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(Adapted from Gurupur et al 2025)

Incomplete RWD, incomplete care: data gaps fuel risk, errors, and unequal outcomes.



From statistical to AI-based imputation: evolving ways to recover missing RWD.

• Mean/Median

• Mode

• Last Observation Carried Forward 

(LOCF)

• Multiple imputation (MICE)

• Machine learning – 
▪   KNN

▪   MissForest

▪   XGBoost

Simple deterministic methods

Statistical model–based

Large Language models (LLMs)

GPT – Generative Pre-trained Transformer

DecoderEncoder
        
          ఫ్యూ జ్ ఏపీఏసీ కనెక్్ట అద్భు తం!

     Phuse APAC Connect is amazing!

Translation (Encoder – Decoder)

on the mat.

Next word prediction (Decoder only)

Cat sat

Cat sat on the mat.

Cat sat on the mat.

Cat sat on the mat.



KingHuman

Dog

Cat
Kitten

Queen

Man
Woman

Royalty

The cat sat on the mat.

The mat sat on the cat.

Positional embeddings – order matters !

+

Word embeddings 

Attention layer

Transformers: The Architecture Powering Modern LLMs

Ref:3Blue1brown
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Using LLMs to impute missing clinical data and generate RWE summaries
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MIMIC-IV – Cardiovascular arrest (CA)

1200 patients dataset

Variables

Systolic BP

Diastolic BP

Respiratory rate

Heart rate

SpO2

Lactate

Sodium

CHF

Hypertension

Missingness

10

30

50

70

90

LLM prompt – Batches of 25 records

JSON

Prompt – 
• Clinical data analyst specializing in 

cardiovascular and critical care.

• Use standard clinical reasoning, relationships 

among other patient features, and population 

norms for cardiovascular or critical care 

patients.

• Use imputed values of one variable to inform 

others when appropriate. 

Real-World Dataset and LLM-Enabled R Analytics Environment



LLM and MissForest show similar imputation performance for continuous variables, with 

MICE more sensitive to missingness.



Categorical imputation accuracy varies by method and missingness level



All methods show low median bias, but the spread of bias grows substantially as 

missingness increases.



Sample size has minimal impact on NRMSE and MICE consistently produces higher 

errors than other methods.



Few-shot and zero-shot prompting yield similar imputation performance across 

missingness levels
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Metric Score

Factual accuracy 3

Coverage and completeness
4

Interpretation quality 4

Clarity and communication
4

Clinical appropriateness 3

Absence of hallucinations 4

Automated clinical summary generation and evidence contextualization



Single Clinical Summaries Generated from Multiple RWE Outputs Using LLMs

Metric Score

Factual accuracy 3

Coverage and completeness
4

Interpretation quality 3

Clarity and communication
3

Clinical Appropriateness 4

Absence of Hallucinations 4



Conclusions

● For continuous clinical variables, LLMs maintained accuracy similar to MissForest and 

exceeded MICE performance as data became sparse.

● Few-shot prompting offered little added benefit over zero-shot, indicating LLM imputation 

performance here is largely context-driven than example-based learning.

● LLM-generated summaries were fairly accurate and clinically appropriate, free of 

hallucinations, and capable of contextualizing findings against existing literature.

● LLMs can complement traditional methods by improving both imputation and 

interpretability of RWD, though rigorous validation remains essential.
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