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Abstract. Disclosure of personal information about wellbeing and men-
tal health is a nuanced situation requiring trust between agents. Current
methods for initial mental health assessments are time and resource in-
tensive. With increases in demand for mental health services and de-
creases in funding and staffing levels, this paper explores whether con-
versational agents can be sufficiently ‘trusted’ to collect the sensitive
data disclosed in initial mental health assessment data, thereby reducing
the workload for trained professionals.
An initial study identified the desired characteristics of a conversational
agent designed for mental health assessment purposes and produced a
MoSCoW design framework of desirable features.
A second study tested the framework by investigating whether a con-
versational agent, displaying these human-like features, could establish
sufficient trust to collect data, comparable to a mental health provider
online form or a social media online form. Participants (n=236; F=58%,
non-binary=5%, Prefer not to say=1%, age 18-80+yrs) were recruited
from a UK mental health provider and through social media.
Of the participants, 50% (n=126) engaged with the bespoke conversa-
tional agent and the remaining half completed online forms through so-
cial media and from a mental health provider.
Results indicate a conversational agent can be used to collect sensitive
mental health data for initial assessment. Whilst such a tool may not be
appropriate for all demographics, the conversational agent shows promise
for reducing the administrative workload of those in the mental health
profession, thus increasing resources for treatment and therapy.

Keywords: Conversational agents · Trust · Mental health, · Personal
disclosure · Sensitive disclosure

1 Introduction

Disclosure of personal information about wellbeing and mental health is nuanced
and requires trust between agents. Some countries state mental health is now
being treated equally to physical health but this is not true in all cases, especially
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in the United Kingdom (UK), where different counties make choices based on
funding and patient numbers [1].

It is also more difficult to ascertain the exact cause of mental verses physical
illnesses. For example, if someone with a physical illness states ‘I cannot get
out of bed’, a few questions, physical touches or scans, from a trained medical
professional, can quickly ascertain if the patient is having a stroke, back pain,
broken back, etc. and recommend the correct treatment plan. Whereas asking
the same question, in relation to mental illness, is more fluid and less tangible
as the issue could be due to multiple different mental health issues such as
anxiety, depression, mental trauma, childhood conflicts, or a mixture thereof.
As nothing can be seen, touched or scanned, the questioning technique must
be open, empathetic and understanding, as a patient needs to disclose very
sensitive and personal information about their innermost thoughts, feelings and
belief system. If not done correctly the patient may receive a false diagnosis,
which could make their symptoms worse and decrease their trust in the mental
health profession [1, 2].

Following the COVID-19 Global Pandemic healthcare procedures and ‘trust’
of technology was changed to allow exploration of computer science and artificial
intelligence (AI), for health service provision and delivery. Despite an increase in
digital online functionality and usability, the utilisation of conversational agents
for sensitive personal data collections is still uncommon in the mental health
sector, compared to other health sectors and industry. For example, despite a
range of wellbeing and therapy support applications [3] Gaggioli et al. [4] high-
lighted an absence of generic processes for eliciting a patient’s sensitive mental
health personal data, which results in initial assessments being resource intensive
for healthcare processions. An initial assessments provides the necessary infor-
mation to inform client treatment and support, however, these are still being
completed by trained professionals, which reduces time available for them to
deliver therapies [5–7].

With over 3 billion smartphones and 4.66 billion internet users worldwide it
is reasonable to consider utilising conversational agents for initial mental health
sensitive data collections, as a method to reduce the administrative workload for
mental health professionals. [8–12].

2 Current Mental Health Conversational Agents

Current use of conversational agents in provision of mental health services varies
in services offered and personal data collected. For example, the top two men-
tal health agents are Wysa and Youper which use differing levels of Artificial
Intelligence (AI) to identify potential triggers as well as offering tools such as
activity monitors, mood trackers and therapeutic processes such as mindfulness
and relaxation. Both target mental health issues such as poor sleep, anxiety and
depression and collect a range of personal data (age, contact information, finan-
cial identifiers and medical information) in addition to identifying triggers and
sources of stress [13–16].
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2.1 Wysa

Wysa was released by Jo Aggarwal and Ramakant Vempati in 2015, for Android
and iOS mobile users, by employing a blend of AI interaction and human commu-
nication. It was designed to decrease stress by improving sleep and mindfulness,
using empathy, positive reinforcement, mindfulness suggestions and motivational
interviews [13, 14].

