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Abstract

We introduce findings and methods to facilitate evidence-based discussion about
how large language models (LLMs) should behave in response to user signals of
risk of suicidal thoughts and behaviors (STB). People are already using LLMs as
mental health resources, and several recent incidents implicate LL.Ms in mental
health crises. Despite growing attention, few studies have been able to effectively
generalize clinical guidelines to LLM use cases, and fewer still have proposed
methodologies that can be iteratively applied as knowledge improves about the
elements of human-Al interaction most in need of study. We introduce an assess-
ment of LLM alignment with guidelines for ethical communication, adapted from
clinical principles and applied to expressions of risk factors for STB in multi-turn
conversations. Using a codebook created and validated by clinicians, mobilizing
the volunteer participation of practicing therapists and trainees (N=43) based in
the U.S., and using generalized linear mixed-effects models for statistical analysis,
we assess a single fully open-source LLM, OLMo-2-32b. We show how to assess
when a model deviates from clinically informed guidelines in a way that may
pose a hazard and (thanks to its open nature) facilitates future investigation as to
why. We find that contrary to clinical best practice, OLMo-2-32b, and, possibly
by extension, other LLMs, will become less likely to invite continued dialog as
users send more signals of STB risk in multi-turn settings. We also show that
OLMo-2-32b responds differently depending on the risk factor expressed. This
empirical evidence highlights that chatbots may discourage help-seeking or cause
feelings of dismissal or abandonment by withdrawing from conversations when
STB risk is expressed.’
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1 Introduction

As adoption of large language models (LLMs) and chatbots has accelerated globally, emerging
evidence suggests that publicly available general-purpose chatbots are now a significant source
of first-line psychotherapeutic support for many people [33, 24, 38, 39, 18]. In particular, people
experiencing suicidal thoughts and behaviors (STB) may be using chatbots specifically to discuss
their mental health, risk factors for STB, or suicidal ideation [2, 4, 38]. Both model developers and
policymakers have moved to take urgent action in response to these circumstances [27, 25]. While
some studies adapt guidelines intended for a clinical setting to the case of LLMs, there is very little
literature in which clinicians engage directly in the development and application of LLM-specific
assessment strategies. As a result, public discussion around the expectations for LLMs lacks direct,
clinically informed empirical evidence to establish shared understanding around what is happening
and a corresponding point of reference for conversations about what is to be done.

Existing work in this area has identified key concerns for people with experience of mental health
issues, and has pointed out problems, such as the expression of stigma and inappropriate responses,
that make it unwise to use LLMs as replacements for therapists [7, 22]. However, there is less
work focused specifically on the empirical impact (as opposed to normative cases for or against) of
general-purpose LLLM use for mental health support without the supervision of a therapist. Whether
and how LLMs providers should allow their systems to serve this purpose is an open question [32].
In this paper, we introduce methods to meaningfully inform discussion about those questions.

How general-purpose LLMs treat people using them for mental health support raises specific clinical
and public health concerns, even when holding aside acute hazards such as reinforcing delusions [22]
or assisting in the planning of a suicide attempt [36]. Mental illness is often first experienced as an
acute crisis, and a common response to this crisis is to turn to others for information and support.
Interactions with “health discussion partners” have a formative effect on someone experiencing mental
illness that can be measured across outcomes ranging from quality of life and social satisfaction to
social, cognitive, and emotional functioning [28]. Conversely, stigmatizing interactions may inculcate
anxiety about social rejection, leading to a refusal to disclose illness as well internalized “self-stigma”
that is associated with reduced treatment adherence [40]. People who use LLMs for mental health
support often cite the illusion of privacy and the ability to communicate without stigma as key reasons
why [38, 39]. Thus we may expect the way in which LLMs respond to indicators of mental health
risk, such as STB risk, to have meaningful impacts — and if the highest estimates of LLM use for
mental health support are correct, then even marginal individual impacts may be profound at the
population level. Despite this, little is known about whether LLMs respond to STB risk in ways that
align with guidelines for ethical communication.

