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Abstract

Conversational AI (CAI) is being deployed in mental healthcare settings, including in chatbots
designed to deliver therapy directly to patients. However, in light of many unresolved questions,
this focus on replacing human therapists may be premature, while overlooking safer, immediate
opportunities for CAI to extend the existing systems of care in areas where human support and
resources are minimal or absent. Specifically, we identify opportunities for CAI to facilitate (1)
prevention and screening, (2) assist while patients are on waitlists, (3) support between sessions,
and (4) provide follow-up care after human therapy. Rather than focusing on replacing clinicians
in therapy, CAI should be strategically integrated into the broader care infrastructure to make the
care system more integrated, less burdensome, and increase its capacity, thereby enhancing its
effectiveness. We review preliminary studies that suggest that this is plausible. Across stages of
healthcare delivery, we highlight specific opportunities and candidate mechanisms for effective
and ethical implementation of such blended human-AI care.
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1. Introduction

Conversational Artificial Intelligence
(CAI) has been increasingly applied
in mental healthcare settings since its

advent in November 2022. Several randomized
controlled trials (RCTs) have demonstrated the
efficacy of elements of psychotherapy delivered
by CAI-based chatbots (reviewed in He et
al., 2023; Li et al., 2023; Zhong et al., 2024;
see also Heinz et al., 2025). For example, a
recent first-of-its-kind RCT of a fully generative
chatbot showed significant improvements in
symptoms of Major Depressive Disorder (8
weeks: d=0.9), Generalized Anxiety Disorder

(8 weeks: d=0.8), and weight concerns (8
weeks: d=0.6) (Heinz et al., 2025). The
qualitative study by Siddals et al. (2024) has
also found positive impacts of a CAI-based
chatbot, including high patient engagement
and reduction of symptoms related to trauma
and loss.

However, while these preliminary results
are promising, there is insufficient evidence to
suggest that direct therapy delivery is effective
and safe in real-world mental healthcare
systems, and that patient interactions with
stand-alone CAI can be sustained long enough
to be effective (Mohr et al., 2017, 2018). Despite
that, numerous companies and research groups
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worldwide are working toward building
chatbots designed to act as therapists, often
envisioning a future in which CAI can fully
substitute for human clinicians. Yet, many
open questions remain about what it would
take for a CAI system to approximate the
real-world effectiveness of human-level therapy
(Stade et al., 2025).

Instead of focusing on substituting for
human care, we suggest that CAI should be
deployed where it has the greatest relative
potential to improve the status quo within
mental healthcare systems. Following a recent
saying in the tech industry that “AI is not
better than the best human, but often better
than the best available human,” there are
many stages of the mental health care pathway
where, currently, “the best available human” is
nobody. For example, real-world care is often
limited in prevention, early detection, while
patients are on waitlists, between sessions, and
post-treatment.

This current status quo leaves healthcare
systems as a whole less effective. Specifically,
in most systems, universal screening and
prevention efforts are often insufficiently
implemented, resulting in undetected cases
and unsupported individuals, despite the
demonstrated value of screening (e.g., Dodge,
2018; Ridenour et al., 2022). Once a referral is
made, patients often face long waitlists. For
instance, in the U.S., wait times commonly
range from 2–3 weeks to several months
(Steinman et al., 2015; Blech et al., 2017) with
an average delay of around seven weeks, with
millions awaiting care (Peipert et al., 2022).
Moreover, therapy sessions are often spaced
two to three weeks apart due to insufficient
clinicians. Between-session support is typically
minimal or inconsistent, compounding the
gap in care (Orlinsky et al., 1993). Likewise,
when patients complete psychotherapy, relapse
prevention, and aftercare programs are often
minimal (Henneman et al., 2018), even though
the risk of relapse is high, particularly for those
with chronic conditions (Hölzel et al., 2011).

2. Considering the entire mental

healthcare pathway

Experts have long emphasized that a focus
on the patient in isolation is insufficient to
reduce the overall population burden of mental
disorders, pointing instead to systems-level
interventions such as universal screening
and prevention (Chater & Loewenstein, 2022;
Dodge et al., 2024). In these overlooked
spaces, even modest AI-based interventions
could produce meaningful benefits. We argue
that they are a promising target for CAI
development efforts in the near term.

