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ABSTRACT

Background: Increasing an individual’s ability to focus on concrete, specific detail, thus reducing the tendency toward overly broad, decontextualised generalisations
about the self and world, is a target within cognitive behavioural therapy (CBT). However, empirical investigation of the impact of within-treatment specificity on
treatment outcomes is scarce. We evaluated whether the specificity of patient dialogue predicted a) end-of-treatment symptoms and b) session completion for CBT for
common mental health issues.

Methods: This preregistered (https://osf.io/agr4t) study trained a deep learning model to score the specificity of patient dialogue in transcripts from 353,614 internet-
enabled CBT sessions for common mental health disorders, delivered on behalf of UK NHS services. Data were from obtained from 65,030 participants (n = 47,308
female, n = 241 unstated) aged 18-94 years (M = 34.69, SD = 12.35). Depressive disorders were the most common (39.1 %) primary diagnosis. Primary outcome was
end-of-treatment score on the Patient Health Questionnaire-9 (PHQ-9). Secondary outcome was number of sessions attended.

Results: Linear mixed-effects models demonstrated that increased patient specificity significantly predicted lower post-treatment symptoms on the PHQ-9, although
the size and direction of the effect varied depending on the type of therapeutic activity being completed. Effect sizes were consistently small. Higher patient

specificity was associated with completing a greater number of sessions.
Limitations: We are unable to infer causation from our data.

Conclusions: Although effect sizes were small, an effect of specificity was observed across common mental health disorders. Further studies are needed to explore
whether encouraging patient specificity during CBT may provide an enhancement of treatment attendance and treatment effects.

1. Introduction

Cognitive behavioural therapy (CBT) is our leading treatment for
common mental health problems. However, CBT fails to produce
remission for 30-50 % of treated individuals (Clark et al., 2018), leaving
them with significant symptoms and poor functional outcomes.
Improving understanding of active therapy features implicated in good
treatment outcomes is therefore of vital importance to further refine
treatment.

In both traditional and third-wave CBTs, one potentially important
mechanism of therapeutic change is movement away from an abstract,
generalized cognitive style, toward concrete, specific processing (Beck
and Haigh, 2014; van der Velden et al., 2015). A variety of treatment
components seek to facilitate specific processing. Mindfulness exercises

aim to improve ability to focus on concrete (e.g., sensory) detail and to
decentre from abstracted thought patterns (e.g., worry) (Manjaly and
Iglesias, 2020), cognitive restructuring aims to constrain generalized
beliefs about the self and world to specific situations or events, and
exposure techniques help to reinstate context (Craske et al., 2014). An
emphasis on context-specific detail serves to isolate specific experiences
in time and space (e.g., argument with partner after dinner last night),
and illustrate that assumptions (e.g., my relationship is full of conflict)
made on the basis of such events are only applicable within that context
(e.g., when deciding who is going to do the dishes). A focus on the
specific is thereby important to combat the overgeneralised beliefs of
worthlessness, jeopardy, failure, and vulnerability which drive common
mental health disorders (Beck and Haigh, 2014).

To this end, basic-science driven interventions have been offered as
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adjuncts to CBT to enhance concrete, specific cognition, targeting
rumination (Watkins et al., 2012), overgeneralised autobiographical
memory (Hallford et al., 2021a), or mental imagery (Pile et al., 2021) as
a training modality. Similarly, process-focussed adaptations of CBT have
integrated a greater focus on being concrete (Jacobs et al., 2016).
However, the specificity of narrative discourse during therapeutic ex-
changes has been largely unexplored as a treatment process, likely due
to the quantity and unstructured format of such data.