The application enables the AI to access sensitive personal data, such as date
of birth, age, contact information, addresses, financial identifiers and minimal
medical information. Users can choose the level of data they wish to share, how-
ever the more data collected the more accurate the AI is at providing improved
user experience [13, 14].

During 2022 Malik et.al [17] completed a study utilising Wysa user feedback,
n=7929. They identified that including some low-level human-like interactions
enabled the majority of users to feel more engaged, for example one user stated
‘The app made me laugh with its silly jokes and play.’ [17]. Some users, however,
‘did not find it helpful for their specific concerns and suggested further expansion’
[17].

Such feedback highlights the positive contributions these technologies can
provide, however, also illustrates the complexities in meeting the mental health
needs of all users. Malik et.al [17] identified that enhancements in the application,
could include an improved understanding of less common mental health illnesses,
more human-like interactions, and an increased level of privacy and security, to
enable the AI to return more bespoke human-like replies [17].

The study’s authors [17], two of whom hold equity in Wysa, acknowledge
that the cross-sectional design, with reviews taken from a ‘single point in time’
and ‘lack of knowledge on the duration of app use or the rate of attrition’ limit
conclusions drawn from the study [17].

Whilst collecting information from over 7,000 users, data from Apple Store
users was unfortunately not accessible. Additionally, in September 2022, Wysa
had over 6.5 million registered users, so the overall participant pool was 0.0012%
of total available users [18].

Some of the methodological issues in Malek et.al [17] were considered by
Legaspi et.al [19], as part of their 2022 review of Wysa’s usefulness during the
COVID-19 lock-downs.

Participants were students aged 16-19, and completed a daily form over a one
week period. Results were analysed for perception of effectiveness and usability,
which related to relevance and appropriateness of Wysa’s responses [19].

This study was also limited by sample size (n=10) as well as, duration of the
data collection window, however it was an external evaluation and run indepen-
dently of Wysa.

Findings from Legaspi et.al [19] showed students were dissatisfied with ‘the
talk feature’s repetitiveness and lack of fluidity’ [19] and that the ‘rigid conver-
sation flow not only causes difficulty in communicating with Wysa but can also
make the user feel neglected when the chatbot does not acknowledge the user’s
input.’ [19].
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These issues can be characterised as being the result of the conversational
agent’s lack of human-like responsiveness. This may be due to the low-level
of personal data collected about the user, meaning the AI could not access
sufficient information to create a bespoke simulated human-like conversation,
thereby decreasing user engagement.

Such views were not universal across the study as one participant specifically
stated they felt more comfortable relating to a conversational agent, verses a hu-
man, as they could be more open due to the application being non-judgemental,
throughout the entire conversation [19].

Even though this study was also limited by the sample size, their conclusions
agreed with some of the findings from Malik et.al [17]. The most essential being
that simulating human-like features could be the key to increasing engagement
and this could relate to the level of personal data collected. This may be particu-
larly pertinent for certain demographics, such as the younger generation (18-39)
who grew up using technology.

2.2 Youper

Youper was released by psychiatrist Dr. Jose Hamilton in 2016, for Android
and iOS users, as a free and payable application, designed to ‘cure the world of
anxiety and depression’ [20].

The free version currently provides low-level AI personality tests, ongoing
mood tracking, suggests goals and encourages journal writing, to enable the user
to recognise their personal mental health and wellbeing triggers. The payable
version provides enhanced AI conversations and improved wellness techniques
[15, 16, 20, 21].

The AI replies and suggestions, for both free and payable versions, are for-
mulated by utilising the personal data collected when a user registers to access
Youper’s support. This includes email addresses, names, passwords, low-level
health information and ongoing monitoring of features used within the applica-
tion [15, 16, 20].

In 2021, Mehta et.al [22] completed a longitudinal observational study analy-
sing Youper’s effectiveness and acceptability. They examined data from 4,517
users, and their primary measures were user ratings gained throughout system
use and retention of users, across the study’s timeline of four week’s from sub-
scription [22].

They concluded that including a minimal range of human-like emotions en-
hanced the AI replies, and a more detailed set of human-like features could
help extract a superior data collection, which the AI could utilise when replying
to users. They stated that further research was needed as to what constituted
the correct level of human-like features and could include a more detailed per-
sonal data collection, so the AI would be able to utilise these when creating the
human-like conversations and replies [22].

Study limitations again included sample size, alongside an emotion regulation
analysis measure. Youper had approximately 2 million users in 2021, but the
percentage participating in the study was just 0.002%. The authors also state
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that ‘our emotion regulation measure was not designed to assess the magnitude
of emotion regulation success, meaning that our metric included only success
or failure with each conversation’ [22]. This narrowed the scope of the results
received.

