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Abstract

Scientific abstracts and lay summaries serve
distinct but critical roles in research com-
munication.  Abstracts use technical lan-
guage for academic audiences, while lay sum-
maries aim to make findings accessible to non-
specialists. With the rise of large language
models (LLMs), there is increasing interest in
automating the generation of both types of sum-
maries—especially in the biomedical domain,
where clarity and factual accuracy are essen-
tial. This study evaluates the performance of
lightweight LLMs (under 8B parameters) in
generating biomedical abstracts and lay sum-
maries in a zero-shot setting. We assess outputs
across three key dimensions: relevance, read-
ability, and factuality. Additionally, we intro-
duce a novel analysis of the sectional origin and
desirability of information—where desirability
reflects the utility of content from the reader’s
perspective. We further compare human and
LLM preferences using an objective ranking
task. Our results show that LLM-generated
summaries often contain comparable levels of
desirable information to gold-standard human
references. In several cases, LLM outputs are
preferred by human evaluators and occasionally
mistaken for human-authored text. These find-
ings demonstrate the potential of lightweight
LLMs for scalable, high-quality summariza-
tion and suggest their practical use in domains
requiring both technical and accessible commu-
nication.

The codebase for this study is publicly avail-
able on € GitHub: https://github.com/b
atuinmetz/Understanding-LLMs-summari
zation-capabilities.

1 Introduction

The exponential growth of biomedical literature
(Gonzélez-Marquez et al., 2024) has intensified the
need for effective summarization techniques to dis-
till complex research into accessible formats. Two
primary forms of summarization address distinct
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Figure 1: Language level difference between a sentence
taken from an abstract and a sentence taken from a lay
summary.

audiences: scientific abstracts, which offer con-
cise overviews of a study’s objectives, methods,
and findings for researchers, and lay summaries,
which translate technical content into plain lan-
guage for broader public understanding (see Fig-
ure 1). While abstracts are central to information
retrieval in academic databases, lay summaries sup-
port science communication in contexts such as pa-
tient education, public health, and policy-making.

Recent advances in natural language process-
ing (NLP), especially large language models
(LLMs), have enabled new approaches to biomedi-
cal summarization. Models like BioBART (Yuan
et al., 2022) and LED (Beltagy et al., 2020; Luo
et al., 2022) have demonstrated strong perfor-
mance in generating both technical and lay sum-
maries. In parallel, biomedical information extrac-
tion tasks—such as named entity recognition and
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entity linking (Kartchner et al., 2023; Al-Hussaini
et al., 2022; Kartchner et al., 2025; Bathala et al.,
2025)—have contributed to structuring and ground-
ing content. Still, summarization remains critical
for distilling essential information for interdisci-
plinary use and public communication.

More recently, studies have emphasized lay sum-
marization. For example, BioLaySumm (Goldsack
et al., 2024) shows that LLMs can produce lay
summaries approaching human quality. Domain
enrichment strategies, such as integrating biomed-
ical entity linking or external knowledge graphs
like SemNet 2.0 (Kirkpatrick et al., 2022), have
improved summary factuality and relevance (Gold-
sack et al., 2023). However, comparisons across
models remain difficult due to varying fine-tuning
approaches, datasets, and proprietary architectures.
Even recent work on zero-shot evaluation (Gold-
sack et al., 2025) is limited in scale and scope. No-
tably, no prior study has systematically analyzed
the sentence-level content or information desirabil-
ity in LLM-generated biomedical summaries.

With growing interest in deployable Al sys-
tems, it is essential to assess lightweight, resource-
efficient LLMs—especially given the prohibitive
cost of long-document inference with larger mod-
els in biomedical settings. To this end, our paper
makes the following contributions:

* We perform an unprecedented unified compar-
ative analysis of scientific and lay summaries
using the PLOS and eLife datasets (Goldsack
et al., 2022).

* We present an original baseline evaluation of
sub-8B parameter LLMs in a zero-shot setting
using standard summarization metrics.

* We perform a novel sentence-level lexical
analysis of LLM outputs across two input
lengths to quantify divergence from human
references.

* We perform a complete hybrid evaluation that
combines LLM-based and human-based judg-
ments to assess summary quality.

2 Related work

There is growing interest in  using
NLP—particularly large language models
(LLMs) (Raiaan et al., 2024)—to generate
summaries of scientific documents, with an
increasing focus on lay summarization. Goldsack

et al. (Goldsack et al., 2025) explored zero-shot
lay summarization using a two-stage prompting
strategy, achieving strong results with 70B+
parameter models. Their study demonstrated
the potential of prompt engineering to improve
clarity and even proposed using LLM-generated
preference panels as proxies for human evaluation.
However, their work was limited to the eLife
dataset, relied heavily on automated metrics,
and did not systematically compare lightweight
LLMs. Other studies have investigated methods
to improve the relevance and factual grounding
of lay summaries. Ming et al. (2025) showed
that prompting with MeSH terms enhances the
informativeness of biomedical lay summaries,
although their evaluation focused on expert
alignment rather than lay reader comprehension or
content desirability. Similarly, Pakull et al. (2024)
fine-tuned LLMs and applied dynamic expert
selection to optimize readability and factuality,
achieving strong results in the BioLaySumm
shared task. These shared task reports (Goldsack
et al., 2024) have advanced the field by emphasiz-
ing human-centric criteria—readability, accuracy,
and clarity—while documenting the growing
role of LLM-based systems. Recent work has
also focused on aligning scientific summarization
with diverse communicative goals and reader
personas. Fonseca and Cohen (Fonseca and Cohen,
2024) investigated whether LLM summarizers
can adapt to different scientific communication
objectives—such as writing for experts versus lay
audiences—and found that current models often
fail to consistently align content with the intended
communicative goal. Similarly, Mullick et al.
(Mullick et al., 2024) proposed persona-based
summarization for domain-specific documents,
showing that conditioning on reader profiles
(e.g., “expert,” ‘“novice,” or ‘“policy-maker”)
can significantly alter the level of technicality
and narrative framing in generated summaries.
Complementary to these efforts, Ragazzi et al.
(2024) introduced a differentiable perturbed
Top-k token selection mechanism that improves
factual grounding and coherence in scientific
document summarization, highlighting the value
of controllable token-level selection for abstractive
generation. Despite these advances, most prior
work has emphasized fine-tuned models and
leaderboard performance across automated metrics.
Few studies have conducted zero-shot evaluations,
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and even fewer have analyzed the sentence-level
content or assessed the performance of smaller
LLMs.

