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Abstract

Patient health literacy is critical to health out-
comes, yet medical discharge summaries re-
main inaccessible to many patients due to jar-
gon and complex language. Large language
models (LLMs) offer a promising means of
bridging this gap, but their deployment in
resource-constrained hospital environments de-
mands lightweight, privacy-preserving solu-
tions. We evaluate a range of open- and closed-
source LLMs on the MeDiSumQA dataset,
comprising real patient discharge summaries
paired with lay questions and clinician-verified
answers, and demonstrate that larger open-
source models achieve accuracy and seman-
tic similarity performance comparable to GPT-
5. We then introduce LAMP-MedQA, a
lightweight multi-agent framework for patient-
oriented medical question answering. The
framework decomposes the task into two se-
quential stages: question-relevant evidence ex-
traction and patient-facing answer simplifica-
tion. Each stage is governed by an automated,
metric-driven feedback loop that enables itera-
tive self-correction without human-in-the-loop
supervision. Using Qwen2.5-7B-Instruct for
generation agents and Phi-3.5-Mini-Instruct
for reviewer/verifier agents, it achieves sig-
nificantly lower FKGL than zero-shot GPT-5,
indicating better readability, and obtains the
highest simplification quality (SARI) among
all evaluated models, while remaining broadly
competitive on accuracy and semantic similar-
ity. This competitiveness is further improved
by an offline medical glossary, which nar-
rows the gap in n-gram overlap and contextual-
similarity metrics. These results suggest that
collaborative lightweight agents represent a
viable approach to improving health literacy
in clinical settings. Our code is available at:
https://github.com/JackJ3636/LAMP-MedQA

1 Introduction

Patient health literacy helps ensure that treatments
are accessible to the wider public. Studies have

found that fewer than half of patients entering gen-
eral internal medicine units had adequate health
literacy, and patients with low health literacy had a
higher probability of emergency department revis-
its (Shahid et al., 2022). Similarly, lack of adequate
health literacy is a key barrier to patients being able
to cope with chronic illness (Köppen et al., 2018).
Research has stressed the role of digital commu-
nication tools in improving health literacy (Fitz-
patrick, 2023). Consequently, developing tools that
translate medical reports into more understandable
forms is crucial for enhancing patients’ understand-
ing of disease and improving health outcomes.

While previous studies have applied agentic
large language model (LLM) pipelines to the sim-
plification of published medical literature and med-
ical question answering (Rezaei et al., 2025; Yang
et al., 2025; Wang et al., 2024), little work has ex-
plored the use of LLMs to ensure that answers to
patient queries are both medically grounded and
readable. Recently, patient discharge summaries
have presented themselves as useful documents
for summarisation and improvement of patient en-
gagement. Medical notes often contain jargon,
disrupting patient communication and potentially
leading to poor adherence to treatment. Thus, im-
proving health literacy is critical in the medical
domain. LLMs have the potential to extract rele-
vant information from patient discharge summaries
and present an answer to the patient that is both
understandable to a non-specialist audience, and
maintains the clinical accuracy of the original sum-
mary.

The MediSumQA dataset provides matched
pairs of real patient discharge summaries and as-
sociated lay questions from a patient’s perspective,
and a short (typically one or two sentences) re-
sponse from a medical expert (Dada et al., 2025a,b;
Goldberger et al., 2000). This offers a unique
opportunity to assess LLM efficacy on discharge
summary extraction and simplification for patient
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question-answering tasks. In this study, we first ex-
amined a number of open- and closed-source LLMs
and evaluated their performance on the MeDiS-
umQA dataset. We then developed a multi-agent
system based on lightweight open-source models,
with an aspiration for use in medical settings with
restricted infrastructure.

The main contributions of this study are:

• We demonstrate that larger open-source LLMs
can achieve performance comparable to
closed-source systems on a health literacy task
through a comprehensive evaluation of both
state-of-the-art open- and closed-source mod-
els.

• We introduce LAMP-MedQA, a lightweight
multi-agent system comprising a dedicated
extractor, an accuracy reviewer, a patient-
friendly simplifier, and a readability verifier.
Implemented with Qwen2.5-7B-Instruct for
generation agents and Phi-3.5-Mini-Instruct
for reviewer/verifier agents, LAMP-MedQA
substantially improves readability and simpli-
fication quality over single-agent lightweight
baselines.

• We show that LAMP-MedQA achieves the
best readability (FKGL) and simplification
quality (SARI) among all evaluated systems,
including GPT-5, while maintaining competi-
tive accuracy and semantic similarity, particu-
larly when augmented with an offline medical
glossary.

