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ABSTRACT

As Al systems are built and deployed to support mental health
services, it is imperative to fully understand the stakeholder ac-
ceptability of such systems so that these concerns can be taken
into account in system design. As such, we undertook a consulta-
tion with staff (therapists) and service-users at Adferiad Recovery
(a large mental health charity). The aim was to capture insights
about their understanding of trust, and different trust factors for Al
in mental health care. Surveys, interviews and focus groups were
conducted with service users and therapists. Key takeaways for
computer scientists and the developers of Al systems are presented.

CCS CONCEPTS

« Human-centered computing — Empirical studies in col-
laborative and social computing; « Security and privacy —
Human and societal aspects of security and privacy;  Computing
methodologies — Artificial intelligence.
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1 INTRODUCTION

A large number of Al frameworks have been created to mitigate
ethical problems that have been identified as development of Al has
fast outpaced regulation. The Al Ethics Guidelines Global Inventory
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counts 173 frameworks (last update in April 2020) [1]. Several sur-
veys of Al ethics frameworks exist focusing on different aspects, e.g.
availability of concrete tools to facilitate development [2], usabil-
ity of guidelines [8], human-centrism [20], and health [17, 22, 28].
Eight general ethical principles emerge: privacy, accountability,
safety and security, transparency and explainability, fairness and
non-discrimination, human control of technology, professional re-
sponsibility, and promotion of human values [7, 12].

At the same time, Al is being actively applied to mental health.
In [25], 128 applications of Al for mental health were reviewed; the
bulk of Al systems were used to stratify patients or to evaluate care
quality. Other systems attempt to predict mental health problems
via AI [26]. Recently, several investigations into providing cognitive
behavioural therapy (CBT) have been undertaken [24]. For instance,
Woebot has been used in randomized controlled trials to provide
CBT, with indications of good uptake [6].

While the ethics of Al in health applications is a widely dis-
cussed problem, ranging from general frameworks above to con-
cerns for using ChatGPT [18, 27] and other chatbots [3, 9] within
the health context, these efforts rely largely upon literature reviews
and thought experiments to identify challenges and pitfalls.

Sociotechnical principles developed and refined through research
on the web indicate that society’s perception of a technology influ-
ence its adoption, which then changes both society and the technol-
ogy [21]. In 2016, Chopra et al. noted that "Existing approaches for
social machines emphasize the technical aspects and inadequately
support the meanings of social processes, leaving them informally
realized in human interactions” [4]. The same set of problems can
be seen today with the use of Al within our health social machines.
Frameworks focus on high-level principles; the tools themselves
emphasize the technical ability to provide the desired capability. It
is imperative to fully understand the social protocols and relation-
ships of the concerned parties as they interact in order to develop a
new wave of accessible and equitable Al social machines in health-
care. To this end, we undertook surveys, and a mixture of focus
groups and one-to-one interviews, based on the availability and
preference of the participants. Themes were then extracted and
cross checked by multiple researchers from each of these data.

The contributions of this work include:

(1) Multiple, triangulated qualitative methods including surveys,
focus groups and interviews with mental health service users
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and therapists focused on factors for trust and trustworthi-
ness in Al systems for mental health (Section 2).
(2) A thematic analysis of the results around accessibility and
equity for AI within mental health applications (Section 3).
(3) A discussion of these results to provide a bottom-up” ap-
proach to the issues of ethics within Al for health for better
Al application design (Section 4).

2 METHODOLOGY

After securing approval from the Hillary Rodham Clinton School
of Law’s Research Ethics Committee, we began with a pilot study
consultation with staff (therapists) and service-users at Adferiad
Recovery (a large mental health charity). The aim was to capture
initial insights about their understanding of trust, and different
trust factors (including terminology) around Al in mental health
care. The findings of the pilot study fed into the project design,
resulting in two surveys (one for service-users, one for therapists),
hosted on JISC; and semi-structured interviews and focus groups.

Prospective participants were contacted via gatekeepers at Ad-
feriad Recovery, and were not additionally compensated for their
voluntary participation. All participants were provided with a brief-
ing about the study, what consent means, and given a debrief form
with details of who to contact should they experience negative ef-
fects after taking part. Each participant provided informed consent
to participate in the study.

In total, we received 70 survey responses and conducted 12 in-
terviews and focus groups, with 32 participants (10 service-users;
10 peer-mentors; 12 therapists). Interviews and focus groups were
recorded and transcribed. Closed question survey responses were
analysed quantitatively, using MS Excel. All text responses to the
open-ended survey questions and transcripts from the interviews
and focus groups were read by multiple members of the research
team, and thematically coded and analysed using NVIVO software.
We now turn to the main themes identified on accessibility and
equity matters.

3 RESULTS

Analysis of the surveys, interviews and focus group data identi-
fied key themes on accessibility and equity. On accessibility, these
ranged from concerns over possible lack of access to the inter-
net, and literacy issues (including computer literacy), to matters of
choice and agency for patients, including the potential to improve
support and/or reduce waiting times. Whereas on equity, core con-
cerns included bias, and generalisability versus personalised care.
Pervading these two broad areas were concerns over data privacy
and confidentiality.