Although psychotherapy is often seen as the
central to care, meaningful change can begin
well before treatment starts and must often be
sustained long after it ends (see Fig. 1). Indeed,
empirical evidence shows that mental health
disorders can be prevented before they emerge
(Dodge et al., 2024; even though the number
needed to treat remains substantial, Cuijpers
et al., 2021) and that aftercare programs help
reduce relapses after release from treatment
(Krijnen-de Bruin, 2022; Chen et al., 2022; Zhou
et al., 2023).

Therefore, we propose a “figure ground
reversal”: to focus on using CAI in mental
healthcare to support mental healthcare
pathways outside of psychotherapy (which
may very well be best continued to be delivered
by human clinicians). In this paper, we
offer four entry points for integrating CAI
into the mental healthcare pathway: (1) for
prevention – before there is an explicit need
for therapy, (2) waitlist – when there is a need
for psychotherapy but psychotherapy has not
begun, (3) intersession processes – between
therapy sessions when therapy is ongoing, and
(4) sustainment – after formal psychotherapy
has concluded (see Fig. 2).

The pathways have in common that they
always have “a therapist in the loop” to
supervise and mitigate risk (following Stade
et al., 2024). There have been numerous
reported cases in which CAI chatbots gave
inappropriate, unethical, or dangerous advice
(Sedlakova & Trachsel, 2023; Blease & Rodman,
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Figure 1: Proportional timeline of the mental healthcare pathway.

Note. This figure represents an illustrative, typical one-year timeline of the mental healthcare pathway, highlighting the
relative proportions of time spent in each stage. Psychotherapy itself typically occupies only a small fraction of the overall
process, with much more time spent on prevention, waiting for treatment, between sessions, and in aftercare. We relied on
published estimates to estimate relative time use: 3 months (25% of the year) for the waitlist period (based on European
healthcare data showing average wait times of 2–5 months, Civio, 2021); for the therapy phase, we assumed 3 months
of weekly psychotherapy (0.1% of the year spent in session, based on 12 one-hour sessions, and 24.9% in intersession
periods, Flückiger et al., 2020). The remaining 6 months (50%) were allocated to aftercare, which matches durations
reported for follow-up and maintenance programs (e.g., APA, 2018). For the right pie chart, we assumed one hour of
weekly psychotherapy and 16 hours of waking activity per day.

2025). When a CAI tool interacts directly with
patients without therapist oversight, it creates
a critical safety gap. This not only poses
risks to the client’s safety but can also disrupt
the clinician’s therapeutic plans. By contrast,
a model in which the clinician reviews and
selectively uses the content generated by CAI
offers a safer and more controlled alternative.
Of course, such implementations require
adherence to healthcare privacy standards, but
most major CAI systems (including ChatGPT)
are available in HIPAA-compliant versions,
and such systems can also be run locally on
university or hospital servers.

2.1. Prevention

There are three types of prevention models:
(1) universal prevention, which is aimed at
targeting the overall population irrespective of
the risk factors, (2) selective prevention, which
targets subpopulations at risk of developing
a disorder based on bio-psycho-social
risk factors, and (3) indicated prevention,
which targets individuals with subthreshold
symptoms of a mental disorder who do not yet
qualify for a diagnosis (Mrazek & Haggerty,
1994; National Research Council, 2009).

Despite being effective and cost-effective
(Cuijpers et al., 2021; Le et al., 2021; Sander et
al., 2016), mental health prevention strategies
do not receive sufficient governmental funding,
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Figure 2: Pathway of care augmented by CAI.

Note. There are at least four states in mental health care that can be supported by CAI, either with CAI performing a task
under human supervision or a human performing a task with CAI support (Miner et al., 2019). The prevention stage
can target three distinct populations: the general population, individuals with subclinical conditions, and patients with
diagnosed clinical conditions. In the screening stage, individuals exhibiting clinical symptoms are evaluated and may be
placed on a waitlist. During the waitlist period, prospective patients may receive support in preparation for psychotherapy,
or CAI may conduct symptom assessment/intake. During the treatment stage, both the patient and therapist may be
supported between therapy sessions. Finally, the post-treatment stage provides patients with ongoing support to maintain
therapeutic outcomes, reinforce acquired skills, monitor for potential relapse, and facilitate timely readmission, if necessary.

as they require long periods of engagement
and are costly (Jacka & Reavley, 2014). Using
CAI for prevention is promising since it can
address some of these limitations. First, CAI
technology can be implemented on all three
levels of prevention classification: it can target
the general population as well as (sub)clinical
populations (Fig. 2).

