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Lay Summary

Evidence-based psychological therapies are effective for a range of mental health problems. Although some research suggests that evidence-based psychological therapies are approximately equally effective, there is evidence that different psychological therapies may be more effective for some patients than others. One possibility is that patients with particular characteristics (e.g., specific symptoms, personality traits, etc.) may respond better to one type of psychological therapy than another. Therefore, researchers have investigated whether personalised treatments could improve outcomes in psychological therapy. Personalised treatments can take a variety of forms, including prospectively matching patients to different models of psychological therapy, or individually tailoring treatment plans for patients. By conducting a systematic literature review and empirical study, this thesis aimed to examine whether different forms of personalised psychological therapy improve outcomes for patients.
The first section of the thesis presents a systematic literature review and meta-analysis. The review aimed to evaluate whether personalised treatment is associated with improved mental health outcomes compared to treatment as usual. Sixteen studies were included in the review, with eight of these studies providing sufficient data to be included in meta-analyses. The results indicated that personalised treatment is associated with small, but significantly improved outcomes relative to standardised treatment. Specifically, this difference was found in studies which measured depression outcomes, and in studies which matched patients to different intensities of treatment. All except one of the studies included in the review were rated as having some concerns or a high risk of bias in relation to their methodology. When methodological bias was controlled for, the advantage in favour of personalised treatment was smaller, but remained significant. Multiplied across a large population of patients who engage in psychological therapy, this small advantage in favour of personalised treatment could result in a substantial number of patients experiencing better outcomes.
The second section of the thesis presents an empirical study. The study aimed to identify combinations of symptoms (symptom networks) in patients with depression, and to evaluate whether these symptom networks were associated with differential response to Cognitive Behaviour Therapy (CBT) and Counselling for Depression (CfD). A supervised machine learning approach called Bayesian network analysis was used to identify symptom networks at patients’ first treatment session which were predictive of their post-treatment outcome in CBT or CfD using a routine care dataset. This resulted in the development of a personalised advantage index (PAI) model, allowing us to predict which of these treatments patients would be most likely to respond to. The predictive accuracy and clinical utility of this PAI model was evaluated in a statistically independent hold-out sample. The results indicated that symptom networks were able to predict outcomes at end-of-treatment more accurately than chance. However, when the PAI model was applied to make treatment recommendations, this did not significantly improve patients’ overall outcomes. Therefore, the clinical utility of this model is limited.
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Section One: Literature Review
Does Personalised Treatment Matching Improve Outcomes in Psychological Therapy? A Systematic Literature Review and Meta-Analysis
Abstract

Objectives: The review aimed to examine whether personalised treatment is associated with improved mental health outcomes relative to standardised treatment, and to investigate the effectiveness of different approaches to personalisation in psychological therapy. 
Methods: This was a systematic review and meta-analysis of randomized controlled trials that compared the outcomes of personalised treatment with standardised treatment and other control groups. Studies were identified through Scopus, PsychINFO and Web of Science. Subgroup analyses were applied to investigate sources of effect size heterogeneity. The review protocol was pre-registered in the Open Science Framework. 
Results: Sixteen studies (N = 7003) met inclusion criteria for the review, eight of which (N = 4634) provided sufficient data for inclusion in the primary meta-analysis. A risk of bias assessment indicated that fifteen of the sixteen studies had some concerns or high risk of bias, but there was no significant evidence of publication bias. A small, statistically significant effect size was found in favour of personalised treatment relative to standardised treatment (was d = 0.21 [95% CI = 0.02, 0.41], p = 0.031). When studies with a high risk of bias were removed, this effect size was smaller but remained statistically significant (d = 0.12 [95% CI = 0.06, 0.19], p <0.001).
Conclusion:. The systematic literature review and meta-analysis indicates that personalisation is an effective strategy for improving overall outcomes from psychological therapy.
Practitioner Points:

· Personalised treatment is associated with superior outcomes in psychological therapy.
· In particular, personalised treatment has the potential to improve depression outcomes.
· Matching patients by treatment intensity may be especially worthy of consideration.
Keywords: personalised medicine; precision mental health; treatment matching; psychotherapy.
Evidence-based psychological therapies are effective for the treatment of various mental health problems (Barkham & Lambert, 2021). According to a network meta-analysis of 101 studies including 11,910 patients, psychological therapy demonstrates similar effectiveness to pharmacotherapy (Cuijpers et al., 2020). For example, a meta-analysis of 40 years of studies examining psychological therapies for depression found effect sizes of 0.71 for cognitive behaviour therapy (CBT), 0.74 for behavioural activation, 0.60 for interpersonal psychotherapy and 0.61 for short-term psychodynamic therapy (Cuijpers, 2017). Additionally, a meta-analysis of 41 studies comparing CBT to placebos for various anxiety disorders, in addition to obsessive compulsive disorder (OCD) and post-traumatic stress disorder (PTSD), found between-group effect sizes of 1.01 for generalised anxiety disorder (GAD), 0.41 for social anxiety disorder (SAD), 0.39 for panic disorder (PD), 1.13 for OCD and 0.48 for PTSD on disorder-specific measures (Carpenter et al., 2018).  
However, estimates of effect size in psychological therapy studies vary according to methodological factors. For example, in a review of 115 randomised controlled trials (RCTs) investigating psychological therapies for depression, an overall mean effect size of 0.68 reduced to an effect size of 0.22 when only high-quality studies were included (Cuijpers et al., 2010). More recently, a meta-analysis found that effect sizes for psychological therapy varied according to the type of control condition: effect sizes in favour of psychological therapy were 0.89 when compared to waitlist, 0.61 relative to care-as-usual, and 0.51 versus other controls (Cuijpers et al., 2019). Cuijpers et al (2019) also found that the effect size of psychological therapies reduced to 0.31 when publication bias was accounted for.
Meta-analyses that measure treatment effects at the group-level indicate approximately equal effectiveness across evidence-based psychological therapies (e.g., in the case of depression [Cuijpers et al., 2008; Barth et al., 2016]), which has led some to argue that all psychological therapies work through common factors. However, there is also evidence that some psychological therapies may be more effective for some patients than others (Mulder et al., 2017). One hypothesis is that heterogeneity in treatment effect may be explained by aptitude-by-treatment interactions (ATI; Cronbach & Snow, 1977), where different psychological therapy models, components or techniques have differential effects for patients depending upon their specific characteristics (e.g., attachment style). 
One approach to improving overall outcomes from psychological therapy has therefore been to personalise treatment. A form of personalised treatment has involved matching subgroups of patients to different treatments based upon factors hypothesised to predict differential response (Treatment Matching [TM]). For example, an RCT conducted by the Project MATCH research group (1998) matched subgroups of patients with alcohol use problems to one of three treatments (CBT, motivational enhancement therapy or 12-step facilitation) based upon matching hypotheses defined a priori. An alternative approach to personalising treatment has been to tailor treatment plans for individual patients (Individual Tailoring [IT]). For example, Schulte et al. (1992) developed personalised behaviour therapy treatment plans for specific phobia according to case-by-case problem analyses and compared this to standardised behavioural therapy.
Cohen et al. (2021) propose a useful conceptual framework to describe the different forms of personalisation of psychological therapy (Figure 1). According to this framework, there are Three Dimensions of Personalisation (3DP). In the 3DP framework, the first dimension is the timing at which personalisation decisions are made in a patient’s treatment pathway, such as before, during or after treatment. The second dimension is the level of intervention. This refers to the level of specificity of personalisation, such as the intensity of treatment, choice of modality, choice of techniques, or style of delivery. The third dimension is structure. This is the formality of the method of personalisation, on a continuum from informal idiosyncratic personalisation to using a formal statistical model. 
Figure 1
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Cohen et al’s (2021) Three Dimensions of Personalisation (3DP) Framework

There has been growing interest in personalised treatment in recent years. For example, using an IT approach, Fisher et al. (2019) designed tailored treatments plans for individual CBT patients, based upon unique symptom profiles (structure) developed using pre-treatment measures (timing). Treatment was tailored through the selection of specific treatment modules (level) targeting indicated symptom domains. This resulted in a large pre-post treatment effect (g = 1.86) for reducing symptoms of anxiety and depression. In a contrasting TM approach, Delgadillo & Gonzalez Salas Duhne (2020) used machine learning (structure) to identify subgroups of patients with differential responses to CBT and Counselling for Depression (CfD) based upon pre-treatment demographic and clinical information (timing). This resulted in the development of a targeted prescription algorithm to optimally match patients to CBT or CfD (level). In a retrospective analysis, cases that received their model-indicated treatment had a significantly higher rate of reliable and clinically significant improvement (62.5%) relative to cases who did not (41.7%).
However, it is yet to be established whether such personalised interventions lead to improved outcomes compared to standardised interventions. Therefore, the present systematic literature review and meta-analysis aimed to examine whether personalised treatment is associated with improved mental health outcomes relative to standardised treatment, and to investigate the effectiveness of different forms of personalisation in psychological therapy. To the knowledge of the authors, this is the first attempt to conduct a systematic literature review or meta-analysis of personalised treatment in psychological therapy.
Methods
The protocol for the systematic literature review was registered in the Open Science Framework (OSF) database prior to conducting the literature search (MD5: e730c768b5b99d9e911984befc9aea5e). 
Search strategy
Table 1 displays the inclusion and exclusion criteria that guided the review. The criteria were developed following a PICOS framework, which has demonstrated greater sensitivity than the SPIDER and greater specificity than the PICO search tools (Methley et al., 2014). Key search terms (related to personalisation, psychological therapy and randomised controlled trials) were developed in consultation with a liaison librarian, with potential terms tested and refined through a series of scoping searches which aimed to elucidate the optimal balance between specificity and comprehensiveness. The final terms were combined using Boolean operators (Appendix A). The search was conducted in April 2021 using three databases: SCOPUS, Web of Science and PsychINFO. No restrictions were applied relating to the date of publication.
Although included studies were required to use a validated measure of outcome, studies which used a mixture of validated and unvalidated measures were included in the review. The first author screened titles, abstracts and full texts against the inclusion and exclusion criteria. The second and third authors were consulted to resolve the first author’s queries about the inclusion of studies where necessary. Forwards and backwards citation searches were conducted for each included study, and authors of included studies were contacted via email to identify further studies meeting the inclusion and exclusion criteria. 

Table 1 
The inclusion and exclusion criteria presented in a PICOS framework
	
	Inclusion Criteria
	Exclusion Criteria

	Population
	Adult patients (18 years or older) accessing psychological treatment for a mental health problem
	Studies where more than 50% of patients were under 18 years old

	Intervention
	Studies in which patients were prospectively matched to psychological treatments, or where tailored psychological treatment was examined, and where the matching or tailoring method was the primary experimental intervention


	Studies that did not prospectively match patients to treatments

Treatment matching only to pharmaceutical treatments 

Treatment matching outside of a mental health context

	Comparator
	
	

	Outcome
	Outcome is recorded using a validated patient-reported measure, therapist-reported measure or diagnostic interview

A quantitative analysis of outcome is included
	Outcome not recorded using any validated measure, therapist-reported measure or diagnostic interview
No quantitative analysis of outcome is included

	Study design
	The study design is a randomised controlled trial


	Studies which are not randomised controlled trials
Articles written in languages other than English

Articles which have not been peer reviewed (i.e., grey literature)


Data Extraction

The first author conducted the data extraction. The primary outcome of interest was whether personalised treatment (i.e., via treatment matching or individual tailoring) led to improved mental health outcomes versus standardised treatment. Data were extracted relating to the effect of personalised treatment vs standardised treatment and personalised treatment vs. control groups (a heterogenous category including online discussion group, weekly check-in, waitlist). Quantitative data derived from all primary outcome measures or diagnostic interviews were extracted at all available timepoints. In addition to statistical outcomes, data were extracted pertaining to: study design; type of personalisation; country; setting; number of participants; participant age, gender and mental health conditions; interventions provided; total N; analysed N; narrative outcome. 
Risk of Bias Assessment
The Cochrane risk-of-bias tool for randomised trials (RoB 2) (Sterne et al., 2019) was used to assess the risk of bias. All included articles were assessed by the first author, with 50% of articles (k = 8) selected at random to be independently assessed by a separate researcher (a Trainee Clinical Psychologist). The first author and separate researcher subsequently compared their assessments and resolved any discrepancies. Interrater reliability before discrepancies were resolved was calculated using Cohen’s kappa coefficient, k = 0.40, indicating fair agreement (Landis & Koch, 1977).
Data Synthesis
A qualitative narrative outcome was conducted for all the reviewed studies. In addition, all studies which provided sufficient statistical data (i.e., some measure of between-group effect size) were included in a random effects meta-analysis. The statistical package Meta-Analysis via Shiny (MAVIS) (Hamilton et al., 2016) was used to conduct this. Between-group (personalised vs non-personalised) effect sizes were converted to Cohen’s d to enable a meta-analysis. Where studies reported more than one primary outcome measure, a pooled within-study effect size was calculated by combining effect sizes across all measures. In addition, Q and I2 statistics were calculated to test for heterogeneity (Huedo-Medina et al., 2006). Furthermore, three tests were used to investigate publication bias: a weighted regression model with multiplicative dispersion; a rank correlation test for funnel plot asymmetry; and a fail-safe N calculation using Rosenthal’s approach (Oswald & Plonsky, 2010). As there were fewer than 20 studies included in the meta-analysis, conducting moderator analyses was deemed inappropriate. However, subgroup analyses based upon the mental health context (depression, general distress), risk of bias (high, low), and type of personalisation (treatment matching, tailoring, level of personalisation) were conducted to investigate heterogeneity.
Results
Study Characteristics