Findings from these studies, for the two market leaders in online mental
health care technology, support the requirement for human-like responses and
features when gaining trust by conversational agents, and the potential to in-
crease personal data collections so the AI can utilise more data when replying.

An interesting difference found across the studies, concerned the age of the
participants when utilising mental health applications and technologies. Wysa
appeals to younger age participants, whereas Youper did not show any differences
in trust, data collection, or engagement across demographics.

2.3 Utilising Conversational Agents for Initial Data Disclosure

Applications such as Wysa and Youper fulfil a purpose by providing a level of
mental health support for clients that prefer not to access traditional face to face
counselling, or do not exhibit medium to severe symptoms. This technology, how-
ever, cannot currently collect enough personal sensitive data disclosure to achieve
complete engagement via human-like conversations, or reliably decrease the ad-
ministrative burden on mental health professionals, when formulating treatment
and support plans.

Furthermore, it is unknown whether conversational agents can be used to
perform the function of a trained healthcare professional in an initial mental
health assessment, particularly in light of the core therapist competencies re-
quired when developing a therapeutic rapport and relationships, for example
active listening, non-judgmental, warmth, person-centred, etc.

Existing research has identified possible improvements to engagement when
utilising conversational agents with some human-like features, however, which
features and to what extent they facilitate engagement is yet to be explored in
detail, or in relation to mental health care.

This paper, therefore, presents the results of two studies identifying the
human-like features needed in a conversational agent, to elicit the level of trust
required by users for personal data disclosures, and testing a conversational agent
with such features for initial mental health assessments.

The current project was designed with primary objectives of (i) investigate
the, as yet, unexplored scope of a trusted and engaging mental health conversa-
tional agent, when collecting the highest possible level of sensitive personal data,
and (ii) review whether such a conversational agent can decrease the adminis-
trative burden for mental health providers by collecting the level of sensitive
personal data required for an initial mental health assessment.

Such collection may be done by using AI to gather all the sensitive personal
data needed for a trained professional to immediately identify the right treat-
ment and support for their client, or a more complex system that can identify
individuals who require mental health treatment from a trained professional, and
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those whose needs can be met by existing online applications such as Wysa or
Youper.

A third aim of the current research is to explore feature-preference, notions
of ‘trust’ and disclosure of sensitive and personal data in relation to user demo-
graphics, such as age, gender identity or continental nationality.

The first stage of the project was designed to understand and establish what
human-like features people believe a mental health conversational agent should
exhibit to increase trust.

The second stage tested the human-like features, within a simple bespoke
conversational agent, for trust, level of data collected and for which demograph-
ics.

Both studies are explored in more detail below.

3 Understanding Human-like Requirements

To explore the potential of cultivating trust in mental health conversational
agents and identify the human-like features required to facilitate personal data
disclosures, an initial study was completed.

The initial study [21] commenced with in-person and online discussions,
across twenty industry and health contacts, then expanded to shadowing trained
professionals at a local mental health provider, over a period of four weeks.

This resulted in a set of 25 questions that related to different human-like fea-
tures that are used in existing conversational agents, alongside extra attributes
such as compassion and empathy that trained professionals utilise when com-
pleting the initial mental health assessment conversation.

One hundred and seventy seven participants (F=53%, Non-binary (NB)=2%,
Prefer not to say (PNS)=1%) were recruited from the shadowed mental health
service provider and through social media, using Leo Goodman’s statistical snow-
ball data sampling [23], to achieve a wide range of global participants.

The study’s main aim was for participants to rate the importance of human-
like features, from insignificant to essential, when building trust in mental health
conversational agents. The higher the percentage rating and participant engage-
ment with each question, the more weight was placed on the feature being es-
sential for cultivating trust. For example one question asked ‘How do you expect
a human-like chatbot to greet you?’, with quantitative answer choices of:

– Friendly: ‘Hello, how are you today?’
– Formal standard greeting: ‘Hello, what can I do for you today?’
– Depends on the type of chatbot: Different organisations e.g. financial, mental

health, security etc.

The participants were asked to rate each answer from 1 to 5, with 1 being
insignificant and 5 being essential, then qualitatively explaining their answers
via an open text field.

Both the quantitative and qualitative replies were collated and a review com-
pleted at demographic levels of age range, gender identification and continental
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nationality. It identified 12 human-like features that were universal across the
participants and a further 7 that diverged based on demographics, see figures 1
and 2.

