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Lay Summary 

 

Demand for treatment of anxiety is growing and so services need to provide effective 

and efficient psychological interventions. This is driving the development of more low 

intensity (LI) interventions, but current evidence suggests efficacy is mixed. Guided 

self-help (GSH) interventions are designed to help patients manage symptoms via 

psychoeducational methods and brief contact time with interpersonal support of a 

facilitator. Given the uptake of LI interventions, it is important to understand what 

predicts outcome and how this information can be utilised to improve services.  

 

The first chapter explores which psychosocial and treatment characteristics influence 

how people with anxiety respond to low intensity cognitive behavioural therapy (CBT-

GSH). Identification of baseline characteristics supports treatment matching and 

identification of in-treatment variables supports understanding of how to adapt LI 

treatment. A search of the existing literature for published studies in this area was 

completed. Twenty-four studies were found which examined a total of one-hundred-

and-sixteen predictor variables. There were no baseline characteristics that were 

individually consistently associated with CBT-GSH outcomes across studies, and so 

further research is needed to determine the most suitable candidate for CBT-GSH. 

Between session engagement and facilitator’s experience delivering GSH consistently 

predicted outcome. This fits with the wider literature on psychotherapy outcomes and 

suggests future research should focus on adapting CBT-GSH to increase 

engagement.  
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With a newly developed version of GSH informed by cognitive analytic therapy (CAT-

GSH), the second chapter aims to understand common and differential predictors of 

treatment outcome following CBT-GSH or CAT-GSH for anxiety and develop a 

treatment matching algorithm. Considering the impact of patient preference on 

outcomes was a further aim, alongside understanding the influence of receiving the 

indicated-optimal treatment on outcomes. Pre-existing data from a patient preference 

trial completed in a National Health Service (NHS) Talking Therapies services was 

retrospectively analysed. Separate predictive models were developed for CAT-GSH 

and CBT-GSH using baseline sociodemographic, clinical and treatment preference 

variables. Patients were grouped into having optimal GSH vs not having optimal GSH 

using the patient advantage index (PAI). Receiving optimal GSH improved outcomes 

within a subgroup, but the PAI-recommended treatment was not influenced by patient 

preference.  This study is the first to apply the PAI approach to recommend GSH 

interventions, indicating that treatment matching algorithms have the potential to 

improve outcomes via improved treatment allocation.   



vi 
 

Acknowledgements 

 

Firstly, I would like to thank my research supervisor Dr Melanie Simmonds-Buckley for 

teaching me so many important skills and helping me to feel able to say I’ve done 

some machine learning! Thank you also to Dr Steve Kellett for your guidance and 

expertise in such an important area of research. I have valued working with you both 

and have learnt so much.  

 

Thank you to everyone that participated in the patient preference trial of CAT-GSH and 

CBT-GSH in Oldham NHS Talking Therapies. Without you, this project wouldn’t exist. 

 

To my best friends for always believing in me and supporting me for the last 11 years 

through my journey to be a qualified Clinical Psychologist. And to the coolest trainees 

I know, thank you Katie, Emily & Laura for your endless support and listening ears. 

 

I couldn’t have done this without the unwavering support from my family and my 

partner, Kyle. Thank you to my Mum for always being at the end of the phone when I 

needed someone to talk to and my Dad, for learning what a Clinical Psychologist is so 

he could tell everyone at home. But especially, thank you, Kyle, for riding the DClinPsy 

emotional rollercoaster with me and never giving up on me. Thank you for your 

continuous encouragement, patience and being my biggest fan over the years. Thank 

you for putting a smile on my face when I needed it the most.  

 



vii 
 

List of Contents 

 

Declaration .................................................................................................................. ii 

Structure and Word Count .......................................................................................... iii 

Lay Summary ............................................................................................................. iv 

Acknowledgements .................................................................................................... vi 

Part One: Literature Review .................................................................................... 2 

Abstract ................................................................................................................... 3 

Introduction ............................................................................................................. 5 

Methods .................................................................................................................. 9 

Results .................................................................................................................. 14 

Discussion ............................................................................................................. 36 

Conclusion ............................................................................................................ 44 

References ............................................................................................................ 45 

Appendices ........................................................................................................... 60 

Part Two: Empirical Study ..................................................................................... 78 

Abstract ................................................................................................................. 79 

Introduction ........................................................................................................... 82 

Methods ................................................................................................................ 87 

Results ................................................................................................................ 101 

Discussion ........................................................................................................... 111 

Conclusion .......................................................................................................... 119 

References .......................................................................................................... 120 

Appendices ......................................................................................................... 133 

 

  



2 
 

 

 

Part One: Literature Review 

 

Predictors of Treatment Outcome for Cognitive Behavioural Therapy 

Guided Self-Help Interventions for Anxiety Related Disorders: A 

Systematic Review. 
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Abstract 

Background: Increasing demand for talking therapies for anxiety is driving the 

development and delivery of effective and efficient treatments. Cognitive behavioural 

therapy guided self-help (CBT-GSH) is a brief psychoeducational low-intensity 

psychological intervention for mild-moderate anxiety supported by a practitioner. CBT-

GSH has a mixed evidence base, suggesting that it is not beneficial for all patients, 

and little is known about what influences responsivity to CBT-GSH. Exploring 

predictors of outcome can help improve patient outcomes by matching patients to 

treatments or adapting interventions. Therefore, this review aimed to identify those 

factors that predict CBT-GSH outcomes and consider the implications of these.  

 

Methods: A systematic review (PROSPERO registration number CRD42023418755) 

was conducted by searching PubMed, PsycInfo and Scopus up to the 27th November 

2023. Included studies had to have an adult sample, delivered 1:1 CBT-GSH (not 

group therapy) for anxiety and studied at least one predictor of outcome. The Critical 

Appraisal Skills Programme (CASP) checklists were used for risk of bias assessments. 

Predictors of response were summarised using narrative synthesis.  

 

Results: A total of 24 eligible studies were identified and these investigated 116 

predictors of outcome, which were categorized into 10 domains (demographics, 

baseline severity, comorbidity, within session engagement, between session 

engagement, engagement with practitioner, other treatments, experience, process, 

verbal fluency). Forty-eight percent of variables were significant predictors of outcome; 

however, most were inconclusive across studies or lacked consensus in the direction 
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of effect. Between session engagement and experience delivering treatment 

consistently predicted CBT-GSH outcome.  Within session engagement and process 

variables are considered partial predictors of outcome.  

 

Conclusion: Due to moderate levels of risk of bias within the included studies and a 

lack of reported data, caution should be taken when interpreting the results. This 

review suggests there are no pre-treatment variables that consistently predict those 

who might benefit from CBT-GSH.  In terms of in-treatment variables, future research 

should focus on methods to increase between session engagement and 

understanding how experienced practitioners create better outcomes.  

 

Keywords: Anxiety, guided self-help, cognitive behavioural therapy, predictors 

 

Practitioner Points 

• GSH practitioners should try to maximise engagement in homework tasks to 

increase the likelihood of an effective intervention.  

• Currently there are no reliable pre-treatment predictors of outcome following 

CBT-GSH for anxiety, therefore there is insufficient evidence to support the 

development of a prediction model for CBT-GSH. 

• Further research is required to establish robust predictors of response to CBT-

GSH for anxiety.  

 

 



5 
 

Introduction 

Prevalence of Anxiety  

Anxiety can be defined as a feeling of “unease” such as feeling worried or experiencing 

fear. Anxiety can present in various ways, for example a fear of social situations (social 

anxiety disorder); a specific fear (phobia); a fear about one’s own health (health 

anxiety) or a general fear (generalised anxiety disorder).  

Fifty-nine percent of adults in the UK report experiencing “low” levels of anxiety (ONS, 

2024). This prevalence of anxiety disorders has created an increased demand on 

mental health services around the world. Therefore, services are seeking effective and 

efficient interventions to treat this increasing clinical population. This is driving the 

development of more low intensity psychological interventions as they are brief and 

require less clinician training to deliver, however, current evidence suggests efficacy 

is mixed. 

Low Intensity Psychological Interventions 

A low intensity (LI) psychological intervention (i) uses self-help materials (ii) is ≤ 6 

hours of contact time with each contact around 30 minutes or less, and (iii) trained 

practitioners/supporters can provide input (Shafran et al, 2021).  

In England, Talking Therapies (previously Improving Access to Psychological 

Therapies [IAPT]) services provided by the National Health Service (NHS) are 

designed on the stepped-care principle (NICE, 2011) and therefore deliver LI 

interventions for individuals with mild-moderate anxiety and depression early in the 

stepped-care process. LI interventions can be delivered one to one or in groups and 

include computerised cognitive behavioural therapy (CBT), guided and/or pure self-

help, psychoeducation groups and workshop style LI groups. The most common 
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theory underpinning LI interventions is cognitive-behavioural, but there are examples 

of other theories such as cognitive-analytic therapy guided self-help (CAT-GSH; Kellett 

et al., 2022). CBT has been adapted more than other therapies because the concepts 

translate easily into the psychoeducational context (Gaudiano, 2013).  

Guided self-help interventions are defined as those designed to help patients manage 

symptoms, primarily using a health technology such as self-help books, instructional 

videos, or interactive interventions using information technology. Interventions are 

conducted predominantly independent of professional contact. This approach is 

argued to be more accessible to patients and less demanding on clinician time (Gega 

et al., 2004). Within the NHS, cognitive behavioural therapy guided self-help (CBT-

GSH; Fairburn, 2013) is delivered as a brief intervention (6-8 sessions) for individuals 

experiencing mild-moderate anxiety. CBT-GSH uses psychoeducational workbooks 

that contain information, homework and change exercises that are supported by 

supervised practitioners. The LI practitioner has been likened to the role of a ‘coach’ 

rather than a traditional ‘therapist’ (Turpin, 2010). Trials of CBT-GSH compared to pure 

self-help have suggested larger effects when a practitioner is supporting the patient 

rather than accessing self-help material alone (Furmak et al., 2009; Pleva & Wade, 

2007). This suggests that there is a relationship between practitioner involvement and 

outcomes. 

Efficacy of LI Interventions 

The evidence for the effectiveness of LI CBT for anxiety disorders is mixed, particularly 

between post-treatment and follow-up. A recent meta-analysis of LI CBT for 

generalised anxiety found that all studies favoured LI CBT over controls, suggesting 

that LI CBT has shown potential as an effective and efficient treatment for mild to 
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moderate anxiety (Powell et al., 2024). Similarly, Coull & Morris’ (2011) meta-analysis 

found that CBT-GSH was effective at post-treatment, however it had limited 

effectiveness at follow-up or with clinical samples.  

Some clinical trials of CBT-GSH have shown significant effects at reducing anxiety 

levels at post-treatment (Amin et al., 2020; Delgadillo et al., 2014). However, some 

have found the effects of CBT-GSH to be non-significant at post-treatment, but 

significant at 18-months follow-up (Andersson et al., 2012). Yet a longitudinal cohort 

study found that relapse/recurrence rates were at 65.8% after 2 years post-treatment, 

suggesting limited durability of low intensity interventions (Delgadillo et al., 2018).  

This discrepancy within the evidence base highlights that LI interventions are not a 

panacea and it is important to better understand who they do work for and who they 

do not work for. Partly as LI CBT such as CBT-GSH is now widely adopted as an 

accessible psychological intervention and an alternative to high intensity, face-to-face 

CBT. During 2021-22, 72.7% of patients accessing NHS Talking Therapies received 

CBT-GSH (Nicholls, 2023). It should be noted however, that currently in the NHS, CBT-

GSH is the only low intensity therapy model available for 1:1 treatment. There is 

currently no alternative therapy model available for individuals who do not respond to 

CBT-GSH. Therefore, implications should focus on how to improve outcomes for the 

populations that research suggests CBT-GSH is not effective for, rather than offering 

them a different treatment.  

Personalised Approaches to Mental Health Care 

Precision medicine is an approach to treating health conditions that is tailored to the 

individual, according to the evidence of effectiveness for each patient adopting a more 

personalised approach to care (König et al., 2017). In terms of psychological therapies, 
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this drives the want to provide the best and earliest intervention, matched to the needs 

of the patient, moving beyond a “one size fits all” approach. Knowing what treatment 

works for whom could improve outcomes, improve cost-effectiveness of services and 

maximise the quality of health care (Kosorok & Laber, 2019).  

One way that this can be done is exploring patient predictors of outcome for 

psychological interventions. A predictor is a measured variable that may have a 

general prognostic relationship with end of treatment outcomes. Variables that could 

be predictors include clinical features (e.g. baseline severity), sociodemographic 

factors (e.g. gender) or treatment factors (e.g. number of sessions attended). Current 

evidence presents these variables as predictors of outcome after psychological 

treatment for anxiety, for example anxiety severity (Mululo et al., 2012), coping skills 

(Kunas et al., 2021), early response to treatment (Beard & Delgadillo, 2019) and 

employment (Schat et al., 2013).   

If there are significant relationships between individual characteristics or features and 

outcome, it is possible to assume others with similar characteristics would benefit from 

the same intervention. Baseline predictors could enable pre-treatment variables to 

support treatment matching, whereas predictors based on in-treatment variables can 

support understanding of how treatment can be adapted/optimised to improve 

outcomes.  

Predictors of anxiety outcomes after traditional ‘high intensity’ CBT have been 

investigated and most commonly found that baseline symptom severity impacts 

outcomes (Haby et al., 2006; Kampman et al., 2007; Wergeland et al., 2016). There is 

some evidence that therapist competence (Fauskanger Bjaastad et al., 2018), full time 

employment (Hedman et al., 2012), comorbidity (Brandenburg, 2017) and high levels 
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of safety behaviours (Butler et al., 2021) also predict outcomes following CBT. There 

is much less understanding of how these factors relate to outcomes after guided self-

help CBT for anxiety.  

Current Study 

The main objective of this review was to synthesise the available evidence from the LI 

evidence base (i.e., randomised controlled trials and longitudinal cohort studies) that 

have investigated variables associated with treatment outcome following CBT-GSH 

for anxiety disorders. Identification of replicated predictors of treatment response that 

can be measured at baseline would provide initial understanding of the characteristics 

or features that might support future treatment matching if the GSH versions based on 

different therapeutic models are developed. Whereas treatment features associated 

with outcomes could increase understanding of ways to maximise CBT-GSH 

effectiveness. Therefore, a secondary aim was to consider the implications of knowing 

these predictors and the ways in which CBT-GSH can be usefully adapted.  

Method 

Study Protocol 

The review has been reported according to the Preferred Reporting Items for 

Systematic reviews and Meta-Analyses (PRISMA; Page et al., 2021). The PRISMA 

Reporting Guideline can be found in Appendix A. The systematic review protocol was 

registered and published in the International Prospective Register of Systematic 

Reviews (PROSPERO) ahead of conducting the review (protocol ID: PROSPERO 

2023: CRD42023418755).  
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Eligibility Criteria 

Using the Population, Intervention, Comparison, Outcomes and Study (PICOS) 

framework, studies were eligible for inclusion if they met criteria in Table 1 (Eriksen & 

Frandsen, 2018). Although within NHS Talking Therapies, CBT-GSH is defined as 6-8 

sessions, the review aimed to include studies from around the world. Previous reviews 

have capped the number of GSH sessions at 12 (Cuijpers et al., 2010) and due to the 

variety of CBT-GSH delivery methods between the studies, this criterion was also 

adopted for the current review.  

Table 1 

Inclusion and Exclusion Criteria 

 Inclusion Criteria Exclusion Criteria 

Population Patients (aged ≥ 18 
years) with a self-reported 
or clinician assessed 
anxiety disorder.  
 
Diagnosis of an anxiety 
disorder identified via 
diagnostic interview, 
diagnostic criteria manual 
or by scoring above 
clinical threshold on a 
validated screening 
measure. 
 
Diagnosis meets the 
review criteria for an 
anxiety disorder i.e., 
generalised anxiety 
disorder, phobia, social 
anxiety disorder, panic 
disorder. 

Patients aged < 18 years. 
 
No formal diagnosis of an 
anxiety disorder/ not 
scoring above clinical 
threshold on a validated 
screening measure. 
 
 
 

Intervention Psychological intervention 
must be based on CBT 
principles and be 
delivered one-to-one. 
 

Intervention is not based 
on CBT principles and/or 
is delivered in a group 
setting. 
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 Inclusion Criteria Exclusion Criteria 
Patients must have at 
least one contact with a 
practitioner.  
 
Number of CBT-GSH 
sessions/modules must 
not exceed 12. 
 

Patients have no contact 
with a practitioner.  
 
