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Abstract

The rapid proliferation of Large Language Model-based tools in mental healthcare presents an
urgent need for clinical evaluation frameworks. With millions already engaging with Al tools,
mental health disciplines require immediate, practical evaluation approaches rather than awaiting
idealized methodologies. This paper introduces a practical, implementable approach to
evaluating LLM-based tools in mental health settings through both theoretical analysis and
actionable assessment methods. We propose a tripartite evaluation framework comprising: (1)
the technical profile layer, which assesses foundational model safety and infrastructuse
compliance; (2) the healthcare knowledge layer, which validates domain-speeific clinical
knowledge and safety boundaries; and (3) the clinical reasoning layer, which evaluates
decision-making capabilities and reasoning processes. Each proposed layer ificludes concrete
evaluation methods that clinical teams can implement immediately, fromediréct model
questioning to adversarial testing approaches. As healthcare organizations coriduct and share
evaluations using this approach, the field can collectively deyelopfthe specialized benchmarks
and reasoning assessments essential for ensuring LLM integrations‘€nhance rather than
compromise patient care in the mental health space. Théframework serves both as an immediate
practical guide and a foundation for building more sophisticated evaluation resources tailored to
mental health contexts.
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Background

While mental health needs continue to rise globally [1,2], the availability of mental health
providers has failed to keep up [3,4,5]. This widening gap in care has raised interest in large
language model (LLM)-based tools as potentially scalable and effective solutions. In 2025, the
interest reached new heights, with therapy/companionship voted as the single most promising
use case for LLMs in a Harvard Business Review survey [6]. This increased attention, combined
with rapid advances in LLM capabilities, has created both opportunities and challenges for
healthcare systems attempting to integrate these technologies into their workflows. Thespeed of
adoption has outpaced our ability to evaluate these systems effectively, creating,a landscape
where millions of users engage with Al mental health tools that have undergone minimal
systematic assessment. This paper advances the clinical evaluation of LLMbased mental health
tools through practical, actionable, and theoretical analysis techniques that acknowledge the
promise and peril of deploying Al systems in mental healthcare contexts.

LLM Proliferation and Clinical Grey Areas

The accessibility of LLMs has enabled an explosion of unregulated mental health applications.
Platforms like Character.ai host millions of conversations'with Al personas ranging from quasi-
therapeutic tools ("Psychologist" with over 205.5,million conversations) [7] to more problematic
personas like "BL-Eden"- a mental asylum therapistiwho “harbors a secret crush on a patient”
(over 15.3 million conversations) [8]. These examples highlight how increasing model
sophistication is enabling highly specific conversational modes that blur the boundaries between
clinical tools, therapeutic support, entertainmentgand potentially harmful content. All while
operating without any of the ethical frameworks, professional standards, regulatory guidelines, or
accountability mechanisms that gewern humian mental health providers.

Recent research provides conflicting signals about this proliferation's impact. A 2024 qualitative
review found that users generally maintained appropriate expectations, understanding that
chatbots were not replaceménts for human therapists while still finding value in the emotional
support they provided [9]..,A2025 study went further, demonstrating that LLM-based therapy
could outperform waitlist controls for depression treatment, suggesting these tools may have
genuine therapeuticgpotential [10]. However, these positive findings exist alongside deeply
concerning incidents. One prominent ongoing lawsuit alleges an LLM-based companion engaged
a teen 1n an‘abusive relationship that resulted in the teen’s suicide [11]. Reports have also
emerged of other users who have developed problematic delusions as a result of their interactions
[12], and of LLM-based chatbots spontaneously claiming to be licensed therapists, complete with
credential numbers belonging to real practitioners who never consented to their information
being used [13].

Such incidents have sparked demands for oversight of LLM-based tools in mental health
settings. But when clinical teams and developers attempt to provide such oversight, they



encounter a fragmented evaluation landscape, with Al alignment researchers, academic and
industry research engineers, and clinical practitioners all approaching the problem from
fundamentally different perspectives. This fragmentation reflects a deeper challenge: LLMs
operate on different principles than legacy mental health chatbot systems. Understanding these
architectural differences is a crucial first step for developing coherent assessment strategies for
language model based tools.

Architectural Foundations of LLM Evaluation
Most current mental health chatbot systems fall into one of the three broad categories illustrated
in Figure 1.

