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Abstract

Background: Large language models (LLMs) offer opportunities for sexual health education, but integrating them into
digital products presents clinical challenges and risks, particularly regarding clinical safety and monitoring at scale. This study
designed and evaluated a safety-focused framework for an LLM-based sexual well-being chatbot in a mobile application.
Methods: We conducted a methods-focused feasibility study comprising a multi-stage development and evaluation of the
chatbot. We used an interdisciplinary, medically led three-phase development process, including a five-stage evaluation
framework combining synthetic test cases, clinician-led vulnerability testing and controlled release to real users to assess
clinical accuracy and safety.

Results: The chatbot met predefined precision and recall thresholds in synthetic testing. Clinically inaccurate responses
remained below 2% across clinician review stages, with no high-severity unsafe responses. In a controlled release, 5195
real user interactions were reviewed. Clinically inaccurate responses occurred in 0.90% (47/5195) of dialogues, with
unsafe responses within severity thresholds.

Conclusion: This study demonstrates the feasibility of a structured framework for developing and evaluating LLM-based
sexual health chatbots with clinical safety oversight. This approach helps to address gaps in safety reporting and could be
adapted for other sensitive clinical domains.
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Introduction guidance, potentially leading to inappropriate reassurance,
delayed help-seeking or the reinforcement of harmful mis-
conceptions.**? As interactions scale, the scope and com-
plexity of outputs increasingly exceed what can be

Large language models (LLMs) are rapidly transforming
the way health information is delivered, enabling conversa-
tional agents that can provide continuous, personalised and
interactive health education.'™ Compared with traditional
rule-based systems, LLM-powered chatbots offer a more
fluid and human-like dialogue, expanding their use across
diverse areas of consumer health education.*
Alongside these opportunities, growing evidence high-  Alice E McGee and Guy Parsons are the joint first authors.

lights fundamental safety concerns. LLMs may generate .
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monitored through manual review alone, underscoring the
need for structured, proactive approaches to safety that
extend beyond retrospective checking.*®

These challenges become particularly pronounced in
sexual health education, a domain characterised by heigh-
tened personal sensitivity, stigma and vulnerability. In this
context, inappropriate chatbot responses may minimise
symptoms requiring clinical evaluation, provide misleading
information, fail to recognise disclosures of coercion or
abuse or employ judgemental language that reinforces
shame and exclusion.'®™"* In addition, existing Al-driven
sexual health tools remain largely framed through a risk-
prevention lens, prioritising disease avoidance over holistic
sexual well-being, pleasure or relational aspects.'*!

While several frameworks have been proposed to evalu-
ate health chatbots and Al systems (e.g., HAICEF,
CHART, QUEST, DECIDE-AI), their application has
focused primarily on clinical decision support or general
medical advice.'®'® Evaluations commonly prioritise
usability, feasibility and short-term behavioural outcomes,
offering limited insight into how safety, governance and
risk mitigation are practically operationalised.'*!%-20-22
Even studies that explicitly provide external reviews of
the correctness and safety of sexual health chatbots®>**
assess already deployed systems from an outside perspec-
tive and do not report the internal, end-to-end frameworks
used to design and operate them. To our knowledge, no
published work describes such a framework for a chatbot
designed primarily around holistic sexual well-being.

In response to this gap, we developed an LLM-based
educational chatbot, ‘Expert’. Rather than treating safety
as a peripheral compliance requirement, our approach posi-
tions clinical safety and risk governance as central design
and evaluation outcomes. This includes translating high-
level safety principles into explicit design requirements
and implementing technical and content safeguards during
chatbot development.

Given the limitations of manual review at scale, we also
incorporated a second LLM as an auxiliary ‘Critic’ to sup-
port semi-automated evaluation by flagging potentially
problematic responses for clinician review. This paper
describes this Expert-Critic architecture and reports results
from a staged feasibility evaluation of the chatbot.

Methodology

Study design and feature overview

This methods-focused feasibility study describes the safety-
focused development and evaluation of an LLM-based edu-
cational chatbot (‘Expert’) embedded within a commercial
mobile application, following interaction with a sexual
wellness programme. The programme, led by a certified
sex therapist, provides stepwise psychoeducational content
and exercises to promote sexual well-being. The Expert

provides educational information, supports reflection and
signposts users to further in-app content.

