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Abstract. The growing public demand for accessible biomedical infor-
mation calls for scalable text simplification. While large language models
(LLMs) offer solutions, they too struggle with balancing improved read-
ability against preservation of meaning. This report empirically com-
pares how two LLMs - instruction-tuned Mistral-Small 3 24B and the
reasoning-augmented Qwen 2.5 32B - navigate this trade-off in biomed-
ical text simplification, benchmarked against human performance. Our
analysis highlights how each model applies distinct operational strate-
gies when simplifying biomedical text. Mistral exhibits a tempered lexi-
cal simplification approach that consistently enhances readability across
multiple metrics while preserving discourse fidelity (BERTScore: 0.91,
statistically comparable to that of humans). In comparison, QWen also
attains enhanced readability performance and a reasonable BERTScore
of 0.89, but presents a disconnect in balancing between readability and
accuracy. Additionally, a comprehensive correlation analysis of a suite
of 21 metrics confirms strong functional redundancies in metrics and
informs adaptation requirements.

Keywords: Text simplification · Large language models · Readability-
accuracy trade-off · Health accessibility.

1 Introduction

Access to understandable health information is fundamental to informed decision-
making and public health [29,25]. Yet, patient-facing materials frequently ex-
ceed the recommended reading levels [29,22,25], and the digital proliferation of
biomedical content poses significant risks, including misinformation, oversimpli-
fication, and lack of necessary clinical context [30,11]. Reliable automated text
simplification offers a scalable solution to render complex clinical and scientific
texts into plain language at scale, bridging the gap between expert knowledge
and public understanding.
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Using biomedical abstracts, which are inherently compressed summaries with
concentrated technical jargon, complex sentence structures, and high informa-
tional density, this study isolates and comprehensively investigates the readability-
accuracy trade-off of two medium-sized general-purpose LLMs that are a prac-
tical sweet-spot for research and practice. We comparatively investigate the
instruction-tuned Mistral-Small 3 24B [32] and the reasoning-augmented Qwen
2.5 32B [39] under two temperature configurations each, and benchmark their
performance against that of human experts. Specific contributions include

– Empirical assessment with only prompting, updating practical baselines and
reiterating lexical control as focal for domain adaptation.

– Identification of superior performance by the instruction-tuned Mistral model,
which attains higher readability with discourse fidelity that is comparable
to human experts, and is robust to temperature adjustment.

– A rigorous assessment of the associations within and across readability and
accuracy metrics, revealing how the readability-accuracy tension presents.

2 Related Works

Large language models (LLMs), trained on vast and varied corpora, possess in-
herent linguistic capabilities that may extend to text simplification out of the
box. Text simplification entails reducing specialized vocabulary and complex sen-
tence structures while strictly maintaining semantic equivalence between source
and output text [38]. It is distinct from lay summarization, which introduces an
additional content distillation step that requires balancing semantic equivalence
with conciseness [14].

2.1 Readability and accuracy tension

Empirical evidence consistently demonstrates a persistent and critical perfor-
mance trade-off between readability gains and content accuracy, with solutions,
including LLM-based methods, often achieving high readability at the cost of fac-
tual inaccuracies, semantic drift, and undesirable omissions [21,23,37,2]. Some
studies emphasize that domain adaptation for biomedical text is necessary dur-
ing simplification since LLMs do not reason over biomedical semantics to ap-
propriately translate lexical and syntactic changes [35,20]. Domain adaptation
strategies for text simplification, however, report conflicting results, and some fail
to outperform their general-purpose counterparts [10,27,5,40,31,3,23,17,36,3]. As
for general-purpose LLMs, large architectural models such as GPT-4 and Llama3
70B exhibit superior performance or minimal numerical differences from domain-
adapted alternatives, while small models underperform considerably [10,9,6].

As LLMs become integrated into everyday information-seeking practices, it is
increasingly important to understand their capacity to consistently navigate the
tension between maximizing content readability and ensuring discourse fidelity
and safety without fine-tuning or technical adaptations typically inaccessible
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to lay users. Moreover, rigorous assessment of automated text simplification
requires consideration of both readability and preservation of semantic fidelity.
While evidence establishes various readability formulas and cautions against
traditional accuracy metrics [38,2,17], a comprehensive view of the associations
within and between these two functional groups of metrics needs clarification.