3 Methodology
3.1 Datasets

We utilize two biomedical datasets previously em-
ployed in lay summarization tasks to facilitate com-
parison across the literature.: eLife and PLOS.
In our study, we specifically explore two summa-
rization levels: the abstract and the lay summary,
reflecting different levels of technical complexity.
We adopt the original training, validation, and test
splits provided by the authors, and do not incor-
porate the mixed split configuration used in Bio-
LaySumm 2024. The summary length statistics are
given in Appendix(Table 9). Below, we provide a
brief overview of the two datasets:

* eLife: Contains 4,828 biomedical research ar-
ticles published in the eLife journal. Each ar-
ticle includes a scientific abstract and a corre-
sponding lay summary written by professional
science communicators. The dataset offers a
clear separation between technical and non-
technical summaries, making it well-suited
for evaluating lay-level generation.

* PLOS: Comprises 27,525 articles from PLOS
journals, each paired with an abstract and
an “Author Summary” section. The author-
written lay summaries aim to make scientific
content more accessible to a broader audience,
providing another perspective for evaluating
lay summarization models.

3.2 Maetrics

We adopt a comprehensive evaluation approach to
assess the performance of the selected small-scale
LLMs on the eLife and PLOS datasets. Follow-
ing common practices, we assess model outputs
based on three main criteria: relevance, readability,
and factuality. Each criterion is measured using
established automatic evaluation metrics:

¢ Relevance

— ROUGE Lin (2004): A set of metrics
that measure n-gram overlap between the
generated and reference texts. ROUGE-
1, ROUGE-2, and ROUGE-L are com-
monly used variants that assess content
similarity and coverage.

— BERTScore Zhang* et al. (2020): Cal-
culates semantic similarity between can-
didate and reference texts using con-
textual embeddings from a pre-trained
BERT model. Unlike ROUGE, it cap-
tures deeper semantic alignment beyond
surface-level word overlap.

* Readability

— Flesch Reading Ease (FRE): A clas-
sic readability measure that evaluates
how easy a text is to read based on sen-
tence length and syllable count. Higher
scores indicate simpler, more accessible
language, making it particularly useful
for assessing lay summaries intended for
non-expert audiences.

— Coleman-Liau Index (CLI): A read-
ability metric that estimates the U.S.
grade level needed to understand a piece
of text, based on the average number of
letters per word and the number of sen-
tences per 100 words.

— Dale-Chall Readability Score (DCRS):
Another readability formula that assesses
text difficulty based on a list of 3,000
familiar words. The score incorporates
both sentence length and the proportion
of difficult words, making it suitable for
evaluating clarity in generated content.

* Factuality

— BARTScore Yuan et al. (2021): Uses
a pre-trained BART model to score the
likelihood of the reference article and the
generated summary, capturing fluency
and factual alignment.

— AlignScore Zha et al. (2023): Measures
factual consistency through natural lan-
guage inference (NLI) by aligning each
sentence of the generated summary with
supporting evidence from the source text.
It leverages a RoBERTa-based model
fine-tuned on factuality datasets, offering
state-of-the-art performance and strong
correlation with human factuality judg-
ments.

3.3 Models

The families of LLMs utilized include:
e Llama 3 family (Grattafiori et al., 2024):

Llama 3.1-8B-Instruct and Llama 3.2-3B-
Instruct.
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Figure 2: Framework for LLM-based inference and evaluation: The user provides a prompt containing the full
article (without section names) for abstract or lay summary generation at a specified length. The generated summary
is analyzed by the LLM Analyzer, which either classifies each sentence or generates questions from the source
article/target summary and answers from the summary. Outputs from different models are then ranked by the LLM
Judge or human evaluators according to explicit instructions.

* Qwen 2 family (Qwen et al., 2025): Qwen
2.5-3B-Instruct and Qwen 3.2.5-7B-Instruct.
GPT4 family (OpenAl et al., 2024): We
include GPT40 to compare how well
lightweighted LLMs compare with signifi-
cantly bigger models. GPT4o will only be
used for inference on the eLife test set due to
cost constraints.

4 Results

We adopt the inference setup illustrated in Figure 2,
evaluating various small-scale LLMs under zero-
shot prompting on the eLife and PLOS test sets.
Two summarization tasks are examined: generating
long abstracts and short abstracts. Corresponding
results are shown in Table 1 and Table 2, addi-
tionally summary length statistics are given in Ap-
pendix (Table 8). During lay summary generation,
the full article (excluding section headers) is pro-
vided as input along with an instruction prompt (see
Appendix A.2), whereas the abstract is excluded
during abstract generation. This choice forces the
model to make a choice when picking information
from a single block corpora rather than picking
a certain number of information from each sec-
tion and it enables a better investigation of how
summary length affects relevance, readability, and
factuality.

4.1 Abstract generation

Relevance and Semantic Similarity- Across
both datasets, Llama and Qwen models typically
yield higher ROUGE scores, indicating stronger
lexical overlap with the gold abstracts. In contrast,
GPT-40 consistently attains higher BERTScore,
suggesting better semantic alignment despite less
overlap in exact phrasing. This pattern highlights a
trade-off between lexical similarity and conceptual
relevance.

Readability- The average FRE, CLI and DCRS
for generated abstracts are comparable to those ob-
served in the reference abstracts of the test sets.
Notably, abstract length appears to significantly in-
fluence readability metrics: when constrained to
generate shorter abstracts, models tend to use more
abstract or condensed vocabulary, which naturally
increases readability scores. This effect is more
pronounced in PLOS, where reference abstracts
are often longer than 150 words. In contrast, eLife
reference abstracts are already concise, leading to
closer length alignment and less deviation in read-
ability.

Factuality- Factuality, measured using Align-
Score, is slightly better for Llama models and GPT-
4o compared to Qwen models in the eLife dataset.
This aligns with expectations given their stronger
semantic understanding. Surprisingly, all gener-
ated summaries reach better factuality scores than
the reference summaries on both datasets. Addi-
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Rouge Metrics 1 BERTscore FRE 1 CLI| DCRS | BARTSscore | Alignscore 1
R-1 R-2 R-L

eLife Dataset
Llama-3.2-3B-Instruct ~ 41.29 + 0.88 1291 +£0.27  21.66 +0.24 85.57+0.35 25.60+0.45 16.72+0.06 10.86+0.27 —2.48+0.015 78.77+0.77
Llama-3.1-8B-Instruct  42.03 +£0.59 13.49+0.05 22.14+0.17 85.99 + 0.06 25.89 £0.12 16.61 £ 0.04 10.87 £ 0.05 —2.51+0.005 79.62+ 0.56
Qwen-2.5-3B-Instruct ~ 40.96 + 0.69 11.85 £ 0.09 20.64 +0.28 85.76 + 0.27 18.54 £ 0.18 18.77 £0.15 12.17£0.16 —2.83+£0.012 76.78 £ 0.43
Qwen-2.5-7B-Instruct  42.27 £0.39 12.72+0.20 21.36 +£0.41 85.97 +0.04 19.67 £0.19 18.69 £0.12 12.13+£0.10 —2.83+£0.009 76.71 +0.33
GPT40 41.54 12.65 21.03 86.27 18.23 18.86 11.73 —2.74 77.59
eLife abstracts — — — — 23.72 17.53 11.87 —3.50 63.42

