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Abstract

Background: Disadvantaged cancer survivors and their caregivers (e.g., individuas with limited hedlth literacy, racia and
ethnic minorities facing language barriers) face a disproportionately increased risk of symptom burden from cancer and its
treatments. Large language models (LLMs) offer researchers an opportunity to develop educational materials tailored to these
populations.

Objective: The purposes of this study were to: 1) evaluate the overall performance of LLMs in generating tailored educational
content for disadvantaged cancer survivors and their caregivers; 2) compare the performances of three Generative Pre-trained
Transformer (GPT) models (i.e., GPT-3.5 Turbo, GPT-4, GPT-4 Turbo); and 3) explore different prompts that can help LLMs
generate better content.

Methods: We selected 30 topics from national guidelines on cancer care and education. GPT-3.5 Turbo, GPT-4, and GPT-4
Turbo were used to generate tailored content of up to 250 words at a 6th-grade reading level, with trandations into Spanish and
Chinese for each topic. Nine oncology experts evaluated the content based on pre-determined criteria: word limit, reading level,
and quality assessment (i.e., clarity, accuracy, relevance, completeness, and comprehensibility). ANOVA or Chi-sguare analyses
were employed to compare differences among the various GPT models and prompts.

Results: Overall, LLMs showed excellent performance in tailoring educational content, with 74.2% (n=360) adhering to the
specified word limit and achieving an average quality assessment score of 8.933 out of 10. However, LLMs showed moderate
performance in reading level, with 41.1% of content failing to meet the 6th-grade reading level. LLMs demonstrated strong
trandation capabilities, achieving an accuracy of 88.9% for Spanish and 81.1% for Chinese trandations. The more advanced
GPT-4 family models showed better overall performance compared to GPT-3.5 Turbo. Prompting GPTs to produce bulleted-
format content was likely to result in better educational materials compared to textual-format content.

Conclusions: This study highlights the application of LLMs in cancer care and education while acknowledging their potential
limitations. The findings can inform the development and implementation of interventions in cancer symptom management and
supportive care, thereby advancing health equity.
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Evaluation of Large Language Models in Tailoring Educational
Content for Disadvantaged Cancer Survivors and Their
Caregivers

Abstract

Background: Disadvantaged cancer survivors and their caregivers (e.g., individuals with limited
health literacy, racial and ethnic minorities facing language barriers) face a disproportionately
increased risk of symptom burden from cancer and its treatments. Large language models (LLMs)
offer researchers an opportunity to develop educational materials tailored to these populations.

Objective: The purposes of this study were to: 1) evaluate the overall performance of LLMs in
generating tailored educational content for disadvantaged cancer survivors and their
caregivers; 2) compare the performances of three Generative Pre-trained Transformer (GPT)
models (i.e., GPT-3.5 Turbo, GPT-4, GPT-4 Turbo); and 3) explore different prompts that can
help LLMs generate better content.

Methods: We selected 30 topics from national guidelines on cancer care and education. GPT-3.5
Turbo, GPT-4, and GPT-4 Turbo were used to generate tailored content of up to 250 words at a 6th-
grade reading level, with translations into Spanish and Chinese for each topic. Nine oncology experts
evaluated the content based on pre-determined criteria: word limit, reading level, and quality
assessment (i.e., clarity, accuracy, relevance, completeness, and comprehensibility). ANOVA or Chi-
square analyses were employed to compare differences among the various GPT models and prompts.

Results: Overall, LLMs showed excellent performance in tailoring educational content, with 74.2%
(n=360) adhering to the specified word limit and achieving an average quality assessment score of
8.933 out of 10. However, LLMs showed moderate performance in reading level, with 41.1% of
content failing to meet the 6th-grade reading level. LLMs demonstrated strong translation
capabilities, achieving an accuracy of 88.9% for Spanish and 81.1% for Chinese translations. The
more advanced GPT-4 family models showed better overall performance compared to GPT-3.5
Turbo. Prompting GPTs to produce bulleted-format content was likely to result in better
educational materials compared to textual-format content.

Conclusions: This study highlights the application of LLMs in cancer care and education while
acknowledging their potential limitations. The findings can inform the development and
implementation of interventions in cancer symptom management and supportive care, thereby
advancing health equity.

