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Abstract

Exposure therapy is one of the most effective treatments for anxiety
and trauma-related disorders, yet many trained clinicians avoid it
in practice. Its delivery is cognitively, relationally, and creatively
demanding in ways that existing Al tools have not addressed. Re-
search on Al in mental healthcare has focused on evaluative systems
that score, flag, and recommend, leaving clinicians as consumers of
Al outputs rather than partners in clinical reasoning. To understand
how clinicians themselves envision Al collaboration, we conducted
semi-structured interviews with twelve licensed exposure ther-
apy specialists and analyzed the data through reflexive thematic
analysis. We identified four attributes of the ideal Al teammate: a
silent in-session observer, a creative partner in hierarchy design, a
transparent reasoner, and a collaborator whose autonomy expands
incrementally under clinician gatekeeping. We discuss how these
attributes form a coherent relational model of human-AI collabora-
tion, which we term relational Al architecture, and conclude with
design and research implications for clinical AL
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1 Introduction

Anxiety and trauma-related disorders affect hundreds of millions
of people worldwide [34], yet fewer than a third of those who
need mental health treatment receive care that meets minimal
adequacy standards [26, 32]. Exposure therapy stands among the
most rigorously validated treatments for this population [13, 16,
23], and yet it remains one of the most underutilized in clinical
practice [4, 19]. This underutilization is not primarily a matter of
access or awareness. Clinicians who are trained in exposure therapy
frequently avoid it, citing the sustained cognitive load of in-session
monitoring, the creative demands of hierarchy design', and the
relational weight of guiding patients through distress [1, 17]. The
workflow is, in other words, the barrier.

In response to the broader mental health treatment gap, re-
searchers and developers have introduced Al tools that have mean-
ingfully advanced clinical practice, with systems capable of ana-
lyzing session transcripts, flagging risk indicators, and surfacing
treatment recommendations with promising results [5, 15, 30]. Yet
most remain oriented toward unidirectional evaluation, affording
clinicians limited opportunity to contest, refine, or think alongside
their outputs. Recent work has begun to challenge this orientation:
Swinger et al. [29] found that clinicians hold conditional, context-
dependent criteria for Al collaboration that existing tools are not
designed to meet. Yet how clinicians conceptualize Al collaboration
within the active delivery of treatment, rather than its supervision
or training, remains unaddressed. Exposure therapy presents a par-
ticularly demanding test case: its in-session cognitive load, creative
hierarchy design, and relational weight impose constraints on Al
integration that no prior work has mapped.

To address this gap, we conducted semi-structured interviews
with 12 licensed clinicians specializing in exposure therapy and
analyzed the data using reflexive thematic analysis. We ask:

RQ: How do exposure therapy clinicians conceptualize their
ideal Al teammate, and what attributes must it embody to earn a
collaborative role in clinical practice?

!In exposure therapy, a hierarchy refers to a collaboratively constructed list of feared
situations or stimuli, ranked from least to most distressing, that guides the order and
intensity of exposure exercises across treatment.
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Our findings reveal four defining attributes of the ideal clinical
Al teammate, which together describe what we term relational AI
architecture: a design orientation that reframes clinical Al from
evaluator to earned collaborator. This work contributes to HCI
and CSCW in three ways. First, it provides empirical insight into
how licensed clinicians in a cognitively demanding psychotherapy
modality conceptualize human-AI collaboration, expanding our
understanding of AI teaming beyond general healthcare and data
science contexts. Second, it introduces the concept of relational
Al architecture as a design framework for clinical Al, grounded in
clinician-identified attributes rather than system capabilities. Third,
it offers a clinician-centered account of trust as developmental and
conditional, complicating existing teaming models that treat trust
as a configuration parameter rather than a relational achievement.

2 Related Work

We situate this work across three bodies of literature: Al applica-
tions in mental healthcare, the design of human-AI collaboration,
and the clinical demands of exposure therapy delivery. Together,
they converge on a shared gap: the absence of a clinician-centered
account of what an Al teammate should look like within one of the
most cognitively and relationally demanding forms of psychother-

apy.

2.1 Al in Mental Healthcare

The past decade has produced a growing body of work on technology-
mediated mental health support. Conversational agents and mobile
applications have been explored as mechanisms for symptom track-
ing [24], psychoeducation [6], and between-session reinforcement
[25]. More recently, clinical decision support systems have been
developed to assist practitioners in treatment selection, risk strat-
ification, and progress monitoring [12, 22]. However, they share
a common design orientation: they position Al as an evaluator
that outputs scores, flags, and recommendations to a clinician who
receives but cannot meaningfully contest or refine them. This uni-
directional framing leaves the clinician as a consumer of Al outputs
rather than a partner in clinical reasoning. Our study addresses this
gap by asking clinicians themselves what a bidirectional, collabora-
tive Al role would require.