PLOS Dataset
Llama-3.2-3B-Instruct 45.69 +£0.03 15.09+0.05 22.754+0.02 85.61+0.01 26.61+0.08 16.64+0.05 11.06+0.04 —2.39+0.004 80.91+0.11
Llama-3.1-8B-Instruct  45.10 £0.74 15.17+0.48 23.36+0.04 86.11+0.14 25.11+0.02 16.89 £ 0.17 11.20+£0.04 —1.82+0.009 86.80+0.06
Qwen-2.5-3B-Instruct ~ 42.79 +£1.17 13.41 £0.38 21.25 4+ 0.36 85.56 & 0.06 19.49 £ 0.09 18.58 £ 0.10 12.15+£0.12 —2.72 £ 0.005 79.92 +0.02
Qwen-2.5-7B-Instruct ~ 43.82 + 0.70 14.04 £ 0.39 21.93 +0.52 85.77 + 0.06 20.33 £0.18 18.57 £0.10 12.16 £+ 0.04 —2.66 + 0.004 79.65 + 0.07
PLOS abstracts — — — — 27.55 16.39 11.06 —-3.33 63.40

Table 1: Results for long abstracts generation on eLife/PLOS test sets (1:higher is better / |:lower is better).

Rouge Metrics 1 BERTSscore 1 FRE 1 CLI | DCRS | BARTSscore | Alignscore T
R-1 R-2 R-L
eLife Dataset
Llama-3.2-3B-Instruct 42.94+0.08 13.14+0.08 22.234+0.06 85.92+0.05 25.174+0.55 16.97+0.09 11.38+0.06 —2.47+0.017 78.70+0.37
Llama-3.1-8B-Instruct  42.914+0.64 13.74+0.13 22.57+0.33 86.12+0.09 26.03+024 16.624+0.04 11.20+£0.03 —2.53+£0.027  79.69 £ 0.40
Qwen-2.5-3B-Instruct ~ 40.20+0.20  11.35+0.09 20.68+0.13  85.99+0.04 19.54+£0.65 19.084+0.10 12.66+0.02 —2.86+0.008 78.83+0.10
Qwen-2.5-7B-Instruct ~ 41.354+0.27 12.22+0.14 21.48+0.13 86.24+0.05 20.56+0.32 18.90+0.06 12.63+0.02 —2.75+0.016 78.45+0.59
GPT4o 42.26 12.03 21.89 86.58 17.31 19.53 12.80 —2.64 79.72
eLife abstracts — — — — 23.72 17.53 11.87 —3.50 63.42
PLOS Dataset
Llama-3.2-3B-Instruct ~ 43.97 + 0.09 14.48 £0.10 22.36 +=0.03 85.554+0.02 26.224+0.11 16.80+0.02 11.46+0.01 —2.39 £ 0.005 81.84 +0.07
Llama-3.1-8B-Instruct 44.29 +0.40 14.62+0.41 23.04+0.03 86.05+0.13 25.74+0.11 16.82+0.12 11.32+0.26 -1.88+0.012 86.85+0.12
Qwen-2.5-3B-Instruct ~ 37.00£0.09  11.69+0.08 19.574+0.08 85.40+0.02 20.43+£0.05 18824+0.01 12.62+0.01 —2.71+£0.002 82.96 £ 0.01
Qwen-2.5-7B-Instruct ~ 38.344+0.08 12.61+0.08 20.46+0.06 85.65+0.02 21.27+£0.09 18.68+0.03 12.60+0.01 —2.60+0.005 82.64+0.21
PLOS abstracts - - - - 27.55 16.39 11.06 —3.33 63.40

Table 2: Results for short abstracts generation on eLife/PLOS test sets (1:higher is better / |:lower is better).

tionally, we observe a comparable range of values
across models between long and short abstracts.
This suggests that models can maintain a high fac-
tuality while shortening their text generation.

Effect of Length Constraints- Imposing stricter
length limits affects multiple metrics. Shorter ab-
stracts often achieve higher recall-oriented ROUGE
scores, possibly because models condense content
into essential points. However, this brevity may
occasionally compromise completeness or fluency
as some information are discarded or simplified
depending on the model’s summarization strategy.

4.2 Lay summary generation

We use a similar zero-shot setup for lay summa-
rization, generating long lay summaries and short
versions. Prompt details are provided in the Ap-
pendix A.2. Results are presented in Table 3 and
Table 4. Summary length statistics are given in
Table 7.

Relevance and Semantic Similarity- Lay sum-
mary generation proves more challenging, as re-
flected by lower ROUGE and BERTScore com-
pared to abstract generation. This is expected
given the need to both identify salient information

and simplify technical content. On eLife, GPT-
40 achieves the highest BERTScore, with Llama
and Qwen models closely trailing. Notably, Llama
3.1-8B surpasses GPT-40 in ROUGE for short lay
summaries. In PLOS, absolute ROUGE scores are
substantially lower than those for eLife, but perfor-
mance improves with shorter summaries, suggest-
ing a better alignment with reference length.

Readability- All models generate lay summaries
with improved readability relative to abstracts, con-
firming their ability to adapt to the simpler target
style. CLI and DCRS scores generally fall within
expected ranges whereas FRE scores are higher
than the references. eLife remains more challeng-
ing, with models struggling to reduce CLI scores
and increase FRE scores significantly. By contrast,
the PLOS dataset shows clearer improvements, sug-
gesting more effective simplification of technical
content.