The results of the search and selection process are displayed in a PRISMA diagram (Figure 2). The reasons for excluding each study at the full text screening stage (k = 72) are outlined in Appendix B. In total, sixteen studies met the inclusion criteria. Study characteristics are displayed in Table 2 and study outcomes are displayed in Table 3. 
Thirteen studies compared personalised treatment to standardised treatment and six studies compared personalised treatment to control groups. Multiple approaches to personalisation were identified by the search strategy. For the purposes of the present review and meta-analysis, included studies are categorised as having either a Treatment Matching (TM) or Individually Tailored (IT) treatment design. TM studies are those which prospectively matched subgroups of patients to treatments based upon hypothesised aptitude-by-treatment interactions (ATIs). IT studies are those which tailored treatments to individual patients, e.g., based upon co-morbidities or idiosyncratic case conceptualisations. 
Seven studies examined a TM approach to personalisation and nine studies examined an IT approach to personalisation. Studies using a TM approach to personalisation assigned patients to treatments based upon a decision-support tool (k = 2), a statistical model (k = 1), levels of sociopathy and psychopathology (k = 1), presenting problem and patient characteristics (k = 1), responses to the Addiction Severity Index (ASI) (k = 1) and diagnosis and patient goals (k = 1). Studies using an IT approach personalised therapy according to comorbidities (k = 3), case conceptualisations (k = 2), individual symptoms (k = 1), pre-treatment assessment scores (k = 1), pre-treatment OCD processes endorsed (k = 1) and a combination of pre-treatment interview and clinical impression (k = 1). Personalisation was achieved by prescribing specific treatment modules (k = 7), selecting treatment intensity (k = 4), selecting treatment modality (k = 3), selecting specific cognitive-behavioural techniques (k = 1) and tailoring specific online text (k = 1).
Using the 3DP framework, in terms of the timing of personalisation, all sixteen studies examined prospective treatment personalisation. With regards to level of personalisation, nine studies personalised treatment at the level of treatment components (techniques), four studies personalised at the level of treatment intensity (e.g., brief intervention vs. psychotherapy), and three studies personalised by treatment package (e.g., therapy modality A vs. therapy modality B). The structure of personalisation was more difficult to determine, as this exists across a continuum from an informal (e.g., clinical intuition) method of personalisation to a formal statistical model of personalisation. However, broadly, six studies were deemed to use an informal method of personalisation, one study was deemed to use a formal statistical model of personalisation and the remaining nine studies were deemed to use a semi-formal method of personalisation (i.e., following guidelines, a decision guide or decision rule).
The total number of participants across all included studies was N = 7,003, with a sample size range of 54 – 1868 participants. The gender of participants across all studies ranged from 76% male to 73% female, and mean age ranged from 25 to 44 years. In total, 5 studies were conducted in Sweden, 3 in Australia, 2 in Germany, 2 in the United States, 1 in the Netherlands, 1 in Russia, 1 in the United Kingdom and 1 was split between Switzerland, Germany and Austria. A total of 7 studies examined psychological therapy in an online setting with the remaining 9 studies examining predominantly face-to-face psychological therapy, which took place in in primary care settings (k = 3), substance use services (k = 2), university research clinics (k = 2), outpatient mental health services (k = 1) and psychotherapeutic inpatient settings (k = 1). The number of studies by each primary mental health condition examined were: depression (k = 5), anxiety disorders (k = 5), drug or alcohol dependence (k = 3) obsessive compulsive disorder (k = 1), any mental health problem (k = 1), psychological distress (k = 1). 
The most commonly used primary outcome measures among the studies were the Beck Depression Inventory version one (BDI) and version two (BDI-II) (k = 4), the Beck Anxiety Inventory (BAI) (k = 2), the Clinical Outcomes in Routine Evaluation – Outcome Measure (CORE-OM) (k = 2), and the Patient Health Questionnaire (PHQ-9) (k = 2). Other primary outcome measures used included the Global Severity Index (GSI), the Montgomery-Åsberg Depression Rating Scale Self-report (MADRS-S), the Generalised Anxiety Disorder questionnaire (GAD-7), the Kessler Psychological Distress Scale (K10), the Drinker Inventory of Consequences (DrinC), the Proportion of Days Abstinent (PDA), the Proportion of Days Heavy drinking (PDH), the Addiction Severity Index (ASI), the Obsessive Compulsive Inventory-Revised (OCI-R), the Yale-Brown Obsessive Compulsive Scale (Y-BOCS) and the Panic Disorder Severity Scale (PDSS). One study (Schulte et al., 1992) developed its own discrete measure of outcome based upon responses to five questionnaires, while another study (Coates et al., 2018) used the percentage of drinking days and quantity of alcohol consumed as their primary measures of outcome. While these two studies did not use validated measures to assess their primary outcomes, both studies used validated measures within the procedure and therefore met the inclusion criteria. Both studies were therefore included in the review. One study (Van Straten et al., 2006) measured outcome based upon recovery according to Diagnostic and Statistical Manual of mental disorders (4th version) (DSM-IV) criteria established by the Composite International Diagnostic Interview (CIDI). 
Risk of Bias Assessment
All studies except one were rated as having “some concerns” or a “high risk” of bias. Eight studies were rated as “high risk”, seven were rated as having “some concerns” and one was rated as “low risk” overall. The most common sources of bias related to: (1) the measurement of the outcome; or (2) the selection of the reported result. Respectively, these two sources of bias were typically due to: (1) the possibility that participants may have experienced increased expectancy effects because of being informed they were offered a personalised rather than standardised intervention; and (2) many studies not pre-registering analysis plans. Appendix C displays the overall risk of bias ratings for all reviewed studies, including ratings for each domain of the RoB 2.
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Table 2 
Characteristics of studies included in the review
	Study
	Design and Type of Personalisation
	Country
	Setting
	Participants
	Mental Health Conditions
	Interventions
	Primary Outcome Measures

	Berger et al. (2014)
	Randomised controlled trial

IT

Component-Level
Semi-formal Structure
	Switzerland, Germany, and Austria
	Online
	N = 132, 44% male, 56% female). Mean age = 35.1 years (SD
 = 11.4, range = 18 – 65) 
	86% of participants met diagnostic criteria

for SAD
, 33% for PD
 and 25% for GAD

	Tailored CBT-based internet treatment (modules prescribed according to individual symptoms), Disorder-specific CBT-based internet treatment, Waitlist (control)
	BAI

BDI

GSI


	Carlbring et al .(2011)
	Randomised controlled trial

IT
Component-Level
Semi-formal Structure
	Sweden
	Online
	N = 54, 76% male, 24% female. Mean age = 38.8 (SD = 10.7)
	Participants recruited from a waiting list of people interested in internet-based treatment for GAD, SAD or PD. For inclusion, participants had to meet DSM-IV
 criteria for an anxiety disorder
	Tailored CBT-based internet treatment (modules prescribed based on comorbidities and SCID-I
),

A confidential online support group targeting anxiety problems (control)
	BAI

CORE-OM

MADRS-S

QOLI


	Coates et al. (2018)
	Randomised controlled trial

IT
Component-Level
Semi-formal Structure
	Australia
	Hospital outpatient

drug and alcohol service
	N = 379, 65% male, 35% female; mean age = 44.3 years,

SD = 10.8
	All participants met DSM-IV criteria for alcohol dependence
	Targeted face-to-face CBT (modules chosen based upon pre-treatment assessment scores),

Standardised face-to-face CBT
	Percentage of drinking days 

Quantity of alcohol consumed 

	Delgadillo et al. (2021)
	Single-blind, cluster randomised controlled trial

TM

Intensity-Level

Statistical Model
	United Kingdom
	IAPT services – Primary Care
	N = 951, 35% male, 65% female, mean age = 38.3 years, SD = 14.5 (stratified care = 583, stepped care = 368)
	Patients presenting with depression and/or anxiety disorders. 
	Low intensity CBT and high intensity CBT. 

Matching was based upon a statistical model using machine learning, which drew upon a range of clinical and demographic factors.
	RCSI
 on the PHQ-9


	Fletcher, Chondros et al. (2021)
	Randomised controlled trial

TM
Intensity – Level

Semi-formal Structure
	Australia
	GP Practices – Primary Care
	N = 1868 adults aged 18-65, 32% male, 68% female, mean age = 35.5 years, SD = 12.1
	Patients with a score of 2 or more on the two-item version of the PHQ-9 or GAD-7
, or patients using medication for their mental health.
	Matched care, or usual care plus attentional control. 

Matched care involved an e-health platform (Target-D), consisting of symptom feedback, priority-setting and treatment matched to prognosis.

Treatments included online self-help, online psychological therapy and nurse-ed collaborative care.
	PHQ-9 scores at 3 months post-randomisation

	Fletcher, Spittal et al. (2021)
	Stratified randomised controlled trial

TM
Intensity-Level

Semi-Formal Structure
	Australia
	GP Practices – Primary Care
	N = 1671 adults aged 18-75 years
Control N = 837, 28% male, 73% female, mean age = 39.5 (SD = 14.8)

Intervention N = 834, 26% male, 73% female, mean age = 39.7, SD = 15.1

	Patients with a score of 2 or more on the two-item version of the PHQ-9 or GAD-7, or patients using medication for their mental health.
	Prognosis-matched care, or Usual care plus attention control.

Prognosis was determined by patient responses to a 23-item decision support tool which assessed psychosocial factors.

Interventions included low intensity care (an online programme) and high intensity care (nurse led collaborative care).
	Change in score on the K10
 at 6 months post-randomisation.

	Johansson et al. (2012)
	Randomised controlled trial

IT
Component-Level

Semi-Formal Structure
	Sweden
	Online
	N = 121, 29% male, 71% female, mean age = 44.7, SD = 12.1)
	Participants were recruited from a waiting list of people who had expressed an interest in internet-based treatment for depression. All participants had a diagnosis of MDD
, 55% of whom had a comorbid anxiety disorder
	Tailored (specific chapters for comorbid symptoms) online CBT-based guided self-help

Standardised (non-tailored), online CBT-based guided self-help

A monitored online discussion group (control)
	BDI-II

	Kadden et al. (2001)
	Randomised controlled trial

TM
Package-Level

Artisanal Structure
	United States
	University Research Clinic
	N = 250, 66% male, 34% female, mean age = 45 (SD = 10.7)
	All participants met DSM-IV criteria for alcohol dependence (98%) or alcohol abuse (2%)
	Patients were prospectively matched to face-to-face CBT, or Interactional Therapy based on levels of sociopathy and psychopathology, or randomly assigned to these same two treatments without deliberate matching
	Proportion of days abstinent 

Proportion of days heavy drinking 

	McLellan et al. (1997)
	Randomised controlled trial

TM
Intensity-Level

Artisanal Structure
	Philadelphia, United States
	Inpatient and Outpatient private treatment programmes for substance use
	N = 130 adults, 70% male, 30% female, average age = 38 years, 
	All participants were dependent on alcohol and/or drugs according to DSM-III
)
	Patients were randomised to standard or matched services. In matched services, patients received treatment according to responses to the ASI
. 

Treatments included medication and face-to-face therapy delivered by social workers, psychologists or psychiatrists as appropriate.
	ASI

	Moritz et al. (2016)
	Randomised controlled trial

IT
Component-Level

Semi-formal Structure
	Russia
	Online
	N = 89, 52% male, 48% female. Mean ages (standardised condition = 24.72 years, SD =6.65; tailored condition = 25.50 , SD = 8.05; waitlist = 25.41, SD = 5.97)
	All participants reported OCD
 symptoms. Participants did not necessarily have an OCD diagnosis, but severity of symptoms were in line with inpatient populations according to validated measures (OCI-R
, Y-BOCS
, BDI)
	Standard MCT
 self-help book, 

Tailored MCT self-help book (participants only received chapters relevant to OCD processes they had endorsed in a questionnaire), Waitlist (control)
	Y-BOCS

OCI-R

BDI

	Nordgren et al. (2014)
	Randomised controlled trial

IT
Component-Level

Semi-formal Structure
	Sweden
	Online
	N = 100, 37% male, 63% female, mean age = 35.4 years
	All participants had an anxiety disorder as primary diagnosis, with 58% also having at least one co-morbid axis-I disorder. Participants were predominantly recruited by GPs or nurses in primary care settings
	Tailored CBT-based internet treatment (modules selected for comorbidities),

Control group (participants were asked weekly about their wellbeing by a therapist)
	CORE-OM

	Schulte et al. (1992)
	Randomised controlled trial

IT
Component-Level
Artisanal Structure

	Germany
	University Research Clinic
	N =120 patients, 36% male, 64% female. Average age = 39.4 years (range = 19-65). 
	Patients with a diagnosis of a phobia according to DSM-III, without any other diagnosis, following the CIDI

	Tailored face-to-face behaviour therapy (choice of techniques personalised according to a case-by-case problem analysis guided by a “system of metarules”,

Standardised behaviour therapy (not tailored),

Yoked “variable standard therapy” (not tailored), in which treatment was provided that was originally tailored to a patient in the experimental group


	Anxiety Reaction Questionnaire 

Situation-Appraisal System 

Fear Thermometer

Fear Survey Schedule

Goal Attainment Scaling

Outcomes on the above measures were combined to result in a discrete outcome for each patient 

	Silfvernagel et al. (2012)
	Randomised controlled trial

IT
Component-Level

Semi-Formal Structure
	Sweden
	Online
	N = 57 participants, 35% male, 65% female. Mean age = 32.4 (SD = 6.9)
	Participants were recruited from on an online list of people interested in internet CBT research for panic disorder and generalised anxiety disorder. Participants had to report recurrent panic attacks for inclusion
	Tailored CBT-based online treatment (modules selected according to responses to the SCID-I and clinical impression),

Waitlist (control)

	PDSS


	Van Straten et al. (2006)
	Randomised controlled trial in routine practice

TM
Package-Level

Artisanal Structure
	Netherlands
	Outpatient mental health services
	N = 702 patients, 61% female, 39% male, mean age = 36.4, SD = 10.2 
	88% participants met DSM-IV criteria for a mood disorder, 53% for an anxiety disorder
	Patients were randomised to either matched care (default in this service and not protocolised) or stepped care (protocolised). 

In matched care a multidisciplinary team matched clients to face-to-face therapy based on presenting problem and patient characteristics. Treatments included interpersonal, supportive, psychoanalytic and eclectic.

In stepped care, brief therapy or CBT were the first steps, with patients allowed to switch.
	Recovery after

12 months and at study completion, defined as having no mood or anxiety disorder according to DSM-IV by telephone interview following the CIDI

	Vernmark et al. (2010)
	Randomised controlled trial

IT
Component-Level

Artisanal Structure
	Sweden
	Online
	N = 88 participants, 68% female, 32% male, mean age = 36.8 years (SD = 12.9)
	Participants were required to score at less than 31 and more than 14 on the MADRS-S, or have a diagnosis of MDD according to DSM-IV 
	Tailored CBT-based email therapy (text created by therapists based on individual case conceptualisation),
CBT-based guided self-help (not tailored),

Waitlist (control)
	BDI

	Watzke et al. (2010)
	Two-level Randomised controlled trial

TM
Package-Level

Artisanal Structure
	Germany
	Psychotherapeutic in-patient
	N = 291, 27% male, 73% female, mean age = 43 years (SD = 10.7)
	All participants were psychotherapeutic inpatients diagnosed with a mental health problem according to the ICD–10

	Participants were randomly assigned to Systematic Treatment Selection (STS) or random treatment selection.

STS recommendations were based on diagnosis and patient goals. 

Interventions were brief group CBT and brief group Psychodynamic therapy.
	GSI


Narrative Synthesis
Table 3 summarises the primary outcomes of all reviewed studies. All six studies which included a comparison of personalised treatment versus control groups (including waitlist, discussion group, weekly-check-in) found superior outcomes for personalised treatment. Seven out of thirteen studies which included a comparison of personalised treatment versus standardised treatment found a superior outcome for personalised treatment, five studies found no significant differences and one study reported a superior outcome for standardised treatment (Schulte et al., 1992). Of the seven studies reporting a superior outcome for personalised treatment versus standardised treatment, two studies identified superiority of personalised treatment only for a subsample of participants and not in the overall sample (Johansson et al., 2012 [patients with higher baseline depression severity or comorbidity]; Watzke et al., 2010 [patients systematically assigned to psychodynamic therapy]) and one study only identified superiority on one of three primary outcome measures (Kadden et al., 2001 [fewer negative consequences of drinking, but not fewer days of abstinence or heavy drinking]). Two of the seven studies reporting a superior outcome for personalised treatment versus standardised treatment reported on follow-up measurements: one study found that the differences favouring personalisation were maintained at 12-month post-treatment (Fletcher, Chondros et al., 2021) and one study found that the differences were maintained at 6-month post-treatment but became non-significant at 12-month post-treatment (Fletcher, Spittal et al., 2021). 
Table 3 
Primary outcomes of studies included in the review
	Study
	Total N
	Analysed N
	Narrative Outcome
	Statistical Outcome at Post Treatment and Follow-up (FU)

	Berger et al. (2014)
	132
	132

(Tailored = 44, Standardised = 44, Waitlist = 44)


	Tailored interventions superior to waitlist at posttreatment and 6-month follow-up. However, no differences found between tailored- and disorder-specific interventions at posttreatment or 6-month follow-up.
	The authors reported that the two intervention groups did not differ significantly on any measure at posttreatment, all ps > 0.26. Individual P values for differences on each measure were not reported. Effect sizes for Tailored vs Standardised were -0.05 (BAI
), 0.12 (BDI-II
) and -.02 (GSI
). Effect sizes for Tailored vs Waitlist were 0.87 (BAI), 0.83 (BDI-II) and 0.75 (GSI).