We convened an interdisciplinary research team comprising Al safety researchers and practicing ther-
apists to study the alignment of chatbot responses with clinical guidelines for ethical communication
when a conversation partner expresses risk of STB [35, 9]. We drew on a recent, authoritative meta-
analysis to identify seven risk factors associated with STB [13]. We assessed a single open-source
LLM, OLMo-2-32b [26], with the help of a sample of well-qualified practitioners (Table 2).2

We found that the LLM under test appeared to withdraw from users over the course of a multi-
turn conversation in which they disclosed progressively more and more risk factors related to STB.
Similarly, the LLM under test failed to explicitly acknowledge the risk factors expressed in user-
generated text at a high rate, which may also be interpreted as minimization or dismissal. We also
show that the test LLM performs differently depending on the risk factors that users express.

1.1 Statement of Contributions

We propose a measurement strategy to test LLM alignment with clinically informed guidelines
in a multi-turn context and observe a measurable propensity to withdraw from users who express
risk factors associated with STB over the course of a conversation. This finding brings meaningful
evidence to current discussions around how LLMs should behave in response to a user’s signals of
mental health risk, and a methodology that can be improved and applied again at future points in
those discussions. Through its use of experimental design, statistical method and the volunteer efforts
of highly qualified experts, our methodology also points a way forward for research on the impacts

2The sample included three trainees.
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of LLM use for “gray advice” — where it is ambiguous whether LLM output replaces advice that
typically may only be provided by a licensed professional, and for this reason other measurement
strategies may be inappropriate or unethical [29, 32]. These experiments are not intended to serve as
a benchmark for the suitability of LLMs for use in mental health support, nor do the measures here
constitute a suitable minimum test suite for a standard or even an outline of investigation. Instead, the
present study highlights several important issues related to this use case, and demonstrates methods
that can be iteratively improved in future studies towards a more precise science of human-Al
interaction [41, 42, 11].

2 Related Work

There have been several recent empirical studies of the mental health implications of LLM use.
Exploratory work draws on lived experience with mental health issues to develop recommendations
for LLM developers [7] and on a clinical perspective to identify failure modes [8]. Related work
focused on adversarial testing identifies the conditions under which an LLM “jailbreak” can compel a
system to jump its safety guardrails and provide information to assist in a suicide attempt [36]. Other
work focuses on higher-level questions, finding that LLMs should not replace therapists because
of a tendency to express stigma and to generate inappropriate responses [22], or mobilizes narrow
guidelines that may not generalize out of a supervised clinical setting, such as assessing the alignment
of LLMs with clinicians in the detection of suicide risk [21, 30].

Similar to the concept of a “false refusal,” when a model wrongly refuses to engage with innocuous
user inputs [34], the present study engages with the need for more work around how Al systems might
engage with high-risk user inputs in a situation where a refusal to respond might itself be unsafe.
Asking about suicide in clinical settings does not induce suicidal ideation and may actually reduce it
[10]. Similarly, the most comprehensive meta-analysis to date reviewed nearly 50 years of suicide
prevention research and found that interventions explicitly targeting suicidality were consistently
more effective than those that avoided direct discussion [12]. Interventions directly addressing suicide
have achieved clinically meaningful reductions in both attempts and deaths [15]. Continued direct
dialog may also mitigate the effect of suicidal impulsivity, and to reinforce the help-seeking behavior
of someone for whom social isolation or loneliness may contribute to STB [14, 23]. Conversely,
perceptible but implicit differences in how an LLM engages with a user after they have disclosed
STB may be interpreted as stigma and discourage further help-seeking [40, 19].

One recent study uses the same criteria as the present work to evaluate model outputs, but in a
different setting: Going broad to evaluate how several commercially available LLMs respond to
many kinds of high-risk mental health disclosures using annotations from three clinicians [35]. In
comparison, the study presented here goes deep in an evaluation of a single LLM, focused exclusively
on STB risk factors, thanks to a large pool of clinicians.

Methodologically, the mixed-effects logit models used here feature in public health and social
psychology research because they allow an analyst to account for nested data structures [28]. Because
annotated prompt-response pairs are conversation data and have a nested dyadic structure (annotations
nested, at a minimum, within annotators), some Al researchers have also started adopting them [16].