Number of CBT-GSH 
sessions/modules exceed 
12. 

Comparator Not applicable Not applicable 
Outcome Standardised measure of 

anxiety symptoms (e.g., 
GAD-7, SPIN, BAI), 
administered at least at 
baseline and post-
intervention. 
 
Impact of at least one 
variable on post-
intervention anxiety 
symptoms is statistically 
analysed. 

Anxiety symptoms not 
measured using a 
standardised measure. 
 
Anxiety symptoms not 
measured at baseline and 
post-intervention. 
 
No statistical analysis of 
at least one variable on 
post-intervention anxiety 
symptoms. 

Setting Any outpatient or inpatient 
setting.  

None. 

Study Design Randomised controlled 
trials or cohort studies. 
 
Published in English 
language. 

Qualitative research, grey 
literature, conference 
proceedings, 
presentations or media 
articles. 
 
Not published in English 
Language, 

Note. Beck Anxiety Inventory (BAI), Generalised Anxiety Disorder Scale (GAD-7), 

Social Phobia Inventory (SPIN) 

 

Search Strategy 

The search strategy was developed using best practice guidelines (Centre for Reviews 

and Dissemination, 2009). Three databases (PubMed, PsycNet, Scopus) were 

searched on the 9thJune 2023 for relevant terms using variations of the key words 

‘anxiety’, ‘cognitive behaviour therapy’, ‘self-help’ and ‘low intensity’ as defined by 

Coull & Morris (2011). The full search strategy can be found in Appendix B. Terms 
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related to 'predictor’ were not included in the search terms as this increased the risk 

of missing studies as predictor analyses were not always the primary focus of a study 

outlined in the title/abstract (i.e., were reported as secondary analyses). An updated 

search was completed in November 2023 which found 119 new studies, however, 

none of these matched the inclusion criteria. This review focussed on published peer 

reviewed studies only (excluding grey literature), due to the high number of retrieved 

studies and to ensure quality.  

Selection of Articles 

Database results were combined, and any duplicates were removed. Titles and 

abstracts of articles identified by the search strategy were screened for eligibility by 

the primary reviewer. A second reviewer screened 10% of these titles and abstracts to 

check inter-rater agreement and any disagreements were discussed and resolved by 

consensus (98% agreement). Full texts of the remaining articles were sourced and 

again assessed for eligibility by the primary reviewer with 10% screened by a 2nd 

reviewer (87% agreement). Forward and backward citation searching was performed 

for all included studies to identify any additional articles missed by the database 

search. Study selection was outlined in a PRISMA flow diagram (Moher et al., 2009) 

using software developed by Haddaway et al. (2022). 

Quality Assessment 

Eligible papers were independently assessed for risk of bias by two reviewers, using 

the Critical Appraisal Skills Programme (CASP) Checklists (CASP, 2022; see 

Appendices C to D) for randomised controlled trials (RCTs) and longitudinal cohort 

studies. The CASP checklists assess validity of study design, sound methodology, 

clarity of results and the impact of results locally.  
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As there is no guidance to categorise risk of bias from the CASP Checklists, this study 

used the number of “yes” responses in the CASP Checklist to categorise studies. For 

both checklists, a “yes” response would indicate something of good quality and thus 

the more “yes” responses, the lower the risk of bias. For RCTs: 0-3 high risk; 4-6 

medium – high risk; 7-8 medium risk; 9-11 low to medium risk and 12-13 low risk. For 

cohort studies: 0-3 high risk; 5-4 medium to high risk; 6-7 medium; 8-10 low to medium 

risk and 11-12 low risk. A second reviewer assessed 20% of the included studies for 

risk of bias. Assessment of inter-rater reliability was conducted using Cohen’s Kappa 

(Cohen, 1960) and this was categorised as “substantial” agreement, k = .79.  

Data Extraction and Synthesis 

Data was extracted and tabulated using the Cochrane Collaboration Data Collection 

form (Higgins & Green, 2011). The following data was extracted from the papers – 

number of participants, treatment name, treatment delivery, comparator treatment, 

practitioner credentials, treatment duration, practitioner input, outcome measure, 

diagnosis, diagnostic criteria, variables assessed as predictors, number of predictors 

analysed, results and significance. Three studies had missing p-values and effect 

sizes (Andersson et al., 2008; Berger et al., 2013; Haug et al., 2015). The authors 

were contacted on the 9th of October 2023 and given 3 weeks to respond. 

Unfortunately, they did not respond, and the missing information remains.  

It was not possible to apply meta-analytic methods for predictor variables due to the 

under-reporting of statistical information or lack of replication in sufficient studies. 

Therefore, a detailed narrative synthesis of the results across studies is presented. 

Predictors used across included studies were categorised into relevant groups.  
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Pearson’s r was calculated for as many predictors as possible to present a 

standardised metric for each outcome, these are then categorised into small, medium 

and large effect sizes according to Cohen (2013). This was completed using online 

software (Lenhard & Lenhard, 2016). This was not possible for all predictors due to 

missing information, such as the study reported predictors as “non-significant” but with 

no p-values or due to restrictions from the formulas. An example of this is for beta 

coefficients, the calculator could only compute an r value if the coefficient was between 

-0.5 and 0.5. The software was also unable to convert Spearman’s Rho (Spearman, 

1904) to Pearson’s r and so effect size was categorised using Rea & Parker’s (1992) 

criteria. Significance values are presented in tables for each predictor category along 

with effect size and quality assessment. 

Results 

The search strategy returned 5138 unique titles and abstracts. The most common 

reasons for exclusion during screening were populations of adolescents/children; 

treatments other than guided self-help CBT; no predictors of outcomes analysed and 

disorders other than anxiety.  Eighty-four full-text articles were assessed for eligibility. 

Common reasons for exclusion included predicting long term effectiveness, not end of 

treatment outcome; self-help treatment was unguided; no predictors of outcome were 

analysed. Sixteen articles were identified as eligible for inclusion in the review. 

Forward and backward searches generated an additional 969 articles, of which 8 met 

the above eligibility criteria for review. As a result, k = 24 studies were included in the 

systematic review. Figure 1 shows the PRISMA diagram summarising study selection 

and exclusion reasons.  
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Figure 1 

PRISMA Diagram for Selection of Articles 
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Study Characteristics 

There were (k = 11) longitudinal cohort studies and (k = 13) RCTs. Studies were 

conducted across a range of countries – Australia (k = 2), Canada (k = 1), China (k = 

1), Denmark (k = 1), India (k = 1), Israel (k = 1), Norway (k = 4), Spain (k = 1), Sweden 

(k = 6), Switzerland (k = 2), United Kingdom (k = 1) and the United States of America 

(k = 3). Most studies used screening tools and/or diagnostic interviews to determine a 

diagnosis of an anxiety disorder, however three studies used only a screening tool and 

one study did not require a formal diagnosis. Most of the studies used participants with 

a diagnosis of social anxiety (k = 12), with studies of panic disorder, generalised 

anxiety disorder and anxiety each having 4 studies each. Due to differences in 

diagnosis between the studies, measures of outcome ranged considerably (see Table 

2). The total pooled sample size (n) across the included studies was 10,828.  

Treatments ranged from 1-12 sessions and were delivered mostly via the internet, 

except for one study of bibliotherapy which was a workbook with assistance from a 

facilitator. Facilitator contact was via emails, calls, face-to-face contact or messages 

through an online system. This contact ranged from ad-hoc contact, receiving 

feedback after homework, 10–20-minute calls and weekly emails. Facilitator 

credentials differed significantly between studies. Most studies used mental health 

professionals (k = 15) (e.g., Clinical Psychologists, Psychiatrists, CBT Therapists, 

Psychiatric Nurses). Six studies used psychology students and two studies did not 

require qualifications or used peer mentors. One study did not report therapist 

credentials.  

The two most common statistical method used to examine potential predictors was 

multiple regression (k = 4) and logistic regression (k = 4), followed by correlations (k = 
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3). These methods all assess linear relationships between two variables and can 

assess whether a potential predictor has a relationship with outcome. Other studies 

used a variety of statistical methods such as chi-square, linear mixed-effect models, 

pairwise comparisons, multilevel modelling, linear and quadratic effects, piecewise 

growth model, repeated measures ANOVA, spearman’s rank correlation coefficient 

and a T-test.  
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Study Design Diagnostic 
Criteria 

Diagnosis Comparison 
Condition(s) 

N 
Analysed  

Mean 
Age 

Treatment Duration 
(sessions/modules) 

Anxiety 
Outcome 
Measure 

N 
Predictors 
Reported 

Baigent et al. 
(2023) Cohort  GAD-7 Anxiety - 2732 43.4 6 GAD-7 4 
Nordgren et al. 
(2013) RCT DSM-IV Anxiety - 27 39.3 10 

CORE-
OM  3 

Lawn et al. 
(2019) Cohort  ICD-10 Anxiety - 427 - 6 - 8 GAD-7 3 
Dryman et al. 
(2017) Cohort  - SAD - 3384 29.82 12 SPIN  7 
González-Robles 
et al. (2021) RCT DSM-IV 

Emotional 
disorder TAU 63 - 12 BAI  6 

Berger et al. 
(2013) RCT DSM-IV 

SAD, PD, 
Agoraphobia, 
GAD Waitlist Control  88 35/34.4 8 BAI  10 

Chen et al. 
(2020) Cohort  DSM-IV SAD - 107 24.78 8 

SIAS & 
SPS  18 

Nordmo et al. 
(2015) RCT DSM-IV SAD 

ICBT with face 
to face 23 25.6 9 

SIAS & 
SPS 2 

Hedman et al. 
(2013) Cohort  DSM-IV PD - 451 37.3 10 

PDSS-
SR 1 

Schønning & 
Nordgreen (2021) Cohort  DSM-IV SAD or PD - 575 31.8 9 

BSQ or 
SPS  2 

Newman et al. 
(2021a) RCT DSM-V GAD Waitlist Control 117 20.1 40 (days) 

DASS & 
PSWQ  1 

El Alaoui et al. 
(2015a) Cohort  DSM-IV SAD - 764 32.51 - LSAS-SR  5 
Haug et al. 
(2015) RCT DSM-IV  PD or SAD 

Manualised 
CBT 85 32.4 1 - 10 

CSR & 
SRC  11 

Table 2 

Study Characteristics 
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Note. RCT = Randomised Controlled; GAD-7 = Generalised Anxiety Disorder Assessment; DSM-IV = Diagnostic and Statistical 

Manual of Mental Disorders; ICD-10 = International Classification of Diseases 10th Revision; SAD = Social Anxiety Disorder; GAD = 

Generalised Anxiety Disorder; PD = Panic Disorder; TAU = treatment as usual; CORE-OM = Clinical Outcomes in Routine 

Evaluation – Outcome Measure; SPIN = Social Phobia Inventory; BAI = Becks Anxiety Inventory; SIAS = Social Interaction Anxiety 

Study Design Diagnostic 
Criteria 

Diagnosis Comparison 
Condition(s) 

N 
Analysed  

Mean 
Age 

Treatment Duration 
(sessions/modules) 

Anxiety 
Outcome 
Measure 

N 
Predictors 
Reported 

El Alaoui et al. 
(2015) Cohort  DSM-V SAD - 547 32.6 11 LSAS-SR  2 
Andersson et al. 
(2008) RCT DSM-IV PD 

Manualised 
CBT 25 34.2 10 

ACQ & 
BSQ 8 

Newman et al. 
(2021) RCT DSM-V GAD Waitlist Control 50 21.62 40 (days) 

DASS; 
PSWQ; 
STAI-IT  5 

Seeley et al. 
(2017) RCT GAD-7 Anxiety  Waitlist Control 55 74.2 10 GAD-7 6 
Lindegaard et al. 
(2020) RCT DSM-IV SAD 

Psychodynamic 
psychotherapy 13 41.4 10 

LSAS-SR 
& GAD-7 2 

Hadjistavropoulos 
et al. (2016) Cohort  DSM-IV GAD - 58 40.22 12 GAD-7 1 
Shalom et al. 
(2020) RCT 

DSM-V 
SAD Waitlist Control 101 31.2 11 

LSAS-SR 
& SPIN  1 

Stolz et al. (2018)  RCT 

DSM-V 

SAD Waitlist Control 120 34.6/34.7 8 

SPS; 
SIAS; 
LSAS-SR 1 

Schulz et al. 
(2016) RCT DSM-IV SAD Waitlist Control 149 35.38 8 

SPS; 
SIAS  8 

Gellatly et al. 
(2018) Cohort  GAD-7 Anxiety  - 724 - 6 - 12 GAD-7 1 

Mathiasen et al. 
(2018) Cohort  ICD-10 

SAD, PD, 
Agoraphobia, 
GAD - 143 36.8 9 GAD-7 8 

Table 2 

Study Characteristics 
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Scale; SPS = Social Phobia Scale; PDSS-SR = Panic Disorder Severity Scale – Self Report; BSQ = Body Sensations 

Questionnaire; DASS = Depression Anxiety Stress Scales; PSWQ = Penn State Worry Questionnaire; LSAS-SR = Liebowitz Social 

Anxiety Scale – Self Report; ACQ = Anxiety Control Questionnaire; STAI-IT = State-Trait Anxiety Inventory  
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Risk of Bias Assessment 

Of the RCTs, five studies were considered to have low to medium risk of bias, six 

medium and two medium-to-high. A consistent methodological feature creating risk of 

bias was the lack of allocation concealment and blinding due to the nature of the 

research. There were no power analyses completed specifically for the predictor 

analyses. Another common reason for potential risk of bias included missing statistical 

information such as p-values and effect sizes. Other reasons consist of samples with 

poor generalisability (e.g., university students), small sample sizes and missing 

information regarding the methods and interventions used.  

For the longitudinal cohort studies, four were considered to have low risk of bias, five 

low to medium and two medium. All of these studies used validated and reliable 

outcome measures; however, some were self-report which raises questions of validity 

due to social desirability bias. The most common methodological problem was the lack 

of follow-up or lack of information about follow-up. A further issue was the precision of 

the results as many of the studies lacked information about confidence intervals and 

effect sizes. A summary of further details about all the risk of bias assessments can 

be found in Appendix E.  

Predictors of Outcome  

The studies investigated a total of 116 predictors of outcome. Some predictors were 

consistently assessed across studies such as age, gender and number of sessions 

attended. However, the results described in the final reports were insufficient for a 

large proportion of the variables to complete a robust meta-analysis. Clinical variables 

(e.g., comorbidity, baseline anxiety, social functioning) and treatment variables (e.g., 

time spent in programme, number of challenged negative thoughts and working 
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alliance) were investigated more than demographic variables (e.g., employment 

status, marital status etc.). All significant and non-significant predictors were grouped 

into ten categories: demographics (k = 6); baseline severity (k = 6); comorbidity (k = 

4); within session engagement (k = 13); between session engagement (k = 3); 

engagement with practitioner (k = 5); other treatments (k = 1); experience (k = 2); 

process (k = 10) and verbal fluency (k = 1). Results were narratively synthesised 

across the 10 predictor categories. Some authors are repeated within these tables if 

their predictors were examined on more than one outcome measure, for example 

Chen et al. (2020) assessed predictors against the Social Phobia Scale (SPS) and the 

Social Interaction Anxiety Scale (SIAS) but these are the same participants. 

Demographics  

Six studies examined demographics at the beginning of treatment as a predictor of 

outcome. The p-values, Pearson’s r and risk of bias is for each of these predictors are 

summarised in Table 3. Direction of effect is reported were possible, this was difficult 

to interpret where studies have not indicated how they transformed the categorical 

variables.  