Keywords: large language models; GPT-4; cancer survivors; caregivers; education; health equity

Introduction

More than 18.1 million individuals with a history of cancer were alive in the United States in
2022, and that number is projected to reach 26 million by 2040 [1]. Cancer survivors receive a
wide range of treatments, often experiencing severe symptoms or side effects, including
fatigue, depression, anxiety, sleep disturbance, pain, cognitive impairment, nausea, vomiting,
and neuropathy [2-7]. These symptoms negatively impact survivors’ functional status, quality
of life (QOL), and overall survival rates [8-11]. Cancer caregivers, typically family members or
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significant others offering primary emotional and physical support for cancer survivors,
experience an array of similar distressing symptoms [12-14]. These symptoms are linked to
high caregiving burden, emotional distress, and communication barriers with cancer survivors
and providers [15]. Additionally, disparities in healthcare access further exacerbate the
challenges faced by cancer survivors and their caregivers, especially those from disadvantaged
communities [16]. Those with limited health literacy and racial and ethnic minorities facing
language barriers are at greater risk for poorer access to care [17-19]. Consequently, they tend
to experience a heavier symptom burden and poorer health outcomes during and after cancer
treatments [20].

With over three-quarters of the disadvantaged population owning smartphones or computers
[21], technology-based intervention programs can bridge the accessibility gap and promote
health equity [22, 23]. The advent and growth of artificial intelligence (AI) enable researchers
to design tailored and personalized interventions and educational content to meet individual
unmet needs [24]. Large language models (LLMs) are advanced Al systems that can understand
and generate human-like text by training on vast amounts of data [25]. LLMs perform various
language tasks, such as answering questions and translating languages. How questions are
asked can significantly affect the performance of LLMs. This process, known as prompt
engineering, is crucial for obtaining accurate and relevant responses from LLMs [26, 27]. While
LLMs have demonstrated remarkable potential in cancer research [28-31], their efficacy in
real-world scenarios, such as cancer care and education, which often require advanced levels of
comprehension, have yet to be thoroughly assessed.

Recent advancements in LLMs, such as Generative Pre-trained Transformer (GPT)-4 and GPT-4
Turbo [32, 33], have demonstrated their exceptional proficiency in completing various tasks,
including coding, design, and content summarization. Previous research [34, 35] indicates that
LLMs can capture large volumes of text effectively, even without specialized domain knowledge.
This ability highlights its sophistication in processing and understanding information across a
broad spectrum of topics, and its potential to significantly aid in analyzing unstructured data in
clinical environments (e.g. clinical notes) [34, 35]. However, there are several notable gaps in
the current research knowledge. Firstly, while LLMs have demonstrated high levels of accuracy
in understanding extensive texts [34, 36, 37], even minor inaccuracies can have detrimental
effects on patient outcomes [38], particularly regarding actionable advice. Therefore, the
content they generate still necessitates additional expert verification to ensure it is error-free
and ready to be presented to patients and their caregivers. Secondly, although previous
research [36, 37] has demonstrated promising results in content summarization, these LLMs
are often not applied in clinical environments, or they specifically address cancer care and
education among disadvantaged groups [39]. Lastly, most educational resources for cancer care
are available exclusively in English, which can create comprehension challenges for non-English
speakers (e.g., Hispanic individuals, immigrants). Also, cancer survivors and their caregivers,
already overwhelmed by treatment, often lack the time to read lengthy content. Therefore, it is
essential to provide educational materials in multiple languages and in concise content to
ensure effective communication and education [40].

To address these gaps, our team aimed to evaluate how LLMs perform in tailoring educational
materials to enhance accessibility and comprehension for disadvantaged cancer survivors and
their caregivers. The study aimed to: 1) evaluate the overall performance of LLMs in generating
tailored educational content based on criteria such as word limit, reading level, and quality
assessment (i.e., clarity, accuracy, relevance, completeness, and comprehensibility) for
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disadvantaged cancer survivors and their caregivers; 2) compare the performances of three
GPT models (i.e., GPT-3.5 Turbo, GPT-4, GPT-4 Turbo); and 3) explore different prompts that
can help LLMs generate better content. By tailoring content to be concise and at a lower
reading level, and translating it into multiple languages, individuals with low health literacy
and racial and ethnic minorities facing language barriers can better understand cancer care
educational materials. This approach helps them manage their symptoms more effectively,
thereby reducing health disparities and promoting health equity.

