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• Electronic Health Records (EHRs) are longitudinal, multi-modal, and time-dependent, 
• containing structured data and unstructured notes.
• Clinicians face information overload when reviewing multi-day patient histories.
• LLMs show promise for summarization and clinical reasoning but struggle with 
• temporal consistency and causal understanding.
• Existing evaluations focus on static, single-visit summaries, not longitudinal reasoning.
• Goal: assess open-source LLMs’ ability to synthesize, summarize, and predict across 
• time-evolving patient records.

• First systematic evaluation of temporal reasoning in LLM-based EHR summarization.
• Introduce longitudinal task reformulations for Discharge Summarization, A&P Generation, and Diagnosis 

Prediction.
• Compare Direct Generation, RAG, and Chain-of-Thought (CoT) reasoning paradigms

• Datasets:
o MIMIC-III: ICU patient notes + structured data for summarization 

tasks.
o EHRShot: structured-only longitudinal dataset for diagnosis 

prediction.
• Models: Mistral-7B, Llama3-8B, Qwen2.5-7B, DeepSeek-R1-32B, 

Llama2-13B.
• Approaches:

o Direct Generation: standard summarization.
o RAG: retrieve relevant segments to reduce “lost-in-the-middle.”
o CoT: extract temporally ordered daily events before generation.

• Evaluation:
• Automated metrics: ROUGE-L, BERTScore, F1.
• LLM-as-Judge (PDSQI-9 dimensions: accuracy, completeness, 

usefulness, clarity, synthesis).
• Expert clinical review for factuality and relevance.

• Long contexts ≠ better reasoning
• RAG reduces hallucination but fragments narrative flow
• CoT adds interpretability, not factual precision
• Key gap/future work: causal, temporally grounded LLMs for clinical use

• Retrieval-Augmented Generation (RAG) 
consistently improves factuality, thoroughness, 
and overall usefulness compared to direct 
generation.

• Chain-of-Thought (CoT) increases interpretability 
but offers limited gains in summary quality.

• Assessment & Plan (A&P) summaries outperform 
Discharge Summaries (DS) — structured, 
focused inputs lead to more coherent outputs.

• Across models, temporal reasoning remains 
limited: LLMs often misorder events or omit key 
timeline details.

• Quantitative metrics (ROUGE-L, BERTScore, F1) 
show moderate gains with RAG; absolute scores 
remain below human-level summaries.

• Expert evaluation confirms RAG reduces 
hallucination and improves clinical relevance, but 
redundancy and missing causal links persist.

• Overall, RAG + A&P provides the most balanced 
and reliable longitudinal performance.

• Longer context inputs enhance information coverage but not temporal reasoning—models recall 
facts, not timelines.

• RAG improves factual grounding but disrupts narrative coherence due to context fragmentation.
• CoT reasoning helps explainability but doesn’t strengthen accuracy without explicit temporal 

modeling.
• Low citation scores reveal weak evidence attribution—LLMs summarize confidently but without 

source traceability.
• Expert feedback highlights recurring temporal gaps and omission of evolving diagnoses.
• Findings expose a gap between data integration and causal reasoning in current LLMs.
• Indicates need for timeline-aware training and causality-grounded reasoning objectives for 

clinical summarization.
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