To illustrate, for universal prevention
targeting the general population, CAI can be
embedded into existing digital ecosystems,
such as public health apps, workplace
wellness platforms, or educational settings,
as optional, user-initiated tools offering
psychoeducation, stress-reduction practices,
or mood tracking. Also, as noted by
Dodge et al. (2024), embedding services
in public institutions like schools, primary
pediatric care, and other health care centers,

churches, and neighborhood centers could
increase participation. CAI can be offered
as part of routine screening in primary care,
for example, during annual check-ups or
wellness consultations where patients already
expect health-related discussions. For selective
and indicated prevention, CAI can support
individuals at elevated risk or with subclinical
symptoms through tailored interventions, such
as through integration with electronic health
systems or referrals from school counselors or
general practitioners.

Such a strategy is relatively affordable
since it does not require intensive human
involvement. Furthermore, studies have shown
that digital prevention programs administered
through web applications and websites have
a small but significant effect in preventing
mental disorders (Sander et al., 2016). Since
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it is known that more engaging web-based
programs lead to better effectiveness (Karekla
et al., 2019), CAI warrants investigation for
prevention as it may enhance adherence
through greater flexibility and personalization,
and thus, engagement (e.g., Heinz et al., 2025).

Extensive research has identified numerous
risk and protective factors associated with the
development of mental disorders (e.g., Hölzel
et al., 2011; Vink et al., 2008; Cairns et al.,
2014; Shortt & Spence, 2006). CAI could help
individuals strengthen protective factors (e.g.,
emotion regulation or social connectedness)
and detect early signs of risk. Such tools could
also empower individuals to activate existing
psychological and social resources, such as
reaching out to trusted peers or engaging in
meaningful activities, thereby aligning with
a strength-based approach to mental health
prevention (Tse et al., 2016).

Effective psychoeducation alone might
help increase awareness about mental health,
address common biases, and reduce stigma.
The psychoeducation skills of ChatGPT have
been recently evaluated by psychotherapists
and found to be adequate (Maurya et al., 2025).

Future research should systematically
investigate how CAI can be most effectively
tailored and deployed across the different
levels of prevention. This includes identifying
which conversational strategies, content
formats, and delivery contexts are most
beneficial for diverse populations. Controlled
trials comparing CAI-based interventions
with existing digital and human-delivered
preventive approaches are needed to evaluate
their effectiveness, adherence, and long-term
impact.

2.2. Screening

Prior work has found that general practitioners
do not have the time or resources to conduct
even short routine screenings for mental
disorders (Parker et al., 2020; Zhang et
al., 2019). CAI could support assessment,
for example, by engaging patients in short
conversations at the beginning or end of a

medical visit to flag potential mental health
concerns. This could both enhance prevention
and reduce the burden on already overloaded
general practitioners. Similarly, a brief,
structured check-in with a chatbot during
school or workplace health assessments could
deliver programs that reduce risk factors for
anxiety and depression (Schleider & Weisz,
2016).

Although it is perhaps too early to speak
about CAI diagnosing a condition and severity
in real-world settings, some studies suggest
that it may become a feasible option in the
future (Johri et al., 2025). For example, studies
show that chatbots might be able to detect
mental issues by asking sets of questions
based on screening questionnaires, similar
to clinicians (Johri et al., 2025; Levkovich
& Elyoseph, 2023; Vaidyam et al., 2019;
Kjell et al., 2023). Research should explore
how to integrate CAI ethically and equitably
into real-world care infrastructures—such
as schools, workplaces, or primary care
settings—without overwhelming users or
providers.