Methods

Design

This study utilized three GPT models (GPT-3.5 Turbo, GPT-4, and GPT-4 Turbo) to generate content
tailored for disadvantaged cancer survivors and their caregivers utilizing pre-determined prompts.
The GPT-generated content was then evaluated by oncology experts.

Prompt Engineering

To promote the accessibility and comprehension of educational materials for disadvantaged
cancer survivors and their caregivers with limited health literacy and language barriers, we
structured prompts to have LLMs produce content at a low reading level, maintain a word limit
of 250, and provide Spanish and Chinese translations for each topic, as described below [41].

The Flesch-Kincaid Grade Level (FKG) system [42] was used to assess the readability of content
produced by the LLMs. The FKG level is a readability test designed to indicate how difficult a
text is to understand. It calculates the grade level required for someone to comprehend the text.
The FKG is based on word length and sentence length, providing a numerical score that
corresponds to U.S. grade levels [42]. The National Institutes of Health (NIH) and the American
Medical Association (AMA) suggest that patient education materials should be written at a
reading level no higher than the sixth grade [43]. This recommendation is in place to guarantee
that the information is reachable by a broad spectrum of individuals, encompassing those with
limited health literacy. Therefore, our research targets an FKG level of 6 to align with this
guidance.

We set a 250-word limit for our educational materials, recognizing that cancer survivors and
their caregivers are frequently preoccupied with treatment schedules and daily
responsibilities, leaving them limited time for reading [44]. This word limit is designed to
ensure that participants can complete the reading within five minutes, making the task both
manageable and feasible within their schedules.

Furthermore, it is shown that prompts exert a considerable impact on the responses generated
by LLMs [45]. Therefore, we compared different prompts, including both textual and bulleted
formats, to determine which approach yields better results.

Prompt engineering

We assembled a panel of nine oncology experts, comprising four oncology professors, four
doctoral students, and one medical resident. Among them, all are fluent in English, with four
experts proficient in Chinese and one proficient in Spanish. Each response generated by the
LLMs was evaluated by at least two experts to ensure a comprehensive assessment, except for
the Spanish translation task, which was evaluated by a single expert. The panel conducted
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several Zoom meetings: the initial meeting provided training on content evaluation, and three
additional meetings were held to discuss the results and feedback. Each expert was assigned 10
topics to evaluate and was required to provide feedback on the errors committed by the LLMs.
These experts critically reviewed and annotated the LLM-generated content using a web-based
Cohort Adjudication and Data Annotation (CADA) application [34] (see Figure 1) developed by
our team.

Data Sources

Our primary sources for content generation were cancer survivors and caregiver education
materials from the National Cancer Institute and the National Comprehensive Cancer Network
guidelines [46, 47]. We selected 30 distinct topics covering a range of content such as fatigue,
depression, anxiety, pain, cognitive impairment, nutrition, physical activity, healthy lifestyle,
family communication, coping skills, and more. The selection of topics was informed by insights
from our prior qualitative interviews with cancer survivors and their caregivers [48] and an
extensive review of the literature [49-51]. We identified the key areas of interest and specific
needs of disadvantaged cancer survivors and their caregivers, resulting in these 30 topics.

Original material X —

1. Please summarize the following contant in Flesch-Kincaid Grads level of 6 and under 250 words:

.
; LNicaL e GPT response
PTSD &Uitseiite , , —

What is Cognitive Behavioral Therapy?
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.o Automatically providing word count
and FKG score for the annotators

Does the et the raquried word c
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rially () Notatal
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Figure 1. A screenshot of Cohort Adjudication and Data Annotation (CADA) Application

Appraisal Criteria

Based on a prior study of evaluating responses from LLMs [34], we formulated a set of
multidimensional criteria to thoroughly assess the performance of LLMs, which include: 1)
adherence to a word limit of 250 words; 2) achieving a reading level as per the FKG of below 6;
and 3) quality assessment: a. clarity (i.e., ease of understanding in the response); b. accuracy
(i.e., the response does not contain errors, like medical or language errors, that could negatively
impact patients and their caregivers); c. relevance (i.e., the response is fully grounded in the
materials we provided); d. completeness (i.e., the response encompasses all critical points from
the materials); e. comprehensibility (i.e., the response is understandable that readers can apply
it to their daily routine).