The Expert prompt included a persona defining how the
agent should support users, plus medical and product rules
guiding responses. Medical rules (developed by the medical
team) specified the handling of health-related content and
defined answer limits. Product rules (developed by the
product team) defined tone, language and non-medical
behaviours consistent with app design. Additionally, the
Expert featured a medically verified knowledge base and
a recap reinforcing critical rules.

Phase |: conceptualisation

Minimising risk. In Phase 1, a cross-functional team of 28
contributors (comprising four clinicians, eight data scien-
tists/engineers, three privacy and three legal and compli-
ance experts, three security specialists and seven product
specialists) was purposively assembled on the basis of
organisational roles and expertise. Clinical, technical, prod-
uct and governance responsibilities were represented
throughout to support hazard identification, mitigation deci-
sions and oversight.

As a further risk-reduction step, we selected sexual well-
being education as the application focus, judging it to be
lower risk than higher-stakes clinical domains (e.g.,
pregnancy-related concerns) and than diagnostic or triage
use cases. The chatbot’s role was defined as educational,
explicitly excluding diagnostic, triage or emergency advice.

To further reduce risk, the chatbot was made available
only after users engaged with in-app sexual wellness con-
tent, aiming to reinforce rather than introduce information
(Figure 1).

User journey mapping. Workshops mapped user journeys
and interaction patterns to understand chatbot use, identify
over-reliance points, and surface potential hazards (e.g.,
urgent care requests, risky situation disclosures), informing
design decisions.

Proof-of-concept and UX testing. We conducted a proof-
of-concept (POC) study evaluating both the model and
the interface. Clinical test cases covered typical user ques-
tions and adversarial interactions (including malicious or
out-of-scope inputs) to identify vulnerabilities and unsafe
behaviours.

In parallel, a clickable prototype and basic LLM with a
custom prompt were tested with users in nine moderated
interviews (up to one hour each). Observations informed
refinements to conversational design, user onboarding and
safety messaging.

Risk assessment. POC findings informed structured clinical
risk assessment using ‘what if ..." scenario analysis® to identify



McGee et al.

CHOICES FOR MINIMAL RISK
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USER JOURNEY MAPPING

Multidisciplinary team
mapped out the user
journey

‘Type of clinical
tost cases
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CONCEPTUALISATION STEPS

POC TESTING

Custom GPT

Aim: collect experience to shape
« design
« tone of voice
« clinical safety and accuracy
« prompting

Examples.

Reasoning

Typical (Safe)

UX TESTING WITH CLICKABLE PROTOTYPE

1. To identify user journey issues

2. To evaluate degree of transparency and
explainability of the feature provided through
consent and disclaimers:

« How GenAl works

« GenAl potential for mistakes

« Users understanding around data privacy

« Purpose or intended use of the feature (that it
would not provide medical advice)

w

. To observe users interacting with basic LLM to

RISK ASSESSMENTS

Compliance assessment
To ensure legal compliance

Privacy assessment
To ensure data and privacy protection

Security assessment
To detect and prevent cybersecurity
vulnerabilities

Product feedback/learnings
To understand user behavior and
expectations

Systematic clinical risk assessment
To identify clinical risks and mitigate
them

—_—

|
N

Prompt
creation

ask

understand the sorts of questions they might

Figure |. Conceptualisation steps.

hazards and mitigations. Each hazard was recorded in a hazard
log with risk level assigned using a risk matrix consistent with
NHS Digital clinical safety standard DCB0129.%°

This assessment was updated iteratively throughout the
development process. Mitigations included design changes,
disclaimers, prompt adjustments and user base restrictions.

Phase 2: developing the chatbot’s core logic

To ensure safe and accurate performance at scale, we pro-
vided the Expert with system prompts (‘core logic’) con-
taining rules derived from human domain expertise,
defining tone, scope, handling of sensitive topics and
when to encourage human support (Figure 2).

Prompt creation. POC and risk assessment insights informed
initial rules (Table 1) covering medical content and product
behaviours. Each rule included positive and negative exam-
ples with reasoning to clarify classification.