Table 3 

Demographic Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction of 
effect 
(better 
outcomes) 

Risk of 
bias 

Baigent et al. 
(2023) 

Gender 0.24 0.03 Small - Low-
Medium 

Chen et al. 
(2020) 
(SIAS) 

Gender 0.02* 0.28 Small Females  Medium 

Chen et al. 
(2020) (SPS) 

Gender 0.26 0.16 Small  Females  Medium 
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Study Predictor P  r Effect 
size 

Direction of 
effect 
(better 
outcomes) 

Risk of 
bias 

Mathiason et 
al. (2018) 

Gender 0.84 0.24 Small - Low-
Medium 

Dryman et al. 
(2017) 

Gender 0.74 0.01 Small - Low-
Medium 

Berger et al. 
(2013) 

Gender Non-sig - - - Medium 

Baigent et al. 
(2023) 

Age 0.15 0.003 Small - Low-
Medium 

Chen et al. 
(2020) 
(SIAS) 

Age 0.12 0.2 Small  Younger Medium 

Chen et al. 
(2020) (SPS) 

Age 0.05* 0.24 Small Younger Medium 

El Alaoui et 
al. (2015a) 

Age Non-sig - - - Low-
Medium 

Mathiason et 
al. (2018)  

Age 0.99 0.21 Small - Low-
Medium 

Berger et al. 
(2013) 

Age Non-sig - - - Medium 

Baigent et al. 
(2023) 

Employment 
Status  

0.08 0.06 Small Employed Low-
Medium 

Chen et al. 
(2020) 
(SIAS) 

Student 
Status 

0.19 0.18  Small Student Medium 

Chen et al. 
(2020) (SPS) 

Student 
Status 

0.1 0.21 Small Student Medium 

Chen et al. 
(2020) 
(SIAS) 

Employed 0.47 0.12 Small Unemployed Medium 

Chen et al. 
(2020) (SPS) 

Employed 0.31 0.15 Small Unemployed Medium 

El Alaoui et 
al. (2015a) 

Employment 
Status 

<0.05* - - - Low-
Medium 

Mathiason et 
al. (2018) 

Employment 
Status 

<0.001* - - Unemployed Low-
Medium 

Baigent et al. 
(2023) 

Relationship 
Status 

0.002* 0.08 Small Married/de 
facto 

Low-
Medium 

Berger et al. 
(2013) 

Relationship 
Status 

Non-sig - - - Medium 

Mathiason et 
al. (2018) 

Relationship 
Status 

<0.001* - - Married/de 
facto 

Low-
Medium 

Chen et al. 
(2020) 
(SIAS) 

Education 
Level 

0.58 0.11 Small More 
educated 

Medium 

Chen et al. 
(2020) (SPS) 

Education 
Level 

0.32 0.16 Small More 
educated 

Medium 
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Study Predictor P  r Effect 
size 

Direction of 
effect 
(better 
outcomes) 

Risk of 
bias 

Berger et al. 
(2013) 

Education 
Level 

Non-sig - - - Medium 

Mathiason et 
al. (2018) 

Education 
Level 

0.05* - - More 
educated 

Low-
Medium 

Chen et al. 
(2020) 
(SIAS) 

Monthly 
Income 

0.56 0.11 Small More 
income 

Medium 

Chen et al. 
(2020) (SPS) 

Monthly 
Income 

0.71 0.09 Small Less income  Medium 

*Significance p<0.05  

Gender was examined as a predictor in five studies; however, Chen et al. (2020) 

investigated it twice for two different outcome measures (Social Interaction Anxiety 

Scale & Social Phobia Scale). Gender was a non-significant predictor in five studies 

(Baigent et al., 2023; Berger et al., 2013; Chen et al., 2020; Dryman et al., 2017; 

Mathiason et al., 2018). However, in Chen et al. (2020), gender was significant when 

outcome was assessed using the Social Interaction Anxiety Scale (SIAS; Mattick & 

Clarke, 1998), suggesting that females had better outcomes than males. Most studies 

didn’t report the direction of effect and so it cannot be concluded that there are any 

patterns in the relationship between gender and treatment outcome.   

A similar trend was found for age, it was a non-significant predictor in five studies 

(Baigent et al., 2023; Berger et al., 2013; Chen et al., 2020; El Alaoui et al., 2015a; 

Mathiason et al., 2018). However, Chen et al. (2020) found that younger participants 

had better outcomes when the outcome was assessed using the Social Phobia Scale 

(SPS; Mattick & Clarke, 1998). Most studies didn’t report the direction of effect and so 

it cannot be concluded that there are any patterns in the effect of age on outcome.   

Four studies investigated employment status as a predictor of outcome and results 

were mixed. Two studies found it be a non-significant (Baigent et al., 2023; Chen et 
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al., 2020) and two studies found it to be significant (El Alaoui et al., 2015a; Mathiason 

et al., 2018). Although, these were contradictory in their direction as two studies found 

unemployed participants had better outcomes, whilst Baigent et al. (2023) found that 

employed participants had better outcomes.   

Relationship status was examined by three studies with two finding significance 

(Baigent et al., 2023; Mathiason et al., 2018) and were consistent in their direction i.e., 

Baigent et al. (2023) found that being divorced, separated or single was associated 

with a decreased chance of reliable improvement and Mathiason et al. (2018) found 

that married participants or those living with a partner had better outcomes. Berger et 

al. (2013) did not find relationship status to be a significant predictor of outcome. This 

highlights a pattern in the direction of effect, that individuals that are married/living with 

a partner are more likely to have better outcomes. However, the effect size is small 

and one study did find this relationship to be non-significant. 

Education level was mostly non-significant (Berger et al., 2013; Chen et al., 2020). 

However, Mathiason et al. (2018) and Chen et al. (2020) found that participants with 

the highest education level were more likely to have better outcomes after CBT-GSH, 

albeit with a small effect size (or effect size not reported).  

Chen et al. (2020) examined monthly income as a predictor but on both the SIAS and 

the SPS, this was non-significant and the direction of effect was mixed.  

Baseline Severity  

Seven studies examined baseline severity at the beginning of treatment as a predictor 

of outcome. The p-values, Pearson’s r and risk of bias for each of these predictors are 

summarised in Table 4. Direction of effect is reported were possible. 
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Table 4 

Baseline Severity Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction 
of effect 
(better 
outcomes) 

Risk of 
bias 

Lawn et al. 
(2019) 

Baseline 
Anxiety 

0.019* 0.14 Small Mild-
Moderate 

Low 

Mathiason et 
al. (2018) 

Baseline 
Anxiety 

<0.001* 0.41 Medium Higher Low-
Medium 

González-
Robles et al. 
(2021) 

Baseline 
Anxiety 

<0.001* 0.48 Medium Higher Low-
Medium 

Mathiason et 
al. (2018) 

Baseline 
Depression 

0.01* 0.23 Small Higher Low-
Medium 

Lawn et al. 
(2019) 

Baseline 
Depression 

0.008* 0.15 Small Moderate Low 

González-
Robles et al. 
(2021) 

Baseline 
Depression 

Non-sig 0.05 Small Higher Low-
Medium 

Dryman et al. 
(2017) 

Baseline 
Social Phobia 

0.03* 0.11 Small Lower Low-
Medium 

Haug et al. 
(2015) (CR) 

Baseline 
Social 
Functioning 

<0.01* 0.31 Medium Higher Medium-
High 

Haug et al. 
(2015) (SR) 

Baseline 
Social 
Functioning 

<0.01* 0.36 Medium Higher Medium-
High 

Haug et al. 
(2015) (CR) 

Baseline 
Level of 
Impairment 

<0.05* 0.28 Small Lower Medium-
High 

Haug et al. 
(2015) (SR) 

Baseline 
Level of 
Impairment 

Non-sig 0.17 Small Lower Medium-
High 

Andersson et 
al. (2008) 
(ACQ) 

Baseline 
Agoraphobic 
Avoidance  

Non-sig 0.05 Small Lower Medium 

Andersson et 
al. (2008) 
(BSQ) 

Baseline 
Agoraphobic 
Avoidance 

Non-sig 0.04 Small Lower Medium 

Haug et al. 
(2015) (CR) 

Baseline 
Severity 

<0.001* 0.51 Large Higher Medium-
High 

Haug et al. 
(2015) (SR) 

Baseline 
Severity 

<0.001* 0.59 Large Higher Medium-
High  

El Alaoui et al. 
(2015a) 

Baseline 
Functioning 

<0.001* - - - Low-
Medium 

*Significance p<0.05 
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Within this category there were multiple significant predictors found, however there 

are discrepancies in whether low baseline severity or high baseline severity predicted 

better outcomes. 

Lawn et al. (2019) found that mild to moderate levels of anxiety and depression 

predicted higher rates of recovery. Similarly, Dryman et al. (2017) found that 

participants with lower scores on the Social Phobia Inventory (SPIN; Connor et al., 

2000) at baseline, were more likely to achieve reliable and clinically significant change. 

Haug et al. (2015) found that participants with lower levels of general impairment and 

higher levels of social functioning at baseline were more likely to have better 

outcomes. And within the same study, a baseline severity assessment found that 

higher severity was associated with worse outcomes, both clinician rated and self-

report. 

However, Mathiason et al. (2018) found that higher baseline levels of anxiety and 

depression indicated larger improvements. González-Robles et al. (2021) also found 

that participants with higher baseline anxiety were more likely to improve after 

treatment.   

Comorbidity 

Four studies examined comorbidity at the beginning of treatment as a predictor of 

outcome. The p-values, Pearson’s r and risk of bias is for each of these predictors are 

summarised in Table 5. Direction of effect of comorbid diagnoses is reported were 

possible. 
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Table 5 

Comorbidity Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction 
of effect   

Risk of 
bias 

Chen et al. (2020) 
(SIAS) 

Comorbid 
Depression 

0.28 0.16 Small Better 
outcome 

Medium 

Chen et al. (2020) 
(SPS) 

Comorbid 
Depression 

0.82 0.06 Small Better 
outcome 

Medium 

Haug et al. (2015) 
(SR) 

Comorbid 
Depression 

<0.05* 0.23 Small Better 
outcome 

Medium-
High 

Chen et al. (2020) 
(SIAS) 

Comorbid 
Anxiety 

0.07 0.23 Small Worse 
outcome 

Medium 

Chen et al. (2020) 
(SPS) 

Comorbid 
Anxiety 

0.06 0.24 Small Worse 
outcome 

Medium 

Haug et al. (2015) 
(CR) 

Comorbid 
Anxiety 

<0.05* 0.29 Small Better 
outcome 

Medium-
High 

Haug et al. (2015) 
(CR) 

Comorbid 
Personality 
Disorder 

<0.01* 0.29  Small Better 
outcome 

Medium-
High 

Andersson et al. 
(2008) (ASQ) 

Comorbid 
Personality 
Disorder 

<0.05* 0.48 Medium Worse 
outcome  

Medium 

Andersson et al. 
(2008)  

Comorbid 
Personality 
Disorder 

Non-
sig 

0.39 Medium Worse 
outcome 

Medium 

Haug et al. (2015) 
(CR) 

Comorbid 
PD or SAD 

Non-
sig 

- - Worse 
outcome 

Medium-
High 

Haug et al. (2015) 
(SR) 

Comorbid 
PD or SAD 

<0.05*  0.21 Small Worse 
outcome 

Medium-
High 

Berger et al. 
(2013) 

Comorbidity 
Presence 

Non-
sig 

- - - Medium 

*Significance p<0.05; PD = Panic Disorder; SAD = Social Anxiety Disorder 

Having a comorbid diagnosis of depression or anxiety (if the study examined an 

alternative anxiety disorder e.g., phobia) were found to be significant predictors of a 

worse outcome (Haug et al., 2015) but also were non-significant predictors of a better 

outcome (Chen et al., 2020). Personality disorder was a consistently significant 

predictor across two studies (Andersson et al., 2008, Haug et al., 2015), however in 

different directions. Andersson et al. (2008) found that a diagnosis was related to 

worse outcomes, whereas in Haug et al. (2015), results suggest that a personality 
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disorder diagnosis was a positive predictor of residual change scores. Haug et al. 

(2015) also found that having a diagnosis of social anxiety disorder or panic disorder 

significantly predicted worse outcomes but only when the outcome measure was self-

reported. The relationship between comorbidity and outcome, mostly had a small 

effect size apart from Andersson et al. (2008) with a medium effect. However, the 

direction of effect is mixed across the studies and so regardless of significance, it 

cannot be concluded whether having a comorbid diagnosis predicts better or worse 

outcomes.   

Within Session Engagement  

Fourteen studies examined levels of engagement within treatment as a predictor of 

outcome. The p-values, Pearson’s r and risk of bias is for each of these predictors are 

summarised in Table 6. Direction of effect is reported were possible. 

Table 6 

Within Session Engagement Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction 
of effect 
(better 
outcome) 

Risk of 
bias 

Lawn et al. 
(2019) 

No. Sessions 
Attended 

<0.001* 0.31 Medium More 
sessions 

Low 

Gellatly et al. 
(2018) 

No. Sessions 
Attended 

<0.01* 0.42 Medium More 
sessions 

Medium 

Newman et al. 
(2021) 

No. Sessions 
Completed 

Non-sig 0.12 Small More 
sessions 

Low-
Medium 

Berger et al. 
(2013) 

No. Sessions 
Completed 

<0.01* 0.27 Small More 
sessions 

Medium 

Chen et al. 
(2020) (SIAS) 

No. 
Completed 
Modules 

0.005* 0.32 Medium More 
modules 

Medium 

Chen et al. 
(2020) (SPS) 

No. 
Completed 
Modules 

0.15 0.19 Small More 
modules 

Medium 
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Study Predictor P  r Effect 
size 

Direction 
of effect 
(better 
outcome) 

Risk of 
bias 

Newman et al. 
(2021a) 

Time in 
Programme 

0.004* 0.2 Small More time Medium-
High 

Nordmo et al. 
(2015) (SPS) 

Time in 
Programme 

<0.001* 0.43 Medium More time Medium 

Nordmo et al. 
(2015) (SIAS) 

Time in 
Programme 

<0.001* 0.33 Medium More time Medium 

Schulz et al. 
(2016) (SPS) 

Time in 
Programme 

0.011* - - - Low-
Medium 

Schulz et al. 
(2016) (SIAS) 

Time in 
Programme  

0.039* - - - Low-
Medium 

Mathiason et 
al. (2018)  

Time in 
Programme 

0.35 0.05 Small - Low-
Medium 

Dryman et al. 
(2017) 

Days in 
Programme 

<0.001* 0.26 Small More days Low-
Medium 

El Alaoui et al. 
(2015) 

Treatment 
Adherence 

0.001* 0.07 Small  Better 
adherence 

Low 

El Alaoui et al. 
(2015a) 

Treatment 
Adherence 

<0.001* - - - Low-
Medium 

Dryman et al. 
(2017) 

Graduated 
Programme 

<0.001* 0.41 Medium Graduates Low-
Medium 

Seeley et al. 
(2017) 

No. 
Completed 
Workbooks 

Non-sig 0.25 Small More 
workbooks 

Medium 

González-
Robles et al. 
(2021) 

No. logins Non-sig 0.15 Small More 
logins 

Low-
Medium 

Newman et al. 
(2021) 

No. visits to 
platform 

Non-sig 0.12 Small More visits Low-
Medium 

Newman et al. 
(2021) 

Login time Non-sig 0.2 Small More 
logins 

Low-
Medium 

Seeley et al. 
(2017) 

Programme 
Satisfaction 

Non-sig 0.26 Small Higher 
satisfaction 

Medium 

Seeley et al. 
(2017) 

Workbook 
Usability 

Non-sig 0.17 Small Higher 
usability 

Medium 

*Significance p<0.05 

Number of sessions attended/modules completed was a significant predictor of 

outcome in most of the studies that examined it as a predictor (Berger et al., 2013; 

Chen et al., 2020; Gellatly et al., 2018; Lawn et al., 2019), apart from Newman et al. 

(2021) and Chen et al. (2020) when the outcome measure was the SPS. Related to 
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this, whether the participant “graduated” from the programme was a significant 

predictor (Dryman et al., 2017).  

Time spent in the programme and time engaging with the treatment were mostly all 

significant predictors of outcome (Dryman et al., 2017; Newman et al., 2021a; Nordmo 

et al., 2015; Schulz et al., 2016) apart from Mathiason et al. (2018). Similarly, treatment 

adherence was consistently a significant predictor of outcome (El Alaoui et al., 2015; 

El Alaoui et al., 2015a). All other variables of within session engagement were non-

significant.  

Regardless of significance, across all variables categorised as within session 

engagement, where reported, engaging with the treatment more was consistently 

related to better treatment outcome with small to medium effect sizes.  

Between Session Engagement 

Three studies examined levels of engagement between treatment sessions as a 

predictor of outcome. The p-values, Pearson’s r and risk of bias is for each of these 

predictors are summarised in Table 7. Direction of effect is reported were possible. 

Table 7 

Between Session Engagement Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction 
of effect 
(better 
outcome) 

Risk of bias 

Dryman et al. 
(2017) 

No. of 
Exposures 

0.008* 0.15 Small More 
exposures 

Low-
Medium 

Stolz et al. 
(2018) 

No. of 
Exposures 

<0.01* - - More 
exposures 

Low-
Medium 

Schulz et al. 
(2016) (SPS) 

No. of 
Exposures 

0.004* - - - Low -
Medium 
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Schulz et al. 
(2016) 
(SIAS) 

No. of 
Exposures 

0.026* - - - Low -
Medium 

Schulz et al. 
(2016) (SPS) 

No. Diary 
Entries 

0.026* - - - Low -
Medium 

Schulz et al. 
(2016) 
(SIAS) 

No. Diary 
Entries 

0.02* - - - Low -
Medium 

Schulz et al. 
(2016) (SPS) 

No. 
Challenged 
Thoughts 

0.012* - - - Low -
Medium 

Schulz et al. 
(2016) 
(SIAS) 

No. 
Challenged 
Thoughts 

0.033* - - - Low -
Medium 

*Significance p<0.05 

All potential predictors within this category were significantly associated with outcome. 

