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[bookmark: _Toc215045397]Lay Summaries
Literature Review: Cognitive behavioural therapy (CBT) is the most widely used therapy for depression, but it may not work equally well for everyone. Machine learning (ML) is an artificial intelligence approach which could help predict who will respond better to CBT. This systematic review evaluated ML studies that predicted CBT outcomes for patients with depression. Three databases were searched, identifying 24 eligible studies. RoB was high across 20 papers, mostly due to small sample size, and many studies lacked detail on ML model development. Most studies found models could predict CBT outcomes using pre-treatment variables. The most predictive factors included clinical and demographic variables, such as symptom severity and employment. Four of six studies found their ML models could accurately predict outcomes for new patients. This shows ML methods can be used to predict depression treatment outcomes following CBT. 

Empirical Review: AI tools may help predict which therapy may best improve depression symptoms for particular people, supporting decision-making for clinicians and patients. This study aimed to better understand clinician and patient perspectives of AI tools and explore how AI may impact on shared decision-making (SDM) and patients’ expectations of therapy. Interviews were conducted with 12 clinicians and seven patients from the TherapyMatch-D (TMD) trial, where an AI algorithm (TMD) or allocation as usual (AAU) was used when deciding which therapy patients with depression should receive. Framework analysis identified nine themes. Patients and clinicians highlighted important decision factors and usual decision-making approaches, and clinicians noted decision-making difficulties. The AI tool was quick and easy to use, and clinicians and patients found it could improve collaboration, confidence in decisions, and SDM. TMD patients had better therapy expectations following their assessment compared to AAU patients. Recommendations for AI-use included human input remaining central to decision-making and integrating AI into healthcare systems. 
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Predicting Depression Treatment Outcomes for Cognitive Behavioural Therapy using Machine Learning: A Systematic Review
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Background: Cognitive behavioural therapy (CBT) is an empirically-supported treatment for depression, although some patients respond well and others do not. The use of machine learning (ML) could potentially help to predict which patients may benefit most from CBT.
Objectives: To synthesise results and predictor variables across studies applying ML to predict depression treatment outcomes for CBT. 
Methods: Systematic searches were conducted across three databases and eligible studies were assessed for risk of bias (RoB) using the PROBAST tool. ML methods and predictor variables were summarised using a narrative synthesis.
Results: Twenty-four studies met eligibility criteria, of which only four (16.7%) were deemed at low RoB. Transparent reporting of ML pipeline domains (sample size, data pre-processing, hyperparameters, validation methods, and indices of prediction performance metrics) varied. Clinical (e.g., symptom severity, sleep problems) and demographic variables (e.g., employment) were the most widely used predictors. Studies with the most rigorous cross-validation methodology (n=6) show replicated evidence that predictions from ML models generalise to external validation samples (in 4 out of 6).
Limitations: Reporting of technical details of ML model-training methods is generally sparse. 
Conclusion: Replicated evidence indicates that ML methods can predict depression treatment outcomes, with adequate generalisability to new samples. Future research should move beyond the question about whether it is possible to predict treatment outcomes, but rather how the accuracy of such predictions can be optimised.

Practitioner Points: 
· Machine learning methods predicted depression outcomes for CBT in most studies.
· Machine learning predictions could generalise to external samples in 4 of 6 of the most methodologically rigorous studies.
· Replicated predictors included baseline depression, employment and sleep problems.

Key Words: depression, cognitive behavioural therapy, machine learning, precision mental health care
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Depression is a leading cause of disability worldwide, affecting around 5% of adults (World Health Organization, 2021) and associated with a substantial financial burden to healthcare systems (König et al., 2020). Psychotherapy and pharmacological treatments are recommended first-line interventions for depression (NICE, 2022). Psychotherapy is often preferred by patients and its effectiveness is well-established (Cuijpers et al., 2021). CBT is a psychological intervention with an extensive evidence-base for depression treatment (David et al., 2018; Hofmann et al., 2012), found to be superior to antidepressant medication in terms of drop-out and relapse (Hollon et al., 2002, 2005; Waqas & Rahman, 2021). However, despite being one of the most widely used therapies for depression, only around half of people have a clinically significant response (Hollon et al., 2002; Monroe & Harkness, 2011). With such a high proportion of individuals not experiencing improvements, it is necessary to develop evidence-based prognostic methods to identify CBT responders as early as possible, to offer it to those most likely to benefit. 
Depression is a highly heterogenous condition (Lorenzo-Luaces, 2018; Sullivan et al., 2000). Consequently, numerous factors have been identified as potential predictors of CBT outcomes, including demographic, clinical, and environmental factors (Cohen et al., 2019; Edmonds et al., 2018; Huibers et al., 2014; Rayner et al., 2019). An important technical challenge is to combine such heterogeneous sources of information to make prognostic assessments that could guide personalised treatment selection. This challenge has propelled a new field of precision mental healthcare, aiming to match patients to their optimal treatment through data-driven methods (Deisenhofer et al., 2024; Delgadillo & Lutz, 2020; Kessler & Luedtke, 2021). Accurately predicting whether a patient is likely to benefit from a specific therapy would allow patients to be offered interventions which are most appropriate for them, as opposed to offering treatments that are effective on average. 
Several features have been identified as predictors of depression treatment outcomes, many occurring across the domains of sociodemographic, depression variables, comorbid symptoms, stress and adversity, among other constructs (Kessler et al., 2017). However, individual variables do not tend to provide sufficient predictive power of treatment outcomes alone, and none have been implemented in clinical practice for treatment selection (Perlis, 2016). Recent attention has shifted towards methods capable of combining information from multiple domains. 
Machine learning (ML) is being increasingly used in the field of precision mental healthcare to develop multivariable prediction models to guide treatment selection (Chekroud et al., 2021). ML refers to a broad set of data mining techniques that enable the discovery of patterns in available data, with the purpose of generating algorithms that can be used to solve classification and/or prediction related tasks in new, unseen data (Delgadillo, 2021). Supervised ML uses “labelled data” (where the outcome of interest is included in the training process) to output a clinical prediction, while unsupervised ML does not use labelled data and it is used to develop clustering models that group cases into similar subgroups based on their characteristics (Delgadillo & Atzil-Slonim, 2023). ML techniques can model complex relationships among variables, such as interactions and non-linear associations, enabling greater precision in the prediction of outcomes for individuals compared to more traditional modelling methods. ML models trained using data from typical clinical populations could potentially help predict who will benefit from an available psychological treatment based on an individual’s characteristics before treatment is provided, thus supporting personalised treatment selection. 
A formal appraisal of the methodological rigour of ML studies is important, since emerging studies using ML methods are hampered by several limitations. For example, these studies often use small samples that are inadequate to test out-of-sample generalisability (Lee et al., 2018). There are often large variations in predictive variables investigated between studies (Kessler et al., 2017), making it difficult to ascertain replicability of results. As use of ML in mental healthcare is relatively novel, risks such as ‘information leakage’ and ‘overfitting’, which hamper generalisability to new samples, can be present without appropriate validation methods. Adherence to validation frameworks is therefore of crucial importance for developing reliable and generalisable models (Chekroud et al., 2021).
Guidance to facilitate the optimal development and reporting of ML methods has recently been developed. Delgadillo and Atzil-Slonim (2023) describe six key domains and reporting considerations pertinent to model development and validation. The domains of this ‘ML Pipeline’ include [1] sample size calculations, [2] data pre-processing and feature engineering, [3] hyperparameter selection and tuning, [4] model training and [5] testing (cross-validation), and the [6] evaluation and transparent reporting of ML model performance. For example, hyperparameters are modifiable settings within an algorithm which control model complexity and learning (such as the number of trees in random forest). These can be selected and tuned a priori to achieve the most accurate and generalizable predictive model (Delgadillo & Atzil-Slonim, 2023; Dwyer et al., 2018). As performance of ML algorithms can be significantly impacted by hyperparameter settings, it is important that studies provide sufficient details on how they dealt with hyperparameters to ensure transparency and allow replicability. The authors also provide a framework to appraise the credibility of evidence for ML studies: level i, the least stringent approach, occurs when the ML model is tested only on the sample used to train the model; level ii includes use of an internal cross-validation procedure; level iii, the most stringent approach, uses a statistically independent sample for model validation following external cross-validation procedures. 

Current Review
Prior reviews have identified several studies that evaluate the predictive value and potential clinical utility of ML models for psychological treatment selection (Cohen et al., 2021; Cohen & DeRubeis, 2018; Deisenhofer et al., 2024; Lorenzo-Luaces et al., 2021). Although most of these found that some ML models could generalise to hold-out samples not used to train the prediction algorithms, most are selective reviews of exemplar studies, rather than systematic reviews. Furthermore, transparent reporting and RoB assessments were not conducted in prior reviews. Recent systematic reviews have examined use of ML in predicting depression treatment outcomes across a variety of interventions (Lee et al., 2018; Sajjadian et al., 2021), and to predict who benefits from CBT (Vieira et al., 2022). However, to our knowledge, no review has critically examined the application of ML in predicting depression treatment outcomes from CBT treatment. Given the rapid expansion of interest in the field of ML, and specifically in predicting treatment outcomes for the most common mental health disorder and first-line treatment, this study sought to fill this gap. This systematic review followed published guidelines for assessing methodological quality and RoB (Wolff et al., 2019), with additional focus on stages of model development and validation outlined by the ML pipeline (Delgadillo & Atzil-Slonim, 2023). Additionally, this review synthesised predictor variables used and selected by ML models within the studies. 

[bookmark: _Toc215045402]Methods
	The protocol for the systematic literature review was pre-registered in July 2023 prior to the literature search on the Open Science Framework (https://osf.io/3n8ad/?view
_only=219907b72ebd45ee9e15997493041714). The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement provided a framework to guide the review (Page et al., 2021).

Search Strategy
Search terms were chosen based on their relation to the three areas key to the review: CBT, depression, and ML (Appendix A), and informed by prior systematic reviews on ML (Lee et al., 2018; Sajjadian et al., 2021; Vieira et al., 2022). Systematic searches using pre-registered eligibility criteria and search terms were conducted across three databases in June 2023 and updated in February 2025 (SCOPUS, PubMed, and Psych Info). Boolean operators were used to combine search terms, and no date, publication type, or language restrictions were applied to the searches. 

Eligibility Criteria
Inclusion and exclusion criteria are summarised in Table 1, following the PICO framework (Higgins et al., 2024). No restrictions on the type or delivery of CBT were applied to ensure a broad range of studies were eligible for inclusion.
	Table 1
	
	

	PICO framework for inclusion and exclusion criteria

	
	Inclusion
	Exclusion

	Population
	Adults aged 18 or over seeking treatment for current symptoms of depression. 
	Studies where less than 50% of patients were over the age of 18.
Studies where less than 50% of patients were not seeking treatment for current symptoms of depression.

	Intervention
	CBT treatment delivered in any modality (individual or group format, delivered face-to-face or over the internet) for the treatment of depression.
Supervised or unsupervised ML methods were applied to predict CBT treatment outcomes using pre-treatment or baseline features.
	CBT intended to treat a condition other than depression, or any therapy delivered that was not based on CBT.
Studies not using ML methods, applying ML methods after treatment has started, or not investigating response to CBT for current depressive symptoms. 

	Comparator
	Studies comparing CBT outcomes to that of other interventions for depression where prediction models were developed according to or including the CBT condition. Including studies that developed new models with or without external validation procedures, and external validation studies of previously developed models.
	Studies where prediction models were developed for a clinical sample that did not receive CBT. 

	Outcome
	Outcomes assessed using a psychometrically validated patient- or therapist-reported measure, including questionnaires and structured clinical interviews.
	Outcomes that do not use a psychometrically validated patient- or therapist-reported measure.



Screening and Selection
The study selection process illustrated in Figure 1 was led by the first author, and independently verified by the second. Backward citation searching of reference lists of articles sought for full-text retrieval was completed. Additionally, forward citation searching using Google Scholar was used to find articles citing each included study. Grey literature was included to increase diversification of evidence sources, ensure all relevant research was included, and to reduce risk of publication bias.
Data Extraction
Data extraction was led by the first author and independently verified by the second. Extraction was informed by the standardised extraction form based on the Checklist for critical Appraisal and data extraction for systematic Reviews of prediction Modelling Studies (CHARMS; Moons et al., 2014), published reviews of relevant research (Lee et al., 2018; Sajjadian et al., 2021; Vieira et al., 2022), and ML pipeline domains (Delgadillo & Atzil-Slonim, 2023). Data relevant to the above guidelines were tabulated and synthesised narratively.

Risk of Bias
Risk of Bias (RoB) was assessed using the Prediction Risk of Bias Assessment Tool (PROBAST; Wolff et al., 2019). This tool provides a framework to facilitate the structured judgement of RoB within prediction model studies (Wolff et al., 2019). Twenty questions assess RoB across four domains: participants, predictors, outcome, and analysis. Overall RoB and applicability is graded as ‘low’, ‘high’, or ‘unclear’. RoB was assessed by the main researcher. A second researcher independently assessed a random sub-selection of articles (n=9) using the PROBAST tool. Discrepancies were discussed and resolved with a third researcher where necessary. Interrater reliability was calculated using Cohens Kappa (Cohen, 1960).

[bookmark: _Toc215045403]Results
Search Results
The selection process is illustrated in a PRISMA diagram (Figure 1). The literature search identified 833 non-duplicate records, 24 of which were deemed eligible for review based on the pre-registered criteria. Selected studies included 11,733 participants. Studies excluded after full-text screening (n=37) are reported with reasons for exclusion in Appendix B. Publication dates of included studies ranged from 2009 to 2024, with most studies published after 2017 (n=22). 

PROBAST RoB Assessment
PROBAST RoB assessments for included studies can be found in Appendix C. Interrater reliability assessed with Cohen’s kappa indicated a strong level of agreement between raters (McHugh, 2012; κ=0.81). Only four studies were deemed at low overall RoB (Delgadillo & Gonzalez Salas Duhne, 2020; Jamieson et al., 2024; van Bronswijk et al., 2024; Wallert et al., 2022), one study had unclear RoB (Curtiss et al., 2024). The remaining 19 studies were deemed at high RoB. The highest RoB related to the Analysis domain, mostly due to studies not having large enough samples (n=18). Seven did not include all enrolled participants in the analysis, and six did not include information regarding handling of missing data. 
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Records identified from:
Databases (n = 3)
SCOPUS (n = 683)
PsychInfo (n = 293)
PubMed (n = 345)
(n = 1321)

Records removed before screening:
Duplicate records removed (n = 488)

Records screened
(n = 833)
Records excluded
(n = 778)
Reports sought for retrieval
(n = 55)
Reports not retrieved
(n = 0)
Reports assessed for eligibility
(n = 55)
Reports excluded (n = 34):
· Did not use ML methods (n = 17)
· Did not use only pre-treatment or baseline features (n = 7)
· <50% of patients had a depression diagnosis (n = 5)
· Did not predict CBT outcomes (n = 2)
· Depression was not the main outcome (n = 1)
· Participants aged <18 years old (n = 1)
· ML results reported previously (n = 1)
Records identified from:
Forwards and Backwards citation searching (n = 4)

Reports excluded:
Reason – Did not use ML methods (n = 3)

Studies included in review
(n = 24)

Identification of studies via databases and registers
Identification of studies via other methods
Identification
Screening

Included
Reports sought for retrieval
(n = 6)
Reports not retrieved
(n = 0)
Reports assessed for eligibility
(n = 6)
Figure 1
PRISMA diagram of literature search and screening for the systematic review 

Study Characteristics and Methods 
A summary of the main characteristics of each study can be found in Table 2.
Outcome Measures and Criteria
The most frequently used depression outcome measures were the Patient Health Questionnaire (PHQ-9; Kroenke et al., 2001; n=7) and the Beck Depression Inventory (BDI-II; Beck et al., 1996; n=7). Outcome measures utilised in other studies included the Hamilton Depression Rating Scale (HAMD[footnoteRef:1]; Hamilton, 1960; n=6), World Health Organisation-5 Wellbeing Index (WHO-5; n=1), Composite International Diagnostic Interview (CIDI-5; n=1), Hospital Anxiety and Depression Scale (HADS-D; n=1), and the Montgomery-Åsberg Depression Rating Scale-Self report (MADRS-S; n=1). Most studies predicted treatment outcome as a continuous variable (n=14). Five studies predicted outcome as remission status, and two predicted outcome using criteria for reliable and clinically significant improvement (RCSI). The remaining studies defined outcome as a 50% reduction in depression symptoms (n=1), and absence of MDD assessed via clinical interview (n=1).  [1:  HAM-D is also known as the Hamilton Rating Scale for Depression (HRSD), as referenced in three studies] 


Interventions
Most studies included participants receiving individual CBT (n=16). Other methods included internet-delivered CBT (iCBT; n=5), group CBT (n=3), and a combination of individual and group CBT (n=1).  Friedl et al. (2020) compared CBT to CBT with integrated exposure and emotion-focused elements (CBT-EE). Results from the CBT condition are reported as this is more relevant to the present review. Nine studies focused on CBT only, whilst 15 compared CBT with another treatment, including interpersonal psychotherapy (IPT; n=3), treatment as usual (TAU; n=3), anti-depressant medication (ADM; n=2), person-centred experiential therapy (PCET[footnoteRef:2]; n=2), monitored attention control (MAC; n=1), transdiagnostic therapy (n=1), psychodynamic therapy (PDT; n=1), and integrative positive psychological intervention for depression (IPPI-D; n=1). One study compared cognitive therapy with five medication conditions and one medication with cognitive therapy condition (Curtiss et al., 2024). [2:  Also known as Counselling for Depression (CfD).] 