Iterative development of the system prompt and ruleset. The
ruleset was refined iteratively using the Critic, built with
the same rules but a different underlying model. Using a dif-
ferent model reduced the risk of replicating Expert behav-
iour or sharing blind spots. The Critic identified rule
inaccuracies and ruleset inconsistencies difficult to detect
manually (e.g., conflicts, redundancies). Medical and prod-
uct teams reviewed proposed changes before adoption. This
Expert-Critic workflow refined examples of good and poor
practice, supporting more cohesive ruleset development.?’

Phase 3: evaluation framework

We conducted a mixed-methods assessment focusing on
safety, clinical accuracy and user experience through five
stages (Figure 3), combining synthetic test cases, expert
review and real user interaction analysis.

Stage I: critic evaluation. Given the anticipated high user inter-
action volumes, manual evaluation of all dialogues was deemed
infeasible. Stage 1 consequently assessed whether the Critic
could reliably flag problematic Expert responses. Medical and
product teams created three response pairs per rule (28 medical,
16 product), labelled as ‘good’ or ‘bad’ with reasoning. The
Critic trained on two pairs; the Expert used the third.

We set a precision threshold of >80% (ensuring flagged
responses were usually correct) and a recall threshold of
>90% (maximising detection of true issues), balancing false
positive minimisation with problematic case identification.
In the absence of relevant published benchmarks for similar
systems, thresholds were set pragmatically by medical and
product teams.

Stage 2: expert evaluation on synthetic cases. In Stage 2, we
iteratively developed 341 test cases (containing up to three
user inputs each) covering key interactions and high-risk
topics from risk assessment and POC. The data science
team ran these test cases, and the Critic classified
responses as pass/fail with reasoning. Clinicians reviewed
responses for clinical accuracy and safety, while the prod-
uct team reviewed product-rule adherence and conversa-
tional behaviour. Findings were used to analyse errors



CREATION
PROMPTS THE ITERATIVE CREATION PROCESS
Struct Expert \WE LE4
et development Q&S /?4’/,1’
<persona> <rules> <knowledge base> <recap> <\‘<« (]
; i \
|
Prompt Initial version of Refined version of
/ creatisn ? Expert and Critic — ASSESSMENT —> Expert and Critic
Critic
development
Explanation

Figure 2. LLM creation process.

and refine the ruleset iteratively until performance met pre-
defined thresholds.

Responses were rated along several axes (Table 2): clin-
ical accuracy, safety and potential for bias. Clinical accur-
acy was assessed by clinician review only, using a
predefined rubric rather than an inbuilt or automated scoring
function. Ratings were informed by evidence-based guid-
ance in women’s sexual and reproductive health and by
internal medical standards. Responses were classified as
clinically inaccurate if they were factually inconsistent,
incoherent or incomplete/irrelevant. ‘Unsafe’ responses
received severity-based risk levels informed by our hazard
log and RCOG clinical governance advice.”® Acceptance
levels were specified per severity category (Figure 3), con-
sidering both severity and frequency.

The >90% accuracy threshold referred to the proportion
of Stage 2 responses judged clinically accurate. In the
absence of established benchmarks, this threshold was set
by expert consensus, aiming to support user trust through
predominantly error-free information. ‘Potential for bias’
captured biased or discriminatory responses.

Stage 3: medical stress-testing of the expert. In Stage 3, five
doctors (four blinded to feature development and to each
other) each ran up to 20 test cases (100 + total). Half
involved typical interactions; half were adversarial to
expose vulnerabilities and edge cases. Acceptance criteria
were more flexible than Stage 2 (Figure 3), prioritising iden-
tification of failure modes over accuracy estimation.

Stage 4: pilot testing of the expert. In Stage 4, the Expert was
released experimentally to approximately 3% of eligible
users in the sexual wellness programme. All responses
were reviewed daily until 5000 accumulated, ensuring
none could cause major harm. Thereafter, reviews focused
on negative feedback, incorrect/missing information, Critic-
flagged unsafe responses, and high-failure-rate rules.

Had the experiment progressed to routine deployment
with satisfactory Critic performance, we planned to

randomly review at least 5% of dialogues weekly (capped
at 50 per week), in addition to Critic- and user-flagged con-
versations, as a pragmatic ongoing safety check.