2 Related Work

Early multi-stage approaches demonstrated that
tackling clinical note processing through discrete
transformation steps could improve accessibility
for lay readers (Doppalapudi et al., 2022). Named
Entity Recognition has been applied to free-text
clinical notes, particularly through Transformer-
based models such as BioBERT and ClinicalBERT
(Fraile Navarro et al., 2023). However, such tech-
nologies have proved hard to roll out to clinical de-
ployment (Fraile Navarro et al., 2023). LLMs have
demonstrated promise in medical text simplifica-
tion, including the simplification of vascular patient
educational materials (Xu et al., 2026). Lyu et al.
proposed the "Society of Medical Simplifiers", ap-
plying multiple instances of GPT-3.5-Turbo-1106
in a 5-agent system to simplify biomedical litera-
ture (Lyu and Pergola, 2024). While strong read-

ability scores were attained, this approach relied
on heavy closed-source models. This raises the
question of whether lighter, open-source models
would suffice.

3 Methodology

3.1 MeDiSumQA Dataset

The MeDiSumQA Dataset was created from
MIMIC-IV discharge summaries (Dada et al.,
2025a,b; Goldberger et al., 2000). Patient ques-
tion and clinician answer pairs were then generated
from the summaries using Llama-3-70B-Instruct.
Question-and-answer (QA) candidates were then
manually vetted by a physician who selected high-
quality examples based upon factual correctness,
safety and complexity, resulting in human-verified
QA pairs after manual curation. We sampled 20 re-
ports as a development set and held out 200 reports
as a test set.

3.2 Initial Model Selection

We evaluate a range of open- and closed-source
LLMs of varying sizes on the development set (Ap-
pendix A, Table A1). In accordance with the Phy-
sioNet Credentialed Data Use Agreement (Gold-
berger et al., 2000), GPT models were accessed in
a secure research environment with no data reten-
tion; our motivating goal is to develop techniques
applicable to private medical datasets where data
cannot leave the host environment.

3.3 Metrics

Models were assessed across accuracy, seman-
tic similarity, simplification quality, and readabil-
ity. For accuracy and semantic similarity, we
use SBERT cosine similarity (all-mpnet-base-v2)
(Reimers and Gurevych, 2019), Token F1 (Ra-
jpurkar et al., 2016), BLEU (Papineni et al., 2002),
ROUGE-L (Lin, 2004), and BERTScore (distilbert-
base-uncased) (Zhang et al., 2020), and LLM-as-a-
Judge scoring, where GPT-4 rates semantic similar-
ity on a 1–5 scale as an expert medical QA judge
(see Appendix B, Table B1). For simplification
quality, we use SARI, which balances word reten-
tion, addition and deletion against the summary and
reference answer (Xu et al., 2016). For readability,
we use Flesch-Kincaid Grade Level (FKGL), with
lower scores indicating simpler and more readable
text (Kincaid et al., 1975).
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Figure 1: LAMP-MedQA pipeline. The curated response must pass an extraction-relevance gate (SBERT cosine similarity
between the candidate answer and the patient’s question; threshold τ = 0.671) and a readability gate (Flesch–Kincaid Grade
Level < 10), with a maximum of three revisions per loop. The extraction threshold was tuned on the 20-sample development
set by balanced-accuracy maximisation; the readability threshold was set from strong single-model performance on the same
development set. An optional offline MedlinePlus glossary is provided to improve domain-specific model knowledge.

3.4 LAMP-MedQA
The patient-facing QA task involves two stages:
accurate information extraction from long medical
text, then simplification into patient-friendly lan-
guage. We propose LAMP-MedQA, a multi-agent
framework that decomposes the task into these
stages with two corresponding iterative feedback
loops, in which an accuracy reviewer and a read-
ability verifier assess intermediate outputs against
metric thresholds and trigger refinement (Figure 1).
This enables iterative self-improvement without hu-
man supervision. The system is implemented using
two lightweight LLMs orchestrated via LangChain,
testing whether collaborative lightweight models
can match larger models.

Models Model A (Qwen2.5-7B-Instruct) serves
as both extractor and simplifier, while Model B
(Phi-3.5-Mini-Instruct, 3.8B parameters) acts as
an accuracy reviewer and readability verifier that
facilitates targeted feedback. The model pipeline
operates with the following stages and loops, with
prompts shown in Appendix C, Table C2:

1. Information Extraction: Given a patient
question and discharge summary, the extrac-
tor generates a short, accurate, and relevant
answer (1–2 sentences) according to a prompt
template (Appendix C, Table C2).

2. Extraction Review: The candidate answer is
evaluated using a relevance signal computed
from SBERT cosine similarity with the pa-
tient’s question, with acceptance determined
by a threshold τ = 0.671, tuned on the 20-
sample development set. If the threshold is
not met, the accuracy reviewer (Model B) re-

turns 1–2 sentences of actionable feedback
identifying specific content gaps, and the ex-
tractor retries (up to 3 attempts).

3. Text Simplification: The simplifier rewrites
the validated extraction in plain-English, tar-
geting an 8th-grade reading level. In the tool-
augmented variant, the simplifier first identi-
fies medical jargon in the extraction, which is
looked up in an offline MedlinePlus glossary
(1,926 health topic entries pre-downloaded
from the MedlinePlus Health Topics XML
(U.S. National Library of Medicine, 2024)).
The resulting plain-English definitions are pro-
vided to the simplifier alongside the extraction
to guide the simplification.

