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Abstract

Background: Current outcome measures in digital mental health lack granularity, es-
pecially for single-session interventions. This study aimed to address this by utilising
natural language processing (NLP) methods to create a clear and relevant outcome
measure. This paper describes the development of the Adult Session Wants and
Needs Outcome Measure (Adult SWAN-OM), a novel outcome measure for the Qwell
digital mental healthcare platform to understand service user (SU) needs engaging in
single-session therapy (SST).

Methods: The research employs a multi-phased approach combining NLP methods
with the typical stages of outcome measures development as follows: (1) assumption
definition and validation with SUs and clinicians; (2) transcript theme extraction using
the RoBERTa large language model (LLM) in conjunction with topic modelling to ex-
tract themes from 254 single-session transcripts from 192 SUs; (3) clinical item refine-
ment focus group; (4) content validity with clinicians and SUs to improve the relevance
and clarity of the items; and (5) outcome measure finalisation in a workshop held with
clinicians to consolidate the final wording.

Results: Ninety-six potential wants and needs were generated and distilled into 12
measure items. The outcome measure was shown to be relevant and clear to both SUs
and clinicians when used in the context of SST.

Conclusion: This study highlights the potential of combining NLP approaches with
co-creation methods in single-session outcome measure development. We argue
that the incorporation of clinical expertise and SU experience ensures the clar-
ity and applicability of such measures and that this approach to capturing single-
session wants and needs promises novel insights for supporting digital mental

health interventions.

KEYWORDS
digital mental health, large language models, natural language processing, outcome measure,
topic modelling
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1 | INTRODUCTION

Qwell is a digital mental healthcare platform (DMHP) commissioned
by the British National Health Service, local authorities, charities
and businesses. Through this platform, a service user (SU) can
access an online peer community and a team of emotional well-being
practitioners. Qwell is anonymous at the point of use and free to
access. Due to the wide-reaching and person-centred service model,
there is a varied range of SU needs. This project builds upon the
Kooth Session Wants and Needs Outcome Measure (SWAN-OM),
designed by De Ossorno Garcia et al. (2021), to develop a novel
single-session outcome measure that aids in understanding the
idiographic wants and needs of SUs by extracting reoccurring
themes from single sessions on the Qwell platform.

Outcome measures can be used within DMHPs to provide in-
sight into the wants and needs of SUs. Single sessions offer SUs
the opportunity to talk about problems, receive helpful advice, be
referred to other resources and have direct access to intervention
(Hymmen et al., 2013). However, De Ossorno Garcia et al. (2021)
suggest that there is not a sufficient measurement for this type of
intervention, which translates patient needs into achievable out-
comes. Two types of sessions are evaluated in this work: ‘single ses-
sions’ and ‘one-at-a-time sessions’ of between two and five sessions.
This research shows how contemporary machine learning methods
can be applied to the ubiquitous and often unused text data gener-
ated within DMHPs, and its uses in the development of an outcome

measure through the analysis of transcript data.

1.1 | Outcome measures: Development and
application

For an outcome measure to be useful in a clinical environment, cli-
ents must be able to assign meaning to items in the measure and
identify goals they find useful (Kwan & Rickwood, 2015). The pro-
cess for developing outcome measures is typically carried out via
focus groups and expert panels with a combination of SUs, clini-
cal experts or practitioners (Blais et al., 1999; Rose et al., 2011);
this study builds upon this existing approach of developing out-
come measures by combining focus groups and expert panel in-
sight with the evaluation of transcripts from therapeutic sessions
between practitioners and clients. Outcome measures often fol-
low two approaches: nomothetic approaches consist of validated
outcome items based on population norms, and idiographic ap-
proaches are based on personalised items for individual patients
rather than broader populations (Ashworth et al., 2019). Outcome
measures can be used to understand specific problems or con-
cerns, such as depression (Patient Health Questionnaire-9, PHQ-9;
Kroenke et al., 2001) or anxiety (Generalised Anxiety Disorder-7,
GAD-7; Spitzer et al., 2006). Nomothetic measures are used for
determining more general therapeutic outcomes, including the
Young Person's CORE (YP-CORE; Twigg et al., 2009), the Clinical
Outcomes in Routine Evaluation Outcome Measure (CORE-OM;

Implications for practice and policy

1. This work will enable practitioners to quickly under-
stand the clear and relevant wants or needs of a service
user participating in single-session therapy on digital
mental health platforms.

