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Abstract

Objectives: Given the ubiquity in routine services of low- 

intensity guided self- help (GSH) psychological interven-

tions, better patient selection for these brief interventions 

would be organizationally efficient. This study therefore 

sought to define who would respond best to two different 

types of GSH for anxiety to enable better future treatment 

matching.

Methods: The study used outcome data from a patient pref-

erence trial (N = 209) comparing cognitive analytic therapy- 

guided self- help (CAT- GSH) with cognitive behavioural 

therapy- guided self- help (CBT- GSH). Elastic Net regulari-

zation and Boruta random forest variable selection methods 

were applied. Regression models calculated the patient ad-

vantage index (PAI) to designate which GSH was likely the 

most effective for each patient. Outcomes were compared 

for those receiving their PAI- indicated optimal and non- 

optimal GSH.

Results: Lower baseline depression and anxiety severity 

predicted better outcomes for both types of GSH. Patient 

preference status was not associated with outcome during 

either GSH. Sixty- three % received their model indicating 

optimal GSH and these had significantly higher rates of reli-

able and clinically significant reductions in anxiety at both 

post- treatment (35.9% vs. 16.6%) and follow- up (36.6% vs. 

19.2%). No single patient with a large PAI had a reliable and 

clinically significant reduction in anxiety at post- treatment 

or follow- up when they did not receive their optimal GSH.

Conclusions: Treatment matching algorithms have the po-

tential to support evidenced- based treatment selection for 
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INTRODUCTION

The National Institute of Clinical Excellence (NICE) recommends cognitive behavioural therapy 

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

CBT has been adapted into brief and low- intensity, guided self- help (GSH) formats (Bennett- Levy 

et al., 2010). The Improving Access to Psychological Therapies (IAPT – now National Health Service 

[NHS] Talking Therapies) uses stepped- care, so that CBT- GSH is first delivered to patients with mild–

moderate anxiety. CBT- GSH is provided by psychological well- being practitioners (PWPs) over 6–8 

(35- min) sessions, and their clinical role is that of being a psychoeducational coach (Turpin, 2010). GSH 

is supported rather than pure self- help, because the support aspect consistently produces better results 

(Lewis et al., 2012).

There is a variable evidence base concerning the efficacy of CBT- GSH for anxiety. The Cuijpers 

et al. (2010) meta- analysis found CBT- GSH to be comparable to CBT and this was mirrored by Priemer 

and Talbot (2013). However, the Coull and Morris (2011) meta- analysis found that while CBT- GSH 

was effective at post- treatment, this effect became attenuated at follow- up. High dropout rates (Chan & 

Adams, 2014) suggest poor treatment acceptability (Milosevic et al., 2015) and there is evidence of high 

relapse rates following GSH (Delgadillo et al., 2018). This evidence highlights the need for patients to 

be offered at step 2 of Talking Therapies services rapid access to a wider choice of evidenced- based and 

acceptable GSH, that then have a durable clinical impact.

Therefore, Meadows and Kellett (2017) developed a manualized version of cognitive analytic 

therapy- guided self- help (CAT- GSH). The evidence base for CAT for anxiety is supported by clinical 

trials (Boogar et al., 2013) and cohort studies (Tzouramanis et al., 2010). CAT- GSH has high adherence 

to GSH principles, is based on the three- phase CAT structure (i.e., reformulation, recognition and revi-

sion), generates low dropout rates, is easy for PWPS to deliver and is clinically effective with a durable 

short- term effect (Meadows & Kellett, 2017; Wray et al., 2022). When compared to CBT- GSH in a 

patient preference clinical trial, CAT- GSH was equally efficacious, was more acceptable and also gen-

erated model- specific types of idiographic change (Headley et al., 2024; Kellett et al., 2023). However, 

there was variability in recovery rates in the trial (i.e., 42.4% of CAT- GSH patients met reliable recovery 

GSH. Treatment selection and supporting patient choice 

needs to be integrated. Future research needs to investigate 

the use of the PAI for GSH treatment matching, but with 

larger and more balanced samples.

K E Y W O R D S

anxiety, cognitive analytic therapy, cognitive behavioural therapy, guided 

self- help, machine learning, patient advantage index, patient preference

Practitioner points

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

PAI- predicted benefit is large.

• Patient choice should still be a factor in the treatment plan, particularly when an optimal 

treatment is not empirically identified for the patient.

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

predict optimal treatments for GSH delivered in NHS Talking Therapies services.
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compared to 50.9% of CBT- GSH patients) and this raises the question of whether these rates could have 

been improved by better treatment matching?