4. Readability Verification: The simplified out-
put is checked against a Flesch-Kincaid Grade
Level (FKGL) threshold of < 10, set from
strong single-model performance on the devel-
opment set (Appendix C, Table C1). If it fails,
the readability verifier provides readability-
specific feedback (e.g. shorter sentences or
simpler vocabulary), and the simplifier retries
(up to 3 attempts).

We evaluate two variants on the held-out test set:
a baseline without tool augmentation and a tool-
augmented variant in which the simplifier accesses
the MedlinePlus glossary, against zero-shot GPT-
5 and zero-shot/one-shot Qwen2.5-32B-Instruct
baselines.

3.5 Statistical Significance Tests
Statistical significance was assessed using per-
sample paired bootstrap resampling (10,000 resam-
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Model SARI ↑ FKGL ↓ SBERT ↑ Token F1 ↑ BLEU ↑ ROUGE-L ↑ BERTScore ↑ LLM-Judge ↑
GPT-5 49.81 10.91 66.67 28.65 4.27 22.05 82.27 3.98
Qwen2.5-32B (zero-shot) 48.83 11.57∗ 65.79 31.86∗ 6.39∗ 25.58∗ 82.89 3.85
Qwen2.5-32B (one-shot) 47.85∗ 12.90∗ 65.25 31.53∗ 6.46∗ 25.50∗ 82.48 3.72

LAMP-MedQA (no tools) 50.96 7.24∗ 61.38∗ 25.76∗ 4.22 20.27 81.15∗ 3.32∗

LAMP-MedQA (with tools) 51.59 8.25∗ 63.60∗ 27.59 4.06 21.16 81.92 3.72∗

Table 1: Mean scores are reported over the 200-sample test set for each system. Paired significance tests were computed only
on examples with valid outputs from both systems in each comparison. Scores scaled to a 0–100 range (except FKGL and
LLM-Judge (1–5)). Arrows indicate whether higher (↑) or lower (↓) values are better. Best score per column is bolded. ∗ denotes
statistically significant difference vs. GPT-5 after Bonferroni correction (α = 0.05, m = 90 tests, paired bootstrap with 10,000
resamples). Significance is computed on per-sample paired differences, so a small mean gap with consistent per-sample direction
can be significant while a larger but noisier mean gap may not be.

ples) and Wilcoxon signed-rank tests, with Bon-
ferroni correction across m = 90 pairwise tests
(α = 0.05). Significance markers in the tables re-
fer to paired bootstrap p-values after Bonferroni
correction; Wilcoxon tests were used as a robust-
ness check. Blank predictions receive worst-case
scores.

4 Results

On the development set, closed-source and
open-source models showed comparable per-
formance, with Qwen2.5-72B-Instruct, Llama-
3.3-70B-Instruct and Qwen2.5-32B-Instruct ri-
valling GPT-5 across SARI, FKGL, SBERT,
BERTScore and LLM-Judge (Appendix C, Ta-
ble C1). Qwen2.5-32B-Instruct, particularly strong
on Token F1, ROUGE-L and BERTScore, was cho-
sen as the open-source baseline.

On the 200-sample test set (Table 1), zero- and
one-shot Qwen2.5-32B-Instruct showed compara-
ble accuracy and semantic similarity to GPT-5 but
significantly worse readability.

LAMP-MedQA without tools achieved substan-
tially lower FKGL than GPT-5 (7.24 vs. 10.91;
Bonferroni-corrected p < 0.001). It also achieved
slightly higher SARI than GPT-5 (50.96 vs. 49.81),
although this difference was not statistically signifi-
cant. The trade-off appeared in semantic-similarity
metrics: SBERT, Token F1, BERTScore, and LLM-
Judge were significantly lower than GPT-5 after cor-
rection, whereas BLEU and ROUGE-L differences
were not statistically significant (Table 1). This re-
flects a patient-facing simplification trade-off: para-
phrasing into plain English reduces surface-level
overlap with reference answers that retain clinical
phrasing, even when the clinical content is pre-
served (Appendix D, Tables D1–D4).

Augmenting the simplifier with the offline Med-
linePlus glossary (LAMP-MedQA with tools)
closes much of this gap (Table 1): SBERT, To-

ken F1 and BERTScore are improved when com-
pared to the without-tools variant, rising toward
GPT-5’s levels. The highest SARI (51.59) of the
systems evaluated is achieved by LAMP-MedQA
(with tools). The cost is a small readability reduc-
tion (FKGL 8.25 vs. 7.24).

After Bonferroni correction, only FKGL, LLM-
Judge and SBERT remain significantly different
from GPT-5; BERTScore and Token F1 do not.
LAMP-MedQA (with tools) outperforms GPT-5 in
readability (FKGL 8.25 vs 10.91).

The glossary encourages slightly longer, more
definition-rich phrasing, and the iterative validation
loop catches cases where the no-tools variant locks
onto a surface-prominent topic that does not match
the patient’s question (Appendix D, Table D4).