Dryman et al. (2017), Schulz et al. (2016) and Stolz et al. (2018) all found that 

participants that engaged better with the between session tasks such as number of 

entries into their anxiety diary and number of exposures, significantly predicted better 

outcomes.  

Engagement With the Practitioner  

Five studies examined levels of engagement with practitioner as a predictor of 

outcome. The p-values, Pearson’s r and risk of bias is for each of these predictors are 

summarised in Table 8. Direction of effect is reported were possible. 

Table 8 

Engagement With Practitioner Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction 
of effect 
(better 
outcomes) 

Risk of 
bias 

Seeley et al. 
(2017) 

No. Peer 
Mentor 
Sessions 

Non-sig 0.18 Small More 
sessions 

Medium 

Dryman et al. 
(2017) 

No. Calls with 
Coach 

0.03* - - More calls Low-
Medium 
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González-
Robles et al. 
(2021) 

No. Reviews Non-sig 0.14 Small More 
reviews 

Low-
Medium 

González-
Robles et al. 
(2021) 

No. Calls Non-sig 0.01 Small Less calls Low-
Medium 

González-
Robles et al. 
(2021) 

Duration of 
Calls 

Non-sig 0.06 Small Longer 
calls 

Low-
Medium 

Newman et al. 
(2021) 

No. 
Messages to 
Coach 

Non-sig 0.09 Small More 
messages 

Low-
Medium 

Newman et al. 
(2021) 

No. 
Messages 
from Coach 

Non-sig 0.12 Small More 
messages 

Low-
Medium 

Berger et al. 
(2013) 

No. 
Messages  

Non-sig - - - Medium 

*Significance p<0.05 

Dryman et al. (2017) found that the greater number of calls the participants had with 

the practitioner the better their outcome, but none of the other studies found any 

significant associations between contacts with their coach and outcome (Berger et al., 

2013; González-Robles et al., 2021; Newman et al., 2021; Seeley et al., 2017). 

However, apart from González-Robles et al. (2021) who found that having less calls 

was related to better outcomes, the direction of effect in the rest of the studies 

suggested that more contact was related to better outcomes, albeit with small effect 

sizes. Due to this discrepancy and lack of significance, it cannot be concluded that 

contact with the practitioner was consistently associated with better treatment 

outcomes.  

Process 

Ten studies examined the process within CBT-GSH as a predictor of outcome. The p-

values, Pearson’s r and risk of bias is for each of these predictors are summarised in 

Table 9. Direction of effect is reported were possible. 
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Table 9 

Process Predictors of Outcome  

Study Predictor P  r Effect 
size 

Direction 
of effect 
(better 
outcome) 

Risk of 
bias 

Seeley et al. 
(2017) 

Working 
Alliance 

Non-sig 0.07 Small Higher 
WA 

Medium 

Nordgren et al. 
(2013) 

Working 
Alliance (pre) 

0.43 0.17 Small Higher 
WA 

Low-
Medium 

Nordgren et al. 
(2013) 

Working 
Alliance (mid) 

0.019* 0.47 Medium Higher 
WA 

Low-
Medium 

Nordgren et al. 
(2013) 

Working 
Alliance 
(post) 

0.037* 0.42 Medium Higher 
WA 

Low-
Medium 

Berger et al. 
(2013) 

Working 
Alliance 

0.33 0.15 Small Higher 
WA 

Medium 

Hadjistavropoulos 
et al. (2016) 

Working 
Alliance (mid) 

0.12 0.13 Small Higher 
WA 

Medium 

Lindegaard et al. 
(2020) 

Working 
Alliance (mid) 

0.001* 0.56 Large Higher 
WA 

Low-
Medium 

Andersson et al. 
(2008) (ACQ) 

Treatment 
Credibility 

Non-sig 0.01 Small Higher 
credibility 

Medium 

Andersson et al. 
(2008) (BSQ) 

Treatment 
Credibility 

Non-sig 0.1 Small Higher 
credibility 

Medium 

El Alaoui et al. 
(2015a) 

Treatment 
Credibility  

<0.01* - - Higher 
credibility 

Low-
Medium  

Seeley et al. 
(2017)  

Change in 
PHQ-9  

Non-sig 0.32 Medium Larger 
change 

Medium 

Dryman et al. 
(2017) 

Social Phobia 
after 
Cognitive 
Restructuring  

<0.001* 0.26 Small Lower  Low-
Medium 

Shalom et al. 
(2020) 

Sudden 
Gains 

0.045* 0.2 Small More 
sudden 
gains 

Medium 

Lindegaard et al. 
(2020) 

Treatment 
Preference 
Strength 

0.57 0.1 Small - Medium 

Schønning & 
Nordgreen (2021) 

Self-efficacy 
(PD) 

<0.00* - - - Low 

Schønning & 
Nordgreen (2021) 

Self-efficacy 
(SAD) 

<0.00* - - - Low 

*Significance p<0.05; PD = Panic Disorder; SAD = Social Anxiety Disorder 
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Higher levels of working alliance were found to be a significant predictor of better 

outcomes in two studies (Lindegaard et al., 2020; Nordgren et al., 2013) but non-

significant in three studies (Berger et al., 2013; Hadjistavropoulos et al., 2016; Seeley 

et al., 2017). Perceived treatment credibility also had mixed results as a potential 

predictor as El Alaoui et al. (2015a) found it to be significant, whereas Andersson et 

al. (2008) found it to be non-significant. However, having a higher working alliance and 

higher perceived credibility was consistently associated with better outcomes with 

small to large effect sizes. 

Having higher levels of self-efficacy was a significant predictor of outcome in 

participants with panic disorder and social anxiety disorder (Schønning & Nordgreen, 

2021). The presence of sudden gains was also a significant predictor (Shalom et al., 

2020) as was SPIN scores after engaging in cognitive restructuring (Dryman et al., 

2017).  

The strength of treatment preference and change in PHQ-9 scores during treatment 

were both non-significant (Lindegaard et al., 2020; Seeley et al., 2017).  

Experience  

Two studies examined whether the experience the practitioner had of delivering the 

treatment was associated with outcome (El Alaoui et al., 2015; Hedman et al., 2013). 

Both were significantly associated (p<0.001), suggesting those with more experience 

had better outcomes. Both studies have low risk of bias, however the effect size in El 

Alaoui et al. (2015) is small.  

Other Treatment  
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One study examined previous treatment and medication status as a potential predictor 

of outcome (Berger et al., 2013). However, both were reported as non-significant and 

without effect sizes. The study is rated as having a medium risk of bias.  

Verbal Fluency  

One study examined verbal fluency as a potential predictor of outcome (Andersson et 

al., 2008). However, this was non-significant and the direction of effect indicated that 

worse verbal fluency had better outcomes. The study showed medium levels of risk of 

bias. 

Discussion 

Main Findings 

This is the first systematic review of the literature on predictors of outcome after CBT-

GSH for anxiety disorders. A total of 24 studies examined 116 variables across 10 

domains (demographics, baseline severity, comorbidity, within session engagement, 

between session engagement, engagement with the practitioner, process, experience 

delivering the treatment, other treatment and verbal fluency). Just under half of the 

examined variables were significant predictors of outcome (48%), however, most of 

these were inconclusive across examined studies. There are also limited categories 

of predictors with consensus in the direction of the predictor (i.e., whether a high vs 

low score predicted better outcomes). However, risk of bias between studies may have 

impacted this. Two categories of examined treatment-related variables consistently 

significantly predicted outcome, between session engagement and experience in 

delivering the treatment. Although some results were non-significant, there was a 

consistent pattern in the direction of effect of within session engagement (more 

engaged participants were more likely to have better outcomes) and process variables 
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(participants with a higher working alliance and higher perceived treatment credibility 

were more likely to have better outcomes). Due to the non-significance of the result, 

but consistency in direction of effects these variables could be considered as partial 

predictors of outcome. No reliable baseline predictors of outcome were identified. Key 

findings are discussed alongside limitations and implications. 

Inconsistencies and Risk of Bias  

Numerous significant predictors were identified across the studies; however, there was 

a lack of consensus between studies. This was particularly the case for demographics 

and comorbidity. It is important to consider the risk of bias within the studies that have 

contradicting significance of predictors. Within demographic predictors, most of the 

significant variables are from a study with medium risk of bias (Chen et al., 2020). The 

authors do not account for confounding variables within this study and so, this could 

have impacted the results causing biased or confounded estimates of significance. 

The effect sizes of the significant variables within this category are also small and thus, 

we cannot conclude any demographic variable reliably predicts outcome after CBT-

GSH for anxiety disorders. Previous research has shown that demographic variables 

predict treatment adherence to CBT-GSH (Batterham et al., 2008) rather than 

outcome.  

Within comorbidity variables, all studies were rated as having a medium or medium to 

high risk of bias. Personality Disorder diagnosis was a significant predictor across two 

studies (Andersson et al., 2008; Haug et al., 2015) but in different directions (i.e., one 

stated it was advantageous to outcome and the other not). Thus, this review cannot 

conclude that having a comorbidity predicts better or worse outcome. Overall, this 



38 
 

tends to fit with existing literature, that comorbidity does not impede treatment 

response (Allen et al., 2010).  

It is less clear why there is contradicting impact between process variables and within 

session engagement variables. However, both are related to the treatment and the 

practitioner. Clearly, there is a large variance in sample size, number of treatment 

sessions, amount of input from the practitioner and the practitioner’s qualification as 

discussed earlier. This may explain some of the variance between the studies. 

Previous research has shown that process factors only have a moderate impact on 

CBT outcomes (Keijsers et al., 2000) which may also explain some of the variance. 

However, due to the consistency and the effect sizes in the associations between 

outcome and within session engagement and process variables, it is suggested that 

these are considered as partial predictors of outcome with the above reasons taken 

into account as to why levels of significance differed. It is suggested that these 

variables are investigated further in future research to determine their impact on 

outcomes.  

Apart from one paper (Mathiason et al., 2018), every study that investigated time 

receiving CBT-GSH as a predictor of outcome had a significant result with small to 

medium effect sizes. This suggests that it is likely that the more time participants spent 

within CBT-GSH, the better the outcomes which fits with the general literature on 

psychotherapy outcomes (Cahill et al., 2003). It is therefore valuable to consider who 

is most likely to dropout and provide extra support to keep patients engaged in 

treatment. For example, Edmonds et al. (2018) found that younger participants were 

more likely to drop out of CBT-GSH and so this population may need more adaptations 

to keep them engaged with the treatment, improving outcomes.  
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Variables concerning engagement with the practitioner were consistently non-

significant, apart from one study (Dryman et al., 2017) that had one of the highest risk 

of bias ratings within the category. It can be concluded that this variable is not likely to 

predict outcome. This highlights that the competency of the LI practitioner is potentially 

more important than the amount of contact in this brief psychological intervention. This 

may explain the relationship identified in previous research between practitioner 

involvement in self-help and better outcomes (Furmark et al., 2009; Pleva & Wade, 

2007). Verbal fluency and other treatments were also not significant, however were 

only investigated in one study each. 

Baseline severity was also a mixed category of significant predictors. Baseline anxiety 

was a significant predictor in all studies that investigated this variable, however, the 

direction varied in that some studies suggested higher baseline anxiety predicted 

better outcomes (González-Robles et al., 2021; Mathiason et al., 2018) and one study 

suggested mild to moderate anxiety predicted better outcomes (Lawn et al., 2019). 

The same pattern occurred for baseline depression. Thus, this review cannot conclude 

whether mild or severe baseline anxiety/depression predicts outcome. This may be 

mediated by the amount of contact and the competency of the practitioner as previous 

research suggests that mild/moderate symptoms predict better outcomes in unguided 

CBT and moderate/severe symptoms predict better outcomes in CBT-GSH (Karyotaki 

et al., 2021). To support this theory, both González-Robles et al. (2021) and Mathiason 

et al. (2018) provided weekly telephone calls and Mathiason et al. (2018) used a 

qualified psychologist as the practitioner (González-Robles et al. (2021) did not report 

the practitioner qualifications). Whereas Lawn et al. (2019) does not make it clear how 

much the practitioner was involved within the GSH, but only one was a mental health 

professional, the others being health and community workers. This suggests that the 
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mild/moderate predictor of outcome may have had more of an unguided treatment, 

considering the practitioner’s qualifications. Whilst the moderate/severe predictors 

may have had more intense support from the qualified psychologists. Additionally, 

guidelines recommend CBT-GSH for patients with mild/moderate symptoms 

(Andersson et al., 2019) and so it is questioned whether participants with 

moderate/severe symptoms should have accessed CBT-GSH within these studies.  

Significant Predictors of Outcome  

Two categories represented replicated significant predictors of outcome – between 

session engagement (‘homework’) and experience delivering the GSH. Due to missing 

reported information, it was impossible to assess how large the effect was of these 

predictor variables and the risk of bias within these studies was low and medium. It is 

therefore strongly suggested that the more engaged participants are in completing 

between session tasks, the better their outcomes and this fits with existing literature 

(Glenn et al., 2013). Therefore, the design of homework tasks is important during GSH 

as poorly understood tasks or tasks that are too difficult will not be completed.  

Similarly, it is suggested that the more experience the practitioner has in delivering 

CBT-GSH, the better the participant’s outcomes. There is little evidence in the existing 

literature that investigates a practitioner’s experience and treatment outcome. 

Published research tends to contradict this finding in that practitioner’s experience 

does not impact outcomes after LI CBT (Andersson et al., 2012; Branson et al., 2018; 

Norton et al., 2014). It could be suggested that the longer the practitioner has been 

delivering CBT-GSH, the more likely they are able to competently adapt the 

psychoeducation to meet the needs of the individual patient. This was evidenced in 

Haug et al. (2016), that higher therapist competence was associated with better 
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outcomes.  Therefore, experienced practitioners may likely flex the psychoeducational 

materials to meet patient need and may have well-honed interpersonal skills.    

Strengths and Limitations  

The review had several strengths including pre-registration of study protocol; searches 

across multiple datasets and reference lists and a breadth of evidence collected. The 

initial search terms were kept broad, and the researcher remained inclusive throughout 

the screening process. This has resulted in a wide range of studies from different 

countries with many predictors assessed. A further strength is the use of the second 

rater through the screening process and the risk of bias assessment. This has provided 

the review with inter-rater reliability (McHugh, 2012) and increases the reliability of the 

results. This could have been improved by the second rater screening all the 

titles/abstracts and full texts, rather than a percentage.  

Although a strength of the review is the broad range of studies, it is acknowledged that 

this may also have introduced an element of bias from the extent of variability. As 

shown in Table 1, within the 24 included studies, there are 15 different outcome 

measures used to assess anxiety disorders and treatment duration ranges from 1 

session/module to 12 sessions/modules, while typical GSH lasts 6-8 sessions 

(Fairburn, 2013). Practitioner qualifications also varied as some included studies were 

before the advent of the LI practitioner i.e., PWP. Therefore, it is questionable whether 

the included studies can be directly compared when the treatments and outcomes 

differ so greatly. However, all the treatments were developed from CBT principles and 

had some similarities in the way they were delivered (i.e., 92% of the studies delivered 

CBT through online lessons and participants were then supported by a LI coach).  
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The review was restricted to peer reviewed publications; thus, no grey literature was 

included which means that studies not yet published may have been missed (Pappas 

& Williams, 2011). This opens the review up to possible publication bias as significant 

findings are more likely to be published than non-significant (Franco et al., 2014). 

Additionally, some full-text papers were unattainable and therefore, some relevant 

data may also have been missed.  

A significant limitation to the review is the quantity of missing information from the 

studies included. This limited the review, as a meta-analysis was then not feasible. 

Variables that were examined across studies lacked relevant information for the meta-

analysis to be conducted. A meta-analysis can help increase validity and confidence 

in findings (Valentine et al., 2010). The lack of information also made it difficult to 

compare effect sizes across studies and impacted individual studies’ risk of bias 

ratings, with 42% of studies categorised as medium/medium-high risk of bias. Due to 

this, the results of the review need to be considered with caution.  