	Table 2
Main characteristics of included studies

	Study
	N Total (n CBT condition)
	Intervention/s
	Variable Selection[footnoteRef:3] [3: ] 

	Machine Learning Algorithm
	Cross-Validation Method
	Depression Outcome

	Benjet et al. (2023)
	1319 (884)
	GSH iCBT, SH iCBT, TAU
	284 predictor variables across 11 domains (including sociodemographic, clinical, and comorbid psychological symptoms) were examined in terms of predictor importance.
	Ensemble ML algorithms: ENR, RF, XGBoost, SVM, NN, (LR*)
	5-fold CV
	PHQ-9 and GAD-7/
Remission

	Cohen et al. (2019)
	167 (75)
	CBT, PDT
	5 variables selected from 49 clinical variables.
	RF, ENR, BART 
	Internal 10-fold CV x 1,000 
	HAM-D/ Continuous

	Costafreda et al. (2009)a
	37 (12)
	CBT, ADM
	Functional neuroanatomy – not reported.
	SVM
	Leave-one-out CV
	HDRS/ Remission

	Costafreda et al. (2009)b
	16 (16)
	CBT
	Task fMRI variables – not reported.
	SVM
	Leave-one-out CV
	HDRS/ Remission

	Curtiss et al. (2024)
	1439 (n for CT condition not reported)
	CT, CT + ADM, 5 ADM conditions
	The top 10 predictor variables were reported from 155 demographic and clinical variables.
	Ensemble ML algorithms: ENBR, Ranger RF, SVM, NN, XGBoost, Bayesial (Generalised Linear Regression*)
	Nested CV
	HAM-D/ Remission

	Delgadillo & Gonzalez Salas Duhne (2020)
	1,435 (1,104)
	CBT, PCET
	7 variables selected from 15 demographic and clinical variables.
	ENR with Optimal Scaling 
	Internal CV x 1,000 and external validation in hold-out sample
	PHQ-9/
RCSI

	Eskildsen et al. (2020)
	228 (118)
	Group CBT, Transdiagnostic
	4 variables selected from 35 demographic and clinical variables.
	RF followed by a stepwise AIC-penalized bootstrapped method
	5-fold CV
	WHO-5/ Continuous

	Friedl et al. (2020)
	123 (63)
	CBT, CBT-EE
	6 variables selected from 42 demographic, depression, and clinical variables. 
	BMA
	Leave-one-out approach
	BDI-II/ Continuous

	Jamieson et al. (2024)
	953 (953)
	CBT
	4 variables from 17 demographic and clinical variables.
	LASSO
	Split the dataset 50-50 into training and test samples
	PHQ-9/ 
RCSI

	Krishnadas et al. (2018)
	43 (43)
	GSH-iCBT
	10 neural grey-matter areas selected. Initial variables not reported. 
	GPC

	Leave-one-out CV
	BDI-II/ 
50% score reduction

	Lopez-Gomez et al. (2019)
	128 (66)
	Group CBT, IPPI-D
	6 variables were selected from 21 pre-treatment clinical, demographical, and functioning variables.
	RF, ENR
	10-fold CV
	BDI-II/ Continuous

	Lorenzo-Luaces et al. (2017)
	622 (208)
	CBT, BT TAU
	5 variables were selected from 13 demographic and clinical variables, and personality traits.
	LASSO, (LR*)
	5000 bootstrapped samples using 10-fold CV
	Absence of MDD - assessed by clinical interview (CIDI)

	Lorimer et al. (2021)
	317 (317)
	GSH-LiCBT
	6 variables were selected from 17 demographical and baseline clinical features (Model 1).
	XGBoost
	5-fold CV and leave-one-out variable loops
	PHQ-9 and GAD-7/ Reliable change

	Moggia et al. (2024)
	255 (115)
	CBT, PCET
	13 variables were selected from 129 sociodemographic and clinical variables.
	RF, (Linear Regression*)
	Leave-one-out CV
	PHQ-9/ Continuous

	Queirazza et al. (2019)
	37 (37)
	SH iCBT
	2 neural areas selected from an unspecified number.
	RVM, Linear SVC, (LR*)
	Leave-one-subject-out CV
	BDI-II/ Continuous

	Rauwenhoff et al. (2020)
	62 (62)
	CBT
	18 pre-treatment demographic and psychological variables were all retained.
	ENR
	5-fold CV
	HADS-D/ Continuous

	Thai et al. (2024)
	60 (30)
	iCBT, MAC
	25 variables included in the Stage 3 model were selected from demographic, flanker performance, and emotion regulation-inhibitory control network variables.
	ENR
	10-fold CV
	PHQ-9/ Continuous

	van Bronswijk et al. (2021)a
	351 (174)
	CBT, IPT
	4 variables (STEPd trial) and 3 variables (FreqMech trial) were selected from 71 clinical and demographic domains – final predictors not reported.
	RF, ENR
	10-fold and 5-fold CV
	BDI-II/ Continuous

	van Bronswijk et al. (2021)b
	182 (76)
	CT, IPT
	3 variables selected from 38 demographic, clinical, and comorbid symptoms variables.
	RF, (Linear Regression model*)
	5-fold CV
	BDI-II/ Continuous

	van Bronswijk et al. (2024)
	2481 (1238)
	CBT, TAU
	10 variables selected from 21 social-demographic, clinical, comorbid symptoms, and stress and adversity symptoms.
	ENR
	Training data-set was applied to a held-out testing data-set 
	HDRS/ Continuous

	van Bronswijk et al. (2019)
	85 (45)
	CT, IPT
	3 variables were selected from 29 clinical, demographic, psychological, functioning, and life and family history variables.
	RF
	5-fold CV
	BDI-II/ Continuous 

	Wallert et al. (2022)
	894 (894)
	iCBT
	45 variables were selected from 69 process, demographic, and genetic variables. 
	RF
	CV using iteratively applied RFE, with an outer wrapper of 3 x 7-fold CV resampling, and hold-out sample.
	MADRS-S/ Remission

	Webb et al. (2020)
	484 (484)
	Group and individual CBT
	14 pre-treatment variables were selected from 51 demographic, clinical, depression history, and comorbid symptom variables.
	ENR
	10-fold CV
	PHQ-9/ Continuous

	Wei et al. (2023)
	25 (25)
	CBT
	1 area of pre-CBT regional homogeneity.
	SVR
	Leave-one-out CV
	HAM-D/ Continuous

	Note. Domains of variables listed above correspond to the domains reported by the authors.
Abbreviations: (Intervention) ADM: Anti-Depressant Medication; BT: Behavioural Therapy; CBT: Cognitive Behavioural Therapy; CBT-EE: CBT with Emotion Focussed Elements; CT: Cognitive Therapy; GSH: Guided Self-Help; iCBT: Internet-delivered CBT; IPPI-D: Integrative Positive Psychological Intervention for Depression; IPT: Interpersonal Therapy; LiCBT: Low intensity CBT; PCET: Person-Centred Experiential Therapy; PDT: Psychodynamic Therapy; SH: Self-Help; TAU: Treatment As Usual. 
(ML Method) AIC: Akaike Information Criterion; BART: Bayesian Additive Regression Trees; BMA: Bayesian Model Averaging; CV: Cross-Validation; ENBR: Elastic Net Binomial Regression; ENR: Elastic Net Regularization; GPC: Gaussian Process Classifier; LASSO: Least Absolute Shrinkage and Selection Operator; LR: Logistic Regression; MAC: Monitored Attention Control; NN: Neural Network; RFE: Recursive Feature Elimination; RF: Random Forest; RVM: Relevance Vector Machine; SVC: Support Vector Classifier; SVR: Support Vector Regression; SVM: Support Vector Machine; XGBoost: eXtreme Gradient Boosting.
(Depression Outcome) BDI-II: Beck’s Depression Inventory-II; CIDI: Composite International Diagnostic Interview; GAD-7: Generalised Anxiety Disorder assessment-7; HADS-D: Hospital Anxiety and Depression Scale; HAM-D: Hamilton Depression Rating Scale; HDRS: Hamilton Depression Rating Scale; MADRS-S: Montgomery-Åsberg Depression Rating Scale-Self report; MDD: Major Depressive Disorder; PHQ-9: Patient Health Questionnaire-9; WHO-5: World Health Organisation-5 Wellbeing Index.
 Variables as defined by the authors
* Regression model not considered ML but included as a benchmark model or alongside ML methods (e.g. in an ensemble model)



Overview of ML Methods
All included studies used supervised ML methods. The two most frequently used ML models were Random Forest (RF; n=10) and Elastic Net Regularization (ENR; n=9). There were 12 other ML methods used within the studies, including Support Vector Machine (SVM; n=4), extreme Gradient Boosting (XGBoost; n=3), Least Absolute Shrinkage and Selection Operator (LASSO; n=2), Neural Networks (NN; n=2), Bayesian Additive Regression Trees (BART; n=1), Bayesian Model Averaging (BMA; n=1), Gaussian Process Classifier (GPC; n=1), Relevance Vector Machine (RVM; n=1), Support Vector Classifier (SVC; n=1), and Support Vector Regression (SVR; n=1). Some studies reported statistical techniques for selecting an optimal model, among alternative model versions that used different predictors and/or weights. Eskildsen et al. (2020) used a two-step method including RF followed by a stepwise AIC-penalized bootstrapping procedure, whilst Delgadillo and Gonzalez Salas Duhne (2020) used ENR with optimal scaling and selected an optimal model using an automated grid-search procedure via internal cross-validation. 
Overall, 15 studies used one ML method, and nine included two or more methods. Additionally, six studies compared or combined ML methods with conventional explanatory (i.e., regression) models; Logistic Regression (n=3) and Linear Regression (n=3). Curtiss et al. (2024) and Benjet et al. (2023) used a super learner approach, creating a stacked ensemble algorithm through combining several individual ML algorithms and linear or logistic regression. Four studies used a two-step process, selecting the most important predictor variables using RF, followed by ENR (Lopez-Gomez et al., 2019; van Bronswijk et al., 2021a) or a linear regression model to output outcome predictions (Moggia et al., 2024; Van Bronswijk et al., 2021b). Lorenzo-Luaces (2018) also used a two-stage procedure, using a LASSO procedure for variable selection before entering them into logistic regression to predict the likelihood of recovery. Queirazza et al. (2019) compared and reported performance of two ML methods (RVM and linear SVC) and logistic regression, finding the linear SVC model to have the best performance in predicting treatment outcomes. Cohen et al. (2019) used a multi-phase selection procedure, using variable importance indices across various ML approaches (RF, BART, ENR) to select predictors, before entering the selected variables into a bootStepAIC model.
Nine studies developed prediction models based on the concept of the Personalised Advantage Index (PAI; Cohen et al., 2019; Delgadillo & Gonzalez Salas Duhne, 2020; Eskildsen et al., 2020; Friedl et al., 2020; Lopez-Gomez et al., 2019; Moggia et al., 2024; van Bronswijk et al., 2021a; van Bronswijk et al., 2021b; van Bronswijk et al., 2024). The PAI is a statistic centred at zero, where the sign (i.e., positive or negative) favours one of two available treatments, and the magnitude (i.e., distance away from zero) is indicative of the extent to which one of these treatments would be expected to result in better outcomes for an individual (DeRubeis et al., 2014). Essentially, the PAI is computed by subtracting two predicted outcomes for a single individual, one for each of two treatment options. PAI models can be developed using algorithms that model interactions between the treatment variable and moderator variables (e.g., see DeRubeis et al., 2014), or by combining separate prognostic algorithms built for each of two treatment options (e.g., see Delgadillo & Gonzalez Salas Duhne, 2020).

Machine Learning Pipeline Domains
Table 3 provides a synthesis of study results.
Sample Size
Only two studies reported sample size calculations (Benjet et al., 2023; Delgadillo & Gonzalez Salas Duhne, 2020), and one did not meet the target sample size (Benjet et al., 2023). Sample sizes within the reviewed studies ranged from 16 to 2,481 participants (M=489 participants), with 12 to 1,238 participants within the CBT condition (M=306)[footnoteRef:4]. Studies investigating using structural and functional neuroimaging data (n=6) tended to have smaller sample sizes (n=16-60 participants overall, 12-43 in the CBT condition). Six studies were deemed to have an adequate number of participants with the outcome relative to the number of predictor variables (Delgadillo & Gonzalez Salas Duhne, 2020; Jamieson et al., 2024; Lorenzo-Luaces et al., 2017; Lorimer et al., 2021; van Bronswijk et al., 2024; Wallert et al., 2022), whilst 18 studies were deemed at high RoB due to low sample size. [4:  This does not include Curtiss et al. (2024) as the number of participants in the CBT condition was not reported.] 


Data Pre-Processing
Half of the included studies (n=12) reported handling missing data through imputation using the RF-based algorithm ‘MissForest’ (Stekhoven & Bühlmann, 2012). Other methods of handling missing data included listwise deletion of missing data (n=1), imputation using an expectation-maximization method (n=1), multiple imputation by chained equations (n=1), using missing data as an informative splitting criterion by the XGBoost algorithm (n=1), and imputed with K-Nearest neighbour (n=1). One study (Benjet et al., 2023) did not report handling of missing data within the published study, although described planning to summarise reasons for missingness and using a missing at random (MAR) approach and sensitivity analysis within the trial protocol and statistical analysis plan. Five studies did not report on missing data (Costafreda et al., 2009a; Costafreda et al., 2009b; Krishnadas et al., 2018; Queirazza et al., 2019; Wei et al., 2023). 
Nine studies did not report on handling of categorical variables. Three reported using binary variables, three described use of the ML algorithm in handling categorical variables, and three reported using the proportion of falsely classified entries (PFC) for categorical data. Methods in the remaining studies included dummy coding (n=2), categorical variables being centred (n=2), merging sparse data categories (n=1), and reporting categorical data as counts (n=1). 

Hyperparameters
Reporting on selection and tuning of hyperparameters tended to be limited overall. Four studies explicitly reported the hyperparameter tuning method used within the study (grid searching: Delgadillo & Gonzalez Salas Duhne, 2020; Queirazza et al., 2019; Wallert et al., 2022; Webb et al., 2020), whilst one study reported manual tuning of hyperparameters (Lorimer et al., 2021). Four studies reported settings selected for hyperparameters (Eskildsen et al., 2020; Friedl et al., 2020; van Bronswijk et al., 2021a; Van Bronswijk et al., 2021b). Thai et al. (2024) used 10-fold cross-validation for hyperparameter tuning for each of the 10,000 runs of the ENRs. Benjet et al. (2023) reported hyperparameter selection and tuning methods for the ML ensemble algorithms within supplementary materials. 

Cross-validation Methods and Levels of Evidence
From the eligible studies, six used both internal cross-validation and external validation through use of independent hold-out samples, demonstrating level iii evidence. Of those classed as level iii studies, one used a split-half method (50:50 training and test samples; van Bronswijk et al., 2024), and four used an imbalanced-split training to test ratio, including 80:20 (Moggia et al., 2024; Webb et al., 2020) and 60:40 ratios (Wallert et al., 2022). Only one study completed sample size calculations for training and test sample sizes to ensure both samples were adequately powered (Delgadillo & Gonzalez Salas Duhne, 2020). van Bronswijk et al. (2021)a completed cross-trial predictions, comparing predictors and moderators found across two independent clinical trials.
The remaining 18 studies used internal cross-validation, providing level ii evidence. K-fold cross-validation methods (10-fold and 5-fold) were the most widely used within the level ii studies (n=10). One study split the dataset into 50:50 training and test samples. Leave-one-out (n=6) and nested (n=1) cross-validation were used in the remaining level ii studies. van Bronswijk et al. (2021)a, reported results from internal cross-validation and external validation in cross-trial predictions, finding the performance of the prediction model was better in the training sample than when tested on a statistically independent sample from another clinical trial. However, cross-trial predictions were limited as not all predictors were available in both trial samples.
	Table 3
Synthesis of results of included studies

	Study
	Evaluation Indices
	Synthesis of Results
	Level of Evidence
	Sample Size Calculation
	Hyper-parameters

	Benjet et al. (2023)
	AUC = 0.72 (guided iCBT).
AUC = 0.64 (self-guided iCBT)
	Those receiving treatment indicated as optimal by the ITR model had an overall remission rate of 57.2%, compared to 55.8% when all participants were treated with guided iCBT, although this difference was not significant. 
	ii
	Calculated a priori, though final sample was under-powered to detect HTE
	Selected and tuned a priori

	Cohen et al. (2019)
	R2 = 0.18
	Those receiving PAI model indicated CBT had better treatment outcomes (HAM-D = 12.6) compared to those receiving non-model indicated CBT (HAM-D =13.9). Including only 60% of participants with the strongest PAIs increased the effect of treatment selection on HAM-D scores (model indicated CBT=12.6, non-model indicated CBT=14.3).
	ii
	Not reported
	Selected a priori

	Costafreda et al. (2009)a 
	N/A for CBT condition
	Structural neuroanatomy analysed via a neural network model did not show a significant prediction of clinical remission to CBT.
	ii
	Not reported
	Selected a priori

	Costafreda et al. (2009)b
	Accuracy = 79%
Sensitivity = 71%, Specificity = 86%
	The SVM model using functional neuroanatomy could predict clinical response to CBT with 79% accuracy, 71% sensitivity, and 86% specificity. 

	ii
	Not reported
	Not reported 

	Curtiss et al. (2024)
	AUC = 0.72 for top 10 predictor variables. AUC = 0.82 for all 155 baseline variables.
	Model using top 10 predictive variables could predict remission on the HDRS with 80% accuracy and 89% specificity. Model using all 155 baseline variables could predict remission with 88% accuracy and 98% specificity. 
	ii
	Not reported
	Selected a priori

	Delgadillo & Gonzalez Salas Duhne (2020)
	Training sample AUC = 0.67. External test sample AUC = 0.59. 
	PAI scores identified three groups: no optimal treatment, and optimal treatment is CBT or PCET. Those receiving their optimal treatment had significantly higher RCSI rates (62.5%) compared to those receiving their ‘non-optimal’ treatment (41.7%). Specific CBT results not reported.
	iii
	Sample size calculations for training and testing samples carried out a priori.
	Selected and tuned a priori

	Eskildsen et al. (2020)
	r = 0.25 (for whole sample, no CBT for depression results reported)
	Predictors were non-significantly negatively associated with outcome, with no robust predictors of outcome or moderators available for a PAI. Specific results for CBT condition not reported. 
	ii
	Not reported
	Selected and tuned a priori

	Friedl et al. (2020)
	R2 = 0.52
	For the overall sample, those receiving their optimal treatment had lower post-treatment scores than those receiving non-optimal treatment (M=8.65 vs. M=10). The R2 statistic indicates that the PAI model for the CBT condition explained 52% of the variance in post-treatment BDI-II scores
	ii
	Not reported
	Selected and tuned a priori

	Jamieson et al (2024)
	AUC = 0.75 
	Model had significant predictive validity for predicting RCSI on the PHQ-9.
	ii
	Not reported
	Selected a priori

	Krishnadas et al. (2018)
	AUC = 0.65
	Pre-treatment grey-matter morphology predicted who would respond to cCBT with 73.92% classification accuracy. Class predictive value was 91.67% for responders and 67.74% for non-responders.
	ii
	Not reported
	Not reported

	Lopez-Gomez et al. (2019)
	R2=0.12
d = 0.21
	Model-based PAI scores significantly predicted change in post-treatment BDI-II scores. There was a non-significant difference in post-treatment BDI-II scores between those receiving their ‘optimal CBT treatment (M=17.18) compared to their ‘non-optimal’ treatment (M=19.05). 
	ii
	Not reported
	Not reported

	Lorenzo-Luaces et al. (2017)
	Accuracy = 0.73
	Prognostic Indices had fair classification accuracy (c=0.73) for predicting recovery rates for depression for the three treatments provided (CBT, BT, TAU). The PI for the CBT condition did not significantly differ from the overall PI, although the predictive accuracy is not reported.
	ii
	Not reported
	Selected a priori

	Lorimer et al. (2021)
	AUC for Model 1 = 0.72
	Model 1 had high accuracy (72.2%), sensitivity (91.0%) and positive predictive value (74.9%) for predicting the probability of relapse following CBT. However, the model had low specificity (27.7%) and negative predictive value (56.5%).
	ii
	Not reported
	Selected and tuned a priori

	Moggia et al. (2024)
	R2 = 0.47 for the full data model
	The PAI model could robustly predict patients’ optimal and non-optimal treatment. In the full dataset, those receiving optimal treatment showed significantly improved symptoms at 6 and 12-month follow-up, although this difference was non-significant when the routine data model was applied to the test sample.
	iii
	Not reported
	Selected a priori