To assess the contribution of each component,
we conducted a series of ablation studies (Table 2).
Removing the readability verifier significantly in-
creases FKGL (7.24 → 8.02; p < 0.001 after Bon-
ferroni correction) and slightly raises LLM-Judge
(3.32 → 3.42; pBonf = 0.04), but leaves the n-
gram overlap and contextual-similarity metrics sta-
tistically indistinguishable from the full pipeline
— consistent with its role as a readability gate
rather than a content gate. Removing only the
accuracy reviewer produced no statistically signifi-
cant change on any metric: based on the relevance
signal derived from the patient’s question, the re-
viewer’s contribution to first-pass extraction quality
appears limited. Removing both validation loops
yields significantly worse readability than the full
pipeline (FKGL 8.16 vs. 7.24; p < 0.001), a small
but significant SBERT increase (62.99 vs. 61.38;
p < 0.001), and a significant LLM-Judge rise (3.48
vs. 3.32; pBonf = 0.018), but no significant change
on the remaining metrics.

We also evaluated each constituent model in
isolation. Qwen2.5-7B-Instruct alone scores sig-
nificantly higher on every n-gram overlap and
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Configuration SARI ↑ FKGL ↓ SBERT ↑ Token F1 ↑ BLEU ↑ ROUGE-L ↑ BERTScore ↑ LLM-Judge ↑
LAMP-MedQA (no tools) 50.96 7.24 61.38 25.76 4.22 20.27 81.15 3.32

without readability verifier 51.20 8.02∗ 62.05 26.59 4.49 21.06 81.47 3.42∗

without accuracy reviewer 51.21 7.34 62.38 26.09 4.22 20.76 81.22 3.42
without accuracy reviewer or readability verifier 51.19 8.16∗ 62.99∗ 26.72 4.44 21.42 81.56 3.48∗

Qwen2.5-7B-Instruct (zero-shot) 46.96∗ 11.90∗ 63.93∗ 30.12∗ 6.38∗ 23.95∗ 82.20∗ 3.64∗
Phi-3.5-Mini-Instruct (zero-shot) 43.54∗ 13.04∗ 60.38 26.00 4.62 20.47 80.43 3.36

Table 2: Ablation studies for LAMP-MedQA (no tools). The first block removes validation components; the second reports
each constituent model as a zero-shot baseline. Means are over the 200-sample test set; paired tests use examples with valid
outputs from both systems. Scores are scaled to 0–100 except FKGL and LLM-Judge (1–5). Best scores are bolded. * indicates
significance vs. full LAMP-MedQA after Bonferroni correction (α = 0.05, m = 90; paired bootstrap, 10,000 resamples).

semantic-similarity metric than the full LAMP-
MedQA (no tools) pipeline, but at the cost of sig-
nificantly worse readability (FKGL 11.90 vs. 7.24)
and significantly lower SARI (46.96 vs. 50.96).
Phi-3.5-Mini-Instruct alone has significantly worse
SARI and FKGL than the full pipeline and is not
significantly different on the other metrics. To-
gether, these results indicate that the readability
verifier is the dominant driver of the pipeline’s read-
ability, and that neither constituent model alone
reproduces the readability/simplification balance
of LAMP-MedQA.

5 Discussion

The close performance between open-source mod-
els and closed-source GPT-5 across both the devel-
opment and test sets is promising for private hos-
pital datasets. Qwen2.5-32B-Instruct in particular
rivals GPT-5 on semantic similarity and simplifi-
cation accuracy, but fails to produce sufficiently
readable answers, limiting its patient-facing utility;
one-shot prompting did not improve over zero-shot,
motivating an agentic approach over prompt engi-
neering.

LAMP-MedQA achieves strong simplification
quality and the best readability of any system eval-
uated, while keeping semantic content largely in-
tact through the iterative validation loops, all with-
out requiring substantial human oversight. This is
particularly promising for hospital settings where
smaller models offer improved computational effi-
ciency and edge deployment. The pipeline outper-
forms each constituent model in isolation on the
readability–simplification balance (Tables 1 and 2):
Qwen2.5-7B-Instruct alone is more verbose and
clinically dense, and Phi-3.5-Mini-Instruct alone
underperforms broadly. The lower n-gram over-
lap and SBERT scores relative to GPT-5 reflect a
plain-English trade-off rather than a loss of con-
tent: simplified outputs share fewer tokens with

reference answers that retain clinical phrasing.
The addition of access to the offline MedlinePlus

glossary mitigates this trade-off by supplying the
simplifier with patient-facing definitions, raising
n-gram overlap and contextual-similarity metrics
towards GPT-5’s at a small readability cost (FKGL
8.25 vs. 7.24; still well below GPT-5’s 10.91).
The two variants thus offer a tunable readability–
accuracy trade-off: no-tools for maximum readabil-
ity, and with-tools when clinical specificity matters
more.

