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Abstract

Background: Effective communication about breast and cervical cancers remains a public health challenge, with widespread
misinformation and barriers to cancer-related language understanding. Large Language Models (LLMs) offer potential for
scalable health communication, yet tradeoffs between quality, safety, and accessibility of general-purpose and medical-domain
LLMs remain underexplored.

Objective: We propose a comprehensive evaluation framework and systematically the performance of LLMs in
generating breast and cervical cancer information, with a focus on linguistic quality, safety and trustworthiness, and
communication accessibility and affectiveness

M ethods: This mixed-methods evaluation study assessed outputs from five general-purpose and three medical large language
models (LLMs) using real-world breast and cervical cancer—related questions curated from publicly available medical datasets.
LLM-generated responses were evaluated in a controlled offline setting. Primary outcomes included linguistic quality (fluency,
coherence, accuracy), safety and trustworthiness (toxicity, bias, harm potential), and communication accessibility and
affectiveness (readability, empathy, clarity). Qualitative ratings were performed by domain experts, while quantitative metrics
were compared across models. Statistical analyses included Welch’'s ANOVA to detect differences in metric scores, Games-
Howell tests for pairwise comparisons, and Hedges' g to assess effect sizes.

Results: General-purpose LLMs, particularly Llama 3 and Gemma, demonstrated superior linguistic quality and affectiveness
but often produced complex outputs that may limit accessibility. In contrast, medical LLMs (e.g., MedAlpaca, BioMistral)
generated simpler content suitable for broader audiences but scored lower in safety and empathy due to higher levels of
hallucination, bias, and toxicity.

Conclusions: While LLMs show promise for improving digital cancer communication, our findings revea a trade-off between
domain specialization and overall communication quality and safety. Future development of health-focused LLMs should
prioritize hybrid modeling strategies to enhance trust, clarity, and clinical relevance in patient-facing tools. Clinical Trial: Not
applicable
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ABSTRACT

Background:

Effective communication about breast and cervical cancers remains a public health challenge, with
widespread misinformation and barriers to cancer-related language understanding. Large Language
Models (LLMs) offer potential for scalable health communication, yet tradeoffs between quality,
safety, and accessibility of general-purpose and medical-domain LL.Ms remain underexplored.
Objective:

We propose a comprehensive evaluation framework and systematically assesses the performance of
LLMs in generating breast and cervical cancer information, with a focus on linguistic quality, safety
and trustworthiness, and communication accessibility and affectiveness.

Methods:

This mixed-methods evaluation study assessed outputs from five general-purpose and three medical
large language models (LLMs) using real-world breast and cervical cancer-related questions curated
from publicly available medical datasets. LLM-generated responses were evaluated in a controlled
offline setting. Primary outcomes included linguistic quality (fluency, coherence, accuracy), safety
and trustworthiness (toxicity, bias, harm potential), and communication accessibility and

affectiveness (readability, empathy, clarity). Qualitative ratings were performed by domain experts,
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while quantitative metrics were compared across models. Statistical analyses included Welch’s
ANOVA to detect differences in metric scores, Games-Howell tests for pairwise comparisons, and
Hedges’ g to assess effect sizes.

Results:

General-purpose LLMSs, particularly Llama 3 and Gemma, demonstrated superior linguistic quality
and affectiveness but often produced complex outputs that may limit accessibility. In contrast,
medical LLMs (e.g., MedAlpaca, BioMistral) generated simpler content suitable for broader
audiences but scored lower in safety and empathy due to higher levels of hallucination, bias, and
toxicity.

Conclusions:

While LLMs show promise for improving digital cancer communication, our findings reveal a trade-
off between domain specialization and overall communication quality and safety. Future
development of health-focused LLMs should prioritize hybrid modeling strategies to enhance trust,

clarity, and clinical relevance in patient-facing tools.