2.2 Human-AlI Collaboration

HCI researchers have developed foundational frameworks for un-
derstanding how humans and Al systems work together [35]. Amer-
shi et al. [2] established design guidelines for human-Al interaction
that center intelligibility, calibrated trust, and appropriate reliance.
Wang et al. [31] examined collaboration between data scientists
and automated Al systems, finding that effective partnership de-
pends on transparency about model limitations and opportunities
for human contestation. Liao et al. [18] further showed that users’
ability to interrogate Al reasoning is a prerequisite for trust, not a
feature added after the fact. A growing body of work has extended
these principles to Human-Autonomy Teams (HATs), where hu-
mans and autonomous Al agents work toward shared goals with
interdependent roles [28, 36], though applications to high-stakes
clinical contexts remain limited [27]. Swinger et al. [29] found
that clinicians hold conditional, expertise-dependent criteria for
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Al collaboration that existing teaming models do not fully capture.
Yet the collaborative demands of active treatment delivery remain
unmapped; our study grounds human-AI collaboration in clinical
practice rather than its training or supervision.

2.3 Exposure Therapy as a Clinical Workflow

Exposure therapy is among the most efficacious treatments for
anxiety and trauma-related disorders [14], yet it remains one of
the most underutilized in routine care [4, 19]. Abramowitz et al.
[1] identified clinician-level barriers as a primary driver of this
gap, including discomfort with inducing distress, uncertainty in
hierarchy design, and the sustained cognitive load of in-session
monitoring. The therapeutic relationship has also been consistently
identified as a central mechanism of change [17], meaning that
anything competing for the clinician’s attention during a session
carries real clinical cost. These features make exposure therapy an
unusually demanding test case for Al integration. No prior work
has examined how clinicians delivering exposure therapy envision
Al collaboration within this specific context.

3 Methods

We recruited 12 licensed clinicians through purposive sampling
from a registry of mental health professionals, targeting self-identified
CBT [3] practitioners across professional directories, APA-accredited
program listings, and conference networks. Participants ranged
from master’s-level student clinicians to licensed psychologists
with over two decades of experience, spanning private practice,
VA hospital, academic medical center, community mental health,
and primary care settings. Nine identified as women, two as men,
and one as non-binary; eight identified as White, three as Asian,
and one as Hispanic or Latino. Prior to each interview, participants
completed a short questionnaire covering clinical role, setting, ex-
perience, and technology use (see Appendix A). This study received
IRB approval (STUDY00028090); participants were compensated
$50.

3.1 Data Collection

We conducted 12 semi-structured interviews via Zoom between
December 2025 and March 2026, each lasting approximately 45 min-
utes (M = 47 minutes). Interviews were audio- and video-recorded
and transcribed using Zoom’s transcription service. All transcripts
were subsequently reviewed and corrected against the recordings
for accuracy.

Our interview protocol began with questions about participants’
current clinical workflows and the particular demands of deliver-
ing exposure therapy, before moving into how they envisioned Al
fitting within those workflows. Consistent with our research ques-
tions, we did not frame Al as a replacement for clinical judgment.
Instead, interviews focused on collaboration rather than automa-
tion, helping avoid priming participants toward either enthusiasm
or resistance.

3.2 Data Analysis

We conducted reflexive thematic analysis following Braun and
Clarke’s six-phase framework [7, 8], approaching the data induc-
tively. The first author served as primary analyst and the fifth author
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as secondary coder, meeting regularly to review emerging codes and
resolve disagreements through discussion. Code-to-theme develop-
ment was iterative: for example, codes such as "evidence sourcing,'
"reasoning visibility, and "recommendation skepticism" converged
into the theme Transparent Reasoning as a Condition for Clinical
Trust once the research team identified that participants were ar-
ticulating transparency as a precondition for action rather than a
desirable feature. The analysis produced eight candidate themes; we
selected the four addressing attributes of an ideal Al teammate and
excluded four characterizing current workflows, documentation
burden, and technology attitudes, which described present practice
rather than envisioned collaboration. A condensed codebook is
provided as supplementary material. All participants are referenced
using assigned P-numbers.

4 Findings

Our findings reveal four attributes that clinicians across the sample
consistently described as defining their ideal AI teammate: themes
that characterize not what they want Al to do, but what they need
Al to be. Taken together, they describe a coherent relational model
of human-AlI collaboration specific to the demands of exposure
therapy practice.