6-month FU: No group by time interaction was found, F(1, 58.6 – 80.9) = 0.03 to 2.06, all ps > .20), indicating no significant difference between standard and tailored treatments at 6-month follow-up. Effect sizes not provided.

	Carlbring et al. (2011)
	54
	54 (Tailored = 27, support = 27)
	A moderate effect was found in favour of the tailored intervention group relative to the control group across all measures at posttreatment.
	BAI: tailored intervention significantly more effective, F (1,51) = 9.53, p < .01, effect size = 0.38.

CORE-OM
: tailored intervention significantly more effective, F (1, 51) = 22.04, p <.001, effect size = 1.

MADRS-S
: tailored intervention significantly more effective, F (1, 51) = 10.64, p < .01, effect size = 0.69.

QOLI
: tailored intervention significantly more effective, F (1, 51) = 8.56, p <.01, effect size = 0.69.

	Coates et al. (2018)
	379
	379 (TAU
 = 193, Targeted = 186)
	No significant difference between targeted and standardised interventions in drinking days or consumption at posttreatment. 
	No significant difference in drinking days, b = 0.90 (SE = 1.07), p = 0.096.

No significant difference in consumption, b = 0.94 (SE = 1.08), p = 0.422.


	Delgadillo et al. (2021)
	951
	951 (stratified care = 583, stepped care = 368)
	Remission significantly higher in the stratified care group relative to standard care at posttreatment.
	PHQ-9
: At posttreatment, participants in the stratified (personalised) care group were significantly more likely to improve than in the stepped care group (RCSI: 52.3% vs. 45.1%; OR = 1.40, p = 0.025). Stratified care cases were also significantly more likely to meet IAPT
 criteria for recovery (48.2% vs 43.7%; OR = 1.33, p = .043).



	Fletcher, Chondros et al. (2021)
	1868
	1262 (analysed at 3-month follow-up, 610 = matched, 673 = usual care plus attentional control)
	Matched care saw greater improvements in depressive symptoms relative to usual care plus attentional control at 3-month post-treatment. This was maintained at 12-month follow-up.
	PHQ-9: The difference in mean depression scores at 3-month post-intervention was -.088 (95% CI = -1.45 to -.031) in favour of the matched care group, p = .003. The standardised mean difference was calculated at -0.16 (95% CI = -0.26 to -0.05).

12-month FU: PHQ-9: The difference in mean depression scores was -.059 (95% CI = -1.18 to 0.01) in favour of the matched care group, p = .05.  Standardised mean difference was calculated as -0.10 (95% CI = -0.21 to 0.002).



	Fletcher, Spittal et al. (2021)
	1671
	1125 (analysed at 6-month follow-up, 547 = matched, 578 = usual care plus attentional control)
	Greater reductions in psychological distress were found in the matched care group than in usual care plus attention control group at 6-month post-treatment. This difference became non-significant at 12-month post-treatment.
	K10
: The mean difference between groups was -0.88 (95% CI -1.66 to -0.11) in favour of the matched care group, p = .03. The standardised mean difference was calculated at -.09 (-0.17 to -0.01).

12-month FU: K10: The mean difference between groups was -0.55 (95% CI -1.39 to 0.30), p = .21. The standardised mean difference was calculated at -0.06 (-0.14 to 0.03) (non-significant).


	Johansson et al. (2012)
	121
	115 (36 = tailored treatment, 37 = standardised treatment, 42 = control)
	Both tailored treatment and standardised treatment resulted in greater symptom reduction than the discussion group.
Tailored treatment led to greater symptom reduction and higher recovery rates than the standardised treatment in the subgroup of participants with higher levels of depression at baseline and more comorbidity. However, these differences were not significant in the subgroup of participants with lower levels of depression, or in the overall sample.
	BDI-II: In the higher depression severity subgroup there was a significant interaction effect of intervention group and time (F(1, 102.4) = 6.19, p<.05) in favour of the tailored treatment relative to standardised treatment at post-treatment. The effect size for tailored treatment vs standardised treatment in the higher depression severity subgroup was d = 0.51 in favour of tailored treatment, and for tailored treatment vs control this was d = 1.29.

BDI-II: In the total sample, and in the lower depression severity subgroup, no interaction effects of group and time were found (F and p values not reported). In the total sample, effect size for tailored vs standardised treatment was d = 0.23, and for tailored vs control this was d = 0.84. 

12-month FU: BDI-II: Effect size at 12-month follow-up in the high-severity depression group was d = 0.69 (in favour of tailored treatment), in the low-severity depression group this was d = -0.11, and in the overall sample this was d = 0.27.


	Kadden et al. (2001)
	250
	250 (122 = matched, 128 = randomly assigned)
	Participants who were prospectively matched did not have superior drinking outcomes to those who were assigned randomly, but did have fewer negative consequences of drinking. Participants who were randomly assigned were more likely to be abstinent at end of treatment, but not at follow-up.
	PDA
 and PDH
: Type of treatment assignment (prospectively matched vs random) did not have a significant effect on percentage of days abstinent (PDA) or percentage of days heavy drinking (PDH) (statistical results not reported). 

3,6,9,12-month FU: No differences were found in PDA or  PDH between prospectively matched, randomly-assigned matched or randomly-assigned mismatched participants across follow-up times. Statistical results not reported.



	McLellan et al. (1997)
	130
	94 (Matched = 45, Standard = 49)
	Matched patients did not see a significant improvement on the ASI at 6-months post-treatment relative to standard care patients.
	ASI
: F = 2.15 (df = 1, 89), p <0.09. 

	Moritz et al. (2016)
	89
	50
	Both metacognitive conditions demonstrated significant improvements in OCD symptoms relative to waitlist. However, no significant differences were found between the tailored and standardised interventions.
	Y-BOCS
, OCI-R
 and BDI
: The authors did not report the statistics for the differences on these measures between the standardised and tailored groups, other than to state none of the analyses produced any differences (p > .3 or greater for all).


	Nordgren et al. (2014)
	100
	91 (46 = tailored, 45 = control), 75 at one-year follow-up
	Rates of clinically significant improvement were significantly higher in the tailored group than the control group (weekly check-ins)
	CORE-OM: Clinically significant improvement was 46% for the tailored group at post-treatment, compared to 12% for the control condition. 

Scores on the CORE-OM were significantly improved in the tailored group relative to the control group, F (1,89-97) = 5.097, p < .05, between group d = 0.86.

Mean CORE-OM score at pre-treatment was 18.44 (SE = 0.63) in the treatment group, down to 10.97 (SE = 0.75) at post-treatment. Mean CORE-OM score at pre-treatment was 17.65 (SE = 0.63) in the control group, remaining at 17.65 (SE = 0.63) at post-treatment. 

12-month FU: Between-group effect sizes not reported.



	Schulte et al. (1992)
	120
	97 after drop-out (33 = individualised, 30 = standardised, 34 = yoke control)
	The authors concluded that standardised group was superior to the tailored and yoked groups
	When the scores for the measures were combined to result in a discrete outcome for each patient, patients receiving standardised treatment had better outcomes than those receiving the individualised or yoked treatment, Chi2 (4) = 13.6, p < .01.

	Silfvernagel et al. (2012)
	57
	57 at post-treatment (29= tailored, 28 = waitlist), 29 at 12-month follow-up
	The tailored condition was significantly more effective in reducing panic symptoms than waitlist at post-treatment and 12 month follow up.
	PDSS
: At post treatment, the tailored condition was significantly more effective than the control condition, F (1,47.3) = 29.6, p < .001, between group d = 1.41.

12-month FU: PDSS: A mixed-models within-group analysis for the treatment condition showed a significant effect of time F (1, 18.3) = 19.5, p < .001, estimated mean = 4.80 (SE = 1.18), (SD 4.66), within-group d = 1.66.

	Van Straten et al. (2006)
	702
	451 at 12-month (171 = matched, 139 = CBT, 139 = BT)
, 479 at 18-24 month
	No statistically significant difference was found between matched care and stepped care.
	CIDI
: Odds ratios of recovery using ITT
 at 12-months were: 1.0 for matched care (reference), 1.36 (95% CI: 0.87-2.12) for CBT and 1.48 (0.94-2.32) for BT in stepped care. The difference between matched and stepped care was not statistically significant (p = .09)

18–24-month FU: CIDI: Odds ratios of recovery using ITT were: 1.0 for matched care (reference), 1.26 (95% CI: 0.81-1.98) for CBT and 1.41 (0.89-2.25) for BT in stepped care (not statistically significant).


	Vernmark et al. (2010)
	88
	85 at post-treatment (29 = tailored email, 27 = self-help, 29 = waitlist), 75 at 6-month follow-up
	Both tailored and standardised groups demonstrated significant reductions in depressive symptoms relative to waitlist. The authors argued that differences between the tailored and standardised groups were small, but favoured the tailored group.
	BDI: At posttreatment the tailored group demonstrated significant improvement compared to waiting list, p = .002, between groups effect size d = 0.96, within group effect size for tailored group, d = 2.27

BDI: However, there was no significant difference between the tailored and standardised groups, p = .41. 

6-month FU: BDI: Mean BDI score at pre-treatment was 22.2 (SD = 5.3) in the tailored group, changing to 9 (SD = 5.6) at 6-month follow-up. The tailored group within-group effect size was d = 2.42. Between-group statistics not available at follow-up.

	Watzke et al. (2010)
	291
	226 (RTS = 147, STS = 79)
	No general effect was observed for STS
 relative to RTS
. However, STS resulted in better long-term outcome for PDT specifically, but not for CBT.
	GSI
: At 6-months, there was no significant main effect of type of treatment assignment (STS: marginal mean = 0.98, SE = 0.06) (RTS: marginal mean = 1.00, SE = .07),  F(1, 226) = 0.13, p = 0.721, partial n2 = 0.001.

However, in terms of differential effectiveness, STS patients in the psychodynamic group benefited more from treatment than patients randomly assigned to psychodynamic (STS: marginal mean = 0.98, SE = 0.11) (RTS: marginal mean = 1.15, SE = 0.09),

F(1, 226) = 4.72, p = 0.031, partial n2= 0.021


Meta-Analysis
Eight studies (N = 4,634) provided sufficient data to be included in the primary meta-analysis comparing outcomes for personalised treatment versus standardised treatment. The mean effect size for personalised treatment versus standardised treatment was d = 0.21 (95% CI = 0.02, 0.41), p = 0.031, indicating that personalised treatment brought about significantly improved outcomes relative to standardised treatment (Figure 3). Cochran’s Q test (Q[7] = 45.28, p < .001) indicated significant evidence of heterogeneity, I2 = 88.86%. The test for funnel plot asymmetry (t[6] = 0.49, p = 0.639) and Kendall’s tau (0.29, p = 0.399) indicated no significant evidence of publication bias, fail-safe N = 100 (see Appendix D for funnel plot). 

Sub-group analyses for the meta-analysis examining personalised versus standardised treatment were carried out to investigate potential sources of heterogeneity. The subgroup analysis of studies using a depression measure (k = 4; n = 2395) yielded a mean effect size of d = 0.16 (95% CI = 0.08, 0.25), p <.001, indicating personalised treatment was associated with significantly improved depression outcomes relative to standardised treatment. No significant heterogeneity was found, Q(3) = 0.13, p = 0.99, I2 = 0%. 

The subgroup analysis of studies using a distress measure (k = 3, n = 1439) yielded a mean effect size of d = 0.09 (95% CI = -0.01, 0.20), p = 0.075, indicating no significant difference in distress outcomes between personalised and standardised treatment. There was no significant heterogeneity, Q(2) = 0.58, p = 0.748, I2 = 0%. 

The subgroup analysis of studies rated as having a high risk of bias (k = 2, n = 452) yielded an effect size of d = 0.57 (95% CI = -0.03, 1.18), p = 0.063. This is a higher effect size than the primary meta-analysis, but not statistically significant. There was significant heterogeneity, Q(1) = 5.78, p = 0.016, I2 = 82.7%.

The subgroup analysis of studies rated as having low risk of bias or some concerns (k = 6, n = 687) yielded an effect size of d = 0.12 (95% CI = 0.06, 0.19), p <0.001. This effect size is smaller than that found in the primary meta-analysis, but remains statistically significant. There was no significant heterogeneity, Q(5) = 3.18, p = 0.672, I2 = 0%.

The subgroup analysis of studies which used a TM approach to personalisation (k = 5, n = 4,034) yielded an effect size of d = 0.13 (95% CI = 0.06 to 0.19), p < 0.001, indicating that TM was associated with statistically significant superior outcomes to standardised (unmatched) treatment. There was no significant heterogeneity, Q(4) = 2.94, p = 0.568, I2 = 0%. 
The subgroup analysis of studies which used an IT approach to personalisation (k = 3, n = 540) yielded an effect size of d = 0.40 (95% CI = -0.12, 0.91), p = 0.133. While this is a larger effect size than that found for a TM approach, the effect was not statistically significant. Significant heterogeneity was found, Q(2) = 15.24, p = 0.001, I2 = 84.07%.

