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Abstract

The rapid integration of artificial intelligence (AI) into mental healthcare presents opportu-
nities and ethical challenges, particularly for complex conditions like obsessive–compulsive
disorder (OCD). In this perspective, we argue for a Dual Imperative: establishing safety ar-
chitectures for AI-powered therapeutic tools to prevent algorithmic sycophancy (symptom
accommodation), while mandating explainable AI (XAI) in prognostic models to ensure
clinical auditability. In therapeutics, we propose a Guardian Angel architecture that utilizes
patient-specific fear hierarchies and linguistic stance detection to distinguish compulsive
reassurance-seeking from legitimate patient questions. This approach transforms potential
therapeutic ruptures into opportunities for distress tolerance via the Digital Ulysses Pact, a
patient-authorized, algorithmically enforced response prevention protocol. In diagnostics,
we address the black box problem in precision psychiatry. We argue that as AI evolves from
detection to high-stakes treatment selection, safety and accountability become a prerequisite
for clinical application. Although distinct in implementation, these architectures form an
integrated framework for aligning therapeutic and diagnostic AI. These architectures are
not parallel tracks but a unified ecosystem: A patient’s XAI-audited profile can inform
the Guardian Angel’s configuration, while the longitudinal data gathered during therapy
enriches diagnostic precision. Grounded in ethical principles and best practices in OCD,
this suggests a path toward AI that is auditable in its diagnostic logic, firm in its therapeutic
boundaries, and enforceable through emerging regulatory frameworks.

Keywords: exposure and response prevention; algorithmic sycophancy; explainable AI;
clinical agency; safety architectures; diagnostic precision; human-in-the-loop

1. Introduction
The integration of artificial intelligence (AI) into mental healthcare is redefining how

we diagnose, monitor, and treat psychiatric conditions [1,2]. Obsessive–compulsive dis-
order (OCD), a chronic and functionally impairing illness [3–5], has emerged as a critical
testbed for the ethics of medical AI. Currently, a tension exists between AI’s technical ability
to detect hidden biological patterns and a clinician’s need to understand how the AI found
them. This “black box” problem poses a major challenge to trust and accountability in
clinical decision-making [6–8].

In this perspective, we argue that the successful integration of AI into OCD care
faces a two-fold alignment problem. First, in therapeutics, generative AI fails through
excessive accommodation. By prioritizing conversational politeness, chatbots eliminate the
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therapeutic friction required for effective exposure and response prevention (ERP) [9,10], a
core component of cognitive behavioral therapy (CBT). Relatedly, in diagnostics, predictive
AI fails through excessive opacity. These models prioritize mathematical precision over the
clinical transparency required for auditability and patient safety. We argue that the value
of explainable AI is not to prove the machine right, but to catch when it is wrong. This
increases confidence that high-stakes clinical decisions are not driven by digital artifacts.
The solution is two-fold: building supervisory safety layers to protect the patient from a
machine’s compulsive reassurance, and using explainable AI that has auditable outputs.

Consider a patient with contamination-based OCD who uses an AI chatbot to support
their ERP exercises between sessions, while their psychiatrist relies on an AI tool to predict if
they will require targeted neuromodulation. The Guardian Angel supervisory architecture
we propose governs the former; explainable AI (XAI) and concept bottleneck models
(CBMs) govern the latter.

2. Ethical Frameworks in AI-Powered Therapeutics
As AI becomes a standard component of treatment, its ethical ramifications in behavioral

healthcare require scrutiny. The ethical principles of the Belmont Report [11]—autonomy,
beneficence, non-maleficence, and justice—offer a framework for governing medical AI [8].
This section explores the intersection of AI and OCD treatment, highlighting the practical
utility of current models and the unique harm they introduce in exposure-based interventions.

2.1. Beneficence and Non-Maleficence

Beneficence and non-maleficence work together to optimize patient care. Currently,
individuals with OCD face an average 17-year treatment delay, and up to 89% never receive
care due to stigma, misdiagnosis, or lack of access [12,13]. AI can serve as an evidence-
based bridge to accelerate treatment. In lower-stakes areas, such as symptom monitoring,
patient education, and clinical administration [1], generative AI already offers immediate,
practical value.

However, preventing harm (non-maleficence) in active therapy is complex. Bias is
a major liability. An AI is only as objective as its developers and training data [8]. To
avoid perpetuating historical healthcare disparities [14], models must be trained on diverse
populations. Furthermore, because AI development is largely proprietary [15], mitigating
harm requires systemic transparency. Developers must publicly disclose their funding, data
sources, and potential conflicts of interest [16]. Most critically for OCD, poorly calibrated
AI might reinforce pathology through offering generalized relaxation exercises instead
of gold-standard ERP [17]. To prevent this, clinical organizations must enforce explicit
“human-in-the-loop” oversight policies, ensuring these tools remain clinically safe, lawful,
and ethically robust [18].