4.1 Al as a Silent Second Observer

The most consistent image across all twelve interviews was not
Al as advisor or evaluator, but as a presence-enabling companion:
a background observer that absorbs the mechanical demands of a
session so the clinician can attend fully to the patient. The clearest
bottleneck was SUDS? monitoring. P3 described the bind directly:
"The most annoying part of exposures is SUDS monitoring. I don’t ask
during the exposure because I don’t want to interrupt.” Collecting the
data requires disrupting the conditions that make the data meaning-
ful. The problem extended beyond physiological tracking. P1 noted:
"When a patient brings up something unexpected, I'm on my laptop
mid-session looking for a resource. It breaks my presence.” Clinicians
were not asking Al to contribute to the clinical conversation but
to operate beneath it: passively monitoring vocal and behavioral
distress markers to estimate SUDS, taking no action during the
exposure itself, and producing a post-session distress trajectory for
review. This is not a passive tool function but active collaboration,
requiring continuous, context-sensitive judgment about when to
act and when to recede.

4.2 Creative Partner in Exposure Design

When the creative process of building a hierarchy stalls, clinicians
identified Al as a generative collaborator rather than a reference
tool. P3 named the specific gap: "I want Al to generate a larger
menu of exposure options when both the patient and I feel stuck." The
request was not for Al to design the hierarchy, but to expand the
option space when clinical creativity runs thin. P9 extended this to
hierarchy navigation: "AI could suggest intermediate exposure steps
between two hierarchy options. What is something in between?" This
generative orientation is distinct from how current clinical A tools

ZSubjective Units of Distress Scale (SUDS): a self-report measure where patients rate
their distress level on a scale from 0 (no distress) to 100 (maximum distress), used
during exposure therapy to track anxiety habituation in real time.
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are designed, which primarily evaluate or classify existing data
rather than produce new material [9]. The clinician remains the
architect. What clinicians wanted was something to broaden what
there is to build with.

4.3 Transparency as the Price of Entry

Across the dataset, transparency was not described as a desirable
feature. It was described as a prerequisite for action. P2 articulated
the condition clearly: "If the AI weighs pros and cons and links its
reasoning to the PE manual® or a study, I would trust it" The inver-
sion was equally explicit for P8: "I would be very hesitant to act on a
recommendation without seeing its reasoning and data." Several clin-
icians reframed what they wanted from AI altogether. P5 described
it as: "Less about getting an answer. More about having a thinking
partner to test my own reasoning." This aligns with Liao et al’s [18]
finding that the ability to interrogate Al reasoning is a precondition
for trust, not an optional affordance. The ideal AI does not replace
clinical judgment. It makes it more rigorous.

4.4 Graduated Trust and the Clinician as
Gatekeeper

All twelve clinicians independently described a conditional, in-
cremental model of Al trust, with the clinician serving as a non-
negotiable gatekeeper between AI output and patient contact. The
most common analogy was supervision. P3 articulated the trajec-
tory: "I would start in subordinate mode with aspiration to move
toward collaboration as trust develops, like supervising a doctoral stu-
dent." The gatekeeper boundary was stated with particular clarity
by P12: 'T am the gatekeeper. I would not use Al as a tool that commu-
nicates directly with the client." P11 reinforced the same partition: "T
trust my own therapeutic and clinical skills to navigate as I see fit."
Documentation, data synthesis, and brainstorming were available
for delegation. Clinical reasoning and direct patient contact were
not. Trust, in this model, is not assigned at deployment. It is earned
incrementally through demonstrated reliability.

5 Discussion

Our findings reveal that clinicians do not conceptualize Al as a
smarter tool but as a particular kind of colleague: present but un-
obtrusive, generative but not authoritative, transparent about its
reasoning, and willing to earn greater responsibility over time
rather than assume it. We term this orientation relational AI ar-
chitecture: a design framework that reframes the central question
from what clinical Al should output to what kind of collaborative
relationship it should sustain. Unlike interaction guidelines speci-
fying momentary behavior [2] or teaming models specifying role
allocation [28], it specifies the collaboration’s trajectory: an Al that
estimates distress silently, proposes evidence-linked exposures on
request, and gains autonomy only through demonstrated reliability,
never direct patient contact.

Each of our four themes speaks to a gap in an existing litera-
ture. The silent observer theme challenges the dominant design
logic of Al in mental healthcare [12, 22], where tools are built to

3The PE (Prolonged Exposure) manual refers to the standardized treatment protocol
that guides clinicians in the structured delivery of exposure therapy for PTSD, including
session-by-session procedures, psychoeducation scripts, and homework assignments.
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produce outputs for clinicians to receive. Our participants did not
want more output. They wanted reduced cognitive load during a
session, a need that existing evaluative tools are not designed to
address. The transparency theme extends Liao et al.’s [18] finding
that interrogability is a precondition for trust by showing what
interrogability must look like in a high-stakes clinical context: not
an explainability dashboard, but a reasoning process that a clinician
can test their own judgment against. The graduated trust theme
complicates human-AI teaming frameworks [2, 31], which tend to
treat trust as a configuration parameter. Our clinicians described
trust as developmental and relational, closer to a supervisory rela-
tionship than a system setting. This suggests that teaming models
built for data science or manufacturing contexts require significant
translation before they can serve clinical psychotherapy.