Factuality- Factual consistency remains rela-
tively stable across models and summary lengths.
Similarly to abstracts, generated lay summaries
tend to be more factual than the reference lay sum-
maries, this tendency is more pronounced on the
eLife dataset. Interestingly, BARTScore and Align-
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Rouge Metrics 1 BERTscore FRE 1 CLI| DCRS | BARTSscore | Alignscore 1
R-1 R-2 R-L
eLife Dataset
Llama-3.2-3B-Instruct ~ 42.01 + 0.26 09.88 + 0.08 18.98 +£0.04 83.69 + 0.07 45.66 £+ 0.27 13.38+0.10  08.27+0.14 —2.52+0.007 58.11 +0.01
Llama-3.1-8B-Instruct  39.54 + 0.29 09.05 £+ 0.05 18.29 £0.12 83.22 4+ 0.03 40.10 £ 0.28 14.55+£0.03 08.19+0.02 —2.70 + 0.005 66.19 + 0.01
Qwen-2.5-3B-Instruct 39.77 £ 0.71 08.57 £ 0.12 17.07 £0.18 83.72+0.06 55.52+0.62 12.74+0.12 09.03+0.10 —3.16 £0.012 59.26 £+ 0.02
Qwen-2.5-7B-Instruct ~ 42.13 +0.14 09.65 + 0.10 17.88 £0.09 83.68+0.16  46.79 £ 0.06 14.13+£0.17  09.50 £+ 0.05 —3.18+£0.007 62.82+0.01
GPT40 46.08 11.76 19.18 84.86 40.57 14.80 09.48 —2.58 68.39
eLife Lay summaries - - - — 51.83 12.50 08.93 —3.28 43.42
PLOS Dataset
Llama-3.2-3B-Instruct  32.474+0.36  08.43+0.06 17.414+0.16 83.84+0.08 46.86+0.07 13.204+0.06 08.17+0.04 —2.46+0.003 61.65+0.05
Llama-3.1-8B-Instruct  32.154+0.27 09.08+0.05 17.524+0.09 83.77+0.23 41.72+0.14 14.324+0.04 08.29+0.02 —2.66+0.007 68.11 +0.35
Qwen-2.5-3B-Instruct 32.35+1.04 06.57 + 0.32 15.88 £ 0.40 83.68+0.26 56.03+0.49 12.49+0.33 08.84+0.22 —3.07 £ 0.004 62.21 +0.23
Qwen-2.5-7B-Instruct  36.00 +£1.30 08.66 +0.09 17.69+0.54 84.22+0.43 45.09+0.08 14.35+£0.04  09.75+0.16 —2.97+0.004 67.44+0.09
PLOS lay summaries — — — — 30.03 15.90 10.91 —2.94 65.48

Table 3: Results for long lay summaries generation on eLife/PLOS test sets (1:higher is better / |:lower is better).

Rouge Metrics 1 BERTSscore 1 FRE 1 CLI | DCRS | BARTSscore | Alignscore T
R-1 R-2 R-L

eLife Dataset
Llama-3.2-3B-Instruct  40.65+0.55  09.61 +£0.20 18.794+0.20 84.02+0.04 47.77+£0.58 13.12+0.12 09.02+0.17 -2.55+0.010 59.38 £ 0.01
Llama-3.1-8B-Instruct 41.30 +£0.14 09.80+0.05 19.03+0.05 83.87+0.04 40.10+£0.28 13.274+0.14 08.59+0.04 —2.59+0.017 62.26 £ 0.02
Qwen-2.5-3B-Instruct ~ 33.84 £0.28  07.31 £0.08 15.764+0.05 83.78+0.05 48.20+0.57 14.31+0.26 10.12+0.16 —3.01 £0.007  65.14 £ 0.01
Qwen-2.5-7B-Instruct ~ 35.28 +0.33  08.11 +£0.12 16.434+0.10 83.97+0.03 43.59+0.25 14.85+0.06 10.47+0.04 —2.90+0.008 68.95+0.02
GPT4o 36.89 08.56 17.33 84.78 41.43 15.10 10.51 —2.60 68.81
eLife Lay summaries - - - - 51.83 12.50 08.93 —3.28 43.42

PLOS Dataset
Llama-3.2-3B-Instruct  37.474+0.23 08.96 +£0.08 19.13+0.09 84.72+0.04 48.68+0.04 12.85+0.05 09.06+0.08 —2.51+0.012 64.33£0.52
Llama-3.1-8B-Instruct  35.924+0.04 09.03+0.04 18.73+0.03 84.26+0.01 46.88+£0.19 13.384+0.01 08.64+0.02 —2.58+0.003 66.64+0.02
Qwen-2.5-3B-Instruct ~ 35.524+0.06 07.79+0.04 17.434+0.02 84.85+0.02 49.234+0.09 14.044+0.02 10.02+£0.01 —2.85+0.003 70.06 £ 0.23
Qwen-2.5-7B-Instruct  37.66 +£0.05 08.73+0.02 18.514+0.04 85.07+0.01 44944036 15.03+0.14 10.43+0.03 —2.80+0.004 71.00=+0.04
PLOS lay summaries - — — — 30.03 15.90 10.91 —2.94 65.48

Table 4: Results for short lay summaries generation on eLife/PLOS test sets (1:higher is better / |:lower is better).

Score for lay summaries generated on the PLOS
dataset are markedly respectively lower and higher
than those for eLife, and a bit higher than the cor-
responding abstract generation scores. This may
suggest that, despite the simplification required, the
models are still able to preserve factual alignment
in this setting.

Effect of Length Constraints- As with abstract
generation, length constraints influence perfor-
mance across all metrics. Shorter lay summaries
often yield better ROUGE scores for PLOS and for
Llama models on eLife, possibly due to more con-
cise and focused content that aligns more closely
with the reference text. These findings underscore
the importance of prompt calibration and length
control in producing high-quality, user-aligned lay
summaries.

4.3 Lexical and Content Origin Analysis

While earlier sections focused on comparing gener-
ated summaries to gold references using automated
metrics, such evaluations often fail to capture why
certain information is included and how it aligns
with human preferences. To address this, we con-
duct two complementary analyses. First, we per-

form sentence origin classification, tracing each
summary sentence back to its corresponding sec-
tion in the source article (e.g., Introduction, Meth-
ods, Results, Discussion). Second, we implement
a QA-based content utility assessment, evaluating
whether the summary contains sufficient informa-
tion to answer key questions automatically gener-
ated from the original article.

Sentence type classification. Following the re-
sult analysis framework illustrated in Figure 2, we
employ Gemini 2.0 Flash as the LLM to perform
sentence-level classification. For this task, we
sample 20 articles each from the eLife and PLOS
datasets. For each article, we provide the LLM
with the full article (including section headers), fol-
lowed by the generated abstract and lay summary.
The LLM is prompted to assign each sentence from
the summary to the most appropriate section of the
article. To maintain strictness and interpretability,
we use hard labels. Each sentence is assigned to
only one section, without modeling potential over-
laps. To ensure labeling quality, we restrict the
analysis to a small, manually verifiable set. For this
study, we analyze summaries generated by GPT-40
for the eLife dataset and Llama 3.1 for the PLOS
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Figure 3: Sentence type distribution across sections for generated abstracts and lay summaries with GPT40 and

Llama 3.1-8B on the samples from eLife and PLOS.
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Figure 4: Answerable and unanswerable question frequencies for eLife and PLOS samples.

dataset, as these models consistently achieve higher
performance according to automated metrics across
both summary types. For comparison, we perform
the same analysis on the gold reference summaries.
The resulting sentence-type distributions are pre-
sented in Figure 3. The details of the prompt are
given in Appendix A.3.