	Queirazza et al. (2019)
	AUC = 0.73(RVM)
AUC = 0.75 (LR)
AUC = 0.82 (linear SVC) 
	The three ML models predicted treatment response with between 68.33-71.57% accuracy, 57.89-68.42% sensitivity, and 72.22-83.33% specificity. 
	ii
	Not reported
	Selected and tuned a priori

	Rauwenhoff et al. (2020)
	R2 = 0.44 (whole data set without CV)

R2 = 0.13 (CV held-out data set)
	Without CV, PI models predicted 44.2% of variance in post-treatment HADS-D scores, with a strong, significant correlation between actual and predicted scores (correlation = 0.67). PI model performance on the CV held-out set predicted 13.4% of variance, with a moderate, significant correlation between PI scores and post-treatment HADS-D scores (correlation = 0.366).
	ii
	Not reported
	Selected a priori 

	Thai et al. (2024)
	R2 = 0.46
	The Stage 3 model explained 46% of the variance in post-treatment PHQ-9 scores.
	ii
	Not reported
	Selected and tuned a priori

	van Bronswijk et al. (2021)a
	d = 0.71 in the STEPd sample. d = 0.09 in the FreqMech sample. d = 0.16 and d = 0.27 in cross-trial predictions. 
	Those receiving PAI indicated ‘optimal’ CBT treatment had significantly lower post-treatment BDI-II scores than those receiving ‘non-optimal’ treatment in the STEPd sample (M=11.19 vs. M=19.85), and non-significantly lower scores in the FreqMech sample (M=23.86 vs. M=25.17). In cross-trial predictions, there were non-significant differences between post-treatment BDI-II scores when comparing optimal CBT treatment with non-optimal treatment in the FreqMech sample (M=25.07 vs. M=26.59) and STEPd sample (M=14.36 vs M=18.81).
	ii & iii
	Not reported
	Selected and tuned a priori

	van Bronswijk et al. (2021)b
	Cohen’s d = 0.42. d = 1.04 for the highest 60% of PAI scores.
	The PAI model predicted better BDI-II follow-up scores for those receiving their CT 'optimal treatment' (BDI-II=14.4), compared to those receiving non-optimal treatment (BDI-II=19.8). This difference increased in a subset of participants with the highest 60% scores (PAI indicated CT BDI-II = 11.1, non-indicated treatment BDI-II = 22.3).
	ii
	Not reported
	Selected and tuned a priori

	van Bronswijk et al. (2024)
	R2 = 0.24
	Individuals receiving PAI indicated CBT treatment had significantly lower depression severity scores on the HDRS (M = 7.38, SD= 6.11) compared to those receiving their PAI non-indicated treatment (M = 8.77, SD = 6.20). Effect sizes were small (d=0.22), although they increased slightly when looking at participants with the highest 60% of PAI scores. 
	iii
	Not reported
	Selected a priori

	van Bronswijk et al. (2019)
	r = 0.60
	PI scores had a strong significant correlation with post-intervention depression BDI-II severity scores. 
	ii
	Not reported
	Selected a priori

	Wallert et al. (2022)
	AUC = 0.69
	The RF model had reasonable accuracy for classifying post-ICBT remission (65.6% accuracy) in the independent hold-out sample.
	iii
	Not reported
	Selected and tuned a priori

	Webb et al. (2020)
	R2 = 0.38
	The ENR model was found to generalise well to an independent hold-out sample, accounting for 38% of the variance in depression outcome.
	iii
	Not reported
	Selected and tuned a priori

	Wei et al. (2023)
	r = 0.77
	The SVR model had good predictive accuracy, finding a significant linear relationship between ReHo in the left DLPFC and post-CBT HAMD scores.
	ii
	Not reported
	Selected a priori

	Abbreviations: NRMSE: Normalised Root Mean Squared Error; PFC: Proportion of Falsely Classified entries; PAI: Personalised Advantage Index; CBT: Cognitive Behavioural Therapy; HAM-D: Hamilton Depression Rating Scale; N/A: Not Applicable; AUC: Area Under the Curve; RCSI: Reliable and Clinically Significant Improvement; BDI-II: Beck’s Depression Inventory-II; cCBT: computerised Cognitive Behavioural Therapy; PI: Prognostic Indices; ML: Machine Learning; SVC: Support Vector Classification; RVM: Relevance Vector Machine; LR: Logistic Regression; CV: Cross-Validation; HADS-D: Hospital Anxiety and Depression Scale; ENR; Elastic Net Regularization; RF: Random Forest. HTE: Heterogeneity of Treatment Effects. ITR: Individualised Treatment Response. ReHo: Regional Homogeneity; DLPFC: Dorsolateral Pre-Frontal Cortex. PCET: Person Centred Experiential Therapy.




Indices of Prediction Accuracy
Eight studies reported Area Under the Curve (AUC) statistics for binary outcomes. Only two studies reported the AUC for an external (hold-out) validation sample (AUC=0.59, Delgadillo & Gonzalez Salas Duhne, 2020; AUC=0.69, Wallert et al., 2022). The remaining seven studies had a slightly higher range and average AUC reported in training samples (AUC=0.64-0.82; M=0.73). Delgadillo and Gonzalez Salas Duhne (2020) reported the AUC for the training and the external validation sample, finding the AUC was higher for the training sample (AUC=0.67) than the validation sample (AUC=0.59). 
Benjet et al. (2023) found the AUC was higher for the guided iCBT condition (AUC=0.72) than the guided self-help (GSH) iCBT condition (AUC=0.64). When considering the AUC reported for the three different CBT modalities across the nine studies reporting this evaluation statistic, the average AUC was similar for studies reporting on guided iCBT (M=0.72), GSH CBT (M=0.71), and individually delivered CBT (M=0.71). Lorimer et al. (2021) reported AUC=0.72 for a model based on pre-treatment features; which also showed high accuracy (72.2%), sensitivity (91.0%), and positive predictive value (74.9%) for predicting depression relapse following low intensity CBT.
Curtiss et al. (2024) reported two AUC statistics for the CBT condition, finding model performance with the full predictor set of 155 variables was more predictive of depression remission status (AUC=0.82, accuracy=88%, specificity=98%) than the predictive performance of the top ten predictors, although the top ten predictors still had a high predictive performance (AUC=0.72, accuracy=80%, specificity=89%). Queirazza et al. (2019) reported AUC statistics for each of the three models tested, finding the Linear SVC model (AUC=0.82) outperformed the RVM (AUC=0.73) and logistic regression model (AUC=0.75). 
Continuous outcomes were used by 14 studies, eight of which reported model prediction accuracy as R2. Several studies examined the potential clinical utility of PAI-based models by comparing effect sizes of cases receiving their model-indicated “optimal” treatment versus those receiving “sub-optimal” treatment (among two treatment options, where one was CBT). Rauwenhoff et al. (2020) reported R2 for the entire training sample without cross-validation (R2 =0.44), and for the cross-validated held-out dataset (R2=0.13). The authors found a moderate significant correlation between actual post-treatment depression scores and prognostic index (PI) scores based on the cross-validation model. Moggia et al. (2024) also found significant differences between patients receiving ‘optimal’ compared to ‘non-optimal’ CBT treatment, although this difference was non-significant when examined in a statistically independent test sample. Friedl et al. (2020) reported the highest R2 (0.52) for the best BMA model (Model 1) for predicting CBT outcome from six predictor variables. The lowest R2 was 0.18, reported by Cohen et al. (2019) who used RF, ENR and BART, followed by an AIC-penalized bootstrapped approach. Those receiving their PAI model-indicated CBT had better outcomes (HAM-D=12.6) compared to those receiving non-model indicated CBT (HAM-D =13.9). 
Another study (van Bronswijk et al., 2021a) mentioned using R2 in the methodology, although this statistic was not reported. Outcome was reported as Cohen’s d. The authors reported that patients receiving their ‘optimal’ CBT treatment had significantly lower post-CBT depression scores than those receiving their ‘non-optimal’ treatment in one trial (STEPd), although this observed difference was non-significant in a second reported trial (FreqMech trial), and when looking at cross-trial outcome predictions. van Bronswijk et al. (2021b) also reported outcome as Cohen’s d, finding those receiving PAI indicated ‘optimal’ CBT had lower post-treatment depression scores than those receiving their ‘non-optimal’ treatment, and this difference was greater in participants with the highest 60% of PAI scores. 
Three studies reported r correlation coefficients (between predicted and observed scores). van Bronswijk et al. (2019) found strong and statistically significant correlations between PI scores and BDI-II severity (r=0.60). Wei et al. (2023) also found a significant linear relationship between pre-CBT regional homogeneity in the left dorsolateral prefrontal cortex (examined using ML) and CBT outcomes (r=0.77). Eskildsen et al. (2020) found non-significant negative associations between predictors and depression treatment outcome (r=0.25), although did not report results specific to the CBT condition. Costafreda et al. (2009)a did not report evaluation metrics, and qualitatively reported that the investigated structural neuroanatomy (examined using ML) did not significantly predict clinical remission following CBT. Costafreda et al. (2009)b reported significant sensitivity (71%) and specificity (86%) of the model for predicting remission (p=0.029), although no additional evaluation metrics were reported. 
	Overall, 23 of the 24 studies reported that ML models could predict depression treatment outcomes following CBT; this prediction was statistically significant in 19 of these studies, and in one of the two trials reported by van Bronswijk et al., 2021a. Out of six studies with level iii evidence, examining the predictive performance ML models when applied to an external validation dataset, evidence of statistically significant generalisability of predictions was reported in four studies. 

Predictor Variables
Candidate Predictor Variables
Overall, 15 studies reported specific pre-treatment predictor variables. The nine remaining studies reported domains of baseline features, but not specific variables used, six of which used neural networks (Costafreda et al., 2009a; Costafreda et al., 2009b; Curtiss et al., 2024; Friedl et al., 2020; Krishnadas et al., 2018; Queirazza et al., 2019; Thai et al., 2024; Van Bronswijk et al., 2021; Wei et al., 2023). From studies reporting specific predictor variables, the number of variables included in ML models ranged from 15 to 284 (M=59). 
Most articles reported using demographic (n=18) and clinical variables (n=17) as predictors in ML models. Other predictor variables included functional MRI features (n=4), psychological variables (n=3), comorbid symptoms (n=3), depression history (n=2), functioning (n=2), structural MRI features (n=2), life and family history (n=1), stress and adversity (n=1), personality traits (n=1), genetic (n=1), and psychotherapy process variables (n=1). Most studies combined predictor variables from two or more domains (n=18), mostly demographic and clinical features. One study used clinical variables only (Cohen et al., 2019). 
Six studies used MRI scan data (Costafreda et al., 2009a; Costafreda et al., 2009b; Krishnadas et al., 2018; Queirazza et al., 2019; Thai et al., 2024; Wei et al., 2023), five of which did not investigate predictors from other domains. Only one of these studies (Thai et al., 2024) provided a summary of the initial predictor variables and used demographic variables as well as flanker performance and emotional-regulation-inhibitory control network variables, although it was unclear whether more predictor variables than those described were used. 

ML Model Selected Predictor Variables
Three studies did not report a list of predictor variables selected by the final ML model (Costafreda et al., 2009a, Costafreda et al., 2009b), although in one study this was due to the reference source or supplementary materials not being available (van Bronswijk et al., 2019). The number of predictor variables selected by the ML models ranged from 1 to 45 (M=9). 
When looking at the predictor variables selected by the ML model across the studies (see Appendix D), many predictors could be categorised according to the domains proposed by Kessler et al. (2017). Table 4 provides a summary of selected variables included in the final model for included studies. As demonstrated, the most frequently selected predictors were those relating to sociodemographic and depression variable domains. 

	Table 4
Kessler et al. (2017) Domains of Predictors 

	Baseline Constructs
	Selected by ML model

	Depression Variables
	18

	Socio-Demographics 
	14

	Comorbid Symptoms
	14

	Stress and Adversity
	5

	Personality Traits
	4

	Other
	8




Clinical Characteristics
Pre-treatment depression variables were found to be predictive of depression treatment outcomes for 16 of 18 studies. Most found baseline depression scores as predictive (n=15), although only two studies specified that lower baseline depression predicted better CBT outcomes (Lorenzo-Luaces et al., 2017; van Bronswijk et al., 2021a). van Bronswijk et al. (2021)a reported PAI models from two trials, finding lower baseline BDI-II scores were significantly predictive of lower post-treatment depression scores in both. In addition to baseline depression, other studies identified greater recurrency and number of depressive episodes (Friedl et al., 2020) and more previous depressive episodes (Wallert et al., 2022) as predictive of worse outcomes.  Eskildsen et al. (2020) reported longer depression duration as predictive of poorer outcomes. Two studies (Lorimer et al., 2021; van Bronswijk et al., 2021b) did not find baseline depression to be a significant outcome predictor.
van Bronswijk et al. (2021)a reported results from two clinical trials. The PAI model in the STEPd trial selected four predictor variables in at least 60% of bootstrap samples. Lower baseline depression, fewer social problems, fewer anxiety symptoms and being employed predicted lower post-treatment BDI-II scores. Three predictor variables were selected by over 60% of bootstrap samples in the FreqMech trial, finding higher depression, more physical problems, and less physical functioning predicted higher post-treatment BDI-II scores. 
Of the six studies investigating neurological/physiological variables, only one anatomical region, the right amygdala, was selected as a predictor in more than one study (n=2; Krishnadas et al., 2018; Queirazza et al., 2019). However, these studies used different biological constructs (grey matter morphology and fMRI), therefore this does not demonstrate replication of a specific neurological predictor.

Socio-Demographic Characteristics
Age was used as a baseline predictor variable in 14 studies, identified as predictive in six. Rauwenhoff et al. (2020) found older age as predictive of better recovery following CBT, whilst Lorimer et al. (2021) and Wallert et al. (2022) identified younger age as predictive. The remaining three studies reported age as a predictor, but did not specify whether younger or older age predicted better outcomes (Benjet et al., 2023; Delgadillo & Gonzalez Salas Duhne, 2020; Thai et al., 2024). 
Gender was examined in 11 studies, of which five found gender as predictive. Friedl et al. (2020) reported males had higher post-treatment depression scores. Conversely, Rauwenhoff et al. (2020) reported better treatment outcomes for males, and Moggia et al. (2024) specified that being an employed male or an unemployed female from advantageous neighbourhoods was predictive of better outcomes. Two studies did not specify how gender predicted outcomes (Benjet et al., 2023; Thai et al., 2024)
Eight of twelve studies found employment status to be a predictive variable. Five studies found that being unemployed predicted worse CBT outcomes (Delgadillo & Gonzalez Salas Duhne, 2020; Lorenzo-Luaces et al., 2017; Lorimer et al., 2021; Rauwenhoff et al., 2020; van Bronswijk et al., 2021a), whilst three studies did not specify employment status (Benjet et al., 2023; Jamieson et al., 2024; van Bronswijk et al., 2024). Four studies did not find employment status to be significantly predictive (Lopez-Gomez et al., 2019; van Bronswijk et al., 2021b; van Bronswijk et al., 2019; Webb et al., 2020). Seven studies investigated education level or attainment, although this was only identified as a predictor variable in two studies, where higher educational attainment predicted better outcomes (Curtiss et al., 2024; Wallert et al., 2022). Two of three studies identified lower income as predictive of poorer outcomes (Moggia et al., 2024; van Bronswijk et al., 2024).

Co-Morbid Symptoms
Several comorbid symptoms were identified as significant predictors of treatment outcome. Anxiety was the most frequently selected comorbid predictor, with presence or severity of anxiety symptoms found in seven of 14 studies as predictive of poorer treatment outcome (Benjet et al., 2023; Cohen et al., 2019; Curtiss et al., 2024; Rauwenhoff et al., 2020; van Bronswijk et al., 2021a, van Bronswijk et al., 2024; Webb et al., 2020). 
Sleep problems were found to be predictive of worse treatment outcome in all four studies investigating this as a baseline variable (Benjet et al., 2023; Lorenzo-Luaces et al., 2017; van Bronswijk et al., 2024; Wallert et al., 2022). Similarly, three studies investigated fatigue or low energy, all finding this was a predictor of poorer outcome (Moggia et al., 2024; van Bronswijk et al., 2024; Webb et al., 2020). 
Other predictor variables selected by two or more studies included taking medication, which was a selected predictor in two of five studies employing this variable, predicting poorer outcomes (Lorimer et al., 2021; Webb et al., 2020). Additionally, disability was found to be a predictor of worse outcomes in two of four studies investigating this (Delgadillo & Gonzalez Salas Duhne, 2020; Lorimer et al., 2021), and both studies investigating extraversion found higher extraversion scores to be a significant predictor of better CBT outcomes (Cohen et al., 2019; Lorenzo-Luaces et al., 2017). 

[bookmark: _Toc215045404]Discussion
Overall, 24 eligible studies applied ML methods to predict depression treatment outcomes for CBT, most of which were published within the past eight years. The two most frequently used ML methods were RF and ENR, with most studies using internal cross-validation (level ii evidence). Demographic and clinical variables were explored as baseline predictor variables in most studies, with depression characteristics and comorbid symptoms being the most investigated clinical variables, and age, gender and employment status being most widely used demographic variables. Most included studies found ML models could predict depression treatment outcome following CBT, based on pre-treatment variables. Taking a highly stringent approach, the subset of studies with the most rigorous cross-validation methodology (n=6) show replicated evidence that predictions from ML models reliably generalise to external validation samples (in 4 of 6).