To assess risk of bias, CASP checklists were chosen due to their usability and 

appropriateness for methods included in this review (RCT & cohort studies). However, 

not all questions within the CASP checklists were relevant to the studies included as 

the checklists assess evidence and they do not allow for in-depth assessment of 

approaches to predictor analyses (i.e., appropriateness of statistical methods and the 

impact of these on risk of bias). Alternatively, the Cochrane risk of bias tool for 

randomised trials (Higgins et al., 2022) could have been considered as a more detailed 

quality assessment.  

Clinical and Research Implications 
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The main aim of the present review was to understand what variables predict outcome 

after CBT-GSH. Identification of variables able to be measured at baseline would 

enable an initial step toward applying precision medicine to GSH interventions. If it is 

known what pre-treatment variables predict outcome, then it is possible to match 

patients to the most effective treatment for them. Unfortunately, none of the patient 

pre-treatment variables were consistent predictors of outcome (demographics, 

comorbidity, baseline severity, verbal fluency, other treatments). Thus, from this 

review, we cannot determine the most suitable candidate for a CBT-GSH intervention.  

Further research is needed examining multivariate models of patient variables that 

predict outcome after CBT-GSH, to add to the evidence base to reach a more 

conclusive answer to this question to support the improvement of outcomes. If in the 

future, we learn more about who responds to CBT-GSH and who does not, increasing 

options for LI psychological treatments should be considered within the NHS.  

A secondary aim of the review was to consider the implications of knowing in-treatment 

predictors and whether the treatment offered needs to be adapted. A key finding of this 

review is that between session engagement consistently predicts outcomes of CBT-

GSH. This finding fits with previous research, that patient engagement with homework 

assignments is a significant predictor of symptom improvement (Conklin & Strunk, 

2015). This is important to help understand how to improve outcomes after CBT-GSH. 

There is limited published research focussing on improving between session 

engagement, however Conklin et al. (2018) suggest that therapist behaviours predict 

homework engagement. They found that the practitioner’s emphasis on key elements 

of homework enhances engagement. This may suggest a link between the two 

significant predictors as practitioners with more experience may have a better 

understanding of where to place the emphasis on between session tasks. Future 
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research should focus on methods of increasing between session engagement to 

ensure patients benefit as much as possible from CBT-GSH. The review highlights the 

importance for clinicians to encourage between session engagement and ongoing 

training to support them to do this. 

Conclusion 

This review highlights that the evidence base of predictors of outcome following CBT-

GSH for anxiety disorders is currently underdeveloped and therefore the overall 

conclusion is unclear. Although 48% of examined variables were significant predictors 

of outcome, there is a lack of consensus as to those variables that consistently 

predicted outcome. Between session engagement and practitioner experience 

emerged as the only consistent predictors of outcome. These variables may be related 

with more experienced practitioners having more skills in engaging patients in between 

session tasks. This provides a focus for future research, to consider methods to 

improve between session engagement and understand the mechanisms behind 

experienced practitioners having better outcomes. It may also be interesting to 

understand which patients engage with in between sessions tasks to target extra 

support to those who are struggling to, consequently, improving outcomes.  

Due to moderate levels of risk of bias within the included studies and a lack of reported 

data, caution should be taken when interpreting the results. It should not be ruled out 

that some of the categories of examined variables are strong predictors of outcome.  
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Appendix B. Search Strategy  
 
PUBMED  

(anxiety[MeSH Terms]) AND ("CBT" OR "cognitive behav* therapy") AND ("self help" 

OR "psychoeducation" OR "low intensity" OR "self care" OR "self management" OR 

"guided self help" OR "minimal intervention" OR "minimal contact")  

 

PSYCNET 

Did not use MeSH terms because: PsycInfo records include MeSH terms if the 

document has also been indexed by PubMed (this accounts for approximately 35% 

of PsycInfo records), but MeSH terms are not mapped to APA Thesaurus terms or 

vice versa. A MeSH term in a PsycInfo record is hyperlinked to PubMed, therefore 

selecting it triggers a PubMed search. 

Any Field: "CBT" OR Any Field: "cognitive behav* therapy" AND Any Field: "self 

help" OR Any Field: "psychoeducation" OR Any Field: "low intensity" OR Any 

Field: "self management" OR Any Field: "guided self help" OR Any Field: "minimal 

intervention" OR Any Field: "minimal contact" AND Any Field: "anxiety" OR Any 

Field: "phobia" OR Any Field: "panic" NOT Any Field: "depression" NOT Any 

Field: "animal" NOT Any Field: "major depression" 

 

SCOPUS  

"CBT" OR "cognitive behav* therapy" AND  "self 

help" OR  "psychoeducation" OR  "low intensity" OR  "self 

management" OR  "guided self help" OR  "minimal intervention" OR  "minimal 

contact" AND  "anxiety" OR  "phobia" OR "panic" NOT  "depression" 

NOT  "animal" NOT  "major depression" 
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Appendix E. Risk of Bias Tables 

Y = Yes 

N = No 

CT = Can’t Tell 
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Risk of 
bias 

Andersson et al. 
(2008) 

Y Y Y N N CT Y Y N N CT Y Y Medium 

Berger et al. (2013) Y Y Y CT N N Y Y Y N CT Y CT Medium 

Gonzalez-Robles et 
al. (2021) 

Y Y Y N N N  Y Y Y Y Y Y Y Low - 
Medium 

Haug et al. (2015) Y Y Y N N N  CT Y N N CT Y Y Medium – 
High 

Lindegaard et al. 
(2020) 

Y N Y N N N  Y Y Y Y CT Y Y Medium 

Newman et al. 
(2021) 

Y Y Y N N Y Y Y Y N Y Y Y Low – 
Medium 

Newman et al. 
(2021a) 

Y Y N N N N Y Y Y N CT N CT Medium - 
High 

Nordgren et al. 
(2013) 

Y Y Y N N Y  Y Y Y N CT Y Y Low - 
Medium 

Nordmo et al. 
(2015) 

Y Y Y N N N  Y Y Y Y CT N CT Medium 
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Schulza et al. (2016) Y Y Y N N Y  Y Y Y Y Y Y Y Low - 
Medium 

Seeley et al. (2016) Y Y Y N N N  CT Y Y Y Y Y N Medium 

Shalom et al. (2020) Y CT Y N N CT Y Y Y N CT Y Y Medium 

Stolz et al. (2018) Y Y Y N Y Y Y Y Y Y CT Y Y Low - 
Medium 
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Risk of 
bias 

Baigent et al. 
(2023) 

Y Y Y Y N N N N Y Y Y Y Low -
Medium 

Chen et al. (2020) Y Y Y Y Y N N N N CT Y Y Medium 

Dryman et al. 
(2017) 

Y Y Y Y Y CT N N N Y Y Y Low -
Medium 

El Alaoui et al. 
(2015) 

Y Y Y Y Y Y N Y Y Y Y Y Low  

El Alaoui et al. 
(2015a) 

Y Y Y Y Y N N N Y Y Y CT Low -
Medium 

Gellately et al. 
(2018) 

Y Y Y Y N N N N N CT Y Y Medium 

Hadjistavropoulus 
et al. (2016) 

Y Y Y Y N Y N N Y Y Y Y Low - 
Medium 

Hedman et al. 
(2013) 

Y Y Y Y Y Y Y Y Y Y Y Y Low 

Lawn et al. (2019) Y Y Y Y Y N Y Y Y Y Y Y Low 
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Mathiason et al. 
(2018) 

Y Y Y Y Y Y Y CT N Y Y Y Low - 
Medium 

Schønning & 
Nordgreen (2021) 

Y Y Y Y Y Y N Y Y Y Y Y Low 
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Part Two: Empirical Study 

 

Predicting Optimal Treatment Allocation Using the Personalised 

Advantage Index for Patients Receiving Cognitive Analytic Guided Self-

Help (CAT-GSH) and Cognitive Behavioural Guided Self-Help (CBT-

GSH) for Anxiety  
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Abstract 

Background: Cognitive behavioural therapy is delivered as treatment as usual in a 

guided self-help format (i.e., CBT-GSH) in primary care psychological services. 

Meadows & Kellett (2017) developed cognitive analytic therapy (CAT-GSH) for anxiety 

to increase patient choice and this has recently been trialled against CBT-GSH in a 

National Health Service (NHS) Talking Therapies service. Results suggested 

comparable effectiveness but showed evidence of outcome variability at an individual 

level, with approximately half of patients meeting recovery status. Understanding who 

is likely to respond best to which GSH intervention could support treatment matching 

to improve patient outcomes.  

Methods: The present study used data from the patient preference trial comparing 

CAT-GSH and CBT-GSH for a subset of N = 209 patients receiving treatment for an 

anxiety disorder (Kellett et al., 2023). This study aimed to identify prognostic and 

prescriptive predictors of post-treatment anxiety scores. Separate predictive models 

were developed for CAT-GSH and CBT-GSH using 18 baseline sociodemographic, 

clinical and treatment preference variables. Two machine learning variable selection 

approaches (Elastic Net regularisation and Boruta random forest) were applied and 

evaluated, with the best fitting model selected for the final model development. 

Regression models were used to calculate a patient advantage index (PAI) based on 

predicted outcome for each intervention indicating which GSH each patient was 

predicted to respond best to. Finally, treatment outcomes were compared for patients 

who received their PAI-indicated optimal GSH with those who received their PAI-

indicated non-optimal GSH.  

 



80 
 

Results: Variable selection using Elastic Net produced the best fitting model for both 

interventions, retaining 8 and 5 variables for the CAT-GSH and CBT-GSH models 

respectively. Two prognostic variables predicted improved outcomes for both 

interventions (baseline PHQ-9 and BAI scores), and 6 and 3 prescriptive variables 

predicted CAT-GSH outcome (baseline WSAS score; long-term condition; perinatal 

status; sexual orientation; previous CAT; previous CBT) and CBT-GSH outcome 

(indices of multiple deprivation; ethnicity; employment status) respectively. Patient 

preference status was not associated with outcome during either intervention.  

Applying the PAI to the full sample indicated 63% received their model indicated 

optimal GSH. Patients who received their PAI-indicated optimal GSH experienced 

significantly higher rates of reliable and clinically significant change (RCSI). At post-

treatment, 35.9% of patients who had their optimal GSH met RCSI and 16.6% of 

patients who did not have their optimal GSH met RCSI and this difference was 

significant (X2 (1, N = 209) = 8.82, p = .003). At 24-week follow-up, 36.6% of patients 

who had their optimal GSH met RCSI and 19.2% of patients who did not have their 

optimal GSH met RCSI and this was again significant (X2 (1, N = 209) = 7.04, p = 

.008).  

Within the subgroup of the sample who had the largest indicated PAI value (larger than 

1 standard deviation of the sample mean), only 17.7% of the sample had an optimal 

GSH identified (N = 37), and of these, 70.3% had received their optimal GSH. No 

patients met RCSI at post-treatment or follow-up if they did not have their optimal GSH. 

Thirty-one percent of patients that had their optimal GSH met RCSI and this difference 

was significant (X2 (1, N = 37) = 4.32, p = .038).  
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Conclusion: This study indicates that treatment matching algorithms have the 

potential to improve outcomes and support treatment decision making for low intensity 

interventions for anxiety. Lack of an external test sample, unbalanced intervention 

samples and skewed data need to be held in mind when interpreting the results. Future 

research should continue to investigate the use of the PAI for GSH treatment matching 

but with larger and more balanced samples.   

 

Keywords: Anxiety, guided self-help, cognitive analytic therapy, cognitive behavioural 

therapy, machine learning, patient advantage index, patient preference 

 

Practitioner Points 

• Matching patients to their optimal GSH results in better outcomes when the PAI-

predicted benefit is large, therefore, implementing machine learning algorithms 

when allocating patients to GSH could improve outcomes for subsample of 

anxious patients accessing NHS Talking Therapies. 

• Patient preference did not significantly predict outcome; however, it could be 

incorporated into clinical practice when an optimal treatment is not identified for 

any individual.  

• Future research is needed with larger, more balanced samples, to develop an 

algorithm to predict optimal treatments within NHS Talking Therapies. 
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Introduction 

Guided Self-Help for Anxiety 

Anxiety is a primary driver of disability worldwide (Lozano et al., 2012). The National 

Institute of Clinical Excellence (NICE) recommends cognitive behavioural therapy 

(CBT) for the treatment of anxiety (NICE, 2011). To meet increased demand, CBT has 

been adapted to be delivered in a low intensity (LI), psychoeducational and self-help 

format, in which the treatment contract and the sessions themselves are brief 

(Bennett-Levy et al., 2010). The Improving Access to Psychological Therapies (IAPT 

– now National Health Service [NHS] Talking Therapies) uses a stepped-care 

approach so that a guided self-help version of CBT (CBT-GSH) is provided for 

individuals experiencing mild-moderate anxiety at step 2. CBT-GSH is provided by 

psychological wellbeing practitioners (PWPs). The PWP is likened to the role of a 

‘coach’ rather than a traditional ‘therapist’ (Turpin, 2010).  

There are limited recent reviews of the efficacy of CBT-GSH for anxiety. Cuijpers et 

al’s (2010) meta-analysis suggested that CBT delivered as GSH has been shown to 

have positive effects on symptoms of anxiety, comparable with traditional CBT. 

Similarly, Priemer & Talbot (2013) found no significant differences in outcomes 

between studies of CBT-GSH and CBT for anxiety. However, a meta-analysis 

completed by Coull & Morris (2011) found that CBT-GSH was effective at post-

treatment for anxiety, but that this was limited at follow-up and with clinical populations. 

High dropout rates for CBT-GSH (Chan & Adams, 2014) suggest low treatment 

acceptability (Milosevic et al., 2015) and there is evidence of high relapse rates 

following CBT-GSH intervention (Delgadillo et al, 2018). This evidence highlighted the 
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need for patients to be offered a wider choice of GSH to ensure improvements in 

acceptability, effectiveness and durability at step 2 within NHS Talking Therapies. 

To address these issues, Meadows and Kellett (2017) developed a manualised version 

of cognitive analytic therapy guided self-help (CAT-GSH) for delivery across the range 

of anxiety disorders. CAT is a relational model which assumes that early life 

experiences influence relationships with others and the self (Ryle & Kerr, 2002) and 

CAT collaboratively identifies and changes these unhelpful roles and patterns. The 

evidence base for CAT for anxiety is supported by clinical trials (Boogar, Rezaei & 

Yosefi, 2013) and cohort studies (Tzouramanis et al., 2010). CAT-GSH has been 

shown to have high adherence to GSH principles, generated low dropout rates, was 

easy to deliver and was clinically effective with a durable short-term effect (Meadows 

& Kellett, 2017; Wray et al., 2022). 

A randomised patient preference trial comparing CAT-GSH and CBT-GSH within an 

NHS Talking Therapies service indicated equivalent efficacy (Kellett et al., 2023). But 

there was variability in recovery rates, with only 42.4% of patients meeting reliable 

recovery in the CAT-GSH group and 50.9% of patients in the CBT-GSH group. This 

suggests treatment response heterogeneity, some patients responded better to the 

treatments than others. This may be explained by individual differences in patient 

characteristics (e.g., previous treatment, symptom severity, comorbidity), which could 

be used to match patients to the best treatment for them. To do this, there needs to be 

treatment choice which until now, has not been available in NHS Talking Therapies 

step 2. This brings a further dilemma in how to allocate treatments; the referenced trial 

offered patient preference or randomisation. Most patients favoured choosing their 

treatment over randomisation; however, this did not impact clinical outcomes. This 
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presents a debate in the value of patient preference and whether evidence-based 

treatment allocation is more effective. 

Predicting Treatment Outcome  

Precision mental health care employs data-driven methods to monitor patients' 

treatment response, model prognosis, and personalise the treatment (Delgadillo & 

Lutz, 2020). An array of prediction models have been successfully integrated into 

routine practice across medicine, and regularly support national clinical guidelines 

around treatment allocation (Damen et al., 2016; NICE, 2014). There are examples of 

prediction algorithms that have been developed to identify who would have the best 

treatment response to CBT and psychodynamic therapy (Schwartz et al., 2021), CBT 

and eye movement desensitization and reprocessing (Deisenhofer et al., 2018), CBT 

and interpersonal psychotherapy (Huibers et al., 2015) and CBT and antidepressant 

medication (DeRubeis et al., 2014). Machine learning methods are becoming 

increasingly popular to enhance variable selection within prediction models, and so 

increasing generalisability to new samples (Delgadillo et al., 2017). The introduction 

of greater treatment heterogeneity at step 2 increases the need to identify which 

patients respond better to differing treatments.  

