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RESEARCH ARTICLE
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cResearch Department, Cambridge Matrix, Cambridge, UK

ABSTRACT
Technology continues to change how we manage our health, and recent break-
throughs in Artificial Intelligence have increased the adoption of Large Language
Models (LLMs) in healthcare. Since the launch of ChatGPT, LLMs have been increas-
ingly used for health information; this study, therefore, aimed to qualitatively assess
fertility information provided by LLMs. Content generated by four LLM platforms:
ChatGPT, Gemini, Copilot, Perplexity, were analysed comparatively. Thirty-seven
prompts were generated, covering five topics: menstrual cycle, conception, risk factors,
assisted reproductive technologies and age-related fertility decline. Prompts were ana-
lysed for concordance, comprehensibility and conciseness. Safety warnings for all plat-
forms were recorded. LLM platforms generally provided concordant answers for
menstrual cycle, conception, and risk factors. However, content on assisted reproduct-
ive technologies was the least accurate. Perplexity provided the highest number of
strongly-concordant and poorly-concordant responses. Comprehensibility was similar
across platforms. ChatGPT was the most concise. Not all platforms provided warning
or safety messages regarding potential inaccuracies. LLMs present an opportunity to
expand access to fertility and reproductive health information not only for individuals
and patients, but also for clinicians, researchers, educators, charities, reproductive
health organisations and policymakers. Nevertheless, attention must be paid to the
quality of information generated in order to ensure that professionals have accurate
guidance, and that individuals can access quality information to help achieve their
desired fertility and reproductive health intentions.
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Introduction

Generative Artificial Intelligence (GenAI) refers to AI technologies which are able to generate new con-
tent, such as text, images, or other media, based on the data they have been trained on (Jackson &
Pinto, 2024). The rise of GenAI in healthcare is transforming the way that medical data is generated,
processed and used, and the technology holds high potential for the advancement of health information
(Raza et al., 2024). Large language models (LLMs), an increasingly powerful form of Gen AI, are capable
of analysing and generating human-like text based on the data on which they have been trained
(Reddy, 2024).

LLMs can analyse vast amounts of health literature, synthesise findings and provide summaries in a
format that is easy for non-experts to understand (Clusmann et al., 2023; Raza et al., 2024). As these
models, which are fed with an extremely large dataset, are increasingly used across population groups,
they are becoming almost as good as humans in answering medical questions (Gilson et al., 2023).
These AI technologies therefore offer a significant potential for healthcare information to be more
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adaptable (Tam et al., 2024), understandable and could provide access to encyclopaedic information on
healthcare (Lu et al., 2024), including fertility, enabling proactive and tailored patient information (Grace,
2025).

As individuals continue to delay childbearing for various justifiable reasons (Mertes et al., 2023), the
average age of first-time parents continues to increase, especially in high-income countries. According to
the UK Office for National Statistics (ONS, 2024), total fertility rate - the rate needed to maintain a popu-
lation’s size - in England and Wales has fallen to a record low of 1.44 per woman. These data highlight
the largest decline since records began and there is a similar trend in other high-income countries
(OECD, 2024). Due to these demographic shifts in recent years, several stakeholder groups have been
driving initiatives to improve fertility education (Beilby & Hammarberg, 2024; Cheshire et al., 2024;
Ekstrand Ragnar et al., 2025).

Several research studies have shown that fertility awareness is low across many population groups
(Grace et al., 2023a; Hammarberg et al., 2017; Kudesia et al., 2017). Good knowledge and awareness of
fertility and reproductive health has the potential to minimise the impact of infertility from modifiable
factors, highlighting the importance of good fertility education across reproductive age (Martins et al.,
2024). Additionally, fertility education can help improve reproductive autonomy, body literacy and the
ability to make good health decisions beyond child-bearing intentions.

Improving fertility education requires a good understanding of the sources of reproductive health
and fertility information. Online digital sources are often cited as popular sources of fertility information
across reproductive age (Grace et al., 2023b). Reasons for this include access, perceived anonymity, and
the speed of obtaining answers. Google is already widely used for seeking medical information
(Schneider-Kamp & Kristensen, 2019).