Methodological Considerations	
In line with previous systematic reviews, most included studies were deemed to be at high RoB on the PROBAST tool. Sample size was the main source of bias, as only six studies were deemed to have a reasonable number of participants with the outcome relative to the number of predictor variables used (Moons et al., 2014). A ‘rule of thumb’ for a minimum sample size is often cited as at least 10 events per predictor (i.e at least 10 individuals experiencing the outcome being predicted), with fewer than 100 participants regarded as generally explorative and more robust ML models requiring 500-1000 or more participants (Riley et al., 2025). In the included studies in the current review, only six had more than 500 participants, and eight had fewer than 100, suggesting these results are more explorative. More recently published step-by-step guidance on calculating appropriate sample size demonstrates the importance of contextual factors, such as the outcome proportion in the study population and the models expected predictive performance (Riley et al., 2020; 2025). The TRIPOD+AI (Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis + Artificial Intelligence; Collins et al., 2024) reporting guidelines for the complete, accurate and transparent reporting of prediction model studies requires researchers to describe and justify the study size for development and evaluation samples. With the development of and adherence to such guidelines by researchers and publishers, it is hoped that future research will have more appropriate sample sizes, leading to better quality and more clinically relevant and robust predictive models.
Studies using neuroimaging or physiological variables tended to have the smallest number of participants, did not use external validation methods, and were all assessed as high RoB. Reporting of neuroimaging methods and physiological variables investigated was also limited within these studies. This raises questions regarding the generalizability, reproducibility, and validity of these findings, particularly of studies such as Costafreda et al. (2009)b, where high accuracy was reported for a small sample (16 participants). ML models in neuroimaging research can often appear highly accurate in small samples due to methodological biases, such as small sample size and cross-validation issues, which cannot be replicated in larger datasets (Flint et al., 2021). Consequently, interpretation of reported accuracies from small sample studies should be done cautiously, as they may not be reflective of true model performance. This reflects similar evaluations of studies using neuroimaging and electrophysiology, supporting the interpretation that these studies reflect a promising but highly ‘experimental’ pilot stage of research (Chekroud et al., 2021). This suggests that most of these models are not ready for clinical application
Although the PROBAST tool allows for a rigorous assessment of bias, it does not include signalling questions adequate for assessing ML studies, such as questions relating to feature selection. The PROBAST tool was not designed to specifically assess ML studies, as the development of a RoB tool for ML prediction models is currently underway (PROBAST-AI; Moons et al., 2025). Therefore, future reviews of ML in mental healthcare may be able to provide additional and more specific bias assessments.
Depression treatment outcome was defined differently across the studies, with most studies investigating continuous change in depression symptom severity following CBT. Other studies defined outcome as depression remission or RCSI in outcome measures. This is in line with previous research, which has also highlighted the inconsistency of outcome measures used within psychotherapy ML studies and the need for standardisation, such as through use of the more ‘stringent’ RCSI criteria (Vieira et al., 2022) which is widely recommended as the criteria to measure meaningful and reliable change (Evans et al., 1998; McMillan et al., 2010). 
Mode of CBT delivery differed between studies, and several compared CBT with another therapy. There were also large variations in the type and number of ML methods used, and the outcome measures reported. As a meta-analysis could not be conducted, comparisons between results reported for different CBT modalities and ML methods could not be made. 
Six studies used a linear or logistic regression model alongside ML methods. Although regression models are sometimes referred to as supervised ML techniques, these ‘explanatory models’ are distinct from ML ‘algorithmic models’ (Breiman, 2001), since some algorithmic models are designed to model complex patterns and non-linear relationships in data (Delgadillo & Atzil-Slonim, 2023). As conventional regressions often model linear relationships between predictors and outcomes (unless polynomial or spline functions are applied), it could be argued that using these models alongside algorithmic ML models may be futile. For example, the literature has identified a non-linear relationship between age and CBT outcomes, as extremely younger and older patients tend to have poorer outcomes. Whilst ML could identify and appropriately model such relationships, fitting a linear regression model would ignore these nonlinear relationships. In this regard, the use of two-step approaches, such as using ML models for variable selection and then linear regression models for prediction, may undermine precision. However, using conventional explanatory models (such as linear and logistic regression) as ‘benchmark’ models to evaluate the comparative performance of ML models is recommended as a sensible methodological strategy to assess whether ML models do provide improved predictive value.

Adherence to the ML Pipeline
The number of participants within the CBT condition ranged from 16 to 1,238. Sample size calculations for training and external validation samples are important for ensuring sufficient power for evaluating model performance (Riley et al., 2019; Archer et al., 2021). However, only two studies completed sample size calculations, and the final sample in one did not meet the calculated target size (Benjet et al., 2023). The finding that many studies do not have adequate sample sizes is in line with previous systematic reviews within the field of ML (Lee et al., 2020; Sajjadian et al., 2021; Vieira et al., 2022). This suggests there may be high risk of studies reporting biased estimates of model performance, and reported results may not generalise well to new datasets. 
Reports of data pre-processing was varied. Most studies reported handling of missing data and categorical variables, with considerable variability of methods used. Five studies, all of which used neuroimaging, failed to report handling of missing data, limiting the transparency and reliability of these results and further increasing RoB within these types of studies. The diverse approach of data pre-processing techniques highlights the lack of consensus on optimal methods for ML studies and reinforces the requirement for more consistent methodologies and reporting. 
Hyperparameters are adjustable algorithm settings tuned before training to optimize model accuracy and generalizability, making transparent reporting of their selection essential for reproducibility (Delgadillo & Atzil-Slonim, 2023; Dwyer et al., 2018). Less than half of studies provided information on selected hyperparameters, although only four reported the tuning method used. Reporting on hyperparameter settings was limited in many studies, suggesting that the transparency and replicability of many studies was low. 
Most included studies used internal cross-validation techniques (level ii), mostly leave-one-out or k-fold cross-validation methods, where models are tested on datasets used to train the predictive model. Although these methods can reduce information leaking and overfitting (Efron & Tibshirani, 1994, 1997; Rodriguez et al., 2010), external validation using a statistically independent sample (level iii) is a key aspect of examining the accuracy and generalizability of a prediction models’ performance (Cohen & DeRubeis, 2018; Delgadillo & Atzil-Slonim, 2023). Most studies testing the model on external datasets found significant predictive value of the ML model, although predictive value reduced compared to internally validated datasets, in two studies to below significance. Only one study (van Bronswijk et al., 2021a) completed cross-trial predictions, where a completely new dataset was used to test the ML model, whilst the other level iii studies divided datasets into separate training and testing datasets. Non-significant differences were found in cross-trial predictions and effect sizes were small, suggesting limited generalizability. Researchers have highlighted that using the same dataset to train and test the model is likely to lead to correlated samples and overestimated model performance (Aafjes-van Doorn et al., 2021; Steyerberg, 2009), in line with the current review. 
Overall, these findings suggest there may a high risk of overconfidence in results of studies with level i and ii evidence. Future studies should move toward consistent use of external validation in sufficiently powered samples, as this can prevent information leakage and overfitting (Cabitza et al., 2021; Kocak et al., 2021) The number of ML studies has increased exponentially over the past few years and the proportion of studies using external validation was higher than reported in a previous large review (Aafjes-van Doorn et al., 2021), providing tentative indication that the quality of ML studies is progressing despite the frequently recurring methodological concerns. Current evidence indicates that a minimum of 300 cases in training samples are necessary to optimise predictive accuracy of ML models in external validation samples (Giesemann et al., 2023; Luedtke et al., 2019).
Prediction studies typically focus on overall explanatory power of models, and most studies reported this as AUC or R2. Comparisons between studies were difficult to perform due to the different prediction accuracy indices used. Nine studies used AUC, finding similar results across different modalities of CBT delivery. This could provide tentative support of previous research indicating that internet-delivered CBT is comparably efficacious to traditional one-to-one in-person CBT (Andersson, 2024; Cuijpers et al., 2019). In studies reporting results for training and testing datasets, indices of prediction accuracy statistics were higher in internally tested datasets than when applied to external datasets. This suggests that ML models lose some predictive accuracy when applied to data the model has not been trained on, which occurred to varying extents within these studies. However, four of the six studies using external testing datasets reported significant predictive power of the ML model, indicating that the models can be generalized to new datasets and therefore show promising external validity.

Predictor Variables
Most studies examined demographic and clinical variables as predictor variables, with baseline depression severity, unemployment, and sleep problems emerging as the most consistent predictors of poorer outcomes following CBT. No neurological/physiological predictor variables were selected by more than one study, suggesting these predictors lack replicability and generalizability and may be sample or method specific. As most studies combined variables from multiple domains, this review also raises questions around the optimal combination of predictors. However, several variables were found to be significant predictors with relative consistency, often being within the demographic and clinical domains. It is unclear if neuro-cognitive data help to optimise prediction accuracy, since most of the studies investigating these data sources had high RoB. 
Overall, these findings provide further understanding of the heterogeneity of treatment effects for depression, which has been consistently identified by clinicians as a key difficulty for personalising depression treatment (Kessler et al., 2017; Kuiper et al., 2013). Understanding how factors such as baseline depression, comorbid conditions such as anxiety and sleep, and demographic characteristics can impact treatment efficacy highlights the opportunity to provide more effective and tailored CBT to improve patient outcomes. These findings also provide support for employment of stratified care to improve depression outcomes, whereby patients are allocated to high- or low-intensity therapy based on their baseline characteristics (Delgadillo et al., 2022), as opposed to offering everyone the same CBT treatment which may not be most optimally effective.

Strengths and Limitations
	This review was pre-registered, utilising several key databases alongside forwards and backwards citation searching with no language or date restrictions to identify eligible studies. This ensured the most comprehensive exploration and inclusion of relevant research. Grey literature searching also enabled inclusion of unpublished studies, further reducing the risk of publication bias (Franco et al., 2014; Pappas & Williams, 2011). A further strength is the detailed synthesis of predictor variables used within the ML studies, which has not been provided in previous reviews within the field. 
Several limitations should be considered when interpreting these findings. Many ML models did not use only the CBT condition to develop and train models, as several included additional psychotherapies alongside the CBT condition. These studies were included to ensure the review was comprehensive and reflective of ML research. However, results should be interpreted cautiously, as for a small selection of studies evaluation indices and the synthesis of results were not specific to the CBT condition. This highlights an opportunity for future research to focus on model training and evaluation based only on CBT to more accurately reflect the unique aspects and effects of CBT. Nonetheless, these results provide a useful contribution to the broader ML research, providing initial insights into how ML models can be applied across psychotherapy conditions. 
Rauwenhoff et al. (2020) examined post-stroke depression, which differs from major depression in cause (Albert, 2018) although shares diagnostic criteria and symptoms (Blake et al., 2024). Although this may introduce clinical heterogeneity and require modified CBT, core therapeutic principles remain consistent. This study was therefore included to enhance generalisability.
Conclusions
	Replicated evidence indicates that ML models can be used to predict depression treatment outcomes following CBT, using stringent methodological criteria for external cross-validation. Several variables were found as reliable predictors in multiple studies, including baseline depression severity, employment status, sleep problems and fatigue. Future challenges for the field concern the optimisation of ML models. Current evidence does not favour any specific form of ML approach based on prediction accuracy, and therefore more interpretable models (e.g., those that are easily explainable to clinicians, patients, etc.) may have an advantage in terms of implementation and acceptability. A greater number of predictors improves accuracy, although an adequate sample size is a prerequisite to draw inferences from ML analyses. Hence, future studies should be conducted in adequately powered samples to investigate if augmenting self-reported variables with any other types of predictors (e.g., biomarkers, passive sensing data, neuro-cognitive tests, etc.) could help to optimise prediction accuracy in external cross-validation designs.
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2. (depress* OR “major depress*” OR “clinical* depress*”)
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	Author and Year
	Title
	DOI
	Reason for Exclusion

	Bauer-Staeb et al., (2023)
	Personalised psychotherapy in primary care: Evaluation of data-driven treatment allocation to cognitive–behavioural therapy versus counselling for depression.
	10.1192/bjo.2022.628

	Did not use machine learning methods.

	Bone et al. (2021)
	Dynamic prediction of psychological treatment outcomes: development and validation of a prediction model using routinely collected symptom data
	10.1016/S2589-7500(21)00018-2
	Predicted treatment outcomes for IAPT delivered 'psychotherapy' - Did not predict treatment outcomes from CBT. 

	Boschloo et al. (2019)
	The symptom-specific efficacy of antidepressant medication vs. cognitive behavioral therapy in the treatment of depression: Results from an individual patient data meta-analysis.
	10.1002/wps.20630
	Did not use machine learning methods.

	Button et al. (2012)
	Factors associated with differential response to online cognitive behavioural therapy
	10.1007/s00127-011-0389-1
	Did not use machine learning methods.

	Chien et al. (2020)
	A Machine Learning Approach to Understanding Patterns of Engagement with Internet-Delivered Mental Health Interventions
	10.1001/jamanetworkopen.2020.10791
	Did not use pre-treatment or baseline features and machine learning was applied after the start of treatment.

	DeRubeis et al. (2014)
	The Personalized Advantage Index: translating research on prediction into individualized treatment recommendations. A demonstration.
	10.1371/journal.pone.0083875
	Did not use machine learning methods.

	Dunlop & Mayberg (2014)
	Neuroimaging-based biomarkers for treatment selection in major depressive disorder
	10.31887/DCNS.2014.16.4


	Did not use machine learning methods.

	Edmonds et al. (2018)
	Who benefits most from therapist-assisted internet-delivered cognitive behaviour therapy in clinical practice? Predictors of symptom change and dropout
	10.1016/j.janxdis.2018.01.003
	Did not use machine learning methods.

	Ewbank et al. (2020)
	Quantifying the Association between Psychotherapy Content and Clinical Outcomes Using Deep Learning
	10.1001/jamapsychiatry.2019.2664
	<50% of patients had a diagnosis of depression.

	Fisher et al. (2019)
	Open trial of a personalized modular treatment for mood and anxiety
	10.1016/j.brat.2019.01.010
	Did not use machine learning methods.

	Forand et al. (2017)
	Prognosis moderates the engagement-outcome relationship in unguided cCBT for depression: A proof of concept for the prognosis moderation hypothesis
	10.1037/ccp0000182
	Did not use machine learning methods.

	Fournier et al. (2009)
	Prediction of Response to Medication and Cognitive Therapy in the Treatment of Moderate to Severe Depression
	10.1037/a0015401
	Did not use machine learning methods.

	Frederick et al. (2024)
	What CBT Modules Work Best for Whom? Identifying Subgroups of Depressed Youths by Their Differential Response to Specific Modules
	10.1016/j.beth.2024.01.004
	Did not use only baseline variables in machine learning.

	Fujino et al. (2015)
	Anterior cingulate volume predicts response to cognitive behavioral therapy in major depressive disorder
	10.1016/j.jad.2014.12.009
	Did not use machine learning methods.

	Hilbert et al. (2020)
	Predicting cognitive behavioral therapy outcome in the outpatient sector based on clinical routine data: A machine learning approach
	10.1080/10503307.2020.1839140
	<50% of patients had a diagnosis of depression.

	Hisler et al. (2025)
	Incorporating a deep-learning client outcome prediction tool as feedback in supported internet-delivered cognitive behavioural therapy for depression and anxiety: A randomised controlled trial within routine clinical practice
	10.1002/capr.12771
	Did not use only baseline variables in machine learning.

	Hitchcock et al. (2024)
	A deep learning quantification of patient specificity as a predictor of session attendance and treatment response to internet-enabled cognitive behavioural therapy for common mental health disorders
	10.1016/j.jad.2024.01.134
	<50% of patients had a diagnosis of depression.

	Huibers et al. (2014)
	Predicting response to cognitive therapy and interpersonal therapy, with or without antidepressant medication, for major depression: A pragmatic trial in routine practice
	10.1016/j.jad.2013.08.027
	Did not use machine learning methods.

	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 use machine learning methods.

	Isacsson et al. (2024)

	Making the most out of timeseries symptom data: A machine learning study on symptom predictions of internet-based CBT
	10.1016/j.invent.2024.100773
	<50% of patients had a diagnosis of depression.

	Jarrett et al. (2013)

	Acute phase cognitive therapy for recurrent major depressive disorder: Who drops out and how much do patient skills influence response?
	10.1016/j.brat.2013.01.006
	Did not use machine learning methods.

	Li et al. (2023)
	Early symptom change contributes to the outcome prediction of cognitive behavioral therapy for depression patients: A machine learning approach
	10.1016/j.jad.2023.04.111
	Machine learning used early symptom change as well as pre-treatment characteristics. 

	Prasad et al. (2023)
	Deep learning for the prediction of clinical outcomes in internet-delivered CBT for depression and anxiety
	10.1371/journal.pone.0272685
	Did not use only baseline variables in machine learning.

	Prieto-Vila et al. (2024)
	Long-term depressive symptom trajectories and related baseline characteristics in primary care patients: Analysis of the PsicAP clinical trial
	10.1017/S0033291724002976
	Did not use only baseline variables in machine learning and no results for CBT condition.

	Prieto-Vila et al. (2024)
	Long-term depressive symptoms trajectories following CBT delivered in primary care compared to usual treatment
	10.1017/S0033291724002976
	Did not use only baseline variables in machine learning.

	Quilty et al. (2013)
	Interpersonal problems and impacts: Further evidence for the role of interpersonal functioning in treatment outcome in major depressive disorder
	10.1016/j.jad.2013.04.030
	Did not use machine learning methods.

	Rayner et al. (2019)
	A genome-wide association meta-analysis of prognostic outcomes following cognitive behavioural therapy in individuals with anxiety and depressive disorders
	10.1038/s41398-019-0481-y
	Did not use machine learning methods.

	Ritchey et al. (2011)
	Neural correlates of emotional processing in depression: changes with cognitive behavioral therapy and predictors of treatment response
	10.1016/j.jpsychires.2010.09.007
	Did not use machine learning methods.

	Rubin-Falcone et al. (2020)
	Neural predictors and effects of cognitive behavioral therapy for depression: The role of emotional reactivity and regulation
	10.1017/S0033291718004154
	Did not use machine learning methods.

	Schumacher et al. (2024)
	Predicting the outcome of psychotherapy for chronic depression by person-specific symptom networks
	doi.org/10.1002/wps.21241
	Predicted treatment outcomes for ‘psychotherapy’, not just CBT. 

	Schwartz et al. (2021)
	Personalized treatment selection in routine care: Integrating machine learning and statistical algorithms to recommend cognitive behavioral or psychodynamic therapy.
	10.1080/10503307.2020.1769219
	<50% of patients had a diagnosis of depression.

	Siegle et al. (2011)
	Remission prognosis for cognitive therapy for recurrent depression using the pupil: Utility and neural correlates
	10.1016/j.biopsych.2010.12.041
	Did not use machine learning methods.

	Sitnikov et al. (2013)
	Cognitive predictors and moderators of winter depression treatment outcomes in cognitive-behavioral therapy vs. light therapy
	10.1016/j.brat.2013.09.010
	Did not use machine learning methods.

	Tymofiyeva et al. (2019)
	Application of machine learning to structural connectome to predict symptom reduction in depressed adolescents with cognitive behavioral therapy (CBT)

	10.1016/j.nicl.2019.101914
	Participants aged under 18 years old.

	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
	Machine learning results reported in a previous study, no new results reported. 

	Vittengl et al. (2017)
	Initial Steps to inform selection of continuation cognitive therapy or fluoxetine for higher risk responders to cognitive therapy for recurrent major depressive disorder
	10.1016/j.psychres.2017.03.032

	Did not use machine learning methods.

	Wojnarowski et al. (2024)
	Predicting optimal treatment allocation for cognitive analytic-guided self-help versus cognitive behavioural-guided self-help
	10.1111/bjc.12508
	Main outcome was not depression.