Machine learning techniques can overcome these challenges,
providing an unprecedented opportunity to examine factors at play
during therapeutic exchanges between therapist and patient, at scale
(Chekroud et al., 2021). Recent research has trained deep learning
models to identify different features of treatment (e.g., topics of dis-
cussion, type of therapeutic tasks completed), and regressed these fea-
tures on treatment outcomes (Ewbank et al., 2020), expanding our
ability to identify features of successful CBT across large numbers of
therapists, treatment sites, and treatment-seekers (for discussion see
Chekroud et al., 2021). Here, our primary aim was to determine whether
the degree of patient specificity within therapeutic interactions pre-
dicted post-treatment symptoms. We expected that increased patient
specificity during therapy would predict better treatment outcomes for
at least two reasons; patient specificity may reflect engagement in the
more concrete processing style promoted within CBT, and/or more
specific detail during therapeutic activities (e.g., when designing
behavioural experiments) may lead to increased problem solving (Jing
et al., 2016) and completion of planned therapeutic tasks. To explore
whether specificity may be more important in some therapeutic tasks
than others, we separately considered specificity within different ther-
apy feature categories (as per Ewbank et al., 2020), including goal
setting, CBT tasks, and management of homework.

Our secondary aim was to determine whether patient specificity
predicted treatment engagement or dropout; notably, the number of
CBT sessions completed. As many CBT tasks require the individual to
provide specific information from their past (e.g., evidence gathering
tasks), we hypothesised that individuals who tended to be more specific
may find CBT easier to complete, and thus complete a greater number of
sessions.

We trained a deep learning model to quantify the specificity of pa-
tient dialogue within internet-enabled CBT sessions delivered for UK
NHS Improving Access to Psychological Therapy (IAPT) services. Our
primary hypothesis was that the specificity of patients’ dialogue would
predict treatment outcome, such that a greater number of specific fea-
tures in patients’ responses would predict lower post-treatment scores
on the Patient Health Questionnaire (PHQ-9; Kroenke et al., 2001). We
focussed on the PHQ-9, a measure of depression, as it is administered to
all IAPT service-users, is linked to post-treatment quality of life (Fur-
ukawa et al., 2021), and is a key outcome used when evaluating the
efficacy of IAPT services (Gyani et al., 2013). Further, there is a well-
established prognostic relationship between specificity and depressive
symptoms (Hallford et al., 2021b). Our second hypothesis was that
greater specificity of patient dialogue would predict a higher number of
CBT sessions completed.

2. Method
2.1. Approvals

Cambridge Psychology Research Ethics committee granted ethics
approval (PRE.2017.100). Hypotheses and analyses were pre-registered,
https://osf.io/agr4t
2.2. Participants

Participants (n = 65,030) were receiving treatment from NHS

Improving Access to Psychological Therapies (IAPT) services in the UK —
a public health service which treats common mental health issues.
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Individuals can self-refer, online. Inclusion criteria were age > 18 years
and registration with a general practitioner in the services’ NHS Trust.
Exclusion criteria, determined by a clinician during the intake assess-
ment, were being deemed unsuitable for online treatment (e.g., expe-
riencing cognitive impairment, brain injury or dementia); already
receiving psychological intervention; no access to an internet-enabled
device; extremely low literacy levels indicating difficulty reading or
writing; visual impairment preventing use of an electronic screen; lack
of English; unsuitable for IAPT as in need of more intensive support (e.g.,
actively suicidal).

2.3. Internet-enabled CBT

CBT was administered via instant synchronous messaging in a secure
online therapy room by a British Association for Behavioural and
Cognitive Psychotherapies-accredited CBT therapist or NHS Psycho-
logical Wellbeing Practitioner, per National Institute of Health and Care
Excellence (NICE) recommendations. That is, CBT was delivered on an
individual basis, in real-time, by a trained therapist in a secure chat
room, on behalf of NHS IAPT services by Ieso (www.iesogroup.com), in
accordance with international standards for information security (ISO
27001; https://www.iesogroup.com/iso-certificates). Disorder-specific
CBT protocols were used to guide treatment, which consisted of a
range of CBT tasks, including cognitive restructuring, planning behav-
ioural experiments, or behavioural activation. Sessions were approxi-
mately 45-60 min in length, and delivered on a weekly-basis, unless less
frequent sessions were deemed appropriate by both therapist and
patient.