The ablation study reveals that each validation
loop plays a focused, complementary role: the read-
ability verifier delivers the pipeline’s significant
FKGL improvement while preserving its content-
quality profile, and the accuracy reviewer func-
tions as a content safety net that catches occasional
off-topic extractions before they propagate to the
simplifier (Appendix D, Table D4). Both are re-
tained because, in patient-facing clinical deploy-
ment, even rare lapses in readability or faithfulness
are worse failure modes than the modest overhead
they add.

6 Conclusion

Overall, our lightweight agentic pipeline, LAMP-
MedQA, applies automated metric thresholds to
iteratively refine intermediate outputs without hu-
man supervision. The system significantly im-
proves readability in patient-facing question an-
swering and achieves the highest SARI score of
any system evaluated. At the same time, it remains
broadly competitive with larger open- and closed-
source models on accuracy and semantic similarity,
especially when augmented with an offline med-
ical glossary. Future work could explore alterna-
tive lightweight model configurations with agentic
workflows for medical information extraction and
simplification, with potential resource savings in
hospital settings.
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Limitations

Limited computational resources precluded a more
extensive evaluation of LLMs. Future work should
consider a broader range of models, as well as
exploring medical glossaries beyond MedlinePlus.
Additionally, while vetted and verified by a human,
the MeDiSumQA dataset still used Llama-3-70B
to generate QA pairs, and thus all models are still
being compared against LLM-generated references.
Finally, our evaluation framework could be further
strengthened through human validation to better
align outputs with patient needs.
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A Model Details

Table A1 summarises all models evaluated in this
study. All open-source models were run locally
with 8-bit quantisation for large models and a max-
imum output of 2,000 new tokens. Closed-source

GPT models were accessed via API in a secure
research workspace with no data retention.

B LLM-as-a-Judge Prompt

Semantic similarity between predicted and ref-
erence answers was scored by GPT-4 using the
prompt template shown in Table B1. The model
was called with temperature = 0 and a maximum of
150 new tokens.

C Preliminary Model Selection and
Prompt Templates

Preliminary model selection results are shown in
Table C1, whilst model prompts are detailed in
Table C2.

D Qualitative Examples

Examples of model pipeline responses are given in
Tables D1, D2, D3, and D4.
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Model Source Params Quant. Domain Role in this study

Closed-source models

GPT-3.5-Turbo Closed — — General Preliminary eval
GPT-4 Closed — — General Preliminary eval; LLM-Judge
GPT-4-Turbo Closed — — General Preliminary eval
GPT-5 Closed — — General Preliminary eval; Primary baseline

Open-source models — general purpose

Qwen2.5-72B-Instruct Open 72B 8-bit General Preliminary eval
Llama-3.3-70B-Instruct Open 70B 8-bit General Preliminary eval
Qwen3-30B-A3B-Instruct-2507 Open 30B 8-bit General Preliminary eval
Qwen2.5-32B-Instruct Open 32B 8-bit General Preliminary eval; Open-source baseline
Phi-4 Open 14B fp16 General Preliminary eval
Qwen2.5-7B-Instruct Open 7B fp16 General Preliminary eval; LAMP-MedQA: extractor & simplifier
Phi-3.5-Mini-Instruct Open 3.8B fp16 General Preliminary eval; LAMP-MedQA: reviewer & verifier
Llama-3.1-8B-Instruct Open 8B fp16 General Preliminary eval

Open-source models — biomedical

Llama3-OpenBioLLM-70B Open 70B 8-bit Biomedical Preliminary eval
Meditron-7B Open 7B 8-bit Medical Preliminary eval†

Table A1: Models evaluated in this study. Params: approximate parameter count; Quant.: quantisation level applied during
inference; —, not publicly disclosed. †Meditron-7B produced incomprehensible, unstructured outputs on our task, resulting in
extreme FKGL scores (see Appendix C, Table C1).

LLM-as-a-Judge Prompt Template

You are an expert medical QA judge. Rate the semantic similarity of the predicted answer and the reference answer.

Reference Answer (gold standard): {ref}

Predicted Answer (to evaluate): {pred}

Rate the semantic similarity on this scale:
1 – Not semantically similar at all
2 – Not very semantically similar
3 – Somewhat semantically similar
4 – Quite semantically similar
5 – Very semantically similar

Return ONLY a single JSON object with no markdown formatting: {“similarity”: <score>}

Table B1: Prompt template used for LLM-as-a-Judge evaluation. GPT-4 was called with temperature = 0 and max tokens = 150.