2.3. Waitlist periods

Long waitlist time is a formidable challenge
for mental healthcare systems across the world
(Mohr et al., 2006). For instance, the general
waitlist time for psychotherapy is up to 3
months in the US (Steinman et al., 2015;
Blech et al., 2017) and approximately 4-5
months in Germany (Civio, 2021). There’s
emerging acceptance of the idea that waitlists
are harmful to people’s mental health: in
general, the condition of prospective therapy
patients deteriorates while being on a waitlist
(Steinert et al., 2017; Cristea, 2019; van Dijk et
al., 2023; Reichert & Jacobs, 2018). Building
on previous developments in computerized
CBT programs (Huang et al., 2024), using
CAI-based tools to support individuals during
the wait for treatment represents a promising
and scalable solution during a time when
they would otherwise see deterioration in their
symptoms.
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For example, Rollwage et al. (2023) recently
tested a CAI-based self-referral tool. This
conversational chatbot is integrated into the
service’s website and assists patients by
collecting the necessary intake information
(eligibility criteria, demographic information,
etc). This additional information includes
free-text input regarding the patient’s
presenting symptoms as well as standardized,
clinically validated routine outcome measures
and screening questions. The outcomes of
this program showed that the use of CAI
increased clinical efficiency by reducing the
time clinicians spend on preliminary mental
health assessments and reducing wait times
for patients, reducing dropout rates, and
increasing recovery rates (Rollwage et al.,
2023). The study found the sharing of clinically
relevant information obtained through CAI
with service providers to be particularly
important.

Another crucial aspect is that many patients
require a substantial number of therapy
sessions before experiencing meaningful
improvement; given that 9–13 sessions can
be needed for meaningful clinical change
(Hansen et al., 2002; Harper et al., 2024).
One promising strategy to reduce this delay
is to offer low-intensity interventions prior
to therapy. For example, single-session
interventions have been shown to produce
measurable improvements for individuals
awaiting treatment (Schleider & Weisz, 2016).
Likewise, single-session consultations (SSC),
which prompt patients to identify and
implement achievable behavior changes while
on waitlists, have demonstrated feasibility and
symptom reduction in both in-person and
telehealth formats (Schleider et al., 2021; Sung
et al., 2023).

In addition, there is strong evidence
that role induction—providing patients with
information about what to expect from therapy
and how to engage effectively—improves
early engagement and outcomes (Swift et
al., 2023). Similarly, studies indicate
that motivational interviewing (MI) before
treatment can enhance retention and outcomes

(Westra et al., 2006; 2009; Carroll et al.,
2006). Together, these findings suggest
that evidence-based pre-therapy interventions
can accelerate therapeutic gains and reduce
dropout. CAI could provide a scalable
way to deliver such interventions, improving
readiness for therapy while helping to alleviate
systemic bottlenecks in access to care.

That said, future research could focus
on proof-of-concept studies aimed at testing
whether chatbot interventions can activate
specific psychological mechanisms known to
support treatment outcomes. For instance, a
brief chatbot conversation conducted before the
first therapy session might increase a client’s
positive expectations toward treatment, which
is a well-established predictor of therapeutic
success (Constantino et al., 2011). In medicine,
proof-of-concept studies demonstrate that an
intervention engages its intended mechanism
(e.g., a drug reaches the bloodstream or alters a
biomarker) (Cartwright et al., 2010). Similarly,
in mental health, we need preliminary studies
to assess whether key change mechanisms can
be effectively targeted by digital tools before
therapy.

2.4. Between therapy sessions

Psychotherapy sessions typically occur once
a week for about one hour, which is a tiny
fraction of the waking or working hours
in a given week. While much attention
has been given to in-session factors that
contribute to change (e.g., McAleavey &
Castonguay, 2014), the time between sessions
also plays a significant role (Orlinsky et al.,
1993). Assuming the person is awake for
112 hours per week (based on 16 waking
hours per day), 99%+ of those hours are
spent in between sessions. Events that occur
to the patient between sessions are called
intersession processes (Orlinsky et al., 1993),
and they typically refer to patients’ reflections
on the previous sessions, their internalized
image of psychotherapy, and thoughts about
their therapist, along with different homework
assignments. Since these processes occur in
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patients’ daily lives and it is challenging to
track them, supporting these processes with
CAI appears to be a fruitful target.