Prediction models enable prognostic (associated with overall outcome) and 

prescriptive (associated with differential outcomes between interventions) treatment 

outcome variables to be identified (Cohen & DeRubeis, 2018). DeRubeis et al. (2014) 

developed an approach, the personalised advantage index (PAI), that integrates 

multiple identified outcome predictors from different treatments into one statistical 

model. The PAI identifies in 2 or more comparable effective treatments, one 

intervention that is more effective for an individual by producing counterfactual 
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outcome predictions. The intervention that an individual is predicted to respond better 

to is considered their optimal treatment and enables outcomes from optimal and non-

optimal received treatments to be compared.  

The PAI in DeRubeis et al. (2014) predicted a clinically meaningful advantage for 60% 

of patients assigned to their predicted optimal treatment for depression. Huibers et al. 

(2015) also used the PAI and predicted a clinically meaningful advantage for 63% of 

patients. Headley et al., (2024) have recently called for studies using methods such 

as the PAI to improve the allocation of patients in routine practice to differing versions 

of efficacious GSH. PAI represents a promising empirical approach in guiding services 

regarding efficient treatment allocation. Targeted treatment has the potential to make 

best use of currently available evidence-based treatments, improving outcomes for 

patients at no additional cost (Delgadillo & Gonzalez Salas Duhne, 2020). In the effort 

to better match patients to CAT-GSH and CBT-GSH, it may be possible to then 

improve outcomes at step 2.  

Clinical Trial  

The patient preference trial of CBT-GSH vs CAT-GSH for anxiety delivered at step-2 

NHS Talking Therapies gave patients the option of randomisation or to choose which 

treatment they preferred and routine NHS Talking Therapies outcome data was 

collected alongside the primary outcomes of the trial (Kellett et al., 2023). The data 

from this clinical trial was used in the current study to develop predictive models of 

treatment outcome and use the PAI to determine which GSH treatment would work 

best for whom. To summarise, Kellett et al. (2023) found that that were no significant 

differences in outcome at post-treatment and 24-week follow-ups on Beck’s Anxiety 

Inventory (BAI; Beck & Steer, 1993) between CAT-GSH and CBT-GSH. This suggests 



86 
 

that CAT-GSH is comparable to CBT-GSH as the ‘treatment as usual’ at step 2. As the 

trial was patient preference, it is interesting to understand whether certain patients had 

better outcomes if they were prescribed a treatment based on a predictive model, 

rather than through personal choice or randomisation.  

Aims  

The main objective of this study was to develop and test a personalised treatment 

selection method to match patients to an optimal GSH treatment for anxiety.  

The study had 3 aims:  

1) To use a variable selection procedure to identify baseline characteristics of 

patients with anxiety that significantly predict treatment outcome for CBT-GSH 

& CAT-GSH.  

2) To use identified predictors to develop separate predictive models for each 

intervention and calculate the PAI to indicate the optimal GSH for each patient.  

3) To assess the usefulness of the models by comparing treatment response for 

patients who received their optimal versus non-optimal GSH. 

Due to adoption of a data-driven approach to identify predictive variables, there were 

no specific hypotheses regarding which predictors would hold predictive value and 

therefore be retained in the final PAI models. There is limited existing research to 

provide suggestions of prognostic and prescriptive predictors, particularly as CAT-

GSH is a new treatment. It was hypothesised that patients who received their optimal 

treatment as indicated by the PAI would have better outcomes than patients who 

received their non-optimal treatment.  
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Ethical Approval 

The current study received ethical approval from the University of Sheffield Ethics 

Committee (see Appendix A) and did not require NHS ethical approval due to the use 

of secondary data. 

Method 

The study is reported according to the Transparent Reporting of Multivariable 

Prediction Model for Individual Prognosis or Diagnosis (TRIPOD + AI) reporting 

guidelines for machine learning informed prediction model studies (Collins et al., 

2015). The full checklist can be found in Appendix B, anything that has not been 

included in the current study is discussed within limitations. 

Patient and Public Involvement 

It was not possible to involve a patient and public involvement (PPI) group in the 

current study due to the secondary nature of the research. However, a PPI group were 

consulted at the beginning of the clinical trial to support the development of the trial 

materials, particularly the language used in the presentation of CBT-GSH and CAT-

GSH.  

Setting  

The clinical trial designed by Kellett et al., had a partially randomised patient 

preference design (Torgerson & Sibbald, 1998). It was a single site study at the 

Oldham NHS Talking Therapies service hosted by the Pennine Care NHS Foundation 

Trust. If deemed suitable for a step 2 intervention within the NHS Talking Therapies 

service during triage, patients were given the option to participate in the trial. If the 
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patient accepted, they were offered a trial eligibility interview. Written informed consent 

was obtained from all patients. Data collection began on the 29th of January 2019. 

Inclusion and Exclusion Criteria 

Patients were included if they met the following criteria outlined in Table 1. If patients 

met eligibility criteria, they were offered randomisation (block randomisation by a third 

party), or they could choose CBT-GSH or CAT-GSH following psychoeducation about 

each treatment.  
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Table 1 

Inclusion and Exclusion Criteria 

Inclusion Exclusion 

Self-referred or been referred by their 

General Practitioner/other health or 

social care professional for the 

treatment of a common mental health 

problem. 

 

Currently taking part in another NHS 

Talking Therapies step 2 intervention. 

 

Met criteria for an anxiety disorder 

based on the Mini International 

Neuropsychiatric Interview (MINI; 

Sheehan et al., 1998). 

 

Didn’t meet the criteria for an anxiety 

disorder or “caseness” on the BAI. 

 

 

Scored above the cut-off for clinically 

significant symptoms on Beck’s Anxiety 

Inventory (BAI; Beck & Steer, 1993). 

Met criteria for comorbid depression 

and anxiety disorder, where the 

depression is the main concern. 

 

Want to engage in GSH for anxiety. Had a severe/chronic mental health 

difficulty - engaged with secondary 

mental health care services or 

Diagnosis of social phobia/post-

traumatic stress disorder (treated at 

step 3). 

 

Motivated to engage in treatment and 

able to attend six face-to-face GSH 

sessions.  

Unable to read and write or need an 

interpreter. 
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Data Collection  

The main trial sample size calculation indicated that 134 patients were required to 

detect a small-moderate effect size in treatment differences with 80% power and 

p<.05.  In total, 271 patients were eligible for inclusion and were allocated to either 

CBT-GSH or CAT-GSH. Patients completed trial measures at baseline (week 0), post-

treatment (week 8) and follow-up (week 24).  

Interventions 

GSH was delivered by qualified PWPs over the telephone due to the COVID-19 

pandemic. All PWPs had passed an NHS Talking Therapies 1-year post-graduate 

certificate in CBT-GSH following a national curriculum (UCL, 2014) and attended a 2-

day CAT-GSH training session. PWPs had 1-hour per week of individual case 

management supervision and were enrolled in group supervision monthly for 2-hours. 

Both interventions had a contract of 6-8 sessions which were 35-minutes long.   

CBT-GSH is a low-intensity, structured psychological intervention based on the 

principles of CBT. Treatment followed the NHS Talking Therapies treatment protocol 

(Richards & Whyte, 2011). This is treatment as usual within step 2 of NHS Talking 

Therapies. The patient works through a standardized treatment manual (NICE, 2009; 

2011) with regular support from a PWP focussing on changing their thoughts, feelings 

and behaviours. The aim of treatment is to support patients in learning techniques to 

help manage their symptoms.  

CAT-GSH is a low-intensity, structured psychological intervention based on CAT 

principles (Meadows & Kellett, 2017) and follows the reformulation, recognition and 

revision structured approach. The content of the sessions is as follows: 1) identify 

snags, traps & dilemmas; use self-monitoring homework; 2) develop reciprocal roles 
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from early experiences and associated homework; 3) write a problem statement linking 

past to the present; 4) create diagrammatic reformulation; 5) identify exits associated 

with homework; 6) work on endings and relapse prevention. 

Both rely on a psychoeducational workbook to deliver the content. They differ however 

in terms of content, style and focus.  Firstly, CBT-GSH is based in the here and now 

and CAT-GSH has a past-present focus. Secondly, CBT-GSH requires an effective 

therapeutic relationship but does not use transference/countertransference, whereas 

CAT-GSH works with the therapeutic relationship and makes use of 

transference/countertransference. Thirdly, CAT-GSH is based on a dialogical and 

relational theoretical model and CBT-GSH is based on a cognitive behavioural model 

(Meadows & Kellett, 2017).  

Measures  

The following data was collected in the trial and were considered as candidate 

baseline predictors for the analysis – age; ethnicity; employment status; sexual 

orientation; identification of long-term condition; veteran status; perinatal status; 

psychotropic medication; indices of multiple deprivation; GAD-7 baseline severity; 

PHQ-9 baseline severity; WSAS baseline severity; BAI baseline severity; previous 

treatment; allocation choice. Only variables with sufficient data to enable reliable 

missing data imputation were used as candidate predictors and only variables 

empirically selected during variable selection were included in the final PAI models 

(see Data Analysis section).  

Four clinical outcome measures were completed at baseline, post-intervention and 

follow-up (see Appendix C for information gathered): 
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Beck Anxiety Inventory (BAI) is a tool to assess symptoms of anxiety. Items were 

specifically selected to separate anxiety from depression. It has 21 items with a 

suggested cut-off for clinically significant anxiety as 16 (Beck & Steer, 1993). The 

BAI has high internal consistency and has good reliability (Fydrich, Dowdall, & 

Chambless, 1992). 

Generalised Anxiety Disorder 7 (GAD-7) is an assessment tool to support the 

diagnosis of generalised anxiety disorder. It has 7 items with a maximum score of 

21. Scores of 5, 10, and 15 are taken as the cut-off points for mild, moderate and 

severe anxiety, respectively. Using the threshold score of 10, the GAD-7 has a 

sensitivity of 89% and a specificity of 82% for GAD (Kroenke et al., 2007). Spitzer 

et al. (2006), found the questionnaire has good validity and reliability. It is routinely 

used within NHS Talking Therapies. 

Patient Health Questionnaire 9 (PHQ- 9) is an assessment tool to support the 

recognition of depression in patients. It has 9 items with a maximum score of 27. 

Total scores of 5, 10, 15, and 20 represent cut-offs for mild, moderate, moderately 

severe and severe depression, respectively. It can be repeated over time to monitor 

changes and has been assessed as having excellent test-retest reliability (Kroenke 

et al., 2001). 

Work and Social Adjustment Scale (WSAS) is a 5-item self-report measure that 

provides the impact of a disorder on daily life, it has a maximum score of 40. Scores 

between 10 and 20 are associated with significant functional impairment but less 

severe clinical symptomatology, over 20 suggests moderately severe 

psychopathology. Mundt et al. (2002) reported that the WSAS is reliable, valid and 

sensitive to change. 
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The main trial used the BAI as the primary outcome measure; however, the current 

study used the GAD-7 as the primary outcome measure as it is already used in NHS 

Talking Therapies as a routine outcome measure for anxiety which maximises clinical 

utility.  

Sample Characteristics 

The current study sample (N = 209) included patients who accessed ≥ 2 sessions of 

CBT-GSH or CAT-GSH to align with Talking Therapies definition of accessing a course 

of treatment (The National Collaborating Centre for Mental Health, 2018). This 

excluded 62 cases from the original clinical trial. The mean number of attended 

sessions was 5.7 (SD = 2.1). More patients accessed CAT-GSH (N = 154) than CBT-

GSH (N = 55) and mostly this was through choice as 93.8% of patients were allocated 

to treatment from their preference, rather than randomisation.  

Figure 1 shows a STROBE diagram (von Elm et al., 2017), demonstrating the flow of 

sample selection.   
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Figure 1 

STROBE Diagram. 

 

 

Table 2 presents a summary of sample characteristics including statistical 

comparisons between patients that had CAT-GSH or CBT-GSH. The samples were 

mostly matched, apart from significantly more females accessed CAT-GSH than CBT-

GSH. There is also a significant difference in previous treatment, suggesting that more 

patients preferring CAT-GSH had received a previous treatment. Within the CAT-GSH 

sample, 94.8% had chosen that treatment and within the CBT-GSH sample, 90.9% 

had chosen that treatment.  

 
 

Total available patients 

 (n = 271) 

Excluded due to attendance 

of less than 2 sessions  

(n = 62) 

Included for development of 

predictive model of CBT-GSH 

(n = 55) 

Included for development of 

predictive model of CAT-GSH 

(n = 154) 

 

Included for analysis  

(n = 209) 
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Table 2 

Summary of Sample Characteristics 

 Full 
Sample 
(N=209) 

CBT-GSH 
(N=55) 

CAT-GSH 
(N=154) 

Test 
statistic 

P 

Demographics 
Females2 75.6% 65.5% 79.2% X2(1) = 

4.16 
.041 

Age1 36.49 
(13.81) 

36.18 
(13.97) 

36.60 
(13.80) 

t (207) = 
0.19 

.846 

Ethnicity2  
White British 
Other 

 
90.4% 
9.6% 

 
94.5% 
5.5% 

 
89% 
11% 

 
X2(1) = 

1.46 

 
.227 

IMD decile1  

1 = Poorest 
10 = Affluent 

 
4.14 (2.77) 

 
4.05 (2.82) 

 
4.17 (2.76) 

t (207) = 
0.26 

.793 

Unemployed2 12.9% 12.7% 13% X2(1) = 
0.002 

.961 

Perinatal 6.2% 5.8% 7.3% t (207) = 
0.38 

.354 

Heterosexual 90% 89.6% 90.9% t (207) = 
0.27 

.392 

Previous 
CAT 

1.4% 0 1.9% t (207) = 
1.04 

.150 

Allocation 
Choice2 

Preference 
Randomised 

 
 

93.8% 
6.2% 

 
 

90.9% 
9.1% 

 
 

94.8% 
5.2% 

 
 

X2(1) = 
1.05 

 
 

.304 

Baseline Severity Measures 
GAD-71 13.62 

(4.81) 
14.24 
(4.67) 

13.40 
(4.85) 

t (207) = -
1.11 

.267 

PHQ-91  13.65 
(5.59) 

14.09 
(4.68) 

13.49 
(5.89) 

t (207) = -
0.68 

.498 

WSAS1 18.69 
(8.57) 

17.89 
(9.23) 

18.97 
(8.33) 

t (207) = 
0.80 

.422 

BAI1 25.50 
(9.82) 

25.69 
(9.57) 

25.43 
(9.94) 

t (207) = -
0.17 

.865 

LTC2 31.6% 34.5% 30.5% X2(1) = 
0.30 

.581 

Previous 
Treatment2   

45.9% 
 
 

25.5% 53.2% X2(1) = 
12.61 

<.001 

Medication2 56.5% 61.8% 54.5% X2(1) = 
0.87 

.350 

Note. CBT-GSH = guided self-help cognitive-behavioural therapy; CAT-GSH = 

guided self-help cognitive-analytic therapy; IMD Decile = Index of multiple 

deprivation in deciles; PHQ-9 = Patient Health Questionnaire; GAD-7 = Generalized 
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Anxiety Disorder Questionnaire; WSAS = Work and Social Adjustment Scale; BAI = 

Beck’s Anxiety Inventory; LTC = Long-term condition; 1 = Mean and Standard 

Deviation; 2 = Percentages 

 

Sample Size Calculation 

The sample size calculation proposed by Riley et al. (2019) provides an equation for 

multi-variate prediction models of continuous outcomes based on the required number 

of predictors, expected explained variance (R2) and allowing for up to 10% out-of-

sample prediction shrinkage. Although sufficient data on 18 baseline predictors was 

available from the trial, it was not expected that all variables would have predictive 

value. A variable selection procedure was applied prior to developing the models and 

it was anticipated that approximately seven of the predictors would be retained. 

Literature on previous psychological treatment prediction models for continuous 

outcomes reported R2 values in the range of .35 to .45, indicating that baseline 

characteristics tend to explain on average 40% of variance in post-treatment scores 

(Friedl et al., 2020; Salomonsson et al., 2020; Schwartz et al., 2021; Senger et al., 

2022). On this basis, a sample size calculation for a predictive model using an estimate 

value of R2 =0.40, including 7 predictors and allowing for up to 10% shrinkage would 

require 79 patients in each treatment group. 