Keywords: Large Language Models; Artificial Intelligence; Natural Language Processing; Medical

Informatics; Health Communication; Breast Neoplasms; Uterine Cervical Neoplasms
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INTRODUCTION

Cancer remains a leading cause of morbidity and mortality among women in the U.S., making it a
critical public health issue. Breast cancer is the most commonly diagnosed cancer among women,
with an estimated 310, 720 new cases and 42, 250 deaths projected in 2024." Despite improvements
in screening and treatment, disparities in cancer outcomes persist. For instance, Black women
experience a 40% higher breast cancer mortality rate than White women, despite similar incidence
rates, largely due to systemic inequities in screening access, delayed diagnoses, and unequal
healthcare."™ Similarly, cervical cancer, the most common cancer among women in the U.S., had 13,
360 new cases in 2025,° with Black women facing a mortality rate 200% higher than White women
and Hispanic women experiencing a 51% higher incidence rate.®® These disparities are rooted in
structural barriers, including financial hardship, limited geographic access, and psychological
challenges.’

Early cancer screening can help reduce disparities, but communicating guidelines to priority
populations remains challenging."” Emerging technologies like Large Language Models (LLMs)
show promise for enhancing equitable, effective health communication about breast and cervical
cancers by providing accessible, personalized information. Recent research has examined LLM
performance in oncology and clinical contexts, showing high accuracy and completeness in patient
care questions,! improved readability of cancer information with targeted prompting,'? variable
results for multimodal chatbot case analysis,!? limited gains in diagnostic reasoning in randomized
trials, and calls for careful evaluation of their use in medical research and practice. However, their
rapid development has outpaced research on their real-world effectiveness and safety. Existing
studies provide limited evaluation of how well LLMs deliver cancer-related information that is
accurate, unbiased, and accessible."'® Experts strongly encourage that before committing to this new

frontier in cancer communications, accuracy, safety, and privacy need to be addressed.”” These
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identified gaps are particularly concerning given the risks of misleading or incorrect information,
which can delay diagnosis, influence harmful treatment decisions, and erode trust in health
institutions."®
To address the urgent need for effective communication tools in cancer care,
this study evaluates the quality and safety of LL.M-generated content related to
breast and cervical cancer. Our goal is to ensure Al tools do not worsen
disparities or cause harm. We developed a patient-centered evaluation
framework assessing LLMs across three key areas: linguistic quality, safety
and trustworthiness, and communication accessibility and affectiveness. Using
this framework, we analyzed eight open-source models, including five
general-purpose and three medical-domain LLMSs, in response to real-world
breast and cervical cancer-related questions. We report comparative

performance based on quantitative and qualitative analyses.

METHODS

Our approach consists of four phases. First, we developed a comprehensive evaluation framework.
Second, we curated a domain-specific dataset for breast and cervical cancer. Third, we selected five
general- purpose and three medical LLMs to generate responses for questions in our dataset. Finally,
we applied our evaluation framework to the generated responses from each model and conducted

statistical analyses for the quantitative metrics and expert qualitative ratings (see Figure 1).
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Evaluation Framework

This evaluation framework offers a structured approach to assessing the quality of
language generated by LLMs in the context of breast and cervical cancer communication. It
is designed to ensure that evaluations are consistent, thorough, and grounded in clearly
defined criteria. Given the unique barriers faced by women in underserved communities,
such content must be clear, trustworthy, and sensitive to diverse literacy and cultural
needs.” Our framework focuses on three core dimensions critical to effective patient
communication: Linguistic Quality (e.g., accuracy, clarity, and flow of language), Safety and
Trustworthiness (e.g., presence of biased, harmful, or misleading content), and
Communication Accessibility and Affectiveness (e.g., readability, empathy, and emotional

relevance). See Figure 2.
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Linguistic Quality

Linguistic quality refers to the clarity, accuracy, and relevance of the information generated
by LLMs. In this study, we assessed how well model responses reflected reliable and well-
structured cancer communication. To evaluate this, we used a combination of automated
text similarity tools, designed to measure how closely model outputs matched reference
content, and expert ratings of qualitative features. We also examined the likelihood of
“hallucinations,” meaning content generated by the model that is factually incorrect or not
supported by the source material.”® To detect potential hallucinations, we analyzed variation
in key medical terms, such as disease names or drug references, which are especially
prone to fabrication. Expert reviewers rated each response on four communication-related
criteria: accuracy (clinical correctness), coherence (logical flow and consistency), use of
jargon (degree of unnecessarily technical language), and understanding and reasoning (the
model’s ability to interpret medical questions and provide appropriate, well-explained
answers). Together, these measures reflect how well a model can produce trustworthy,