In terms of word limit, “yes” refers to a word limit within 250 words, and “no” refers to a word
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limit of more than 250 words. The reading level was evaluated using “yes” for an FKG < 6;
“partial” for a 6<FKG <8; and “no” for an FKG>8). The FKG level was calculated by the Python
package Textstat (version 0.7.3). For the quality assessment criteria, we implemented a scoring
system in which evaluations were quantified based on their alignment with the expected
outcomes. A score of 2 was assigned for "yes" evaluations, indicating full compliance; a score of
1 was given for "partially” evaluations, reflecting partial compliance; and a score of 0 was
allocated for "no" evaluations, indicating non-compliance. The quality assessment included five
criteria (a - e), each contributing a maximum of 2 points, for a total possible score of 10. The
overall quality assessment ranged from O to 10, with O representing the absence or lowest
quality and 10 indicating the highest quality.

Data Analysis

Descriptive analyses were conducted to determine the frequencies, percentages (for word limit,
reading levels, and translations), mean and standard deviations (for quality scores) of major
variables. Quality scores were determined by calculating the mean scores for each criterion and
then obtaining the overall scores through their summation. To compare the differences in each
model or prompt, we utilized ANOVA or Chi-square tests, as applicable. Values of p < 0.05 were
considered to indicate a significant level. All analyses were conducted using Python statistical
packages.

Ethical Considerations

The study protocol (STUDY00004750) was approved by the Institutional Review Board at
Emory University. Oral consent was obtained from nine oncology experts since no protected
health information (PHI) was collected from them. The study was conducted in accordance
with the U.S. Common Rule (45 CFR 46) [52].

Results
Overall Performance of LLMs

In this study, 360 annotation values were collected from nine experts. Overall, LLMs have
shown excellent performance in tailoring content based on our criteria (see Table 1). For word
limit, 74.2% of the responses were within the word limit (less than 250 words) set for the task.
The result indicates the excellent ability of LLMs to produce responses that adhere to specified
word limit requirements. Regarding reading levels, LLMs demonstrated moderate performance,
with 29.2% of the responses fully meeting the specified FKG level (FKG < 6), 29.7% partially
satisfactory (FKG = 6-8), and 41.1% not aligning with the provided FKG level (FKG > 8).

As shown in Table 2, LLMs demonstrated consistently high average scores across all quality
criteria (total score: 8.933 out of 10). The highest average score achieved was 1.91 on relevance
(Figure 2), highlighting the LLMs' ability to generate content that was highly pertinent to the
given prompts. The lowest average score observed was 1.58 out of 2 in the category of
completeness, indicating a moderate adherence to providing responses that capture all key
points. In the translation tasks, the LLMs demonstrated high performance, with an accuracy of
88.9% for Spanish and 81.1% for Chinese translations, respectively.

Three GPT Models Comparisons: GPT-3.5 Turbo, GPT-4, and GPT-4 Turbo

GPT-4 demonstrated a superior capability in adhering to the specified word limit, with 84.2% of its
responses falling within 250 words. In contrast, GPT-3.5 Turbo and GPT-4 Turbo exhibited a
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relatively lower proficiency, with 71.7% and 66.7% of their responses meeting the word limit
respectively. When comparing the models based on word limit, the Chi-square test did not
demonstrate a highly significant difference (p=0.06) but indicated a trend of differences in word
count (Table 2).

Regarding the assessment of reading level, GPT-4 Turbo met the required FKG level of 6 in 42.5%
of cases, nearly doubling the performance of the other two models: 21.7% for GPT-4 and 22.5% for
GPT-3.5 Turbo. The result indicated significant discrepancies among the models in adherence to the
specified reading level (p<<0.05), with GPT-4 Turbo performing better compared to the other two
models.

In terms of quality assessment, each of the LLMs attained a high score exceeding 8.8 out of 10, with
GPT-4 and GPT-4 Turbo achieving 8.992 and 8.983 respectively, and GPT-3.5 Turbo trailing slightly
at 8.825. Upon evaluation of each criterion, the performance of all models was found to be similar
(Figure 2a). The application of ANOVA tests to each criterion revealed no significant differences
among the three models (p=0.572).