[bookmark: _Toc215045409]Appendix C: Overview of the RoB Assessment using the PROBAST Tool
	Study
	SQ1
	SQ2
	RoB J1
	SQ3
	SQ4
	SQ5
	RoB J2
	SQ6
	SQ7
	SQ8
	SQ9
	SQ10
	SQ11
	RoB J3
	SQ12
	SQ13
	SQ14
	SQ15
	SQ16
	SQ17
	SQ18
	SQ19
	SQ20
	RoB J4
	Overall
RoB

	Benjet et al., (2023)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Cohen et al. (2019)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	PN
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Costafreda et al. (2009)a
	Y
	Y
	Low
	PY
	PY
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	PY
	Low
	N
	NI
	Y
	NI
	Y
	PY
	Y
	Y
	NI
	High
	High

	Costafreda et al., (2009)b
	Y
	Y
	High
	PY
	PN
	Y
	High
	PY
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	N
	NI
	Y
	Y
	Y
	Y
	Y
	High
	High

	Curtiss et al. (2024)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	NI
	Y
	PY
	NI
	Y
	Y
	Y
	Y
	Y
	Unclear
	Unclear

	Delgadillo & Gonzalez Salas Duhne (2020)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Low

	Eskildsen et al. (2020)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	N
	Y
	NI
	High
	High

	Friedl et al. (2020)
	Y
	PY
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	N
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Jamieson et al. (2024)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Y
	PY
	Y
	PY
	Y
	Y
	Y
	Y
	Y
	Low
	Low

	Krishnadas et al. (2018)
	Y
	PY
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	N
	High
	N
	Y
	Y
	NI
	Y
	PY
	Y
	Y
	Y
	High
	High

	Lopez-Gomez et al. (2019)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	PY
	Y
	Y
	Y
	Y
	Y
	Y
	NI
	High
	High

	Lorenzo-Luaces et al. (2017)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	PY
	Y
	Y
	Low
	Y
	PY
	Y
	Y
	Y
	Y
	N
	Y
	Y
	High
	High

	Lorimer et al. (2021)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Y
	Y
	N
	Y
	Y
	Y
	Y
	Y
	PY
	High
	High

	Moggia et al. (2024)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Queirazza et al. (2019)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	PN
	High
	N
	PY
	Y
	NI
	Y
	Y
	Y
	Y
	Y
	High
	High

	Rauwenhoff et al. (2020)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	N
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Thai et al. (2024)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	PN
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	van Bronswijk et al. (2021)a
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	van Bronswijk et al. (2021)b
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	van Bronswijk et al. (2024)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Low

	van Bronswijk et al. (2019)
	Y
	N
	High
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Wallert et al. (2022)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Y
	PY
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	Low

	Webb et al. (2020)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	Y
	High
	High

	Wei et al. (2023)
	Y
	Y
	Low
	Y
	Y
	Y
	Low
	Y
	Y
	Y
	Y
	Y
	Y
	Low
	N
	Y
	N
	NI
	Y
	Y
	Y
	Y
	Y
	High
	High




1


Signalling Questions
SQ1. Were appropriate data sources used, e.g. cohort, RCT or nested case-control study data?
SQ2. Were all inclusions and exclusions of participants appropriate?
RoB J1. RoB introduced by selection of participants

SQ3. Were predictors defined and assessed in a similar way for all participants?
SQ4. Were predictor assessments made without knowledge of outcome data?
SQ5. Are all predictors available at the time the model is intended to be used?
RoB J2. RoB introduced by predictors or their assessment

SQ6. Was the outcome determined appropriately?
SQ7. Was a pre-specified or standard outcome definition used?
SQ8. Were predictors excluded from the outcome definition?
SQ9. Was the outcome defined and determined in a similar way for all participants?
SQ10. Was the outcome determined without knowledge of predictor information?
SQ11. Was the time interval between predictor assessment and outcome determination appropriate?
RoB J3. RoB introduced by the outcome or its determination

SQ12. Were there a reasonable number of participants with the outcome?
SQ13. Were continuous and categorical predictors handled appropriately?
SQ14. Were all enrolled participants included in the analysis?
SQ15. Were participants with missing data handled appropriately?
SQ16. Was selection of predictors based on univariable analysis avoided?
SQ17. Were complexities in the data (e.g. censoring, competing risks, sampling of controls) accounted for appropriately?
SQ18. Were relevant model performance measures evaluated appropriately?
SQ19. Were model overfitting and optimism in model performance accounted for? (CV)
SQ20. Do predictors and their assigned weights in the final model correspond to the results from multivariable analysis?
RoB J4. RoB introduced by the analysis

RoB Overall. Overall RoB Assessment

[bookmark: _Toc215045410]Appendix D: Initial and Selected Baseline Predictor Variables of Included Studies

	Study
	All Predictors 
	Selected Predictors

	Benjet et al. (2023)
	Sociodemographic characteristics: age, gender, sexual orientation, relationship status, residence during trimester, employment status during trimester, parental education. University-Related Factors: university attending, student status, university mental health services, belongingness at university, perceived academic stress scales, academic performance/self-perceptions. Stressors Related to COVID-19: exposure to Covid-19, interpersonal loss. Other Recent and Lifetime Stressors: 30-day stress, current bullying frequency scales, 12-month stressful life events, childhood maltreatment frequency scales, childhood adversity frequency scales. Anxiety and Depression Characteristics: anxiety (GAD-7), depression (PHQ-9), anxiety-depression (PHQ-ADS), anxiety history depression history, anxiety-depression history. Comorbid Mental Disorders: Lifetime history of mental/emotional health problems, 30-day symptom frequency scales, 30-day sleep problems, 30-day substance use, 30-day alcohol use, dyslexia, panic, current social anxiety, PTSD, high mood episodes, 12-month eating disorders, ADHD, current psychiatric comorbidities, suicide attempt, suicide plan, suicidal ideation, NSSI, perception of mental health, 30-day role impairment, 30-day role limitations. Mental Health Treatment: current treatment, treatment history. Physical Health: perception of physical health, history of physical health problems, BMI, 30-day physical health-related interference. Social Networks and Supports: social support, religiosity, interpersonal needs. Personality or Temperament and Psychological Resilience: personality scales, temperament, attachment style, resilience, psychological well-being. Internet Literacy and Preferences: internet literacy, helpful features of internet-based interventions, functionality/needs for internet-based interventions. 
	All predictors were retained and evaluated.

	Cohen et al. (2019)
	Anxiety Sensitivity Index, Beck Anxiety Inventory, Hamilton Depression Rating Scale (baseline), BSI Somatic complaints, BSI Cognitive problems, BSI Interpersonal sensitivities, BSI Depressed mood, BSI Fear, BSI Amount Of Hostility, BSI Phobic fears, BSI Paranoid thoughts, BSI Psychoticism, Ethinic/cultural group, Marital status, Religion, Educational level (completed), Work situation, Main earner, Recoded income level, EuroQol (EQ) Item 1: Mobility, Health status, Inventory of Depressive Symptomatology (Self-Report), Age (years), LEIDS acceptance/coping, LEIDS Aggression, LEIDS Control/perfectionism, LEIDS Hopelessness/suicidality, LEIDS Risk aversion, LEIDS Rumination, Total number of serious life events, Time complaints experienced for, Prior treatment for current depressive episode, Comorbid dysthymia, NEO extraversion, NEO neuroticism, NVM extraversion, NVM negativism, NSM serious pathology, NSM somatization, NVM  childhood, Psychological needs, medical and passive needs, Gender, GP contacts in past 4 weeks, Number of company doctor contacts, Prior medications, UCL Active addressing, UCL Avoidance, Somscore Visual Analog Scale for Pain
	HAM-D baseline, Anxiety Sensitivity Index (total score), BSI depressed mood subscale NEO five-factor inventory extraversion subscale, psychological needs

	Costafreda et al. (2009)a
	Not reported
	Not reported

	Costafreda et al. (2009)b
	Not reported
	Not reported

	Curtiss et al. (2024)
	Full list of variables not reported
	Depression severity (QIDS), inattention, restlessness, indecisiveness, reduced joy, panic attacks, social anxiety at parties, avoidance of social situations, reduced interest, years of schooling

	Delgadillo & Gonzalez Salas Duhne (2020)
	Gender, age decade, minority ethnic group, unemployed, disability, recurrent depression, comorbid long-term conditions, previous treatment, antidepressant medication, baseline PHQ-9, baseline GAD-7, baseline WSAS, index of multiple deprivation (IMD) scale decile, chronicity decile, expectancy.
	Age decade, minority ethnic group, unemployed, disability, baseline PHQ-9, baseline WSAS, IMD scale decile

	Eskilsden et al. (2020)
	MDD, social anxiety disorder, agoraphobia/panic disorder, MDD and anxiety, more than one co-morbid disorder, 0 previous episodes of primary disorder, 1 previous episode of primary disorder, 2-3 previous episodes of primary disorder, >3 previous episodes of primary disorder, previous admission to psychiatric hospital, previous psychological treatment, concentration difficulties, current psychoactive drug, duration of drug treatment, duration of disorder, age of onset, well-being (WHO-5), depression severity (BDI-II), anxiety severity (HAM-A6), negative affect (PID-5), detachment (PID-5), antagonism (PID-5), disinhibition (PID-5), psychoticism (PID-5), level of personality functioning, (LPFS-BF), cognitive reappraisal (ERQ), expressive suppression (ERQ), positive affect schedule (PANAS), emotional regulation (ERSQ), perseverative thinking (PTQ), certainty about mental states (RFQ), SAPAS, median number of sessions completed, WHO-5 slope.
	Detachment (PID-5), positive affect (PANAS), duration of disorder, cognitive reappraisal (ERQ).

	Friedl et al. (2020)
	Complete list of potential predictor variables not reported.
	Pre-treatment BDI-II score, recurrent depression, number of previous depressive episodes, ‘avoidance’ subscale in incongruence questionnaire, gender, WHO-QOL.

	Jamieson et al. (2024)
	Initial PHQ-9 Score, initial GAD score, age, sex, employment status, instability index, deprivation index, dependency index, neighbourhood ethnic concentration, living arrangement: by self, with children, with non-family, with other relatives, with parent(s), with spouse/partner, with spouse/partner and roommate, prefer not to answer/don't know.
	Initial PHQ-9 score, employment status, instability, and living with their spouse and roommate. 

	Krishnadas et al. (2020)
	Specific grey-matter morphology not reported.
	Vermis_4,5,6, right amygdala, paracentral lobule, left amygdala, right cerebellum, left hippocampus, left anterior cingulate, left inferior occipital lobe, right hippocampus, right insula. 

	Lopez-Gomez et al. (2019)
	Type of depression (SCID-I), previous pharmacological treatment, previous psychological treatment, age, marital status, employment status, co-morbid axis I diagnosis (SCID-I), co-morbid axis III diagnosis (SCID-I), current ADM treatment, axis IV diagnosis of psychosocial and environmental problems (SCID-I), difference between cognitive and non-cognitive depressive symptoms (BDI-II), automatic thoughts (ATQ-30), negative affect (PANAS), anxiety (BAI), positive affect (PANAS, optimism (LOT-R), satisfaction with life (SWLS), personal growth (PWBS), positive relations (PWBS), childhood activation (BAS).
	Co-morbid axis III condition, previous pharmacological treatment, co-morbid axis I diagnosis (SCID-I), automatic thoughts (ATQ-30), personal growth (PWBS), difference between cognitive and non-cognitive depressive symptoms (BDI-II).

	Lorenzo-Luaces et al. (2017)
	On antidepressants, unemployed, educational attainment, somatic illnesses, anxiety co-morbidity, severe MDD, recurrent MDD, age, (symptom checklist 90) sleep, hostility. (NEO five-factor inventory) agreeableness, extraversion, neuroticism, openness.
	Unemployed, severe MDD, sleep, hostility, extraversion.

	Lorimer et al. (2021)
	Age, gender, ethnicity, unemployment at start, medication at start, long-term condition, neighbourhood deprivation, disability, diagnosis, chronicity of problem, family history, previous treatment episodes, expectancy of treatment, responded to treatment expectancy question, baseline PHQ-9, baseline GAD-7, baseline WSAS.
	Younger age, unemployment at start, medication at start, disability, family history, baseline WSAS.

	Moggia et al. (2024)
	CIS-R Baseline score, N° Sessions low intensity treatment, IMD x RAS: Yes Activity, No Income, IMD, IMD x Gender, IMD x Ethnicity, IMD x RAS: No Activity Yes Income, Gender x RAS: Yes Activity Yes Income x IMD, Gender x RAS: No Activity No Income x IMD, Gender x RAS: Yes Activity No Income x IMD, IMD x RAS: No Activity No Income, Gender x RAS: No Activity Yes Income x IMD, IMD x Gender x Ethnicity, Gender x RAS: Yes Activity Yes Income x IMD, RAS: Yes Activity Yes Income, Gender x RAS: No Activity, No Income x IMD, IMD x RAS: Yes Activity Yes Income, Ethnicity, RAS: No Activity, Yes Income, RAS: Yes Activity No Income, Gender x RAS: Yes Activity No Income x IMD, RAS: No Activity No Income, Gender x RAS: No Activity Yes Income x IMD, Age, Gender. GAD-7 - 7 ITEMS. BDI-II: 21 ITEMS. CORE-10: 34 ITEMS. CD-RISC: 25 ITEMS. Treatment Credibility and Expectancy: 12 ITEMS. 
	PHQ-9 baseline score, RAS: yes activity yes income, Number of sessions of low intensity treatment, CD-RISC i18: Being able to make difficult decisions, WSAS i5: Impaired close relationships, CORE i19: Felt warmth for someone, Gender x RAS: Yes Activity Yes Income x IMD, BDI i20: Fatigue, CORE i20: Problems impossible to put aside, CD-RISC i22: Feeling in control of life, BDI i14: Worthlessness, CD-RISC i9: Believing that things happen for a reason, CD-RISC i8: Bouncing back from hardships, CORE i12: Being unhappy

	Queirazza et al. (2019)
	Neural areas observed in fMRI – not fully reported. 
	Right striatum, right amygdala.

	Rauwenhoff et al. (2020)
	Sex, age, employment status, time since stroke, type of stroke, location of stroke, cognitive impairments (MMSE), activities of daily living (BI), stroke impact (SIS), anxiety (HADS-A), depressive symptoms (HADS-D), coping style (UPCC), frequency  of social participation  (USER-P), participation restrictions (USER-P), satisfaction with social participation (USER-P), comorbidities (CIRS), carer anxiety and depression measured with the HADS, caregiver strain (CSI).
	All 18 variables retained.

	Thai et al. (2024)
	Full list of baseline variables not reported. 
	Tx group, Baseline PHQ-9, Age, Gender, Flanker RT, Gratton accuracy, Gratton RT, Post-error RT, Tx group * Baseline PHQ-9, Tx group * Age, Tx group * Gender, Tx group * Flanker accuracy, Tx group * Flanker RT, Tx group * Gratton accuracy, Tx group * Post-error accuracy, Tx group * Post-error RT, dACC-TPJ rsFC, dACC-Left AI rsFC, Right AI-TPJ rsFC, Right AI-Left AI rsFC, Tx group * dACC-TPJ rsFC, Tx group * Right AI-TPJ rsFC, Tx group * Right AI-Left AI rsFC, Tx group (MAC) * Post-error accuracy.

	van Bronswijk et al. (2021)a
	71 pre-treatment variables provided in Supplementary Data, not available to view. 

Demographics (11 variables), depression and other symptoms (18 variables), present and previous health care use (7 variables), general functioning (14 variables), psychological processes (14 variables) and life and family history (7 variables). 
	Four pre-treatment variables included in PAI model for STEPd dataset: lower BDI-II baseline scores, fewer social problems, fewer anxiety symptoms, being employed.
Three pre-treatment variables included in PAI model for FreqMech dataset: Higher BDI-II baseline scores, more physical problems, less physical functioning. 

	van Bronswijk et al. (2021)b
	Recurrent depressive episode, hopelessness, female sex, age, partner, low education level, intermediate education level, high education level, active employment, treatment expectancy, somatic complaints, cognitive problems, depression, anxiety, phobic anxiety, hostility, paranoid symptoms, number of comorbid axis I disorders, number of comorbid axis II disorders, number of comorbid axis II traits, WSAS social and work functioning, RAND-36 physical functioning, RAND-36 social functioning, RAND-36 role limitations (physical problems), RAND-36 role limitations (emotional problems), RAND-36 general health perception, RAND-36 perceived health change during past year, dysfunctional beliefs (DAS) factor 1, DAS factor 2, interpersonal problems, self-liking and self-competence, rumination, attributional style, number of life events in past year, number of childhood trauma events, parent in treatment for illness, parent with an anxiety disorder, parent with depression, parent with alcohol abuse, parent with suicidality.
	Parental alcohol abuse, number of life events in past year, number of childhood trauma events. 


	van Bronswijk et al. (2024)
	Age, ethnicity, marital status, employment, household income, depression diagnosis, depression severity, suicidality, work difficulties, dysphoric mood, loss of appetite, fatigue or low energy, feelings of guilt, psychomotor retardation, psychomotor agitation, cognitive anxiety, somatic anxiety, current smoker, sleeping problems, perceived social support.
	Employment, household income, depression diagnosis, depression severity, suicidality, fatigue or low energy, cognitive anxiety, somatic anxiety, sleeping problems, perceived social support.

	van Bronswijk et al. (2019)
	Recurrent depressive episodes, depression severity (BDI-II), hopelessness, female, age, partner, low education level, intermediate education level, high education level, active employment, treatment expectancy, childhood psychological distress, number of comorbid axis I disorders, number of comorbid axis II disorders, number of comorbid axis II traits, WSAS social and work functioning, RAND-36 level of impairment, dysfunctional beliefs, interpersonal problems, self-liking and self-competence, cognitive reactivity, rumination, attributional style, number of life events in past year, number of childhood trauma events, parent in treatment for illness, parent with an anxiety disorder, parent with depression, parent with alcohol abuse, parent with suicidality.
	Depression severity (BDI-II), hopelessness, self-esteem. 