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

models the predicted intervention prognosis and so aims to personalize treatment for individual pa-

tients (Delgadillo & Lutz, 2020). Prediction models have been integrated into routine practice across 

medicine and regularly support clinical guidelines around treatment allocation in these settings 

(Damen et al., 2016; NICE, 2014). In terms of mental health, there are examples of prediction algo-

rithms being used to identify who would have the best treatment response to CBT or psychodynamic 

therapy (Schwartz et al., 2021), CBT or eye movement desensitization and reprocessing (Deisenhofer 

et al., 2018) and CBT or interpersonal psychotherapy (Huibers et al., 2015). It is worth noting that such 

studies were on traditional psychotherapies and in trials where participants are allocated to treatment 

via randomization (i.e., there was no patient choice). Machine learning methods are becoming increas-

ingly popular to enhance variable selection within prediction models, with increasing generalizability to 

new samples (Delgadillo et al., 2017).

DeRubeis et al. (2014) developed an approach, the personalized advantage index (PAI), that integrates 

multiple identified outcome predictors from different treatments into one statistical model. The PAI 

identifies in two or more comparable treatments, the intervention that is more effective for an individ-

ual by producing counterfactual outcome predictions. The intervention that an individual is predicted 

to respond to better is then considered their ‘optimal treatment’ and this also enables outcomes from 

optimal and non- optimal treatments subsequently delivered to be compared. For example, the PAI in 

DeRubeis et al. (2014) predicted a clinically meaningful advantage for 60% of patients assigned to their 

predicted optimal treatment. Headley et al. (2024) recently called for evidenced- based methods such as 

the PAI to improve allocation of patients in routine practice to differing versions of efficacious GSH.

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

Talking Therapies collected routine NHS Talking Therapies outcome data alongside the primary out-

comes of the trial (Kellett et al., 2023). The data from this clinical trial have been used in the current 

study to develop predictive models of treatment outcome. To summarize, Kellett et al. (2023) found 

that were no significant differences in outcome at post- treatment and 24- week follow- up on the Beck 

Anxiety Inventory (BAI; Beck & Steer, 1993) between CAT- GSH and CBT- GSH. This suggests that 

CAT- GSH is comparable in efficacy to CBT- GSH as the ‘treatment as usual’ at step 2. The main objec-

tive of the current study was to develop and test a personalized treatment selection method to match pa-

tients to their optimal GSH. This therefore is the first test of the PAI in which it is being used to assess 

whether an algorithm can better select patients for GSH, particularly when they have specifically chosen 

the GSH they receive. The study had three key aims: (1) to use a variable selection procedure to identify 

baseline characteristics that significantly predict treatment outcome for CBT- GSH and CAT- GSH, (2) 

to use identified predictors to develop separate predictive models for each GSH and calculate the PAI 

to indicate the optimal GSH for each patient and (3) to assess the efficacy of the models by comparing 

treatment response for patients who then went onto receive their optimal versus non- optimal GSH. It 

was hypothesized that patients who received their optimal GSH as indicated by the PAI would have 

better outcomes than patients who received their non- optimal GSH.

METHOD

Ethics and setting

Ethical approval was achieved for the secondary data analysis (ref: 050758). The study is reported ac-

cording to the Transparent Reporting of Multivariable Prediction Model for Individual Prognosis or 

Diagnosis (TRIPOD + AI) guidelines (Collins et al., 2015). The clinical trial conducted by Kellett 

et al. (2023) was a partially randomized patient preference trial (Torgerson & Sibbald, 1998) sited in 

a routine NHS IAPT service and the trial protocol was published (Kellett, Bee, et al., 2021). When 
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deemed appropriate for a step 2 intervention in the service during a telephone triage, patients were given 

the opportunity to participate in the trial. If they accepted, a trial eligibility interview was completed 

where informed written consent was taken. If patients met eligibility criteria (see Appendix S1), they 

were offered randomization, or they could choose CBT- GSH or CAT- GSH by preference after reading 

an information sheet describing the approach taken in each GSH.