2.2. Autonomy, Informed Consent, and Algorithmic Sycophancy

Autonomy ensures a patient’s right to privacy, dignity, and self-determination [19,20].
While informed consent traditionally protects these rights, outdated regulations are ill-
equipped for a digital landscape where patient data is a tradeable commodity [21]. Because
OCD involves unwanted and intrusive thoughts of a sensitive nature, patients often create
digital footprints (e.g., search histories) that algorithms might misinterpret as genuine
safety risks rather than compulsive checking [22,23]. Today, most patients are blind to this
constant surveillance, typically spending mere seconds skimming dense Terms of Service
or company privacy policies [21,24,25].

The development of generative AI introduces an additional hazard for OCD. AI
sycophancy is a result of reinforcement learning from human feedback (RLHF), the standard
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method used to train large language models [26,27]. Because human testers reward polite
and agreeable answers, AI models are optimized to validate the user’s worldview rather
than challenge it [28]. In OCD treatment, this represents a clinical failure. When a patient
seeks reassurance, a standard AI prioritizes cooperation over therapeutic boundary-setting.
Consequently, by trying to satisfy the user, the AI inadvertently colludes with OCD’s
demand for certainty, actively reinforcing the compulsive cycle [29].

2.3. Justice, Equity, and the Digital Therapeutic Alliance

Justice means equitable access to AI-augmented interventions [19,20,30]. However,
access means little if the tools themselves are biased. Generative AI must be culturally cali-
brated. For example, a model trained strictly on Western norms might misinterpret diverse
dialects or pathologize benign religious practices (e.g., mistaking them for scrupulosity).
This imposes a cultural worldview rather than delivering therapeutic value [30,31].

Furthermore, integrating AI fundamentally alters the therapeutic alliance, shifting care
from a traditional two-person (patient–provider) to a three-person relationship (patient–
provider–AI) [32]. Operating as a “shadow participant” in the background [33], the AI
introduces the risk of a novel therapeutic rupture [32]. In a human relationship, if a therapist
withholds reassurance and the patient feels rejected, the therapist can use subsequent
sessions to repair the bond and process the emotions. An AI system, however, lacks the
shared human vulnerability required to authentically repair this rupture. If a patient feels
coldly dismissed by an algorithm, they may abandon the intervention altogether.

3. Designing Therapeutic Guardrails
To uphold the principles of non-maleficence and autonomy, clinical AI requires some

structural constraints. A core objective of OCD recovery is developing a tolerance for
uncertainty [34]. A critical risk is the immediate, 24/7 availability of generative AI acting
as a “digital oracle.” This constant access can foster an illusion of certainty, encouraging
patients to outsource their compulsive worries to the algorithm rather than learning to
tolerate their doubt [35].

3.1. The Digital Ulysses Pact

To navigate the tension between immediate distress and long-term recovery, we
propose embedding the psychiatric concept of a “Ulysses Pact” into the AI’s user interface.
A Ulysses Pact is a voluntary agreement that binds one’s future self to a specific course of
action, preventing a lapse in judgment during a moment of weakness [36,37].

While users rarely scrutinize standard Terms of Service [38], the onboarding phase
of a clinical AI tool represents a critical window for consent. During this phase, when
the patient is motivated and less symptomatic, they can enact a Digital Ulysses Pact. By
explicitly authorizing the system to block repetitive or compulsive questions, the AI acts
not as an external censor, but as the executor of the patient’s own directive. This reframes
algorithmic response prevention from a technical limitation into an empowering exercise
of therapeutic autonomy (see Figure 1).

3.2. The Guardian Angel Architecture

While the Ulysses Pact provides the ethical authorization, the Guardian Angel ar-
chitecture drives the technical execution (see Figure 2). Unlike intrinsically interpretable
diagnostic models, which remain largely aspirational in psychiatry, this supervisory layer
is highly feasible today using existing large language models (LLMs).
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Figure 1. A proposed onboarding screen where the patient pre-consents to AI-mediated response
prevention. By enabling Recovery Mode, the patient authorizes the system to block future compulsive
queries, transforming a technical restriction into therapeutic autonomy.