2.2 Metrics employed

Readability and coherence metrics. This functional group of metrics comprises
of established readability formulas that quantify lexical and syntactic complex-
ity, differing primarily in their treatment of word difficulty. The metrics in-
clude Automated Readability Index (ARI) [28], Dale-Chall score [8], Gunning
Fog Index [12], Flesch-Kincaid Grade Level (FKGL) [15], Flesch Reading Ease
score [16], and SMOG Index [18]. Additionally, SARI [38], a metric specifically
formulated for the evaluation of automated text simplification processes, assesses
the overall goodness of a simplification system against human reference text.

Word difficulty is typically determined by polysyllabic counts, with notable
exceptions being ARI, which relies on character count, and the Dale-Chall for-
mula, which employs a predefined lexicon of 3000 words familiar to a U.S. fourth-
grader. Dale-Chall score, Gunning Fog Index, FKGL, SMOG Index, and ARI
report performance as an estimated U.S. school grade level, where a lower score
indicates improved simplification.

Accuracy and discourse preservation metrics. This functional group assesses
semantic integrity, completeness, and subject matter relevance. Traditional se-
mantic congruence metrics include SacreBLEU [24] and ROUGE-L [19], while
more robust meaning preservation is evaluated using BERTScore [41], and se-
mantic similarity of document-level embeddings [9]. Thematic consistency and
subject matter relevance employ vocabulary matching to trace handling of spe-
cialized jargon, and topic modeling techniques such as Latent Dirichlet Alloca-
tion (LDA) [13]. While LDA is not ideal for short documents, abstracts have high
information density and reasonable length for meaningful word co-occurrence.

Content safety metrics. We additionally consider safety checks using established
toxicity classifiers [34], and recognize that, as general-purpose tools, these clas-
sifiers may not capture safety risks such as oversimplification or misplaced em-
phasis. This inclusion hopes to foster continual monitoring necessary for the
responsible integration of LLMs.

3 Method

3.1 Data

The primary benchmark is a public dataset of 750 biomedical abstracts that are
paired with human-simplified texts [4]. We refer to the process of text simpli-
fication by human experts (the gold standard) as the human model, while the
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original scientific abstracts of this dataset serve as a curated control cohort (the
control set) spanning 75 biomedical topics. An uncurated custom dataset is de-
rived from a random sample of domain-specific abstracts covering Traditional
Chinese Medicine (TCM) and Oncology. The selection of TCM and Oncology is
partly motivated by the density of unique terminology in this subdomain and
partly by the translational relevance given growing public interest in TCM for
cancer symptom management [26,33].

3.2 Text simplification systems

We consider two common models for research, Mistral-Small 3 24B, an instruction-
tuned model optimized for task fidelity, and Qwen 2.5 32B, a reasoning-augmented
model designed for complex problem solving. To assess robustness, we configure
each with two temperature settings, namely: a strict configuration with tem-
perature T = 0.2, and a relatively higher stochasticity state (tagged with flexi
for flexible) with T = 0.4. The four resulting LLM simplification processes and
the human-expert simplification process constitute the five plain-text adaptation
systems in our study.

3.3 Prompt design

We specify the simplification process to the LLMs via a standardized, empiri-
cally developed, zero-shot prompt aimed at consistent reception of the task across
models. The prompt defines the task as a direct sentence-by-sentence adapta-
tion of the input text, explicitly prohibiting summarisation, and addressing both
linguistic complexity (e.g., jargon replacement, splitting complex sentences) and
discourse complexity (e.g., adding explanations, abstracting esoteric details).
The prompt design follows domain-agnostic established principles for plain lan-
guage communication [7,4], and aligns with the human-benchmark process.

Moreover, we incorporate a self-reporting mechanism where LLMs tag each
output sentence with the simplification transform they have applied and an as-
sociated rationale. Overall, the prompt design results in a controlled instrument
for the assessment. Due to space constraints, the full prompt is presented in a
Github page containing the evaluation tools, and comprehensive analysis outputs
and reference tables (https://tinyurl.com/text-simplification-eval).

3.4 Evaluation metrics and analysis

We assemble a suite of commonly employed metrics for readability, discourse
fidelity, and content safety. Foundational distributional metrics such as average
sentence length and proportion of difficult words, inherent in readability for-
mulas, are also tracked to provide fine-grained visibility into drivers of score
variation. The metrics are introduced under related works and their operating
properties are detailed in the paper’s Github page.

For each metric, performance estimators are calculated as the document-
level mean scores, and statistically compared using Welch’s t-test. Evaluation

https://tinyurl.com/text-simplification-eval
https://tinyurl.com/text-simplification-eval
https://tinyurl.com/text-simplification-eval
https://tinyurl.com/text-simplification-eval
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metrics calculated from the gold-standard human-simplified text serve as the
benchmarking thresholds. All statistical results are reported at a significance
level of α = 0.05.