2. The work also addresses a key challenge in single-session
therapy delivery in which there are no applicable,
accessible outcome measures that are actionable in
a single-session therapy delivery, and this outcome
measure solves the challenge by presenting 12 potential
outcomes that a service user could want to achieve in a
single session.

3. This study shows the process of developing a single-
session outcome measure using contemporary natural
language processing techniques and how to combine
these methods with well-established qualitative meth-
ods, such as workshops. We are providing insight into
the application of large language models in evaluating
transcripts in a single-session therapeutic context.

4. Implication for Policy: This study may influence future
policy changes related to the development and provi-

sion of therapeutic outcome measures.

Evans et al., 2002) and the Kessler Psychological Distress Scale (K-
10; Kessler et al., 2003).

Single-session therapy (SST) is a therapy that lasts for one session;
there are several reasons why a client may partake in just one therapy
session. Dryden (2020b) defines two primary types of SST; ‘single-
session therapy by default’ is where a client books a series of sessions
but only attends the first session and does not return to complete
the subsequent sessions. In contrast, ‘single-session therapy by de-
sign’ is when a client arranges and completes a single therapy session
with a therapist. The delivery of SSTs differs from other long-form
interventions as the help is provided during one session rather than
multiple sessions over a period of time. However, it should be noted
that having a single session does not rule out the option of future ses-
sions (Dryden, 2020a). ‘One-at-a-time’ (OAAT) interventions can also
be part of the SST approach (Hoyt et al., 2018); although a single ses-
sion is not initially part of a wider treatment plan, SUs may take part
in several OAAT sessions depending on the therapeutic needs of the
client. Young and Dryden (2019) suggest the increase in the uptake
of SSTs/OAATs can be seen as a response to the increasing need for

accessible and responsive mental health service delivery.

1.2 | Developing outcome measures for digital
environments

Mindel et al. (2021) evaluated the suitability of three measures to
understand the needs of SUs in the context of the DMHP Kooth: the

85U8017 SUOWILIOD BAIEa.D 8|qedl[dde aLp Aq peusenob a e S9[olle YO 8Sn JO Sa|NnJ 10} A%eudT8uI|UO 8|1 UO (SUORIPUOO-PUE-SWBI W0 A8 | 1M AlRIq 1 Bul [UO//SANY) SUORIPUOD Pue sWe 1 8y 89S *[6202Z/TT/L2] Uo AkeidiTaulluo A8IM ‘AISIeAIuN We|eH PRLBUS AQ 99/2T"1ded/Z00T 0T/10p/wod A8 |im Areiq1jeuljuo//sdny Wwoiy pepeojumod ‘€ %202 ‘SOrTr.T



MILLIGAN ET AL.

WiLEY- ¥

Short Warwick-Edinburgh Mental Wellbeing Scale (SWEMWABS),
the Strengths and Difficulties Questionnaire (SDQ) and YP-CORE
(Clarke et al., 2011; Goodman, 1997; Twigg et al., 2009). Based on
the judgement of clinical practitioners within Kooth, all three meas-
ures demonstrated validity when used as indicators of user-rated
needs upon entry to the platform; YP-CORE was the more appro-
priate measure in this context as YP-CORE can be used to meas-
ure both user needs and user outcomes. Although these measures
can be used to understand SUs' needs, Hymmen et al. (2013) and
Mindel et al. (2021) suggest that a better understanding of SUs'
needs and greater impact of outcomes would be achieved by com-
bining standardised measures with a more personalised assess-
ment of the individual.