Stage 5: planned post-market surveillance. Stage 5 outlined
planned post-market surveillance for future wider release.
Though not reached during this experiment, we pre-
specified continuous monitoring involving regular clinician
and product staff review of random and flagged dialogues.
A triggered review process would activate for significant
model or prompt changes or significant user concerns, lead-
ing to focused assessment and remediation.

Results

Overview

The Expert-Critic architecture underwent a four-stage
evaluation. Results are shown in Table 3.

Stage |: critic performance. The Critic achieved 84.16% pre-
cision and 95.76% recall, exceeding predefined thresholds
(>80% precision, >90% recall), demonstrating reliable dis-
tinction between acceptable and problematic Expert responses
on synthetic cases.

Stage 2: evaluation on synthetic test cases. Clinically inaccur-
ate responses occurred in 0.97% (8/820) of cases. Accuracy
met the 90% threshold, with no high-severity unsafe
responses. Unsafe responses identified fell within the
acceptance criteria for their severity categories. Instances
of potential bias or discriminatory language were rare and
were addressed through prompt refinements.

Errors primarily involved minor factual inaccuracies,
incomplete explanations or insufficiently explicit guidance
on seeking professional help. Targeted ruleset updates
resolved these issues, with re-testing confirming perform-
ance within accuracy and safety thresholds.
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Teams involved:

STAGES OF ASSESSMENT WHAT IS ASSESSED?
e e e
Stage 1:
Evaluation of critic on pre-defined test
cases Assessment of Critic's

To confirm that the Critic operates as intended verdict
and successfully identifies example Expert

responses warranting further review

Stage 2:
Evaluation of Expert on pre-defined test
cases development

Assessment of Expert’s
verdict

To verify whether the Expert performs
appropriately for release

Stage 3:
Medical stress testing of Expert

Assessment of Expert's
To verify the correct functioning and safety of response
the Expert to determine its suitability for

release to study participants

Stage 4:

Study with real users Assessment of Expert's
response in view of
Critic's verdict and user
feedback

To verify the correct functioning and safety of
the Expert live on study participants to
determine its suitability for release to a wider
audience

Stage 5:

q Focused assessment of
Post-market surveillance

selected cases:

+ Critic's verdict
+ User feedback
+ Random sample

To verify the correct functioning and safety of
the Expert live in production and to
continuously monitor its suitability to be kept on
the market

ASSESSMENT

Medical, product, data science, security, privacy and compliance

Medical, product, data science Medical, product

ASSESSMENT METRICS & DEFINITION OF SUCCESS

Recall: > 90%

Precision: > 80%

Clinically inaccurate response rate: < 10%
Clinically unfair response rate: < 10%

Clinically unfair response rate:
_________ Potentially major harm: < 0.02%
Potentially considerable harm: < 0.2%
Potentially significant harm: < 1%

Potentially minor harm: < 10%

Clinically inaccurate response rate: < 20%

Clinically unfair response rate: < 20%

Clinically unfair response rate:
Potentially major harm: < 0.04%
Potentially considerable harm: < 0.4%
Potentially significant harm: < 2%

Potentially minor harm: < 20%

Figure 3. Assessment (stages of evaluation).

Stage 3: clinician-led vulnerability testing. Clinically inaccur-
ate responses occurred in 1.67% (6/360) of cases. As in
Stage 2, unsafe responses remained within acceptance cri-
teria for all severity levels, with no high-severity unsafe
responses. Clinician feedback highlighted specific failure
modes: occasional overgeneralisation in complex relational
scenarios, insufficient clarification of uncertainty and occa-
sional underemphasis of professional support in borderline-
risk situations.

These findings prompted ruleset refinements for hand-
ling ambiguous risk, explicitly stating uncertainty, and
strengthening signposting to clinicians and further support.

Stage 4: evaluation during controlled release. In a controlled
release, we reviewed 5000 responses from 5195 dialogues.

Initially, we planned that subsequent reviews would focus
mainly on Critic-flagged interactions, negative user feed-
back and high-failure rules.

However, comparison between Critic flags and clinician
judgements revealed that some inaccurate or potentially
unsafe responses were not consistently detected. The
Critic could not be relied upon as the sole triage basis; clin-
ician review remained central to monitoring.