	Wallert et al. (2022)
	(Process) ICBT start week of year, MADRS-S time of day, EQ5D time to complete, PHQ-9 time to complete, MADRS-S day of week, MADRS-S time to complete. (Genetic, polygenic risk scores) PRS-IQ, PRS-IQ, PRS-IQ, PRS-MDD, PRS-MDD, PRS-ASD, PRS-ASD, PRS-ADHD, PRS-ADHD, PRS-BP, PRS-EDU, PRS-EDU, PRS-Ancestry, PRS-ADHD, PRS-ASD, PRS-BP, PRS-Ancestry, PRS-EDU, PRS-MDD, PRS-BP, PRS-BP. (Demographic) age, education, work experience, children (number), sex, children (any), civil status. (Clinical) Prior mild MDD, Prior moderate MDD, Previous depression episodes, MADRS-S screen, MADRS-S pre, MADRS pre, PHQ-9 pre, EQ5D pre, EQ5D extreme anxiety/depression, EQ5D moderate pain, LSAS screen, PDSS screen, AUDIT screen, AUDIT-C screen, CGI-S pre, GSE pre, GAF pre, Prior psychological medication, Current psychological medication, No prior psychological medication, Any current psychological medication, Variable sleep-wake pattern, Reduced sex drive, Retarded speech, Reduced facial expressions, Agitation, previous psychological medication, prior mild recurrent MDD, prior MDD, weight change, prior recurrent MDD, suicide attempt, EQ5D activities, prior moderate recurrent MDD, EQ5D mobility.
	(Process = 3) ICBT start week of year, MADRS-S time of day, EQ5D time to complete. (Genetic; polygenic risk scores = 13) PRS-IQ, PRS-IQ, PRS-IQ, PRS-MDD, PRS-MDD, PRS-ASD, PRS-ASD, PRS-ADHD, PRS-ADHD, PRS-BP, PRS-EDU, PRS-EDU, PRS-Ancestry. (Demographic = 3) younger age, education, work experience. (Clinical = 26) Prior mild MDD, Prior moderate MDD, Previous depression episodes, MADRS-S screen, MADRS-S pre, MADRS pre, PHQ-9 pre, EQ5D pre, EQ5D extreme anxiety/depression, EQ5D moderate pain, LSAS screen, PDSS screen, AUDIT screen, AUDIT-C screen, CGI-S pre, GSE pre, GAF pre, Prior psychological medication, Current psychological medication, No prior psychological medication, Any current psychological medication, Variable sleep-wake pattern, Reduced sex drive, Retarded speech, Reduced facial expressions, Agitation

	Webb et al. (2020)
	Clinical measures: PHQ-9 total, PHQ-9 interest/pleasure, PHQ-9 depressed mood, PHQ-9 insomnia/hypersomnia, PHQ-9 fatigue, PHQ-9 appetite, PHQ-9 self-esteem/guilt, PHQ-9 concentration, PHQ-9 psychomotor symptoms, PHQ-9 suicidality, BASIS-24 self-harm, BASIS-24 emotional lability, BASIS-24 psychosis, BASIS-24 substance abuse, BASIS-24 relationships, MSI-BPD total, Suicide risk (low/mid/high), GAD-7 total, CEQ expectancy, CEQ credibility. Demographics: Sex, Age, Race, Education level, Employment status, Marital status. Treatment History: Referral source (inpatient/outpatient), Prior inpatient treatment, Prior IOP/PHP treatment, Psychiatric hospitalization within the past 6 months. Psychiatric medications: Antidepressant, Antianxiety, Mood stabilizer, Antipsychotic, Stimulant. MDD history and comorbidities: MDD single episode or recurrent, MDD number of episodes, MDD age of onset, Panic disorder, Agoraphobia, Social anxiety disorder, Post-traumatic stress disorder, Obsessive compulsive disorder, Generalized anxiety disorder, Alcohol dependence. Physical health: Physical health rating, Weight, Body mass index, Blood pressure (systolic), Blood pressure (diastolic), Waist circumference.
	PHQ-9 total score, GAD-7 anxiety total, PHQ-9 fatigue, PHQ-9 concentration, MSI-BPD total, BASIS-24 relationship problems, CEQ expectancy, prior treatment at an intensive outpatient program or partial hospital program, race, age of MDD onset, comorbid diagnoses of obsessive-compulsive disorder, post-traumatic stress disorder, and social anxiety disorder, mood stabilizer prescription.


	Wei et al. (2023)
	Neural mechanisms - Not reported
	Regional Homogeneity in the left DLPFC

	PHQ-9: Patient Health Questionnaire-9; GAD-7: Generalised Anxiety Disorder assessment-7; ADHD: Attention Deficit Hyperactivity Disorder; BMI: Body Mass Index; LEIDS; Leiden Index of Depression Sensitivity; NEO; Neuroticism, Extraversion, and Openness personality inventory; BSI: Brief Symptom Inventory; GP: General Practitioner; UCL: Utrecht Coping List; QIDS: Quick Inventory of Depressive Symptomatology; WSAS: Work and Social Adjustment Scale; IMD: Index of Multiple Deprivation; WHO-5: World Health Organization-5 wellbeing index; BDI-II: Beck’s Depression Inventory-II; HAM-A6: Hamilton Anxiety Scale 6-item subscale; PID-5: Personality Inventory for DSM-V; LPFS-BF: Level of Personality Functioning Scale-Brief Form; ERQ: Emotion Regulation Questionnaire; PANAS: Positive and Negative Affect Schedule; ERSQ: Emotion Regulation Skills Questionnaire; PTQ: Perseverative Thinking Questionnaire; SAPAS: Standardised Assessment of Personality-Abbreviated Scale; SCID-I: Structured Clinical Interview for DSM-IV Axis I Disorders; ADM: Anti-Depressant Medication; ATQ-30: Automatic Thoughts Questionnaire-30; BAI: Beck Anxiety Inventory; LOT-R: Life Orientation Test-Revised; SWLS: Satisfaction with Life Scale; PWBS: Psychological Wellbeing Scales; BAS: Behavioural Activation System; MDD: Major Depressive Disorder; CIS-R: Clinical Interview Schedule-Revised; RAS: Remunerated Activity Status; CD-RISC: Connor-Davidson Resilience Scale; CORE-10: Clinical Outcomes in Routine Evaluation–10; fMRI: functional Magnetic Resonance Imaging; MMSE: Mini Mental State Examination; HADS-D: Hospital Anxiety and Depression Scale; BI: Barthel Index; USER-P: Utrecht Scale for Evaluation of Rehabilitation-Participation; CIRS: Cumulative Illness Rating Scale; CSI: Caregiver Strain Index; Tx: Treatment; RT: Response Time; dACC: dorsal Anterior Cingulate Cortex; AI: Anterior Insula; rsFC: resting state Functional Connectivity; TPJ: Temporoparietal Junction; MAC: Monitored Attention Control; PAI: Personalized Advantage Index; RAND-36: 36-Item Short Form Survey; DAS: Dysfunctional Attitude Scale; iCBT: internet-delivered CBT; MADRS-S: Montgomery- Åsberg Depression Rating Scale-Self report; PRS: Polygenic Risk Scores; IQ: Intelligence Quotient; ASD: Autism Spectrum Disorder; BP: Blood Pressure; EDU: Educational Attainment; EQ5D: European Quality of Life 5 Dimension scale; LSAS: Liebowitz Social Anxiety Scale; PDSS: Panic Disorder Severity Scale; AUDIT-C: Alcohol Use Disorders Identification Test-Consumption; CGI-S: Clinical Global Impression-Severity; GAF: Global Assessment of Functioning; GSE: General Self-Efficacy scale; BASIS-24: Behaviour And Symptom Identification Scale-24; MSI-BPD: McLean Screening Instrument for Borderline Personality Disorder; CEQ: Credibility/Expectancy Questionnaire; IOP: Intensive Outpatient Program; PHP: Partial Hospital Program; DLPFC: Dorsolateral Pre-Frontal Cortex.
Note: * represents interactions between stated variables (Thai et al., 2024)
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Objectives
Artificial Intelligence (AI) use in clinical decision-making could offer numerous benefits for clinicians, patients, and services. However, AI use in mental healthcare is in its infancy, and little is known about its acceptability to patients and therapists. This qualitative study aimed to better understand perceptions of AI in mental healthcare, and how AI may influence therapy expectations and shared decision-making (SDM).
Methods
Semi-structured interviews were conducted with seven patients and 12 clinicians participating in the TherapyMatch-D (TMD) trial, where patients with depression were randomly allocated to AI-informed psychological treatment selection (TMD) or allocation as usual (AAU). Interviews explored clinical decision-making approaches, experiences using the algorithm, and broader views of AI’s role. 
Results
Framework analysis identified nine themes capturing clinicians’ and patients’ experiences of treatment selection. Initial themes outlined factors considered within assessments, usual decision-making approaches, and clinicians’ difficulties. TMD participants felt the AI algorithm improved decision-making quality and confidence in treatment decisions. Clinicians valued the algorithm’s efficiency and usability, whilst patient expectations of therapy appeared improved compared to AAU patients. The algorithm could enhance clinician-patient collaboration, supporting SDM, whilst maintaining patient autonomy. Clinicians noted applicability and integration limitations, recommending better integration with electronic health records and continued human involvement in AI-supported decisions.
Conclusions
AI tools such as the TMD algorithm can enhance the quality, confidence, and collaborative nature of decision-making in mental healthcare, supporting SDM and enhancing positive expectations of therapy. Integrating AI into existing systems and retaining human input could help maximise AI tool effectiveness, efficiency, and acceptability.

Practitioner Points
· AI algorithms are seemingly acceptable to patients and clinicians. 
· AI tools can support shared decision-making and improve patients’ expectations of therapy.
· Clinician input should remain central to clinical decision-making.

Keywords
Artificial Intelligence (AI), precision mental health care, clinical decision-making, shared decision-making, expectations of therapy, depression, framework analysis
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As the leading cause of disability worldwide (World Health Organization, 2017),  treatment of common mental disorders is vitally important. Despite global pressure for accessible, effective, and cost-efficient mental health services, gaps between service supply and demand remain significant (Strawbridge et al., 2022; Werlen et al., 2020). Research indicates that only around 50% of patients achieve remission of depression and anxiety symptoms following psychological therapy (Clark, 2018; Pybis et al., 2017), highlighting the need for improving intervention effectiveness.
Precision Medicine
It has been widely documented that some patients benefit more than others from psychological treatment, referred to as heterogeneity in treatment response (Kaiser & Herzog, 2023). Individual treatment outcomes may vary due to multiple factors, such as baseline symptom severity, comorbidities, socioeconomic status, and personality traits (Delgadillo & Lutz, 2020). Understanding what therapies work better for which individuals has the potential to help clinicians more accurately offer the most effective intervention to maximize therapeutic outcomes (Cohen & DeRubeis, 2018). Personalized treatment selection is used across other areas of healthcare following precision medicine principles (Kosorok & Laber, 2019). However, treatment selection in psychotherapy is often based on clinical judgement, practice guidelines and shared decision-making, which may result in suboptimal treatment matches for some patients (Stewart et al., 2018). Clinical decision-making can also be highly complex and dynamic due to the necessity to consider and evaluate multiple factors (Schuler et al., 2025).
Artificial Intelligence (AI)
An increasingly applied method to support precision medicine is through use of artificial intelligence (AI). Although AI tools are being used in other areas of healthcare, the potential advantages of AI in supporting mental health services are only recently being explored. 	
AI-based treatment selection tools are underpinned by machine learning (ML) models developed to make predictions of likely treatment outcomes (Hastie et al., 2005). ML models are trained to make future predictions for new subjects, based on patterns observed in data from past subjects (Chekroud et al., 2021). The central idea is that an individual is a member of a subgroup population, and will therefore respond to treatments in a similar way to their “nearest neighbours” (Lutz et al., 2005). In the context of multiple available treatments, ML models can predict the likely outcome if a patient receives treatment A or B. Based on comparisons of expected outcomes, an “optimal” treatment can be recommended, referred to as the “personalised advantage index” (PAI) method in mental health studies (DeRubeis et al., 2014). Several studies developing ML models have recently emerged (Chekroud et al., 2021; Cohen et al., 2021; Cohen & DeRubeis, 2018). However, very few of these models have been instantiated into AI software, and even fewer have been tested in clinical trials. To date, only two such AI models have been tested in randomised controlled trials (Delgadillo et al., 2022; Lutz et al., 2019). Further research is needed to ascertain if AI-informed treatment matching methods are feasible to implement in psychological services, and if they improve treatment outcomes compared to routine clinical decision-making.
Despite the scarcity of clinical trials investigating AI for treatment selection, research suggests that AI-supported clinical decision-making could lead to improved patient outcomes, reduced service costs, and quicker, more accurate treatment decisions (Aronson & Rehm, 2015; Dehbozorgi et al., 2025; Espejo et al., 2023; Matheny et al., 2022). By rapidly synthesizing large amounts of complex data from multiple sources, AI could reduce pressure on clinicians in decision-making tasks, which can be time-consuming and susceptible to error (Graham et al., 2019; Johnson et al., 2021; Luxton, 2014). This could also enable improved and more confident decision-making, leading to better quality person-centered care (Olawade et al., 2024; Sensmeier, 2017; Slade, 2017). 
Importantly, research has suggested that AI-supported decision-making can impact factors linked to therapeutic outcomes, including shared decision-making (SDM; Slade, 2017). SDM refers to the sharing of information and evidence between patients and clinicians in decision-making, where patients are supported to understand options and communicate preferences (Elwyn et al., 2010). SDM is a crucial component of person-centered, ethical care (Coulter & Collins, 2011; Elwyn et al., 2012), associated with greater patient satisfaction, treatment participation, and confidence in decisions, at no additional time or monetary cost (Drake et al., 2009; Hassan et al., 2021). 
Clinicians’ use of SDM can be limited due to time restrictions and decision complexity (Haugom et al., 2020). It may be that AI-informed decision-making can reduce clinician workload, allowing increased communication time with patients (Lovejoy, 2019). AI tools have been found to support SDM through increasing patient autonomy, engagement, communication, and compliance, improving overall satisfaction and participation in care decisions (Hassan et al., 2021; Sauerbrei et al., 2023). This has important ethical implications, as promoting understanding may support patients in making informed decisions. However, as these studies were not specific to mental healthcare settings, little is known about the impact of AI on SDM within this area. 
Another factor associated with therapeutic outcomes is patient expectations of treatment effectiveness and credibility (Constantino et al., 2011, 2018; Wampold & Imel, 2015). Outcome expectancy can predict active therapy engagement (Meyer et al., 2002), reduction in depressive symptoms, and recovery probability (Sotsky et al., 2006). Studies have highlighted the importance of the pre-treatment assessment appointment on therapy expectations, demonstrating the relationship between therapy attendance and positive post-treatment outcomes (Bowker et al., 2025; Delgadillo et al., 2016). As almost a fifth of patients dropout of psychological services (Swift & Greenberg, 2012), with many not even starting treatment (Delgadillo et al., 2015), the initial assessment for supporting therapy engagement is crucial.
A recent scoping review showed the evaluation of AI- supported decision-making in mental healthcare is within the early stages, highlighting the need for further empirical evidence to explore real-world use (Auf et al., 2025). Understanding if and how AI-use may influence well-established prognostic factors has important clinical implications for future practice. However, to our knowledge, no research has yet explored their impact on AI-based decision-making for psychological therapy.
Challenges to implementation
Challenges of AI-use include communication barriers and uncertainty around its role (Triberti et al., 2020), as well as ethical concerns regarding accountability, transparency of AI decisions, and risks of dehumanizing patient care (Alberca-González & Fernández-Jiménez, 2025; Davenport & Kalakota, 2019). Limited understanding, acceptance, and trust of AI among patients and clinicians can be a barrier to implementation  (Hassan et al., 2021; Higgins et al., 2023), highlighting requirements for AI being explainable and understandable. 
Although research has often found generally positive views and acceptability of AI, existing qualitative research often focusses on perspectives regarding use in medical settings. Given the infancy of AI-use in mental healthcare, there has been little research into exploring and understanding perspectives of those directly affected by AI decisions, namely, mental health clinicians and patients. Studies predominantly explore opinions on future potential of AI or hypothetical/simulated scenarios, as opposed to real-life use in clinical settings. Nonetheless, research has identified encouraging perspectives of AI acceptability and feasibility in mental health decision-making (Benrimoh et al., 2021; Tanguay-Sela et al., 2022; Zhang et al., 2023). Stroud et al. (2025) found physicians were ‘cautiously optimistic’ about integrating AI into psychiatric medicine, as they valued the reduced administrative burden and aid to SDM, although noted concerns about potential negative impacts on clinician-patient therapeutic relationships. Doraiswamy et al. (2019) found psychiatrists valued the efficiency and consistency of AI, although felt human input should be involved in final decisions. Members of the public also felt AI should be used as a supportive tool rather than the primary decision-maker (Musbahi et al., 2021). 
Requirement for further research
Although there is promising emerging evidence that AI can support clinical decision-making and improve therapeutic outcomes in mental healthcare, little is known about how clinicians and patients perceive AI use in practice, and whether they understand and accept AI decisions. Engaging stakeholders in evaluating AI tools can build trust, ensure ethical use, and align technologies with user needs (Dehbozorgi et al., 2025; HM Government, 2018; Sensmeier, 2017). Further qualitative research with clinicians and patients directly involved in the early adoption of AI tools has been recommended (Stroud et al., 2025). Therefore, this study aimed to explore clinician and patient perceptions of AI in mental healthcare, and its possible impact on predictors of therapeutic outcome. 
Aim and objectives
Aim
To gain greater understanding of patient and clinician perspectives regarding use of AI in clinical decision-making in mental healthcare. 
Specific Objectives
· To investigate if and how clinicians and patients consider the use of AI impacts on known predictors of therapeutic engagement and outcomes: 
· SDM between clinicians and patients
· Expectancy of therapy: patients’ beliefs about the positive consequences of engaging in treatment (Constantino et al., 2011)
· To compare the experiences of patients allocated to psychological therapy through use of AI or allocation as usual.
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Design
This study was a qualitative process study nested within a pilot randomised controlled trial called TherapyMatch-D Trial (IRAS Project ID: 281430). This trial aims to pilot the effectiveness of an AI-informed treatment selection model, TherapyMatch-D (TMD; developed by Delgadillo and Gonzalez Salas Duhne, 2020) on clinical outcomes for depression compared to allocation as usual (AAU). The TMD algorithm was developed in a training sample using a supervised ML approach and tested on an independent sample. It utilises clinical, personality, and demographic measures to identify characteristics of a subgroup of patients who can be matched to their ‘optimal’ treatment, CBT or Person-Centred Experiential Therapy (PCET[footnoteRef:5]), or ‘either’ therapy.  [5:  Also referred to as ‘Counselling for Depression’] 

In the currently ongoing TMD trial, 15 Talking Therapy (TT[footnoteRef:6]) sites across England offering high intensity CBT or PCET were recruited, with a target sample size of 432 patients (216 per group, see Table 1 for inclusion and exclusion criteria). TT sites were randomly assigned to use the TMD algorithm (intervention group) alongside usual assessment methods and shared decision-making, or AAU (control group) in treatment selection decisions for adults with depression[footnoteRef:7]. Based on the observational study by Delgadillo and Gonzalez Salas Duhne (2020), it is expected that around 30% of participants in the TMD group would receive an algorithm recommendation of CBT or PCET based on their characteristics, whilst ‘either’ therapy would be recommended for the remaining participants. Treatment will then be delivered with no changes to routine care provision. Depression treatment outcomes (reliable and clinically significant improvement in the Patient Health Questionnaire-9; PHQ-9) of those receiving a recommendation will be compared across both groups to see if the treatment selection model (TMD) is effective and feasible.  [6:  Previously known as Improving Access to Psychological Therapy (IAPT)]  [7:  Note: In the AAU group, clinicians will input patient characteristics into the TMD algorithm, although no recommendations will be given and the algorithm will not be used to help inform treatment selection decisions. ] 

Patients (following their initial assessment) and clinicians across both arms of the TMD trial at the time of qualitative process study were invited via text or email to take part in qualitative interviews (see Procedure).
Participants and Sample Size
A sample of 12 interviews has been proposed as sufficient to generate themes and achieve data saturation in qualitative studies (Ando et al., 2014; Guest et al., 2006), and a medium-large research study using interviews has a recommended sample of 6-20 participants (Clarke & Braun, 2013). Therefore, this study aimed to recruit a minimum of 16 participants: four patients and four clinicians from each arm of the trial (TMD and AAU), to ensure sufficient data for analysis and to meet the research objectives (see Table 1 for TMD trial and qualitative process study inclusion and exclusion criteria).
At the time of this qualitative study, 37 clinicians were involved in the TMD trial. Those who had recruited at least one patient to the study and therefore had experience of using the algorithm were approached by the lead researcher via email (n=28). Overall, 12 clinicians (six TMD, six AAU) across six participating TT sites responded and took part in interviews. 
	Table 1
Inclusion and Exclusion Criteria for TMD Pilot Trial and Qualitative Process Study

	Inclusion Criteria
	Exclusion Criteria

	Clinician Criteria

	Hold a UK recognised qualification and be approved by TT to complete routine assessments within TT services. 
	Not yet fully qualified to carry out routine assessments in TT services. 