An initial attempt at a data-informed outcome measure is the
SWAN-OM (De Ossorno Garcia et al., 2021); the SWAN-OM consists
of a total of 21 outcome items split across six themes that aim to cap-
ture in-session goals and focus on the elements critical to the success
of single-session and brief interventions. When administered across a
6-month period to 1401 SUs, the most frequently selected responses
were ‘Feel better’ and ‘Find ways | can help myself’, while less commonly
selected responses included ‘Feel safe in my relationships’ and ‘Learn
the steps to achieve something | want’ (De Ossorno Garcia et al., 2022).
Although the SWAN-OM provided insight into the development of a
more robust outcome measure tailored to the digital mental health
space, there were limitations to this work, primarily the small sample
of transcripts analysed. This research builds upon previous work de-
veloping outcome measures (De Ossorno Garcia et al., 2021; Denner
& Reeves, 1997; Honary et al., 2018) by evaluating 38,420 transcript
messages across 254 conversations using contemporary natural lan-
guage processing (NLP) methods to extract a more representative

configuration of SU wants and needs.

1.3 | Natural language processing in digital
mental health

NLP is a collection of computational techniques for learning, un-
derstanding and producing human language content (Hirschberg &
Manning, 2015). Topic modelling is an NLP technique that can be
used to represent large amounts of data in low dimensions and pre-
sent hidden concepts, latent variables and prominent features of a
corpus (Kherwa & Bansal, 2018). Dynamic topic models can provide
a more nuanced understanding of the topics in a corpus and how the
topics change over time (Blei & Lafferty, 2006). Transformer models
have enabled considerable advancements in the field of NLP, with a
widely cited transformer architecture being the Bidirectional Encoder
Representations from Transformers (BERT; Devlin et al., 2019). BERT
and other large language models (LLMs) can be modified to focus on
a specific discipline by fine-tuning them on a corpus from that disci-
pline, for example, Med-BERT (Rasmy et al., 2021) and BioBERT (Lee
et al., 2020). These methods have wide-ranging applications within
mental health fields, such as detecting specific mental health con-
cerns or improving practitioner workflows.

In the context of mental health informatics, NLP has been em-
ployed for a wide range of applications, such as understanding
general well-being, for example, predicting satisfaction with life by
applying topic modelling techniques to Facebook message transcripts
(Schwartz et al., 2016) or estimating the well-being of populations
using 1.53 million geo-tagged tweets (Jaidka et al., 2020). Examples
of NLP use cases for specific mental health concerns include rec-
ognising schizophrenia in corpora, detecting suicide ideation from
counselling transcripts, and analysing social media data to detect
depressive symptoms (Althoff et al., 2016; Coppersmith et al., 2018;
Oseguera et al., 2017; Strous et al., 2009). Cook et al. (2016) showed
that NLP models can generate relatively accurate predictions in
identifying individuals at risk of psychological distress or suicide by
using answers from a simple questionnaire about the patient's mood.
These approaches can assist clinicians by quickly extracting and syn-
thesising valuable information from text written by SUs.

Despite the versatile applications of NLP in mental health support,
there are often limitations to the studies that prevent actionable insight
for service delivery based on the outputs of said NLP techniques. This
is primarily due to limited access to real-world data (Liu et al., 2021).
Publicly available data, often from social media platforms, such as
Facebook, X (formerly Twitter) or Reddit, are often used in place of
sensitive and difficult to acquire therapeutic transcript data (Zeberga
et al., 2022). This leads to insights that are not completely transferable
to therapeutic practice owing to the different contexts of a social media
platform compared with a DMHP. Although these research insights are
useful, the way in which users engage with a public-facing social media
platform is significantly different from the approach an SU would take
in engaging with a digital mental health intervention. Therefore, the
textual insights gleaned from an NLP model would also be different.
This work addresses this contextual disparity by using real-world tran-
script data from DMHPs and applies contemporary NLP methods to
understand the needs of SUs in the context of SSTs.

1.4 | Rationale and research aims

The rationale of this study was to explore how NLP techniques can
be harnessed to aid the understanding of the wants and needs of
SUs concerning single-session therapies on DMHPs. This research
aimed to answer the question of how NLP methods can be applied
to a corpus of DMHP transcripts to generate a clear and relevant
outcome measure for adult users participating in SSTs on DMHPs.