Interventions

GSH was delivered by qualified and accredited PWPs over the telephone due to the COVID- 19 pan-

demic. All PWPs had passed an NHS Talking Therapies 1- year post- graduate certificate in CBT- GSH 

following a national curriculum (UCL, 2014) and attended a 2- day CAT- GSH training session as part 

of the study. PWPs had 1- h per week of individual case management supervision and were enrolled in 

group supervision monthly for 2 h for each type of GSH during the study. Both interventions had a con-

tract of 6–8 sessions, which were each 35- min long. CBT- GSH is a low- intensity, structured psychologi-

cal intervention based on the principles of CBT and works in the ‘here and now’. Treatment followed the 

NHS Talking Therapies CBT- GSH treatment protocol (Richards & Whyte, 2011) and this is treatment 

as usual within step 2 of NHS Talking Therapies. The patient works through standardized worksheets 

(NICE, 2009, 2011) during CBT- GSH focusing on understanding and then changing current anxious 

thoughts, feelings and behaviours. CAT- GSH is a low- intensity, structured psychological intervention 

workbook based on CAT principles and has a ‘past- present’ focus (Meadows & Kellett, 2017). Both 

versions of GSH therefore had a psychoeducational workbook, but these differed in terms of content, 

style and focus. CBT- GSH requires an effective therapeutic relationship but does not use transference/

countertransference, whereas CAT- GSH works within the therapeutic relationship and makes use of 

transference/countertransference (Meadows & Kellett, 2017). As part of the trial, the GSH sessions in 

each arm were assessed using a validated measure of GSH (Kellett, Bee, et al., 2021; Kellett, Simmonds- 

Buckley, et al., 2021) and both forms of GSH were being delivered in a competent manner and there 

were no differences between CBT- GSH and CAT- GSH in terms of competency levels.

Data collection

In total, N = 271 patients were eligible for inclusion and were allocated to either CBT- GSH or CAT- GSH. 

Patients completed trial measures at baseline (week 0), post- treatment (week 8) and follow- up (week 24). 

Four clinical outcome measures were completed – Beck Anxiety Inventory (BAI; Beck & Steer, 1993); 

Generalized Anxiety Disorder- 7 (GAD- 7; Kroenke et al., 2007); Patient Health Questionnaire- 9 (PHQ- 

9; Kroenke et al., 2001); Work and Social Adjustment Scale (WSAS; Mundt et al., 2002). See Appendix S2 

for the data collected within the initial trial and suitable for current analysis. See Appendix S3 for a de-

scription of the measures. The main trial used the BAI as the primary outcome measure. This current 

study used the GAD- 7 as the primary outcome measure as it is part of the IAPT minimum dataset, 

therefore maximizing potential generalizability.

Sample characteristics and sample size

The definition of a treatment episode in NHS Talking Therapies (National Collaborating Centre for 

Mental Health, 2018) is ≥2 sessions, so this was the criterion used here. This created a sample of N = 209 

(i.e., 62 cases excluded). More patients accessed CAT- GSH (n = 154) than CBT- GSH (n = 55); 93.8% 

of patients were allocated to GSH via preference rather than randomization. There was no difference 

between the two versions of GSH on number of sessions attended (t(207) = 2.93, p = .642), despite CAT- 

GSH (M = 5.97, SD = 2) participants attending slighter more sessions (M = 5.04, SD = .06). Appendix S4 
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contains the STROBE summary chart (Von Elm et al., 2017) of sample selection. Table 1 presents a 

summary of sample characteristics and comparisons between CAT- GSH and CBT- GSH. The samples 

were mostly matched, apart from significantly more women receiving CAT- GSH. There was also a sig-

nificant difference in terms of previous treatment, suggesting that more patients preferring CAT- GSH 

had received a previous treatment.

The study sample was N = 209, but this was unequal (i.e., 55 CBT- GSH vs. 154 CAT- GSH). The 

CBT- GSH group fell short of the sample size calculation for suitable power (see Appendix S5) and so 

keeping a subset of the data for an external cross- validation was not feasible. Using the full dataset max-

imized power for development of the models (DeRubeis et al., 2014).

Data preparation

The R package ‘missForest’ (Stekhoven & Bühlmann, 2012) in R (R Core Team, 2021) and Rstudio 

(Rstudio Team, 2021) was used to input missing data using a random forest approach separately for both 

GSH formats. Marital status was removed as a candidate predictor as it had too much missing data to 

T A B L E  1  Summary of sample characteristics.