Feature Percentage Universal Data

Patience 99% Required partially or fully patient conversation
Decisiveness 98% Required a high level of decisiveness

Focus and 
Consistency

98%
Required partial or fully focused and consistent questions and 

answers
Sentence length 95% Required either medium or full sentences

Empathy and 
Compassion

95%
Required some empathy and compassion. Could  encompass 

some language shortcuts, such as emoji's

Humour 90%
Required some humour throughout, as this would improve 

engagement with the system

 Text or Voice 86%
Required text rather than voice-based conversation. Evidenced 

by UK charity - text only preferred 
Formal or informal 

language
80%

Required a mix of formal and informal language, as this would 
make the system feel more human

Small talk 76%
Required some small talk, especially at start as this is standard 

for human conversations 

Greeting 76%
Required a friendly greeting. Further 10\% dependent on what 

the agent relating to, e.g. mental health= friendly, but financial = 
formal

Biography 71%
Stated a biography not required, as most organisations don't 

offer this feature

End conversation 60% Required a friendly end to a conversation

Fig. 1. Study 1: Universal human-like requirements across demographics. Source: [21]

Age and gender identification were established to be the two main factors
where trust differs, but there were also some divergences across continental na-
tionality.

The analysis resulted in a software engineering MoSCoW (Must have, Should
have, Could have, Won’t have) [25] feature framework, see figure 3, that was
implemented during study 2.

4 Analysing Data Disclosures

Testing the human-like MoSCoW framework was undertaken in the second study,
with aims of (i) identify if a bespoke conversational agent could collect more
sensitive personal data than via standard online Microsoft forms, sent by so-
cial media or a mental health service provider (ii) identify if the data collection
differed across demographics, such as age and gender identification (iii) anal-
yse if a simple bespoke conversational agent could establish sufficient trust to
potentially decrease the burden of trained professionals when completing initial
mental health assessments.
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Feature Percentage Diverging Data

Static Avatar 99%

Required a static avatar. Divergences for Non-binary and prefer 
not to say who require zero gender identification. Ages 45-49 and 
65-69, and those that prefer not say do not want age or nationality 

reflected

Language Shortcuts:  
Phrases

75%
Required phrases such as `I believe'. Divergences for South 

American and Asian participants. They required zero phrases

Optimism or Pessimism 63%
Required a mix. Divergences for 80+, African and Prefer not to say. 

These required zero use of either

Language Shortcuts:  
Colloquialisms

51%
Required some colloquialisms. Divergences for age range 60-69 

and African participants. They required zero colloquialisms

Language Shortcuts:  
Emojis

49%
Required some emojis. Divergences for age range 70+ and African 

participants. They require zero emoji use

Spelling and grammar 43%
Required zero errors. Divergences for African, Non-binary  and  

Prefer not to say. They required some errors 

Language Shortcuts:  
Pop Culture

43%
equired some pop culture references. Divergences for age ranges  

60-64 and  African participants. They required zero pop culture 
references

Language Shortcuts:  
Abbreviations

37%
Required some abbreviations. Divergences for age range 70+ and 

South American and African participants. They required zero 
abbreviations

Fig. 2. Study 1: Diverging human-like requirements across demographics. Source: [21]
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Fig. 3. Study 1: MoSCoW framework for human-like features in conversational agents.
Source: [21]
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Due to the novelty of this research, consultation with the same study 1 local
mental health provider was sought, to ensure both the online social media and
mental health provider forms, and the bespoke conversational agent, covered
the basic data currently collected, but also include the more sensitive disclosures
asked by a trained professional during the initial assessment. Ethics approval was
supplied by the University of East Anglia (UEA) School of Computing Science,
with input from the mental health provider, and non-disclosure agreements were
signed to enable the sensitive data to be collected.

The questions ranged from low-sensitivity such as age, continental national-
ity, pet ownership, enjoying career, etc. to high-sensitivity and/or controversial
subjects such as gender identification, sexuality, religion, health and mental ill-
ness, abuse of drugs or drink, family relationships and conflicts, financial debt,
etc.

The participants were advised to only complete questions they felt comfort-
able answering and to choose the collection tool they felt was most trustworthy,
online form requested by social media, online form requested by a mental health
service provider or a simple bespoke, secure, conversational agent utilising the
human-like framework from the first study.