2.4. Specificity scoring

We analyzed transcripts for 353,614 internet-enabled CBT sessions
completed June 2012 to May 2021. Each therapy transcript recorded
which text entries were submitted by the user, and which text entries
were submitted by the therapist. Therapy transcripts were parsed for
linguistic features indicating that a therapist was eliciting information
(e.g., ‘can you think of an example/the last time/a recent time); full
details are presented in the Supplementary Materials. Therapist elici-
tations included both explicit requests for specific information (e.g., ‘can
you tell me about last time this happened?’), and more open-ended re-
quests for information (e.g., ‘how do you know that is true?’). We
considered specificity in patient responses during different types of
therapeutic exchanges, as per Ewbank et al. (2020), to ensure that re-
sults were clinically informative (see Fig. 1). It is plausible that, for
example, being specific when completing core therapy tasks may be
more important for clinical outcome than specificity in setting the
agenda. We therefore separately examined patient specificity to thera-
pist elicitations during agenda setting, reviewing homework, setting
goals, planning for the future, discussing perceptions of change,
completing core therapeutic tasks (included any cognitive or behav-
ioural reattribution, skill teaching, conceptualization, or psycho-
education), assessing risk of suicide, summarizing the session, or setting
homework. Full details on the different task types are in Ewbank et al.
(2020).

Patient responses were quantified by a supervised deep learning
model, which yielded a probability that the response was specific. The
model was trained to identify specificity on a dataset of text describing
personal experiences (10,000 text entries), written by individuals of
varying mental health status. These memories had been previously
scored as specific or non-specific by a human rater using the scoring
criteria for the Autobiographical Memory Test (Williams and Broadbent,
1986). We used 8000 examples to train our model and 1000 to validate
model performance using early stopping (set to 10 epochs). The
remaining 1000 examples were used as the held-out test set. We then
further validated the model on another separate dataset of held-out text
describing personal experiences (1632 entries) written by individuals
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Examples of theraplst dlalogue for different categories

Explicit request
Can you think of a time when you did succeed at something?

Open-ended request
Can you tell me move?

Core therapy task
How might you go about testing that belief?

Perception of change:
What do you think has helped duning our work together?®

Risk assessment:
Have you had thoughts of suicide?

Setting the agenda:
What would be most useful for us fo cover in today’s session?

Journal of Affective Disorders 350 (2024) 485-491

Features of patient dialogue related to Increased specificity

Use of adjectives, verbs and nouns, e.g.,

Names of others involved
Location

Time of day or year

Named emotion

Sensory detall

Personal actions

Actions of others

Emotional reactions of others

| guess on Monday I could lnvite a colleague
to coffee and see if they accept

A few weeks ago, you said | need to telf
Blake when | feel ignored, so that | don't
overreact. That's been helping.

Yos, they were very overwhelming last night.
I don't know if | can keep going.

| iked your idea about planning an
experiment. Can we also talk about work?

Fig. 1. Examples of therapist and patient dialogue used to score specificity.

with diagnosed depressive disorders and again scored for specificity by
humans. Full details on model training are presented in Supplementary
Materials. Mean specificity (sum of feature specificity/number of ses-
sions completed) was calculated for each participant, for each therapy
task.

2.5. Symptom measures

The Patient Health Questionnaire-9 (PHQ-9; Kroenke et al., 2001) is
a reliable and valid index of depressive symptoms, and was used as our
primary clinical outcome. Within IAPT, the PHQ-9 is routinely admin-
istered at each CBT session, as is the Generalized Anxiety Disorder 7-
item scale (GAD-7; Spitzer et al., 2006)), which we pre-registered as a
secondary clinical outcome. We had also intended to examine Work and
Social Adjustment Scale (Mundt et al., 2002), but were unable to obtain
this data. As we used real-world service data, our conceptualisation of
clinical outcomes was limited by the available data.