4 Results

4.1 System goodness

Overall system goodness is assessed via SARI [38], which compares LLM sim-
plified text against human simplified text. As shown in Table 1, both models
advance over previous baseline of 34 (best-reported baseline for encoder-decoder
models T5 and BART [4]). Mistral outperforms QWen, achieving SARI scores
of 42.46 (flexible, 95% CI: 41.86 - 43.05) and 42.37 (strict, 95% CI: 41.77 -
42.96), while QWen scores 38.38 (flexi, 95% CI: 38.28 - 38.47) and 37.84 (strict,
95% CI: 37.16 - 38.52), indicating Mistral’s superior simplification across both
temperature settings. Moreover, Mistral’s performance approaches that of GPT-
4.1-mini, which has a best of five runs SARI score of 43.83 [23]. GPT-4.1-mini
(more capable and proprietary model [1]) represents the state of the art at time
of analysis.

Table 1: SARI simplification results

Model name mean ci (.95) n

Mistral - flexi 42.46 41.86 - 43.05 606
Mistral - strict 42.37 41.77 - 42.96 606
QWen - flexi 38.38 38.28 - 38.47 569
QWen - strict 37.84 37.16 - 38.52 443
GPT-4.1-mini [23] 43.83 best of 5 runs -

4.2 Readability and coherence

Standard readability formulas are employed, and their mean results across the
five simplification systems are presented in Figure 1, with human benchmark
indicated as a threshold and associated statistical comparisons presented in Fig-
ure 3.

The LLMs achieve statistically superior readability on four of six metrics but
underperform on Dale-Chall and Gunning Fog. This divergence reflects formulaic
differences, where these two metrics particularly employ a predefined lexicon of
familiar words. Dale-Chall index identifies the human benchmark as having the
best readability with a score of 9.40 compared to 12.30 and 12.39 for Mistral
and QWen, respectively. Conversely, Flesch-Kincaid Grade Level (QWen 11.45,
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Fig. 1: Readability performance: Average scores and underlying data distribu-
tions
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Fig. 2: Accuracy performance: Average scores and underlying data distributions
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Mistral 11.81, human 12.70) and Flesch Reading Ease (QWen 43.83, Mistral
42.11, human 39.77, higher is better) rank QWen best.

While there are statistical differences between model scores, the numerical
differences are small. In particular, collectively, the models have readability U.S.
school grade scores in the range 12 − 14 compared to the human benchmark’s
grade 9− 15, with the Dale-Chall index appearing most difficult for the LLMs.
Differences due to temperature settings are similarly minimal, though Mistral
demonstrates statistically consistent performance across both configurations.

4.3 Accuracy

We assess accuracy through semantic congruence (BERTScore, semantic similar-
ity score), topical relevance (LDA-topics score), traditional content preservation
metrics (ROUGE-L, SacreBLUE), and underlying measures (vocabulary match-
ing, difficult words proportion). Full distributions and statistical results appear
in Figures 2 and 3.

On BERTScore and LDA-topics score, Mistral achieves human-level perfor-
mance (0.91 and 0.37, respectively) across temperature settings, with no statis-
tical difference from the human benchmark. QWen attains lower scores that vary
with temperature, peaking under flexible configuration (0.89 BERTScore, 0.23
LDA-topics score). Moreover, while both models significantly reduce difficult
words compared to human experts (Mistral flexi: 48.35%; QWen flexi: 49.66%;
human: 60.55%), Mistral has the highest vocabulary retention and QWen the
lowest (Mistral 0.65, QWen 0.43, human 0.58), suggesting conservative treatment
of specialized vocabulary by Mistral and exploration by QWen.
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Mistral appears to have a conservative strategy that selectively balances lex-
ical simplification with semantic fidelity. Conversely, QWen’s approach, while
achieving readability gains (presented previously), risks greater semantic dis-
placement. We revisit this trade-off under correlation analysis.

4.4 Content safety

The toxicity scores are virtually zero for all five plain-text adaptation processes
and the LLM outputs are not statistically distinguishable from human-simplified
text with regards to toxicity. This outcome, while not surprising given the benign
nature of the source biomedical abstracts, provides necessary empirical validation
of safety constraints and does not obviate the need for continual monitoring.

