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Problem Motivation

• Rare diseases are hard to detect. 

• Delay in diagnosis: 5-7 years in the U.S. 

• Clinical notes have rich signals but are unstructured data. 

• Instead of simply extracting medical terms from the notes for model 
training, context might be important 



ICD Codes
• International Classification of Diseases (ICD) is a standardized 

coding system for diagnoses.  

• Numeric codes assigned to diseases, syndromes, symptoms, etc. 

• Versions: 

• ICD 9: Used until 2015. 

• ICD 10: Officially used until 2022 

• ICD 11: Official since 2022..but still ICD 10 is used



Orphanet
• The Rare Disease Encyclopedia 

• European reference portal for information on rare diseases and 
orphan drugs. 

• >10,000 rare diseases.. more than 7000 genetic diseases 

• Provides: 

• Disease Definitions 

• ICD Mappings 

• Prevalance and inheritance patterns



MIMIC-IV Dataset
• Dataset of clinical notes (250,000 patients) 

• Source: Beth Israel Deaconess Medical Center, 2008–2019. 

• Contains:  

• admissions, patients, transfers. 

• ICD diagnosis codes. 

• ICD procedure codes. 

• Notes: Clinical Notes, Discharge summary, radiology reports, etc 



Challenge with using clinical 
notes

• Long, messy, inconsistent formatting. 

• Contains abbreviations, typos, non-standard language. 

• Many irrelevant details: need filtering/processing.



Data Preparation



Filtering Rare Diseases
Goal: Identifying rare diseases with exact ICD 9 and 10 mappings to 
work with 

• Orphanet provides ICD-10 and ICD-11 mappings (but no ICD-9). 

• We ignore ICD-11 because MIMIC-IV only has ICD-9 and ICD-10. 

• Keep only diseases with exact ICD-10 matches in Orphanet. 

• GEMs = General Equivalence Mappings 

• Keep only exact ICD-10 → ICD-9 mappings. 

• Handle duplicates 
Rare disease count: 160



Filtering clinical notes

• Only use notes before the patient is diagnosed with the rare disease 

• Model should learn early signals 

• Helps prevent data leakage 



MIMIC IV Data Extraction

• diagnoses_icd.csv: subject ID, admission ID, ICD code/version 

• admissions.csv: subject ID, admission ID, admit time, other info 

• Count occurrences of rare disease ICD codes 

• Merge with admission times 

• Group by patient and keep first occurrence → first diagnosis date



MIMIC IV Data Extraction

• Add first diagnosis date to each positive patient’s notes 

• Negative patients: no diagnosis date 

• Keep only notes before first diagnosis date 

• Group notes by patient and combine into a single text block



MIMIC IV Data Extraction

• Filter disease list: keep only diseases 
with >30 positives 

• Ensures enough data for model 
training

Final Disease Count: 30



Control Matching

• Select matched negative patients for each positive 

• Matching: age at first visit, gender, race 

• Assign pseudo-diagnosis date 

• Combine pre-pseudo-diagnosis notes



MIMIC IV Data Extraction

• Filter disease list: keep only diseases with >30 positives 

• Ensures enough data for model training



Model Fine Tuning



Target Model and Disease

• Model: ClinicalBERT (BERT trained on clinical notes) 

• Target Disease: Nephrogenic Diabetes Insipidus (Arginine 
Vasopressin Resistance) 

Types: Congenital (genetic), Acquired (Due to external factors) 

Congenital NDI rarity: 1 in 100,000 to 1 in 200,000



Training Setup

• Highly skewed dataset: rare disease prediction 

• Pre-split dataset: Training 70%, Validation 10%, Test 20% 

• Split maintains positive/control ratio across sets 

• Consistent splits used across experiments



Sliding window approach

• ClinicalBERT max context: 512 tokens 

• Notes split into chunks: 512 tokens each 

• Stride: 256 tokens (overlap) 

• Prediction per chunk → average across chunks for final patient 
prediction



Model Fine Tuning

• ClinicalBERT fine-tuning 

• Only the last 4 layers trained (faster and similar/better performance) 

• Early stopping applied based on validation loss



Handling Class Imbalance

Loss functions tested: 

• Weighted cross-entropy 

• Focal loss < final strategy 

Oversampling also tested 



Learning Rate Strategy
• Learning rate types: 

◦ Constant 

◦ Linear decay < final LR scheduler type 

◦ Step decay 

◦ Plateau 



Model Evaluation

Same train/val/test split across different experiments 
 
5-fold cross validation 



Results

General AUC: 0.7 to 0.8 

5-fold cross validation AUC: 0.78 



Comparing models

Does context length make a difference? Will longer context model perform 
better as compared to pre trained BERT models? 
 
Models:  

BERT Based models (512 context length): ClinicalBERT, BioBERT, BioLinkBERT-
base , PubMedBERT, BioROBERTa, BlueBERT 

Long Context models: ModernBERT-Large(8,192 tokens), Longformer (4096 
tokens)



Results

BlueBERT-pubmed: trained on pubmed abstracts 
Average AUC: 0.67 

Note: No cross 
validation done, 
normal train, 
val,test splits



Results

Model 1: BlueBERT pubmed 

Model 2: Clinical BERT



Interpretation



Intepretation
• AUC may not reflect performance on rare positives 

• Doctors prefer interpretable results 

• Approach 1: Note Highlighter 

◦ Extract attention values for each token 

◦ Identify top 5% tokens by attention 

◦ Highlight corresponding words in the clinical note 

◦ Highlight intensity ∝ attention value



Example



Intepretation

Identify top 5% tokens by attention 

Map tokens to corresponding words 

Create a word list with: 

• Word 

• Number of occurrences across notes



Example
Arginine vasopressin resistance: 

Bipolar, Lithium, Schizophrenia, Hypernatremia, Polyurea, 
Polydipsia, Diabetes, Mellitus, Dehydration, Medicine, Sex, 
Surgery,Paranoid, Cancer , Oncologist, Hiv, manic, Atorvastin, 
Difficulty, doctor



Questions?
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