Quantifying Content Desirability Beyond clas-
sifying sentence types, we quantified “desirable
information”—content providing useful insights
for readers. Using Gemini 2.0 Flash, we generated

question—answer pairs from full articles (with sec-
tion annotations) and prompted the LLM to answer
each question using only the generated summary
(see Appendix A.3). The proportion of answer-
able questions assessed how well summaries cap-
tured essential content (Figure 4). Additionally,
we generated questions from gold reference sum-
maries to see how many earlier summaries (GPT-
40, Llama 3.1-8B-Instruct) could answer, providing
a finer measure of content desirability (Appendix
Table 10).
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Results Discussion Sentence-type classification
reveals that both long and short summaries exhibit
similar distributions of content derived from the In-
troduction, Results, and Discussion sections. How-
ever, longer summaries are more likely to include
material from the Materials & Methods section,
suggesting that length facilitates greater inclusion
of methodological details. Compared to gold refer-
ences, LLM-generated summaries tend to contain
approximately twice as many Discussion-related
sentences and half as many from the Introduction,
while proportions for Results and Methods remain
relatively consistent. As shown in Figure 4, GPT-
40’s long summaries on the eLife dataset consis-
tently achieve a higher proportion of answerable
questions across all content types compared to
gold references, whereas short summaries perform
comparably. In contrast, for the PLOS dataset,
gold summaries outperform LLM-generated ones
in terms of answerability. These discrepancies may
stem from differences in article length and writing
style between the two sources. Notably, PLOS sum-
maries generated by LLMs frequently fail to ade-
quately answer questions related to Results & Meth-
ods. This underscores both the overlapping nature
of key content across sections and the broader find-
ing that, when considering both datasets together,
LLM-generated summaries can convey a compa-
rable amount of desirable information to that of
human-written references.

5 Human vs LLM as judges

To complement automatic metrics and content anal-
ysis, we perform a preference-based evaluation
of summary quality using both LLLM and human
judges in a restrained sample set containing 40 ar-
ticles (20 articles from eLife and 20 articles from
PLOS). This dual approach allows us to assess how
well the summaries meet key criteria of an ideal
abstract or lay summary.

5.1 LLM judge

We follow the evaluation protocol outlined in Fig-
ure 2. For each article in our sampled test set, we
compile a set of five abstracts generated by the
different LLMs included in our study. These candi-
date summaries are presented to Gemini 2.0 Flash,
which serves as judge. The judge is prompted to
rank the summaries from most to least preferred ac-
cording to objective criteria expected from an ideal
abstract or ideal lay summary (see Appendix A.4
for the detailed prompt with criteria). We first ex-

amine the absolute top-ranked summaries chosen
by the LLM for each article. Then, we compute
summary-level statistics to determine which mod-
els consistently produce higher-ranked summaries.
Table 5 shows the number of times a summary
generated by each LLM was selected as the top
choice, compared to the gold target summaries.
Additionally, we asked the LLM judge to classify
the summaries for each article as human-generated
or LLM-generated. We show the result obtained
for reference summaries and generated summaries
in Table 6.

Summary Type Judge LLM Top Choice Gold Top Choice

Abstract LLM Judge 0.65 0.35
Human Judges 0.85 0.15

Lay Summar LLM Judge 0.73 0.27
Y Y Human Judges 0.83 0.17

Table 5: Top 1 ranked summaries by LLM and human
judges across both summary types.

Summary Type Judge
LLM Judge

Summary Source LLM-Generated Human-Written

Reference 0.10 0.90

Abstract LLM Judge LLM-Generated 0.57 0.43
Human Judge Reference 0.05 0.95
Human Judge LLM-Generated 0.19 0.81
LLM Judge Reference 0.20 0.80
Lay Summary LLM Judge LLM-Generated 0.57 0.43
Human Judge Reference 0.05 0.95
Human Judge LLM-Generated 0.44 0.56

Table 6: Classification of summaries as LLM-generated
or human-written by LLM and human judges across
both summary types and sources.

5.2 Human judges

We used the same sampled test set for both hu-
man and LL.M-based evaluations to enable a di-
rect comparison. A cohort of 80 undergraduate
volunteers ranked both the abstracts and lay sum-
maries using the same instructions and criteria as
the LLM Judge. Rankings were aggregated at the
document level to compute summary-level statis-
tics across the full sample. Table 5 presents re-
sults for the top-1 ranked summaries, while Ta-
ble 6 shows results for distinguishing human- and
LLM-generated summaries. More explicit ranking
frequencies per model generated summaries and
rating settings are given in Appendix A.6, A.1.

5.3 Judges results

Overall, human and LLM judges tended to con-
verge on the same top-ranked summary, regard-
less of summary type. A similar trend was ob-
served in the classification task: the LLM judge
correctly identified many human-written reference
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summaries but showed limited accuracy in distin-
guishing between LLM- and human-generated con-
tent for the remaining examples. This mirrors the
difficulty human evaluators faced in reliably identi-
fying LLM-generated lay summaries, suggesting a
growing overlap in quality and style.

6 Conclusion

Lightweight LL.Ms demonstrates significant capa-
bilities for zero-shot biomedical summary genera-
tion with automated evaluation metrics. Our stud-
ies further indicates that summaries from GPT4o0
and Llama 3.1-8B contain by default more informa-
tion extracted from Results, Discussion and Intro-
duction with a lesser extend Materials & Methods
related content. The ability to answer specific ques-
tions requiring more granular information from the
article as frequently as gold reference summaries
highlights that the core objective of both types of
summaries is reached. Further LLM and human
based rankings indicates that LLM generated sum-
maries can often be objectively preferred and be
confused with human written summaries.

Limitations

This study has several limitations. First, we used a
fixed base prompt for summary generation, which
may have constrained the diversity and quality of
outputs. More tailored or adaptive prompting strate-
gies could potentially improve results and warrant
future investigation. Second, the inherent variabil-
ity of LLM outputs poses challenges for consistent
evaluation, particularly in the absence of sampling
or decoding controls. Additionally, we did not ac-
count for potential data contamination in the mod-
els. Our analysis is further limited by sample size:
due to resource and time constraints, only a subset
of summaries was selected for detailed lexical anal-
ysis and evaluation by both human and LLM judges.
Finally, we focused on a small set of lightweight
pretrained LLMs in a zero-shot setting. While this
setup reflects realistic deployment scenarios, such
models may be less capable of producing highly ab-
stracted or lay-accessible summaries due to limited
domain-specific knowledge. In-context learning ap-
proaches or biomedical fine-tuned models, which
may improve domain-specific summarization per-
formance, were not explored and remain avenues
for future work.
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A Appendix

A.1 Experimental setup

To ensure the reproducibility of our results, we
describe in this section the experimental conditions
adopted at all stages of our study.

* Inference: All inferences for abstract and lay
summary generation with lightweight models
were conducted on a single Nvidia A40 GPU.
We used the open-source Hugging Face Trans-
formers library to facilitate inference. Each
model was run five times on the eLife test
set and four times on the PLOS test set, with
variances calculated for all metrics. ROUGE
scores and BERTScore were computed using
the Hugging Face Evaluation library to ensure
consistency. For FRE, CLI and DCRS, we
used the texstat library, and for BARTScore
and AlignScore, we relied on the authors’ orig-
inal implementation available on GitHub with
’facebook/bart-large-cnn’ pretrained weights
for BARTScore and ’AlignScore-large’ for
AlignScore. For abstracts, we consider read-
ability scores closest to the target values as
top scores, since the goal is not necessarily
to maximize technicality. In contrast, for
lay summaries, we define top scores as those
achieving the highest FRE and the lowest
CLI and DCRS, reflecting the aim to produce
more accessible, lay-oriented text. Inference
with GPT-40 was performed via the OpenAl
Python API on a single run, which requires
an API key. All models were run with the
following parameters: temperature = 1, top p
=1.