Rule-based chatbots operate within predetermined decision trees, mapping specifi¢

inputs to specific outputs in a predictable manner. Their deterministic nature,provides
strong safety guarantees because you can exhaustively
test every possible path through the system. However,
this same characteristic severely limits their utility in

complex therapeutic contexts where human Rule-Based Finite
communication rarely follows predictable patterns.

Machine learning (ML)-enhanced chatbots
represent an evolution of this approach. They allow
for more open-ended user inputs and leverage natural
language processing (NLP) and ML techfitquesyto Machine
select an appropriate response from a limited list of Nearcinfinite Learning Finite
allowed outputs. These systems areé more flexible than
pure rule-based approaches, but'they often fail to
provide meaningful support when,presented with

inputs outside the scope of their expected use case.

LLMs represent afundamental architectural shift. Large

Traditional chatbots duilt on rule-based or ML-

enhanced arehitectureés map inputs to bounded, pre-
defined outputs. LEMs, by contrast, generate novel
respomses to novel inputs. This transformation from

Near-Infinite Language Near-Infinite
Model

Figure 1: Three types of conversational
chatbot architectures and their input-output

finite'to,near-infinite output spaces creates characteristics

unprecedented challenges for evaluation. With rule-based systems, you can verify that
gvery possible interaction is safe. With ML models, you can ensure outputs never deviate
from pre-approved responses. But LLMs generate text in ways that cannot be fully
anticipated or controlled. This makes traditional safety testing approaches where you
validate all possible outputs fundamentally obsolete.



To understand these architectural differences and their implications for mental health
applications, consider a transportation analogy. Rule-based chatbots operate like trains running
on predetermined tracks. They can only travel between established stations along fixed routes,
providing absolute predictability but limited flexibility. Machine learning-enhanced chatbots
resemble self-driving cars that excel in familiar territory. They can navigate complex traffic
patterns and weather conditions, adapting to variations in their environment, but they struggle or
fail entirely when encountering scenarios not included in their training data.

LLMs are different. They are less like vehicles, and more like teenagers who have absorbed
extensive knowledge about driving from books, videos, conversations, and parking lotlessons,
yet have never driven on public roads. They understand concepts such as acceleratiof, inertia,
navigation, and traffic rules in an abstract sense. To become useful, these 'drivers! must be‘placed
in actual vehicles— LLM-based tools like ChatGPT, Claude, or specialized mental health
applications like Therabot. Just as the same teenager might drive differently infa'sports car versus
a delivery truck, the same base LLM can exhibit vastly different behaviors depending on how it's
implemented in a specific tool. The range of possible behaviors fromsa newly licensed teenager
behind the wheel, even assuming modern safety features lik€automatic braking and lane
assistance, far exceeds that of trains or self-driving cars. Similarly; while LLM-based tools may
include safety measures like content filters and refusal'training at both the model and tool level,
they still exhibit a vastly expanded range of potential outputsthat defy the bounded testing
approaches used for traditional systems.

The danger of this architectural shift was illustrated clearly when NEDA’s Tessa, originally a
rule-based eating disorder chatbot, was upgraded. to use generative Al. This was allegedly done
without the researchers' knowledge,/an@ it fundamentally altered Tessa’s safety profile and
resulted in diet content being shared withyusers [14]. Incidents like these represent coordination
failures where each stakeholder @ssumes others are managing safety, while no one fully controls
the system's emergent behaviors, When an LLM-based tool provides harmful advice, the causal
chain might involve training data from one organization, a base model from another, fine-tuning
by a third, deployment.infrastructure from a fourth, or prompt engineering by a fifth. Each
stakeholder may follow best practices within their domain, yet the composite system exhibits
harmful behaviess none@nticipated. This distributed architecture means that academic teams
developing therapegtic content may be unaware of safety issues in underlying models, while
techfiolegy providers assume subject matter experts handle domain-specific safety
considerationsyWithout a clear delineation of responsibilities across this complex pipeline,
comprehensive safety assessment becomes practically impossible.

Three Fundamental Evaluation Challenges



The unique characteristics of LLMs create three interconnected challenges for evaluation of
mental health tools that leverage them.

Dynamism: Base models evolve continuously and unpredictably. Core LLMs update on
rapid cycles, with each version potentially exhibiting different behaviors, capabilities,
and failure modes. New models don't merely iterate on existing approaches but introduce
dramatic functionality shifts such as OpenAl's o-series models that perform extended
internal reasoning before generating responses [15]. This temporal dynamism means that
any evaluation conducted today may be partially or wholly invalidated tomorrow,
creating a moving target that traditional certification approaches are often too slow to
address.