patient-relevant cancer information.
Safety & Trustworthiness

Safety and trustworthiness refer to whether the language generated by LLMs is free from harmful,
biased, or misleading content—factors that are essential for patient trust and effective
communication. We evaluated three key risks: toxicity (language that is offensive, threatening, or
emotionally harmful), gender bias, and racial bias. Toxicity was measured using an established
automated tool that detects potentially harmful or inappropriate language.*** While breast cancer
primarily affects women, men can also be diagnosed with the disease.**** Therefore, it was important
to assess whether model responses unintentionally reinforced gender stereotypes or excluded male

patients. We measured gender bias using a tool that quantifies how strongly language is associated
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with one gender over another, where higher scores indicate greater imbalance.” To evaluate racial
bias, we modified sample prompts to include different racial or ethnic contexts (e.g., “Black
woman,” “Hispanic patient”) and examined whether the model's responses changed
inappropriately.”**® Beyond these automated measures, we also conducted expert assessments
focused on two dimensions: harm, referring to content that could be emotionally distressing or
medically misleading, and trust and confidence, reflecting how well the tone and framing of the
response foster user trust and decision-making support.2’ These combined assessments offer a more
comprehensive view of how safe and equitable LLM-generated cancer communication may be for

diverse patient populations.

https://preprints.jmir.org/preprint/82971 [unpublished, non-peer-reviewed preprint]
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Communication Accessibility & Affectiveness

Communication accessibility and affectiveness describe how understandable, emotionally
supportive, and actionable the generated content is for patients.% To assess accessibility,
we applied a set of widely used readability formulas that estimate how easy or difficult a
passage is to read based on sentence structure and vocabulary.®>*" These metrics helped
us determine whether the content was appropriate for a broad audience, including
individuals with lower health literacy. To evaluate emotional tone, we used a scoring method
that estimates how well the model's responses reflect empathy and emotional alignment
with patients, based on patterns in real-world counseling conversations.*® In addition to
these automated measures, expert reviewers evaluated several qualitative aspects of the
content. Clarity and empathy assessed whether the language was both understandable and
compassionate. Compassion specifically reflected emotional sensitivity and supportiveness.
Cue to action measured whether the content encouraged patients to take meaningful next
steps, such as scheduling a screening. Domain relevance ensured the responses stayed
focused on breast or cervical cancer rather than veering into unrelated information. Lastly,
usability and acceptability considered how practical and appropriate the content was for

patients, particularly in community or clinical health communication settings.

Dataset

We curated a domain-specific dataset for evaluating LLMs on breast and cervical cancer
communication by filtering five publicly available medical datasets using the keywords “breast
cancer” and “cervical cancer.” PubMedQA,” comprising biomedical Q&A pairs from PubMed
abstracts, contributed 3,310 filtered instances. MedQA-USMLE,**' based on USMLE, provided 141
instances, while MedMCQA,* covering Indian medical entrance exams, contributed 278 cases. From

MedLFQA,*” which aggregates consumer health queries from sources such as LiveQA,*
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MedicationQA,* HealthSearchQA,* and K- QA,” we extracted 36 relevant cases. Additionally,
HealthcareMagic and iClinig,* both user-generated Q&A platforms, added 835 and 43 instances,
respectively. The final dataset comprised 4,643 cases, offering a diverse and clinically relevant
foundation to rigorously assess LLMs’ performance in generating accurate, safe, and patient-centered

cancer information.

Experimental Setup: Selected LLMs

We selected both general-purpose and specialized medical LLMs to assess their effectiveness in
generating accurate breast and cervical cancer information, aiming to compare general-purpose and
specialized medical LLMs for their performance in the three main evaluation categories. Models
were chosen based on two key criteria: having less than or equal to 8B parameters and open-source
availability, ensuring accessibility and feasibility for deployment under resource constraints. We
evaluated five general-purpose LLMs: Vicuna 7B, Alpaca 7B,* Llama 3 8B,* Mistral 7B,* and
Gemma 7B, selected for their state-of-the-art performance in generating content,” and training
methodologies. We included three specialized medical LLMs: MedAlpaca,” BioMistral 7B, and

Meditron,* to assess domain-specific performance, particularly for breast and cervical cancer.>
Data Analysis