2.6. Data analysis

As pre-registered, hypotheses were analyzed with linear mixed-
effects models using lmer in the R computing environment, employing
Satterthwaite approximation and restricted maximum likelihood esti-
mation. Last observed PHQ-9 scores were used as end-of-treatment
outcome. Random effects of therapist were considered within treat-
ment site. For all models, variance inflation factors were small, <1.43, as
were correlations between the different specificity variables, rs < 0.32.
Each model included total number of sessions completed, mean number
of participant words across all sessions (to account for length of
discourse), PHQ-9 and GAD-7 scores at the beginning of therapy (to
control for baseline individual differences), age-at-referral, gender
identity (male, female, undisclosed), use of psychotropic medicine and
primary diagnosis (see Table 1). In addition to specificity over the course
of treatment, we also, as preregistered, considered specificity in the first
session only, to provide an indication of whether adjunctive training

Table 1
Sample characteristics.
Primary diagnosis Prevalence  Psychotropic Prevalence

medication use

Depressive disorder 39.1 % Not recorded 1.6 %

G lized anxi

di(;z::;rlze anxiety 23.7 % Not prescribed 50.8 %
P ibed b

Social anxiety disorder 7.2% re.scrl. ed but not 8.3%
taking it

U ified anxiet

dizzrr)cel::' ec anxiely 4.9 % Taking medication 39.2%

qbse551ve compulsive 42%

disorder

Panic disorder 3.8%

Pf)sttraumatlc stress 3.7 %

disorder

Hypochondriacal disorder 3.0%

Mix‘ed depression and 27 %

anxiety

Adjustment disorder 1.7 %

Specific phobia 1.5%

Agoraphobia 0.9 %

Eating disorder 0.6 %

Relationship difficulties 0.5 %

Anger and irritability 0.4 %

Somatoform disorder 0.2 %

Chronic pain 0.2%

Bipolar disorder 0.1 %

Alcohol use disorder 0.1 %

Sexual dysfunction 0.1 %

Complicated grief 0.1 %

Mental.disorde.r.not 0.9 %

otherwise specified

Not recorded 0.3 %

programmes to boost patient specificity may be useful if completed prior
to beginning CBT. Results did not differ thus we report specificity over
the course of treatment. We also considered therapist factors by
including the mean numbers of direct requests for specific information
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and of open-ended requests for information.
3. Results
3.1. Sample and treatment characteristics

Data were from obtained from 65,030 participants (n = 47,308 fe-
male, n = 241 unstated) treated within 78 IAPT sites across the UK.
Participants completed an average of 5.64 (SD = 3.57, range = 1-39)
internet-enabled CBT sessions. As is common for IAPT, primary pre-
senting difficulties were varied, with depressive disorders being most
common (see Table 1). Mean age of participants was 34.69 years (SD =
12.35, range 18-94 years). Mean pre-treatment PHQ-9 scores (M =
13.15, SD = 5.98) were in the ‘moderately severe’ range (Kroenke et al.,
2001).

3.2. Treatment outcome

Our primary hypothesis was that the specificity of patients’ re-
sponses would predict end-of-treatment PHQ-9 scores. The intraclass
correlation for the random effect (0.02) was small. Results for all pre-
dictors are presented in Table 2. As model predictors were on very
different scales, the continuous predictors were rescaled using the
standardize package in R, such that the mean for all variables was 0 and
the standard deviation was 1. End-of-treatment PHQ-9 scores were
significantly predicted by the specificity of patient utterances when
discussing perceptions of change, completing core therapeutic tasks,
setting the agenda, reviewing homework, and assessing risk of suicide,
with very small effect sizes (see Fig. 2).! Contrary to predictions, patient
specificity during risk checking was associated with higher PHQ-9
scores. Sensitivity analysis with only those with a primary depressive
presentation (n = 25,448) yielded similar results (see Supplementary
Materials).

3.3. Session attendance

Our secondary hypothesis was that patient specificity would predict
the number of CBT sessions completed. We included the same predictors
as the primary analysis (ICC = 0.10). As hypothesised, number of
completed sessions was significantly predicted by specificity on all tasks
other than summarizing the session (see Table 3). Completion of a
greater number of CBT sessions was associated with higher specificity
when discussing perceptions of change, planning for the future,
completing core therapy tasks, and agenda setting. Higher specificity
when assessing risk and setting goals was associated with a lower
number of completed sessions. An additional analysis predicting atten-
dance at >2 sessions (a binary metric which the IAPT services used to
index whether a service-user is ‘engaged’ in treatment) was also
completed, as number of completed sessions may be associated other
factors (e.g., symptom severity), which yielded similar results (see
Supplementary Materials).