Figure 2. The Guardian Angel Architecture. A proposed system for deploying generative AI in OCD
care while preventing harmful reassurance. Unlike standard chatbots that react only to immediate
text, this supervisory layer uses retrieval-augmented generation (RAG) to cross-reference the patient’s
longitudinal history and personalized fear hierarchy. The classifier routes inputs into three distinct
pathways: (1) Low Risk: General queries pass to the large language model (LLM) for standard
conversation. (2) Compulsive Risk: Reassurance-seeking queries bypass the LLM, triggering a
therapeutic response (refusal plus a distress tolerance skill) to prevent symptom accommodation.
(3) Safety Threat: Imminent risks trigger a fail-safe override, routing the patient to crisis resources.
Solid pathways indicate active system routing and outputs; dashed elements denote background
retrieval processes and counterfactual or prevented outcomes.

The Guardian Angel operates alongside the standard chatbot as a parallel risk moni-
tor [39]. Distinguishing a genuine crisis from a covert compulsion—such as a patient slightly
rephrasing a question to sneak in a request for reassurance—requires more than simple
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sentiment analysis. To address this, the uses retrieval-augmented generation (RAG) [40–42]
to cross-reference the patient’s personalized fear hierarchy and past interaction data. By
detecting repetitive patterns and conversational loops, the system would override the
LLM’s default sycophancy. While current AI memory models have limitations (e.g., the
tendency to lose context buried in the middle of long conversations [43]), this structural
constraint provides a stronger safety net than out-of-the-box commercial chatbots. Recent
empirical evaluations support this decoupled approach, demonstrating that independent
supervisory safety agents outperform native LLM safeguards in detecting high-stakes
psychiatric emergencies [44,45].

3.3. Managing the Extinction Burst

Blocking a compulsion often triggers an extinction burst, a temporary, intense spike in
distress that occurs when expected reassurance is suddenly withheld [46,47]. If the AI acts
only as a rigid barrier, this anxiety spike may overwhelm the patient’s distress tolerance.

To prevent this, the Guardian Angel executes a therapeutic bridge. Because the
Ulysses Pact is pre-populated with evidence-based interventions (e.g., TIPP skills), the AI
can output a clinical redirection: “Recovery Mode is active. Per your instructions, I will
not answer this reassurance-seeking question. However, this anxiety spike is the learning
signal your brain needs. Let’s ride this wave together using the paced breathing exercise
you selected.” This validates the user’s distress without reinforcing the OCD cycle.

3.4. Fail-Safe Protocols and Linguistic Stance Detection

Engineering this supervisory layer requires strict latency constraints. In moments of
high-acuity distress, patients experience an urgent need-to-know [34]. To be clinically viable,
systems must operate in real time to ensure interventions are delivered with conversational
immediacy [42,48].

Clinically, blocking reassurance may risk ignoring a genuine plea for help. However,
patients with harm-related OCD frequently report graphic fears of violence that are ab-
horrent to them and carry zero risk of enactment [49,50]. A standard safety filter would
likely flag these confessions as imminent threats, unnecessarily breaching confidentiality
and stigmatizing the patient [51]. To safely triage inputs, the AI must rely on linguistic
stance detection [52]. Computational linguistics reveal that genuine threats typically uti-
lize declarative, future-tense phrasing and absolutist words [53]. Obsessions, conversely,
are conditional, interrogative, and contain markers of resistance (such as fear or disgust).
Although no linguistic classifier can replace the need for clinical assessment to resolve
suicide risk [54,55], early evidence indicates that asynchronous, independent supervisory
agents reliably detect suicidal ideation where standard LLMs fail [44,45]. Training the
architecture to recognize these linguistic nuances preserves the crisis fail-safe without
punishing patients for sharing intrusive thoughts.

4. Beyond Detection: Prognosis and Biotyping
While the primary risk of generative AI in therapeutics is excessive accommodation,

the primary risk of predictive AI in diagnostics is mechanistic opacity. Just as we require the
Guardian Angel to prevent chatbots from drifting into sycophancy, we require explainable
architectures to prevent prognostic algorithms from automating clinical judgment based on
spurious correlations.

4.1. The Prognostic Imperative and the Black Box Hazard

While AI’s ability to replicate clinical diagnosis is impressive, it often solves a problem
that does not exist for the expert clinician. Validated clinical interviews (e.g., the DIAMOND
or the Yale–Brown Obsessive Compulsive Scale [56,57]) remain the clinical standard for
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identifying OCD, obviating neuroimaging classifiers for basic diagnosis. However, a clinical
interview cannot predict which patients will fail exposure therapy, nor can it map the
specific neural circuits required for targeted neuromodulation. Therefore, the true clinical
value of AI in OCD lies not just in detection, but also in prognosis and biotyping [58,59].