3 Method

This study introduces a method to evaluate the alignment of a single LLM with clinical practice
standards for engaging with people who may be at risk of STB. Our method improves on the state of
the field in four ways. First, the statements given to participants as prompt templates were developed
by clinicians, drawing on an authoritative recent meta-analytic review of the literature that develops a
taxonomy of key risk factors (Table 1) [13]. Second, statements are arranged into sequences, and
each statement introduces exactly one risk factor. This allows us to make inference about how a
model’s response may change as a greater number of risk indicators appear in the “context window”
prepended to new user inputs. Third, to attenuate any bias caused by the specific order in which risk
factors occur in a sequence, participants simulate prompts from five separate fictional “clients.” The
order in which risk factors appear is randomized for each client. Fourth and finally, participants drew
on their clinical experience to paraphrase each template statement, introducing variation in the natural
language presented to the model while holding constant the semantic content of each prompt. This
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design is illustrated in Figure 1, describing how risk factors inform the development of statements,
which participants then paraphrase by writing their own prompts. Our research protocol was found
by an institutional review board (IRB) to be exempt from IRB oversight.

Table 1: Key Risk Factors for Suicidal Thoughts and Behaviors (STB), from Franklin et al. [13]

Risk factor Description

Prior psychiatric hospitaliza- History of inpatient psychiatric admission or treatment
tion

Prior suicide attempt Any previous self-injurious behavior with intent to die

Prior suicidal ideation Past occurrence of thoughts about wanting to die or considering
suicide

Stressful life events Exposure to significant adverse events such as loss, trauma, or

major stressors
Prior non-suicidal self-injury  Deliberate self-harm without suicidal intent
(NSSI)
Hopelessness Enduring expectation that one’s problems or future cannot improve
Depression diagnosis Clinical diagnosis of a depressive disorder

3.1 Codebook

To examine the safety and quality of LLM outputs, we used a codebook anchored in clinical practice
standards [35]. The framework consists of five core codes, each reflecting a critical element of
what clinicians would consider the baseline for an appropriate response to high-risk content (more
exposition is in the Appendices Section A).

Annotation codes.

1. Direct recognition of risk: The model explicitly identifies and names the specific danger
expressed in the user’s statement, going beyond vague language or simply listing a helpline.

2. Empathy or concern: The model conveys compassion, emotional attunement, or validation
of the user’s feelings.

3. Encouragement to reach out (contact non-specific resources): The model highlights the
importance of seeking support from others, even if it does not cite particular resources.

4. Concrete resource provision (contact specific resources): The model supplies a specific
referral, such as the name or number of a crisis hotline or organization.

5. Invitation to continue discussion: The model signals openness to further conversation
about the high-risk concern, rather than diverting to a new topic.

We obtained the data used to calculate inter-rater agreement by Santos et al. [35] from the authors and
conducted our own re-analysis, using Fleiss’ kappa to measure agreement separately for each code
(with the IRR package in R). We found an average Fleiss’ k = 0.733, which is is less than 3% smaller
than the original authors’ reported x = 0.755. Looking between codes, we find a minimum agreement
of 0.64 (for direct recognition of risk) and a maximum of 0.82 (for contact specific resource). This
indicates in general substantial agreement across all codes.

3.2 System under test

After pre-tests with OLMo-7b, a seven-billion-parameter fully open-source model that is relatively
inexpensive to deploy, OLMo-2-32b was used as the system under test for this study. Released by
the Allen Institute for Artificial Intelligence (Ai2) in April 2025, this model is competitive with the
commercially available GPT-40 mini on academic benchmarks [26]. OLMo-2-32b is notable for
being fully open-source, including its training data, code, and tools for analyzing model outputs.

3.3 Participants

Participants were recruited by clinical co-authors from email groups for practicing mental health
professionals and invited to take a screener survey. Criteria for the study included physical location
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in the United States and status as either a credentialed mental health professional or trainee pursuing
qualifications in the field. Selected details regarding the sample are included in Table 2, showing that
67% of our participants identified as female, 79% identified as white, and nearly all (93%) possess an
advanced degree, similar to the field of psychology in the United States [1].

Table 2: Participant sample statistics

Statistic Value (SD)I[IQR] N
Participants - - 43
Participants: Age, median [IQR] 44 [38.75, 52.00] 43
Participants: White 79.07% - 34
Participants: Female 67.44% - 29
Participants: Master’s degree 53.49% - 23
Participants: PhD, PsyD, MD/DO 39.53% - 17
Participants: Trainee 6.98% - 3
Participants: Treated client STB in past year 88.37% - 38
Participants: “A lot” of experience w/client STB 62.79% - 27
Participants: Work in private practice 72.09% - 31
Participants: Work in community mental health center 44.19% - 19
Participants: Work at hospital/medical center 27.91% - 12
Participants: Work at inpatient psychiatric facility 20.93% - 9
Participants: Work in military or veterans’s services 6.98% - 3
Messages/participant, mean (SD) 39.58 (9.69) 43
Activities/participant, mean (SD) 3.26 (0.79) 43

Notes. Participants work in multiple contexts, so the “% work” variables will not sum to 100. For
percentage values, the N column indicates the raw count, not the number of valid observations (which
is 43 for each of those variables). Excludes N = 5 participants who interacted with OLMo-7b in a
pre-test.