4. Discussion

This study utilized machine learning to identify the specificity of

1 In light of the different direction of effects across the specificity variables, as
a sensibility check we examined correlations between end of treatment PHQ-9
score and the different specificity variables, which may indicate whether the
direction of the individual effects was only reversed due to the multiple anal-
ysis. Pearson correlations were in the same direction as the estimates from the
mixed effects model.It is also worth noting that the positive association between
number of completed sessions and end PHQ-9 scores is likely influenced by the
common triage practice of allocating a greater number of sessions to those with
more severe pre-treatment symptoms.
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patient dialogue during CBT, and explored how specificity related to
session attendance and symptom response. Results demonstrated that
greater specificity during some, but not all, types of therapeutic inter-
action were associated with better treatment response. Results suggested
lower post-treatment depressive symptoms were associated with higher
patient specificity when completing core therapeutic tasks (e.g., cogni-
tive restructuring, evidence gathering), setting the agenda, reviewing
homework, and discussing changes observed so far. As hypothesised,
greater specificity across a variety of treatment tasks was associated
with completion of a greater number of CBT sessions. Together, these
findings suggest that greater patient specificity across therapy may be
associated with increased session attendance — a well-established
treatment barrier (Batterham et al., 2020) and potentially, better
treatment outcomes.

There are two key factors which must be considered. First, this is
observational data, and causation cannot be inferred. Our primary goal
was to identify potential features of successful CBT, to guide future
research. Specificity on some therapy tasks (controlling for effect of
therapist) was associated with greater symptom improvement, but this
could be influenced by other factors (e.g., quality of delivered CBT).
Similarly, the use of data from active treatment services ensures that our
results are applicable to real-world treatment delivery, but there is
greater between-person variability in treatment features (e.g., thera-
peutic components, such as whether behavioural activation was
completed; planned number of sessions) relative to randomised
controlled trials, which will have impacted our results. Second, the
observed effects are very small. However, small effects should not be
automatically dismissed (Funder and Ozer, 2019; Lakens, 2013). The
typical effect size for weeks of CBT (versus placebo pill) on depressive
symptoms is only 0.30 (Furukawa et al., 2017, 2021). Indeed, a decrease
of just one additional point on the PHQ-9 at post-treatment corresponds
to an improvement in quality of life (Furukawa et al., 2021). Critically,
small effects can have important accumulative effects, when applied by
an individual consistently and over time (e.g., across many CBT ses-
sions), or when applied on a single occasion by a high number (i.e., the
thousands treated with CBT) of individuals (Funder and Ozer, 2019). For
example, small improvements in symptoms observed over a large
number of people can reduce costs to service provision. Finally, patient
specificity was not purposely targeted in the delivered CBT - the effect
size may be larger in therapies with a particular focus on specificity (e.g.,
rumination-focused CBT). It is quite simple to encourage a patient to be
more specific or to edit CBT worksheets to directly instruct the indi-
vidual to include specific detail, and these actions do not require
extensive resources as some other proposed CBT enhancements (e.g.,
brain stimulation). Thus, although effects were small, it would not be
overly difficult or expensive to explore the utility of promoting further
specificity within CBT, potentially for some gain.

In accordance with the cognitive model guiding CBT (Beck and
Haigh, 2014), results seem to support encouragement of specific detail
during therapeutic exchanges. Lower post-treatment depressive symp-
toms were observed when i) patient specificity was high when reviewing
homework and reflecting on what they have learnt so far (e.g., what
strategy/new knowledge in particular has been useful), ii) patients
demonstrated a greater focus on concrete, specific detail when
completing structured CBT activities which challenge maladaptive be-
liefs, iii) there were specific suggestions from patients when setting
session agendas, and iv) more frequent therapist-use of explicit requests
for specific information (e.g., ‘can you think of one time’, ‘can you give
me an example’). These findings are also consistent with prior assertions
that enhancing the context-specific and episodic features of information
learnt during therapy will improve patient outcomes (Harvey et al.,
2014). Experimental manipulation of these factors in future research
could produce useful insight for improving therapist (and potentially
patient) practices that may enhance treatment outcomes.

