBERT
and a real-time pipeline
	MIMIC‑III
	Multimodal
	91.720
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