What can CAI offer to support intersession
processes? CAI can help patients practice and
consolidate skills learned during therapy – a
powerful mediator of lasting change (e.g., Lane
et al., 2015). Meta-analytic evidence indicates
that both the quantity and quality of homework
compliance predict therapy success across
cognitive-behavioral interventions (Kazantzis
et al., 2016; Mausbach et al., 2010). Despite
this, much of the time between sessions is
underutilized: patients often do not fully
engage with exercises or apply skills in daily
life. CAI-based applications could fill this
gap by guiding patients through homework
assignments, providing reminders, answering
questions about exercises, or helping interpret
experiences (e.g., distinguishing thoughts from
emotions), thereby reinforcing skill acquisition
and supporting behavioral change (Stade et
al., 2024; Hartford & Stein, 2024). Supporting
this view, a recent real-world study found that
patients using an AI-enabled therapy support
tool alongside group CBT demonstrated higher
session attendance, lower dropout, and greater
clinical improvement compared to those using
standard workbooks, with benefits linked
to engagement and personalization (Habicht
et al., 2025). Similarly, Sharma et al.
(2024) have found that self-guided LLM-based
exercises might facilitate adaptive cognitive
restructuring.

Beyond homework support, CAI may
also facilitate additional processes such as
reflection and insight generation. For example,
chatbots can help organize patient reflections,
summarize intersession experiences, or track
cognitive and emotional patterns, which could
then be summarized by CAI and reviewed
by the therapist in subsequent sessions.
Multi-modal CAI systems with increasingly
seamless speech-to-text capabilities can make
these processes more convenient, allowing
patients to log experiences as voice notes
(Haag et al., 2024). Summarization is one
of the strongest use cases for CAI (Lee et al.,

2024); thus, daily or weekly summaries with
key points could be created based on such
recordings, which patients can share with their
therapist. Also, these systems can extract the
main cognitive patterns, e.g., patients’ negative
thoughts and certain emotional reactions, and
illuminate the connections between them, for
which self-insight might be limited.

Future research should examine how CAI
can most effectively support intersession
processes, importantly, without undermining
the therapeutic alliance or replacing essential
human judgment. Studies could explore
which types of prompts, reflection tools,
and modes of interaction (e.g., text, voice,
or summaries) are most beneficial for
different patient groups. In particular,
longitudinal trials are needed to assess whether
CAI-enhanced intersession engagement leads
to better therapeutic outcomes, such as
increased insight, adherence to homework, and
therapeutic session-to-session continuity.

2.5. Post-treatment

Mental disorders are, in general, highly
recurrent and are prone to relapse and
chronification (Paykel et al., 2005; Yonkers et
al., 2003; Hölzel et al., 2011), with depression
being a prime example, characterized by a
particularly high recurrence (Hölzel et al.,
2011). While it is known that evidence-based
psychotherapy is generally effective (Campbell,
2013; Cuijpers et al., 2023; 2025), these effects
often tend to decrease after psychotherapy
is finished (Steinert et al., 2014). Hence,
follow-up aftercare programs, including
outpatient psychotherapy and monitoring, are
recommended for people with depressive
disorders (Krijnen-de Bruin, 2022). The
main aim of this period is to consolidate
treatment outcomes and ensure their longevity
(Hennemann et al., 2018).

Studies show that aftercare can reduce
rates of relapse, as well as increase rates of
appropriate treatment following relapse due
to increased monitoring (Dennis et al., 2003;
McKay, 2021). This might allow clinicians
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to reduce the risk of relapse. However,
one of the main barriers to administering
effective aftercare programs is the limited
resources of healthcare systems, given high
costs (Henemann et al., 2018). To address these
issues, in recent years, innovative low-cost and
low-threshold aftercare models have emerged,
such as web- or telephone-based follow-up
monitoring programs (Hennemann et al., 2016;
Jacobi et al., 2017; reviewed in Petre et al.,
2024).

Building on these developments, CAI could
offer structured, interactive modules tailored
to post-therapy needs. For example, a CAI
system could guide users through periodic
relapse monitoring using validated mood
and symptom questionnaires, prompting
reflection on triggers and early warning
signs, and offering personalized relapse
prevention, prompting the patient to make
use of the skills that worked the best for
them in therapy. It could also provide
personalized psychoeducation refreshers,
facilitate structured behavioral activation
exercises, and offer motivational dialogue to
sustain therapeutic habits. Importantly, the
CAI system could escalate cases by notifying
clinicians when risk thresholds are exceeded.