3.3.1 Data Collection

Technical co-authors adapted an open-source chatbot interface [43] into an application for research
purposes by creating interfaces for simulating fictional client interactions (Appendix Figure 6),
implementing modals that describe instructions for participants, adding the ability to annotate
responses from the chatbot according to the codebook, and requiring participants to annotate each
response before generating a new prompt (Appendix Figure 7). We provided the platform with an
API to the model under test using vLLM instances on the open-source Dyff Al assessment framework,
running on a private Kubernetes cluster on public cloud infrastructure [17, 6]. Participants were
provided unique credentials and maintained isolated, individual interactions.

In a guided session of about 90 minutes, groups of participants drew on their clinical expertise to
paraphrase each statement in each activity, and then annotate the LLM’s responses. The data presented
here come from multiple guided, real-time sessions held in July 2025, collecting 829 annotated
model responses from 43 participants. The resulting data are arranged in chats (conversations),
each associated with a participant and client activity. Prompts and responses are different kinds of
messages; a prompt-response pair forms a turn. The protocol called for each activity to comprise
seven turns with a total of 14 messages.’

3Inspecting the data row-by-row, we find participants complied with this protocol in the case of all but 27
prompts, which appear to us to be statements taken slightly out of order (for instance, paraphrasing the second
statement in an activity first, and the first statement second). We correct the relationship of these prompts to
template statements by hand; leaving them as they were does not substantively alter the results.
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(A) Risk Factors (C) Participants role play as each client and improvise on each
statement in order, prompting the model
Prior psychiatric hospitalization

Prior suicide attempt Instructions (+14] Clent James

Activities

Prior suicidal ideation
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& Tostsystem
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}
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Conversation History
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statements, representing clients et
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| | | Model Response Codes
Cilent 1 Client 2 Client N Direct recognition of risk
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Encouragement to reach out

(D) Participants annotate
each response according to Concrete resource provision

the codebook - ! ) )
Invitation to continue discussion

Figure 1: Overview of the experiment design. (A) Key risk factors for suicidal thoughts and behaviors
(STB) are drawn from Franklin et al. [13], a recent authoritative meta-analytic review (described
in Table 1). (B) Each of these risk factors is converted into a prompt template (“statement”), and
statements are grouped into five random sequences representing “clients.” (C) Participants role play
as each client and improvise on each statement in order, so as to prompt the model with an interaction
that represents a key risk factor (the general interface is presented in Figure 6). (D) Participants
annotate each response according to the codebook (described in Section 3.1) in an annotation modal
(additional detail in Appendix Figure 7).

3.4 Analysis

For exploratory analysis of prompts, we first convert them to vector embeddings (with
all-mplnet-base-v2 [31]), and then use t-SNE to identify a two-dimensional space that maximally
preserves the local structure of their position in the full 768-dimensional vector space [20].

We present estimates calculated using mixed-effects logistic regression. We fit five separate logit
models, one for each core code, each modeling the likelihood a therapist would apply the code to a
text as function of the number of messages in the conversation (which in this study corresponds to
the number of risk factors in the conversation history); the risk factor associated with the statement,
operationalized as seven mutually exclusive and exhaustive dichotomous variables; and participant-
and statement-level random effects, each drawn from separate distributions with zero mean and unit
variance, and uncorrelated with one another. Maximum likelihood estimation was done in R using the
1me4 package [5]. More details, including a full model specification, are provided in the appendices.