Full sample 

(N = 209)

CBT- GSH 

(N = 55)

CAT- GSH 

(N = 154) Test statistic p

Demographics

Females2 75.6% 65.5% 79.2% X2(1) = 4.16 .041

Age1 36.49 (13.81) 36.18 (13.97) 36.60 (13.80) t (207) = .19 .846

Ethnicity2

White British 90.4% 94.5% 89% X2(1) = 1.46 .227

Other 9.6% 5.5% 11%

IMD decile1

1 = Poorest

10 = Affluent

4.14 (2.77) 4.05 (2.82) 4.17 (2.76) t (207) = .26 .793

Unemployed2 12.9% 12.7% 13% X2(1) = .002 .961

Perinatal 6.2% 5.8% 7.3% t (207) = .38 .354

Heterosexual 90% 89.6% 90.9% t (207) = .27 .392

Previous CAT 1.4% 0 1.9% t (207) = 1.04 .150

Allocation Choice2

Preference 93.8% 90.9% 94.8% X2(1) = 1.05 .304

Randomized 6.2% 9.1% 5.2%

Baseline severity measures

GAD- 71 13.62 (4.81) 14.24 (4.67) 13.40 (4.85) t (207) = −1.11 .267

PHQ- 91 13.65 (5.59) 14.09 (4.68) 13.49 (5.89) t (207) = −.68 .498

WSAS1 18.69 (8.57) 17.89 (9.23) 18.97 (8.33) t (207) = .80 .422

BAI1 25.50 (9.82) 25.69 (9.57) 25.43 (9.94) t (207) = −.17 .865

LTC2 31.6% 34.5% 30.5% X2(1) = .30 .581

Previous Treatment2 45.9% 25.5% 53.2% X2(1) = 12.61 <.001

Medication2 56.5% 61.8% 54.5% X2(1) = .87 .350

Note: 1 = Mean and Standard Deviation; 2 = Percentages.

Abbreviations: BAI, Beck's Anxiety Inventory; CAT- GSH, guided self- help cognitive- analytic therapy; CBT- GSH, guided self- help cognitive- 

behavioural therapy; GAD- 7, Generalized Anxiety Disorder Questionnaire; IMD Decile, index of multiple deprivation in deciles; LTC, long- 

term condition; PHQ- 9, Patient Health Questionnaire; WSAS, Work and Social Adjustment Scale.
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be reliably imputed (86%). Categorical variables were collapsed into binary variables (e.g., employment 

status became unemployed or employed/other; sexual orientation became heterosexual or not hetero-

sexual). Continuous variables were standardized into Z- scores and binary variables were also dummy 

coded as −.5 and .5.

Variable selection

Data were separated into CAT- GSH and CBT- GSH subsets for the purpose of variable selection to 

build predictive models. Two machine learning approaches (i.e., a decision tree method and a penalized 

regression method) selected variables in each intervention dataset. Regression predictions were com-

pared using evaluation metrics to identify the best fitting model. A total of 18 variables were included 

as predictors in each model, with post- treatment GAD- 7 scores as the dependent variable. Baseline 

GAD- 7 scores were not included in this analysis as it was later included in the regression models by 

forced entry to control for anxiety levels at screening (Moggia et al., 2023).

The Boruta approach handles multivariate interactions and was conducted in R using the ‘Boruta’ 

package (Kursa & Rudnicki, 2010). Boruta is a form of random forest, which is a supervised machine 

learning algorithm that builds multiple decision trees using a bagging method (i.e., a combination of vari-

able and bootstrapping samples; Breiman, 2001). This includes shadow variables (e.g., one continuous, 

one categorical) based on the distributions of other variables in the dataset and included in the model 

as a ‘noise’ variable (i.e., have no actual predictive power). Only predictor variables which are ranked 

higher than one (tentative inclusion) or both (confirmed inclusion) shadow variables are deemed to have 

reliable predictive power over and above noise and are therefore retained (see Appendix S6). There 

are known issues of biased importance values and overfitting when using random forest approaches, 

particularly when there are a smaller number of candidate variables (Tang et al., 2018). Therefore, a 

second variable selection method was also used: elastic net regularization variable selection (Zou & 

Hastie, 2005). Elastic net is a linear regression technique that uses a penalty term to shrink coefficients 

of predictors that are unimportant. It identifies variables that are reliably associated with an outcome, 

but also adds ‘weight’ to variables with stronger or weaker predictive value.

Variables identified by each model were entered into separate linear regressions to produce predicted 

outcomes. Leave- one- out cross- validation (LOOCV) was used to prevent over- fitting (Efron, 1982). 

LOOCV estimates each model without information about the participant whose score is being pre-

dicted, therefore uses a sample of (n−1), with n being the sample size. This aims to reduce bias in 

predicted values. Analysis was performed using the ‘caret’ package (Kuhn, 2008) within R. Predicted 

outcomes from each regression model were compared with the observed outcomes and evaluation met-

rics were compared. The model with the lowest error and highest correlation between actual and pre-

dicted scores was chosen as the preferred model.