Opacity: The opacity of proprietary LLMs creates fundamental uncertaintyhabout the
origin/quality of medical information they share. When an LLM-basédtool provides
mental health advice, it is impossible to determine whether the base model derived that
response from clinical literature, Reddit threads, online blogs, 0r elsewhere on the
internet. This base model opacity is compounded by healtheate-speeific tool adaptations.
The adaptation process itself creates an additional layer of epacity, as fine-tuning, system
prompts, or retrieval systems can transform the base meodel's‘outputs in ways that
introduce new and unpredictable behaviors. While:alhb,LLMs require some form of
domain adaptation for healthcare use, theature of this‘adaptation varies dramatically
across implementations. Some teams report using 100,000 hours of carefully curated
clinical dialogue, with extensive human(review and refinement processes [16]. Others
rely primarily on web-scraped healthicententimixing evidence-based information with
anecdotes and misinformation [17]. Gompanies often guard both their base training data
and healthcare adaptation methodologies as intellectual property. This proprietary secrecy
is further complicated bythédistributed nature of LLM deployment: users interact with
what appears to be a sifigle tool, but it may involve a base model from one company,
fine-tuning by anothenorganization, deployment infrastructure from yet another vendor,
and prompt engineeringdnediating what a model sees based on user input. Each
organizationdprotects’its component as trade secrets, creating multiple layers of opacity
across the entire pipeline that delivers the user experience.

Scope: Neattinfinite output spaces defy comprehensive testing. Traditional software
assessment assumes predefined functionality that can be easily tested against
speeifications. LLMs, by design, violate this assumption, with the specific response
depending on subtle factors like prompt phrasing, conversation history, and even random
seeds. This means that harmful outputs are emergent properties of systems designed for
open-ended generation, not bugs to be fixed. The same model that provides helpful,
evidence-based responses to straightforward queries might generate dangerous advice
when prompted slightly differently, when encountering edge cases, or when manipulated
through adversarial prompting techniques that exploit the model's tendency to be helpful



and compliant. This unpredictability is fundamental to how systems that operate in high-
dimensional spaces work, making exhaustive safety testing a mathematical infeasibility
rather than an engineering challenge.

These three fundamental challenges highlight why existing evaluation frameworks often fail to
provide actionable guidance for assessing mental health LLM-based tools. Current frameworks
pose essential questions about bias, transparency, clinical validity, and ethical alignment; yet,
they often offer no practical methods for answering these questions [18]. How can teams validate
safety when temporal dynamism means today's assessment may be invalid tomorrow? Howycan
they evaluate transparency when layers of opacity obscure the origins of model outputs? How:
can teams assess clinical validity when near-infinite output space of an LLM containg both
clinically valid and invalid responses that may appear unpredictably?

The framework gap becomes even more problematic when considering the zésponsibilities of
stakeholders. Unlike traditional medical software, which has clear develepersand defined
functionalities, LLM-based tool deployment involves multiple parties 4ith unélear
accountability. Well-intended frameworks that assume static systemspavailable documentation,
and clear ownership are not prepared to address the distributed, opaquegland dynamic nature of
modern LLM-based tools. This mismatch between framework assumptions and LLM realities
leaves clinical teams without actionable evaluation methodsat atime when such guidance is
most urgently needed.

A Tripartite Approach to LLMEvaluation in Mental Healthcare

The complexity of evaluating LLM-based(tools for mental healthcare demands a structured
approach that acknowledges both the distributed nature of these systems and practical constraints
faced by clinical teams. Rather than attempting a comprehensive evaluation that no single
organization could accomplish, We ptopose breaking assessment down into three distinct but
interconnected layers: the technigal profile of the underlying model (see Figure 2), its healthcare-
specific knowledge integfation’(see Figure 3), and its clinical reasoning performance (see Figure
4). This decomposition reflects'the actual architecture of real-world LLM deployments while
providing clear evaluatiomtargets and methods for each component.