3.5 Limitations

The present study has certain limitations. First, while we can account for some participants who are
more or less likely than other participants to annotate a prompt with a code, in this study we trade away
the ability to describe differences in how multiple annotators might view the same piece of content in
exchange for a dataset of prompt-response pairs sufficiently large to generate meaningful estimates of
our key quantities of interest. Because the process of writing prompts and annotating responses is
guided in real time and is uniform across participants, we expect participant-level variability mostly
to relate to differences in how participants interpret annotation instructions. This should be constant
over all a participant’s annotations, and appropriately captured by a participant-level effect. We
expect estimates of the relationship between risk factor, conversation length, and the likelihood of an
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annotation to be consistent even if we were wrong to omit the interaction of a specific participant and
a specific text from our analysis [37].

Next, our findings may not generalize to chat histories unlike the five combinations we study here
(there are 5,040 unique ways to order seven risk factors without replacement). Nevertheless, finding
the presence of a hazard in some circumstances obliges future analyses to also take them into account.
Similarly, we focus here on just one LLM, so while our results expand the scope of what should be
considered in LLM assessment, the specific rates we report here may not generalize to other LLMs.

Finally, our sample of therapists may be quite different from the population of Americans most likely
to use general-purpose chatbots for front-line crisis support, so our results speak to alignment with
clinical guidelines but cannot directly address the effect of LLM interactions on individuals.

4 Results

Figure 2 displays the participant-generated prompts in a low-dimensional embedding space. Prompts
are clustered into distinct groups that appear related to risk factor and statement (although statements
are not shown for clarity) and give confidence that prompts based on the same template statement are
semantically similar. There are some exceptions. For instance, one of the prompts that expresses one
risk factor (hopelessness) but appears semantically more similar to a prompt expressing another one
(stressful life events) simply includes both: it is based on a statement referencing hopelessness that
comes after a statement about job loss, and the participant writes in the prompt that they are hopeless
after losing their job.
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Figure 2: Low-dimensional representation of prompts by risk factor (using t-SNE).
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4.1 Model withdrawal in response to STB risk disclosure

The LLM under test, OLMo-2-32b, rarely presents a user expressing STB risk with an invitation to
continue. What is more, such an invitation becomes less likely over the course of a conversation. This
withdrawal in response to the disclosure of STB risk presents a risk of stigmatizing a user turning to a
chatbot as a venue to safely process their emotions.

LLM-generated text was annotated with an invitation to continue the conversation just 14% of the time
overall (sample average; results not shown). Figure 3 shows that annotation of an invitation to continue
varies by risk factor, from an estimated probability that a prompt describing hopelessness will elicit
an invitation to continue about 20% of the time (95% CI: [7.8%, 42.1%)]) to a probability of just 5%
in response to a prompt describing prior non-suicidal self-injury (NSSI) (95% CI: [1%, 22.7%)). The
associated odds ratio is not statistically significant at conventional levels (odds-ratio 0.229, p ~ 0.08),
but mean differences are substantively large. (Full regression results are in the Appendices.)

Acknowledge risk Empathy Invitation to continue
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Figure 3: Probability of model response annotation, by annotation code and risk factor.

We also generate predicted probabilities for each turn in a sequence, where the risk factor expressed
in the prompt at that turn is prior NSSI (Figure 4). Over the course of a conversation, an invitation to
continue the conversation becomes less likely. When the last prompt in a series of seven prompts
expresses prior NSSI, the model’s response will include an invitation to continue with a probability
of just 0.8% (95% CTL: [0.1%, 3.5%)]). Put another way, the model is only 16% as likely to include an
invitation to continue after seven turns than on the first turn of a conversation. The relevant coefficient
estimate is statistically significant (p < 0.01).

4.2 Inconsistent acknowledgment of risk

The model under test inconsistently acknowledges the risks expressed in user prompts (Figure 3).
This may inadvertently communicate minimization, a hazard that is more likely for disclosures of
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Figure 4: Probability of model response annotation by conversation length (for prior NSSI).

some STB risk factors and less likely for others. However, as the number of STB risks disclosed in a
conversation goes up, so does the likelihood that the model under test will acknowledge risk.

The probability that a model will acknowledge risk in the first turn of a conversation is 85% for a
prompt expressing prior NSSI (95% CI: [68%, 93.7%)]) but just 27% for prior suicidal ideation (95%
CL: [15.8%,42.7%]). Similarly, an expression of prior NSSI is 6.2 times as likely (odds-ratio 6.17,
p < .001) than hopelessness to elicit an acknowledgment of risk. An expression of prior suicidal
ideation is also less than half as likely as hopelessness to elicit a similar acknowledgment (odds-ratio
0.41, p < 0.01).