Subgroup analyses were conducted for the three different levels of personalisation of the 3DP framework: component-level matching (where patients are matched to particular treatment components or modules), intensity-level matching (where patients are matched to different intensities of treatment) and package-level matching (where patients are matched to a particular treatment modality). The subgroup analysis for component-level matching yielded the same result as that for IT studies reported directly above, as this evaluated the same results from the same studies. 
The subgroup analysis of studies which examined intensity-level matching (k = 3, n = 3,359) yielded an effect size of d = 0.14 (95% CI = 0.07, 0.21), p < 0.001, indicating that intensity-level matching was associated with significantly superior outcomes relative to standardised (unmatched) treatment. There was no significant heterogeneity, Q(2) = 1.03, p = 0.598, I2 = 0%. 
The subgroup analysis of studies using package-level matching (k = 2, n = 675) yielded an effect size of d = 0.06 (95% CI = -0.10, 0.21), p = 0.489, indicating no significant difference between package-level matching and standardised (unmatched) treatment. There was no significant heterogeneity, Q(1) = 0.99, p = 0.320, I2 = 0%. 
Six studies (N = 426) provided sufficient data for inclusion in the secondary meta-analysis comparing outcomes for personalised treatment versus control groups (either waitlist or [k=3], support group [k=1], discussion group [k=1] or weekly check-ins [k=1]). The mean effect size for personalised treatment versus control groups was d = 0.89 (95% CIs = 0.69, 1.09), p < 0.001, suggesting that personalised treatment was associated with significantly superior outcomes relative to control groups (Figure 4). Cochran’s Q test (Q[5] = 3.84, p = 0.573) suggested no significant heterogeneity, I2 = 0%. The test for funnel plot asymmetry (t[4] = 1.15, p = 0.315) and Kendall’s tau (0.20, p = 0.719) indicated no significant evidence of publication bias, fail-safe N = 166 (see Appendix E for funnel plot). 
A sensitivity analysis for the secondary meta-analysis was conducted, in which effect sizes derived from personalised treatment versus active control groups with minimally intensive interventions (support group, discussion group, weekly check-in) were removed, leaving only the effect sizes generated from personalised treatment versus waitlist control groups (k = 3, n = 203). This resulted in a slightly larger effect size for personalised treatment versus control groups (d = 1.01 [95% CI = 0.67, 1.34], p <0.001), with no significant heterogeneity (Q[2] = 2.58, p = 0.277, I2 = 20.96%). 
Figure 3 
Random-effects meta-analysis forest plot: Outcomes for personalised treatment versus standardised treatment
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Figure 4 
Random-effects meta-analysis forest plot: Outcomes for personalised treatment versus control groups
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Discussion
Summary of Results
This systematic review and meta-analysis found that personalised treatment matching was associated with improved outcomes relative to standardised treatment. There was no evidence of publication bias for this result, with the failsafe N calculation indicating that 100 studies with null results would be required to overturn it. The effect size for personalised treatment versus standardised treatment was small (d = 0.21) but statistically significant and remained statistically significant in studies with low risk of bias or with some concerns, albeit with a reduced effect size (d = 0.12) relative to studies with high risk of bias (d = 0.57). Personalised treatment had superior outcomes relative to standardised treatment on measures of depression (d = 0.16), but not on measures of distress (d = 0.09).
In terms of the type of personalisation, TM approaches to personalisation were associated with superior outcomes relative to standardised (unmatched) treatment (d = 0.13). However, IT approaches to personalisation were not significantly superior to standardised treatment (d = 0.40). In terms of the level of personalisation, intensity-level matching was associated with improved outcomes relative to standardised treatment (d = 0.14), whereas component-level matching (d = 0.40) and package-level-matching (d = 0.06) were not.
In the meta-analysis comparing personalised treatment to control groups, personalised treatment had a large advantage relative to control groups (d = 0.89). There was no evidence of publication bias for this result, with the failsafe N calculation indicating that 166 studies with null results would be required to overturn it.

Strengths and Limitations

This is the first systematic literature review and meta-analysis investigating personalised psychological therapy outcomes. Strengths of the review include the pre-registration of the study protocol, a systematic search conducted across three databases, the use of forward and backwards citation searches, a risk of bias assessment with reliability checks, and a meta-analysis of quantitative outcomes.
A potential limitation of the review may have been related to the search terms used

(Appendix A). The PRISMA diagram (Figure 2) indicates that a high proportion of studies (k = 11 out of k = 16) identified for inclusion in the review were identified through forwards and backwards citation searches. This might suggest that the original search terms failed to identify other studies which could have met the inclusion criteria for the review. However, this information was only available to the authors after the search strategy had been finalised and after all searches were conducted. This highlights the importance of the use of forwards and backwards citation searches, which was therefore arguably an important strength of the review.
A limitation of the review was the relatively small number of studies available for the secondary meta-analysis assessing outcomes for personalised treatment versus different types of control groups (waitlist, support group, discussion group, weekly check-in). This meant that “minimally intensive” active control groups (support group, discussion group, weekly-check-in) were combined with passive control groups (waitlist) into one heterogenous category to ensure sufficient studies were available to conduct the secondary meta-analysis. A sensitivity analysis indicated that removing the minimally intensive active control groups from this calculation resulted in a slightly larger effect size (d = 0.89 vs heterogenous control groups, d = 1.01 vs waitlist). This is consistent with research indicating that waitlist control conditions may be associated with a nocebo effect, leading to inflated effect sizes for intervention conditions (Mohr et al., 2014). Therefore, the primary meta-analysis which examined outcomes for personalised treatment versus standardised treatment provides the most relevant and important results.
Additionally, the small number of studies available meant that it was not possible to conduct subgroup analyses for measures of anxiety, different structures of personalisation or different follow-up durations, while the subgroup analysis for studies with a low risk of bias had to be grouped with studies rated as having some concerns. Although other subgroup analyses were conducted to investigate possible sources of heterogeneity, the relatively small number studies identified by the review meant that it was not possible to conduct more robust moderator analyses. Other limitations of the review were the exclusion of grey literature and studies not written in the English language.
Clinical Implications

Crucially, the results of the meta-analysis indicate that personalised treatment is associated with significantly improved outcomes relative to standardised treatment. While the effect size for this difference was small (d = 0.21), multiplying this difference over a large population of patients who engage in psychological therapy would result in a substantial number of patients experiencing improved mental health outcomes. For example, if Cohen’s d = 0.21 is translated to Numbers Needed to Treat (NNT) = 8.47, this indicates that approximately 11.8% of patients would have a better outcome from personalised treatment relative to standardised treatment. Applying this across a population of 634,649 patients completing a course of psychological therapy in UK Improving Access to Psychological Therapy (IAPT) services (NHS digital, 2021), personalised treatment would result in approximately 74,889 patients experiencing a better outcome each year. Therefore, mental health services might seek to improve outcomes for patients by implementing personalised treatment. 
Providing personalised treatment to improve depression outcomes may be particularly appropriate given: (1) the results of the subgroup analysis indicating significantly improved depression outcomes for personalised versus standardised treatment; and (2) evidence of approximately equivalent effectiveness across evidence-based psychological therapies for depression (Barth et al., 2016). Furthermore, in terms of the type and level of personalisation, the subgroup analyses indicate that matching patients to different treatment intensities may be particularly worthy of consideration. However, it is arguably premature to make firm recommendations for clinical practice due to the relatively small number of studies included in the sub-group analyses.
Further Research
A common source of bias in most studies included in the review was that patients self-reporting their outcome were aware of which intervention they had received, leading to the potential for increased expectancy effects upon being informed they were receiving a “personalised”, “tailored” or “matched” treatment rather than a “standardised” treatment or “usual care”. Some studies using a TM approach to personalisation addressed this by randomly assigning therapists to matched or unmatched treatment, with patients blinded to the allocation of their therapist (and therefore unaware of whether they were engaged in a matched or unmatched treatment). Another common source of bias originated from studies not pre-registering their analysis plans. Further research could therefore reduce the risk of bias by blinding patients to their allocated treatment and pre-registering analysis plans.
In relation to the 3DP framework, while studies investigated various levels of personalisation, the review did not identify any studies which examined personalisation at the level of the format of delivery (e.g., group vs face-to-face) or interactional style (e.g., directive vs. non-directive). In terms of the structure of personalisation, only one study investigated a statistical model of personalisation. Additionally, none of the included studies investigated personalisation during treatment. Therefore, further research may wish to investigate these relative gaps in the literature to assess whether these other forms of personalisation could lead to improved outcomes relative to standardised treatment.
Conclusions

In total, 16 studies met criteria for inclusion in the systematic literature review. All studies except one were rated as having some concerns or high risk of bias, but there was no significant evidence of publication bias. A meta-analysis found that personalised treatment matching was associated with improved outcomes relative to standardised treatment. The effect size for personalised treatment versus standardised treatment was small (d = 0.21) but statistically significant. When studies with a high risk of bias were removed, this advantage in favour of personalised treatment was smaller but remained statistically significant (d = 0.12). Therefore, personalised treatment has the potential to improve overall outcomes from psychological therapy.
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Appendices

Appendix A: Search Strategy
1. (match* OR selection OR targeted OR personalised OR personalized)
2. AND (psychological therap* OR psychotherap*)
3. AND (randomised control*" OR "randomized control*" OR RCT)
Appendix B: Studies Excluded at Full Text Screening Stage

	Author
	Year
	Title
	DOI
	Reason for Exclusion

	Aardoom et al.
	2017
	Moderators of change in an internet-based intervention for eating disorders with different levels of therapist support: What works for whom?


	10.1016/j.brat.2016.11.012


	Did not prospectively match patients to treatments

	Allen et al.
	1997
	Project MATCH secondary a priori hypotheses
	10.1111/j.1360-0443.1997.tb02889.x
	Did not prospectively match patients to treatments

	Anderson et al.
	2020
	Predictors and moderators of treatment outcome in a randomized clinical trial for binge-eating disorder
	10.1037/ccp0000503


	Did not prospectively match patients to treatments

	Arch & Ayers.
	2013
	Which treatment worked better for whom? Moderators of group cognitive behavioral therapy versus adapted mindfulness based stress reduction for anxiety disorders
	10.1016/j.brat.2013.04.004
	Did not prospectively match patients to treatments

	Avants et al.
	1998
	When is less treatment better? The role of social anxiety in matching methadone patients to psychosocial treatments
	10.1037/0022-006X.66.6.924
	Did not prospectively match patients to treatments

	Bagby et al.
	2008
	Personality and differential treatment response in major depression: A randomized controlled trial comparing cognitive-behavioural therapy and pharmacotherapy
	10.1177/070674370805300605
	Did not prospectively match patients to treatments

	Beaucham et al..
	2013
	Do personality traits matter when choosing a group therapy for early psychosis?
	10.1111/j.2044-8341.2011.02052.x


	Did not prospectively match patients to treatments


	Beutler.
	2003
	A comparison of the Dodo, EST, and ATI factors among comorbid stimulant-dependent, depressed patients
	10.1002/cpp.354
	Did not prospectively match patients to treatments

	Brown et al.
	2002
	Matching substance abuse aftercare treatments to client characteristics
	10.1016/S0306-4603(01)00195-2
	Did not prospectively match patients to treatments

	Bulmash et al.
	2009
	Personality, stressful life events, and treatment response in major depression
	10.1037/a0017149


	Did not prospectively match patients to treatments

	Carter et al.
	2018
	Patient predictors of response to cognitive behaviour therapy and schema therapy for depression
	10.1177/0004867417750756


	Did not prospectively match patients to treatments

	Chen et al.
	2014
	5-HTTLPR moderates naltrexone and psychosocial treatment responses in heavy drinking men who have sex with men
	10.1111/acer.12492
	Did not prospectively match patients to treatments

	Cohen et al..
	2020
	A demonstration of a multi-method variable selection approach for treatment selection: Recommending cognitive–behavioral versus psychodynamic therapy for mild to moderate adult depression
	10.1080/10503307.2018.1563312
	Did not prospectively match patients to treatments

	D’Antonio et al.
	2013
	Depression and traumatic brain injury: symptom profiles of patients treated with cognitive-behavioral therapy or supportive psychotherapy
	10.2217/npy.13.75
	Did not prospectively match patients to treatments

	Delgadillo et al.
	2017
	Case complexity as a guide for psychological treatment selection
	10.1037/ccp0000231
	Did not prospectively match patients to treatments

	Dew et al.
	2001
	Initial recovery patterns may predict which maintenance therapies for depression will keep older adults well
	10.1016/S0165-0327(00)00280-9
	Did not prospectively match patients to treatments

	Donker et al.
	2013
	Predictors and moderators of response to internet-delivered interpersonal psychotherapy and cognitive behavior therapy for depression
	10.1016/j.jad.2013.06.020
	Did not prospectively match patients to treatments

	Driessen et al.
	2016
	Differential efficacy of cognitive behavioral therapy and psychodynamic therapy for major depression: A study of prescriptive factors
	10.1017/S0033291715001853
	Did not prospectively match patients to treatments

	Dunlop et al.
	2015
	Preliminary findings supporting insula metabolic activity as a predictor of outcome to psychotherapy and medication treatments for depression
	10.1176/appi.neuropsych.14030048
	Did not prospectively match patients to treatments

	Eskildsen et al.
	2020
	Personalized psychotherapy for outpatients with major depression and anxiety disorders: transdiagnostic versus diagnosis-specific group cognitive behavioural therapy
	10.1007/s10608-020-10116-1
	Did not prospectively match patients to treatments

	Friedl et al.
	2020
	Using the personalized advantage index for individual treatment allocation to cognitive behavioral therapy (CBT) or a CBT with integrated exposure and emotion-focused elements (CBT-EE)
	10.1080/10503307.2019.1664782
	Did not prospectively match patients to treatments

	Gomez Penedo et al.
	2017
	Markers for context-responsiveness: Client baseline interpersonal problems moderate the efficacy of two psychotherapies for generalized anxiety disorder
	10.1037/ccp0000233
	Did not prospectively match patients to treatments

	Heather et al.
	2008
	UK Alcohol Treatment Trial: Client-treatment matching effects
	10.1111/j.1360-0443.2007.02060.x
	Did not prospectively match patients to treatments


	Huibers et al.
	2015
	Predicting optimal outcomes in cognitive therapy or interpersonal psychotherapy for depressed individuals using the personalized advantage index approach
	10.1371/journal.pone.0140771
	Did not prospectively match patients to treatments

	Joutsenniemi et al.
	2012
	Prediction of the outcome of short- and long-term psychotherapy based on socio-demographic factors
	10.1016/j.jad.2012.03.027
	Did not prospectively match patients to treatments

	Kikkert et al.
	2016
	The role of avoidant and obsessive-compulsive personality disorder traits in matching patients with major depression to cognitive behavioral and psychodynamic therapy: A replication study
	10.1016/j.jad.2016.08.017
	Did not prospectively match patients to treatments

	Kim et al.
	2019
	Initial severity-dependent longitudinal model with application to a randomized controlled trial of women with depression
	10.1002/sim.8072
	Did not prospectively match patients to treatments

	Kuerbis et al.
	2018
	Exploration of treatment matching of problem drinker characteristics to motivational interviewing and non-directive client-centered psychotherapy
	10.1016/j.jsat.2017.12.002
	Did not prospectively match patients to treatments

	Le Grange et al.
	2014
	Predictors and moderators of outcome for severe and enduring anorexia nervosa
	10.1016/j.brat.2014.03.006
	Did not prospectively match patients to treatments

	Le Grange et al.
	2012
	Moderators and mediators of remission in family-based treatment and adolescent focused therapy for anorexia nervosa
	10.1016/j.brat.2011.11.003
	Did not prospectively match patients to treatments

	Lloyd et al.
	2014
	Comorbidity in the prediction of cognitive processing therapy treatment outcomes for combat-related posttraumatic stress disorder
	10.1016/j.janxdis.2013.12.002
	Did not prospectively match patients to treatments

	Lorenzo-Luaces et al.
	2017
	A prognostic index (PI) as a moderator of outcomes in the treatment of depression: A proof of concept combining multiple variables to inform risk-stratified stepped care models
	10.1016/j.jad.2017.02.010
	Did not prospectively match patients to treatments

	Maude-Griffin et al.
	1998
	Superior efficacy of cognitive-behavioral therapy for urban crack cocaine abusers: Main and matching effects
	10.1037/0022-006X.66.5.832
	Did not prospectively match patients to treatments