Model SARI ↑ FKGL ↓ SBERT ↑ Token F1 ↑ BLEU ↑ ROUGE-L ↑ BERTScore ↑ LLM-Judge ↑
GPT-3.5-Turbo 50.16 10.604 68.43 33.39 7.49 27.66 83.32 3.70
GPT-4 47.30 9.246 64.66 29.47 4.66 25.99 79.12 3.90
GPT-4-Turbo 48.29 9.962 69.44 33.07 3.83 28.56 83.44 3.93
GPT-5 49.43 10.973 70.83 32.70 4.70 25.90 83.76 4.35
Qwen2.5-72B-Instruct 50.38 9.735 66.02 34.50 9.19 29.47 80.32 3.95
Llama-3.3-70B-Instruct 48.14 11.443 66.24 29.53 6.22 24.32 79.15 3.75
Phi-4 44.50 11.566 67.83 30.29 6.32 25.40 82.79 3.85
Qwen2.5-32B-Instruct 48.61 10.623 69.40 35.80 6.38 29.95 84.30 3.98
Qwen2.5-7B-Instruct 45.94 11.706 66.45 30.90 4.88 25.01 82.58 3.95
Qwen3-30B-A3B-Instruct-2507 46.76 10.897 67.05 29.03 5.06 23.22 82.49 4.05
Llama3-OpenBioLLM-70B 37.68 12.131 44.34 8.95 0.11 6.93 70.43 2.10
Phi-3.5-Mini-Instruct 44.15 13.474 62.00 29.07 4.53 25.27 82.04 3.35
Llama-3.1-8B-Instruct 41.70 13.020 65.22 22.67 2.80 19.52 79.79 4.05
Meditron-7B 43.42 48.720 15.23 1.20 0.03 1.34 56.07 1.00

Table C1: Preliminary model selection: automatic evaluation metrics on 20 randomly sampled reports, rescaled to a 0–100 range
(except FKGL and LLM-Judge (1–5)). Arrows indicate whether higher (↑) or lower (↓) values are better. Best score per column
is bolded.
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Model/Setup Stage Role Prompt (abridged)

Baselines (GPT-5, Qwen2.5-32B)

All baselines System System You are a medical text summariser. Identify key info from a discharge summary and answer in
plain-English (1–2 sentences). No jargon.

GPT-5, Qwen (0-shot) QA User Question: {q}
Discharge summary: {ds}
Answer:

Qwen (1-shot) QA User Example: {exemplar}
Question: {q}
Discharge summary: {ds}
Answer:

LAMP-MedQA Pipeline (Qwen2.5-7B-Instruct + Phi-3.5-Mini)

Model A 1. Extract System Medical summariser: extract relevant info and produce a short (1–2 sentence) plain-English
answer.

Model A 1. Extract User Question: {q}
Discharge summary: {ds}
Answer:

Model A 1b. Retry User Prev answer: {a}, Feedback: {f}
Improve answer (1–2 sentences, plain-English).

Model B Feedback System Quality reviewer: provide actionable feedback on extraction errors.
Model B Feedback User Question, discharge summary, current answer, failed gate report → give 1–2 sentence feedback

(reference answer is not provided).

Model A 2. Simplify System Plain-language editor: rewrite in simple terms (1–2 sentences), no new info.
Model A 2. Simplify User Medical answer: {a} → Plain-English rewrite
Model A 2b. Retry User Prev simplification + feedback → improve (8th-grade level).

Model A 2t. Tool System Plain-language editor with glossary: replace jargon using definitions.
Model A 2t. Tool User Answer + glossary → rewrite using definitions.
Model A 2t. Retry User Prev output + glossary + feedback → improved rewrite.

Model B Readability FB System Readability reviewer: suggest how to lower FKGL.
Model B Readability FB User Text + FKGL score → give simplification feedback.

Table C2: Comparison of prompting strategies across baseline and LAMP-MedQA models. Prompts are abbreviated for space;
all enforce short (1–2 sentence), plain-English outputs without medical jargon.

Question What changes were made to my Clonazepam and Prozac during my hospital stay?

Reference We adjusted your medication by decreasing your Clonazepam to 0.5mg twice daily as needed, and
increasing your Prozac to 30mg daily.

GPT-5 Your clonazepam was cut down from 1 mg twice a day as needed to 0.5 mg once a day as needed.
Your Prozac (fluoxetine) was increased from 20 mg daily to 30 mg daily.

Qwen-32B
(zero-shot) During your hospital stay, your Clonazepam dose was reduced, and your Fluoxetine (Prozac) dose

was increased.

Qwen-32B
(one-shot) During your hospital stay, your Clonazepam dose was reduced to 0.5 mg daily as needed for anxiety,

and your Fluoxetine dose was increased to 30 mg daily.

LAMP-MedQA
(no tools) During your hospital stay, you were given less Clonazepam—only 0.5 mg twice a day when needed

for anxiety. Your Prozac dose was raised to 30 mg every day.
Extraction attempt 1: During your hospital stay, your Clonazepam dose was reduced to 0.5 mg twice daily as needed for anxiety,
and your Prozac (Fluoxetine) dose was increased to 30 mg daily.
Simplification attempt 1: During your hospital stay, you were given less Clonazepam—only 0.5 mg twice a day when needed for
anxiety. Your Prozac dose was raised to 30 mg every day.