Statistical Analysis of Quantitative Metrics

We applied Welch’s ANOVA to each evaluation metric to test whether there were statistically
significant differences in performance across the eight LLMs, suitable for datasets with unequal
variances and sample sizes, conditions consistent with our experimental setting.® For metrics that
showed significance, Games-Howell post hoc tests were used to perform pairwise comparisons
between every unique pair of LLMs without assuming homogeneity of variance or equal sample
sizes, for this multi-model and multi-metric comparison. * For each LLM pair, we computed
Hedges’g to quantify the effect size and direction of difference.”® Rankings were adjusted

https://preprints.jmir.org/preprint/82971 [unpublished, non-peer-reviewed preprint]
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accordingly: if the effect size was positive (indicating better performance), the first model’s rank
increased and the second’s decreased, and vice versa. Statistical significance was set at p < 0.05, with

both p-values and effect sizes used to assess statistical and practical significance jointly.

Coding of Qualitative Data and Evaluation

Two domain experts in health communication and breast and cervical cancer (VC and AR)
independently evaluated model outputs using a structured rubric aligned with the three core
evaluation categories. We collected 400 responses from eight LLMs by submitting 50 randomly
selected questions to each model, creating an 8 x 50 dataset. To minimize bias, model identities were
masked during evaluation. Responses were rated on multiple qualitative criteria in each category
(e.g., accuracy, harm, empathy, trust, clarity, actionability) using a 3-point Likert scale. Scores from
each expert were averaged for each criterion item (e.g., average score for accuracy, average score for
empathy) and treated as interval data, consistent with standard practices in psychometrics and health
communication research.®® This approach was selected to align with the study’s focus on category-
level evaluation, reducing item-level variability, and emphasizing consistent rating patterns across
categories. Inter-rater reliability was assessed using Weighted Cohen’s Kappa (k«), with quadratic
weights applied to penalize larger disagreements more heavily.®*®" Descriptive statistics were

reported by model and category, providing a rigorous assessment of model performance.

RESULTS

Table 1 presents a summary on the performance of eight LLMs, five general-purpose models and
three medical-domain models, across three key evaluation categories: Linguistic Quality, Safety &
Trustworthiness, and Communication Accessibility & Affectiveness. Each cell in the table reports the
model’s rank (1 = best) and corresponding actual relative score in parentheses used to compute the
rank. Cell shading visually encodes relative performance, with darker green indicating better
outcomes.

https://preprints.jmir.org/preprint/82971 [unpublished, non-peer-reviewed preprint]
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Performance of LLMs in Linguistic Quality

Quantitative Evaluation. Our analysis revealed significant differences in BLEURT, BERTScore,
and ROUGE across models, indicating distinct strengths and weaknesses in linguistic fluency and
content quality. As shown in Table 1, post hoc analysis identified general LLMs, specifically Llama
3, outperforming medical LLMs, based on BLEURT (0.41), BERTScore Recall (0.86), and ROUGE-
1 (0.51), indicating higher linguistic quality, fluency, and relevance. Among medical LLMs,
BioMistral demonstrated higher precision (BERTScore Precision and F1: 0.82), highlighting its
capability for accurate, domain-specific content generation. However, general LLMs, including
Alpaca and Mistral, showed elevated hallucination scores (both at 0.57), suggesting a trade-off
between fluency and factuality.

Llama 3 had the lowest hallucination score among general LLMs, demonstrating its robustness in
factual accuracy.

Evaluation of Qualitative Content. Assessments of the qualitative content (Table 2) revealed
moderate to near perfect inter-rater agreement, especially for coherence (k,, = 0.82) and accuracy (k.
= 0.60). Llama 3 scored the highest across all linguistic criteria items, particularly in reasoning (2.94)
and accuracy (2.92), reflecting strong factual consistency and logical structure. In contrast,
MedAlpaca and Meditron scored lowest, with Meditron exhibiting poor coherence (1.13) and
excessive jargon (1.57), suggesting limitations in clarity and accessibility. Alpaca and Mistral
performed moderately but lagged in reasoning and accuracy. These findings indicate that general-
purpose models, particularly Llama 3 and Gemma, outperformed specialized medical LLMs in

generating clear and accurate cancer-related communication content.