PAI estimation

The preferred regression model for each GSH was used to predict post- treatment GAD- 7 scores for 

both CAT- GSH and CBT- GSH in the full sample. This produced a predicted score for both treatment 

modalities for each patient. The PAI was estimated for every individual patient by calculating the dif-

ference between their predicted post- treatment GAD- 7 score for each treatment (i.e., positive PAI value 

indicated greater benefit from CAT- GSH; a negative PAI indicated greater benefit from CBT- GSH). 

Patients who had received the GSH intervention recommended by the PAI were classified into the op-

timal treatment group (based on +/−), whereas those who did not, were classified into the non- optimal 
group (Moggia et al., 2023). Observed post- treatment and follow- up GAD- 7 scores and reliable and 

clinically significant improvement (RCSI) rates were compared between the optimal and non- optimal 

groups using mixed analysis of variance (ANOVA; for baseline, post- treatment and 24- week follow- up 
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timepoints) and Chi- squared tests (post- treatment and 24- week follow- up) respectively. RCSI was de-

fined as GAD- 7 change score ≥4 and the post- treatment/follow- up score being below the clinical cut- 
off of 8 ( Jacobson et al., 1999; National Collaborating Centre for Mental Health, 2018). Data were 

analysed to assess assumptions required for an ANOVA using the Shapiro- Wilks and Levene's Tests (see 

Appendix S7). Some of the data were not normally distributed, but due to the robustness of ANOVA, 

the analysis was retained (Blanca et al., 2017). To explore the impact on outcomes in those who had the 

biggest indicated PAI benefit, a between- subgroup secondary analysis was conducted based on optimal 

and non- optimal groups that consisted of patients with a PAI value greater than one standard deviation 

(SD) larger than the sample mean (Delgadillo & Lutz, 2020). If the PAI was smaller than this sum, no 

optimal treatment was indicated.

R ESULTS

Variable selection and estimation of LOOCV regressions

Following Boruta variable selection, five variables (27.78%) were selected as potential predictors 

(i.e., previous CBT, sexual orientation, baseline BAI score, baseline PHQ- 9 and baseline WSAS) for 

CAT- GSH. Four variables (22.22%) were selected as potential predictors (i.e., employment status, 

baseline BAI, indices of multiple deprivation and baseline PHQ- 9) for CBT- GSH. Following the 

elastic net variable selection, eight variables (44.44%) were selected as potential predictors (i.e., base-

line PHQ- 9, baseline WSAS, baseline BAI, long- term condition, perinatal status, sexual orientation, 

previous CAT and previous CBT) for CAT- GSH. Five variables (27.78%) were selected as potential 

predictors (i.e., indices of multiple deprivation, baseline PHQ- 9, baseline BAI, ethnicity and em-

ployment status) for CBT- GSH. Table 2 contains the evaluation metrics for the LOOCV regressions 

for each variable selection model. The elastic net models outperformed Boruta on all metrics for 

CAT- GSH. Due to both methods selecting the same variables for CBT- GSH, all evaluation metrics 

were identical. Therefore, the elastic net variable selection was selected as the preferred model for 

both formats of GSH to ensure congruence.

Final selected models

Prognostic variables across the two versions of GSH were baseline PHQ- 9 scores and BAI scores with 

lower scores suggesting better outcomes. For CBT- GSH, patients from a higher socioeconomic status 

were more likely to have better outcomes, along with being White British and unemployed. For CAT- 

GSH, better treatment outcomes were associated with lower baseline WSAS scores, a self- reported 

long- term condition, the perinatal period and identifying as not heterosexual. Previously engaging in 

CBT was associated with poorer outcomes, whilst previously engaging in CAT was associated with bet-

ter outcomes.

T A B L E  2  LOOCV regression results.

RMSE R
2 MAE r

CAT- GSH

Boruta 4.09 .32 3.21 .62

Elastic Net 4.03 .33 3.12 .64

CBT- GSH

Boruta 4.50 .10 3.62 .54

Elastic Net 4.50 .10 3.62 .54
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Optimal guided self- help

Based on +/− PAI values in the full sample (N = 209), CBT- GSH was indicated as the optimal treat-

ment for 34.9% and CAT- GSH for 65.1%. Therefore, 62.7% received their optimal GSH and 37.3% 

did not. There was a significant between subjects' effect of having received optimal GSH on GAD- 7 

outcomes (F(1, 207) = 21.675, p < .001); the partial Eta squared (η2 = .10) suggested a medium effect size 

(Miles & Shelvin, 2001). Mauchly's test indicated that the assumption of sphericity had been violated 

within the repeated measures analysis (χ
2 (2) = 39.62, p = <.001). Thus, the Greenhouse–Geisser cor-

rected results were reported. There was a significant within subjects' effect of time on GAD- 7 outcomes 

[ε = .85, F(1.7, 352.35) = 117.54, p < .001, η2 = .36] suggesting a large effect size. However, the interaction 

effect between GAD- 7 scores over time and receiving optimal GSH was non- significant [ε = .85, F(1.7, 

352.35) = 1.29, p = .273]. Figure 1 displays anxiety scores at baseline, post- treatment and follow- up for 

patients receiving optimal versus non- optimal GSH.