4.5 Associations between metrics

Here, we consider the tension between readability and accuracy by analysing
inter-metric relationships. Pairwise correlation matrices (α = 0.05) are visualized
in Figure 4, with individual distributional pair-plots provided in the project’s
Github page
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Fig. 4: Correlations between metrics

Readability and coherence. Readability metrics exhibit strong functional con-
gruence and high redundancy within the metric set. Five of six indicators show
statistically significant correlations ≥ 0.7 across human and the LLMs (account-
ing for the directionality of the Flesch Reading Ease score). Dale-Chall correlates
more weakly (coefficients in the range [0.4, 0.6]), reiterating its relative difficulty
for the LLMs.

All systems (human and LLMs) appear to prioritise syntactic over lexical
simplification. Correlations for sentence length (average words per sentence) are
in the range [0.4, 0.7], while difficult words correlate weakly (coefficients range

https://tinyurl.com/text-simplification-eval
https://tinyurl.com/text-simplification-eval
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[0.1, 0.4]). This suggests that lexical control is more challenging or less integrated
compared to syntactic restructuring.

Moreover, correlations between readability formulas and difficult words are
highest for Mistral compared to Qwen (human 0.2− 0.3, Mistral 0.4, Qwen 0.1).
The lexical scores for QWen present as less connected to readability formulas
despite competitive overall readability performance by QWen.

Additionally, the LLMs appear to achieve readability gains more efficiently,
since their compression ratios are below 1 (document length decreases), while
humans expand the text during simplification. Mistral and QWen address read-
ability with greater conciseness, a practical advantage for scalable simplification.

Accuracy. Similarly, discourse preservation metrics exhibit internal coherence,
with BERTScore appearing to encompass the signal embedded in traditional
lexical metrics (ROUGE-L and SacreBLEU), as correlation coefficients are ≥ 0.9.
Furthermore, the correlation between BERTScore and words compression ratio
is substantially stronger for LLM outputs (∼ 0.6) than for human simplification
(∼ 0.2). While humans use text expansion as a readability-enhancing tactic, the
LLMs appear to primarily expand text for the benefit of maintaining semantic
integrity.

Cross-function associations. Cross-functional analysis reveals divergent algo-
rithmic strategies between instruction-tuned Mistral and reasoning-augmented
QWen. Associations between readability and accuracy, while weakly correlated,
have coefficient magnitudes that are larger for Mistral (coefficients range [0.2, 0.4])
than for QWen ([−0.2, 0.1]), suggesting Mistral yields output that better aligns
accuracy and readability optimisation. Similarly, Mistral has larger correlation
coefficients for accuracy and word difficulty (coefficients in the range [0.2, 0.5]
for Mistral, [−0.3, 0.0] for QWen, and [0.1, 0.3] for human experts). This associa-
tion is relatively stronger (0.5) for traditional lexical alignment accuracy metrics
(ROUGE-L, SacreBLEU), pointing to Mistral’s conservative retention-oriented
treatment of specialised vocabulary. As for BERTScore, however, correlation
with word difficulty is weaker and positive for Mistral (0.2) and human experts
(0.1) but weakly negative for QWen (−0.3), reiterating QWen’s treatment of
lexical complexity that risks semantic integrity.

Regression on principal components of the metrics reinforces these findings.
Human simplification yields the highest adjusted R2 for both readability (Dale-
Chall: 0.39; Flesch: 0.45) and accuracy (BERTScore: 0.49), followed by Mistral
(Dale-Chall: 0.34; Flesch: 0.37; BERTScore: 0.28), and then QWen (Dale-Chall:
0.26; Flesch: 0.23; BERTScore: 0.29). Humans appear to jointly optimise read-
ability and accuracy objectives, while LLMs show unidirectional responsiveness,
where readability improves with accuracy, but accuracy does not correspond-
ingly respond to measured readability aspects. Additionally, Mistral’s tempered
lexical control is further reflected in higher R2 for difficult words and vocabulary
matching.

It is noteworthy, though, that by itself, QWen is still a capable model for the
simplification task; its aggressive lexical substitution yields superior readability
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(by most of the formulas) and a reasonable BERTScore (0.89). Its weaker asso-
ciations may reflect exploration of its broader lexical search space, warranting
further investigation. These results may also signal limitations in capturing LLM
simplification processes with the current suite of metrics.

4.6 Self-reported rationale on changes made

Analysis of the self-reported rationales offers additional insights into each model’s
simplification style, quantifying choices made against standardised transforms
detailed under prompt design and summarised in Figure 5.