This study aimed to make the following contributions:

1. A novel outcome measure for adults participating in SSTs.

2. Utilising NLP methods in the development of a single-session out-
come measure for a DMHP.

3. Providing insight into the development of an outcome measure
through the analysis of conversation-level transcripts.

4. Incorporating the perspective of individuals with experience of
engaging with SSTs in the design of a single-session outcome

measure.
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2 | METHODS

The development of this outcome measure followed a multi-
phased design process, informed by outcome measure
development literature, particularly on participatory research,
involving focus groups comprised of clinicians and individuals
with lived experience of engaging with DMHPs. The outputs
from the NLP analysis of conversation transcripts between SUs
and practitioners underwent evaluation by both clinicians and
individuals engaging with DMHPs. This evaluation guided the
creation of a set of outcome items, which were further refined
through content validity sessions involving Qwell clinicians,
practitioners and experts in SSTs. The data were provided and
anonymised by Qwell. These secondary data were processed by
Qwell to ensure the transcripts did not contain any personally
identifiable information, and this study received a favourable
ethical opinion from the University of Nottingham's Business
School ethics board. The transcripts analysed were from Qwell
SUs that had previously provided research consent regarding the
evaluation of their therapeutic transcripts. Informed consent was
also gathered from participants of the workshops undertaken

throughout this study.

2.1 | Dataset and demographics

The data used in this study consisted of transcripts between
practitioners and SUs (n=874) at the conversation level (n=2323).
A filter was applied to the dataset to ensure that various inclusion
criteria were met. The inclusion criteria were the following: the SU
must have previously given consent for their data to be included in
Qwell research studies. Each session must be longer than 8 min, a
timeframe defined by Qwell to ensure the SU actively participated in
the session. The session should have no ‘named worker’ associated
with it and must be a drop-in single session. Finally, the transcript
must have an associated End of Service Questionnaire (ESQ). The
process for these filtering criteria is shown in Figure 1.

Individuals in the final selected cohort (n=192) are not signifi-
cantly different from the wider Qwell SU population during the
study period (n=874) in terms of age, gender or ethnicity, suggest-
ing that the cohort is representative of the wider target Qwell SU
population. Each conversation was assigned a label based on the
SU's rating of the session via an ESQ presented to the SUs at the
conclusion of the session.

2.2 | Phase 1: Assumption definition and
validation workshop

An initial workshop included people with experience engaging
with DMHPs and Qwell clinicians to walk through the assumptions
that were to be made when collecting and evaluating the
transcript data used in this study. Assumption 1: The ESQ is an

accurate representation of the extent to which an SU's wants and
needs are met during a single session. Assumption 2: SUs need to
identify their wants and needs in the session for them to be met.
These assumptions facilitated the identification of transcripts
and conversational components that align with wants and needs
being met within a single session. The text data from successful
or ‘useful’ single sessions (determined by Assumption 1) could
be used to find topics to determine the wants and needs of SUs
when entering single sessions. This workshop session enabled
the researchers to gain insight into the thoughts of people with
experience of engaging with DMHPs and contextualise the
planned methodological approach with the participation of SUs

and Qwell clinicians.

2.3 | Phase 2: Transcript theme extraction process

When SUs complete a text-based therapeutic session with a
Qwell practitioner, they are presented with an optional ESQ, a
four-item questionnaire that the SUs complete to reflect on the
quality of the session. The ESQ contains four items, ‘I felt heard,
understood and respected’, ‘What we talked about was important
to me’, ‘The person helping me was a good fit for me’ and ‘Overall,
the session was right for me’; the items are rated on a scale of
-1 (Not at all), O (A little) and +1 (A lot), for a total score for the
ESQ of -4 to +4 for each user. The outcome score was used as
the dependent variable in the training of a supervised learning
algorithm to extract the textual features that contribute towards
positive and negative single-session outcomes. A RoBERTA re-
gression classifier was trained on transcript data from 2323 single
sessions to extract textual elements that contributed to a suc-
cessful session (higher ESQ scores). To understand what elements
of each message were most impactful in the outcome of a session,
the transformers-interpret model (Janizek et al., 2021) was used
to extract word attributions from positively classified messages.
Positive word attributions were then passed through a contex-
tualised topic model (CTM; Bianchi et al., 2021) to extract and
group positive word attributions into 10 topics; this process flow

is shown in Figure 2.