In terms of other digital sources, since the public launch of Chat-GPT, LLMs are increasingly being
used to seek health information (Kung et al., 2023; Lautrup et al., 2023; Lu et al., 2024; Sarraju et al.,
2023), highlighting the usefulness of LLMS in improving health education. However, research (Farquhar
et al., 2024) has highlighted risks of inaccuracies, including hallucination, generation false outputs, and
unsubstantiated answers associated with AI-generated information. This study aimed to comparatively
assess fertility and reproductive health information generated via LLM platforms via qualitative content
analysis to explore their potential as useful tools in reproductive health education.

Materials and methods

Two questionnaires on fertility knowledge (Grace et al., 2023a; Kudesia et al., 2017), covering a range of
topics on fertility and reproductive health, were used to generate 37 questions (See Supplementary
material 1). The two fertility knowledge questionnaires, published within the last 7 years, were selected
due to the breadth of topics covered which included: Menstrual cycle (5 questions), Conception (7 ques-
tions), Assisted reproductive technologies (ARTs) (8 questions), Age-related fertility decline (8 questions),
and Risk factors associated with fertility (9 questions).

Four LLM platforms: ChatGPT 4.0 Free; Copilot Free; Gemini 1.0 Free (formerly known as Bard); and
Perplexity Free, were selected for analysis based on popularity and access (Google, 2024; Microsoft,
2024; OpenAI, 2024; Perplexity AI, 2023). A comparative analysis of the responses from these LLM plat-
forms was conducted. Only free versions of LLMs were used, as a wider population of individuals are
more likely to access these free versions than paid versions. Safety features or warning messages pro-
vided by LLMs were recorded.

To convert the questions from the questionnaires to prompts, text summarisation was conducted,
and multiple-choice questions were converted to closed questions. To minimise the impact of previous
responses affecting subsequent ones, each prompt was inputted independently for each LLM platform.
Screen captures of LLM responses were saved to provide a snapshot of information at the time of
research and for independent review. Text for each prompt was then copied into a Microsoft Excel file
for assessment and scoring. Four researchers (HD, JZ, FA, and BG) collected data provided by LLM plat-
forms over a four-month period between June and September 2024.

To allow for a comprehensive qualitative assessment of results provided by LLMs, a scoring system
was developed based on the criteria for evaluating LLMs by Lautrup et al. (2023) and Van Veen et al.
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(2024). Lautrup et al. (2023) applied adaptation methods to eight LLMs, across four clinical tasks and
provided a methodology for assessment via evaluation of results for completeness, correctness and con-
ciseness. Additionally, Van Veen et al. (2024) qualitatively assessed the capability of ChatGPT on 123
prompts and developed a model for LLM evaluation, including whether they are concise, comprehensive
and comprehensible. In summary, in the present study, each response was assessed on Likert scale of
1–5 across three key measures: concordance, comprehensibility and conciseness.

‘Concordance’ is scored based on correct responses against the standard questionnaire answers,
where a score of 5 indicates high concordance and a score of 1 indicates low concordance. For
‘Comprehensibility’ 5 indicates clear and easy to understand responses; and 1 indicates difficulty in
understanding responses. Similarly, for ‘Conciseness’ 5 indicates short content with relevant information,
and 1 indicates a verbose response with less relevant information. For concordance, in addition to stand-
ard questionnaire answers, where applicable, the accuracy of answers which could be subject to change
over time (e.g. ART costs), was assessed using recent information from evidence-based sources: the UK
Human Fertilisation and Embryology Authority and the American Society for Reproductive Medicine.

Following initial assessment by the first reviewer, all scores were independently checked by an add-
itional two reviewers, to ensure consistency, and any discrepancies were resolved by discussion between
researchers. Comparative analysis of all five sources of information and data visualisation was carried out
using Tableau Data Analysis Software, V. 2024.2. Ethical considerations are critical in research. Although
this research falls outside the scope of studies requiring University College London Institutional Review
Board Ethics Approval, as it did not include human participants, ethical considerations of the use of
LLMs were taken into account by authors (Ong et al., 2024).

Results

The comparative analysis of the LLM platforms across measures of concordance, comprehensibility and
conciseness for different fertility and reproductive health topics is summarised in this section.

How do LLM platforms compare with each other?

Across measures, LLM platforms performed better for comprehensibility than conciseness or concord-
ance. ChatGPT and Copilot returned similar concordance for fertility and reproductive health information,
which was expected, given both use the OpenAI GPT-4 LLM. Both achieved slightly higher concordance
than Gemini and Perplexity, although the latter has the highest incidence of high-scoring concordance
(5) and low-scoring concordance (1). Concordance depended on the questions asked. All platforms
Scored 5 on 50% of responses, but also provided inaccurate responses to different extent, dependent on
topic. In terms of conciseness, Perplexity tended to be more verbose while ChatGPT was more concise.
Comprehensibility was generally high for all platforms; all scored very similarly, as summarised in
Figure 1.