At post- treatment, significantly more patients who had their optimal GSH (35.9%) met RCSI com-

pared to patients (16.6%) who did not (X2 (1, N = 209) = 8.82, p = .003). The odds- ratio indicated that pa-

tients who had their PAI recommended GSH were more than twice as likely to recover (OR = .36). The 

same pattern was observed at 24- week follow- up, with significantly more patients (X2 (1, N = 209) = 7.04, 

p = .008) who had their optimal GSH (36.6%) experiencing RCSI compared (19.2%) to those who did 

not. This indicates that receiving the PAI recommended GSH more than doubled the chance of longer 

term recovery (OR = .41).

Subgroup analysis

A subgroup (N = 37) who had the largest indicated PAI benefit (PAI ≥ 3.08 [mean ± 1 SD]) was identi-
fied. CBT- GSH was indicated as the optimal treatment for 4.3%, CAT- GSH indicated as the optimal 

treatment for 13.4% and no optimal treatment was identified for 82.3%. Classifications indicated 70.3% 

received their optimal GSH and 29.7% did not received their optimal GSH. Figure 2 displays distribu-

tion of the PAI for this subgroup. There was a significant between subjects' effect of receiving optimal 

GSH on GAD- 7 outcomes (F(1, 35) = 12.296, p = .001); the partial Eta squared (η2 = .26) suggested a 

F I G U R E  1  Mean GAD- 7 scores across timepoints for the optimal versus non- optimal GSH groups in the full sample.
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large effect size (Miles & Shelvin, 2001). Mauchly's test indicated that the assumption of sphericity had 

been violated (χ
2 (2) = 14.94, p = <.001). Thus, the Greenhouse–Geisser corrected results were again re-

ported. There was a non- significant within subjects' effect of time on GAD- 7 outcomes (ε = .78, F(1.48, 

51.64) = 2.19, p = .119). The interaction effect between GAD- 7 scores over time and receiving optimal 

GSH, was significant (ε = .78, F(1.48, 51.64) = 3.83, p = .040, η2 = .01), suggesting a medium effect size. 

Figure 3 displays the mean GAD- 7 scores at baseline, post- treatment and follow- up for patients who 

received optimal versus non- optimal GSH.

For those patients that did not have their optimal GSH, none met RCSI criteria at post- treatment or 

24- week follow- up. For patients that had their optimal GSH, then 30.8% met RCSI and this difference 

was significant (X2(1, N = 37) = 4.32, p = .038). The odds ratio also suggests that patients who had their 

optimal GSH had a better outcome (OR = .69). At post- treatment, significantly more of these patients 

(X2(1, N = 37) = 4.32, p = .038) who received their optimal GSH met RCSI (30.8%) compared to patients 

who did not (0%). The odds ratio indicated that patients who received their PAI recommended GSH 

were more likely to recover (OR = .69).

Patient preference

For those patients that the PAI recommended CAT- GSH, 74.26% stated a preference for CAT- GSH. 

Of those recommended CBT- GSH by the PAI, 61.64% preferred CAT- GSH. This suggests that patient 

preference had not impacted on the PAI, as although more than half of patients showed a preference for 

CAT- GSH, they would have had better outcomes from CBT- GSH according to this model.

DISCUSSION

This paper is the first to test whether better matching of patients to differing GSH could improve the 

effectiveness of these brief interventions, that had been competently delivered, and where the patients 

F I G U R E  2  Distribution of optimal GSH.
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in the main had decided that this was the GSH that they wanted. This study has not been possible in 

the past due to limited treatment options previously available at step 2 and the study is the first PAI 

study that has dealt with the issue of patient preference and GSH. The study shows the importance of 

treatment plurality at step 2 and provides preliminary evidence that it may be possible to better match 

patients to different GSH treatments. The present study therefore produces an argument for evidence- 

based treatment allocation championing patient preference. This is clearly a challenge to a vast array of 

health policy which states that supporting patient choice regarding treatment is a key part of any quality 

service offer (Greener, 2009).