Note on quotes: in this section the text in quotation marks are
quotes from the surveys, and interview and focus groups transcripts.
All contributions are anonymous. Some quotes have been edited
to improve readability (e.g. removing filler words); but no changes
have been made that would alter the meaning of the text.

Internet/computer access: There are considerable challenges
in ensuring that access to, and the use of Al, will be fair for all
potential service users. Without such matters being addressed, the
issue of ‘choice’ will be an illusory one, as illustrated by the follow-
ing: "if laptop based, the healthcare professional must provide a
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room for patients to complete courses in. Most clients that I see do
not own a laptop, let alone WiFi routers. They rely on the libraries
to access the internet, but this isn’t a confidential setting" (therapist
response). Reliance on Al could exacerbate inequalities for those
from disadvantaged backgrounds who may not have the means to
engage with digital services, including those relating to healthcare
[23].

Literacy: Literacy issues can pose significant challenges for en-
gaging with Al/digital healthcare: "I've got someone who can’t read.
So if he was struggling, he’d struggle to even type or read back the
answer" (therapist response). Similarly, computer literacy cannot
be assumed: "Accessibility: many of my clients are not computer
literate" (therapist survey response); and "must be easy to access
and navigate. Options for computer to read out what it says on the
screen for blind persons and large letter options" (therapist survey
response). There was a plea to “make sure it is easy to use for people
who are not good with computers” (survey response).

Waiting times/better support: One of the positive perceived
benefits of Al in healthcare was in the context of reducing waiting
times (to see a doctor/therapist): "everything is in a bit of a state at
the moment, especially mental health services and I just think that
if Al could help with that then great” (therapist interview response).
Al was, therefore, perceived as having a potentially valuable role by
service-users: "They could greatly reduce waiting times and access
to services for those in need". The increased hours of access offered
by Al were positively referred to: "You can access it any time, 24/7, it
may change some people’s lives" (service-user interview response);
and "I don’t mind the idea of having an Al to talk to about mental
health because it’s a lot easier to get in contact with than a regular
doctor" (service-user interview response). Therapists shared similar
sentiments: "Easier for people to talk 24/7. Clients can message as
opposed to talk to somebody on the phone. And the answers may
be more useful than speaking to untrained staff" (therapist survey
response); and "providing 24-hour access: the mind can ’play tricks’
at any hour of the day or night" (therapist survey response).

Patient choice: In addition to the benefits of 24 hour access, the
fact that some service-users might prefer to engage with Al rather
than a human was also an emergent theme: "And for some people
that struggle with humans as well, you know, some people might
prefer to interact with a computer” (therapist interview response).
However, the importance of patient choice was also emphasised:
"Also an option for that person to speak to a human, if they’re
not happy with how it’s going with the robot" (therapist interview
response); and "So for me, I think the AI would always have to be
complementary to what is existing and to not actually take away
anything that already exists" (interview response).

Bias: The main concern regarding bias was centred on the input
data. Participants placed less emphasis on the Al system itself,
but rather more on the human responsibility for inputting and
creating the datasets, and how their own biases might influence
the technology they create. This concern extends to questioning
the developers’ understanding of mental health issues: “Unless it
can learn an Al is only as good as its programmer and it relies on
them. There would need to be multiple people involved to avoid
bias” (survey response).

Generalisability versus personalised care: During the in-
terviews, therapists highlighted the diversity and complexity of
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human beings, and referred to individual differences within men-
tal health: "It’s every individual person’s mental health. There’s
no complete cookie cutter sort of mould for it." Therapists were
also concerned about how AI would handle people with complex
or co-occurring conditions: "if there’s lots of things wrong with
one person and they fit under multiple categories, then the Al is
potentially misdiagnosing or over diagnosing".

Further, they expressed concern about issues arising from gen-
eralisability: "I think, in my job [as a therapist], you judge what
you say differently to different people. An Al might just give ev-
eryone the same kind of response.” This was also repeated in the
survey responses from therapists: "Content is not personalised to
the person, [and] person feeling like there is no one real out there
to talk to". This latter comment links to other concerns, expressed
by both service-users and therapists, about the loss of the human el-
ement: "I just don’t like the idea of someone who is in a crisis, really
struggling with their mental health, to be not getting that human
touch" (therapist response). Similarly, "I think everybody feels that
the face-to-face is more valuable and builds a rapport, a relation-
ship. You can’t build a relationship with a computer” (service-user
response).

Data privacy and confidentiality: As outlined in the introduc-
tory paragraph to this section, these themes were also prominent
in the interviews, focus groups and survey responses. Examples
include: "For me, it just comes down to the security of information";
and "there needs to be transparency between all the parties. It’s
essential to know how your data is collected and maintained"; and
"I don’t know where that information is going and who has access
to it" Finally: "make that really clear from the offset, where the
information is going, in a way that’s easy for people to understand.
I think a lot of people I work with - if people have psychosis or
anything - they are dealing with a lot already and they wouldn’t
like worrying about where their information will go".