How do LLM platforms compare across different fertility and reproductive health topics?

Analysis based on fertility and reproductive health topics show that all platforms returned generally con-
cordant information on menstrual cycle and conception (Figure 2). LLMs also returned concordant infor-
mation on risk factors. Information on assisted reproductive technologies was low across all LLM
platforms. All platforms were highly comprehensible and generally concise.

To highlight high concordance for age-related fertility decline, when prompted for: ‘around what age
does the female fertility start to decline?’ to which the questionnaire response is ‘around 30–35 years’,
the LLM platforms provided the following responses:

� ChatGPT: ‘Female fertility starts to decline around the age of 30, with a more significant decrease
after age 35’.

� Gemini: ‘Female fertility starts to decline gradually in the early 30s, and more rapidly after 35’.
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� CoPilot: ‘Female fertility generally begins to decline at around age 32 and then drops off more
dramatically after age 37’.

� Perplexity: ‘Female fertility typically starts to decline in the late 20s, with a more significant decrease
after age 35’.

In another example of high concordance, when prompted for: ‘Over the course of 1month, what is
the percent chance that a 30-year-old woman who is trying to get pregnant will get pregnant?’ to which
the questionnaire response is ‘20%’, the following responses were generated:

� ChatGPT: ‘The percent chance that a 30-year-old woman who is trying to get pregnant will conceive
in one month is about 20%’.

� Gemini: ‘Around 20% chance’.

Figure 1. Comparative analysis of LLM platforms.
The colour gradient denotes high versus low scores. The stronger the shade of blue, the higher the score, and the
stronger the shade of red, the lower the score with grey indicating the neutral mid-point (3). The black lines denote
the average score for each measure.

Figure 2. Fertility and reproductive health topics assessment by LLM platforms.
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� CoPilot: ‘A healthy, fertile 30-year-old woman has a 20% chance of getting pregnant each month’.
� Perplexity: ‘A healthy 30-year-old woman has about a 20% chance of getting pregnant each month’.

These responses scored high for concordance, conciseness and comprehensibility.
To highlight varied concordance for ARTs, when prompted for: ‘When using frozen eggs from women

less than 37 years old, what is the live birth rate per thawed egg?’ to which the questionnaire response
is ‘�10%’, the LLM platforms generated the following responses:

� ChatGPT: ‘When using frozen eggs from women less than 37 years old, the live birth rate per thawed
egg is approximately 2% to 12%’.

� Gemini: ‘The live birth rate per thawed egg using frozen eggs from women under 37 is around
60-70%’.

� CoPilot: ‘The live birth rate per thawed egg from women less than 37 years old varies, but one study
suggests it could be around 70%’.

� Perplexity: ‘When using frozen eggs from women less than 37 years old, the live birth rate per
thawed egg is approximately 70% when at least 20 mature eggs are thawed’.

While ChatGPT had high concordance, the others had low concordance, especially when safety fea-
tures are considered. At the time of the study, no caveats, warnings or safety features were included for
Co Pilot and Gemini, but ChatGPT and Gemina provided safety features.

In another example of varied concordance, when prompted for: ‘Can having less than 9 periods in a
year be normal for some women and not require any further evaluation?’ to which the questionnaire
response is ‘No’, the following responses were generated:

� ChatGPT: ‘No, having less than 9 periods a year is generally not considered normal and typically
requires further evaluation to determine the underlying cause’.

� Gemini: ‘No. Having less than 9 periods in a year (fewer than one every 42 days) is typically not nor-
mal and may warrant evaluation by a healthcare professional’.

� CoPilot: ‘While menstrual cycles can vary, having less than 9 periods in a year is generally not consid-
ered normal and may warrant further medical evaluation’.

� Perplexity: ‘Yes, having less than nine periods in a year can be normal for some women, particularly
those with oligomenorrhea, and may not require further evaluation unless accompanied by other
concerning symptoms’.

While ChatGPT, Gemini and CoPilot had high concordance, Perplexity did not. All platforms were con-
cise and generally comprehensible.