LAMP-MedQA
(with tools) During your hospital stay, your doctor lowered the amount of Clonazepam you take to 0.5

milligrams twice a day when you feel anxious. They also raised the amount of Prozac (which is the
same as Fluoxetine) to 30 milligrams each day to help with your mood.
Extraction attempt 1: During your hospital stay, your Clonazepam dose was reduced to 0.5 mg twice daily as needed for anxiety,
and your Prozac (Fluoxetine) dose was increased to 30 mg daily.
Simplification attempt 1: During your hospital stay, your doctor lowered the amount of Clonazepam you take to 0.5 milligrams
twice a day when you feel anxious. They also raised the amount of Prozac (which is the same as Fluoxetine) to 30 milligrams
each day to help with your mood.

Table D1: Qualitative comparison: Example 1 (Index 30).

671



Question Which of my medications were stopped, and why were they discontinued?

Reference We discontinued your medications, including Ciprofloxacin, linezolid, and Voltaren. We stopped
Ciprofloxacin and linezolid because you no longer needed them, and we stopped Voltaren because it
could potentially harm your kidneys.

GPT-5 Ciprofloxacin and linezolid were stopped because you developed a new kidney problem, likely
triggered by ciprofloxacin. We also stopped your Voltaren (an anti-inflammatory pain pill) to avoid
further strain on your kidneys.

Qwen-32B
(zero-shot) The medications that were stopped are Linezolid and Ciprofloxacin because they may have caused

your kidney problems.

Qwen-32B
(one-shot) We stopped your Linezolid and Ciprofloxacin because they may have caused your kidney problems.

We also asked you to hold your NSAID, Voltaren, until your next kidney check.

LAMP-MedQA
(no tools) Your doctor stopped using Ciprofloxacin, linezolid, and Voltaren because you had kidney problems

that might be from an allergy. This was done to help protect your kidneys.
Extraction attempt 1: The medications linezolid and ciprofloxacin were stopped because you developed acute renal failure, likely
due to an allergic reaction to these antibiotics.
Extraction attempt 2: Ciprofloxacin and linezolid were stopped because you developed acute renal failure, possibly due to an
allergic reaction. Voltaren was also discontinued to avoid further kidney problems.
Extraction attempt 3: Ciprofloxacin and linezolid were stopped because you developed acute renal failure, likely due to an
allergic reaction. Voltaren was also discontinued to protect your kidneys.
Simplification attempt 1: Your doctor stopped using Ciprofloxacin, linezolid, and Voltaren because you had kidney problems that
might be from an allergy. This was done to help protect your kidneys.

LAMP-MedQA
(with tools) Your kidneys stopped working well because of an allergic reaction. To help them recover, we

stopped using ciprofloxacin, linezolid, and Voltaren.
Extraction attempt 1: The medications linezolid and ciprofloxacin were stopped because you developed acute renal failure, likely
due to an allergic reaction to these antibiotics.
Extraction attempt 2: Ciprofloxacin and linezolid were stopped because you developed acute renal failure, possibly due to an
allergic reaction. Voltaren was also discontinued to avoid further kidney problems.
Extraction attempt 3: Ciprofloxacin and linezolid were stopped because you developed acute renal failure, likely due to an
allergic reaction. Voltaren was also discontinued to protect your kidneys.
Simplification attempt 1: Your kidneys stopped working well because of an allergic reaction. To help them recover, we stopped
using ciprofloxacin, linezolid, and Voltaren.

Table D2: Qualitative comparison: Example 2 (Index 180).
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Question What did the doctors think was causing my symptoms, and what test results led them to think that?

Reference We initially suspected that you had a mini-stroke, and the blocked artery in your brain supported this
suspicion.

GPT-5 The team thought your confusion and the crash were mainly due to your long-standing memory
problems (dementia), possibly made worse by dehydration, not a new stroke, heart attack, or injury.
They felt this way because your brain scan showed shrinkage but no bleeding, your blood/urine/chest
tests showed no infection, your heart tests and pacemaker check showed no heart attack, and other
scans found chronic issues (severely blocked neck arteries and a weaker heart).

Qwen-32B
(zero-shot) The doctors thought your symptoms might be caused by cognitive issues like dementia, given your

memory problems and confusion. They also considered possible temporary loss of control due to
conditions like carotid stenosis or dehydration, but tests like the CT scan did not show any new brain
injuries or acute issues.

Qwen-32B
(one-shot) The doctors initially thought your symptoms might be related to a motor vehicle accident or possible

syncope due to conditions like carotid stenosis or heart issues. However, tests like the CT scan and
echo showed no acute injuries or significant cardiac problems, and your symptoms were attributed to
your baseline cognitive state due to dementia.

LAMP-MedQA
(no tools) Your symptoms might be from a mini-stroke because a blood vessel in your brain is blocked. This is

shown by a test that found your left carotid artery is completely blocked. Your high salt levels and
weak heart also played a part.
Extraction attempt 1: The doctors thought your symptoms might be due to cognitive issues, such as dementia, and possibly
carotid stenosis. Your test results showed high sodium levels (hypernatremia) and an echocardiogram indicating a moderately
depressed ejection fraction. These findings suggested you had cognitive deficits and heart problems that could explain why you
lost control of your car.
Extraction attempt 2: The doctors thought your symptoms might be due to a mini-stroke caused by a blocked artery in your brain.
This is supported by the carotid ultrasound showing a completely blocked left carotid artery. Your high sodium levels and
reduced heart pumping efficiency also contributed to your condition.
Simplification attempt 1: Your symptoms might be from a mini-stroke because a blood vessel in your brain is blocked. This is
shown by a test that found your left carotid artery is completely blocked. Your high salt levels and weak heart also played a part.