Future studies should investigate the
efficacy and acceptability of CAI-based
aftercare interventions in sustaining treatment
gains and preventing relapse, particularly
among individuals with recurrent conditions
like depression or psychosis. RCTs could
compare CAI-supported aftercare with
traditional follow-up models and evaluate
outcomes such as relapse rates, user
engagement, and cost-effectiveness. Research
should also explore which components (e.g.,
mood tracking, motivational dialogue, or
elements of CBT) are most impactful and how
to adapt these for varying clinical profiles.

3. CAI support for therapists

In addition to filling the gaps for therapy
patients, CAI can also assist therapists outside
of therapy proper. Based on the transcripts

of psychotherapy sessions, CAI can perform a
number of actions at different levels of analytic
depth. On the basic level, it can summarize
the session, find key points discussed in
the session, and identify areas for progress,
akin to meeting “co-pilots” that are being
routinely implemented in video conferencing
solutions, like Zoom or Google Teams. Indeed,
one of the most immediate opportunities
lies in supporting the non-patient-facing
administrative tasks that often consume a
substantial portion of therapists’ time. CAI
systems can generate structured summaries of
therapy sessions (Asgari et al., 2025), thereby
reducing the burden of routine documentation.
Automatic CAI-based services to deliver
such documentation have experienced rapid
adoption in other parts of medicine (Tierney
et al., 2024). Beyond session notes, they
can assist in drafting referral requests,
preparing statements for insurance providers,
and maintaining up-to-date clinical records
(Tierney et al., 2024). By taking on these
administrative roles rather than the therapeutic
relationship itself, CAI can improve efficiency,
reduce clinician cognitive load, and allow
therapists to concentrate on core therapeutic
tasks and higher-order decision-making (Das &
Ghoshal, 2023). Supporting the superordinate
administrative structure of healthcare is,
therefore, a meaningful avenue for supporting
mental health care with CAI.

Beyond these applications of summarizations,
on a deeper level, CAI that is grounded in
particular evidence-based treatment manuals
could act as supervisors for psychotherapists
(e.g., Hsieh et al., 2024; Stade et al., 2024)
and generally provide actionable feedback.
For instance, it can help with identifying
the effective and ineffective aspects of the
therapist’s behavior throughout the session. It
can also analyze the behavior of the client
in the session, for example: were there
some moments when the client avoided some
questions, or the therapist ignored points the
patient brought up?

In addition, CAI systems could be used
to monitor established mechanisms of change
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within evidence-based treatments, offering
therapists actionable information between
sessions. For example, in cognitive therapy
for PTSD, changes in trauma-related beliefs
are central to recovery and strongly predict
treatment outcome (Kleim et al., 2013).
Similarly, in exposure-based interventions,
therapeutic progress is often mediated
by expectancy violation processes (patients
learning that feared outcomes do not occur),
which can be assessed and tracked (Craske et
al., 2022). A CAI-based system could analyze
session transcripts or patient reflections to
detect such shifts, flagging them for therapist
review. The therapist then decides whether
and how to address, reinforce, or further
explore these mechanisms with the client.

Future research should investigate how
CAI-based supervision tools can be reliably
integrated into clinical training without
undermining the development of therapists’
critical thinking, intuition, and interpersonal
sensitivity. Empirical studies could explore
the effectiveness of CAI feedback in improving
specific therapist competencies across different
therapeutic modalities and training levels.
Additionally, research is needed to determine
how therapists interact with, interpret, and
act on CAI-generated insights, especially in
complex or ambiguous clinical cases.

4. Concluding remarks

Since the advent of advanced conversational AI
(CAI), the dominant view among technologists
has been to use it to directly provide
psychotherapy. It may be appropriate to
expand our perspective on CAI’s role in
mental healthcare. Rather than positioning
it as a substitute for (human) therapy, we
can think of CAI as a new technological
affordance (like the internet) that can be used
to transform real-world healthcare systems to
make them more integrated, less burdensome,
improve their reach, and thus, their impact
on public health. To start, the biggest
opportunities may lie in areas in which
currently little or no human support is

available to deliver care. Future research
and private sector investment could focus
on these gap areas, spanning prevention,
waitlist periods, intersession processes, and
post-treatment stages. To summarize, then, the
question is not “Is CAI better at therapy than
humans?” but “Will a health care system with
CAI solutions be better than a system without?”
Based on much preliminary work cited in this
article, we feel the answer is demonstrably
yes. Now is the time for private sector and
academic innovators to “think bigger” beyond
therapy and about the system as a whole.
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