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* First systematic evaluation of temporal reasoning in LLM-based EHR summarization.

ntroduce longitudinal task reformulations for Discharge Summarization, A&P Generation, and Diagnosis
Prediction.
* Compare Direct Generation, RAG, and Chain-of-Thought (CoT) reasoning paradigms
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 Datasets:
o MIMIC-III: 1ICU patient notes + structured data for summarization

o EHRShot: structured-only longitudinal dataset for diagnosis

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

tasks.

prediction.

Llama2-13B.
* Approaches:

3. Major treatments or interventions (e.g., med-
o Direct Generation: standard summarization. ;zét;lc::imf)hanges, procedures, - escalation/de-
o RAG: retrieve relevant segments to reduce “lost-in-the-middle.” 4. Care team decisions that indicate readiness for

o CoT: extract temporally ordered daily events before generation. 5.

e Evaluation:
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Methods

Evidence leading
to physician diagnosis

Chain-of-Thought Prompt for 48h Discharge Sum-

mary Event Extraction

1. Significant changes in symptoms or

discharge or change in care goals.

follow-up care.

DISCHARGE EVENT EXTRACTION TASK An-
alyze the following data from the final 48 hours of
the hospital stay and identify key clinical events that
are most relevant for summarizing the course of treat-
ment and informing discharge planning. {chronol-
ogy_text} Only include events that reflect:

improvements, worsening, new findings).

2. Clinically important test results (especially abnor-
mal values that lead to certain treatments).

Events linked to the final diagnosis or that inform

status (e.g.,
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| | Mculti-td)a(z | usefulness, clarity, synthesis). 5 Doy 1 Kew Evonte #4 - +53159-03.12 08:00%+
: : : | ontext | . i ) ay 1 Key Events - -03- :00%%:
ECERDCIITONRAS Dara e iR ~— '« Expertclinical review for factuality and relevance. Stable Vital Signs (BP 120/70 mmHg, HR 88 bpm.
RR 18 breaths/min, Temp 98.6°F). This indicates
overall stability and readiness for discharge.
Results
Direct Gen RAG
* Retrieval-Augmented Generation (RAG) Mistral Qwen Mistral Qwen
: : . Accuracy 52.84 6272 63.03 6550
consistently improves factuality, thoroughness, AcueM b e aes 11ss lesd
Approach Task CIT ACC THR  USE ORG  CMP  SUC SYN and overall usefulness compared to direct Celiac Disease o1 020 043 s 0
Direct DS 1.00+0 1.82+121 1.42+064 1.70+093 2.48+0.99 4.08+0.75 2.96+092 3.5+0.71 ge neration. Hvperlividemsa Accuracy 58.02 68.15  66.09 63.03
Gen A&P 213080 3.19:1.15 2.66:087 3.51:088 3.46:086 3.84+08  3.03x092  3.760.66 . . . . YPEHP Fl 3033 153 1274 745
* Chain-of-Thought (CoT) increases interpretability - Accuracy 6444 6038 6381 6881
RAG DS 1.06+0.24 1.68+0.88 1.52+0.79 1.66+x094 2.4+1.01 3.92+0.78  2.78+0.76  3.5+0.71 but off limited . . lit Hypertension Fl 26.53 6.06 87 Q7
A&P  2.35:102  3.96£098 3.46:076 4.07:081 371209 4112074 3.002091 3.6107 ut oirers umited gains In summary quauty. y Accuracy 6642 9506 9479 048]
o i upus Fl 1053 000  0.00 0.00
Table 7: Results of the PDSQI-9 evaluation on discharge summarization (DS) and Assessment and Plan generation (A&P). Assessment & Plan (A& P) sumrnaries outperform _ Accuracy  73.83 7852 78.86  79.05
Abbreviations: CIT = citations, ACC = accuracy_extractive, THR = thoroughness, USE = usefulness, ORG = organization, ~Discharge Summaries (DS) — structured, Pancreatic Cancer 1311 225 000 0.00

CMP = comprehensibility, SUC = succinctness, SYN = synthesis_abstraction. Definitions of scoring criteria could be found

in (Croxford et al., 2025).
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No Prior

Multi-Day

23.32+13.05

17.70+3.79
Single-Day 26.11+1168 71.63+1086 33.16+10.68
324211214 80.424331
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Table 4: Performance of Direct Generation and RAG methods on A&P generation across models and input settings. RL =

ROUGE-L score; BS = BERTScore computed using SapBERT embeddings.

Discussion

focused inputs lead to more coherent outputs.

Across models, temporal reasoning remains EHRShot data (macro-average).

Table 6: Results on the binary diagnosis prediction task using

limited: LLMs often misorder events or omit key ~ Setting  Model — ROUGE-L  BERTScore
timeline details. Mistral 16.28 +12.83  65.23 +13.38
. . . : Llama3 11.82 +14.42  55.35 #2248
Quantitative metrics (ROUGE-L, BERTScore, F1) g;rlfct Qwen 1528 538 63.08 £13 50
show moderate gains with RAG; absolute scores DeepSeek  13.51 504  63.64 £13.86
remain below human-level summaries. Llamaz ~ 15.34+590 63821144
Expert evaluation confirms RAG reduces Mistral — 15.044234  65.89 +5.69
P : : : o RAG Llama3 15.90 £2.00  64.38 +4.81
hallucination and improves clinical relevance, but Qwen 17.91 235  65.25 +4.77
Llama2 16.98 +1.59  67.20 +6.21

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.
* CoTl 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.

Table 2: Results on discharge summarization, comparing the
direct generation and RAG approaches across all models.

B 24 Hours 48 Hours

* 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.

Conclusion

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