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1. Project Overview
ICU mortality prediction remains a high-impact but challenging problem because patient trajectories are heterogeneous and clinical signals are distributed across structured tables (demographics, lab tests) and unstructured clinical notes. This study develops a multimodal AI framework that jointly models laboratory time-series and free-text clinical notes from MIMIC-III to produce accurate, calibrated, and interpretable mortality risk predictions. The proposed system integrates domain-tuned language models (Bio/Clinical BERT), temporal deep learning for lab trends, a cross-modal attention fusion module, and an evidence-aware uncertainty layer. The outcome is an actionable decision-support tool that helps clinicians identify high-risk patients earlier while providing transparent explanations to support trust and adoption.
2. Project Goal
Develop and validate a robust, interpretable multimodal model that predicts in-ICU mortality from MIMIC-III by combining laboratory time-series and clinical notes, achieving clinically meaningful improvements over standard baselines (APACHE scores and single-modal ML models) while providing uncertainty estimates and interpretable explanations for each prediction.
· Produce a validated model and codebase for joint lab+note modeling.
· Provide explanations (SHAP + attention visualizations) and uncertainty flags for clinical use.
· Evaluate against baselines (APACHE, RF, XGBoost, unimodal deep models) using AUROC, AUPRC, calibration and decision-curve analyses
3. Approach
Data collection
· Dataset: MIMIC-III .
· Extract cohorts: adult ICU admissions, exclude repeat admissions as appropriate, define outcome: in-ICU mortality.
· Inputs:
· Structured: demographics, time-stamped lab tests .
· Unstructured: clinical notes (admission notes, progress notes, nursing notes, discharge summaries).
Data processing
Structured preprocessing: outlier removal, unit harmonization, normalization.
Model / method selection
· Single-modality encoders
· Text encoder: BioClinicalBERT fine-tuned on MIMIC notes.
· Lab/time encoder: Temporal Transformer or Temporal Convolutional Network (TCN) / LSTM with time-aware positional encoding and missingness masks.
· Cross-modal fusion
· Cross-modal attention module that lets text tokens attend to lab embeddings and vice versa.
· Evidence-aware fusion: combine modality-level evidence using a probabilistic/evidence aggregation mechanism to handle conflict and missing modalities.
· Uncertainty estimation
· Bayesian layer(s): MC-Dropout, deep ensembles, or a Bayesian head to quantify predictive uncertainty and flag low-confidence predictions.
· Interpretability
· Global/local explanations: SHAP for structured features, attention weight visualizations and token-level saliency for text, and integrated explanations at the fused level.
· Training
· Loss: weighted binary cross-entropy, plus calibration loss.
· Regularization: dropout, weight decay, early stopping.
· Logging & reproducibility: seed control, versioning (Git), containerization.
Testing & evaluation
· Primary metrics: AUROC, AUPRC, Balanced Accuracy (BACC).
· Calibration: Expected Calibration Error (ECE), Brier score.
· Clinical utility: sensitivity/specificity at clinically relevant thresholds, decision curve analysis, false positive/negative analysis.
4. Project Steps and Timeline
1. Preparation & access (Weeks 1–2)
· Obtain MIMIC-III access; set up compute environment and codebase; obtain any required approvals.
2. Data extraction & preprocessing (Weeks 3–6)
· Cohort selection, feature extraction, lab value harmonization, note selection and tokenization pipelines.
3. Baseline models (Weeks 7–9)
· Implement APACHE scoring baseline, RF/XGBoost on structured features, and a text-only model (fine-tune BioClinicalBERT).
4. Multimodal model development (Weeks 10–16)
· Build time encoder, text encoder, cross-modal attention fusion, and evidence module. Start with smaller models to debug.
5. Uncertainty & interpretability modules (Weeks 17–20)
· Add Bayesian uncertainty estimation; integrate SHAP and attention visualization pipelines.
6. Evaluation & clinical analyses (Weeks 21–24)
· Final test set evaluation, calibration, decision curve analysis, error analysis, clinician review (if available).
7. Write-up & dissemination (Weeks 25–31)
· Prepare manuscript, figures (explainability visualizations), and release code / model checkpoints (subject to data licensing).
5. Expected Results
· A validated multimodal model that outperforms unimodal baselines and standard clinical scores on MIMIC-III .
· Reliable uncertainty estimates that allow the model to flag low-confidence predictions, reducing risky automated recommendations.
· Interpretable outputs for clinicians: SHAP feature tables for structured inputs and attention-based highlighted text spans for notes.
· A reproducible codebase and documentation enabling follow-up research and potential clinical validation.
6. Resources Needed
Data & access
MIMIC-III dataset available.
Compute & software
· GPUs: at least one GPU with ≥24GB VRAM (e.g., NVIDIA A5000 / RTX 6000 / A40) for BERT fine-tuning; multi-GPU or cloud (A100) recommended for faster experiments.
· CPU: multi-core instance for preprocessing (16+ cores).
· Storage: ~500 GB.
· Software stack: Python, PyTorch (or TensorFlow), HuggingFace Transformers, scikit-learn, pandas, NumPy, SHAP, matplotlib/seaborn, jupyter, Docker.
· Version control and experiment tracking: Git + Weights & Biases or MLflow.
People & expertise
· PI / lead researcher.
· ML engineer / graduate student for model development.
· Clinician collaborator for cohort definition and interpretation of results.
· (Optional) Statistician for evaluation and calibration analyses.
Ethics & approvals
· Data use agreement for MIMIC; local IRB or institutional approval if required for derived analyses or linking other data.
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