2.4 | Phase 3: Clinical item refinement

The topics generated in Phase 1 were presented to a focus group
of expert clinicians within Qwell to establish an initial set of out-
come measure items; these items were refined into a smaller sub-
set of items that encapsulate the spectrum of potential SU wants
and needs. The initial measure items were structured into a con-
tent validity survey, which involved presenting the items to SUs
and experts to assess the relevance and clarity of the items in the
context of SSTs. The experts were then able to judge the quality of
the outcome measure while also providing insight into the clarity
and relevance of the items.
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FIGURE 1 Cohort flow diagram
(numbers in brackets represent the count
of unique conversations between a
service user [SU] and a worker).

Qwell SUs in study period
874 (2,323)

No research consent

l

452 (1,418)

422 (905)

No chats longer than 8 minutes

l

24 (49)

398 (856)

Has named worker

l

3 (14)

395 (842)

Not reactive SUs

l 37 (313)
358 (529)
| No EOSQ
l 166 (275)
Final Cohort
192 (254)

2.5 | Phase 4: User and clinical content
validity analysis

Content validity is the degree to which an instrument has an appro-
priate sample of items for the construct being measured. The Content
Validity Index (CVI) is a widely used index for the evaluation of out-
come measures; a panel of Qwell clinicians and Qwell SUs were asked
to rate each scale itemin terms of its relevance and clarity as a want or
need within the Qwell single session. SUs were consulted first, being
presented with the initial items generated in Phase 2; they rated the
items for relevance and clarity following the Item-level CVI (I-CVI)
framework (Lynn, 1986). There was also a free text box at the end
of the survey which prompted SUs to suggest their own items that
they felt were relevant. The I-CVI framework used a 4-point scale for
relevance from 1=‘not relevant’, 2="'somewhat relevant’, 3="quite
relevant’ to 4="highly relevant’, and similarly for clarity, 1="'not clear’,
2="‘somewhat clear’, 3="'quite clear’ to 4="highly clear’.

After the items were scored by both the SUs and the clinicians,
items that scored equal to or above 0.75 I-CVI for both relevance
and clarity were included in the initial outcome measure. Items with

a relevance or clarity score of lower than 0.5 were not included in

the measure, and if item scores were between 0.5 and 0.75 for either
clarity or relevance, the item was reviewed in a workshop with cli-
nicians (1=12) and SUs (n=28). Scale-level CVI (S-CVI), the average
of the I-CVIs for all items on the scale, was also calculated for both
SU and clinician scoring. The average item quality enables scrutiny of
the total relevance of the measure (Polit & Beck, 2006). The accept-
able S-CVI scores and the number of experts required to ascertain
robust calculations have been debated in the literature, with a rec-
ommended number of experts ranging between two and nine, and S-
CVI scores between 0.78 and 1 for excellent content validity (Yusoff,
2019). This process enables the finalised set of items to be defined

and clinically validated.

2.6 | Phase 5: Outcome measure finalisation

After the SUs and the clinical team completed the content validity
process and the scores were calculated, a workshop was held with
clinicians to review the wording of the items that achieved an I-CVI
score between 0.50 and 0.75. This workshop consisted of expert
clinicians discussing each item to determine whether it should be
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Transcript data generated
via the Qwell platform
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FIGURE 2 Topic modelling process
flow diagram.
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kept in the measure or removed and what alternative wording would
be appropriate for the item to make it clearer or more relevant for an
SST. Once the items were reviewed, a final content validity survey
was sent to the original set of clinicians with the finalised wordings

to gain the I-CVI and S-CVI scores for the outcome measure.

3 | RESULTS
3.1 | Machine learning modelling results

To determine a positive session, a RoBERTa model was applied
through the Hugging Face transformer library. This model was used
to model patterns between the text and ESQ scores. The outputs
were evaluated through a BERT interpreter to extract the parts
of the text that were most strongly associated with positive ESQ
scores. To identify themes, a CTM was employed to group the parts
of the text into 10 topics, represented visually as word clouds, each

accompanied by a set of phrases to provide more contexts to each
word cloud. These were assessed to formulate an initial collection of
96 potential wants and needs; the topic theme and a sample of the

initial items are shown in Table 1.