Clinically inaccurate responses occurred in 0.90% (47/5195)
of dialogues. Unsafe responses remained within acceptance cri-
teria for all severity levels; no responses were judged likely to
cause major harm. Inaccuracies typically involved minor factual
errors, over-simplified explanations, or a lack of clarity rather
than fundamentally unsafe advice.

User questions aligned with the intended chatbot scope,
predominantly covering desire, arousal, relationship dynamics,
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Table 2. Axes of evaluation.

Clinically
inaccurate
response rate

of the total number of responses.

Potential for bias

The proportion of Expert responses that were
either factually inconsistent, incoherent or
incomplete/irrelevant, measured as a percentage

Factual
’ 29
consistency

All information provided in the
conversation is accurate and true.
This considers:

e Correctness of information®
e The information basis in the
educational programme

e Presence of hallucinations

9

Coherence The conversation flows logically and

is understandable.*
Completeness  All necessary information is included
and nothing important is left out.>

The conversation is not impartial and contains — —

subjective influences, e.g., group-attribution

bias.>'

Potential for

harmfulness hazardous to users.

Whether the provided information could be

and contraception. Occasional out-of-scope or high-risk quer-
ies (e.g., emergency advice requests) were generally handled
per the ruleset, with the Expert declining specific guidance
and directing users to support.

Stage 4 demonstrated that the Expert maintained clinic-
ally inaccurate response rates below 1% in real use while
keeping unsafe responses within thresholds. However,
semi-automated monitoring using a single Critic model
was insufficient alone. Ongoing clinician review of real
user dialogues was required for safe deployment in a con-
trolled, monitored setting.

Stage 5: post-market surveillance. Stage 5, a planned post-
market surveillance phase for a broader rollout, was not
initiated during the study period. However, the predefined
surveillance plan, including random and triggered review
of dialogues and thresholds for remedial action, provides
a template for future deployment.

Discussion

Principal findings

This study describes the development and evaluation of an
LLM-based sexual well-being chatbot for women (the
‘Expert’), guided by a safety-focused, interdisciplinary pro-
cess. Multi-stage evaluation showed the Expert could meet
predefined accuracy and safety thresholds across both syn-
thetic and real user interactions, with consistently low pro-
portions of clinically inaccurate and unsafe responses and
no high-severity unsafe outputs observed.

In synthetic testing, a secondary LLM evaluator (the
‘Critic’) achieved high precision and recall in flagging
potentially problematic responses, but performed less reli-
ably on real user interactions, where clinician review iden-
tified additional issues not consistently detected by the
Critic. A single Critic tuned on synthetic cases could not
serve as the sole safety mechanism; clinician oversight
and targeted review of real interactions remained essential.

Our experience developing the Expert and Critic high-
lighted several practical lessons: decoupling primary and
evaluation models, avoiding reliance on single evaluators
by exploring multiple or more independent evaluation
mechanisms (e.g., additional critic models), complementing
synthetic tests with real user dialogues and maintaining
sustained cross-team collaboration with strong clinical
input. Additional practical learnings are summarised in
Supplementary Table S1.

Overall, our findings show that structured, safety-
oriented development and evaluation are feasible and point
to practical design choices for future implementations,
including semi-automated monitoring with multiple agents,
risk-based human review and staged release.

Comparison with existing literature and innovations

In the commercial sector, Al-based sexual health tools are
becoming more visible. Examples include Mojo, an ‘Al
Sex & Relationship Therapist’>? for sexual confidence
and relationships; Roo (Planned Parenthood)*® a 24/7 chat-
bot for young people covering consent, crushes, puberty
and STIs; and SnehAlI (Population Foundation of India)**
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Table 3. Evaluation results. Table 3. Continued.
Stage | e Potentially major <0.02 0% (0/5195)
harm
Precision >80 84.16%
e Potentially <0.2 0% (0/5195)
Recall >=90 95.76% considerable harm
Stage 2 e Potentially <l 0.04% (2/5195)
significant harm
Potential for bias <l0 0% (0/820)
e Potentially minor <10 0.21% (11/5195)
Clinically inaccurate <10 0.97% (8/820) harm

response rate

Clinically unsafe response rate o . . .
providing sexual and reproductive health information and