0.00 0.25 0.50 0.75 1.00
Proportion

Mistral - flexi

Mistral - strict

QWen - flexi

QWen - strict

BERTScore ≥ benchmark

0.00 0.25 0.50 0.75 1.00
Proportion

BERTScore < benchmark
jargon/parlance swap
add explanation
abstract/generalize
omit unnecessary detail
no change
llm did not specify
Other transforms

Fig. 5: Self-reported rationale for changes made

Both models rely on jargon/parlance swapping as their dominant simplifica-
tion strategy but exhibit divergent secondary tactics. Mistral favours omitting
superfluous details or retaining original text, treating complex phrases or vo-
cabulary cautiously. Conversely, QWen engages in conceptual expansion, adding
explanatory context or abstracting complex concepts. Underperforming sam-
ples (observations with below the average benchmark scores) receive more of
these secondary tactics in both models. These patterns reflect underlying de-
sign philosophies of the models; Mistral is conservative and operates primarily
within the bounds of the input, while QWen engages in conceptual exploration.
For Mistral, this constrained behaviour seems to favour tempered simplification
that preserves discourse fidelity.

5 Discussion

Overall performance. The two general-purpose LLMs in this study demonstrate
foundational readiness for biomedical text simplification with zero-shot prompt-
ing alone. Both models advance over prior SARI baselines, and Mistral’s perfor-
mance is competitive with GPT-4.1-mini, a proprietary model. In addition, the
models have statistically superior readability on four of six readability indices
(SMOG Index, FKGL, ARI, and Flesch Reading Ease) and attain BERTScore
values of 0.91 and 0.89 for Mistral-Small 3 24B and Qwen 2.5 32B, respectively.
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Model differences. The instruction-tuned Mistral exhibits consistent performance
across temperature settings, attaining accuracy scores that are statistically indis-
tinguishable from human experts, and balancing readability and accuracy more
effectively than QWen. Correlation analysis and self-reported rationales reveal
Mistral has a conservative strategy that favors selective retention of specialized
language, preserving semantic integrity.

Conversely, the reasoning-augmented QWen adopts a more exploratory ap-
proach to lexical complexity, achieving superior readability on four indices but
risking semantic degradation (BERTScore 0.89, statistically below human score
of 0.91). Its weaker coupling between readability and accuracy suggests discon-
nected optimization strategies by the model or a metric suite that does not
adequately capture QWen’s approach. Whether this observation points to a lim-
itation (in model or metric suite) or a potential advantage from exploration of a
wider lexical search space warrants further investigation, particularly as LLMs
incorporate more domain-specific training data.

Operational insights. The Dale-Chall and Gunning Fog indices, however, indicate
statistically inferior results compared to the human benchmark. This discrepancy
is traced to formulaic differences concerning the inherent definition (static word
list) and weighting of lexical importance. Collectively, results point to appar-
ent syntactic mastery and lexical control as the potential central challenge. As
such, domain adaptation for text simplification may benefit from integrating
specialized lexical support rather than generalized knowledge expansion.

Strong correlations among SMOG, FKGL, ARI, Flesh Reading Ease, and
Gunning Fog (≥ 0.7) confirm redundancies within readability metrics, enabling
principled metric reduction. Dale-Chall is distinctively different with coefficients
in the range [0.4− 0.6]. In addition, while research recommends text expansion
as a tactic for enhancing readability [7,4], the LLMs attain superior readability
with more concise output.

6 Conclusion

This study assesses the zero-shot text simplification capabilities of two medium-
sized (24B and 32B) general-purpose LLMs that are widely employed in research
and practice. Mistral-Small 3 24B exhibits superior operational robustness, at-
taining readability with a discourse fidelity comparable to human experts. Mis-
tral displays a conservative algorithmic strategy that selectively balances lexical
transformation and semantic preservation. In contrast, Qwen 2.5 32B exhibits
characteristic conceptual expansion that attains higher readability scores but
appears disconnected from semantic resolution or inadequately accounted for
by existing metrics. Additionally, the within- and cross-functional evaluation of
various readability and accuracy metrics provides a basis for objective compari-
son and metric selection heuristics, and points to lexical control as the apparent
primary hurdle during plain-text adaptation.
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Limitations

While we setup a controlled assessment and observe differences between the
models in the study, further evaluation across a wider range of LLMs would
comprehensively characterize model-size and architectural readiness for plain-
text adaptation out of the box. In addition, despite employing established and
transferable plain-text adaptation tactics, which should offer directional evidence
or an informed starting point for broader application areas, the study explicitly
addresses only one domain (biomedicine). Moreover, the inherent limitations of
conventional readability formulas must be recognized, and quantitative metrics
should be complemented by human validation strategies.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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