	McGrath et al.
	2013
	Toward a neuroimaging treatment selection biomarker for major depressive disorder
	10.1001/jamapsychiatry.2013.143
	Did not prospectively match patients to treatments

	Moggia et al.
	2020
	Patterns of change and their relationship to outcome and follow-up in group and individual psychotherapy for depression
	10.1037/ccp0000562
	Did not prospectively match patients to treatments

	Najafzadeh et al.
	2017
	Economic evaluation of implementing a novel pharmacogenomic test (IDgenetix®) to guide treatment of patients with depression and/or anxiety
	10.1007/s40273-017-0587-0
	Did not prospectively match patients to treatments

	Newman et al.
	2017
	Interpersonal problems predict differential response to cognitive versus behavioral treatment in a randomized controlled trial
	10.1016/j.beth.2016.05.005
	Did not prospectively match patients to treatments

	Newman et al.
	2019
	Time-varying moderation of treatment outcomes by illness duration and comorbid depression in generalized anxiety disorder
	10.1037/ccp0000385
	Did not prospectively match patients to treatments

	Norr et al.
	2018
	Virtual reality exposure versus prolonged exposure for PTSD: Which treatment for whom?
	10.1002/da.22751
	Did not prospectively match patients to treatments


	O’Keeffe et al.
	2018
	Predicting dropout in adolescents receiving therapy for depression
	10.1080/10503307.2017.1393576
	Did not prospectively match patients to treatments

	Peters et al.
	2016
	Medical burden, body mass index and the outcome of psychosocial interventions for bipolar depression
	10.1080/10503307.2017.1393576
	Did not prospectively match patients to treatments

	Piper et al.
	1999
	Prediction of dropping out in time-limited, interpretive individual psychotherapy
	10.1037/h0087787
	Did not prospectively match patients to treatments

	Presnell et al.
	2012
	Therapist and client race/ethnicity match: An examination of treatment outcome and process with rural older adults in the deep south
	10.1080/10503307.2012.673022
	Did not prospectively match patients to treatments

	Rychtarik et al.
	2000
	Treatment settings for persons with alcoholism: Evidence for matching clients to inpatient versus outpatient care
	10.1037/0022-006X.68.2.277
	Did not prospectively match patients to treatments

	Sahin et al.
	2018
	Clinical severity as a moderator of outcome in psychodynamic and dialectical behavior therapies for borderline personality disorder
	10.1037/per0000276
	Did not prospectively match patients to treatments

	Serbanescu et al.
	2020
	Combining baseline characteristics to disentangle response differences to disorder-specific versus supportive psychotherapy in patients with persistent depressive disorder
	10.1016/j.brat.2019.103512
	Did not prospectively match patients to treatments

	Sundquist et al.
	2020
	Macrophage migration inhibitory factor as a predictor for long-term improvements after mindfulness-based group therapy or treatment as usual for depression, anxiety or stress and adjustment disorders
	10.1007/s12671-020-01352-3
	Did not prospectively match patients to treatments

	Van Bronswijk et al.
	2021
	Cross-trial prediction in psychotherapy: External validation of the personalized advantage index using machine learning in two Dutch randomized trials comparing CBT versus IPT for depression
	10.1080/10503307.2020.1823029
	Did not prospectively match patients to treatments

	Van Bronswijk et al.
	2021
	Selecting the optimal treatment for a depressed individual: Clinical judgment or statistical prediction?
	10.1016/j.jad.2020.09.135
	Did not prospectively match patients to treatments

	Van Bronswijk et al.
	2018
	The impact of personality disorder pathology on the effectiveness of cognitive therapy and interpersonal psychotherapy for major depressive disorder
	10.1016/j.jad.2017.08.043



	Did not prospectively match patients to treatments

	Vitinius et al.
	2019
	Somatic and sociodemographic predictors of depression outcome among depressed patients with coronary artery disease - a secondary analysis of the SPIRR-CAD study
	10.1186/s12888-019-2026-6
	Did not prospectively match patients to treatments

	Wallace et al.
	2013
	A novel approach for developing and interpreting treatment moderator profiles in randomized clinical trials
	10.1001/jamapsychiatry.2013.1960
	Did not prospectively match patients to treatments

	Young et al.
	2018
	Drinking to cope moderates the efficacy of changing veteran drinking norms as a strategy for reducing drinking and alcohol-related problems among U.S. veterans
	10.1037/adb0000347
	Did not prospectively match patients to treatments

	Zilcha-Mano et al.
	2016
	Reducing dropout in treatment for depression: Translating dropout predictors into individualized treatment recommendations
	10.4088/JCP.15m10081


	Did not prospectively match patients to treatments


	Chilvers et al.
	2001
	Antidepressant drugs and generic counselling for treatment of major depression in primary care: Randomised trial with patient preference arms
	10.1136/bmj.322.7289.772
	Matched by patient preference

	Dunlop et al.
	2017
	Effects of patient preferences on outcomes in the predictors of remission in depression to individual and combined treatments (PReDICT) Study
	10.1176/appi.ajp.2016.16050517
	Matched by patient preference

	Handelzalt & Keinan.
	2010
	The effect of choice between test anxiety treatment options on treatment outcomes
	10.1080/10503300903121106
	Matched by patient preference

	Hegerl et al.
	2010
	Effects of pharmacotherapy and psychotherapy in depressed primary-care patients: A randomized, controlled trial including a patients' choice arm
	10.1017/S1461145709000224
	Matched by patient preference

	Hell et al.
	2021
	The impact of free choice in alcohol treatment. Primary outcomes of the self-match study
	10.1016/j.drugalcdep.2021.108587
	Matched by patient preference

	Kwan et al.
	2010
	Treatment preference, engagement, and clinical improvement in pharmacotherapy versus psychotherapy for depression
	10.1016/j.brat.2010.04.003
	Matched by patient preference

	Leykin et al.
	2007
	The relation of patients' treatment preferences to outcome in a randomized clinical trial
	10.1016/j.beth.2006.08.002
	Matched by patient preference

	Lin et al.
	2005
	The influence of patient preference on depression treatment in primary care
	10.1207/s15324796abm3002_9
	Matched by patient preference

	Lindegaard et al.
	2020
	Internet-based psychodynamic therapy vs cognitive behavioural therapy for social anxiety disorder: A preference study
	10.1016/j.invent.2020.100316
	Matched by patient preference

	Bergbom et al.
	2014
	Early psychologically informed interventions for workers at risk for pain-related disability: Does matching treatment to profile improve outcome?
	10.1007/s10926-013-9478-1
	No mental health problem identified

	Conrad et al.
	2015
	The changeability and predictive value of dysfunctional cognitions in cognitive behavior therapy for chronic tinnitus
	10.1007/s12529-014-9425-3


	No mental health problem identified

	Jansen et al.
	2019
	Stepped care targeting psychological distress in head and neck cancer and lung cancer patients: which groups specifically benefit? Secondary analyses of a randomized controlled trial
	10.1007/s00520-019-04714-3
	No mental health problem identified

	Krebber et al.
	2016
	Stepped care targeting psychological distress in head and neck cancer and lung cancer patients: a randomized, controlled trial
	10.1093/annonc/mdw230
	No mental health problem identified

	Lackner et al.
	2019
	Factors associated with efficacy of cognitive behavior therapy vs education for patients with irritable bowel syndrome
	10.1016/j.cgh.2018.10.033
	No mental health problem identified

	Fisher et al.
	2019
	Open trial of a personalized modular treatment for mood and anxiety
	10.1016/j.brat.2019.01.010
	Not a randomised controlled trial

	Gunlicks-Stoessel et al.
	2019
	Latent profiles of cognitive and interpersonal risk factors for Adolescent depression and implications for personalized treatment
	10.1007/s10802-019-00552-3
	>50% of participants under 18 years old


	Arndt et al.

	2020
	Identifying change-dropout patterns during an internet-based intervention for depression by applying the muthen-roy model
	10.1080/16506073.2018.1556331
	Outcome not recorded using a validated patient-reported measure, therapist-reported measure or diagnostic interview

	Vaiva et al.
	2018
	Combining postcards, crisis cards, and telephone contact into a decision-making algorithm to reduce suicide reattempt: A randomized clinical trial of a personalized brief contact intervention
	10.4088/JCP.17m11631
	Unable to access in English


Appendix C: Risk of Bias Assessments

	Author and Date
	Risk of bias arising from randomisation process
	Risk of bias due to deviations from the intended interventions
	Risk of bias due to missing outcome data
	Risk of bias in measurement of the outcome


	Risk of bias in selection of the reported result
	Overall rating

	Berger_2014
	Low
	Low
	Low
	Some Concerns
	Some Concerns
	Some Concerns

	Carlbring_2011
	Low
	Some Concerns
	Low
	High
	Some Concerns
	High

	Coates_2018
	Low
	Low
	High
	High
	Low
	High

	Delgadillo_2021
	Low
	Low
	Low
	Low
	Low
	Low

	Fletcher_Chondros_2021
	Low
	Low
	Some Concerns
	Some Concerns
	Low
	Some Concerns

	Fletcher_Spittal_2021
	Low
	Low
	Low
	Low
	Some Concerns
	Some Concerns

	Johansson_2012
	Low
	Some Concerns
	Some Concerns
	Some Concerns
	Some Concerns
	High

	Kadden_2001
	High
	Low
	Low
	High
	Some Concerns
	High

	McLellan_1997
	Some Concerns
	Some Concerns
	High
	High
	Some Concerns
	High

	Moritz_2016
	Low
	High
	Low
	Some Concerns
	Some Concerns
	High

	Nordgren_2014
	Low
	Low
	Low
	Some Concerns
	Low
	Some Concerns

	Schulte_1992
	Some Concerns
	Some Concerns
	High
	High
	Some Concerns
	High

	Silfvernagel_2012
	Low
	Low
	Low
	High
	Low
	High

	Van Straten_2006
	Low
	Low
	Some Concerns
	Low
	Some Concerns
	Some Concerns

	Vernmark_2010
	Low
	Some Concerns
	Low
	Some Concerns
	Some Concerns
	Some Concerns

	Watzke_2010
	Low
	Low
	Low
	Low
	Some Concerns
	Some Concerns


Appendix D: Funnel Plot for Meta-Analysis assessing Personalised Treatment versus Standardised Treatment 
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Appendix E: Funnel Plot for Meta-Analysis assessing Personalised Treatment versus Control Groups

Section Two: Empirical Study
Do patients with different symptom profiles respond differentially to Cognitive Behaviour Therapy (CBT) and Counselling for Depression (CfD)?

Abstract

Objectives: The study aimed to identify specific symptom networks in depression and to evaluate whether these symptom networks are associated with differential response to Cognitive Behaviour Therapy (CBT) and Counselling for Depression (CfD).

Methods: A supervised machine learning method was applied in a routine Improving Access to Psychological Therapies (IAPT) dataset (N = 6363) to identify combinations of symptoms observed at first treatment session predictive of post-treatment outcome in CBT and CfD. This resulted in the development of a Personalised Advantage Index (PAI) model, which was subsequently validated in a statistically independent hold-out dataset (N = 6341). 
Results: Distinct symptom networks were identified as important in the prediction of depression outcomes in CBT and CfD. Each symptom network was found to predict the probability of reliable and clinically significant improvement (RCSI) more accurately than chance when applied to the validation dataset (CBT network AUC = 0.56; CfD network AUC =  0.60). Although differential responders assigned to their model-indicated treatment had higher rates of RCSI (42.5%) compared to those assigned to their suboptimal treatment (39.7%), these differences were not statistically significant (Odds Ratio = 1.13 [95% CI = 0.91, 1.34], p = .273).
Conclusion: Therefore, our findings suggest that symptom networks are not sufficient for supporting treatment matching recommendations in depression.

Practitioner Points:

· Distinctive symptom networks are associated with depression treatment response.
· Machine learning methods can predict treatment response more accurately than chance, and these predictions generalise to new samples.
· However, symptom networks are not sufficient for making reliable treatment matching recommendations.
· Keywords: personalised medicine; precision mental health; treatment matching; psychotherapy.
Depression is a mental health problem characterised by persistent low mood, loss of interest or pleasure in activities and other cognitive, behavioural or physiological changes which impact a person’s functioning (World Health Organisation, 2018). Lifetime prevalence rates of depression are estimated at 14.6% in high-income countries, and 11.1% in middle-income countries (Kessler & Bromet, 2013). Indeed, depression is the third-leading cause of years lived with disability worldwide (James et al., 2018), and is associated with poorer outcomes in physical health, education, relationships, employment and finances (Kessler & Bromet, 2013). The economic impact of depression is estimated at over £7.5 billion per year in the United Kingdom due to service costs and lost employment (McCrone et al., 2008).
While depression is often treated as a unitary construct, there is increasing evidence of heterogeneity in depression. For example, symptoms of depression have been shown to vary in terms of their longitudinal course (Merikangas et al., 1994), underlying causes, impact on impairment (Fried & Nesse, 2015a) and responsiveness to treatment (Chekroud et al., 2017). In an analysis of 3703 depressed patients, Fried and Nesse (2015b) identified 1030 unique symptom profiles, highlighting the heterogeneity within the construct of “depression”. As such, Fried (2017) argues that research should focus on identifying individual symptoms, associations between symptoms and identifying unique symptom profiles within depression. Using this approach, Uckelstam et al. (2019) identified four different symptom distress profiles, each with significantly different responses to treatment. Thus, the underlying structure of patients’ depression symptomology may have important implications for treatment response, and therefore treatment selection decisions. 

Meta-analyses have found approximately equal effectiveness across evidence-based psychological therapies for depression (Cuijper et al., 2008), with most studies finding small to moderate effect sizes on depressive symptoms when compared to treatment as usual (Barth et al., 2016). However, there is emerging evidence that some psychological therapies may be more effective for some patients than others (Mulder et al., 2017). Therefore, recent studies have developed methods to identify subgroups of patients with depression who respond optimally to different models of psychological therapy. For example, Huibers et al. (2015) used linear regression to build a predictive model for differential treatment response. The predictive model indicated that patients with more cognitive difficulties responded better to Interpersonal Psychotherapy (IPT), whereas those with more somatic complaints, paranoid symptoms, a higher number of life events, interpersonal self-sacrificing and an achievement-oriented attributional style responded better to Cognitive Therapy (CT). 
One method for predicting treatment response involves using machine learning algorithms. Machine learning is a computational approach which can draw upon a large number of variables to build predictive models. Schwartz et al. (2021) used a type of machine learning called random forest to identify variables relevant to the prediction of differential response to Cognitive Behaviour Therapy (CBT) and Psychodynamic Therapy (PT). This approach found that patients endorsing a higher number of physical and psychological symptoms, better self-rated functioning and lower levels of phobic anxiety had superior outcomes in CBT. In contrast, patients with higher self-rated depression scores and lower paranoia ideation scores had superior outcomes in PT.
An advantage of machine learning is the ability to identify combinations of variables which have relevance to an outcome of interest, in a data-driven way (i.e., without prior specification of hypotheses or expected patterns in the data). Machine learning approaches result in the development of predictive algorithms, which can then be tested in independent samples – a process called cross-validation. However, studies using such approaches to make predictions about outcome in depression have often been underpowered (Luedtke et al., 2019). Furthermore, these studies have often failed to cross-validate their predictive algorithms in external, statistically independent samples. Consequently, the generalisability (and therefore clinical utility) of most of these models is currently unknown. Kessler et al. (2019) argue that large data sets from routine clinical practice could be used to overcome limitations with sample size and generalisability to routine care. 