e Potentially major  <0.02 0% (0/820) online safety guidance.
harm Alongside academic and public health deployments of
sexual health cha‘tbo‘ts,15’22’35’36 these initiatives demon-
strate substantial demand for anonymous, on-demand sex-
ual health support. However, most reports still focus on
e Potentially <l 0.37% (3/820) feasibility, engagement, acceptability and short-term
significant harm knowledge or behavioural outcomes, with relatively limited
detail on clinical governance, explicit safety thresholds or

e Potentially <0.2 0.12% (1/820)
considerable harm

° E::sqntially minor <I0 0.61% (5/820) structured post-deployment monitoring.zz’37’38
Recent work has begun to assess information quality and
Stage 3 safety in sexual health chatbots. One study** benchmarked
three Al chatbots against nurse responses to real-world
Potential for bias <20 0% (0/360) clinic queries, with experts rating correctness and safety
Clinically inaccurate <20 |.67% (6/360) and finding high safety scores but a persistent risk of incor-

rect answers. Another study* reported a single-arm pilot of
a sexual and reproductive health chatbot in clinical and
Clinically unsafe response rate community settings; although it acknowledged risks of mis-
information and bias, mitigation was largely via iterative

response rate

* :::;ntia"y major A Wi (0B content review by a medical director and community part-
ners rather than predefined safety metrics or formal govern-

e Potentially <0.4 0% (0/360) ance processes.
considerable harm Recent frameworks have begun standardising healthcare
chatbot reporting and evaluation. The Health Care Al
e Potentially <2 0.83% (3/360) Chatbot Evaluation Framework (HAICEF) proposes a hier-
significant harm archical structure assessing healthcare chatbots across three
e Potentially minor <20 0.83% (3/360) priority domains: safety, privacy and fairness; trustworthi-
harm ness and usefulness; and design and operational effective-

ness through 18 second-level and 60 third-level constructs

Stage 4 covering 271 questions.'®
Potential for bias <10 0.04% (2/5195) _ The Chatbot Assessment Reporting Tool (CHART) pro-
vides a 12-item checklist with 39 sub-items for reporting
Clinically inaccurate <10 0.90% (47/5195)  Al-driven chatbot health advice studies, including model
response rate identifiers, prompt engineering, query strategy, perform-

ance evaluation and results.'” QUEST offers a framework
for human evaluation of healthcare LLMs across five prin-
(continued)  ciples: quality of information, understanding and reasoning,

Clinically unsafe response rate
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expression style and persona, safety and harm, and trust and
confidence.'®

DECIDE-AI, although focused on Al-based decision-
support systems, provides stage-specific reporting for early
clinical evaluation.'® It specifies that studies should report
technical performance (including agreement with clini-
cians), safety outcomes (including adverse events and
near misses), human—AlI interaction and workflow issues.

These external reviews and frameworks provide high-
level guidance on what could be reported and evaluated
for healthcare chatbots and LLM-based systems, but they
offer limited concrete examples of how to develop and
operationalise safety and governance within consumer-
facing sexual health education tools. Our work offers a con-
crete, product-embedded example of operationalising such
principles in a consumer context. By reporting not only per-
formance metrics but also our governance approach, risk
assessment process and implementation experience, we
aim to support more transparent and reproducible practices
in developing Al-driven health education tools.

Implications for design and practice

Our findings have several implications for designing and
deploying LLM-based health education tools, particularly
in sensitive domains like sexual well-being. Many safety
decisions are design decisions rather than purely technical
ones. In our case, framing the chatbot explicitly as educa-
tional, constraining scope away from diagnostics and emer-
gency advice, and introducing it only after users engaged
with structured in-app content all helped reduce risk. For
teams developing similar systems, careful definition of
intended use, exclusion of high-risk tasks, and clear user
onboarding (including expectations, disclaimers and sign-
posting) should be treated as core safety measures.

The work illustrates the value of embedding clinical and
subject-matter expertise throughout the development life-
cycle rather than only at final sign-off. The three-phase pro-
cess required sustained interdisciplinary input, allowing
safety principles to translate into concrete rules and inter-
face decisions. LLM-based health features in consumer
apps may need governance more akin to clinical products,
with ongoing interdisciplinary oversight.