Safety features

LLM safety was considered in terms of warning messages provided by LLM platforms. All safety warning
messages were recorded as summarised in Table 1. At the time of the study, where provided, full text of
safety features is outlined in Supplementary material 2.

Discussion

This study comparatively analysed fertility and reproductive health information obtained via LLM plat-
forms, with insights into AI-based outputs. It provided qualitative assessment of the information across
three key measures - concordance, comprehensibility, and conciseness.

Concordance, comprehensibility and conciseness across platforms

Overall, LLM platforms generally returned correct answers to fertility and reproductive health questions
around menstrual cycle, conception, and risk factors; however, content on assisted reproductive
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technologies was the least accurate. These findings are similar to other studies, where ChatGPT tended
to provide accurate information on health topics (Shieh et al., 2024; Torun et al., 2024; Walker et al.,
2023) including fertility and reproductive health (Beilby & Hammarberg, 2024; Chervenak et al., 2023).
LLMs use a generative approach by synthesising a new set of information from large datasets, rather
than surfacing individual, human-generated articles (Clusmann et al., 2023).

From a technological perspective, it has been reported that LLMs are still in their infancy. However,
the pace of their evolution has been fast (Chiarello et al., 2024). LLM platforms have rapidly developed
over the past couple of years and are showing a high potential to transform access to medical informa-
tion (Raza et al., 2024). The quality of machine-generated content obtained via LLM platforms is improv-
ing rapidly. Within a short time, LLM platforms are proving to be more comprehensive sources of
reliable health information (Waldock et al., 2024) than search engine outputs.

ChatGPT by OpenAI, Copilot by Microsoft and Gemini by Google are the leading LLM platforms.
ChatGPT is by far the most popular and well-known GenAI product (Fletcher & Nielsen, 2024).
Comparative analysis of the LLM platforms evaluated in this study showed that ChatGPT 4 and Copilot
have similar concordance for fertility and reproductive health information. This is unsurprising as both
platforms are based on the same Generative Pre-Trained Transformers (GPT-4), whereas Google’s Gemini
and Perplexity AI’s LLM platforms are based on proprietary LLMs. In this study, ChatGPT and Copilot
returned slightly more concordant responses than Gemini and Perplexity, even though Perplexity pro-
vided the highest number of strongly-concordant and poorly-concordant responses versus other LLM
platforms.

Another important measure of health information sources is how easy and understandable the infor-
mation presented is. We found that, for most prompts, the information provided by LLM platforms was
almost indistinguishable from human-generated content, highlighting high comprehensibility. This is cor-
roborated by previous articles which highlight that LLM platforms are able to generate human-like
healthcare information (Reddy, 2024). Nevertheless, readability remains crucial from a patient perspec-
tive, and it remains important to ensure that responses are tailored to the literacy levels of intended
users (Tepe et al., 2024). In terms of conciseness, our findings show that machine-generated text is often
more efficient at conveying a message, with less use of redundant words or phrases, than human gener-
ated text.

Fertility and reproductive health topics, safety and ethical considerations

In terms of fertility and reproductive health topics, information generated on general reproductive biol-
ogy such as menstrual cycle and conception was largely accurate. This was similar to information on risk
factors associated with fertility. However, generated text about important aspects of ARTs was inaccur-
ate, presenting potential risk and safety issues for fertility patients where LLMs are used as sources of
information for patients and healthcare professionals alike. For example, when asked about birth rate
per thawed egg when using frozen eggs, some platforms in this study provided inaccurate responses.

Table 1. Summary of safety features.
Platform Safety feature summary

ChatGPT Upon creating an account, ChatGPT advises against sharing
sensitive information and warns users of potential inaccuracies. A
warning is also displayed under the prompt input that warns of
potential inaccuracies

Gemini Before inputting a prompt, a message is displayed warning that
saved chats may be reviewed for improvement purposes. Similar
to ChatGPT a warning is displayed below the prompt input that
warns of potential inaccuracies. In addition, responses can be
cross referenced with Google search and any discrepancies are
highlighted

Copilot No warnings or safety features displayed
Perplexity No warnings or safety features displayed however, upon creating

an account a message is displayed highlighting that Perplexity is
accurate and includes citations

Google No warnings or safety features displayed
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One explanation for the difference in concordance on these topics is the large body of source mater-
ial on basic reproductive biology compared to the much smaller body of source material on ARTs and
their fast-changing nature due to the advancement in ARTs through innovation. Another possible
explanation is LLM hallucination. This refers to GenAI systems generating inaccurate, fabricated, non-
existent responses with a high level of confidence (Farquhar et al., 2024). This adds to the challenges
associated with online sources of fertility information.