Main findings

Results suggest that within the full sample and subgroup analyses those patients who had their optimal 

GSH were significantly more likely to have better anxiety outcomes, compared to patients who had 

their non- optimal GSH. However, having an optimal treatment did not significantly affect the trajec-

tory of anxiety outcome scores. This difference in results between the full sample and subgroup may 

be due to the stronger optimal treatment recommendations indicated by the largest predicted benefit 

(PAI ≥ mean + 1SD). These results suggest there is a subgroup of patients (18%) who have a marked and 
differential response to GSH and who could benefit markedly from treatment matching. This fits with 

existing evidence of the use of the PAI in estimating optimal treatments for traditional psychotherapies 

for depression. DeRubeis et al. (2014) found that patients matched to their optimal treatment (i.e., medi-

cation vs. CBT) had superior outcomes and Huibers et al. (2015) mirrored this, but when comparing 

cognitive therapy with interpersonal psychotherapy. It is recommended that the PAI should continue 

to be researched within clinical populations to develop robust algorithms for matching patients to their 

optimal treatments.

Patients who received their indicated non- optimal treatment had higher average baseline GAD- 7 

scores. It is unclear why this is the case; it may be due to the decision to force entry baseline GAD- 7 

scores into the PAI model, rather than including them during the variable selection process of the pre-

diction models. Consideration of how GAD- 7 scores may interact with other variables during variable 

selection should be considered in future studies. The high rate of randomization refusal in the patient 

F I G U R E  3  Mean GAD- 7 scores across timepoints for the optimal versus non- optimal GSH groups in the subgroup.
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preference trial meant there was a lack of randomization in the sample and these differences may also 

reflect selection biases in the data that were not controlled for.

Prediction model

Only two variables were prognostic and were both related to baseline clinical severity (i.e., baseline 

PHQ- 9 score and baseline BAI score). Similar findings have been seen for low- intensity CBT treat-

ments for anxiety with baseline depression and anxiety identified as significant predictors of outcome 

(González- Robles et al., 2021; Lawn et al., 2019; Mathiasen et al., 2018). The remaining variables were 

prescriptive. Patients who were from a minoritized background, were employed and had a lower so-

cioeconomic status were predicted to have poorer outcomes after CBT- GSH. Patients who had higher 

baseline WSAS scores, no self- reported long- term condition, were not in the perinatal period, identi-

fied as heterosexual and had previously engaged in CBT were predicted to have poorer outcomes after 

CAT- GSH.

Some of the prescriptive variables fit with existing evidence, as El Alaoui et al. (2015); Delgadillo 

et al. (2016) and Mathiasen et al. (2018) all suggest that employment status significantly predicts out-

comes. Monthly income has previously been associated with outcomes, but not significantly (Chen 

et al., 2020). Delgadillo et al. (2017) reported that an accumulation of contextual disadvantages, such 

as minority ethnic status, may impact negatively on the potential for psychological change and im-

provement. Furthermore, Delgadillo and Gonzalez Salas Duhne (2020) also found that minoritized 

ethnic groups had poorer outcomes after CBT. Overall, the variables selected in the model predicting 

outcomes after CBT- GSH fit with the wider literature.

Due to the recent development of CAT- GSH, there was no extant evidence on predictors of out-

come. There is also a limited evidence base investigating predictors of outcome after high- intensity 

CAT. It is unclear therefore why the variables that were chosen for the CAT- GSH prediction model 

were deemed important. On closer review, perinatal status, sexual orientation and previous CAT were 

significantly skewed. Only 6.2% of the sample were within the perinatal period and 10% identified as 

not heterosexual. Only three patients (1.4%) had engaged in traditional CAT previously, all of whom 

chose CAT- GSH. These may be adding noise rather than useful predictive power and highlight the need 

to externally validate these models in a new sample before firm conclusions can be drawn or applied in 

clinical practice.

Patient preference

Patient preference was not identified as an indicator of outcome. However, the patient preference sam-

ple was skewed, with only 6.2% of the sample randomized. Significantly more patients chose CAT- 

GSH than CBT- GSH and influencers of patient treatment preferences do need to be better understood 

(Kawathekar, 2023). This highlights further questions about the usefulness of treatment allocation via 

patient preference versus treatment optimization using artificial intelligence (AI). Previous studies sug-

gest that using AI to match patients to treatment has the potential to improve outcomes (Delgadillo & 

Gonzalez Salas Duhne, 2020). The evidence for the efficacy of patient preference is mixed. While some 

studies have found no significant effect of patient preference on outcome (e.g., Dunlop et al., 2017), a 

meta- analysis found a small significant effect (Swift & Callahan, 2009). Leveraging patient choice en-

hances motivation to engage in treatment and enhances the therapeutic alliance (Gelhorn et al., 2011).