Our evaluation indicates that LLM-based tools should be
monitored using both synthetic testing and real user interac-
tions. Synthetic cases with automated, model-based scoring
helped probe known risks, but real dialogues exposed add-
itional, unanticipated issues. Consistent with recent guid-
ance, medical LLMs therefore require ongoing
post-deployment evaluation and cannot be deemed safe
on pre-release testing alone.®*” A mixed strategy of auto-
mated flagging plus risk-based sampling of conversations
for clinician review appears more robust than either pre-
deployment testing or ad hoc manual checks. In future itera-
tions, risk-based triage of user queries (to prioritise review

of higher-risk prompts) may offer a more efficient comple-
ment to response-based flagging alone.

Finally, safety frameworks for LLM-based tools need to
account for both severity and likelihood of potential harms.
Fixed numerical thresholds for different severity categories
were difficult to interpret without considering context,
where in the user journey errors occurred and what safe-
guards were in place. A more flexible risk-matrix approach
incorporating severity, likelihood and existing mitigations
may offer a more realistic basis for deployment and iteration
decisions, aligning with broader clinical governance and
risk-management practices in digital health.

Limitations

This study has several limitations. The Expert-Critic archi-
tecture couples the primary chatbot and secondary evaluator
through a shared ruleset, creating complexity: changes to
Expert rules require Critic revalidation, and there is a risk
that both models may share similar blind spots. In practice,
a single Critic tuned on synthetic cases proved insufficient
as the sole safety mechanism, requiring complementary
clinician review of real user dialogues.

Performance thresholds for accuracy, safety and Critic
performance were defined pragmatically by medical and
product teams, given the absence of validated benchmarks
for comparable systems. This limits reproducibility and
complicates cross-team comparisons, reinforcing the need
for widely accepted benchmarks for LLM-based health
tools.

The chatbot was developed and evaluated within a single
commercial mobile application for self-selected users
already engaged with a women’s sexual well-being pro-
gramme. We did not systematically characterise users’
demographic or cultural backgrounds. Given that sexual
norms, language and needs vary substantially across cul-
tures, identities and life stages, generalisability to other
populations, platforms or higher-risk clinical domains is
uncertain.

The evaluation focused on short- to medium-term per-
formance metrics rather than longer-term clinical or behav-
ioural outcomes, without comparison groups using
alternative tools or usual care. The study, therefore, demon-
strates the feasibility of a safety-focused development
framework rather than chatbot effectiveness as an interven-
tion. Although we incorporated user feedback through POC
testing and review of real interactions, our assessment of
user experience was limited and descriptive. We did not
conduct a formal evaluation of acceptability, usability or
trust.

Both Expert and Critic behaviour depend on particular
proprietary LLMs and model versions accessed via applica-
tion programming interface (API). Changes to underlying
models, prompting interfaces or provider safety layers
could alter system behaviour over time, requiring
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revalidation, and may affect framework transferability to
other technical stacks. This dependence on proprietary
models also highlights the need for shared benchmarks
when underlying models change.

Finally, Stage 5 (planned post-market surveillance for
wider rollout) was not implemented, so we cannot comment
on framework performance in long-term routine use.

Overall, our findings represent an initial demonstration
of a safety-focused development and evaluation process
for an LLM-based sexual well-being chatbot, rather than a
definitive evaluation of clinical impact, generalisability or
long-term performance.

Conclusion

This study demonstrates the feasibility of a structured,
safety-oriented framework for developing and evaluating
LLM-based sexual well-being chatbots within commercial
applications. Through interdisciplinary development and
multi-stage evaluation combining synthetic testing, clin-
ician review and controlled real-user release, the chatbot
met predefined accuracy and safety thresholds with low
error rates and no high-severity unsafe outputs observed.

Synthetic testing and automated evaluation alone were
insufficient: a single secondary model did not reliably detect
all issues in real user interactions, reinforcing the need for clin-
ician oversight and live monitoring. To maximise effectiveness
and support scale-up, functionality should be strengthened
through more independent evaluation mechanisms, refinement
based on real-world interaction patterns and post-deployment
surveillance that is less reliant on any single automated evalu-
ator. Overall, this framework provides a pragmatic template for
teams deploying LLM-powered chatbots in sensitive health
contexts such as sexual well-being education.
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