Recently, Delgadillo and Gonzalez Salas Duhne (2020) applied a supervised machine learning approach – elastic net- to predict response to CBT and Counselling for Depression (CfD) within a large practice-based data set. In a retrospective analysis, several clinical and demographic factors were found to predict differential response to CBT versus CfD (Delgadillo & Gonzalez Salas Dune, 2020). For example, patients with a minority ethnic background, disability and poorer socioeconomic status tended to respond better to CfD than CBT. In contrast, patients with more recent onset of depression, higher expectations of treatment and antidepressant use tended to favour CBT. The authors then applied the predictive algorithm generated using machine learning to retrospectively match patients to treatments based on these factors. When the algorithm was applied, patients who received their model-indicated treatment were significantly more likely to attain clinically significant improvement (62.5%) relative to those who did not receive their model-indicated treatment (41.7%). Such approaches therefore have the potential to significantly improve outcomes in psychological therapy.
The present study aims to build on this work and the evidence of heterogeneity in depression by using a supervised machine learning approach to identify combinations of symptoms which predict differential treatment response to CBT versus CfD in a large, archival, routine care data set. In contrast with Delgadillo and Gonzalez Salas Duhne (2020), the present study will focus on item-level symptom data and uses a different type of supervised machine learning - Tree-Augmented Naïve Bayes - which is able to model the interactions between potential predictors. The study aims to (1) explore whether unique symptom profiles can be identified within the construct of depression (2) evaluate whether these symptom profiles are associated with treatment outcome; and (3) examine whether patients can be optimally matched to treatments. In line with the use of machine learning as an exploratory method (Breiman, 2001), this study is predominantly data-driven in nature rather than hypothesis-driven. However, based on Delgadillo and Gonzalez Salas Duhne (2020), we hypothesise that approximately 30% of cases will be differential treatment responders, and that cases who received their model-indicated treatment will be significantly more likely to improve. The prediction algorithm will be subsequently applied to a statistically independent external sample to examine whether these findings are generalisable. 
Objectives
The study objectives are to:

1. Identify specific symptom networks among patients with depression which are associated with differential treatment outcomes in CBT vs. CfD, developed using patient responses to the Patient Health Questionnaire-9 (PHQ-9) (Spitzer et al., 1999), the Generalised Anxiety Disorder -7 (GAD-7) (Spitzer et al., 2006), and the Work and Social Adjustment Scale (WSAS) (Mundt et al., 2002).

2. Evaluate whether these symptom networks are associated with treatment outcomes (as measured by Reliable and Clinically Significant Improvement [RCSI] on the PHQ-9). 

3. Examine whether patients with specific symptom networks do better with one therapy rather than another (CBT versus CfD).

Hypotheses

1. We hypothesise that a subgroup of patients will be identified who respond differentially to CBT and CfD. Based on Delgadillo and Gonzalez Salas Duhne (2020), we predict that approximately 30% of patients will be differential responders.

2. We also hypothesise that, once differential responders are identified, cases assigned to their model-indicated treatment will have a higher rate of reliable and clinically significant improvement (RCSI) (as measured by the PHQ-9) than those who are not. 

We will test the generalisability of the results by applying the algorithm in an external and statistically independent dataset. 

Methods
Design

Setting and Interventions

 This study was based on a secondary analysis of a dataset collected between 2014 and 2017. The dataset included fully anonymous clinical and demographic data from patients that accessed psychological treatment in two NHS Trusts that managed Improving Access to Psychological Services (IAPT) services covering different regions of England (London; The Pennines). The collection and analysis of this dataset was approved by the London - City & East NHS Research Ethics Committee (06/01/2016, Ref: 15/LO/2200). The present study was approved by the University of Sheffield Research Ethics Committee (02/12/2020, Ref: 037414, Appendix A).
IAPT is a national programme which offers evidence based psychological therapies for people experiencing common mental health problems such as anxiety and depression (Clark, 2011). IAPT services employ a stepped care model, where patients are assigned to low-intensity (typically 4-6 sessions) or high-intensity therapies (up to 20 sessions). Low intensity interventions usually involve CBT-based guided self-help delivered on a one-to-one basis, via psycho-educational groups or online. In contrast, high intensity interventions comprise one-to-one CBT, counselling for depression (CfD), interpersonal psychotherapy (IPT), dynamic interpersonal therapy (DIT) or couple therapy for depression. 

Patients are typically referred to IAPT by a GP or self-referral (Step 1) and are initially assessed by a Psychological Wellbeing Practitioner (PWP). Following assessment, decisions about stepping to low intensity interventions (Step 2) or high intensity interventions (Step 3) are typically based upon the patient’s presenting problem, patient preference, clinician judgement and contextual factors such as waiting lists. The present study will focus on patients who have been treated at Step 3 with high intensity CBT or CfD.   

Participants

All participants included in the study dataset were assessed by IAPT workers using a semi-structured and standardised assessment schedule, and deemed suitable for treatment in IAPT. For inclusion in the present study, patients were required to have accessed either high intensity CBT or CfD, and have clinically significant (case-level) symptoms of depression at the start of their high intensity treatment. Cases were also required to have complete item-level data on the PHQ-9, GAD-7 and WSAS at first session of high intensity treatment to enable the development of latent symptom profiles. Based on these criteria, the total available study sample was N = 12,704. 

As the study dataset was collected from various IAPT services in different NHS Trusts, this allowed us to split the dataset by NHS Trust. Consequently, data collected from one NHS Trust were utilised for the training sample, while data collected from the other NHS Trust were utilised for the independent validation sample. These NHS Trusts were chosen according to sample size, ensuring that the training sample possessed a sufficient number of CBT and CfD cases to train the predictive algorithm. The resulting training sample comprised 6363 cases (CBT n = 2711; CfD n = 3652). The independent validation sample comprised 6341 cases (CBT n = 4908; CfD n = 1433). Table 1 displays demographic and clinical characteristics of cases in the training sample and validation sample.
Table 1

Participants’ demographic and clinical characteristics

	
	Full Sample

(N = 12,704)

Mean (SD) / %
	Training Sample 

(N = 6363)

Mean (SD) / %
	Validation Sample 

(N = 

6341) 

Mean  (SD) / %
	Test Statistic

(df)
	p

	Demographics
	
	
	
	
	

	Age
	37.62 (12.3)
	38.5 (12.6)
	36.8 (12)
	t(12702) = -7.62
	<.001

	Female
	65.8%
	64.4%
	67.2%
	χ2(1) = 10.96
	.001

	White
	80.2%
	90.8%
	70.1%
	χ2(1) = 814.73
	<.001

	Unemployed
	29.2%
	33.5%
	24.9%
	χ2(1) = 106.4
	<.001

	LTC
	30.3%
	31.2%
	29.6%
	χ2(1) = 3.02
	.082

	Clinical Characteristics
	
	
	
	
	

	Step 3 Treatment - CBT
	60%
	42.6%
	77.4%
	χ2(1) = 1601.82
	<.001

	First PHQ-9
	15.1 (6.5)
	15.7 (6.3)
	14.4 (6.5)
	t(12702) = -11.7
	<.001

	Last PHQ-9
	9.9 (7.2)
	10.2 (7.3)
	9.6 (7.1)
	t(12239) = -4.92
	<.001

	PHQ-9 Change
	5.1 (6.3)
	5.4 (6.4)
	4.8 (6.2)
	t(12239) = -5.81
	<.001

	PHQ-9 RCSI
	40.7%
	41%
	40%
	χ2(1) = 0.53
	.466

	First GAD-7
	13.5 (5.4)
	13.9 (5.3)
	13.1 (5.4)
	t(12702) = -8.28
	<.001

	Last GAD-7
	8.9 (6.2)
	9.1 (6.3)
	8.7 (6.1)
	t(12235) = -3.87
	<.001

	GAD-7 Change
	4.6 (5.7)
	4.7 (5.8)
	4.4 (5.6)
	t(12235) = -3.21
	.001

	GAD-7 RCSI
	40.4%
	41%
	40%
	χ2(1) = 1.63
	.202

	First WSAS
	20.2 (9.8)
	20.6 (10.1)
	19.8 (9.6)
	t(12702) = -4.55
	<.001

	Last WSAS
	14.6 (10.8)
	14.7 (11.1)
	14.5 (10.5)
	t(11606) = -0.63
	.530


Note. SD = Standard Deviation; df = degrees of freedom; t = t-test for equality of means, χ2 = chi-squared test; LTC = Long Term physical health Condition; CBT = Cognitive Behaviour Therapy; PHQ-9 = Patient Health Questionnaire; GAD-7 = Generalised Anxiety Disorder questionnaire; RCSI = Reliable and Clinically Significant Improvement; WSAS = Work and Social Adjustment Scale.
Sample size calculation

Following the sample size calculation rationale by Delgadillo and Gonzalez Salas Duhne (2020), n = 87 cases would be required to detect a medium effect size comparing cases that received their optimal versus suboptimal treatment, using a chi-square analysis with df 1, α = .05, and 80% power. This minimum sample size is then quadrupled (N = 350) to ensure the sample would be sufficient to carry out hypothesis testing in a conservative subset (25%) of cases expected to show differential response to treatments. This calculation is made for the external cross-validation stage of modelling. As such, this analytic strategy makes use of all available data in the primary sample to train an algorithm, and requires an adequately powered secondary dataset to test the algorithm’s performance in a statistically independent sample. The sample used for the independent cross-validation process had clinical data for 6,341 cases, considerably over this minimum sample size requirement.

Measures


Patients’ responses to three questionnaires routinely collected in IAPT services were used in order to identify treatment-specific symptom networks: the PHQ-9, GAD-7 and WSAS. Item-level data collected using these questionnaires at the first session of high-intensity treatment (CBT or CfD) were used to model these symptom networks. 

The PHQ-9 and the GAD-7 are questionnaires which can be used to measure the severity of symptoms of depression and anxiety respectively. Respondents are asked to rate how often they have been bothered by various problems in the previous two weeks on a 0-3 scale (0 = not at all, 3 = nearly every day). The PHQ-9 is scored out of 27, with scores ≥10 indicating clinically significant symptoms of depression (Kroenke et al., 2001). A change of ≥6 points on the PHQ-9 indicates reliable change (Richards & Borglin, 2011). The GAD-7 is scored out of 21, with scores ≥8 indicating clinically significant symptoms of depression (Kroenke et al., 2007). A change of ≥5 points on the GAD-7 indicates reliable change (Richards & Borglin, 2011). The WSAS is a five-item scale which assesses the impact of a problem (typically depression or anxiety) on functioning. 

Data Analysis

The analysis was conducted in three stages: 

1. All available data were partitioned into a training sample (to train a prediction model) and a validation sample (to evaluate its performance and clinical utility).

2. Treatment-specific symptom networks relevant to the prediction of therapy outcome in CBT and CfD were identified. This resulted in the development of a treatment selection algorithm.

3. The algorithm was validated in a statistically independent data set.
Stage one of the analysis involved the development of an adequate training sample within the available dataset from one of the two NHS Trusts. As recommended by Kessler et al. (2019), Propensity Score Matching (PSM) was used to balance baseline characteristics across the two treatment samples (CBT and CfD). The rationale for doing this was to ensure that covariates/confounders were balanced across these treatment groups, since patients in this sample were referred to one of the treatments based on clinical judgment rather than a random allocation procedure (which is routine practice in IAPT services). PSM is an appropriate statistical approach to balance baseline differences in observed covariates across groups of patients exposed to different treatments in observational studies (Rosenbaum, 2017). PSM was based on a logistic regression predicting CfD group membership, entering age, ethnicity, employment, presence of a long term physical health condition (LTC) and pre-treatment scores on the PHQ-9, GAD-7 and WSAS as predictors. The PSM used a one-to-one nearest neighbours approach with a conservative tolerance level (caliper = 0.2) specified a priori, and allowing replacement to maximize matching precision. This yielded a balanced and comparable set of CBT (n = 2182) and CfD (n = 1340) cases to be used as a training sample in the next stage of analysis.
Stage two of the analysis aimed to identify symptom networks relevant to the prediction of therapy outcome in the two treatments (CBT and CfD), using the training sample described above. Outcome was treated as a binary variable (improved or not improved), determined using criteria for reliable and clinically significant improvement (RCSI; Jacobson & Truax, 1991). Cases were classified as improved where post-treatment PHQ-9 scores were below the clinical threshold (<10) and at least 6 points lower than the score observed at the first treatment session (McMillan et al., 2010). A supervised machine learning approach was then used to identify combinations of symptoms (on the PHQ-9, GAD-7 and WSAS) observed at the first therapy session which predicted post-treatment outcomes in each treatment (CBT and CfD). This required separately analysing cases that accessed CBT and CfD in the training sample, with RCSI as the dependent variable. The analytical approach used a Tree-Augmented Naïve Bayes (TAN) algorithm with adjustment for small cell counts (Friedman et al., 1997). TAN is a supervised machine learning approach that models a network of relationships (attribute dependencies) between predictors and their joint influence over a target outcome. TAN produces a Bayesian network model where each predictor is allowed to depend on one additional predictor, thus modelling multiple two-way interactions between symptoms. Variable (i.e., symptom) selection into the resulting symptom-network models was performed using the Markov blanket conditional independence test (Cheng et al., 1998) within a ten-fold cross-validation framework (Rodriguez et al., 2010). In this way, separate symptom-network models were produced for CBT and CfD, based on observed relationships between symptoms (at the first high-intensity treatment session) and their association with eventual depression treatment outcomes. Despite its complexity, this TAN machine learning approach outputs a simple and intuitive visualisation of symptom-networks, and a binary predicted classification for each patient (1 = predicted to attain reliable and clinically significant improvement [RCSI] based on initial symptom-network structure; 0 = not predicted to attain RCSI). Furthermore, the TAN algorithm also outputs a predicted probability of RCSI, using an intuitive probability scale (0% - 100%).

In the third stage of the analysis, the prediction algorithm developed in stage two was externally validated by applying it to the statistically independent validation sample. A Personalised Advantage Index (PAI) was developed which highlights the increased probability of a case attaining RCSI with their model-indicated treatment. This was calculated as the difference in prognosis between the two treatments, expressed as a percentage (see further details described by Delgadillo & Gonzalez Salas Duhne, 2020). We then constructed three groups based on the PAI: cases for which CBT were indicated, cases for which CfD were indicated, and cases for which there were no optimal treatment. Cases were classified as differential responders (and grouped accordingly) only when the PAI was at least one standard deviation above or below the mean. Finally, a Chi-squared test was used to compare expected and actual rates of RCSI when cases were allocated to their model-indicated treatment (relative to their suboptimal treatment) in the validation dataset.
Results
Bayesian Network Model for CBT Patients


In the training sample, the overall base rate of RCSI for CBT patients was 37%. Variable selection using ten-fold cross-validation in the training sample identified the following items as predictive of RCSI in CBT patients: PHQ-9 items 1, 7 and 9, and WSAS items 1, 2, 3, 4 and 5. No items from the GAD-7 were selected. The relative importance of each selected item in predicting RCSI is displayed in Figure 1. The resulting Bayesian network model, illustrating the interactions between symptoms (nodes) predictive of RCSI, is displayed in Figure 2. Additionally, conditional probabilities were produced for each node in the network (Appendix B-I). Table 2 displays an example for the WSAS item 4 node, and its relationship with the PHQ-9 item 1 node in relation to predicting RCSI for CBT patients. The table demonstrates that, for example, a CBT patient scoring an “8” on WSAS item 4 (indicating a very severe impact on private leisure activities) and a “3” on PHQ-9 item 1 (indicating little interest or pleasure in doing things nearly every day) at first session would have a 25% probability of attaining RCSI at end of treatment. In contrast, a CBT patient scoring a “1” on WSAS item 4 (slight impact on private leisure activities) and “3” on PHQ-9 item 1 at first session would have just a 2% probability of attaining RCSI at end of treatment. Conditional probabilities for all other nodes in the network are presented in Appendix B-I.