The same questions were asked across all collection tools, so a direct com-
parison of data collected across the demographics of age (ranges 18-29, 30-39,
40-49, 50-59, 60-69, 70-79 and 80+) and gender identification (male, female, non-
binary and prefer not to say) could be analysed. Nationality demographics were
discarded for this study, due to the limited sample size of some continents.

4.1 Design and Data Collection Process

Both online forms, social media and mental health provider, were created using
a standard Microsoft 365 form template, as per the current request process [26].

The bespoke conversational agent was designed and coded using React and
Node js, [27, 28]. It incorporated all but one of the Must have and Should have
requirements from the MoSCoW framework (figure 3) for use on mobile devices,
laptops and personal computers. The missing requirement was a static avatar,
as more data needed collecting about the types of avatar participants prefer, for
example picture of themselves, their pets, cartoon character, etc.

The conversational agent was fully secured and protected using a database
that linked to a secure University of East Anglia (UEA) computing sciences
server, allocated specifically to this study.

As a proof of concept study, the conversational agent was coded without a
complex AI, as the application needed to ask the same questions in the same
order, to complete a direct comparison during analysis. The single manipulation
was the conversational agent displaying the human-like feature requirements
from study 1, and providing a low-level ‘friendly’ conversation, rather than de-
picting the questions solely in formal text, as with the online forms, see figure
4.

Data collection took place over three months from September 2023, with
analysis starting in December.
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Fig. 4. Differences in language between formal online forms and informal conversational
agent

5 Results

Descriptive statistical analysis was conducted to establish any initial patterns
relating to the three aims discussed in section 4. A more detailed regression
analysis will be completed over the next 3-6 months, as the research is being
completed on a part time basis.

Two hundred and fifty three participants (F=58%, Non-binary(NB)=5%,
Prefer not to say(PNS)=1%, across age ranges=18-80+yrs and continental na-
tionalities of Africa, Asia, Europe, North American, Oceania, South American,
UK and Prefer not to say) were recruited, over a three month period from
September 2023.

The recruitment process used social media with the snowball sampling tech-
nique [23] and the same UK mental health provider as study 1. The bespoke
conversational agent was released alongside the two forms, and participants were
asked to choose whichever data collection tool they felt was more trustworthy,
and complete the questions via that tool.

The initial findings established that demographics of gender identification,
age and source of request are essential considerations for technological data col-
lection processes. Nationalities, used in study 1, was discarded, due to the limited
sample size of several continents.
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The online form from social media recruited 46 participants (18%), the online
form from the mental health provider recruited 81 participants (32%) and the
bespoke coded conversational agent recruited 126 (50%) participants.

The gender divisions were comprised of mental health online form (F=54,
PNS=1), social media form (F=30, PNS=1) and bespoke conversational agent
(F=62, NB=13, PNS=1).

Initial results support the use of conversational agents with these human-
like features, as potentially viable alternatives for certain demographics. The
findings for gender identification, especially those identifying as non-binary, age
and source of request are explored in more depth below.

5.1 Gender Identification

When shadowing mental health professionals for study 1, it was identified that
gender identification is often difficult to obtain from the current form process,
as people do not feel comfortable raising it until their initial mental health as-
sessment conversation with a trained professional.

The information collected by this study supports this, as data collected from
both online forms achieved zero non-binary participants, however, the bespoke
conversational agent engaged 13 participants, 10% across conversational agent
participant pool and 5% across the overall study, see figure 5.

Fig. 5. Gender Identification across collection tools

The non-binary participants, when specifically relating to the conversational
agent data, were very open to providing information on the low-sensitivity ques-
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tions, such as pet ownership (92% yes, n=12 and 8% no, n=1), having siblings
(85% yes, n=11 and 15% no, n=2), etc.

When relating to higher-sensitivity questions, such as childhood family con-
flicts, they also provided more data than male or female participants. For exam-
ple 8 out of 13 (62%) non-binary participants advised they did experience family
conflict, whereas this decreased to 45% (n=28) for female participants and 52%
(n=26) for male participants.

When reviewing this question via the online forms, the family conflict data
from the mental health provider form collected 37% (n=20) female and 42%
(n=11) male, and the social media form collected 46% for both female (n=14)
and male (n=7). There were zero non-binary participants for these forms.

Despite the low sample size, collecting this non-binary data from the conver-
sational agent was a significant result. Family conflict is often more prevalent
with non-binary people, due to religion, parental disapproval, lack of validation
of non-binary gender identities and social intolerance. This conflict and trauma
can carry over from childhood into adulthood and often impacts mental health,
until patients can get support with reconciling their childhood conflict, verses
the person they are today [29, 30].