LLMs can only be as reliable as their training datasets. When models are fed incorrect and/or biased
information, their responses will contain the same inaccuracies. Interestingly, Perplexity, which provided
a safety message on accuracy based on citations, provided the highest number of strongly concordant
as well as the highest number of poorly concordant responses. For some prompts, information gener-
ated from the scientific literature referenced by the platform needed to be more representative of the
broader population i.e. Perplexity in this study appeared to overweigh data for rare conditions versus
those for a normal healthy population. This has implications for training datasets, even when based on
published papers, as scientific literature is not foolproof to inaccuracies. Furthermore, the information
can change over time.

The rise of social media influencers who are able to rapidly generate fertility content online using
LLMs combined with the potential for plausible, yet unverified, inaccurate and/or fabricated information,
as well access to a large audience could create a perfect storm for fertility misinformation. Reproductive
health organisations need to pay attention to this risk. This becomes more complicated as evidence
shows that misinformation spreads up to six times faster online than accurate information (Grace et al.,
2025; Menz et al., 2024). Evidence shows that when not carefully monitored, LLM platforms have the
potential to drive an infodemic threat in public health (De Angelis et al., 2023).

Security and safety concerns also present risks to the application of LLMs in clinical care (Andrew,
2024). ChatGPT and Gemini provided users with warning of potential inaccuracies; the other platforms
evaluated did not provide such caveats. In this study we found evidence of LLM platforms’ inaccurate
response to success rates of egg-freezing. No safety features were included for two platforms (Co-pilot
and Perplexity) at the time of study. It is important for users to understand the limitations of information
generated by LLMs. In their article on GenAI safety principles, Obika et al. (2024) highlight the impor-
tance of safety considerations. They provide a framework for medical summarisation using generative AI
with considerations for intended purpose, identification, evaluation, mitigation of risks, as well as
monitoring.

In terms of broader implications, an important consideration is the impact on health equity in fertility.
Despite significant potential, use of LLMs in reproductive health, is still relatively low from a global per-
spective, with use concentrated in high income countries (Fletcher & Nielsen, 2024). To promote health
equity, it is important that LLMs are trained on data which are representative of diverse population
groups and that they are thoroughly tested for bias. Ethical considerations should always be taken into
account when using LLMs, to ensure that the interests of patients are prioritised (Li et al., 2023).

Study strengths and limitations

In terms of study strengths, this study provides a qualitative content analysis of four LLM platforms on
fertility and reproductive health information, allowing for direct comparison of AI-generated outputs,
based on the same test instrument. The number of LLM platforms reviewed, number of reviewers, and
prompts based on fertility questionnaires are key study strengths. A key limitation is the subjectivity
inherent with qualitative assessments, even though the authors provided some mitigation by including
multiple reviewers.

Another limitation is the generalisability of the study findings. The prompts are based on established
questionnaires which have been reviewed by researchers; it is likely that non-experts, in real-world
usage, are likely to use simpler terms when prompting LLM platforms and this will generate different
responses depending on the sophistication and phrasing of each prompt. Comprehensibility is more
than likely to vary among the general public, depending on factors such as educational status or levels
of reading comprehension. Additionally, LLMs continue to be updated, and improvements to current
versions of the platforms can be made within a relatively short period of time. However, this study
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provides a snapshot of information which could be useful for several stakeholders, especially experts,
clinicians, academics, educators, researchers, policy makers and reproductive health groups who seek to
generate content which can help improve fertility and reproductive health education.

Conclusions

GenAI is transforming how we access information, and the use of LLMs for healthcare information will
continue to develop rapidly. As the concerted effort by various groups to improve fertility awareness
continues to increase, LLMs present an opportunity to widen the sources of reliable fertility and repro-
ductive health information for individuals, healthcare professionals, educators, researchers, charities, poli-
cymakers, reproductive health organisations, and other stakeholders. This has a huge potential as a tool
for improving reproductive health education for individuals and notably, for increasing clinician aware-
ness. However, attention must be paid to the quality of information generated, in order to ensure that
individuals obtain accurate, reliable and understandable information to help them achieve their desired
reproductive health and family building intentions.
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