The sample used in this study included 209 patients, however, this was not equal 

across both treatment groups as 55 patients received CBT-GSH and 154 patients 

received CAT-GSH. The number of patients in the CBT-GSH group falls short of the 

sample size calculation for suitable power. Due to this, keeping a subset of the data 

for an external cross-validation was not feasible. Using the full dataset maximised 

power for development of the models, as shown in DeRubeis et al. (2014).  
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Data Preparation  

Missing data was previously imputed as part of the main trial analysis, however some 

of the candidate predictors for this study were not used for the primary main trial 

analysis and were therefore imputed for the purpose of this study. The R package 

“missForest” (Stekhoven & Bühlmann, 2012) on R (R Core Team, 2021) and Rstudio 

(Rstudio Team, 2021) was used to input missing data using a random forest approach, 

separately for the two interventions. This parametric method handles outliers well, is 

robust and reliable. Marital status was removed as a candidate predictor as it had too 

much missing data to be reliably imputed (86%).  

If not already, categorical variables were collapsed into binary variables for the 

purpose of data analysis i.e., employment status became unemployed or 

employed/other; sexual orientation became heterosexual or not heterosexual; 

ethnicity became white British or minoritised background. Continuous variables were 

standardized into Z-scores and binary variables were also dummy coded as -0.5 and 

0.5. This put the variables into common scales so they could be compared. 

Variable Selection 

Data was separated into CAT-GSH and CBT-GSH subsets for the purpose of variable 

selection and building predictive models for each treatment. Two machine learning 

approaches (a decision tree method and a penalized regression method) were used 

to conduct variable selection in each intervention dataset and the regression 

predictions were compared using evaluation metrics to identify the best fitting model. 

This meant that a total of four variable selection models were produced: separate 

decision-tree variable selection models for CAT-GSH and CBT-GSH and separate 

penalised regression variable selection models for CAT-GSH and CBT-GSH. A total of 
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18 variables were included as predictors in in each model, with post-treatment GAD-

7 scores as the dependent variable. Baseline GAD-7 scores were not included in this 

analysis as it was later included in the regression models (by forced entry) to control 

for anxiety levels at screening (an approach adopted in other PAI studies; Moggia et 

al. 2023). 

The first variable selection method was the Boruta approach, selected as it can handle 

multivariate interactions and was conducted in R using the “Boruta” package (Kursa & 

Rudnicki, 2010). Boruta is a form of random forest, which is a supervised machine 

learning algorithm that builds multiple decision trees using a bagging method (a 

combination of variable and bootstrapping samples; Breiman, 2001).The Boruta 

extension includes shadow variables (one continuous, one categorical) based on the 

distributions of other variables in the dataset and included in the model as a ‘noise’ 

variable (i.e., have no actual predictive power). Only predictor variables which are 

ranked higher than one (tentative inclusion) or both (confirmed inclusion) shadow 

variables are deemed to have reliable predictive power over and above noise and are 

retained (see Appendix D for supplementary data analysis information).  

There are known potential issues of biased importance values and overfitting when 

using random forest approaches for variable selection, particularly when there are a 

smaller number of candidate variables (Tang et al., 2018). Therefore, a second 

variable selection method was also tested employing elastic net regularisation variable 

selection (Zou & Hastie, 2005). Elastic net is a linear regression technique that uses 

a penalty term to shrink coefficients of predictors that are unimportant. It identifies 

variables that are reliably associated with an outcome but also adds more or less 

“weight” to variables with stronger or weaker predictive value (see Appendix D).  
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To decide which predictive algorithm to use, variables identified by each model were 

entered into separate linear regressions to produce predicted outcomes. Leave-one-

out cross-validation (LOOCV) was used to prevent over-fitting (Efron, 1982). LOOCV 

estimates each model without information about the participant whose score is being 

predicted therefore uses a sample of (n-1), with n being the sample size. This aims to 

reduce bias in predicted values. Analysis was performed using the “caret” package 

(Kuhn, 2008) within R. Predicted outcomes from each regression model were 

compared with the observed outcomes and evaluation metrics were compared. These 

included the Root Mean Squared Error (RMSE) which measured the average 

difference between predicted and actual values; R squared which represented the 

variance within the outcome measure explained by the regression model; Mean 

Absolute Error (MAE) which measured the errors between predicted and actual scores 

and Pearson’s Correlation Coefficient which measured the strength of the relationship 

between predicted and observed scores. The model with the lowest error and highest 

correlation between actual and predicted scores was chosen as the preferred model. 

PAI Estimation 

The preferred regression model for each GSH intervention was used to predict post-

treatment GAD-7 scores for both CAT-GSH and CBT-GSH in the full sample (N=209). 

This produced a predicted score for both treatment modalities for each patient. The 

PAI was estimated for every individual patient by calculating the difference between 

their predicted post-treatment GAD-7 score for each treatment (positive PAI value 

indicated greater benefit from CAT-GSH; a negative PAI indicated greater benefit from 

CBT-GSH).  
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Assessment of the PAI 

Patients who had received the GSH intervention recommended by the PAI (based on 

a positive or negative value) were classified into the optimal treatment group, whereas 

those who did not were classified into the non-optimal group following the approach 

used by Moggia et al. (2023). Observed post-treatment and follow-up GAD-7 scores 

and reliable and clinically significant improvement (RCSI) rates were compared 

between the optimal and non-optimal groups using mixed analysis of variance 

(ANOVA; for baseline, post-treatment and 24-week follow-up timepoints) and Chi-

squared tests (post-treatment and 24-week follow-up) respectively. RCSI was defined 

as GAD-7 change score > = 4 and post-treatment/follow-up scores to have moved 

below the clinical cut-off of 8 (Jacobson et al., 1999; The National Collaborating Centre 

for Mental Health, 2018). These analyses were conducted within IBM SPSS Statistics 

(Version 27; IBM Corp, 2020). An a priori power analysis conducted using G*Power 

version 3.1.9.7 (Faul et al., 2007) indicated the required sample size to achieve 80% 

power (α = .05) for detecting a medium between-group effect in outcomes was N = 86 

for a mixed ANOVA. Data was analysed to assess assumptions required for an ANOVA 

using the Shapiro-Wilks and Levene’s Tests (see Appendix E for full results). 

Assumption testing suggested that homogeneity of variance was met, however, some 

of the data was not normally distributed. Due to the robustness of the ANOVA, the 

analysis was still completed with evidence suggesting that this was appropriate 

(Blanca et al., 2017). 

To explore the impact on outcomes in those who had the biggest indicated PAI benefit, 

a secondary analysis subgroup was identified including optimal and non-optimal 

groups based on patients with a PAI value one standard deviation larger than the 

sample mean following the approach used by Delgadillo & Gonzalez Salas Duhne 
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(2020). If the PAI was smaller than this sum, no optimal treatment was indicated. 

Between-group comparison of outcomes analyses was repeated in this subsample.  

A brief comparison of patient preference and optimal treatment allocation was also 

conducted by observing percentages to further investigate the impact of patient 

preference.  

Results 

Variable Selection 

Results from the Boruta variable selection model for CAT-GSH and CBT-GSH are 

shown in Figure 2 and 3, respectively. Each model’s variables are ranked from the 

highest to the lowest importance (according to the mean decrease in accuracy). For 

CAT-GSH, 5 variables (27.78%) were selected as potential predictors (i.e., previous 

CBT, sexual orientation, baseline BAI score, baseline PHQ-9 and baseline WSAS). 

For CBT-GSH, 4 variables (22.22%) were selected as potential predictors (i.e., 

employment status, baseline BAI, indices of multiple deprivation and baseline PHQ-

9). 
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Figure 2 

Boruta Model Variable Importance for CAT-GSH (green denotes retained variables 

ranked higher than all shadow variables denoted by blue; red denotes discarded 

variables)
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Figure 3 

Boruta Variable Selection Model for CBT-GSH (green denotes retained variables 

ranked higher than all shadow variables denoted by blue; yellow denotes tentative 

included variables ranked higher than some shadow variables; red denotes discarded 

variables) 

 

 

Results from the elastic net variable selection model for CAT-GSH and CBT-GSH are 

shown in Table 3. They present each model’s variables 18 coefficients, shrinking 

unimportant variables to 0. For CAT-GSH, 8 variables (44.44%) were selected as 

potential predictors (i.e., baseline PHQ-9, baseline WSAS, baseline BAI, long-term 

condition, perinatal status, sexual orientation, previous CAT and previous CBT). For 

CBT-GSH, 5 variables (27.78%) were selected as potential predictors (i.e., indices of 

multiple deprivation, baseline PHQ-9, baseline BAI, ethnicity, and employment status). 
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Table 3 

Elastic Net Variable Selection Coefficients 

Variable  CAT-GSH Coefficient CBT-GSH Coefficient 

Age 0 0 
IMD 0 -0.344432620 
Baseline PHQ-9 2.11187076 0.602385780 
Baseline WSAS 0.04951514 0 
Baseline BAI 0.55903206 0.189781429 
Allocation Choice 0 0 
Gender 0 0 
Ethnicity 0 -0.001057776 
Employment Status  0 1.085421116 
Long Term Condition 0.67118767 0 
Medication Status 0 0 
Veteran Status 0 0 
Perinatal Status 1.07732136 0 
Sexual Orientation 0.13674917 0 
Previous Treatment 0 0 
Previous CAT 0.51312583 0 
Previous CBT -1.43364222 0 

 

Estimation of LOOCV Regressions 

The evaluation metrics for the LOOCV regressions including the variables identified 

by each variable selection model are shown in Table 4. The elastic net models 

outperformed Boruta on all metrics for CAT-GSH. Due to both elastic net and Boruta 

selecting the same variables for CBT-GSH, all evaluation metrics were identical. 

Therefore, the elastic net variable selection was selected as the preferred model for 

both interventions to ensure congruence.  
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Table 4 

LOOCV Regression Results 

CAT-GSH 

 RMSE  R2 MAE r 

Boruta 4.09 0.32 3.21 0.62 

Elastic Net 4.03 0.33 3.12 0.64 

CBT-GSH 

 RMSE  R2 MAE r 

Boruta 4.50 0.10 3.62 0.54 

Elastic Net 4.50 0.10 3.62 0.54 

 

Final Selected Models 

Prognostic variables across the treatments were baseline PHQ-9 scores and BAI 

scores with lower scores suggesting better outcomes. Prescriptive variables were also 

identified and within CBT-GSH, patients from a higher socioeconomic status were 

more likely to have better outcomes, along with White British patients and unemployed 

patients. Within CAT-GSH, better treatment outcomes were associated with lower 

baseline WSAS scores, a self-reported long-term condition, the perinatal period and 

identifying as not heterosexual. Previously engaging in CBT was associated with 

poorer outcomes, whilst previously engaging in CAT was associated with better 

outcomes.  

Optimal Guided Self-Help 

Based on +/- PAI values in the full sample (N = 209), CBT-GSH was indicated as the 

optimal treatment for 34.9% of the sample and CAT-GSH was indicated as the optimal 
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treatment for 65.1%. Classifications indicated 62.7% received their optimal GSH and 

37.3% did not received their optimal GSH. 

There was a significant between subjects’ effect of receiving optimal GSH on GAD-7 

outcomes (F (1,207) = 21.675, p < .001) and the partial Eta squared (η2 = .10) 

suggested a medium effect size (Miles and Shevlin, 2001). Mauchly's test indicated 

that the assumption of sphericity had been violated within the repeated measures 

analysis, χ2 (2) = 39.62, p = <.001. Due to this, the Greenhouse-Geisser corrected 

results were reported. There was a significant within subjects’ effect of time on GAD-

7 outcomes (Greenhouse–Geisser’s ε = .85, F (1.7, 352.35) = 117.54, p <. 001, η2 = 

.36) suggesting a large effect size. However, the interaction effect between GAD-7 

scores over time and receiving optimal GSH, was non-significant (Greenhouse–

Geisser’s ε = .85, F (1.7, 352.35) = 1.29, p = .273).  

Figure 4 displays the mean GAD-7 scores at baseline, post-treatment and follow-up 

for patients who received optimal versus non-optimal GSH. 
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Figure 4 

Mean GAD-7 scores across timepoints for the optimal versus non-optimal treatment 

groups in the full sample 

 

 

At post-treatment, significantly more patients who received their optimal GSH met 

RCSI (35.9%) compared to patients who did not (16.6%); X2 (1, N = 209) = 8.82, p = 

.003). The odds ratio indicated that patients who received their PAI recommended 

GSH were more than twice as likely to recover (OR = 0.36). The same pattern was 

observed at 24-week follow-up, with significantly more patients who had their optimal 

treatment experiencing RCSI (36.6%) compared to those who did not (19.2%; X2 (1, 

N = 209) = 7.04, p=.008) indicating that receiving the PAI recommended GSH more 

than doubled the chance of longer-term recovery (OR = 0.41).  
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Subgroup Analysis 

A subgroup of N = 37 who had the largest indicated PAI benefit (PAI >= 3.08 [mean 

+/- 1 SD]) was identified. Based on +/- PAI values in the subgroup, CBT-GSH was 

indicated as the optimal treatment for 4.3% of the sample and CAT-GSH was indicated 

as the optimal treatment for 13.4%. No optimal treatment was identified for 82.3% of 

the subgroup (PAI < 3.08). Figure 5 represents the distribution of the PAI.  

Figure 5 

Distribution of Optimal Treatments 

 

 

Optimal Guided Self-Help – Subgroup 

Classifications indicated 70.3% received their optimal GSH and 29.7%% did not 

received their optimal GSH.  
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There was a significant between subjects’ effect of receiving optimal GSH on GAD-7 

outcomes (F (1, 35) = 12.296, p = .001) and the partial Eta squared (η2 = .26) 

suggested a large effect size (Miles and Shevlin, 2001). Mauchly's test indicated that 

the assumption of sphericity had been violated (χ2 (2) = 14.94, p = <.001). Due to this, 

the Greenhouse-Geisser corrected results were reported. There was a non-significant 

within subjects’ effect of time on GAD-7 outcomes (Greenhouse–Geisser’s ε = .78, F 

(1.48, 51.64) = 2.19, p = .119). The interaction effect between GAD-7 scores over time 

and receiving optimal GSH, was significant (Greenhouse–Geisser’s ε = .78, F (1.48, 

51.64) = 3.83, p = .040, η2 = .01), suggesting a medium effect size.  

Figure 6 displays the mean GAD-7 scores at baseline, post-treatment and follow-up 

for patients who received optimal versus non-optimal GSH. 
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Figure 6 

Mean GAD-7 scores across timepoints for the optimal versus non-optimal treatment 

groups in the subgroup 

 

Of patients that did not have their optimal GSH, none met RCSI at post-treatment or 

24-week follow-up. Those patients that had their optimal GSH then 30.8% met RCSI 

and this difference was significant (X2 (1, N = 37) = 4.32, p = .038). The odds ratio also 

suggests that patients who had their optimal GSH had a better outcome (OR = 0.69).  

At post-treatment, significantly more patients who received their optimal GSH met 

RCSI (30.8%) compared to patients who did not (0%); X2(1, N = 37) = 4.32, p = .038). 

The odds ratio indicated that patients who received their PAI recommended GSH were 

more likely to recover (OR = 0.69). The number of patients meeting RCSI criteria at 

24-week follow-up did not change from post-treatment.  
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Patient Preference  

Table 6 reports the optimal GSH recommendations in the context of the patient’s trial 

treatment preference. Of patients whom the PAI recommended CAT-GSH, 74.26% 

stated a preference for it. Of those recommended CBT-GSH, 61.64% preferred CAT-

GSH. We can assume that patient preference has not impacted the PAI as although 

more than half of patients showed a preference for CAT, they would have had better 

outcomes from CBT-GSH according to this model.  

Table 6 

Optimal Treatment Conditions and Patient Preference  

 Preference for CAT 

(%) 

Preference for CBT 

(%) 

Randomised (%) 

Optimal 

CAT-GSH 

74.26 19.85 5.89 

Optimal 

CBT-GSH 

61.64 31.51 6.85 

 

 

Discussion 

This paper is the first to test whether better matching of patients to differing GSH 

treatments could improve the effectiveness of these brief LI interventions. This has not 

been possible in the past due to limited treatment options delivered at step 2, but this 

is starting to change. Kellett et al. (2023) for example were the first to introduce an 

analytically informed one-to-one GSH into an NHS Talking Therapies services, and 

Lemma and Fonagy (2013) have developed and evaluated group psychoeducational 

psychodynamic therapy. The results of this study have shown the importance of the 

plurality of treatment options at step 2 and provide preliminary evidence that it may be 
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possible to match patients to different GSH treatments as a method of improving 

outcomes. The present study also produces an argument for evidence-based 

treatment allocation championing patient preference. 