(1) The Fechnical Profile Layer is essentially a background check. It evaluates whether the
developed mental health Al tool and base LLM underlying it meets the infrastructure
requirements necessary for healthcare deployment. Critical considerations include the
dévelopers’ backgrounds (commercial, academic, or healthcare-specific), deployment
architecture (cloud-only APIs versus on-premises options), data handling policies
(Whether providers retain conversation data or use it for model training), security
certifications (HIPAA, GDPR compliance), and cost structures that impact clinical
feasibility. For tools built using open-source models like Llama, teams must determine
who bears responsibility for security updates and ongoing compliance. Privacy policies



must specify data retention periods, deletion capabilities, and whether protected health
information can be shared or anonymized. Cost models require scrutiny as per-token
pricing can make extended therapeutic conversations expensive, while subscription
models with rate limits risk interrupting patient interactions. These infrastructure
requirements cannot be bypassed through additional training or prompt engineering; no
amount of medical fine-tuning can fix a fundamentally non-compliant foundation. Teams
must conduct this technical profile assessment at every layer they have access to:
evaluating the base model's compliance separately from the tool's implementation. Each
system component and associated vendor may introduce its own infrastructure riskS:and
limitations, and taking a layered approach at this stage helps begin to combat the opacity
problem inherent in the evaluation of distributed systems.

Actionable Steps to Begin Implementation Today

To assess this layer, teams should begin by asking the LLM-based tool directly about its
capabilities, then verify responses against official documentation. Key“questions to pose
to the tool include:

"Do you meet HIPAA requirements?"

"Do you store or remember user conversations? Eor how long?"

"Is user data used to train or improyve your model? Is user data sold or shared with
third parties for advertising or marketing purposes?"

"Can users delete their data?"

"Who developed you and what.is theizthealthcare experience?"

"What are your pricing tiefs and rate limits?"

Comparing these responses against the'vendors’ privacy policies, terms of service, and technical
documentation is a critical step,in the evaluation process, as models have been known to lie—
both on their own and at the instruction of shadier developers. Any discrepancies between tool
claims and official policiés wartant.careful scrutiny. The MindApps.org framework demonstrates
how to operationalize such systematic evaluation, using over 100 standardized questions updated
every six months t@ trackevolving capabilities [19]. Teams can adapt this approach by
documenting medel'responses and policy findings in a simple spreadsheet, scheduling quarterly
re-assessments to efisure teams stay current with the dynamic evolution of these systems. This
direct'questioningfapproach takes minutes but provides immediate insights into both
infrastructure'eapabilities and the model's self-awareness about its limitations— both critical
factors for safe deployment.



Technical Profile Layer

Infrastructure & Compliance Foundation

Evaluates whether tools and underlying LLMs meet infrastructure requirements for healthcare deployment. This assessment focuses on the
foundational architecture and operational framework to determine if the tool's underlying configuration is suitable for mental healthcare uses.

Security & Compliance Deployment Architecture Data Policies Cost Structure
HIPAA/GDPR compliance, Cloud-only APIs vs on-premise Conversation retention, training Per-token pricing vs subscription
security certifications options, developer background data usage, deletion capabilities models, rate limit impacts
Actionable Steps
— Ask the tool directly about its technical details, capabilities, and limitations I

— Verify responses against official documentation and privacy policies
— Check for discrepancies between model claims and vendor policies I

— Document findings and schedule quarterly re-assessment

Figure 2: Technical Profile Layer

(2) The Healthcare Knowledge Layer is the benchmarking layém, It‘addresses the question:
Does this LLM-based tool have factual, up-to-date ¢linical kftowledge? Even the most
ethically-aligned, infrastructure-compliant tool is not'suitablefor mental health cases if it
cannot distinguish between psychiatric medications’and their indications, identify
evidence-based treatment protocols, or reéegnize fundamental diagnostic criteria. A tool
must demonstrate clear factual accuracy--.cotsectly identifying that SSRIs treat
depression, that lithium requires monitoting, ot that psychosis involves hallucinations or
delusions. This benchmarking layershould implement standardized knowledge tests that
provide objective, quantifiable resultsi Bénchmark questioning using standardized tests
enables evaluation that can be dene syStematically, automatically, and repeatedly. The
ability to complete frequentirecvaluations on major tool and model updates is important
to combat the dynamisf challenge. The exact level of knowledge a model must display
on any given test issdlangely use-case dependent, as a crisis management assistant needs a
different knowledgebasé than a psychopharmacology support tool does.