A study in 2021 by Sapien Labs (participant n=407,959, across 64 countries),
published the Mental State of the World Report 2021 states ‘on average more
than one in two non-binary people (51 per cent) are clinically distressed or
struggling’ [31]. 13 participants is a low sample size, but the results evidence
that non-binary people are potentially more willing to engage with a bespoke
conversational agent, with human-like features, rather than online forms.

Gender also impacted the data collected when asked if participants have, or
are, taking illegal drugs. This is one of the high-sensitivity questions a mental
health professional asks during initial assessments as these substances can be the
cause of some mental illnesses, or a way for patients to try to cope before seeking
help. The online mental health provider form identified females (n=10 and M=4)
were more likely to confirm yes, as did the online social media form (n=5, M=4),
but the conversational agent engaged more men (n=9, F=6, NB=2) to admit
they were taking these types of substances, see figure 6.

This study has proven that conversational agents can collect a higher per-
centage of data across different gender identifications, so this could support a
decrease in administrative burden, as patients could be referred immediately
to counselling sessions, rather than having to first attend an initial face-to-face
assessment.

5.2 Age and Source of Request

The findings from the initial descriptive analysis found that age and source of
request were also essential elements in collecting sensitive mental health data.
For example, 87% (n=110) that chose to complete the conversational agent were
aged 18-29 (n=83) and 30-39 (n=27). For the mental health online form the
18-39 age group accounted for a total of 40% (n=32) and the social media online
form achieved 83% (n=38), see figure 7.
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Fig. 6. Illegal drug taking across gender and collection tool

Fig. 7. Age Ranges across collection tools
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This supports the findings of Malik et.al [17] and Legaspi et.al [19], that
younger age groups are more comfortable and trusting of technology.

This is evidenced when analysing another high-sensitivity question about
whether participants easily feel anxious and the impact it has on their mental
wellbeing. The UK Mental Health Foundation states that in 2021 people aged
16-29 were 28% more likely to report some form of anxiety, with this decreasing
considerably as participants get older, with only 5% reporting this from age 70+
[34].

The research confirms this statement as it found age ranges of 18-39 were
more willing to answer with an affirmative when asked this question, verses
older age participants. For example, out of all the participants stating yes to
this question, the age ranges of 18-39 collected the most data, with 10 out of 11
(90%) from the social media form, 22 out of 26 (85%) from the mental health
provider form and 61 out of 64 (95%) were from the conversational agent, see
figure 8.

Fig. 8. Age Ranges and anxiety confirmation across collection tools

The importance of both age range and source of data collection was high-
lighted further, when asked a more controversial question about accepting COVID-
19 vaccines. Of the participants confirming yes, the 18-39 age ranges received a
much higher confirmation via the conversational agent. 28 out of 36 (70%) com-
pleted the social media form, 44 out of 66 (60%) completed the mental health
provider form and 92 out of 103 (90%) completed the conversational agent, see
figure 9.
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Fig. 9. Age Ranges and COVID-19 Vaccine Confirmation across tools

A similar pattern was identified, across multiple high-sensitive questions,
where more data was collected from the conversational agent. This was largely
due to the 18-39 year age group being considerably more engaged with the
conversational agent, than via the standard online forms, see 7.

The older age ranges achieved a limited with sample size, but these appear
to benefit more from traditional data collection tools and sources, such as online
forms from mental health providers.

6 Conclusion

There is currently little research on utilisation of conversational agents, with
human-like features, for mental health data disclosures. The initial results of this
study indicate that conversational agents can be useful when collecting sensitive
personal data for initial mental health assessments.

This paper has evidenced the three aims have been achieved, to some ex-
tent, as (i) a bespoke conversational agent can collect more sensitive personal
data than existing online forms, (ii) level of detail within data collections does
differ across demographics and (iii) a bespoke conversational agent, with human-
like features can establish sufficient trust to potentially decrease the burden on
trained professionals.

Whilst such a tool may not be appropriate for all demographics, a bespoke
conversational agent, shows promise for either immediately enabling trained pro-
fessionals to identify the correct treatment plan for an individual or, potentially,
identifying who requires mental health support and from what medium, trained
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professional, Cognitive Behavioural Therapy (CBT), or online support systems
such as Wysa and Youper.

A more detailed regression analysis will be completed on study 2, over the
next 3-6 months, in an attempt to scale the information provided. Further re-
search will then be completed on a larger, to test if the regression analysis the-
ories can be proven.
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