LAMP-MedQA
(with tools) The doctors think your symptoms might be from a mini-stroke caused by a blocked artery in your

brain. This is shown by a test called a carotid ultrasound, which revealed a completely blocked left
carotid artery. Your high salt levels and weak heart also played a role in your condition.
Extraction attempt 1: The doctors thought your symptoms might be due to cognitive issues, such as dementia, and possibly
carotid stenosis. Your test results showed high sodium levels (hypernatremia) and an echocardiogram indicating a moderately
depressed ejection fraction. These findings suggested you had cognitive deficits and heart problems that could explain why you
lost control of your car.
Extraction attempt 2: The doctors thought your symptoms might be due to a mini-stroke caused by a blocked artery in your brain.
This is supported by the carotid ultrasound showing a completely blocked left carotid artery. Your high sodium levels and
reduced heart pumping efficiency also contributed to your condition.
Simplification attempt 1: The doctors think your symptoms might be from a mini-stroke caused by a blocked artery in your brain.
This is shown by a test called a carotid ultrasound, which revealed a completely blocked left carotid artery. Your high salt levels
and weak heart also played a role in your condition.

Table D3: Qualitative comparison: Example 3 (Index 45).

673



Question What additional health issue did the doctors discover while I was in the hospital, and what follow-up
care do I need for it?

Reference We discovered a small cyst, about 2 centimeters in size, near your right ovary on the CT scan, and
we recommend that you have a follow-up pelvic ultrasound to further evaluate it.

GPT-5 They also found a small cyst near your right ovary; if you’ve gone through menopause, you should
have a follow-up ultrasound to check it. They noted a low blood count (anemia) as well, which needs
follow-up blood tests with your primary doctor.

Qwen-32B
(zero-shot) While you were in the hospital, doctors found a small cyst on your right ovary, which might need

further checking if you are past menopause. For now, the main issue was a skin infection, and you
need to take the prescribed antibiotics (Ciprofloxacin and Clindamycin) for 12 days to treat it.

Qwen-32B
(one-shot) While you were in the hospital, doctors discovered that you had a staphylococcal soft tissue abscess,

which required treatment with antibiotics. You will need to continue taking the prescribed antibiotics
(Ciprofloxacin and Clindamycin) for 12 days and follow up with your primary care provider for
further management of your diabetes and heart conditions.

LAMP-MedQA
(no tools) You have an infection called a staph abscess. You need to take two medicines, clindamycin and

ciprofloxacin, for 12 days. After that, see your doctor to check how you’re doing and get more
instructions.
Extraction attempt 1: The doctors discovered a staphylococcal soft tissue abscess during your stay. You need to continue taking
clindamycin and ciprofloxacin for 12 days as prescribed, and follow up with your doctor after completing the antibiotics.
Extraction attempt 2: During your hospital stay, doctors diagnosed a staphylococcal soft tissue abscess. You need to take
clindamycin and ciprofloxacin for 12 days as prescribed, and follow up with your doctor afterward.
Extraction attempt 3: During your hospital stay, doctors diagnosed a staphylococcal soft tissue abscess. You need to take
clindamycin and ciprofloxacin for 12 days and schedule a follow-up appointment with your doctor to check your recovery and
adjust your medications as needed.
Simplification attempt 1: You have an infection called a staph abscess. You need to take two medicines, clindamycin and
ciprofloxacin, for 12 days. After that, see your doctor to check how you’re doing and get more instructions.

LAMP-MedQA
(with tools) The doctors saw a small sac filled with fluid near your right ovary in the scan. They suggest you get

another scan to check it out.
Extraction attempt 1: The doctors discovered a staphylococcal soft tissue abscess during your stay. You will need to take
clindamycin and ciprofloxacin for 12 days to treat this infection.
Extraction attempt 2: The doctors found a small cyst near your right ovary on the CT scan. They recommend you get a follow-up
pelvic ultrasound to further assess it.
Simplification attempt 1: The doctors saw a small sac filled with fluid near your right ovary in the scan. They suggest you get
another scan to check it out.

Table D4: Qualitative comparison: Example 4 (Index 108). The patient question asks specifically about an additional finding and
its follow-up care. The no-tools pipeline locks onto the staphylococcal abscess (the primary diagnosis discussed in the discharge
summary) across all three retry attempts and never addresses the question; LLM-Judge scores it 1/5. The with-tools variant
rejects the first extraction at the relevance gate, and on retry the extractor surfaces the small ovarian cyst the question is actually
asking about, recommending the follow-up pelvic ultrasound that matches the reference; LLM-Judge scores it 5/5.
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