Result analysis and ranking evaluation: We
selected Google’s Gemini 2.0 Flash as both
the LLM Analyzer and LLM Judge. Due to
the limited size of our sampled test set, we
used the web interface directly.

* Human evaluators: We recruited a cohort
of 80 undergraduate volunteers with a back-
ground in biomedical sciences to rank both
abstracts and lay summaries, using the same
instructions and criteria provided to the LLM
Judge (Figure 12 and Figure 13). Each human
judge received the same sample of 40 docu-
ments (20 from eLife and 20 from PLOS) and
was tasked with ranking five abstracts and five
lay summaries for each document according

to the specified criteria. Judges had a time
window of three days to complete the task and
were free to work at their own pace.

A.2 Prompt setup for LLM Generator

We used different prompts depending on the task.
Figure 7 shows an example prompt provided to
the LLM Generator for long abstract generation.
Similarly, Figure 8 shows the prompt used for gen-
erating a short lay summary. The prompts are struc-
turally similar across short and long formats, dif-
fering only in the required output length.

A.3 Prompt setup for LLM Analyzer

We employed a multi-turn prompting strategy: first,
we presented the article with section headers, fol-
lowed by the task instructions and the summary
to analyze. We used two prompts with the LLM
Analyzer—one for sentence type classification and
another for the question answering setup. Figure 9
shows an example of the sentence classification
task, while Figure 10 illustrates the QA task.

A.4 Prompt setup for LLM Judge

We used a similar multi-turn prompting strategy
for the LLM Judge. In this case, the model was
presented with five summary candidates and two
evaluation instructions. The specific criteria used
to rank abstracts and lay summaries are shown in
Figure 12 and Figure 13, respectively.

A.5 Additional tables for generated
summaries and targets

During inference, we generate two summary
lengths for both lay summaries and abstracts. A
long lay summary is limited to approximately 500
words, while a short lay summary is limited to 200
words. Similarly, a long abstract is capped at 300
words, and a short abstract at 150 words. These
length choices are motivated by the average sum-
mary lengths observed in the target test sets (eLife
and PLOS), as detailed in Table 9.

Model eLife

Short / Long

265.45/399.93
317.97/465.16
179.70/278.48
187.28/322.27

PLOS
Short / Long

228.89/415.53
299.63/416.38
176.78/280.52
189.16,/278.83

Llama-3.2-3B-Instruct
Llama-3.1-8B-Instruct
Qwen 25-3B-Instruct
Qwen 25-7B-Instruct

Table 7: Average number of words in generated lay
summaries.
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Model eLife PLOS
Short / Long Short / Long

Llama-3.2-3B-Instruct  176.14/210.21 162.39/205.99
Llama-3.1-8B-Instruct  179.55/224.57 156.37/199.08
Qwen 25-3B-Instruct ~ 119.94/173.22 116.23/165.90
Qwen 25-7B-Instruct ~ 117.38/199.08 117.92/180.68

Table 8: Average number of words in generated ab-
stracts.

Dataset Lay Summary (avg + std) Abstract (avg + std)

eLife 383.09 £ 66.04 166.28 = 21.03
PLOS 194.70 £ 38.48 269.32 £ 67.91

Table 9: Average and standard deviation of reference
summary lengths (in words) across eLife and PLOS test
sets for lay summaries and abstracts.

Dataset Avg. questions  Summary type Correct frequency

Long lay summary 0.80
9.8
. Short lay summary 0.68
eLife
3.9 Long abstract 0.75
: Short abstract 0.60
Long lay summary 0.70
8.4
Short lay summary 0.58
Plos
104 Long abstract 0.49
: Short abstract 0.46

Table 10: Question answering statistics for questions
generated from the reference summaries in each subset
of PLOS and eLife.

A.6 Additional figure for human evaluation

This section provides supplemental visualizations
from the human evaluation phase. Figure 5 il-
lustrates the explicit ranking distribution for sum-
maries generated by the base models, offering a
granular view of how often each model was pre-
ferred relative to others. Additionally, Figure 6
details the rater classification distribution. These
distributions further elucidate the comparative per-
formance and perceived quality of the summaries
beyond aggregate mean scores.
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A.7 Pilot study on domain-specific lightweight
models

To evaluate the performance of general-purpose
LLMs against domain-specific counterparts, we
extended our evaluation of lay and abstractive
summary generation to three specialized biomed-
ical models: MedGemma-4B-it (Sellergren et al.,
2026), MedReason-8B (Wu et al., 2025), and
HuatuoGPT-01-7B (Chen et al., 2024).

Notably, MedReason-8B and HuatuoGPT-01-7B
are specialized medical reasoning models that gen-
erate an internal reasoning trace prior to producing
a final response. For these models, we extracted
only the final generated answer for evaluation, dis-
carding the preceding reasoning steps to ensure a
fair comparison with the non-reasoning base mod-
els. We employed the same experimental configu-
rations as the primary study, specifically targeting
long lay summaries (approx. 500 words) and long
abstracts (approx. 300 words). Inference was con-
ducted using the vLLM library (Kwon et al., 2023)
with a temperature of 0 and a maximum generation
length of 2048 tokens. All experiments were per-
formed in a single pass on an NVIDIA A40 GPU.
Results are detailed in Tables 11 and 12.

Key Findings Overall, domain-specific models
did not yield higher relevance scores than the
base models used in our main study. However,
they surprisingly achieved readability scores (CLI,
DCRS, and FRE) closer to the reference summaries,
whereas base models exhibited a broader variance
in these metrics. Additionally, specialized models
demonstrated high factual alignment—as measured
by BARTScore and AlignScore—comparable to
the average performance of general-domain models.
These results suggest that while domain tuning may
not significantly boost raw relevance, it may offer
better calibration toward human-like readability.
Further qualitative content analysis or human eval-
uation is warranted to fully discern the nuances be-
tween specialized and general-domain summaries
and to determine user preference.