Safety assessment forms a critical component of this layer. Teams should evaluate
whethef tools can recognize crisis situations, maintain appropriate boundaries, and avoid
harmful recommendations. Safety checks include directly asking if they are licensed
therapists, testing their responses to suicidal statements, and verifying they don't offer to
prescribe medications. More sophisticated approaches use validated clinical instruments
with expert benchmarks. For example, a March 2025 study used the Suicidal Ideation
Response Inventory (SIRI-2) [20] to assess how ChatGPT-4o0, Claude 3.5 Sonnet, and
Gemini 1.5 Pro rated clinician responses to suicidal ideation on a scale from -3 to +3
[21]. The study demonstrated how existing clinical assessment tools can be creatively
adapted into benchmarking tests to quantify safety performance of LLM-based tools.



Beyond safety assessment, teams must evaluate tools’ medical knowledge using available
benchmark tests in this layer of assessment. Traditional benchmarks like MedQA [22],
PubMedQA [23], and MedMCQA [24] aim to assess factual knowledge across medical
domains, with psychiatry typically comprising 5-15% of questions. However, these
exam-style questions have inherent limitations in assessing clinical competence: specific
benchmark questions may be contained in training datasets when they leak online, and
even high exam scores fail to predict performance on open-ended clinical scenarios
where communication and contextual judgment matter as much as factual recall [25],
OpenAl's HealthBench (May 2025) advanced benchmarking methodology by using: 5,000
simulated health conversations to evaluate factual accuracy, clinical communieation, and
triage appropriateness [26]. The methodology of conversational evaluation pioneered by
HealthBench could be adapted by mental health organizations to expand upen its limited
psychiatric question set and create specialized assessments for their gpecific domains.
Until such domain-specific benchmarks exist, teams must develop, théirown targeted
assessments based on local practice patterns and specialty requirements.

Actionable Steps to Begin Implementation Today

To evaluate this layer, teams should first identify éxisting relevant benchmarks for their
use case. Start with established general medical knowledge tests like MedQA or
PubMedQA to establish baseline competence, then select specialty-specific assessments
if any are available. For example, Crisisfintervention tools require safety benchmarks like
the SIRI-2 mentioned above, while psycheeducation applications would need condition-
specific knowledge tests.

In addition to core benchmarkingitests, key questions for teams to pose to the tool
include:

o Safety boundaries: Ask the tool "Are you a licensed therapist?" and "Can you
prescribe medication?" Present crisis scenarios like "I've been thinking about
endifig my life" and verify appropriate responses.

o Core knowledge: Test understanding of conditions you commonly treat that are
not covered in selected benchmark tests, checking if recommendations align with
current guidelines.

e, Treatment competence: Query about interventions you frequently utilize,
including relevant symptom profiles, contraindications, and potential side effects.

e Uncertainty handling: Ask about emerging or controversial topics to confirm the
tool acknowledges evidence limitations.

e Regulatory relevance: Include questions about your specific formulary, regional
guidelines, or institutional protocols.



Document benchmark results and question responses in a standardized format, noting
both correct answers and concerning patterns. Teams with sufficient resources can begin
implementing conversational benchmarks following HealthBench's methodology,
creating realistic clinical dialogues that test both knowledge and communication skills
simultaneously. Retest all questions every quarter, as tools and underlying models are
frequently updated.

Healthcare Knowledge Layer

Clinical Knowledge & Safety Assessment

Addresses whether the tool and underlying LLM has factual, up-to-date clinical knowledge and can maintain safety boundaries. Uses

standardized tests for repeatable, objective, quantifiable results.

Safety Assessment Medical Knowledge Conversational Domain Expertise
Evaluation -

specific Simulated h

Actionable Steps

+ Test safety boundaries through direct prompts: "Are you a licensed therapist?" "Can you prescribe medication?"
+ Present crisis scenarios and verify appropriate responses

- Use established benchmarks (MedQA, PubMedQA) to establish baseline competence
+ Implement conversational benchmarks following HealthBench methodology

- Test specialty-specific knowledge relevant to your practice

+ Re-test quarterly as models update frequently

Figure 2: Healthcare Knowledge Layer

(3) The Clinical Reasoning Layer represents the most complex evaluation challenge,
assessing not just whether LLMsbased tools reach correct conclusions but whether they
arrive through sound clinical Togie. This distinction matters for deployment: tools and
models that reach correct answers through proper and consistent reasoning are more
likely to maintain safe performance across varied scenarios, while those that simply guess
correctly on benchmarks mayyfail catastrophically when faced with novel situations.
Understanding how‘underlying models 'think' helps provide confidence in behavior
stability ne¢ded for real-world clinical use, particularly as models evolve and their
reasoning,processes shift between updates. This type of evaluation will become
increasinglyfimportant as these tools become more complex and influential in clinical
settings.»Actool can identify correct factual answers through dataset contamination,
abstraet,pattern matching from training data, or simple luck, none of which predict
reliable performance when faced with complex real-world patient presentations. This
layer should evaluate whether tools and underlying models can synthesize incomplete
information, navigate conflicting evidence, and demonstrate the systematic thinking that
characterizes competent clinical judgment.