In the translation tasks, GPT-4 Turbo exhibits perfect accuracy with a 100% success rate in Spanish
translation, whereas GPT-4 and GPT-3.5 Turbo exhibited slightly lower, yet commendable success
rates of 96.7% and 93.3% respectively. For the Chinese translation task, GPT-4 outperformed the
other models with an accuracy of 86.7%. In contrast, GPT-3.5 Turbo and GPT-4 achieved 76.7% and
80.0% success rates respectively. The three models did not show a significant difference in the

translation task (p= 0.481).

Table 1. Performance of all models, prompts on the summarization task

GPT-3.5 Turbo GPT-4 GPT-4 Turbo
Prompt gz);;l:i Bullet Points gﬁi:ﬁi Bullet Points Egﬁ;li Bullet Points
Word Limit (%) 0.467 0.967 0917 0.767 0.517 0.817
Reading Level (%) 0.183 0.283 0.217 0.217 0.533 0.317
Accuracy 1.767+0.500 1.783+0.49 1.800+0.480 1.733+0.634 1.800+0.48 1.767+0.563
Clarity 1.833+0.418 | 1.750+0.474 | 1.867+0.389 1.800+0.403 | 1.883+0.324 1.717+0.49
Relevance 1.883+0.415 | 1.900+0.303 | 1.883+0.372 1.967+0.181 | 1.900+£0.303 1.950+0.22
Completeness 1.533+0.623 | 1.583+0.645 | 1.483+0.624 1.667£0.601 | 1.583+0.619 | 1.650+0.547
Comprehensibility 1.817+0.469 | 1.800+0.403 | 1.883+0.324 1.900£0.303 | 1.900£0.303 1.817+0.39
Total Score 8.833+1.748 | 8.817+1.546 | 8.917+1.239 9.067£1.26 9.067+£1.087 | 8.900+1.298
Transiation (%) 0933 0967
g‘l:allltllzf:tion %) 0.767 0.867 0.800
Table 2. Statistical analysis results
| Growp | Criterion PR(>F) | X2 |
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Accuracy 0.970
Clarity 0.721
Relevance 0.630
Completeness 0.748
Comprehensibility 0.215
Models Total Score 0.572
Word Limit 10.178
Reading Level 35.468
Spanish Translation 2.069
Chinese Translation 1.015
Translation 1.463
Accuracy 0.213
Clarity 0.028
Relevance 0.177
Prompts
Completeness 0.154
Comprehensibility 0.149
Total Score 0.939

Two Different Prompt Comparisons: Textual and Bulleted Formats

We compared two prompting methods in terms of word limits, reading level, and quality assessment.
The major difference noted in the comparison of the two prompts was that responses generated from
prompt 2 (bulleted format) were superior in adhering to the target word limit. Specifically, 85.0% of
the responses from prompt 2 successfully achieved the word limit, in contrast to 63.3% of the
responses from prompt 1 (textual format) that fully satisfied the word limit. Utilizing prompt 1
resulted in only 31.1% of responses meeting our desired reading level, with a slight decrease to
30.0% for prompt 2. For the five quality criteria, both prompts achieved a similarly high score of
8.939 and 8.928 respectively (Figure 2b). Upon performing an ANOVA test to assess the differences
in performance between the two prompts, it was found that the variations between them were not

significant (p=0.939).
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Score

Clarity

Accuracy
Relevance
Completeness
Comprehensibility

GPT-3.5 Turbo GPT-4 GPT-4 Turbo
Model

Figure 2a. Assessment scores on each criterion between different models

Score

Clarity

Accuracy
Relevance
Completeness
Comprehensibility

Bulleted Format Textual Format
Prompt

Figure 2b. Assessment scores on each criterion between different prompts

Errors Evaluation
The errors that LLMs committed were categorized into inaccurate scope, inaccurate definition,
inaccurate expression, and meaningless points. Some examples are shown in Table 3.
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A common error observed with LLMs is their tendency to integrate their own knowledge and
interpretation rather than adhering strictly to the provided materials, such as an inaccurate scope. For
instance, when the text specified "to limit red meat." in the Nutrition topic, GPT-3.5 Turbo
inaccurately generalized this advice to "limiting animal-based food." This interpretation is not
entirely correct, as animal-based food encompasses more than just red meat, including white meat
such as chicken, which the original material did not intend to restrict.