However, not all observed effects were in the expected direction.
Interestingly, the largest (although still small) effect size on treatment
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Table 2

Fixed effects predicting PHQ-9 scores at end-of-treatment.
Fixed effect t df b SEb
Total number of sessions completed 20.04 60,698.01 0.28 0.01%**
Number of patient words -1.31 56,729.13 —0.02 0.01
Number of therapist specific requests —3.82 55,256.60 —0.05 0.01%**
Number of therapist open-ended requests 0.05 50,481.21 0.01
Start GAD-7 score 26.90 63,112.01 0.48
Start PHQ-9 score 246.31 63,132.14 4.65
Primary diagnoses (range; individual diagnoses in Supplement) -4.11-4.83 50,680.41-63,128.48 —0.51-0.82
Gender: male -1.63 63,102.72 —0.05
Gender: non binary or undisclosed 2.30 63,037.83 0.50
Age —14.86 63,121.81 —0.21
Medication use: Prescribed but not taking 5.03 63,113.44 0.25
Medication use: currently taking 10.05 63,162.68 0.29
Medication use: undisclosed 4.47 46,718.17 0.49 0.11%**
Specificity of perceptions of change —6.06 62,372.13 —0.08 0.01%***
Specificity of planning for future -1.08 63,098.56 —0.01 0.01
Specificity of core therapeutic tasks —4.14 55,416.27 -0.07 0.02%**
Specificity of setting goals 0.74 51,207.10 0.01 0.01
Specificity of summarizing session 0.94 63,067.10 0.01 0.01
Specificity of reviewing homework —3.66 51,253.06 —0.05 0.04%**
Specificity of setting homework 1.89 58,180.01 0.03 0.01
Specificity of setting agenda —4.05 48,155.55 —0.06 0.01%***
Specificity of risk checking 21.71 48,155.55 0.29 0.01%***

Note. *** p < .001. Intercept b = 12.28, SE;, = 0.13, t(509.60) = 95.55, p < .001. Continuous predictors (i.e., all other than medication, gender, and primary diagnosis)
are on the same scale. For gender, the reference is female. For medication, the reference is no medication prescribed. For Diagnosis Name, reference is no diagnosis
recorded. As there were 24 different primary diagnoses, the range of estimates is presented and the full list is in the Supplementary materials.

Lower PHQ-9

Perception of change —eo—i

Core CBT tasks

Agenda setting

[ ]

Reviewing homework k

ns

Planning for future

Goal setting

Summarising session

Setting homework

Risk check

Higher PHQ-9

Fig. 2. Association of specificity variables with end of treatment PHQ-9 scores.

Note. ns = non significant. Error bars represent standard error.

outcome was seen for specificity during risk checking, where greater
specificity was associated with higher post-treatment symptoms and
completion of fewer CBT sessions. Increased specificity during risk
assessment may reflect that service-users had more detailed plans of
suicide, and/or that suicide safety plans needed to be more detailed (e.
g., include location of nearest hospital, name of friend to turn to) due to

489

0.1
b (standard error)

0.2 0.3

strong suicidal ideation (Green et al., 2018). In the current sample, high
suicidality also triggered on-referral for higher-intensity therapy,
potentially contributing to completion of fewer online-CBT sessions.
Fewer completed sessions were also associated with greater specificity
during goal setting. Specific goal setting is thought to be important in
motivating and encouraging patient adherence to treatment, however it
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Table 3
Fixed effects predicting the number of CBT sessions completed.