	Have a permanent or temporary contract (at least one year) with a participating TT service.
	Have an employment contract that is shorter than the expected timescale of the RCT (one year).

	Attended training on how to use the targeted prescription algorithm tool if assigned to the TMD arm and be using this in routine assessments with patients.
Have experience using the TMD algorithm to recruit at least one patient to the TMD trial a.
	

	Patient Criteria

	Adults aged 18 years or older.
	Patients assessed as ineligible for treatment with TT (e.g., having comorbid severe mental illness or acute suicidal risk

	With depression defined as scoring at least 10 on the PHQ-9), including patients with co-morbid symptoms of anxiety and those taking anti-depressant medication.
	

	Seeking mental health support from TT services and having been deemed eligible for a high intensity therapy by assessing therapists.
	

	aCriteria specific to qualitative process study



Table 2 presents clinicians sample characteristics. Clinicians were mostly females (83.3%) from a White British background (83.3%). AAU clinicians were aged 28-42 years (M=34 years), with 2-4.5 years’ PWP experience (M=3.3 years), and had recruited 5-30 patients to the TMD trial using the algorithm (M=10). TMD clinicians were aged 23-39 years (M=28.7 years), with 2.2-4 years’ PWP experience (M=3.1 years), and had recruited 5-30 patients using the algorithm (M=10 recruits). 

	Table 2
Clinician Demographic Information
	

	Clinician
	Gender
	Age
	Ethnicity
	Experience as a PWP (Years)

	AAU PWP 1
	Female
	29
	White British
	4.5

	AAU PWP 2
	Female
	28
	British Asian (Indian)
	3.5

	AAU PWP 3
	Female
	28
	White British
	3.5

	AAU PWP 4
	Female
	42
	White British
	2

	AAU PWP 5
	Female
	48
	White British
	3.5

	AAU PWP 6
	Female
	28
	White British
	3

	TMD PWP 1
	Female
	26
	White British
	3

	TMD PWP 2
	Male
	39
	White British
	3.5

	TMD PWP 3
	Male
	23
	White British
	2.2

	TMD PWP 4
	Female
	25
	White British
	2.5

	TMD PWP 5
	Female
	28
	White British
	4

	TMD PWP 6
	Female
	31
	Black British
	3.4



Of the 354 patients recruited to the TMD trial (at the time of qualitative process study), 11 returned consent forms and seven agreed to be interviewed; four TMD and three AAU patients.  Two AAU and three TMD patients received CBT, one per group received PCET (see Table 3 for patient demographic information). Due to external factors, one TMD and four AAU additional patients expressing interest in taking part could not be offered interviews and instead were sent an email link to an online Qualtrics surveys (see Procedure). Demographic and therapy allocation information was not received from these patients. The lead researcher had no prior relationship with any participants.

	Table 3
Patient Demographic Information
	

	Patient
	Gender
	Age
	Ethnicity
	Employment Status

	AAU PT 1
	Female
	25
	British Pakistani
	Full-time Employment

	AAU PT 2
	Female
	24
	White British
	Part-time Employment

	AAU PT 3
	Male
	32
	White British
	Full-time Employment

	TMD PT 1
	Female
	52
	Mixed Ethnicity
	Unemployed

	TMD PT 2
	Female
	45
	White British
	Unemployed

	TMD PT 3
	Male
	56
	White British
	Self-Employed

	TMD PT 4
	Female
	45
	White British
	Unemployed

	PT: Patient 
Note: Four additional AAU and one additional TMD participants provided responses through a Qualtrics online survey. Their demographic information could not be collected. 



Procedure
Within one week following initial assessments with a participating clinician where treatment selection decisions were made, patients taking part in the TMD trial were sent a text message weblink from their TT service. This contained links to the qualitative study information sheet (Appendix A) and electronic consent form (Appendix B). All clinicians participating in the TMD trial were invited to the qualitative study via an email including the information sheet (Appendix C) and consent form (Appendix B). Those who completed the consent form were contacted via email or telephone by the lead researcher to arrange an interview.
Interviews were semi-structured to allow flexibility for prompts or follow-up questions to explore relevant or interesting topics mentioned by participants (Smith, 2015), whilst also balancing consistency across interviews (Ruslin et al., 2022). A search of related qualitative research identified no currently existing interview schedules that could be adopted. Therefore, key questions and suggested prompts for patients and clinicians relevant to the research aims and topic were developed and refined through discussions with the research team (see Appendix D). Main topics included approaches to decision-making, communication around decisions, and patients’ expectations of therapy. Those allocated to the TMD arm were asked additional questions about their experience of the therapy allocation process and use of the AI algorithm. Those unable to complete face-to-face interviews were emailed a link to an online questionnaire. This included the same patient interview questions (see Appendix E), with text boxes permitting any length written answer.
Interviews were conducted over video or telephone call, depending on participant preference, by the lead researcher (JL) between 5th June and 7th August 2025. Interviews were recorded on an encrypted Dictaphone, and recordings were stored according to University of Sheffield’s data security guidelines. Interviews lasted between 6-15 minutes for AAU clinicians (M=11 minutes), 12-23 minutes for TMD clinicians (M=17 minutes), 5-9 minutes for AAU patients (M=7 minutes), and 9-22 minutes for TMD patients (M=15). Interviews were transcribed verbatim by a University of Sheffield approved transcriber, who completed a transcribing confidentiality form (Appendix F) and followed University transcribing guidelines (Appendix G). The lead researcher checked transcriptions against interview recordings to ensure accuracy.
Data Analysis
Interviews were analysed using five-stage Framework Analysis (FA; Ritchie et al., 2013). FA,  described as a comparative form of thematic analysis, was chosen as it is a flexible and widely used approach to analysing qualitative data (Goldsmith, 2021). FA can identify, describe, and interpret patterns and themes across whole datasets, as well as compare individual participant data (Gale et al., 2013). As the current research aims to examine themes regarding participants’ thoughts, views, and experiences, FA was deemed the most appropriate method for meeting these goals.
Following transcription, familiarisation was achieved via reading and re-reading of transcripts alongside interview recordings. Early observations were noted, such as impressions and points of interest. Secondly, key themes and concepts were identified. Initial codes were generated through identifying and labelling data relevant to the research question and aims in an iterative (repeatedly reviewing and refining) process of identifying a thematic framework. The framework was then applied to transcripts for the indexing phase, with codes for identified themes and subthemes used to identify data pertaining to each theme. Fourthly, indexed data was summarised and charted into a discernible order. For this charting stage, matrices were created on Microsoft Excel with columns for each theme and subtheme and rows for each participant (see Appendix H for examples). Data for each transcript was summarised for each category, including references to illustrative quotes within transcripts. Finally, mapping and interpretation of data involved exploration of identified themes and subthemes across transcripts, and a comparison of patterns within transcripts for participants assigned to receive AI-informed (TMD) treatment-matching or AAU. 
Validity and Quality Control
	Establishing and defining standards for validity and quality can be challenging in qualitative analyses, as issues such as researcher bias can influence various aspects of research process (Cypress, 2017). Strategies to ensure validity and reliability were therefore considered from the outset and continually addressed to ensure the quality of work was thorough and accurate (see Table 4), to reduce risks of missing biases that cannot be later rectified (Morse et al., 2002). 

	Table 4
Validity and Quality Control

	Guideline
	

	Explicitness
	Explicitness is a key aspect of validity and procedural rigour, ensuring transparency and accountability in qualitative research (Kitto et al., 2008; Whittemore et al., 2001). This was achieved through thorough documentation and keeping an audit trail of relevant data and documents.

	Validity and Consistency of Data Analysis
	To increase validity, code reliability and consistency, and to reduce risk of researcher bias, a standardised coding procedure was followed by two researchers, who independently completed the familiarisation, coding and framework development stages (Boyatzis, 1998; Braun & Clarke, 2021; Roberts et al., 2019). Final codes, themes, and subthemes were determined following discussions between the researchers to ensure inter-rater reliability and saturation, and a consensus was reached regarding the most accurate and reliable codes. 

	Reporting Quality and Transparency
	Consolidated criteria for Reporting Qualitative research (COREQ) reporting 32-item checklist guidelines were followed to ensure explicit and comprehensive reporting of the research methods (Appendix I: Tong et al., 2007).

	Reflexivity
	Reflexivity refers to the active and critical self-reflection of the researcher regarding any biases, preconceptions or assumptions they may contribute to the research (Cypress, 2017), helping ensure rigour and quality (Teh & Lek, 2018). A reflective log recording details of thoughts, feelings, and emotions arising throughout the research was kept by the lead researcher, a White British female who has experience in conducting mental health assessments and interventions as part of her Clinical Psychology doctoral training (see Appendix J for extracts). Reflexivity was also maintained through comparing themes and subthemes with the original data to ensure findings were not based on the researchers understanding and assumptions (Sundler et al., 2019), and through discussions with a research mentor during supervision (Mitchell et al., 2018). 

	Piloting and Interview Schedule Refinement
	The first two clinicians and patients to be interviewed were asked to comment on the questions and content of the interview schedules (Appendix D) and topic following their interview. No suggestions were offered; therefore, no amendments were made to interview schedules.




Ethical Considerations 
	 Ethical approval was obtained from the University of Sheffield (Appendix K) and granted from an NHS Research Ethics Committee as part of the same ethics application for the TherapyMatch-D pilot trial (REC Reference: 23/LO/0487). Right to withdraw was detailed within information sheets and consent form (Appendix A, B and C) and discussed at the start of interviews.
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Nine overarching themes were identified (see Table 5). Quotations provided were selected as representative of themes and are not exhaustive. Additional supporting quotes can be found in Appendix L. Most of the data from the online Qualtrics survey was too insubstantial to include in formal analysis, as most answers were single words. Quotes from one survey participant who provided more information have been included in the analysis. 

	Table 5
Summary of Themes and Group Representation 

	Themes
Subthemes
	TMD Clinicians
	TMD Patients
	AAU Clinicians
	AAU Patients

	Decision Factors
	
	
	
	

	Patient Goals
	X
	X
	X
	X

	Patient Preference
	X
	X
	X
	X

	Symptoms/Presentation
	X
	X
	X
	X

	Previous Treatment
	X
	
	X
	

	Perceived suitability for therapy
	X
	
	X
	

	Approaches to Decision-Making
	
	
	
	

	Patient-Led
	X
	X
	X
	X

	Clinician Guided
	X
	X
	X
	X

	Collaborative Approach
	X
	X
	X
	X

	Case Management/Supervision
	X
	
	X
	

	Difficulties in Decision-Makinga
	
	
	
	

	Unclear Patient Goals/Preferences
	X
	
	X
	

	Complex Patient Presentation
	X
	
	X
	

	Wait Times for Therapy
	X
	
	X
	

	Enhanced Decision Quality*
	
	
	
	

	More Thorough Decision-Making Process
	X
	X
	
	

	Increased Confidence in Decisions
	X
	X
	
	

	Acceptability and Trustworthiness
	X
	X
	
	

	Efficiency and Usabilitya*
	
	
	
	

	Quick and Easy to Use
	X
	
	
	

	Quicker Decisions
	X
	
	
	

	Patient-Centred/Collaborative Care
Supports Shared Decision-Making
Patient Maintains Autonomy
Opens Collaborative Discussions
	
	
	
	

	
	X
	X
	
	

	
	X
	X
	
	

	
	X
	
	
	

	Patient Comfortable with Decision
	
	X
	
	

	Patient Expectationsb
	
	
	
	

	Pre- to Post-Assessment Expectations of Therapy
	
	X
	
	X

	Experience of Assessment
	
	X
	
	X

	Limitations of AI Algorithma*
	
	
	
	

	Frustrating ‘Either’ Outcomes
	X
	
	
	

	Limitations of Applicability
	X
	
	
	

	Integration and Usability Challenges
	X
	
	
	

	Recommendations for AI Use*
	
	
	
	

	Suggestions for Wider Use
	X
	X
	
	

	Human Input into Decision-Making
	X
	X
	
	

	Integrating AI into Healthcare Systems
	X
	
	
	

	aClinician-only theme
bPatient-only theme
*TMD-only theme
	
	
	
	