Our results from service users and therapists revealed both ben-
efits and challenges for the use of Al to support mental health
services. The identified benefits included reduced waiting times,
remote access at any time of day or night and improved patient
choice of the channel they use to contact services. Access to an Al
via voice or chat may be particularly useful for someone with mild
to moderate anxiety or depression for whom a phone call or face-
to-face encounter is stressful, as found in an earlier trial of webchat
access to therapists [13]. Challenges included service users who
cannot communicate on screen due to visual problems or illiteracy,
those who lack the necessary hardware or broadband link (for ex-
ample, rural communities, travellers or homeless people), the risk
of bias due to inadequate developer understanding of mental health
services (and the lack of current access to representative datasets to
train Als), and the risk that an AT would not deliver responses that
are as carefully tailored to user needs and personality as a human
therapist, especially in a crisis setting.

4 DISCUSSION

4.1 Strengths and weaknesses

The strengths of our study come from its empirical basis. Rather
than reasoning from first principles or speculating about the acces-
sibility or equity challenges posed by Al to support mental health
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services, we recruited 102 service users and therapists and asked
them about their views using a variety of methods. This adds credi-
bility to our findings as these people are embedded in the mental
health service context and have a profound understanding of its
complexity and subtlety that outstrip any external observer’s ability
to make sense of this setting.

A complementary weakness is that our service users and thera-
pists had only modest understanding of Al and how it works. We
attempted to overcome this by briefing them about Al and giving an
example of its use in mental health services before asking for their
views. A further weakness is that we assumed that what people
said reflects their real views and attitudes. There is some evidence
from dietary recall surveys, for example, that social response bias
(ie. people say what they think a researcher would approve of) can
modify people’s reported attitudes and behaviour [16]. Introducing
some distance between the participant and researcher through e.g.
an online survey may reduce this. A further challenge is that our
research was focused on one mental health service provider (albeit
covering multiple parts of Wales), so our results may not generalise
to other service providers in other countries.

4.2 Comparison to other studies

Our findings are broadly consistent with the limited literature
around patient/user acceptance. Davies et al’s [5] small-scale in-
terview and survey analysis of service user perspectives of a very
basic mental health app were generally positive, including (as with
our study) in relation to the feeling of not being judged by the app
versus speaking to a human being. Likewise, our findings accord
with many of the generic research priorities identified by Hollis et
al. [11] (following surveys and interviews with some carers, pro-
fessionals and people with lived experience of mental ill-health).
Where our study adds to the literature is in the level of detail and
scope of the concerns raised. Given the lack of existing studies on
the patient/service-user perspective, our study makes a substantial
contribution to the understanding of this issue.

The clinician perspective is comparatively better covered in
research literature. An integrative review of Al decision support
systems in mental health found that barriers to adoption primarily
arose from clinicians’ uncertainty regarding ’trust and confidence,
end-user acceptance and transparency’. This study included four
distinct systems that were described between 2016 and 2020, and
focused on decision support systems [10]. Examples outside mental
health include Liberati et al. on implementation of Computerized
Decision Support Systems in Italian Hospitals [15], Petkus et al.
on British physicians’ concerns on Al [19] and likewise Lai et al.
on French practitioners’ concerns [14]. These studies tend to raise
issues in relation to professional autonomy/control of introduction
and use of Al tools. Whilst many of our own therapist participants
concurred generally, we consider that their concerns in relation
to equity and accessibility are nevertheless a significant and novel
addition to the literature.

4.3 Recommendations for research and practice

We feel that the number and variety of insights revealed by our
methods suggests that researchers into the ethics of Al should be
more willing to contact and consult those likely to use or benefit
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from the Al using standard qualitative and quantitative methods,
as we did. This will require extra work and ethical approval but is
likely to be very productive. Our recommendations for practice are
that the developers of Al tools to support mental health services
— and probably other kinds of health and care support services —
need to take action to reassure everyone using their tools that Al:

(1) Is suitable for all levels of literacy and can be used by those
with visual impairments.

Can be accessed by people with minimal hardware, eg. a
modest smartphone and limited data allowance.

Is as unbiased as possible, by inclusion of training data from
a fully representative sample of service users across age, gen-
der, ethnic group and deprivation categories. Assembling and
providing anonymised access to such a dataset in sensitive
areas such as mental health will be challenging.

Is able to provide responses that are as carefully tailored to
user needs and personality as a human therapist in most
cases. This may require the developer to exclude users who
are in crisis from using their AL
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5 CONCLUSIONS

Our study engaged with both service users and therapists to identify
the benefits and challenges of the use of Al to support mental health
services. Key takeaways for computer scientists and the developers
of Al systems include:

o bias due to inadequate developer understanding of mental
health services

o the lack of current access to representative datasets to train
Als

e delivery of responses that are as carefully tailored to user
needs and personality as a human therapist, especially in a
crisis setting.

Additional benefits identified from both groups included reduced
waiting times, remote access at any time of day or night and im-
proved patient choice of the channel they use to contact services,
as well as peace of mind for those who struggle with social inter-
actions. The challenges identified an impact on service users with
visual problems, illiteracy, and lack of IT resources. Technologists
creating social machines to facilitate mental health must take these
concerns into account.
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