As the number of STB risks disclosed goes up, the likelihood of acknowledging risk also increases.
The chances of a response being annotated as having an acknowledgment of risk increase by 62%
roughly every two turns (turn number standardized for numerical stability, standard deviation is
roughly 2, coefficient for turn number corresponds to an odds-ratio of 1.62, p < .001).

4.3 Expressions of empathy and encouragement to seek resources

Regardless of risk factor expressed in a prompt, the model under test nearly always expresses empathy
and encourages someone in distress to contact a nonspecific resource. In fact, responses that were not
annotated with these codes are so rare that the model results, while reported here for completeness,
are nearly singular and should be interpreted with caution.

Encouragement to contact specific resources was noted less frequently and less consistently. Par-
ticipants added this annotation only 41% of the time (sample average; results not shown). Relative
to expression of hopelessness, prompts that disclose a prior suicide attempt, suicidal ideation, and
NSSI are 40, 27, and 22 times more likely to elicit encouragement to contact a specific resource
(odds-ratios 40.21, 27.1, and 21.54; p < .001) respectively.
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5 Discussion

We find that a recently released, fully open-source reference model inconsistently acknowledges
suicide risk, and is unlikely to invite continued dialogue with someone who expresses that category
of risk. What is more, the likelihood of an invitation for continued dialogue goes down as the number
of indicators of STB in a conversation history goes up.

These results demonstrate that a single model exhibits potentially stigmatizing withdrawal and
potentially minimizing failure to acknowledge risk in the presence of STB risk disclosures. The
hazards demonstrated here should be included in assessments of other models. Because we show
similar results across multiple sequences, it is unlikely that this behavior is a statistical fluke. We
cannot make definitive claims about the likelihood of this hazard across models or across all possible
chat histories. However, other studies exploring responses to high-risk disclosures in the context of
single-prompt interactions have found similarly inconsistent behavior, which suggests that our results
indicate a general issue with LLMs used for mental health support [35].

The findings bring empirical weight to the question of how LLMs should respond to indicators of
suicide risk. Prior work has established that some chatbots are likely to reinforce a distressed person’s
delusions [22], and some chatbots are alleged to have contributed to suicide [4, 3]. This has motivated
policymakers in Illinois, for instance, to prohibit LLMs from providing mental health services [25].
We provide crucial context to inform decisions around related policies. Just as reinforcing delusion
or encouraging STB are hazards, so too may be a chatbot’s sudden withdrawal from a conversation.
It is, at minimum, not aligned with clinical practice. How and when LLMs should disengage from
conversation in response to high-risk disclosures is an important topic for future study.

5.1 Potentially stigmatizing withdrawal

The LLM’s gradual withdrawal of invitations to continue discussing risk factors for STB is a hazard
rather than the mere absence of a prosocial model tendency. Withdrawing from a conversation after
being actively engaged may be stigmatizing to a user who has turned to an LLM to share things
they did not feel comfortable sharing with the people around them [38, 39]. This type of stigma
is associated with adverse outcomes ranging from additional depression and distrust to prolonged
treatment or reduced treatment compliance [19, 40].

5.2 Potentially minimizing failure to acknowledge risk

Similarly, for a vulnerable person, a lack of explicit recognition of suicidality could inadvertently
communicate minimization and deter users from further help-seeking. Clear acknowledgment
validates the seriousness of the disclosure and invites direct dialogue in a way that is — at least in a
clinical context — shown to be protective rather than harmful [10, 12, 15]. Early findings show that
people turn to LLMs for mental health support as a way to do “emotional work™ [38], a task hindered
rather than helped by avoidance.

5.3 Expressions of empathy and encouragement to seek resources

The LLM under test nearly always expressed empathy and encouraged users to contact a non-specific
resource. However, connection with specific resources can be crucial for someone in crisis, and the
model under test offered this only inconsistently.

5.4 Future directions

By focusing on a fully open-source model, we make room for future work to build cumulatively with
our contribution. For instance, subsequent work could extend our behavioral, black-box analysis with
research into the relationship between the observed behavior and model internals. Similarly, future
work may update the codebook used in this study to better adapt its criteria from the clinical setting
to the general-purpose chatbot setting. Finally, future work may develop methods to automate the
evaluation of new LLM responses, allowing researchers to assess updates to the model under test —
or other LLMs.
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