Main Findings 

Results suggest that patients who received their optimal GSH were significantly more 

likely to have lower anxiety scores and meet criteria for RCSI for anxiety outcomes 

(GAD-7), compared to patients who received their non-optimal GSH within the 

subgroup, who the PAI predicted would have the most differential treatment benefit. 

Within the full sample, patients who received their optimal GSH were significantly more 

likely to meet criteria for a RCSI for anxiety outcomes (GAD-7), compared to patients 

who received their non-optimal GSH. However, having an optimal treatment did not 

significantly affect the trajectory of anxiety outcome scores. This difference in results 

between the full sample and subgroup may be due to the stronger optimal treatment 

recommendations indicated by the largest predicted benefit (PAI >= mean+1SD). 

These results suggest there is a subgroup of patients (18%) who have a differential 

response to GSH and could benefit from treatment matching.  

This study suggests that matching patients to their optimal GSH could support better 

treatment outcomes from a brief LI intervention for subgroup of patients. This fits with 

existing evidence of the use of the PAI in estimating optimal treatments that have been 

conducted with traditional psychotherapies. DeRubeis et al. (2014), used a similar 

method and found that patients matched to their optimal treatment for depression 

(medication versus CBT) had superior outcomes. Similarly, Huibers et al. (2015), 

found that patients fared better having their predicted optimal treatment than non-

optimal (cognitive therapy or interpersonal psychotherapy) for depression. It is 
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recommended that the PAI should continue to be researched within clinical 

populations to develop robust algorithms for matching patients to their optimal 

treatments. 

Patients who received their indicated non-optimal treatment had higher average 

baseline GAD-7 scores. It is unclear why this is the case; it may be due to the decision 

to force entry baseline GAD-7 scores into the PAI model rather than include them 

during the variable selection process of the prediction models. Although baseline 

anxiety severity was captured by the BAI during variable selection, consideration of 

how GAD-7 scores may interact with other variables during variable selection should 

be considered within future research. The high rate of randomisation refusal in the 

patient preference trial meant there was a lack of randomisation in the sample and 

these differences may also reflect selection biases in the data that was not controlled 

for.    

Prediction Model 

Only two variables were prognostic and were both related to baseline clinical severity 

(baseline PHQ-9 score, baseline BAI score). Similar findings have been seen for low 

intensity CBT treatments for anxiety with baseline depression and anxiety identified as 

significant predictors of outcome (González-Robles et al., 2021; Lawn et al., 2019; 

Mathiason et al., 2018). The remaining variables were prescriptive. Patients who were 

from a minoritized background, were employed and had a lower socioeconomic status 

were predicted to have poorer outcomes after CBT-GSH. Patients who had higher 

baseline WSAS scores, no self-reported long-term condition, were not in the perinatal 

period, identified as heterosexual and had previously engaged in CBT were predicted 

to have poorer outcomes after CAT-GSH.  
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Some of the prescriptive variables fit with existing evidence as El Alaoui et al., 2015; 

Delgadillo et al., 2016 and Mathiason et al., 2018 suggest that employment status 

significantly predicts outcomes. Monthly income has previously been associated with 

outcomes but not significantly (Chen et al., 2020). Delgadillo et al. (2017) reported that 

an accumulation of disadvantages, such as minority ethnic status, may impact 

psychological improvement. Furthermore, Delgadillo & Gonzalez Salas Duhne (2020) 

also found that minoritised ethnic groups had poorer outcomes after a CBT 

intervention. Overall, the variables selected in the model predicting outcomes after 

CBT-GSH fit with the wider literature.   

Due to the novelty of a LI CAT treatment, there was no existing evidence on predictors 

of outcome. There is also a limited evidence base investigating predictors of outcome 

after CAT.  Ryle and Golynkina (2000) suggested that employment status and previous 

self-harm were significant predictors of outcome for borderline personality disorder 

(BPD) following CAT. This study did not find employment status to be a predictor of 

outcome, however the two papers investigated different outcomes (i.e., anxiety versus 

BPD symptoms). It cannot be concluded whether the variables included in the 

predictive models for CAT-GSH fit with the current evidence base.  

It is unclear why the variables that were chosen for the CAT-GSH prediction model 

were deemed important and this is partly due to a lack of previous evidence. On closer 

review, perinatal status, sexual orientation and previous CAT were significantly 

skewed. Only 6.2% of the sample were within the perinatal period and 10% identified 

as not heterosexual. There were also only 3 patients (1.4%) that had engaged in 

traditional CAT previously, which were all in the CAT-GSH group. This may provide 

some explanation as to why these variables were included within the prediction model 

as the data was skewed. These may be adding noise rather than useful predictive 
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power and highlight the need to externally validate these models in a new sample to 

see if the findings replicate before firm conclusions can be drawn or applied in clinical 

practice.  

The elastic net algorithm was selected as the best performing model over the Boruta 

approach. This aligns with previous research that suggests decision-tree approaches 

can be less accurate when the number of predictors is small (Tang et al., 2018). 

However, the evaluation metrics of the selected CBT-GSH model were very poor and 

suggest clinical utility of the current model may be limited. Retraining in a larger sample 

and externally validating would test whether the poor fit was due to the limited sample 

size.  

Patient Preference  

Patient preference was not identified as an indicator of outcome. However, patient 

preference samples were skewed with only 6.2% of the sample randomised. 

Significantly more patients chose CAT-GSH than CBT-GSH. Biases behind patient 

preference should be considered such as previous treatment and interests in certain 

therapy models which in turn, might influence treatment choice and outcomes 

(Kawathekar, 2023).  

This highlights further questions about the usefulness of treatment allocation via 

patient preference versus treatment optimisation using artificial intelligence (AI). 

Previous studies suggest that using machine learning to match patients to treatment 

has the potential to improve outcomes for patients (Delgadillo & Gonzalez Salas 

Duhne, 2020). Whilst evidence for the usefulness of patient preference is mixed with 

some studies finding no significant effect of patient preference on outcomes (Dunlop 

et al., 2017). Yet, a meta-analysis investigating the impact of patient preference found 
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a small significant effect and suggested that patient preference was underestimated 

(Swift & Callahan, 2009). There are mechanisms underlying why patient preference is 

beneficial to pursue such as motivation to engage and therapeutic alliance (Gelhorn 

et al., 2011). However, optimisation through AI could be viewed as currently, the most 

objective method of matching patients to treatment.  

Machine learning is becoming more widely used as a method of treatment matching 

and some studies have suggested that this should be combined with patient 

preference to ensure a shared decision-making process (Hamilton et al., 2024). It may 

be that this is the most cautious and ethical way forward to embed machine learning 

into mental health treatment. This is considering public views of machine learning, 

such as feelings that humans are too unique to be understood by machines (Ipsos, 

2017).  

Within the subgroup analysis, there was a large proportion of the sample identified 

that did not have a strong optimal treatment identified (82%), which suggests that 

between CAT-GSH and CBT-GSH, most of the sample would have had similar 

outcomes. This is important when considering clinical implications of this study and 

whether for this subsample of patients, patient preference can be incorporated into 

treatment choice if evidence suggests that there is a small significant effect on 

outcome (Swift & Callahan, 2009). This raises the possibility of also conducting patient 

preference trials where patients are allocated to a treatment using AI but are then 

allowed an ‘opt-out’ based on their treatment preferences, once they better understand 

what the different treatments entail. 
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Limitations  

Due to the infancy of the evidence base for CAT-GSH, there were some limitations in 

the sample. In the Kellett et al. (2023) patient preference trial significantly more 

patients received CAT-GSH (N = 154) than CBT-GSH (N = 55). This resulted in 

external cross validation of the prediction model being unfeasible. It was therefore 

inappropriate to separate the samples into training and test samples. For example, the 

prediction model for CBT-GSH would then have been trained on around 27 cases, 

negatively impacting on the model’s validity and accuracy. While the decision was 

made to maximise the sample size for training the models, this algorithm should be 

viewed as a proof of concept for treatment matching with GSH interventions, an 

approach advocated by Fransén et al. (2022) & Lutz et al. (2018) when sample sizes 

are suboptimal and underpowered. The use of internal cross validation within the 

building of the predictive model increased the reliability, but external cross validation 

of these models in an independent sample is required to evaluate whether this 

treatment matching algorithm generalises to new data before its clinical utility can be 

determined. Use of routine outcome data from NHS Talking Therapies services 

implementing the CAT-GSH intervention alongside standard CBT-GSH could be used 

to validate these models in a larger sample using established statistical matching 

methods (e.g., propensity score matching) to better control for baseline differences.  

It is important to consider the difference in sample sizes in relation to results as these 

will have had a negative impact on model development. Predictive models could have 

been skewed as significantly more women had CAT-GSH than CBT-GSH as did 

patients who had had a previous treatment.  
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Model evaluation metrics for the Boruta method and Elastic Net regularisation for CBT-

GSH were exactly the same and explained less variance than the CAT-GSH predictive 

model. This is because both models used almost the same variables (Elastic Net 

added ethnicity) which may be a consequence of a small sample. A larger sample size 

might have yielded a predictive model with greater accuracy. It could be that less 

patients were identified as having CBT-GSH as their optimal treatment due to a weaker 

prediction model.  

Furthermore, categorising optimal treatments by having a PAI of either above or below 

0 (as Moggia et al., 2023), leaves it unclear whether some patients had an optimal 

treatment that was clinically meaningful which was reflected in the non-significant 

results. However, this analysis yielded more power than the subgroup analysis, which 

did not meet the sample size requirements for suitable power (N = 37).  

The impact of health inequalities between the different sociodemographic groups may 

not have been accurately presented within the prediction models, due to their 

transformations into binary variables. For example, the spectrum of different ethnicities 

within the study was not considered (white British or minoritised background), similarly 

with sexual orientation (heterosexual or not heterosexual). Future research should 

consider including more variables for the prediction model to capture the range of 

patient’s sociodemographic backgrounds.  

Treatment Options and Future Research  

These findings suggest some patients within this sample could have had better 

outcomes if they had engaged in a different version of GSH. This is an important 

finding as currently in NHS services, CBT-GSH is the only treatment widely available 

at step 2. It is suggested that services should continue to adopt other therapeutic 
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models into GSH to offer to patients’ wider choice of interventions. Choice needs to be 

backed up with clear psychoeducational materials so that patient preferences are 

informed by the clearest descriptions and the best evidence. The algorithm developed 

within this study for matching patients to each GSH should be evaluated further within 

a larger sample of patients. It is hoped that with more robust testing of the algorithm, 

it could be incorporated into NHS services to match patients to treatment, to ensure 

the best possible outcomes.  

Conclusion 

Results from this study have suggested that matching patients to treatments can 

improve outcomes for brief GSH interventions for a subsample of patients. This study 

supports the use of machine learning and prediction models to enable treatment 

matching, suggesting that using trained models holds the potential of improving 

outcomes. However, where there is no strong recommended treatment, patient 

preference could guide treatment allocation. Future research should continue to build 

on this evidence base, indexing improvements to patient outcomes to increase public 

confidence in the use of AI. The study again underlines the need for treatment plurality 

at Step 2 of the NHS Talking Therapies. It seems particularly important to match 

patients to treatments at step 2 due to their brevity (6-8 sessions), as there is less time 

and opportunity to adapt the GSH when they are not effective for the individual. The 

results need to be considered with caution due to the unbalanced samples and lack of 

external validation to assess generalisability. There are no firm conclusions from the 

individual predictors of outcome, particularly for CAT-GSH. Further research work is 

clearly indicated with larger, more balanced samples to better understand who CAT-

GSH may work best for. 
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Appendix C. Demographic & treatment history data collected within initial trial 

and suitable for analysis (Kellett et al., 2023) 

Variable 
Method of Measurement 

(Transformed) 

Age Continuous  

Ethnicity White British or Minoritised Ethnicity 

Employment Status In Employment or Not Employed 

Sexual Orientation Heterosexual or Not Heterosexual  

Gender Male or Female  

Identification of Long-Term Condition 

(LTC) 

Self-reported LTC or no LTC 

Veteran Status Veteran or Not a Veteran 

Perinatal Status Pregnant or Not Pregnant 

Psychotropic Medication 
Not Taking Medication or Taking 

Medication 

Indices of Multiple Deprivation (IMD) Continuous  

GAD-7 baseline severity Continuous 

PHQ-9 baseline severity Continuous 

WSAS baseline severity Continuous 

BAI baseline severity Continuous 

Previous Treatment 
Previous Treatment Disclosed or No 

Previous Treatment 

Previous CAT Had CAT or Not Had CAT 

Previous CBT Had CBT or Not Had CBT 

Allocation Choice Treatment Preference or Randomisation 
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Appendix D. Supplementary Data Analysis Information 

 

Random Forest (Boruta method) 

Random forest builds multiple decision trees using a bagging method (a combination 

variable and bootstrapping samples; Breiman, 2001). A variable is selected to create 

a node, this is then analysed to establish threshold values to split observations (a tree 

branch). A new variable is then selected for each branch with remaining observations 

split through recursive partitioning. Various decision trees are build based on 

bootstrapped datasets and a random selection of variables. Data not included in the 

bootstrapped datasets are the out-of-the-bag (OOB) cases. This prevents overfitting 

of the model to the current dataset. The use of random selection reduces the overriding 

effects of stronger predictive variables as it uses information from weaker predictors. 

The importance of each predictor is expressed as a “mean decrease in accuracy” 

which presents how much a variable increases or decreases the models accuracy. 

Such approaches handle multicollinearity well and can be well suited to multivariable 

prediction models. 

One of the limitations of standard random forest variable selection is that it provides a 

rank-ordered list of variable importance but does not remove any variables. 

Researchers are required to set criteria for what threshold will be used to retain 

predictors in the model and this has been applied in different ways, including retaining 

only predictors reaching 90% importance in the model (Schwartz et al. 2021) or 

positive scores of mean decrease in prediction accuracy (Moggia et al. 2023). The 

Boruta method aims to address this issue by extending the random forest approach to 

include an embedded variable selection criterion. Shadow variables (one continuous 

and one categorical) are created based on the distributions of other variables in the 
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dataset and included in the model as a ‘noise’ variable (i.e., have no actual predictive 

power). Only variables which are ranked higher than one (tentative inclusion) or both 

(confirmed inclusion) shadow variables are deemed to have reliable predictive power 

over and above noise and are retained.  

Elastic Net Regularisation 

This method combines both the Least Absolute Shrinkage and Selection Operator 

(LASSO) and Ridge penalties. LASSO penalisation shrinks coefficients with no 

predictive value to zero and Ridge penalisation shrinks coefficients with less predictive 

value towards zero, therefore not excluding any predictors. Elastic Net reduces 

overfitting of the model, increases prediction accuracy and model generalisability (Zou 

& Hastie, 2005). Multiple potential models were tested using 10-fold cross-validation 

(Rodriguez et al., 2009), this enables selection of predictors to be less influenced by 

extreme outliers (Breckler, 1990; MacCallum et al., 1992). The Elastic net model which 

had the best accuracy and lowest prediction error (i.e., best combination of LASSO 

and Ridge penalties was chosen). The best fitting model was based on the one 

standard error rule, the most parsimonious model whose error was no more than one 

standard error above the error of the best model was chosen. As a result, this chosen 

model was more likely to generalise to other data and not be too specific (overfitted) 

to the current data, which might have been the case if the “best model” was chosen.  
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Appendix E. ANOVA Assumption Testing Results  

Test of Normality Full Sample (*significance at p<0.05) 

 

Test of Normality Subgroup (*significance at p<0.05) 

 

Test of Homogeneity of Variance Full Sample  

 

 

 

Test of Homogeneity of Variance Subgroup  

 

Time Group Shapiro-Wilk Statistic df Significance 

Baseline Optimal .970 131 .006* 
Non-optimal .941 78 .001* 

Post-treatment Optimal .955 131 <.001* 
Non-optimal .957 78 .010* 

Follow-up Optimal .949 131 <.001* 
Non-optimal .967 78 .041* 

Time Group Shapiro-Wilk Statistic df Significance 

Baseline Optimal .968 26 .575 
Non-optimal .829 11 .022* 

Post-treatment Optimal .877 26 .005* 
Non-optimal .943 11 .554 

Follow-up Optimal .933 26 .092 
Non-optimal .909 11 .235 

Time Levene Statistic df Significance 

Baseline .521 1, 207 .471 
Post-treatment .359 1, 207 .550 
Follow-up .869 1, 207 .352 

Time Levene Statistic df Significance 

Baseline 1.676 1, 35 .204 
Post-treatment .055 1, 35 .816 
Follow-up .254 1, 35 .617 