Other observed errors involve inaccurate expressions. For instance, in Sexual health issues in men
with cancer topic, the original content suggested, "It is probably still important to maintain intimacy
with a partner." However, GPT-3.5 Turbo revised this to "it is still important to maintain intimacy
with a partner.”" This alteration results in a tone that may seem judgmental, deviating from the
original's more tentative stance.

Table 3. Error cases

Model Topic Output Error Type | Reason
“It  advises  limiting The chapter only mentions to
. animal-based food, | Inaccurate limit red meat, not all animal-
GPT-3.5 Turbo | Nutrition ! 4 m 4 an
processed  food, and | scope based foods (says it can make
alcohol consumption.” up half or less of diet).
Sexual The tailored content sounds a
Health "It is still important to little judgmental whereas the
. L . Inaccurate .M
GPT-3.5 Turbo | Issues in | maintain intimacy with a . original document says,
. " expression a N "
Men  with | partner. probably still important” and
Cancer is less assuming.
It seems to define meditation
« . . and mindfulness in one
These practices involve . . .
. . overarching definition, which
focusing the mind on . o
. . Inaccurate only defines meditation.
GPT-4 Mindfulness | present sensations, such P N
as breathine. a sound. or definition The model merged definitions
-, & ’ of MBSR and MBCT together
ge- and did not include difference
between types.
- . . The customized content falls
Learning: Educating . . -
short in terms of actionability.
yourself about cancer can o
. - . The purpose of tailoring
Making a | empower you to assist | Meaningless - .
GPT-4 Turbo . . content is to educate patients
Difference others. Resources are | point .
- . and caregivers, rather than
available  online, by -
e T expecting them to educate
phone, and in print.
themselves.

An example of inaccurate definition was identified within the Mindfulness topic, where GPT-4
defined meditation and mindfulness in one overarching definition for meditation. It also merged
definitions of mindfulness-based stress reduction and mindfulness-based cognitive therapy without
highlighting differences between the mindfulness interventions.

The last common issue is that LLMs may include information that, while accurate, might not be
actionable for patients. For instance, in Making a difference topic, GPT-4 Turbo correctly sourced
from the material that "Learning: Educating yourself about cancer can empower you to assist
others. Resources are available online, by phone, and in print." However, this information becomes
less useful in the absence of specific links or directions that could guide patients on where to start
their education.
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Discussion

To our knowledge, this is the first study to evaluate the capability of LLMs in tailoring
educational content for disadvantaged cancer survivors and their caregivers. In our study, all
three LLMs have demonstrated overall excellent performance in most criteria. The more
advanced GPT-4 family models showed better overall performance compared to GPT-3.5 Turbo.
GPT-4's high adherence to word limits and GPT-4 Turbo’s better compliance to reading level
compliance proved their ability to meet our requirements when tailoring content. Prompting
GPTs to produce bulleted-format content is likely to result in better educational materials
compared to textual-format content. All models exhibit strong capability in generating highly
relevant content. However, they fall short in terms of completeness. Overall, it is proven that
LLMs are highly effective in tailoring, condensing, and translating educational content for
disadvantaged cancer survivors and their caregivers. These findings inform future versions of
LLMs to focus more on the reading level and completeness of their output and the development
of tailored intervention materials for disadvantaged cancer survivors and their caregivers.
These promising results also indicate that LLMs can be a valuable tool in making educational
content more accessible and comprehensible to diverse patient populations.

The capabilities of LLMs in text analysis have been well studied. For example, our prior study
[34] examined the potential of LLMs to categorize clinical concepts from patient notes. Yet, this
study focused solely on the LLMs' comprehension of patients’ conditions from clinical notes
rather than educational materials. Veen et al’s study [53] assessed approaches for LLMs to
summarize clinical texts. Although it demonstrated overall preferred performance, especially
GPT-4, over human experts, the study was limited to the summarization of radiology report
findings and confined to three attributes: completeness, correctness, and conciseness, whereas
our study expanded on this topic by evaluating LLMs against seven distinct criteria.
Furthermore, none of the existing studies focus on education regarding supportive care in
cancer, whereas our innovative findings make a significant contribution to the literature in this
field.