3.2 | Content validity index results

The 96 initial item statements that were generated from the 10
word clouds were presented to clinicians during a workshop and
refined into 11 items that represent a range of potential wants and
needs that SUs could have when engaging in a SST on a DMHP.
The initial 11 items were validated by the SUs who also suggested
a range of additional outcome items that would be useful to in-
clude within the measure based on their experiences engaging with
DMHPs. These suggestions were reviewed and grouped into four
further items for a total of 15 outcome items (Table 2) before con-
tent validity was undertaken by the clinical team. Suggested items
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TABLE 1 Word cloud topics and initial

. Word cloud topic
measure item examples.

Improve and build my relationships/
Understand more about relationships

Coping with life/Setbacks in life

To be heard/Understood by others/

Acknowledged

Access Support

Understand/Feel better about/Express

myself

Understand why | feel a certain way
(shame, guilt, fear)

Understand my negative behaviour

Improve my physical health

Take control

Mindfulness

included ‘Learn more about mental health’ and ‘Build a trusted rela-
tionship with the practitioner’.

The I-CVI scores were calculated for both the clinical experts
and SUs' surveys; from the clinical I-CVI, survey six items (46.15%)
were marked as relevant and clear, with [-CVI scores between 0.75
and 1 for both scales. Two items scored below the threshold in the
relevance I-CVI but scored highly on clarity (I-CVI=0.50-0.66). One
item scored below the threshold for clarity (I-CVI=0.50) but highly
on relevance. The S-CVI average scores for the clinical responses
were 0.66 and 0.70 for relevance and clarity, respectively, and for
the SU responses, the S-CVI average scores were 0.70 and 0.63 for

relevance and clarity, respectively.

3.3 | CVlexpertreference group workshop

A final workshop was held with an expert panel (n=5) to evaluate
the items which attained an I-CVI score of between 0.5 and 0.75
for either relevance or clarity. Each item that did not meet the
relevance or clarity threshold was reassessed, and further wording
suggestions were defined. The workshop presented each item

WiILEY- L%

Initial measure item examples (I want to...)

Build better relationships with my family
Nurture my relationships
Improve my relationships

Find ways of coping with setbacks
Learn how to better manage my distress
Learn some new coping tools

Be heard and understood
My efforts to be recognised and appreciated
Have more fulfilling conversations

Understand what professional help will work for
me

Build a support network

Try things out to see what works for me

Feel better about myself

Be able to concentrate on what makes me feel
better

Have a better work-life balance

Understand why | feel the way | do
Have a space to grieve a loss
Feel hopeful for the future

Manage my negative behaviour
Reduce the harm | am causing myself/others
Understand why | hurt myself

Have a healthier lifestyle

Do activities that improve my physical health

Understand how to better manage my physical
health condition

Take control of...
Stop struggling with...
Make the right decisions

Work through areas of confusion
Learn to relax and be calmer
Remember the things | feel grateful for

alongside the alternative item suggestions; experts were given the
option to select an alternative wording, put forward new wording
suggestions or remove an item; for example, the item ‘Build a trusted
relationship with the practitioner’ was removed from the final list
because, according to the experts, this did not seem achievable in
a single session. Based on the insight from this final workshop, the
items were consolidated into a final list of 13 items which were sent
to the original set of clinicians to get the final I-CVI scores for clarity
and relevance in preparation for face validity of the measure.

3.4 | Finalising outcome measure items

The I-CVI scores were calculated for the final set of items (Table 3).
Nine items (84.62%) were marked as relevant and clear, with [-CVI
scores between 0.75 and 1 across both scales. Item 1 scored below
the threshold in relevance (I-CVI1=0.71) but scored highly in clarity
(I-CV1=0.83). In addition, two items scored below the threshold for
clarity (I-CVI=0.66) but highly on relevance (I-CVI=0.83); these
items were still included in the final measure after the expert panel
feedback and will be trialled during face validity testing. The item
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TABLE 2 |Initial 15 outcome items.