11409



Rouge Metrics 1 BERTscoret FRE1 CLI| DCRS| BARTscore | Alignscore
R-1 R-2 R-L

eLife Dataset
MedGemma-4B-it 40.90 09.18 18.07 83.45 44.18  14.19 09.16 —2.89 67.26
HuatuoGPT-01-7B 37.71 08.49 17.17 84.24 35.03 15.84 10.62 —2.59 68.90
MedReason-8B 31.09 07.04 15.62 83.51 33.42  15.92 10.59 —2.27 75.84
eLife Lay summaries - — — — 51.83  12.50 08.93 —3.28 43.42
PLOS Dataset
MedGemma-4B-it 37.18 10.01 18.76 84.19 41.87  14.66 09.44 —2.75 73.08
HuatuoGPT-01-7B 40.60 10.68 20.04 85.72 35.51 15.65 10.61 —2.47 73.57
MedReason-8B 36.53 09.93 19.16 84.87 34.90 15.67 10.01 —2.38 76.26
PLOS lay summaries - — — — 30.03  15.90 10.91 —2.94 65.48

Table 11: Results for long lay summaries generation on eLife/PLOS test sets with domain specific models (1:higher
is better / | :lower is better).

Rouge Metrics 1 BERTscoret FRE{ CLI| DCRS| BARTscore| Alignscore T
R-1 R-2 R-L

eLife Dataset
MedGemma-4B-it 37.75 11.54 19.69 85.36 28.68 16.92 11.13 —2.38 81.60
HuatuoGPT-01-7B  40.26 10.75 20.25 85.87 26.03 17.23 11.65 —2.59 70.93
MedReason-8B 34.05 10.07 18.43 85.04 29.90 16.38 11.53 —2.37 81.86
eLife abstracts — — — — 23.72 17.53 11.87 —-3.50 63.42
PLOS Dataset
MedGemma-4B-it 40.53 13.34 20.94 85.37 27.92 17.03 11.32 —2.38 83.25
HuatuoGPT-01-7B 40.45 11.37 19.98 85.32 26.01 17.20 11.62 —2.51 75.55
MedReason-8B 35.00 11.30 18.23 84.45 28.60 16.32 11.29 —2.25 83.93
PLOS abstracts — — — — 27.55 16.39 11.06 -3.33 63.40

Table 12: Results for long abstracts generation on eLife/PLOS test sets with domain specific models (1:higher is
better / | :lower is better).
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User prompt :

"You are a skilled physician able to understand biomedical documents and
write their Abstract.An abstract provides an overview of the study's key
aspects. It typically includes: Background, Objective, Methods, Results, and
Conclusions. Don't mention those sections in your abstract. The abstract
should be less than 300 words."

"Provide an Abstract for the following article: \nMost movements are
comprised of sequences . From the complex routines that gymnasts perform
to intricate dance numbers to simply reaching for an object, our movements
are comprised of sequences of movements that are learned through practice
. The cerebellum has been long implicated in learning and execution of
accurate movements ( Doyon et al ., 1997; Shin and Ivry, 2003; Lehéricy et al
., 2005; Krupa et al ., 1993; Lisberger , 1994; Diener and Dichgans, 1992).
Movement sequences as well as multi-joint movements are particularly
sensitive to cerebellar dysfunction ( Shin and Ivry , 2003; Diener and
Dichgans, 1992; Doyon et al ., 2002) ....."

LLM Generator output:

"The cerebellum plays a crucial role in the learning and execution of
movement sequences. While previous studies have focused on single-
component movements, this study investigates the cerebellar mechanisms
underlying the learning of movement sequences. The researchers used a
simple elaboration of cerebellar mechanisms that mediate single-component
movements to explain cerebellar learning and implementation of movement
sequences. They tested the hypothesis that a feedback signal (FS) from one
movement component can serve as a cue for the next component in the
sequence. Using electrical stimulation of mossy fibers as a cue..."

Figure 7: Prompt example for an eLife article in an abstract generation case followed by the LLM Generator output.
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User prompt :

"You are a skilled physician able to understand biomedical documents and
write their Lay summary. A Lay summary is a brief summary of a research
article that is written in a way that a non-expert will understand. It should be
written in plain English and be easy to read. The lay summary should be less
than 200 words."

"Provide a Lay summary of the article:

Seasonal epidemics of influenza virus result in $\approx 36000% deaths
annually in the United States . Current vaccines against influenza virus elicit
an antibody response specific for the envelope glycoproteins. However , high
mutation rates result in the emergence of new viral serotypes , which elude
neutralization by preexisting antibodies ...."

LLM Generator output:

"Every year, the flu virus causes about 36,000 deaths in the United States.
Current flu vaccines work by creating antibodies that specifically target the
flu virus\'s outer proteins. However, the flu virus is constantly changing,
making it difficult for vaccines to keep up. Researchers have been searching
for a "universal" flu vaccine that can protect against multiple flu
strains.\n\nIn this study, scientists tested a new approach to creating a
universal flu vaccine. They found that a combination of two immune
responses - one from a specific type of white blood cell called a CD8+ T cell
and another from non-neutralizing antibodies - can provide complete
protection against the flu virus.\n\nThe CD8+ T cells recognize internal
proteins of the flu virus, while the non-neutralizing antibodies target the
virus\'s outer protein...."

Figure 8: Prompt example for an eLife article in a lay summary generation case followed by the LLM Generator
output.
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User prompt :

"Here is an article from PLOS dataset:

Introduction

The gastrointestinal tract hosts a huge number of bacteria species . In mice,
these bacteria play a major role in shaping local and systemic immune
responses , notably by the induction of different effector and regulatory T
cell subsets , whose adequate balance is required for the maintenance of gut
homeostasis [1] . It may be postulated that this balance relies on the
microbiota composition , as suggested by the observation that dysbiosis are
frequent in chronic immune disorders , especially Inflammatory Bowel
Disease (IBD) [2]-[4] ...."

User prompt :

"Here is an abstract generated by Llama 3.1-8B-Instruct. For each sentence
in the abstract, I want you to tell me from which section of the article it is
taken from, only give the section that fits the best:

A novel subset of T cells, referred to as double-positive CD4CD8aa (DP8a) T
cells, was identified in the human colonic lamina propria and blood. These
cells lack the transcription factor Foxp3 but share many regulatory functions
with Foxp3 Treg, including the secretion of IL-10 and the inhibition of CD4 T
cell proliferation and dendritic cell maturation. Importantly, a significant
fraction of DP8a T cells specifically recognize F...."

LLM Generator output:
"Here is the breakdown of each sentence in the generated abstract,
indicating the section of the article it most likely originates from:

"A novel subset of T cells, referred to as double-positive CD4CD8aa (DP8a) T
cells, was identified in the human colonic lamina propria and

blood." - Introduction (This sentence introduces the key finding of the study
and the location of these cells, which is a primary focus of the introduction.)

"These cells lack the transcription factor Foxp3 but share many regulatory
functions with Foxp3 Treg, including the secretion of IL-10 and the inhibition
of CD4 T cell proliferation and dendritic cell maturation." - Results(These
functional characteristics and the lack of Foxp3 are key findings presented in
the "Results" section, particularly in figures 2 and 3.) ...."