When applied to the training sample, an evaluation of the Bayesian network model for CBT patients indicated that it performed better than chance, Area Under the Curve (AUC) = 0.74 (Gini index = 0.48), correctly classifying 64.07% of cases (Total N = 1398).
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Note. Each blue circle represents an item-level predictor (node) in the network. The orange circle represents the outcome of interest (RCSI on the PHQ-9). Nodes are connected by arrows (edges). In this way, interactions between nodes exert an influence on the outcome of interest (joint modelling of conditional probabilities). 
Table 2
Conditional Probabilities of WSAS Q4 Node in CBT Network
	Parents
	Probability

	RCSI
	PHQ Q1
	0
	1
	2
	3
	4
	5
	6
	7
	8

	Yes
	0
	0.31
	0.08
	0.19
	0.12
	0.19
	0.08
	0.00
	0.04
	0.00

	Yes
	1
	0.14
	0.13
	0.17
	0.16
	0.17
	0.07
	0.11
	0.01
	0.04

	Yes
	2
	0.09
	0.08
	0.16
	0.11
	0.18
	0.09
	0.16
	0.06
	0.06

	Yes
	3
	0.04
	0.02
	0.08
	0.06
	0.14
	0.08
	0.13
	0.20
	0.25

	No
	0
	0.26
	0.06
	0.13
	0.10
	0.10
	0.06
	0.10
	0.06
	0.13

	No
	1
	0.10
	0.06
	0.20
	0.14
	0.17
	0.09
	0.10
	0.05
	0.07

	No
	2
	0.05
	0.04
	0.14
	0.10
	0.20
	0.10
	0.18
	0.09
	0.09

	No
	3
	0.03
	0.02
	0.05
	0.06
	0.10
	0.07
	0.21
	0.17
	0.30


Note. Parents refers to the parent node of WSAS Q4 in the CBT network (PHQ Q1), meaning the node via which it exerts its influence on the outcome of interest.

Bayesian Network Model for CfD Patients

In the training sample, the overall base rate of RCSI for CfD patients was 46%. Variable selection using ten-fold cross-validation in the training sample identified that only one item was predictive of RCSI in CfD patients: PHQ-9 item 9. No items from the GAD-7 or WSAS were selected. Applying the TAN algorithm using this item as a predictor yielded a simple Bayesian network model predictive of RCSI in CfD patients (Figure 3). Table 3 displays the conditional probabilities for PHQ-9 item 9 in relation to predicting RCSI for CfD patients. The table demonstrates that, for example, a CfD patient scoring a “0” on PHQ-9 item 9 (no thoughts of being better off dead or of hurting yourself in some way) at first session would have a 59% probability of attaining RCSI at end of treatment. In contrast, a CfD patient scoring a “3” on PHQ-9 item 9 (thoughts of being better off dead or of hurting yourself in some way nearly every day) would have just a 5% probability of attaining RCSI at end of treatment.

When applied to the training sample, an analysis of the Bayesian network model for CfD patients indicated that it performed better than chance, AUC = 0.59 (Gini index = 0.19), correctly classifying 55.67% of cases (Total N = 1340).
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Note. The blue circle represents an item-level predictor (node) in the network. The orange circle represents the outcome of interest (RCSI on the PHQ-9). The arrow (edge) illustrates the influence the node exerts on the outcome of interest.
	Table 3

Conditional Probabilities of PHQ Q9 Node in CfD Network

	
	Probability

	RCSI
	0
	1
	2
	3

	Yes
	0.59
	0.24
	0.13
	0.05

	No
	0.44
	0.24
	0.18
	0.14


External Cross-Validation of Bayesian Network Model Predicting RCSI in CBT Patients

When applied to the external validation sample, an analysis of the Bayesian network model for CBT patients indicated that it performed better than chance, AUC = 0.56 (Gini = 0.13), correctly classifying 56.07% of cases (Total N = 3599). Table 4 displays the coincidence matrix, which illustrates the number of model-predicted and actual CBT patients attaining RCSI.

Table 4
Coincidence Matrix

	
	No RCSI
	RCSI

	No RCSI
	1469
	616

	RCSI
	965
	549


Note. Columns show predicted n, rows show actual n

External Cross-Validation of Bayesian Network Model for CfD Patients

When applied to the external validation sample, an analysis of the Bayesian network model for CfD patients indicated that it performed better than chance, AUC = 0.60 (Gini = 0.21), correctly classifying 57.4% of cases (Total N = 1046). Table 5 displays the coincidence matrix, which illustrates the number of model-predicted and actual CfD patients attaining RCSI. Table 6 displays the predictive accuracy of the CBT and CfD Bayesian network models in the training and validation samples, including the cross-validation shrinkage.
Table 5

Coincidence Matrix

	
	No RCSI
	RCSI

	No RCSI
	392
	294

	RCSI
	152
	208


Note. Columns show model-predicted n, rows show actual n
Table 6
Predictive accuracy of the CBT and CfD Bayesian Network Models
	Bayesian Network Model
	Training Sample
	Validation Sample
	Cross-Validation Shrinkage

	
	AUC
	AUC
	AUC difference

	CBT network
	.74
	.56
	-.18

	CfD network
	.59
	.60
	.01


Note. AUC = Area Under the Curve

Development of a Personalised Advantage Index


The Bayesian network models produced a predicted probability of recovery for each case with CBT and CfD. This enabled the development of a Personalised Advantage Index (PAI), highlighting the increased probability of RCSI for each case when allocated to their recommended treatment. The mean PAI was -0.075 (SD = .23), where a score closer to -1 indicated a stronger recommendation for CfD and a score closer to 1 indicated a stronger recommendation for CBT. Figure 4 displays the distribution of cases according to their PAI.

Based upon the PAI, cases in the validation sample were assigned to one of three groups: cases for whom the optimal treatment was CBT (n = 738, 15.9%), cases for whom the optimal treatment was CfD (n = 687, 14.8%), and cases for whom no optimal treatment was indicated (n = 3220, 69.3%). In total, 30.7% of cases were therefore classified as differential responders. 
Figure 4
Distribution of cases according to their Personalised Advantage Index (PAI)
Note. Cases distributed closer to -1 represent those with a stronger recommendation for CfD. Cases distributed closer to 1 represent those with a stronger recommendation for CBT. Each dotted vertical line represents one Standard Deviation (SD) each side of the mean, with cases outside of this range classified as differential responders to either CfD or CBT.
A Chi square (χ2) test and Odds Ratio (logistic regression) calculated in the validation sample indicated that differential responders assigned to their model-indicated treatment did not have a significantly different rate of RCSI (42.5%) relative to differential responders assigned to their suboptimal treatment (39.7%), χ2 (df = 1) = 1.2, p = .273; OR = 1.13 (95% CI = 0.91, 1.34), Nagelkerke R2 = .001. Figure 5 displays the rates of RCSI for cases who received their model-indicated optimal and suboptimal treatment.
Figure 5

Rates of Reliable and Clinically Significant Improvement (RCSI) for cases allocated to their model-indicated optimal or suboptimal treatment
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Discussion


Distinctive symptom networks were identified as important in the prediction of RCSI in CBT (Figure 2) and CfD (Figure 3) patients respectively. Each resulting Bayesian network model was found to predict the probability of RCSI for CBT and CfD patients more accurately than chance in the training sample (CBT network 14.07% above chance, CfD network 5.67% above chance). When these Bayesian network models were applied to the statistically independent validation dataset, they continued to predict the probability of RCSI more accurately than chance (CBT network 6.07% above chance, CfD network 7.4% above chance).
In total, 30.7% of patients were classified as differential responders. This finding was consistent with previous research (Delgadillo & Gonzalez Salas Duhne, 2020). However, importantly, differential responders assigned to their model-indicated treatment did not exhibit significantly different rates of RCSI (42.5%) relative to those assigned to their suboptimal treatment (39.7%). Therefore, the clinical utility of our findings for supporting treatment matching recommendations is limited.

Using the Bayesian Network Models to Predict Differential Response: Case Examples

Using the conditional probabilities tables, it is possible to predict the different probabilities of RCSI for a patient receiving CBT or CfD based upon their baseline item-level responses. For example, a patient endorsing a high level of suicidality (responding “3” to item 9 of the PHQ-9) would have only a 5% probability of RCSI with CfD (Table 3). However, the same patient endorsing a high level of suicidality alongside a persistent loss of interest or pleasure in activities (responding “3” to item 1 of the PHQ-9) would have a 19% probability of RCSI with CBT (Appendix D). Therefore, in this case, a patient would be predicted to have a higher chance of RCSI with CBT. 


In another case example, a patient indicating no suicidality (responding “0” to item 9 of the PHQ-9) would have a 59% probability of attaining RCSI with CfD (Table 3). However, the same patient indicating no suicidality alongside a persistent loss of interest or pleasure in activities (responding “3” to item 3 of the PHQ-9) would have a 41% probability of RCSI with CBT (Appendix D). Therefore, in this case, a patient would be expected to have a higher chance of RCSI with CfD. 


However, while the Bayesian network models performed more accurately than chance at predicting RCSI in the statistically independent validation sample, the findings suggest that making treatment matching recommendations accordingly would not improve overall rates of RCSI. Therefore, the clinical utility of the predictive model is limited.

Relationship with Psychological Theory and Previous Research

The present study builds on the work of previous research attempting to predict response to psychological therapy. The finding that individual item-level data can be used to make predictions about differential response to CBT and CfD adds to findings from Delgadillo and Gonzalez Salas Duhne (2020), who found that several demographic and clinical factors (including ethnicity, disability, socioeconomic status, onset of depression, treatment expectations and antidepressant use) were predictive of differential response to these same treatments. However, in contrast to Delgadillo and Gonzalez Salas Duhne (2020), the prognostic factors identified by the present study (i.e., the predictive symptom networks) did not culminate in treatment recommendations which improved the overall rate of RCSI. This suggests that while a combination of relevant demographic and clinical factors are able to inform useful treatment matching recommendations, symptom networks are not.

The development of two different symptom networks relevant to the prediction of response to CBT and CfD is consistent with evidence of heterogeneity within depression. As recommended by Fried (2017), the present study focussed on identifying associations between symptoms and unique symptom profiles within depression. The findings emphasise that endorsing different levels of symptoms within each network is associated with a different probability of response to treatments. This adds to evidence that depression is not a unitary construct: in addition to having different underlying causes, impacts on functioning (Fried & Nesse, 2015a) and prognoses (Merikangas et al., 1994), patients with depression have distinct symptom profiles predictive of differential outcome.


The decision to focus on symptom networks as predictors of differential outcome was informed by testable hypotheses from the network theory of psychopathology (Borsboom, 2007). Network theory states that mental health problems arise from interactions (connections) between symptoms (nodes). These connections give rise to a symptom profile (network), which correspond to problems (such as depression) described by current diagnostic manuals. By using a Tree-Augmented Naïve Bayes (TAN) algorithm to construct Bayesian network models, the present study accounted for the interactions between symptoms (as well as the symptoms themselves) in predicting patient outcomes from different treatments. Therefore, the finding that symptom networks were not sufficient to inform useful treatment recommendations has important implications for the network theory of psychopathology, indicating that its clinical utility may be limited.

Furthermore, the present study draws upon Bayes’ theorem in its prediction of patient outcomes. Using Bayesian concepts, the prior probabilities of RCSI from CBT and CfD in the training sample were identified as 37% and 46% respectively. These predictions were updated using item-level data to calculate posterior probabilities (presented as conditional probabilities in Appendices B-I). An advantage of this method is the principle that predictions are updated upon receiving new data. Therefore the Bayesian network models arising from this study could theoretically be updated should additional sources of data become available (e.g., demographic data, or item-level data from other questionnaires). 

Critique


A strength of the study was the novel application of the TAN algorithm in the field of psychotherapy research. While this form of machine learning has been used to develop predictive models in precision medicine (Ahmed et al., 2020), this study is the first to apply TAN to predict outcomes in psychological therapy. Further research could use this approach to develop and test prediction models in other contexts (e.g., in different settings or with other mental health problems).

Another strength of the study included the use of a dataset which was collected in a routine care setting. As the datasets used to train and test the predictive models were collected in routine care, this increases the ecological validity of the findings. Additionally, the study addressed weaknesses in previous research identified by Kessler et al (2019) by using an adequately powered sample and cross validating the predictive models in an external sample, meaning the findings of the study are more likely to generalise. The ecological validity of the study was further strengthened by each of these samples deriving from different NHS trusts in different areas of the UK with different demographic and clinical characteristics (Table 1).
A limitation of the analytic approach was the assumption in the development of the Bayesian network models that each symptom (node) in the network could only have a maximum of two connections (edges). In reality, it is likely that some nodes may have more connections, meaning the model oversimplifies the interactions that exist between symptoms. However, the approach aims to develop models which are parsimonious in order to increase their utility.

An additional limitation was that data used to develop the predictive models and to measure patient outcomes were derived exclusively from responses to self-reported measures. As self-report can be subject to measurement error and reporting biases, this could have impacted upon the validity and reliability of the symptom networks produced and their consequent predictions about outcomes. 

A further limitation related to the measurement of RCSI over time. As follow-up data were not available in the dataset used for the present study, assessment of patient outcome was limited to the last observed measure. This meant that it was not possible to evaluate the predictive performance of the symptom networks beyond end-of-treatment. Further research could aim to include follow-up measurements to assess the performance of predictive models over a longer period.

Further research


While the symptom networks were able to predict outcome in CBT and CfD more accurately than chance, this did not translate into clinically useful treatment matching recommendations. This contrasts with previous research which found that clinical and demographic factors can inform treatment matching recommendations associated with higher rates of RCSI than treatment as usual (Delgadillo & Gonzalez Salas Duhne, 2020). Therefore, further research should develop and test treatment selection algorithms which draw upon a range of prognostic information, rather than symptom networks alone.