Optimization through AI could be viewed as currently, the most objective method of matching 

patients to treatment. Machine learning is becoming more widely used as a method of treatment 

matching and some studies have suggested that this should be combined with patient preference 

to ensure a shared and equal decision- making process (Hamilton et al., 2024). It may be that this is 

the most cautious and ethical way forward in integrating AI into mental health treatment. To offer 
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treatment based on evidence and then when the patient knows what that treatment entails, then 

allocate according to that decision. This may be the best- case scenario for patients with a large PAI 

for example.

Practical implications

The GSH model is based on a collaborative approach (Ruth & Spiers, 2023) and clearly the PAI does 

not take a collaborative approach, but rather uses data to create a decision. Therefore, therapists' and 

practitioners' attitudes towards integrating treatment selection methods into their everyday clinical 

practice need to be better understood (Beutler et al., 2016) and also training offered on how to inte-

grate treatment selection into collaborative useful dialogue with patients during the assessment phase. 

This should adopt an ‘and/both’ approach (i.e., treatment selection going hand in hand with patient 

preferences) and not an ‘either/or’ approach (i.e., either all treatment selection or all patient preference). 

Friedl et al. (2020) offer some pointers in terms of the consideration of how the patient's quality of 

life and functioning needs be considered during decision making, as poor functioning would indicate 

the need for more intense, face- to- face and longer treatment contacts. Service audit would need to 

capture the rate at which patient preferences are matched to treatment selection decisions and when 

not. In the original patient preference trial these results are based upon, there was a diligent effort to 

create effective patient- centred psychoeducation detailing the style and approach of each GSH, so that 

patients could make an informed choice. The patient information sheet regarding treatment options 

went through five iterations and had expert and patient feedback (Kellett et al., 2023). Therefore, the 

way a treatment selection decision is made needs to be clearly set out for patients in ways that are easily 

understood, and very clear descriptions of the indicated treatments created to enable shared decision 

making (Ruth & Spiers, 2023). Otherwise, the risk is that patients feel ‘done to.’ Hamilton et al.'s (2024) 

example in coronary care highlights the need for patient involvement in the design of the treatment 

selection feedback tool.

Limitations

Significantly more patients received CAT- GSH than CBT- GSH and so external cross validation of the 

prediction model was unfeasible. A decision was made to maximize the sample size for training the 

models. This algorithm should therefore be viewed as a ‘proof of concept’ as the sample sizes were 

suboptimal and underpowered (Fransén et al., 2022; Lutz et al., 2018). While internal cross validation 

increased the reliability of the predictive model, external cross validation in an independent sample 

would be required before clinical utility can be determined.

Treatment options and future research

These findings suggest some patients could have had better outcomes if they had engaged in a different 

version of GSH. This is an important finding as currently in NHS services, CBT- GSH is the only treat-

ment widely available at step 2. Offering treatment choice to evidence- based GSH needs to be backed 

up with clear psychoeducational materials, so that patient preferences are scaffolded by the clearest 

descriptions and the best evidence. The algorithm developed within this study for matching patients 

to each GSH should be evaluated with larger samples. Use of routine outcome data from NHS Talking 

Therapies services implementing the CAT- GSH intervention alongside standard CBT- GSH could be 

used to validate these models in a larger sample using established statistical matching methods (e.g., 

propensity score matching) to better control for baseline differences.
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CONCLUSION

Results from this study suggest that matching patients to treatments can improve outcomes for 

brief GSH, particularly for a subsample of patients with large PAI scores. Lorimer et al. (2024) 

highlighted the ‘revolving door’ of IAPT and that 13.7% of patients returned to the service within 

1–5 years. Better treatment matching improves outcomes and therefore this could have an impact 

on the treatment return rate and possibly create more efficient services. This study supports the 

use of machine learning and prediction models to enable treatment matching, suggesting that using 

trained models holds potential. When there is no strongly recommended treatment, patient prefer-

ence should guide treatment allocation. The study again underlines the need for treatment plurality 

at Step 2 of the NHS Talking Therapies. Effective matching of patients to treatments at step 2 is 

particularly important due to their ubiquity and their brevity, as there is less time and opportunity 

to adapt the GSH to the person. Further research is clearly indicated with larger and more balanced 

samples to identify who GSH works best for.
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