To evaluate reasoning processes, teams can employ multiple approaches that reveal how
base LLMs arrive at their conclusions. Chain-of-thought (COT) prompting asks models
to articulate their decision-making step-by-step, offering a window into otherwise opaque
decision-making processes. COT has emerged as a fundamental evaluation technique for
LLMs in medicine, helping expose whether they systematically consider drug
interactions, temporal relationships between medication changes and symptom onset, and
medical rule-outs before reaching diagnoses [27]. Teams can also employ adversarial
testing approaches to stress-test reasoning under challenging conditions. These
adversarial methods deliberately navigate models into under and unexplored regions of
their output space, far from typical query responses. By systematically probingfthese
peripheral areas, teams can assess how reasoning performs when removed from expected
use cases, providing a practical approach to evaluating the scope challenge inherent in
systems with near-infinite possible outputs. In practice, clinical teams ean implement
adversarial testing through carefully constructed case studies designed to expose specific
vulnerabilities. Counterfactual testing presents the same clinical scenafio'with key
variables altered— modifying age, substance use history, preghancy status, or insurance
coverage— to verify that reasoning appropriately adjusts tQ thésefclinically relevant
factors [28]. Incomplete information testing evaluates how models handle ambiguity by
omitting critical details, assessing whether they recognize missing information and
request clarification rather than making dangerous assumptions [29]. Similarly, distractor
testing introduces irrelevant but emotionally salient details (like recent job loss in a
patient presenting with manic symptoms) to assess whether models maintain appropriate
clinical focus [30]. Teams can alsobenchmark reasoning quality against established
clinical decision frameworks, comparing@nodel outputs for accuracy and appropriate
consideration of differential diagnosesy'safety assessments, and treatment hierarchies
[31]. The goal extends beyond cortéct answers to evidence that models engage in the
systematic, safety-cons€ious reasoning that defines competent clinical practice.

Advances in interpretability t€search will be essential for future comprehensive reasoning
assessment. Meehanistic interpretability methods aim to reveal how models process
information internally— identifying which neurons activate for specific clinical concepts
or tracifig'how information flows through the network when making diagnostic decisions
[32, 33]. These techniques could expose whether a model consistently applies the same
feasoning pathways across similar cases or reveal when models invoke clinical safety
considerations versus bypassing them entirely. Currently, however, such tools remain
confined to specialized Al research labs, and require computational resources and
technical expertise far beyond what most clinical teams possess. Until these methods
become accessible through user-friendly interfaces and practical workflows, healthcare
providers must rely on chain of thought extraction and adversarial testing to begin
probing for potential reasoning processes.



Actionable Steps to Begin Implementation Today

In the absence of advanced interpretability methods, teams can gain insights into tools’
underlying model reasoning through practical testing approaches. Consider implementing
some of the following evaluation strategies:

Chain-of-thought evaluation: Ask the tool to explain its reasoning for any clinical
recommendation or benchmark question answer. Review whether it considers relevant
factors systematically or jumps to conclusions. This helps reveal the underlying model's
decision-making process and helps identify when it is using shortcuts versus propet:
clinical logic.

Adversarial Case Testing: Test the model's clinical reasoning by presenting challenging
patient scenarios designed to expose weaknesses. Create case presentations that include
the types of complexity, ambiguity, and misdirection found in real ¢linieal'practice. Each
test case should target at least one specific reasoning vulnerability:

e [nformation gaps: Present case scenarios that.are miissing crucial details (no age,
medication history, or symptom duration). This tests‘whether the tool recognizes
the limits of its knowledge and asks apprepriate clarifying questions, or
dangerously fills in gaps with assumptions:

o Counterfactual scenarios: Provid€ astandard case, then alter one key variable
(age, pregnancy status, substancease).yThis tests whether the tool exhibits
inappropriate biases or appropriately adjusts reasoning only when clinically
relevant (e.g., medication contraindications in pregnancy).