Performance of LLMs in Safety & Trustworthiness

Quantitative Evaluation. Table 1 presents toxicity and bias metrics across models. While all LLMs

demonstrated low levels of toxicity, MedAlpaca had relatively the lowest toxicity (0.024), and
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Meditron had the highest (e.g., identity attack: 0.0087). Among general-purpose models, Gemma
exhibited the highest toxicity (0.038), whereas Llama 3 showed comparatively lower toxicity
(0.033). To assess broader demographic biases, including race and gender, we applied in-context
impersonation for racial bias and GenBit scoring for gender bias, following prior work®?,
MedAlpaca showed the lowest gender bias (0.903), and Gemma the highest (1.498), followed by
Llama 3 (1.43). On racial bias, the figure 3 presents similarity scores from sentenceBERT®, showing
how well LLMs maintain consistent high performance with low variability regardless of
demographic context, as higher scores indicate lower bias. Llama 3 and Gemma consistently
maintained higher similarity with low variability, suggesting more equitable treatment across racial
identities. In contrast, Alpaca and BioMistral showed lower similarity and greater variability,
reflecting potential vulnerabilities in demographic sensitivity.

Evaluation of Qualitative Content. Qualitative assessments of safety and trustworthiness, based on
expert annotations, revealed moderate agreement on perceived harm (k. = 0.59), and trust and
confidence (k. = 0.59). As shown in Table 2, Llama 3 received the highest ratings for both harm
reduction (2.96) and trustworthiness (2.93), aligning closely with responsible health communication
standards. Vicuna and Gemma also performed well in these criteria, while MedAlpaca and Meditron
scored lowest, despite being trained on medical content. Alpaca and Mistral showed moderate
performance. These results suggest that general-purpose LLMs, particularly Llama 3, currently
provide more reliable, safe and trustworthy outputs than many specialized medical LLMs,

highlighting a critical gap in the tuning and evaluation of domain-specific systems.

Performance of LLMs in Communication Accessibility & Affectiveness

Quantitative Evaluation. This category evaluates readability and emotional resonance, which are
critical for patient-centered communication. As shown in Table 1, Alpaca and MedAlpaca produced
the most accessible content, with Flesch Reading Ease scores above 59 and Flesch-Kincaid Grade

Levels near 8.0, aligning with established guidelines for public health materials. BioMistral also

https://preprints.jmir.org/preprint/82971 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Sahaet d
performed well, achieving the highest Flesch Reading Ease (63.73) and lowest SMOG Index (5.84),
although it had moderately high complexity scores on other indices. In contrast, Llama 3 and Gemma
generated significantly more complex responses, with Flesch scores below 40, Grade Levels above
12, making them more appropriate for high-literacy audiences. Meditron and Vicuna produced
denser text with lower readability and greater complexity. These results suggest that Alpaca and
MedAlpaca are well-suited for patient-facing communication, while general-purpose models, such as
Llama 3, may require further simplification to reach broader public audiences.

Evaluation of Qualitative Content. Expert ratings showed moderate to substantial agreement across
clarity and empathy (k. = 0.57), domain relevance (k,, = 0.62), and usability and applicability (k. =
0.53). As summarized in Table 2, Llama 3 consistently outperformed across all five affective
dimensions, including clarity and empathy (2.89), compassion (2.86), cue to action (2.82), domain
relevance (2.94), and usability (2.88), indicating high-quality, actionable, and emotionally resonant
communication. Gemma and Vicuna followed with strong scores in domain relevance and usability.
In contrast, MedAlpaca and Meditron underperformed, particularly in usability and motivational
content, suggesting limitations in generating patient-centered outputs. Alpaca and Mistral scored
moderately, with strengths in compassion but weaker usability. Overall, general-purpose LLMs,
especially Llama 3, demonstrated stronger affective and communicative performance than medical

LLMs.