Item # Statement pre-chat

Item 1 Understand more about my relationships

Item 2 Learn about coping strategies

Item 3 Feel heard or understood

Item 4 Build my support system

Item 5 Be more open to new experiences

Item 6 Understand, express or improve my relationship with
myself

Item 7 Help with grieving a loss

Item 8 Understand how to improve my physical health

Item 9 Feel more aligned and progress with my values and
intentions

Item 10 Work through a specific problem

Item 11 Feel calmer

Item 12 Learn more about mental health

Item 13 Build a trusted relationship with the practitioner

Item 14 Find a safe, non-judgemental space

Item 15 Help overcoming set patterns

TABLE 3 Finalised items selected from the expert workshops.

Statement post-chat

| now understand more about my relationships
| learned about coping strategies

| felt heard and understood

| have found ways to build my support system
| feel more open to new experiences

| feel able to understand, express or improve my relationship
with myself

| had help with grieving a loss
| understand how to improve my physical health

| feel more aligned and am progressing with my values and
intentions

| worked through a specific problem

| feel calmer

| learnt more about mental health

| built a trusted relationship with the practitioner
| found a safe, non-judgemental space

| felt helped overcoming set patterns

Item # Statement pre-chat Statement post-chat I-CVI relevance I-CVI clarity
Item 1 Discuss and explore how to improve I have discussed and explored how to 0.71 0.83
a specific relationship improve a specific relationship
Item 2 Learn about coping strategies | learned about coping strategies 1 1
Item 3 Feel heard or understood | felt heard and understood 0.83 0.83
Item 4 Build my support system | have found ways to build my support system 1 0.83
Item 5 Learn how to become more I have learnt how to become more accepting 0.83 1
accepting of myself of myself
Item 6 Help with grieving a loss I had help with grieving a loss 1 1
Item 7 Understand how my physical and |l understand how my physical and mental 0.83 0.66
mental health could be linked health could be linked
Item 8 Understand what my values are and I now understand what my values are and 1 0.83
how they could shape my actions how they could shape my actions
Item 9 Work through a specific problem | worked through a specific problem 1 0.83
Item 10 Feel calmer | feel calmer 0.86 0.83
Item 11 Talk about my story or my concerns I have been able to talk about my story or 0.83 0.66
with someone who is not my concerns with someone who is not
judgemental judgemental
Item 12 Begin to understand unhelpful I have begun to understand unhelpful 1 1
patterns of behaviour and how to patterns of behaviour and how to change
change them them
S-CVI 0.91 0.86

‘Learn more about mental health’ was removed after achieving an
I-CVI score of 0.66 for both relevance and clarity and, therefore,
did not meet the minimum I-CVI score. The average S-CVI score,
which is the average of the I-CVIs for all items in the scale, was 0.91
for relevance and 0.86 for clarity, showing clear evidence that this
outcome measure is relevant and clear to both SUs and clinicians
when used to understand outcomes in a SST.

4 | DISCUSSION

This study shows the process of developing a single-session out-
come measure, the Adult SWAN-OM, using contemporary NLP
techniques, providing insight into the wide array of SU wants and
needs in SSTs on DMHPs. The application of LLMs proved to be
informative when evaluating a large corpus of transcripts from a
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DMHP. This approach enabled the analysis of a significantly larger
number of transcripts compared with the manual evaluation of ther-
apeutic transcripts, improving the capacity to extrapolate the wants
and needs of SUs. This approach enabled other processes, such as
workshops and content validity, to happen sooner by speeding up
the initial analysis of transcripts and allowing human resources to
focus on other process elements.

The development of a data-informed outcome measure has ex-
panded upon prior outcome measure development methodologies
which typically take a participatory and qualitative approach, such
as focus groups, participatory workshops, semi-structured inter-
views or the thematic analysis of transcripts (Blais et al., 1999; De
Ossorno Garcia et al., 2021; Rose et al., 2011). This qualitative ap-
proach to outcome measure development is often limited by the
number of focus group or workshop participants, the availability
of experts or the number of transcripts that can be analysed and
evaluated in the duration of the study. Specifically in the context of
SST outcome measure development, De Ossorno Garcia et al. (2021)
conducted expert workshops and manually evaluated a small sample
of transcripts to develop the SWAN-OM; the present study expands
on this work by evaluating 254 transcripts and conducting partici-
patory workshop sessions with SST experts and SUs to develop the
Adult SWAN-OM.