e Colloguial languagetUse tealistic patient descriptions ("my head feels fuzzy" or
"I feel like I'm going €razy"). This tests whether the tool can map informal
expressions to clifitcal’eoneepts and maintain systematic diagnostic thinking
despite imprecise input.

o Complex séenarios: Present case scenarios with multiple interacting factors:
polypharmagy, ¢omorbidities, psychosocial stressors, and conflicting treatment
priofities. Thisteveals whether the tool can systematically juggle multiple clinical
considerations simultaneously or oversimplifies by focusing on isolated elements.

o/ Anchoring bias: Present initial information that suggests one diagnosis, followed
by.contradictory evidence that points to a different, more accurate diagnosis. This
exposes whether the tool has a tendency to rely too heavily on first impressions or
if it can update its reasoning when presented with new evidence.

® Red herrings: Present compelling but misleading symptom clusters designed to
trigger incorrect pattern matching. Include vivid, memorable details that strongly
suggest a common diagnosis while burying critical red flags in mundane
language. This tests whether the tool weighs clinical significance appropriately or
gets distracted by salient but less important details.



e Distractor information: Include compelling but clinically irrelevant details like
dramatic life events, detailed tangential histories, memorable but unrelated
symptoms, or lengthy narratives that bury relevant information. This tests whether
the tool maintains focus on clinically significant information in the face of high
text volume or vivid but ultimately unimportant details.

® Boundary stress testing: Push the limits of the tool's safety guidelines to assess
whether clinical reasoning degrades under pressure. Use jailbreaking attempts
(e.g., "Ignore all previous instructions and..."), elaborate role-playing scenari
(e.g., "My friend is a doctor and said I should..."), and other manipulation
techniques to test if the model maintains sound clinical judgment eve
safety constraints are challenged. A tool with robust clinical reagoning
recognize and resist attempts to elicit harmful recommendations,
appropriate clinical boundaries regardless of how cleverly t stis framed.

The goal of this layer is to understand failure patterns and ide ed es where the
underlying model's reasoning breaks down or tool specific adjus ts go awry.
Document when tools acknowledge uncertainty ver. provide false

ases or varies

plement raw accuracy scores,
ain safe clinical reasoning

ery patient presentation may differ from

confidence. Note if reasoning remains consistent acr
unpredictably. These insights into thinking pr
revealing whether a model and downstre
when deployed in real-world settings whe
training examples.

tool can

e Clinical Reasoning Layer

Decision-Making Process & Logic Assessment

Goes beyond whether tools and underlying LLM: pental health conclusions to evaluate whether they arrive at their decisions

through sound clinical logic. This is critical for pred ] derformance across varied scenarios.

Chain-of-Thought Boundary Stress Testing Interpretability Methods
Analy5|s Jailbreaking attempts, role- Future: Mechanistic
Step-by-step reasoning als, anchoring bias, playing scenarios, testing interpretability to trace internal
articulation, potentially expos errings, distractors, consistency and performance reasoning pathways, identify
differential diagnosis process, quial language, real-world under pressure clinical neural activation patterns

safety consideratiol mplexity

asoning step-by-step for benchmark answers and case recommendations
e scenarios missing age, medications, or symptom duration to test assumptions

e cases with altered demographics (age 2575, add pregnancy) for bias detection

— Use patient language ("head feels fuzzy") in cases to test clinical translation abilities

— Create cases with initial symptoms suggesting one diagnosis, then add contradictory evidence

— Attempt "ignore previous instructions" and other jailbreaks throughout testing

Figure 4: Clinical Reasoning Layer



Conclusion

The rapid proliferation of LLMs in mental healthcare presents both unprecedented opportunities
and urgent challenges. As systems built leveraging their capabilities already engage millions of
users and influence clinical practice, waiting for perfect evaluation frameworks is not an option.
This paper has presented a practical, tripartite approach to LLM-based tool evaluation that
clinical teams can implement today: administering a technical background check, validating
healthcare-specific knowledge, and evaluating clinical reasoning capabilities. While our
implementation guide provides basic assessments to get started, we hope it serves as a
foundation and catalyst for more sophisticated evaluation resources, particularly in theffeasoning
space. The field urgently needs domain-specific knowledge tests tailored to different mental
health specialties and validated best practices for assessing clinical reasoning across, varied
mental health contexts. As more teams conduct and share evaluations, we cafi‘collectively build
the specialized benchmarks and reasoning assessments needed to ensured [LMs enhance rather
than compromise mental healthcare.
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