Conclusions


In conclusion, the present study involved the novel application of Tree-Augmented Naïve Bayes (TAN) to predict outcomes in psychological therapy. This approach yielded two different symptom networks relevant to the prediction of depression outcomes in CBT and CfD respectively. When the CBT and CfD symptom networks were applied to a statistically independent validation sample, they predicted RCSI more accurately than chance. However, when differential responders were allocated to their model-indicated treatment, this did not significantly increase the rate of RCSI. Therefore, the clinical utility of the findings are limited. 
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	Appendix B: Conditional Probabilities of PHQ9 Q1 Node in CBT Network

	Parents
	Probability

	RCSI
	0
	1
	2
	3

	Yes
	0.04
	0.28
	0.40
	0.29

	No
	0.02
	0.22
	0.33
	0.43


	Appendix C: Conditional Probabilities of PHQ9 Q7 Node in CBT Network

	Parents
	Probability

	RCSI
	PHQ Q1
	0
	1
	2
	3

	Yes
	0
	0.27
	0.12
	0.46
	0.15

	Yes
	1
	0.09
	0.34
	0.37
	0.19

	Yes
	2
	0.07
	0.24
	0.43
	0.26

	Yes
	3
	0.04
	0.12
	0.32
	0.52

	No
	0
	0.23
	0.19
	0.32
	0.26

	No
	1
	0.09
	0.35
	0.33
	0.23

	No
	2
	0.04
	0.22
	0.44
	0.30

	No
	3
	0.03
	0.05
	0.27
	0.65


	Appendix D: Conditional Probabilities of PHQ Q9 Node in CBT Network

	Parents
	Probability

	RCSI
	PHQ Q1
	0
	1
	2
	3

	Yes
	0
	0.73
	0.15
	0.08
	0.04

	Yes
	1
	0.67
	0.22
	0.07
	0.04

	Yes
	2
	0.54
	0.29
	0.12
	0.05

	Yes
	3
	0.41
	0.22
	0.18
	0.19

	No
	0
	0.71
	0.16
	0.03
	0.10

	No
	1
	0.55
	0.31
	0.09
	0.04

	No
	2
	0.48
	0.30
	0.15
	0.06

	No
	3
	0.26
	0.24
	0.24
	0.26


	Appendix E: Conditional Probabilities of WSAS Q1 Node in CBT Network

	Parents
	Probability

	RCSI
	WSAS Q3
	0
	1
	2
	   3
	4
	5
	6
	7
	8

	Yes
	0
	0.38
	0.04
	0.15
	0.12
	0.04
	0.00
	0.04
	0.15
	0.08

	Yes
	1
	0.08
	0.19
	0.15
	0.08
	0.12
	0.08
	0.15
	0.04
	0.12

	Yes
	2
	0.14
	0.09
	0.23
	0.14
	0.24
	0.03
	0.05
	0.03
	0.06

	Yes
	3
	0.07
	0.10
	0.13
	0.15
	0.13
	0.06
	0.18
	0.09
	0.09

	Yes
	4
	0.09
	0.02
	0.14
	0.10
	0.25
	0.10
	0.18
	0.03
	0.08

	Yes
	5
	0.01
	0.01
	0.14
	0.14
	0.20
	0.14
	0.20
	0.06
	0.07

	Yes
	6
	0.09
	0.02
	0.08
	0.08
	0.12
	0.14
	0.18
	0.08
	0.21

	Yes
	7
	0.06
	0.01
	0.04
	0.10
	0.06
	0.14
	0.24
	0.14
	0.20

	Yes
	8
	0.04
	0.00
	0.03
	0.02
	0.07
	0.06
	0.09
	0.12
	0.58

	No
	0
	0.33
	0.00
	0.24
	0.00
	0.02
	0.07
	0.10
	0.05
	0.19

	No
	1
	0.31
	0.05
	0.16
	0.11
	0.05
	0.11
	0.05
	0.00
	0.16

	No
	2
	0.16
	0.01
	0.25
	0.08
	0.17
	0.08
	0.08
	0.08
	0.08

	No
	3
	0.11
	0.02
	0.07
	0.26
	0.18
	0.07
	0.08
	0.12
	0.09

	No
	4
	0.11
	0.01
	0.10
	0.14
	0.20
	0.04
	0.17
	0.07
	0.15

	No
	5
	0.02
	0.04
	0.01
	0.12
	0.11
	0.15
	0.25
	0.08
	0.21

	No
	6
	0.03
	0.01
	0.08
	0.05
	0.13
	0.09
	0.25
	0.13
	0.24

	No
	7
	0.03
	0.01
	0.03
	0.08
	0.06
	0.07
	0.17
	0.24
	0.31

	No
	8
	0.04
	0.01
	0.03
	0.02
	0.04
	0.02
	0.11
	0.13
	0.60


	Appendix F: Conditional Probabilities of WSAS Q2 Node in CBT Network

	Parents
	Probability

	RCSI
	WSAS Q4
	0
	1
	2
	3
	4
	5
	6
	7
	8

	Yes
	0
	0.42
	0.06
	0.24
	0.07
	0.04
	0.06
	0.07
	0.03
	0.01

	Yes
	1
	0.11
	0.14
	0.39
	0.12
	0.14
	0.02
	0.05
	0.02
	0.02

	Yes
	2
	0.12
	0.04
	0.28
	0.16
	0.18
	0.05
	0.11
	0.05
	0.01

	Yes
	3
	0.05
	0.02
	0.21
	0.27
	0.11
	0.13
	0.12
	0.05
	0.04

	Yes
	4
	0.07
	0.02
	0.18
	0.11
	0.38
	0.07
	0.11
	0.02
	0.02

	Yes
	5
	0.03
	0.02
	0.03
	0.17
	0.23
	0.17
	0.23
	0.12
	0.00

	Yes
	6
	0.05
	0.00
	0.08
	0.06
	0.11
	0.09
	0.47
	0.09
	0.04

	Yes
	7
	0.02
	0.00
	0.05
	0.03
	0.11
	0.11
	0.24
	0.32
	0.13

	Yes
	8
	0.06
	0.01
	0.05
	0.08
	0.05
	0.05
	0.14
	0.24
	0.32

	No
	0
	0.37
	0.05
	0.25
	0.07
	0.15
	0.03
	0.05
	0.01
	0.01

	No
	1
	0.09
	0.17
	0.19
	0.17
	0.13
	0.11
	0.06
	0.09
	0.00

	No
	2
	0.07
	0.04
	0.24
	0.16
	0.23
	0.05
	0.15
	0.03
	0.03

	No
	3
	0.06
	0.02
	0.18
	0.29
	0.25
	0.04
	0.13
	0.03
	0.00

	No
	4
	0.04
	0.03
	0.12
	0.13
	0.33
	0.12
	0.16
	0.04
	0.02

	No
	5
	0.02
	0.01
	0.06
	0.13
	0.16
	0.13
	0.30
	0.14
	0.04

	No
	6
	0.01
	0.00
	0.06
	0.05
	0.13
	0.08
	0.42
	0.15
	0.09

	No
	7
	0.04
	0.01
	0.03
	0.03
	0.08
	0.08
	0.31
	0.25
	0.16

	No
	8
	0.05
	0.01
	0.05
	0.03
	0.10
	0.06
	0.16
	0.18
	0.36


	Appendix G: Conditional Probabilities of WSAS Q3 Node in CBT Network

	Parents
	Probability

	RCSI
	WSAS Q4
	0
	1
	2
	3
	4
	5
	6
	7
	8

	Yes
	0
	0.18
	0.04
	0.14
	0.08
	0.15
	0.01
	0.23
	0.07
	0.08

	Yes
	1
	0.00
	0.23
	0.11
	0.16
	0.14
	0.09
	0.18
	0.09
	0.02

	Yes
	2
	0.06
	0.04
	0.30
	0.08
	0.16
	0.06
	0.16
	0.07
	0.08

	Yes
	3
	0.02
	0.02
	0.04
	0.27
	0.17
	0.18
	0.15
	0.09
	0.06

	Yes
	4
	0.02
	0.02
	0.07
	0.10
	0.33
	0.11
	0.17
	0.09
	0.10

	Yes
	5
	0.02
	0.00
	0.00
	0.07
	0.17
	0.22
	0.17
	0.13
	0.23

	Yes
	6
	0.00
	0.01
	0.06
	0.05
	0.10
	0.07
	0.42
	0.15
	0.13

	Yes
	7
	0.00
	0.00
	0.02
	0.03
	0.02
	0.06
	0.21
	0.44
	0.22

	Yes
	8
	0.03
	0.01
	0.01
	0.00
	0.04
	0.05
	0.09
	0.09
	0.68

	No
	0
	0.25
	0.05
	0.10
	0.04
	0.12
	0.03
	0.16
	0.10
	0.15

	No
	1
	0.04
	0.15
	0.19
	0.15
	0.15
	0.02
	0.09
	0.09
	0.13

	No
	2
	0.07
	0.03
	0.22
	0.10
	0.16
	0.07
	0.14
	0.09
	0.13

	No
	3
	0.02
	0.02
	0.07
	0.25
	0.24
	0.06
	0.12
	0.11
	0.11

	No
	4
	0.03
	0.00
	0.05
	0.09
	0.34
	0.09
	0.18
	0.10
	0.12

	No
	5
	0.02
	0.00
	0.04
	0.02
	0.10
	0.20
	0.22
	0.18
	0.22

	No
	6
	0.00
	0.00
	0.01
	0.04
	0.06
	0.07
	0.32
	0.21
	0.27

	No
	7
	0.01
	0.01
	0.01
	0.01
	0.02
	0.06
	0.18
	0.37
	0.34

	No
	8
	0.00
	0.00
	0.00
	0.01
	0.03
	0.01
	0.08
	0.12
	0.74


Appendix H: Conditional Probabilities of WSAS Q4 Node in CBT Network
	Parents
	Probability

	RCSI
	PHQ Q1
	0
	1
	2
	3
	4
	5
	6
	7
	8

	Yes
	0
	0.31
	0.08
	0.19
	0.12
	0.19
	0.08
	0.00
	0.04
	0.00

	Yes
	1
	0.14
	0.13
	0.17
	0.16
	0.17
	0.07
	0.11
	0.01
	0.04

	Yes
	2
	0.09
	0.08
	0.16
	0.11
	0.18
	0.09
	0.16
	0.06
	0.06

	Yes
	3
	0.04
	0.02
	0.08
	0.06
	0.14
	0.08
	0.13
	0.20
	0.25

	No
	0
	0.26
	0.06
	0.13
	0.10
	0.10
	0.06
	0.10
	0.06
	0.13

	No
	1
	0.10
	0.06
	0.20
	0.14
	0.17
	0.09
	0.10
	0.05
	0.07

	No
	2
	0.05
	0.04
	0.14
	0.10
	0.20
	0.10
	0.18
	0.09
	0.09

	No
	3
	0.03
	0.02
	0.05
	0.06
	0.10
	0.07
	0.21
	0.17
	0.30


	Appendix I: Conditional Probabilities of WSAS Q5 Node in CBT Network

	Parents
	Probability

	RCSI
	WSAS Q3
	0
	1
	2
	3
	4
	5
	6
	7
	8

	Yes
	0
	0.31
	0.12
	0.19
	0.08
	0.15
	0.08
	0.00
	0.00
	0.08

	Yes
	1
	0.04
	0.31
	0.31
	0.08
	0.08
	0.15
	0.00
	0.00
	0.04

	Yes
	2
	0.15
	0.11
	0.36
	0.11
	0.12
	0.05
	0.05
	0.03
	0.03

	Yes
	3
	0.03
	0.09
	0.15
	0.28
	0.16
	0.15
	0.15
	0.00
	0.00

	Yes
	4
	0.07
	0.07
	0.17
	0.11
	0.33
	0.04
	0.13
	0.06
	0.02

	Yes
	5
	0.03
	0.04
	0.10
	0.16
	0.09
	0.17
	0.23
	0.13
	0.04

	Yes
	6
	0.10
	0.04
	0.10
	0.06
	0.15
	0.13
	0.27
	0.08
	0.07

	Yes
	7
	0.00
	0.02
	0.09
	0.13
	0.10
	0.12
	0.27
	0.15
	0.13

	Yes
	8
	0.06
	0.00
	0.07
	0.07
	0.14
	0.06
	0.14
	0.17
	0.28

	No
	0
	0.29
	0.05
	0.14
	0.07
	0.21
	0.02
	0.00
	0.02
	0.19

	No
	1
	0.11
	0.21
	0.31
	0.00
	0.05
	0.05
	0.16
	0.05
	0.05

	No
	2
	0.09
	0.09
	0.29
	0.16
	0.21
	0.05
	0.05
	0.03
	0.01

	No
	3
	0.06
	0.08
	0.16
	0.14
	0.26
	0.12
	0.08
	0.04
	0.06

	No
	4
	0.05
	0.02
	0.14
	0.17
	0.37
	0.05
	0.11
	0.03
	0.07

	No
	5
	0.04
	0.04
	0.08
	0.13
	0.17
	0.23
	0.20
	0.10
	0.02

	No
	6
	0.03
	0.03
	0.08
	0.09
	0.13
	0.11
	0.34
	0.13
	0.05

	No
	7
	0.04
	0.02
	0.05
	0.08
	0.11
	0.12
	0.19
	0.27
	0.13

	No
	8
	0.07
	0.01
	0.06
	0.03
	0.12
	0.07
	0.17
	0.15
	0.34


Figure 1


The relative importance of each predictor in the Bayesian Network Model predicting RCSI for CBT patients





Figure 2


The Bayesian-Network Model predictive of RCSI for CBT Patients





Figure 3


The simple Bayesian-Network Model predictive of RCSI for CfD patients








� Individually Tailored treatment study


� Standard Deviation


� Social Anxiety Disorder


� Panic Disorder


� Generalised Anxiety Disorder


� Beck Anxiety Inventory


� Beck Depression Inventory


� Global Severity Index


� Diagnostics and Statistical Manual of Mental Disorders (fourth edition)


� Structured Clinical Interview for the DSM-IV


� Clinical Outcomes in Routine Evaluation-Outcome Measure


� Montgomery-Åsberg Depression Rating Scale self-report


� Quality of Life Inventory


� Treatment Matching study


� Reliable and Clinically Significant Improvement


� Patient Health Questionnaire-9


� Generalised Anxiety Disorder-7 questionnaire


� Kessler Psychological Distress Scale-10


� Major Depressive Disorder


� Diagnostic and Statistical Manual for Mental Disorder (third edition)


� Addiction Severity Index


� Obsessive Compulsive Disorder


� Obsessive Compulsive Inventory-Revised


� Yale Brown Obsessive Compulsive Scale


� Metacognitive Therapy


� Composite International Diagnostic Interview


� Panic Disorder Severity Scale


� International statistical Classification of Diseases (tenth revision)


� Beck Anxiety Inventory


� Beck Depression Inventory Second Version


� Global Severity Index


� Clinical Outcomes Routine Evaluation – Outcome Measure


� Self-rated Montgomery-Åsberg Depression Rating Scale


� Quality of Life Inventory


� Treatment as usual


� Patient Health Questionnaire - 9


� Improving Access to Psychological Therapies


� Kessler Psychological Distress Scale - 10


� Proportion of Days Abstinent


� Proportion of Days Heavy drinking


� Addiction Severity Index


� Yale Brown Obsessive Compulsive Scale


� Obsessive Compulsive Inventory Revised


� Beck Depression Inventory


� Panic Disorder Severity Scale


� Brief Therapy


� Composite International Diagnostic Interview


� Intention To Treat


� Systematic Treatment Selection


� Random Treatment Selection


� General Severity Index