Despite the excellence of LLMs in adhering to specified word limits and generating high-quality
content, several challenges remain. One notable area where LLMs struggle is in adjusting the
reading level of the content to accommodate patients from various educational levels. The
content tailored by LLMs often does not meet the intended FKG level. This oversight implies
that some individuals might find the content overly complex, potentially hindering their
understanding of health information and educational materials [54, 55]. Addressing this
challenge is essential for maximizing the applicability of LLMs and ensuring that all cancer
survivors receive the support they need to manage their cancer effectively.

It is also observed that the accuracy of Spanish translations is significantly higher than that of
Chinese translations. This finding is expected, given the abundance of Spanish content available
online compared to Chinese content that can serve as training materials. Previous studies [56,
57] have shown that LLMs’ performance in different languages has a clear correlation with the
proportion of each language in the pre-training corpus. Without fine-tuning, LLMs have a much
higher performance in high-resource languages like German, French, and Spanish, and a
significantly lower performance in low-resource languages like Kannada, Occitan, and Western
Frisian [56, 57].

The educational content errors could be detrimental to cancer survivors and their caregivers
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by providing false physical activity, diet, or medication suggestions. Therefore, content
produced by LLMs should undergo thorough evaluation and validation before the content is
utilized in a clinical setting [38, 58, 59]. Our analysis has identified multiple errors in the
outputs from LLMs, including inaccuracies in scope, expression, and definition. These types of
errors can lead to the dissemination of misinformation, potentially causing harm to patients
[60]. Therefore, such inaccuracies must be identified, analyzed, and rectified to prevent any
negative impacts on patient care. Our study also detected some meaningless points that were
not actionable in LLMs’ outputs, which could increase the reading burden on patients and their
caregivers. Recommendations should highlight actionable information for disadvantaged
cancer survivors and their caregivers to reduce the burden of reading educational materials,
emphasizing the need for LLMs to prioritize the utility and applicability of the information they
present. Additionally, education content should be evaluated and validated by content experts
before the it is available to cancer survivors and their caregivers.

In addition, both Xiao’s and Asthana’s studies [36, 37] evaluated the performance of fine-tuned
LLMs in non-clinical environments. Their results highlighted the significant potential of LLMs
in summarizing general text through the adoption of advanced fine-tuning techniques. It is
possible that fine-tuning could further improve LLMs' capacity to analyze educational materials
specifically tailored for groups such as disadvantaged cancer survivors and their caregivers.
With this additional data, more advanced fine-tuning techniques such as instruction tuning [57,
61, 62] and parameter-efficient fine-tuning [63] can be implemented, and are likely to further
enhance the performance.

Limitations

While the study has shown promising results, it has several limitations. Firstly, the dataset size
remains relatively small, which could restrict the generalizability of the findings to broader
topics. Secondly, we lacked participant assessment. Relying solely on oncology experts to
evaluate the outputs from LLMs might create obstacles when applying these findings to actual
cancer patients and their caregivers. While our oncology experts deeply value caring for
disadvantaged populations, it's important to note that they are highly educated and might have
unintentional biases. This could make it challenging for them to view educational content from
the perspective of individuals with low health education and literacy. Therefore, future studies
can be broadened to include a wider range of educational topics and additional annotations
from cancer patients and their caregivers. Thirdly, this study was limited to zero-shot learning
because of the lack of training data. It could be expanded by collecting tailored content from
human experts to serve as training data. Finally, due to a limited number of annotators from
diverse backgrounds, our study was only able to evaluate translations in two languages. Our
analysis suggests that translation performance can vary between languages, influenced by the
availability of content in each language. It is important to note that these findings may not be
generalizable to languages spoken by smaller populations, where content availability and
linguistic nuances could further affect translation accuracy.

Conclusions

The study highlights the application of LLMs in cancer care while being cognizant of their
potential limitations. All three LLMs have demonstrated overall high capability in tailoring
educational content for disadvantaged cancer survivors and their caregivers. GPT-4 family
models showed better overall performance compared to GPT-3.5 Turbo. Prompting GPTs to
produce bulleted-format content can generate better educational content. The findings from
this study inform the intervention development and implementation in cancer symptom
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management and health equity. Additional studies are warranted to expedite the integration of
Al-driven solutions into clinical settings.
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