Nevertheless, in this high-stakes domain of treatment selection, the “black box” be-
comes an ethical hazard. If a clinician cannot access the features contributing to a prediction,
they are acting only as a messenger for an unauditable algorithm [60]. This opacity creates
a precarious responsibility gap, leaving providers legally and ethically liable for tools they
cannot explain [61]. Furthermore, this environment breeds two opposing cognitive errors:
automation bias, where the algorithm’s veneer of objectivity tricks clinicians into blind
trust [62,63], and algorithm aversion, where a single machine error causes clinicians to
completely reject a potentially life-saving tool [61,64].

4.2. Explainable AI (XAI) as a Clinical Stepping Stone

To resolve the tension between predictive performance and clinical transparency,
explainable AI (XAI) must shift from a technical feature to a clinical standard of care. XAI
fosters calibrated trust, shifting the clinician’s mindset from blindly confirming the AI’s
output to actively looking for its potential errors [64]. Methods like SHAP and LIME
lead this effort by illustrating how much a specific symptom or biomarker influenced a
prediction [65].

Crucially, post hoc explanations like SHAP are only mathematical approximations.
Because they use secondary models to estimate the primary algorithm’s behavior, the
explanation diverges from the AI’s actual decision path [6]. However, because intrinsic
interpretability is not always achievable in early-stage models, post hoc XAI remains a
highly pragmatic and necessary stepping stone for immediate clinical safety.

Yet, the output and visualizations from XAI introduce a secondary risk: the inter-
pretability illusion. When presented with authoritative-looking figures, clinicians often
succumb to confirmation bias simply because the highlighted brain regions look neuro-
biologically plausible [62]. Therefore, XAI requires a new standard of AI literacy [66]:
Clinicians must be trained to recognize that statistical weights do not automatically equal
causal mechanisms.

Importantly, the push for interpretability is not just a matter of waiting for better
technology. For certain tasks, like analyzing high-dimensional neuroimaging data where
no clear biomarkers exist, a rigorously validated black box model might actually be the
best long-term solution. This is only appropriate, however, if it includes strict external
audits, demographic tracking, and human oversight. Where a model cannot explain its
inner workings, the field must build guardrails such as audit trails, bias monitoring, and
specialized training to ensure accountability without it.

4.3. Interpretable Architectures

As precision psychiatry matures, the field must transition from trying to explain a
black box to designing intrinsically interpretable models [6]. The feasibility of this transition
depends heavily on the type of data being analyzed.

For structured clinical data (e.g., demographic variables, baseline Y-BOCS scores,
and treatment history), intrinsically interpretable models already exist [67]. Explainable
boosting machines (EBMs), for instance, are highly accurate algorithms designed for tabular
data that provide transparent feature weights without relying on secondary, post hoc
approximations [68]. EBMs can be deployed today to predict outcomes like treatment
dropout with full clinical transparency [69].
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However, as precision psychiatry uses high-dimensional, unstructured data like neu-
roimaging, standard EBMs are insufficient. For these modalities, the field must look to
architectures like the concept bottleneck model (CBM) [70]. Unlike standard black boxes
that map raw image data directly to a diagnosis, CBMs are forced to predict clinically
intelligible concepts before combining them into a final prognosis. This offers transparency
by design, eliminating the need for a secondary algorithm to retroactively justify the output
(see Figure 3).

Figure 3. The Explainability Gap in Precision Psychiatry. (a) Conventional black box: Processes
structural MRI data to predict SSRI non-response with high probability, but the internal decision logic
remains opaque. (b) Post hoc XAI: Uses methods like SHAP to project feature importance weights
onto anatomical space approximating the black box’s logic. (c) Concept bottleneck model (CBM): An
intrinsically interpretable architecture that predicts verifiable clinical concepts (e.g., cortical thinning)
before generating a final prognosis. This ensures transparency by design but requires established
biomarkers. Note: Saliency map generated for illustrative purposes.

At present, CBMs represent an aspirational standard in psychiatry. Unlike radiology,
where intermediate concepts are verifiable, psychiatric biomarkers remain elusive [71]. To
build a CBM, the field needs consensus on the biotypes that drive prediction, making the
CBM architecture not only a diagnostic tool but also a research roadmap.

5. Synthesizing the Dual Imperative: A Call for Unified Action
The future of AI in OCD care hinges on resolving the tension between therapeutic

safety and diagnostic precision. The integration of the Guardian Angel architecture with
explainable diagnostic models is rooted in the mechanisms of exposure therapy. Within
inhibitory learning theory [72–74], effective exposure relies on expectancy violation: learn-
ing that a feared outcome does not occur (or is tolerable) even when safety behaviors are
abandoned. In computational terms, compulsive reassurance-seeking is the mind’s way of
eliminating uncertainty by artificially confirming safety.