Fixed effect t df b SEb
Number of patient words 26.61 64,933.07 0.40
Number of therapist specific requests -8.91 64,759.76 -0.12
Number of therapist open-ended requests 9.54 63,095.10 0.13
Start GAD-7 score 9.52 63,758.99 0.17
Start PHQ-9 score 5.47 63,686.20 0.10
Primary diagnoses (range; individual diagnoses in supplement) —4.23-11.55 58,994.46-64,200.36 -1.13-1.24
Gender: male —3.96 63,454.40 -0.12
Gender: non binary or undisclosed 0.92 63,069.07 0.19
Age 7.55 63,734.14 0.10
Medication use: prescribed but not taking —6.05 63,469.57 -0.30
Medication use: currently taking —1.65 63,677.35 —-0.05
Medication use: undisclosed -3.73 52,570.94 —0.40
Specificity of perceptions of change 13.34 64,354.18 0.18
Specificity of planning for future 7.06 63,438.72 0.09
Specificity of core therapeutic tasks 10.26 64,631.4 0.17
Specificity of setting goals —26.46 64,714.84 —-0.36
Specificity of summarizing session 0.85 61,398.14 0.02
Specificity of reviewing homework 17.96 64,444.39 0.25
Specificity of setting homework 4.43 64,944.53 0.06
Specificity of setting agenda 8.28 63,787.33 0.12
Specificity of risk checking —29.38 64,943.23 —0.40

Note. *** p < .001; ** p = .02. Intercept t(375.32) = 40.69, p < .001. Continuous predictors (i.e., all other than medication, gender, and primary diagnosis) are on the
same scale. For gender, the reference is female. For medication, the reference is no medication prescribed. For Diagnosis Name, reference is no diagnosis recorded. As
there were 24 different primary diagnoses, the range of estimates is presented and the full list is in the Supplementary materials.

is possible that patients who identified very specific goals were more
likely to reach those goals earlier and therefore attend fewer sessions.
Thus, there are a number of potential confounds that need to be eval-
uated in future research.

Results did suggest that specificity on a range of other treatment
tasks had a positive, significant association with completion of CBT
sessions. Our exploration of treatment engagement was limited by the
available data — notably, individuals could attend sessions but not be
highly engaged in the treatment content. Further application of machine
learning to treatment transcripts could help to explore this further. Our
findings do indicate that exploration of the role of specificity in
enhancing treatment engagement might be useful, as at a minimum, our
results suggest that patients using a greater degree of concrete, specific
detail (e.g., when, where, names, times, locations, sensory detail, and
actions) in their dialogue attended a greater number of treatment ses-
sions, above the effects of other established predictors of treatment
attendance, such as diagnosis, gender, age, concurrent medication use,
and baseline depression and anxiety symptom severity.

The mix of positive and negative effect sizes between therapeutic
tasks suggests the role of specificity during treatment is complex. We
have previously proposed flexible movement between specific, context-
dependent information and generalized summaries may be more
important for mental health rather than a sole focus on concrete detail
(Hitchcock et al., 2018; Dalgleish and Hitchcock, 2023). Future research
may benefit from exploration of flexible application of specificity during
therapy (e.g., when evaluating evidence for adaptive versus maladaptive
beliefs). Limitations of this study should also be addressed, including
that dialogue specificity was not matched to other measures of cognitive
concreteness commonly explored in the literature (e.g., rumination),
and we did not examine changes in specificity over the course of ther-
apy. Our deep learning model was also validated on text provided by
those experiencing depression, and thus our measure of specificity may
be biased toward language characteristic of depressive presentations.
Clearly, our use of observational data rules out establishing causality,
and results should be interpreted in line with this. Further research is
needed to determine whether increased specificity casually improves
continued treatment attendance or outcomes.

There are a number of novel interventions translated from cognitive
science which target either memory specificity (Barry et al., 2019; Raes
et al., 2009), flexible movement between general and specific levels of
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detail (Hitchcock et al., 2018; Moradi et al., 2021), concreteness of in-
formation processing (Watkins et al., 2011, 2012), or level of sensory
detail in mental imagery (Pile et al., 2021), each of which have
demonstrated promising treatment effects as stand-alone interventions
on symptoms of common mental health disorders. Our results warrant
further studies to explore whether experimental induction of specificity,
instructing therapist to encourage specificity, or patient completion of
specificity interventions prior to beginning (or perhaps while
completing) CBT might help to improve the number of CBT sessions
completed, and potentially, depressive outcomes. As these interventions
are primarily self-guided, they could be easily and cost-effectively used
as adjuncts to regular service delivery. Our results suggest that further
evaluation of patient specificity during CBT, and therapist behaviours
promoting specificity, may help to emphasise pathways for improving
treatment outcomes.
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