Figure 9: Prompt example for a PLOS article in a sentence type classification task.
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User prompt :

""Here is an article from PLOS dataset:

Introduction

The gastrointestinal tract hosts a huge number of bacteria species . In mice,
these bacteria play a major role in shaping local and systemic immune
responses , notably by the induction of different effector and regulatory T
cell subsets, whose adequate balance is required for the maintenance of gut
homeostasis [1] . It may be postulated that this balance relies on the
microbiota composition, as suggested by the observation that dysbiosis are
frequent in chronicimmune disorders , especially Inflammatory Bowel
Disease (1BD) [2]-[4] ...."

User prompt :

"Now that you have the full Plos article with section Headings, generate
relevant questions from the original article. Ask general questions and
section specific questions."

LLM Generator output:

" General Questions:

What is the primary focus of this research article?

What were the main findings of this study regarding DP8a T cells?

Section-Specific Questions:

Introduction:

According to the introduction, what is the established role of gut bacteria in
mice regarding immune responses?

What knowledge gap regarding microbiota-induced regulatory T cells in
humans does the introduction highlight?..."

User prompt:

"Take the questions you generated. Now, based on the informations
provided ONLY AND ONLY by the following long abstract generated by Llama
3.1-8B-Instruct, try to answer as much previous questions as possible. If you
cannot simply say that you cannot.”

LLM Generator output:

"What is the primary focus of this research article? The primary focus is on a
newly identified subset of T cells, DP8a T cells, and their potential role in the
context of gut microbiota, inflammation, and Inflammatory Bowel Disease
(IBD).

What were the main findings of this study regarding DP8a T cells? The main
findings are the identification of DP8a T cells that lack Foxp3 but share
regulatory features with Foxp3 Treg (IL-10 secretion, inhibition of CD4 T cell
proliferation and dendritic cell maturation), their specific recognition of £
prausnitzii, and their reduced frequency in IBD patients...."

Figure 10: Prompt example for a PLOS article in a question answering task.

11414




User prompt :

"Here is an article from PLOS dataset:

Introduction

The gastrointestinal tract hosts a huge number of bacteria species . In mice,
these bacteria play a major role in shaping local and systemic immune
responses , notably by the induction of different effector and regulatory T
cell subsets , whose adequate balance is required for the maintenance of gut
homeostasis [1] . It may be postulated that this balance relies on the
microbiota composition , as suggested by the observation that dysbiosis are
frequent in chronic immune disorders, especially Inflammatory Bowel
Disease ( IBD ) [2]-[4] ...."

User prompt :

"Objective:

You will be presented with 5 scientific abstracts. Your task is to rank them
from 1st (best) to 5th (worst) based on how well they communicate the core
elements of a scientific study.

Additionally, try to guess which ones were generated by an LLM.

We consider the following definition for an abstract:

“A biomedical abstract is a concise, self-contained summary of a scientific
study that clearly communicates the study's background, objective,
methods, main results, and conclusions, with a focus on clinical, biological,
or translational significance. It should allow readers (clinicians, researchers,
or policymakers) to quickly understand the study's purpose, how it was
conducted, and why it matters.

User prompt :
"Abstract 1

Abstract 2
Abstract 5"

LLM Generator output:

"Ranking:

Abstract 1

Abstract 4

Abstract 3

Abstract 5

Abstract 2

Reasoning and LLM Guesses:

Abstract 1: This abstract is very well-structured. It clearly lays out the
background (gut microbiota, IBD), the problem (unknown mechanisms,
human Treg), the method (identification of DP8a T cells), key results (lack
Foxp3, regulatory functions, F. prausnitzii induction, reduction in IBD), and
the conclusion/contribution (novel Treg, potential for IBD control,
diagnostic/therapeutic strategies). It's clear, concise, and informative. I
suspect this might be human-written.

Abstract 1...."

Figure 11: Prompt example for a PLOS article presented with 5 abstracts in a LLM Judge setup.
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Ideal abstract instructions :

Objective:

You will be presented with 5 scientific abstracts. Your task is to rank them
from 1st (best) to 5th (worst) based on how well they communicate the core
elements of a scientific study.

Additionally, try to guess which ones were generated by an LLM.

We consider the following definition for an abstract:

“A biomedical abstract is a concise, self-contained summary of a scientific
study that clearly communicates the study's background, objective,
methods, main results, and conclusions, with a focus on clinical, biological,
or translational significance. It should allow readers (clinicians, researchers,
or policymakers) to quickly understand the study's purpose, how it was
conducted, and why it matters.”

Please base your ranking on the following five criteria:

Clarity and Readability

Is the abstract written clearly and concisely ?

Is the language understandable with some domain knowledge (specific
jargon)?

Motivation and Problem Definition

Does the abstract clearly state what problem is being addressed and why it
matters ?

Methods Description

Is the approach or method briefly but adequately described ?

Do you understand what was done to solve the problem ?

Key Results and Findings

Are the results presented in a way that is informative and meaningful ?
Are quantitative outcomes (if applicable) mentioned ?

Conclusion and Contribution

Does the abstract clearly state the conclusion and/or impact of the study ?
Is the contribution to the field evident ?

Figure 12: Criteria used to rank abstracts with an LLM judge and human judges.
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Ideal lay summary instructions :

Objective:

You will be presented with 5 scientific lay summaries. Your task is to rank
them from 1st (best) to 5th (worst) based on how well they communicate the
core elements of a scientific study.

Additionally, try to guess which ones were generated by an LLM.

We consider the following definition for a lay summary:

“A biomedical lay summary is a brief, accessible explanation of a scientific
study written for a non-specialist audience. It translates complex biomedical
research findings into plain language that can be understood by patients,
caregivers, policymakers, or the general public — without sacrificing the core
message or significance of the work.”

example:

Scientific Abstract:

“We performed a double-blind, placebo-controlled trial of a novel IL-6
inhibitor in 178 RA patients, measuring changes in DAS28 scores over 12
weeks...”

Lay Summary:

“We tested a new drug to reduce joint pain and swelling in people with
rheumatoid arthritis. The study showed that the drug worked better than a
placebo and helped patients feel better after three months..."

Please base your ranking on the following five criteria:

Clarity and Simplicity of Language

Is the summary written in plain, understandable language ?

Are technical terms avoided or clearly explained ?

Explanation of the Problem / Context

Does the summary clearly state the health or scientific issue being
addressed ?

Is it easy to understand why this research matters ?

Description of What Was Done

Is it clear what kind of research was conducted ?

Is the study design or approach described in simple terms ?
Communication of Key Findings

Are the main results explained in a way that a layperson can understand ?
Are the findings accurate, without exaggeration ?

Relevance and Impact

Does the summary explain the potential real-world implications (e.g., for
patients, policy, or future research) ?

Does it feel relevant or important to everyday life ?

Figure 13: Criteria used to rank lay summaries with an LLM judge and human judges.
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