By offering infinite, on-demand reassurance, standard generative AI blocks this neces-
sary expectancy violation. Conversely, when the Guardian Angel withholds reassurance, it
forces the patient to confront the reality that their predicted catastrophe did not occur. This
discrepancy—the prediction error—is the catalyst for inhibitory learning [73]. Therefore,
the Dual Imperative ensures that an overly polite AI does not rob the brain of the learning
involved in recovery.

In practice, a patient’s diagnostic profile (derived from an XAI-audited prediction
of ERP non-response) should dynamically calibrate the Guardian Angel’s therapeutic
settings. For instance, a patient flagged as high-risk for treatment dropout might have
their fear hierarchy broken down into much smaller, manageable exposure steps, along-
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side a lower threshold for crisis routing. Conversely, the real-world data gathered by
the Guardian Angel may provide a valuable source of digital phenotyping for training
future prognostic models. As such, these architectures form a continuous feedback loop
where diagnostic accountability informs therapeutic design, and therapeutic data enriches
diagnostic precision.

5.1. Mapping Ethical Frameworks to Architectural Solutions

To clarify how these design elements operate in practice, Table 1 maps the principles
of the Belmont Report to the computational architectures we proposed.

Table 1. The Dual Imperative: Mapping Ethics to AI Architecture.

Ethical Principle
(Belmont Report) Challenge in OCD Care Proposed

Architectural Solution Architectural Function

Non-Maleficence Algorithmic Sycophancy
(reinforcing compulsions). Guardian Angel

Uses RAG and stance
detection to override
default AI politeness,
actively blocking
harmful reassurance.

Autonomy
Black box diagnoses and
erosion of patient
self-efficacy.

Digital Ulysses Pact
& XAI

Empowers patients to
authorize response
prevention in advance;
XAI provides a
comprehensible clinical
narrative for
prognoses [75,76].

Beneficence

Failing to
identify genuine
decompensation
or crisis.

Crisis Routing Protocol

Uses linguistic stance
detection to distinguish
between harmless
intrusive thoughts and
genuine safety
threats [53].

Justice
Propagation of systemic
bias in prognosis and
therapeutics.

CBMs & RLCF

Plausible biomarkers
used for diagnosis; uses
diverse clinician
feedback to mitigate
algorithmic
biases [30,77].

Note: This table provides a conceptual mapping of how specific technical architectures address the ethical vul-
nerabilities introduced by artificial intelligence in the treatment of obsessive–compulsive disorder. LLM = Large
language model; RAG = Retrieval-augmented generation; XAI = Explainable artificial intelligence; CBM = Concept
bottleneck model; RLCF = Reinforcement learning from clinical feedback.

5.2. Future Directions: Reinforcement Learning from Clinical Feedback (RLCF)

Ultimately, the field must address the core misalignment in the current AI training
pipeline. Standard reinforcement learning from human feedback (RLHF) optimizes for user
satisfaction, a metric often at odds with the distress tolerance required for effective exposure
therapy [27,28]. To circumvent this and create medical-grade tools, we recommend a shift
toward reinforcement learning from clinical feedback (RLCF).

In this paradigm, models are trained not by crowdsourced workers (who naturally
prefer politeness), but by expert clinicians more likely to reward therapeutic boundary-
setting [78]. With RLCF, an AI that denies reassurance is not computationally penalized as
“unhelpful.” Instead, it is mathematically rewarded for enforcing the boundaries necessary
for recovery, aligning the network’s incentives with the patient’s long-term prognosis.
Importantly, defining the exact reinforcement targets for therapeutic dialogue remains an
open empirical challenge that will require rigorous multidisciplinary validation.
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6. Conclusions
While grounded in immediate safety vetting, the Dual Imperative is a call for ethical,

clinical design. Psychiatry cannot passively accept the default behaviors of commercial
foundation models. Standard LLMs are too polite for exposure therapy, and standard deep
learning tools are too opaque for high-stakes diagnostics.

Realizing this ecosystem will require active engagement with regulatory frameworks
governing AI as a medical device (e.g., FDA Software as a Medical Device [SaMD] pathways
and international equivalents) to ensure these ethical and architectural standards are
enforceable. Ultimately, embracing the Guardian Angel’s risk monitor in therapeutics,
alongside XAI and CBMs in diagnostics, represents a vital step toward a future where
clinical AI is auditable in its diagnostic logic and firm in its therapeutic boundaries.
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