DISCUSSION

In this study, we aimed to develop an evaluation framework for effective cancer communication with
quantitative and qualitative elements, based on similar work in this field. Working with experts in
health communication and health equity, we developed a community-centered evaluation framework
which span three main categories: (i) Linguistic Quality, (ii) Safety & Trustworthiness, and (iii)

Communication Accessibility & Affectiveness. Our findings show that general-purpose LLMs,

https://preprints.jmir.org/preprint/82971 [unpublished, non-peer-reviewed preprint]
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particularly Llama 3 and Gemma, outperformed specialized medical models in Linguistic Quality,
producing more fluent and coherent responses. In contrast, medical LLMs, such as MedAlpaca and
BioMistral demonstrated better communication accessibility, generating text that is easier to read at a
lower grade-level with reduced complexity. General-purpose LLMs, especially Llama 3,
demonstrated more affective communication, while medical LLMs exhibited greater vulnerability in

Safety and Trustworthiness, producing responses evaluated as more toxic, harmful and more biased.

General-purpose models like Llama 3 and Gemma outperformed medical LLMs in fluency,
coherence, and factual accuracy. Llama 3 had the lowest hallucination rate, and qualitative ratings
favored its accuracy and understanding. Despite being domain-specific, medical LLMs often lacked
linguistic quality. Surprisingly, BioMistral and Meditron showed higher toxicity and bias than
general models, while Alpaca, MedAlpaca, Llama 3, and Gemma showed lower bias scores,
suggesting their safer use in health contexts. Llama 3 was also rated highest for empathy and clarity,
despite more complex language, indicating its strength in affective communication. In contrast,

medical LLMs like MedAlpaca generated simpler, more readable outputs suitable for public health.

Specialized medical LLMs, though fine-tuned for healthcare, underperformed in safety, coherence,
and affectiveness, raising concerns for clinical use. Their focus on domain knowledge may
compromise critical qualities needed for patient-facing tasks. To address this, future work should
embed clinical communication standards (e.g., empathy, clarity) and integrate external knowledge
representations to improve recall, precision, and scalability.®** Hybrid neurosymbolic approaches are
recommended for safer and more clinically robust outputs.®*®’

Limitations include the use of only open-source models and benchmark datasets, which may not

reflect proprietary systems or real patient interactions. Cultural, linguistic, and literacy factors were

also not fully represented.
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CONCLUSION

This study evaluates how LLMs communicate breast and cervical cancer information, focusing on
linguistic quality, safety, and affectiveness. General models offered better fluency but were less
accessible, while medical models produced simpler yet less effective and less safe outputs. The

results reveal complementary strengths and ongoing challenges in readability and trust.
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Table 1: Table ranking eight LL.Ms across three dimensions: Linguistic Quality, Trustworthiness,
and Accessibility. For Linguistic Quality, metrics like BERTScore (Precision, Recall,
F1), BLEURT Score, and ROUGE (1, 2, L) indicate higher is better, while for Hallucination
Score, lower is better. For Trustworthiness metrics (e.g., Toxicity), lower values are better.

In Accessibility, higher values are better for Flesch Reading Ease and Reflection Score, while
lower values are better for Flesch-Kincaid Grade Level, Coleman-Liau Index, and Gunning
Fog Index. Each cell shows the rank (score). Cell shading reflects relative rank across models
for each metric, with darker greens indicating higher performance (rank 1) and lighter greens
indicating lower performance (rank 8).
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Table 2: Qualitative evaluation of general-purpose and medical LLMs across linguistic quality,
safety/trustworthiness, and communication/accessibility dimensions. All scores are mean
ratings on a 1-3 Likert scale (1 = disagree, 2 = Neutral, 3 = agree). Cell shading reflects

relative rank across models for each metric, with darker greens indicating higher performance
and lighter greens indicating lower performance.
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Figure 1. Overview of Datasets and Large Language Models Used for Evaluating Breast and

Cervical Cancer QA Task.
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Figure 2. Comprehensive evaluation framework for evaluating general purpose and specialized

medical LLMs for cancer communication.
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Figure 3. Similarity scores between responses without context and responses with context (e.g.,
African American, Female, Hispanic). This shows that general-purpose models like L.lama 3 and
Gemma consistently maintain high similarity scores across demographic contexts, indicating
lower bias and stronger demographic consistency. In contrast, medical LLMs such as BioMistral
and MedAlpaca display greater variability and lower similarity scores, especially across race,
ethnicity, and language background. This suggests that general-purpose LLMs are currently more
robust in generating equitable responses across diverse populations, while medical LLMs may

require further tuning for demographic fairness.
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