This study analyses data from a DMHP, which ensures that the
findings can be tailored to the nuances of such platforms, offering
more targeted and applicable insights compared with studies which
use alternative data sources, such as text data from social media
platforms or online forums (Coppersmith et al., 2018; Schwartz
et al.,, 2016; Zeberga et al., 2022). By comparison, previous studies
within the broader application of NLP in mental health have eval-
uated large samples of text data, such as the examination of 1.53
million geo-tagged tweets (Jaidka et al., 2020) or the analysis of
80,885 conversation transcripts (Althoff et al., 2016). However, it
is noteworthy that these studies primarily concentrate on detecting
specific mental health concerns, such as suicide ideation (Oseguera
etal.,2017) and the likelihood of depression (Arachchige et al., 2021),
rather than evaluating transcript data for SST outcome measure de-
velopment. In contrast, this work utilises relevant transcript data and
co-creation methods to contextualise the model outputs, providing
direct insights for therapeutic practice and the development of SST
outcome measures.

A challenge in SSTs suggested by Young and Dryden (2019) is
the increased need for accessible and responsive service delivery;
this work provides an outcome measure that has been designed to
cover a range of wants and needs via the analysis of representative
conversation-level transcript data and co-design methods. This ap-
proach has generated an outcome measure representative of a large
cohort of DMHP SUs and incorporating their insight during the de-
sign of the Adult SWAN-OM should enable accessible and respon-
sive service delivery. In the context of SSTs, this work has further
illuminated the wide array of desired outcomes for adults participat-
ing in SST/OAAT interventions, and that there is a significant range
of potential wants and needs. The Adult SWAN-OM enables SUs and

practitioners to understand what the SU desires from a single session.
Hymmen et al. (2013) evaluated the effectiveness of the SST deliv-
ery model and the outcome measures used to evaluate SSTs; these
studies used non-standardised outcome measures thereby limiting
the applicability of SST outcome evaluation. The Adult SWAN-OM
was created by specifically evaluating SST transcripts to ensure the
outcomes being measured are applicable to the SUs participating in
SST, and the outcomes are achievable in a single session regardless

of any potential follow-up sessions the SU may have.

4.1 | Limitations

A limitation of this study is that these results were generated using
a fine-tuned RoBERTa model; the model evaluation metrics suggest
that the model may not fully capture the data and could benefit from
improvement through the inclusion of more data to enhance result
accuracy. Nevertheless, the model used produced satisfactory re-
sults and still enabled the creation of this outcome measure; this
limitation is mitigated by incorporating co-creation workshops and

content validity surveys.

4.2 | Future work

The next step for this work is implementing the Adult SWAN-OM
within the Qwell DMHP for face validity and pilot testing. This study
lays the foundation for future work incorporating LLMs in the analy-
sis of transcript data, providing insight into the elicitation of specific
presenting issues.

5 | CONCLUSION

A key objective of this study was to create an outcome measure for
SSTs on a DMHP, incorporating insights from SUs and clinicians into
the design and implementation of the outcome measure. NLP meth-
ods were employed to evaluate a large volume of SST transcripts to
create an outcome measure that represents the wide range of wants
and needs of SUs undertaking SSTs. This has been achieved to a sig-
nificant degree through the application of LLMs, focus groups and
content validity surveys, gathering SU and clinical understanding to
improve the relevance and clarity of this outcome measure, ensuring
the items are applicable and achievable in a single session.

Including SUs in this process has enabled the creation of an ap-
plicable outcome measure, and applying a collaborative and iterative
approach to item creation with contemporary machine learning meth-
ods demonstrates a strong case for the combination of computational
analysis of text data with co-creation methods. A finalised set of 12
outcome items was defined that cover a range of themes that occur in
SSTs, including improving relationships, building support systems and
having a safe space to talk about concerns. This work provided novel
contributions across several fields, including the application of LLMs
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in the analysis of DMHP transcript data and the development of SST
outcome measures by incorporating insights from people with lived
experience of engaging with DMHPs. Ultimately, this work provides a

novel, clear and relevant outcome measure tailored to SSTs.
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