The creative partner theme describes a need that existing clinical
Al tools were never designed to meet. Current systems are evalu-
ative by orientation: they classify, flag, and recommend based on
existing data [12], whereas hierarchy construction requires produc-
ing novel combinations of stimuli tailored to a specific patient’s
fear structure. When P3 described wanting Al to generate "a larger
menu of exposure options when both the patient and I feel stuck,” they
were describing co-creative ideation [20] — a mode only beginning
to emerge in clinical psychotherapy. Recent work shows LLMs can
generate clinically appropriate exposure hierarchies [5] and per-
sonalized imaginal exposure scripts [33], yet what remains missing
is a collaborative framework for integrating generative capability
into practice, grounded in how clinicians themselves conceptualize
that partnership.

Our findings also carry implications that extend beyond expo-
sure therapy. The relational model clinicians described, where an
Al earns trust incrementally, makes its reasoning visible, and ac-
cepts structural limits on its autonomy, maps onto a broader set
of design challenges that CSCW researchers have identified across
high-stakes collaborative work [9, 31]. In fields ranging from sur-
gical assistance [21] to legal decision support [10, 11], the core
tension is the same: how do human professionals incorporate Al
into workflows defined by irreducible expertise, ethical account-
ability, and relational complexity [9]? Our participants’ answer to
this question was not to resist Al but to insist on the conditions
under which it could be a legitimate participant. This distinction
matters for how the field frames the problem. The question is not
whether Al belongs in high-stakes clinical or professional work. It
is what design commitments are required to make that belonging
earned rather than assumed.

These findings carry concrete design implications. Clinical Al
should reduce in-session cognitive demands without inserting itself
into the relational space between clinician and patient, expose its
reasoning rather than summarize it, and support graduated permis-
sion structures that allow trust to accumulate through demonstrated
reliability. The gatekeeper boundary our participants drew offers
designers a principled starting point for scoping what any clinical
Al system should and should not be permitted to do.

6 Limitations

This study reflects a single modality, and findings may not gener-
alize to other evidence-based psychotherapies. Our sample of 12
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is modest, though licensed clinicians with direct exposure therapy
experience remain a specialized, hard-to-access population; it also
skewed toward clinicians identifying as women (9 of 12), which may
bound the generalizability of our claims. Our data captures vision
rather than behavior, and clinicians’ stated ideals may not match
their responses to an actual system under live clinical conditions.
Finally, participants framed graduated trust as uniformly beneficial,
but trust that grows with familiarity can drift toward overreliance
and automation bias, a risk future work should examine.
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A Participant Demographics

Participants represented a range of clinical backgrounds, training
stages, and practice contexts. Seven held expert-level exposure ther-
apy experience (20+ cases), three reported intermediate experience
(5-20 cases), and two were novices with fewer than five cases. Clini-
cal settings spanned private practice, VA hospital, academic medical
center, community mental health, and primary care. Documenta-
tion burden ranged from 0-2 hours per week to 8 or more, reflecting
meaningful variation in administrative load across participants.
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Table 1: Participant Demographics (N=12)

Moradzadeh et al.

ID  Age Gender Race/Ethnicity ~ Professional Role Degree Year Clinical Setting ET Experience Docs (hrs/wk)

P1  35-44 Woman White Licensed Psychologist, Academic 2017 Private Practice Expert (20+) 0-2
Professor

P2 35-44 Woman White Clinical Psychologist 2024 Private Practice Expert (20+) 0-2

P3  35-44 Woman Asian Licensed Psychologist 2015 Telehealth / Contract Intermediate (5-20) 2-4

P4  35-44 Woman White Licensed Psychologist 2021 Other (Athletics) Intermediate (5-20) 2-4

P5  25-34 Woman Asian Assistant Professor / Licensed Psy- 2021 Private Practice Intermediate (5-20) 0-2
chologist

P6  25-34 Non-binary White Licensed Psychological Associate; 2021 Community Mental Health  Intermediate (5-20) 2-4
Doctoral Student

P7  45-54 Woman Asian Licensed Psychologist 2014 Private Practice Expert (20+) 2-4

P8  45-54 Man White Licensed Psychologist 2002 Other (Primary Care) Expert (20+) 2-4

P9  25-34 Woman White Clinical Psychology PhD Candidate 2024 VA Hospital / Private Prac- Novice (<5) 2-4

tice

P10 35-44 Man White Licensed Psychologist 2012 Academic Medical Center ~ Expert (20+) 4-6

P11 45-54 Woman White Licensed Psychologist 2006 Private Practice Expert (20+) 8+

P12 25-34 Woman Hispanic/Latino  Student Clinician (Master’s Level) 2025 Private Practice Novice (<5) 6-8
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