Decision Factors
Patient goals, preferences and symptom presentation were consistently described as contributing factors for therapy allocation decisions. Additionally, clinicians found it important to understand patients’ previous experience of therapy and suitability for therapy. 
Patient Goals
Clinicians across both groups referenced the importance of understanding patient goals and what they want from services, with several clinicians highlighting this as one of the most important deciding factors. 
“If its depression its always down to the goal and what the clients wanting to work on.” – AAU PWP 2
Three TMD patients referenced talking about goals with their clinician. Contrastingly, no AAU patients mentioned discussing goals. 
“I was also asked as well what areas I wanted to work on more.” – TMD PT 4
Patient Preference
Patient preference was frequently mentioned as a decision factor, though there was discrepancy between clinicians in how much weight this was assigned. Most patients recalled their preference being considered. 
“…[I] also always take into account patient choice.” – TMD PWP 4
“…but then I suppose it depends on whether the person wants counselling or CBT, so I suppose part of it is their preference.” – AAU PWP 3
Symptoms/Presentation
All clinicians spoke about considering patients’ symptoms, with symptom presentation, severity, and history as key factors. Most patients also recalled being asked about their symptoms, difficulties and feelings. 
“they [clinician] also spoke about myself and what was sort of going on and through what I thought my issue and problems were.” – TMD PT 1
Previous Treatment
Nine clinicians across both groups described exploring patients’ experiences of treatment to inform allocation decisions. 
“Whether they’ve had therapy before in the past would come into it as well, kind of exploring the effectiveness of that.” – AAU PWP 4
Perceived suitability for therapy
Most clinicians considered treatment guidelines and the evidence-base, such as National Institute of Clinical Excellence (NICE) guidelines or therapy manuals, whilst others thought about how patient goals could be achieved through PCET or CBT. 
“it’s about well what do they want to treat and how does that fit in with the principles of CBT or counselling.” – TMD PWP 4
Approaches to Decision-Making
Clinicians often tried to balance their professional guidance and supervision/case management with being patient-led and collaborative, although clinicians differed on where they placed most importance. Most patients felt they had input into decisions and received guidance to reach shared decisions. 
Patient-Led
Clinicians described exploring options and giving patients autonomy to choose what felt right for them, although some AAU clinicians placed more emphasis on their own recommendation. 
“I don’t make any promises and see what we can do to be patient-led, but I mean usually we do go with what the patient wants.” – AAU PWP 1
Patients felt their preference was important, mostly describing feeling in control of the decision. However, one AAU patient who completed an online questionnaire reported lack of input.
“In terms of decision-making, I had very little say in the matter.” – AAU PT 5 (Online Survey) 
Clinician-Guided
All clinicians described guiding patients through discussing options, sometimes offering their recommendations which patients tended to be accepting of. Most patients described therapy options being explored, with some recalling receiving clinician recommendations.
“…we do give them a choice if we feel like its either/or but especially if they’ve not had it before or they’ve not like researched into it, a lot of them will happily go along with what you sort of suggest.” – AAU PWP 3
Collaborative Approach
Most clinicians described sharing opinions and recommendations whilst encouraging patient preferences. Even when clinicians felt additional supervision was required, the decision was made collaboratively. 
“I always explain what each, what we offer, what each one is and how they would benefit from it and I relate each one to them,, and then I’d give my opinion… and then they make that decision there based on that information.” – TMD PWP 1
This collaborative approach was reflected in TMD patient responses. Although most patients in the AAU group felt they contributed, two felt the final decision was made by the clinician.
“Not involved at all. I wasn't even given any options to discuss from. I was simply informed of their choice.” – AAU PT 5 (Online Survey)
Case Management/Supervision
Clinicians often mentioned utilising supervision or case management. TMD clinicians used supervision/case management to review their decision or acquire second opinions, whilst more AAU clinicians reported discussing all cases in supervision where the final decision would be made. 
“I think mainly it would be clinical judgement, obviously reviewing that in supervision anyway.” – TMD PWP 4
“…but ultimately we do make the decision in Case Management.” – AAU PWP 5
Difficulties in Decision-Making
Clinicians noted several decision-making difficulties, including unclear patient preferences and goals, patient complexity, and waiting times.  
Unclear Patient Goals/Preferences
A key difficulty for clinicians occurred when patient goals and preferences were not clear or aligned, particularly when there was a rationale to offer either therapy. 
“I think where it’s maybe it’s unclear what approach would be more beneficial, especially if the patient doesn’t really have an opinion…” – TMD PWP 2
Two TMD clinicians reported using the algorithm to support decision-making in these circumstances, whilst others in the AAU group independently mentioned how useful they would find the algorithm for difficult decisions.
“…because you can see a rationale for both, so that’s when I like, that’s a lot of the times where I use Match-D.” – TMD PWP 4
Complex Patient Presentation
Patient complexities, such as comorbid conditions or environmental stressors, were cited as additional difficulties for clinicians. Several noted increasingly complex presentations, making difficult to efficiently determine the most appropriate therapy. 
"for me it’s just a quick decision unless it’s a more complex presentation then I, you know, struggle with that." – TMD PWP 5
Wait Times for Therapy
Several clinicians reported that therapy waiting times could influence decisions. Some reported discussing this with patients, whilst others were more likely to suggest CBT due to shorter waitlists. 
"quite often we end up maybe suggesting maybe CBT cos it’s got a lot shorter of a waiting list in our service" – TMD PWP 2
Enhanced Decision Quality
A significant theme from TMD interviews highlighted how the algorithm enhanced decision-making quality. Clinicians and patients reported decision-making felt more thorough, they had more confidence in algorithm supported decisions, and that the algorithm was acceptable and trustworthy. 
More Thorough Decision-Making Process
Clinicians referenced the algorithms’ ability to incorporate a wide and complex range of factors which could not be synthesised by a human. This supported clinicians to provide a stronger rationale for decisions, making decisions feel more robust and evidence-based. 
"it takes into consideration like their personality traits and things, demographics details, so I think it’s quite useful… it’s helpful because I think it makes the client feel a little bit more like the decision has really been thought about." – TMD PWP 1
"it did just almost gave us more rationale to step-up and it be accepted… It’s almost like another supervision…and its evidence isn’t it…" – TMD PWP 4
Two patients described how thorough the process was, recognising the enhanced ability of the algorithm to quickly analyse large amounts of data. 
“I can understand that it would be used as a tool to go through a lot of data very quickly to provide me with some answers.” – TMD PT 3
Increased Confidence in Decision
Five of six clinicians found the algorithm increased their confidence in decision-making, as it reassured themselves and their patients they were choosing the therapy with the best chance of successful outcomes. This could be the case regardless of whether the algorithm recommended a particular therapy or ‘either’. 
"…even that answer of either, you know either might be validated that you know, well both of these approaches could be just as helpful so you kind of can’t go wrong in a way so it maybe in a way it kind of validates your decision…"– TMD PWP 2
Three patients reported having increased confidence in the decision, as they felt the algorithm outcome reinforced their choice and supported collaborative decision-making. 
“it was quite nice to have this sort of clear indication again to reinforce my choice.” – TMD PT 3
Acceptability and Trustworthiness
All clinicians and patients agreed the algorithm was acceptable, and the outcome mostly supported their decisions. Clinicians found the algorithm easy to explain, and patients were open to and interested in the questions and outcomes. Patients found the assessment process straightforward, describing the algorithm as easy to understand. 
“I think a lot of people understood it, I found it quite easy to explain and people seemed quite interested in it, yeah like, and liked the outcome and happy to answer the questions.” – TMD PWP 2
"I just found it very simple, all the right sort of information was given for me to you know to help me understand what it’s all about and all the right questions were asked I think." – TMD PT 2
Efficiency and Usability
Clinicians widely viewed the algorithm as quick and easy to use, which could lead to more efficient decision-making, particularly when answers supported clinicians’ judgements. 
Quick and Easy to Use
All TMD clinicians described the ease and speed of using the algorithm, noting questions were straightforward and quick to answer.
“I think it’s really quick to use, really easy to use.” – TMD PWP 1
Quicker Decisions
Most TMD clinicians talked about the impact of the algorithm on decision-making efficiency, and its’ potential to streamline services. One clinician described how it supported them to add patients straight to waiting lists without needing additional allocation meetings.
"I think like in terms of patient benefit again just it was going past the Step-up Meeting, being added straight to the waiting list, more kind of practical benefits for the patient." – TMD PWP 4
Patient Centred/Collaborative Care
The algorithm appeared to enhance SDM through supporting clinicians to explain options and encouraging collaborative discussions. Patient autonomy was preserved, and patients appeared to feel comfortable and supported with the decision-making process. 
Supports Shared Decision-Making
Using the algorithm helped clinicians explain options and involve patients in discussions, supporting them to make informed decisions. One clinician found this was particularly useful when patient preference was not aligned with the therapy that would be most beneficial according to the algorithm, and when they would typically offer a therapy without opportunity for SDM. 
"Sometimes the preference doesn’t match what’s actually needed, so what I found with the program it really helped me to explain the difference to that patient so they can make that informed choice as well." – TMD PWP 3   
Patients found the algorithm helped them understand options, as it supported discussions with clinicians to help them decide and communicate therapy preferences. 
“…it was I would say a three-way, not even a decision, I would say a three-way conversation between myself, the therapist and the algorithm…” – TMD PT 1
Patient Maintains Autonomy
Clinicians and patients unanimously agreed that patients were supported to make the final decision about their therapy. Clinicians used the algorithm to help them explore options with patients whilst ensuring patients had autonomy to make their own informed decision, and patients felt supported without being swayed.
“I just explain “it is suggesting this based on, you know, your demographics, your scores and your personality traits but that doesn’t mean that you have to, you’re still entitled to make that decision as well”, and so I’ll just kind of discuss again what the therapy options are and leave it up to them.” – TMD PWP 1
“I was supported but I wasn’t, I wasn’t pushed in anyway.” – TMD PT 3
Opens Collaborative Discussions
Most clinicians found the algorithm encouraged them to have further collaborative discussions with patients, as they were prompted to explain both therapies. This was particularly useful for improving collaboration where clinicians may typically only discuss the therapy they thought was most appropriate. 
"making it a bit easier to talk about you know preferences because more often than not when I look at options you know I’m thinking ‘I think you’d benefit from this one’, and I don’t really tend to talk about the other options…” – TMD PWP 3
Patient Comfortable with Decisions
All patients reported feeling trusting of and comfortable with the algorithms’ decision. The algorithm often agreed with the patient’s choice, and patients did not feel the process was hindered or biased. 
“I’ve got to say that everything felt very smooth and very positive, erm there wasn’t any sort of bias in my opinion… this was very good, very easy and I did feel comfortable with the outcome yeah." – TMD PT 3
Patients’ Expectations of Therapy
Therapy expectations appeared to improve for TMD patients, as they reported that they were more confident and optimistic following the assessment. Conversely, most AAU patients did not experience this positive change. Overall, patients generally found the assessment process clear and supportive.
Pre- to Post-Assessment Expectations of Therapy
Prior to the assessment, three TMD patients reported feeling sceptical about therapy. However, all noted improved expectations following the assessment, reporting greater optimism and confidence that the therapy was the right match for them.
“I came in open minded but perhaps a bit cynical… I really felt so good after the call, I thought this is right, this is the thing for me." – TMD PT 1
Conversely, only one AAU patient reported having more positive expectations of therapy due to feeling more informed after the assessment, whilst four patients reported no change in expectations.
“to be honest it’s the same thing…” AAU PT 1
Experience of Assessment
All TMD patients found the assessment process clear and easy, noting they understood the options and felt listened to. Most AAU patients also reported the process was easy and acceptable, although one did not.
“I felt completely listened to my concerns, my worries and erm and when I finished the call I thought, and I still do think that this is going, that I am going to be allocated someone that’s going to address my specific needs…” – TMD PT 1
"the varying treatments should be outlined and discussed with the person. This at very least offers the person a more solid understanding of why they are doing the chosen treatment." – AAU PT 5 (Online Survey)
Limitations of AI Algorithm
Clinicians highlighted some frustrations in cases where it did not provide a specific therapy recommendation (i.e., it recommended either treatment based on the individual’s characteristics), and concerns around the ability of the algorithm to capture nuances. Remembering to use the algorithm could also be challenging. 
Frustrating ‘Either’ Outcomes
Three clinicians noted how receiving the option of ‘either’ therapy could be frustrating as it did not help them to decide, particularly as inputting information into the algorithm could be time-consuming. 
“…unless it says either treatment which can be a bit frustrating when you go through the whole process and it says okay well that’s again back to the drawing board…” – TMD PWP 1
Limitations of Applicability
Clinicians also described how the algorithm couldn’t capture additional information that a human could account for. The algorithms specificity also meant clinicians could only use it with patients who were suitable for CBT or PCET and consented to using the algorithm. 
"it’s quite specific isn’t it like what kind of clients were looking for, that TherapyMatch-D, so they do have to be kind of suitable for CBT and counselling don’t they which isn’t always the case." – TMD PWP 1
“I think there’s too much sort of nuances, I think there’s information that they’ve had CBT before and didn’t like and wouldn’t, would struggle with homework and lots of things to be considered that are in an assessment erm that aren’t in the App.” – TMD PWP 6
Integration and Usability Challenges
A key challenge was remembering to use the algorithm, due to barriers such as time pressures and it being outside the main assessment computer-system. One clinician found this was worth it to support their decision-making, although another reported that these were significant limiting factors. 
“I guess it makes that decision making process a little longer than it would do because you’re adding that extra step in, but if that comes with a useful result I suppose that’s worth it…” – TMD PWP 1
"I think it sits outside of like the main system that your using, that kind of doesn’t help with reminding". – TMD PWP 2
Recommendations for AI Use
 TMD clinicians and patients highlighted the potential of AI as a supportive tool across mental health services, although stressed the importance of human oversight. Integrating AI into existing healthcare systems was also suggested to improve usability and efficiency. 
Wider Use
Clinicians suggested that AI could be used for different mental health conditions across healthcare services, and to assess suitability for services. Patients felt that humans should be able to override AI decisions, and AI decisions should be explained. 
“I think that’s a good thing to you know to just almost assess suitability for services because I think that’s something that I mean every service within the NHS has, has so much pressure on it.” – TMD PWP 4
Human Input into Decision-Making
Whilst the algorithm was valuable for supporting decisions, clinicians and patients emphasised it should complement rather than replace human decision-making, as some noted only humans can understand nuance and context. 
"humans can read emotions and feelings better than a computer program and I think that that aspect of it still needs to be there when making a decision". – TMD PWP 5
“The only thing is to me that that shouldn’t be just the only thing that’s used… to me its got to be led by a human being, a person, but that’s just used as a supportive tool.” – TMD PT 1
Integration into healthcare systems
Several clinicians reported it was easy to forget to use the algorithm as it was an additional step separate to assessment systems. One clinician suggested that integrating the algorithm with the system would make it easier to remember.
[bookmark: _Toc210744155]"the only improvement that I can think of is it would be built into the system so it would be more, you know less duplication of that information and easier and you know something that you’re not gonna forget cos it’s kind of there" – TMD PWP 2
[bookmark: _Toc215045416]Discussion
Given the rapid increase in AI-use in healthcare, this study aimed to better understand perspectives of those directly using AI-informed tools in clinical decision-making. This qualitative process study identified nine overarching themes following interviews with clinicians and patients participating in the TherapyMatch-D trial, providing insight into usual approaches to and difficulties in decision-making, benefits and limitations of using the AI TMD algorithm, and recommendations for wider AI-use.
Usual Clinical Decision-Making  
Clinicians and patients mostly agreed that patient preferences and goals were key factors contributing to therapy allocation decisions. Clinicians also relied on clinical expertise and therapy guidelines, although largely prioritised patient choice. This was importantly still the case in the TMD group where patient autonomy was maintained, as receiving preferred treatment can result in lower patient dropout and greater therapeutic alliance (Windle et al., 2020). This theme highlights the complex interplay of multiple factors that clinicians balance to ensure optimal decisions. Whilst complexity in clinical decision-making is well documented (Schuler et al., 2025), several clinicians noted the value of the algorithm in these assessments, and two AAU clinicians also described where it would have been helpful. It appeared particularly useful for complex cases and when there was rationale for either therapy, which could typically lead to lengthier and more difficult discussions. 
Benefits of TMD algorithm
For clinicians, the algorithm helped make the decision-making process quicker and more straightforward, helping them reach decisions that felt thought-out and sometimes reducing reliance on additional supervision. Given the burden on clinicians to synthesize large amounts of information within limited assessment time (Schuler et al., 2025), this is a particularly valuable advantage of AI (Graham et al., 2019). This supports previously proposed ‘potential’ benefits of AI-use in mental healthcare, which have often been theoretical rather than demonstrated through real-world evidence. 
An integrative review of AI use in mental health decision support systems found clinician trust and confidence could be a significant barrier to AI acceptance and implementation (Higgins et al., 2023). However, the current research found that all clinicians and patients were accepting of AI-aided decisions, mostly reporting increased confidence in resulting decisions. Although some limitations were noted, clinicians generally found the algorithm as usable and that it positively contributed to decision-making, leading to more collaborative and thorough assessments.
Collaboration and Shared Decision-Making
TMD participants highlighted the positive impact of the algorithm on collaboration, SDM, and confidence in treatment decisions. Interestingly, prioritization of clinical judgement and supervision/case management was emphasised more by AAU clinicians, and several AAU patients reported limited involvement in the decision-making process. In contrast to this, and to previous qualitative research suggesting AI tools could reduce patient-clinician interactions and dehumanize care (Alberca-González & Fernández-Jiménez, 2025; Cooper et al., 2025), most TMD clinicians reported the algorithm increased collaboration and openness. Instead of automating decision-making and reducing patient-clinician interactions, the tool appeared to prompt explorations of options and offer more patient choice. All TMD patients described feeling supported and confident that their therapy was the right match, reflecting a positive impact on SDM. As discussed, sharing information and supporting patients to understand options is central to SDM and person-centred care (Slade, 2017). These findings suggest that AI-informed algorithms can support and enhance collaborative, patient-led decision-making, which could potentially increase engagement, satisfaction, and therapeutic outcomes compared to standard AAU.
Expectations of Therapy
TMD patients also reported more positive therapy expectations following their assessment, as they felt confident and optimistic that the therapy was the right one for achieving the best outcomes despite being sceptical prior to the assessment. In contrast, most AAU patients reported little or no change in therapy expectations. This could suggest patients feel more informed, involved, and invested in their therapy when it is supported by AI-informed tools. As therapy expectations have consistently been linked to better engagement, adherence, and therapeutic outcomes (Constantino et al., 2011, 2018; Meyer et al., 2002), these findings extend current evidence that AI-informed assessments could potentially contribute to factors underpinning more effective treatment trajectories and successful therapy outcomes. 
AI Limitations and Recommendations
Some limitations of the algorithm were identified, such as the additional time it could add to assessments, and forgetting to use it due to it not being integrated with existing healthcare systems. One study found healthcare professionals were willing to spend five minutes or less using AI tools in treatment selection (Benrimoh et al., 2021), so the TMD algorithm being an extra step requiring more time could be a barrier to future use. These findings support clinicians’ recommendations that AI tools should be integrated into existing healthcare systems to prevent delays and reduce the likelihood of clinicians forgetting to use it. This could help to bridge the gap that exists between the implementation and adoption of AI (Zhang et al. 2023), allowing it to become more integrated into practice. 
Furthermore, there appeared to be an association between clinicians’ concerns around the limitations of the algorithm’s applicability, such as it not being able to capture nuance, and recommendations that human input should remain central in clinical decision-making. The view that AI should be used as a supportive tool and not the primary decision-maker is consistent with existing qualitative research (Doraiswamy et al., 2019; Musbahi et al., 2021; Stroud et al., 2025; Zhang et al., 2023). This reinforces value placed on clinician-patient collaboration within decision-making, and the importance of clinicians using their skills to account for nuance and context without relying solely on AI tools. 
[bookmark: _Toc210744156]Something that remains unclear is the impact of AI on clinicians’ administrative burden. Reduced burden has been cited as a potential benefit of using AI in studies asking clinicians on the possible benefits of AI (Graham et al., 2019), although opinions on the impact to overall workload in the current research were mixed. It could be that receiving a specific therapy recommendation could help finalise decisions in some cases, potentially leading to patients being added to waiting lists more rapidly; although these benefits may not translate as well to cases where ‘either’ therapy is recommended, as views on this outcome were varied. Further research could explore the utility of receiving an ‘either’ therapy recommendation from the algorithm to better understand its impact on assessments.
Strengths, Limitations and Future Directions
To our knowledge, this is the first qualitative process study exploring clinicians’ and patients’ experiences and perspectives of AI-use in mental healthcare decision-making and its impact on predictors of therapeutic outcomes, whilst also incorporating comparisons with AAU participants. It provides empirical support for benefits such as improved confidence, SDM, and expectancy of therapy, which have so far mostly been based on theoretical assumptions and hypothetical scenarios. The use of reflexivity and validity and quality control methods ensured high levels of methodological rigour and transparency. RoB was further reduced through independent transcript coding and through regular discussions between researchers throughout all FA stages. 
Clinicians who did not recruit any patients to the TMD trial were not approached as they did not have experience of using the algorithm in decision-making. However, this may have led to selection bias, as those who recruited participants using the algorithm may have differing views to those who did not. There may be reasons that clinicians chose not to use it, such as the algorithm’s usability, which could have been missed or not fully captured. Additionally, themes reflect views of patients consenting to take part in a trial exploring AI. Results may therefore not be generalisable to those not participating in the main TMD trial, who may be more sceptical of AI. 
Five patients could not be interviewed and participated via online survey. Semi-structured interviews allow for systematic and in-depth exploration of experiences (Slade, 2017), whilst online surveys do not allow for spontaneous follow-up of responses (Braun et al., 2021). Additionally, reliance on voluntary participation and online completion may have introduced selection bias. For example, patients who were more digitally literate or motivated to provide feedback, such as through having a more negative assessment experience, may have been overrepresented. This was noted in online responses where extraction of themes was limited. The same level of data richness was not captured compared to interviewed participants, as only one participant tended to provide answers which were mostly regarding their negative experience. However, there was a heterogenous sample of patients, which enhances the credibility and richness of identified themes. Additionally, despite limited demographic variation between clinicians, the larger clinician sample size helped support data saturation and thorough exploration of themes. 
Clinical Implications
	This research highlights the benefits of AI in clinical decision-making and on predictors of positive therapeutic outcomes. With this understanding, it is hoped that AI tools such as the TMD algorithm are continued to be developed, evaluated, and integrated into clinical practice in a way that is accepted and trusted by those using them. Future research should explore the implementation of AI-informed algorithms across other clinical settings and forms of decision-making in mental healthcare to further understand its’ acceptability. 
Following clinician recommendations, it is recommended that AI is integrated into existing computer systems for assessments. This will allow easier access, increasing assessment efficiency and reducing clinician burden. 
Importantly, ethical principles should be used to guide implementation of AI, such as those proposed by Iniesta (2025). For example, human roles and clinician accountability should remain central to decision-making, with AI serving as a complementary tool which patients are empowered and educated to use. Ongoing active collaboration between patients, clinicians, and developers should also continue to be fundamental to ethical AI in mental healthcare. Adhering to an ethical framework could help ensure the trust and acceptability of AI, contributing to more widespread adoption and ethically sound clinical decision-making. 
Conclusions
Overall, implementing the AI-informed TMD algorithm appeared to be widely accepted and trusted, enhancing the decision-making process for clinicians and patients and offering benefits above and beyond usual assessment procedures. Through supporting collaborative decisions that clinicians and patients feel confident in, AI tools appeared to have positive impacts on predictors of therapeutic engagement and outcomes: shared decision-making and expectations of therapy. Recommendations that AI-tools should be integrated into healthcare systems and supplement human decision-making, not replace it, provide directions for future implementation of AI. Future research should continue to explore clinician and patient perspectives of AI across wider clinical settings.
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PARTICPANT INFORMATION SHEET

This research aims to gain a greater understanding of the thoughts and feelings of staff and patients about how decisions about psychological interventions are made. Additionally, this research seeks to better understand perceptions on the use of artificial intelligence in mental health settings. Before you decide if you would like to take part in this research, it is important to understand why the research is being done and what it will involve. Please read the following information carefully and ask me any questions you have. 
Why have I been invited?
You have been invited to take part in this research project because you are an adult who has been offered to receive Cognitive Behavioural Therapy (CBT) of Counselling for depression from IAPT services. 
Do I have to take part?
No, it is up to you whether you would like to take part. Participation in this study is voluntary. If you decide to take part, you can keep this information sheet and will be asked to sign a consent form. You can withdraw at any time without giving a reason.
What will happen if I take part?
You will be contacted via telephone or email (please indicate which is your preferred method) by the lead researcher within 3 weeks. You will be asked to take part in an interview which will last up to 40 minutes, where you will be asked some questions about your experience of being allocated to receive CBT or Counselling. 
The interview will take place over the telephone. The interview will be recorded and then transcribed using an approved University of Sheffield transcriber. Following this it will be analysed using Framework Analysis. Personal details will be anonymised.
[bookmark: _Hlk527891795]What are the benefits of taking part?
You have the opportunity to share your experience of the process of being allocated to receive either CBT or Counselling, and your thoughts on the approaches used to inform these decisions. This may involve a discussion around the use of artificial intelligence tools to help make decisions about the most effective therapy for you. We hope that the report of the findings will increase our understanding of clinical decisions and how they may impact on service users. 
[bookmark: _Hlk527891220]What if there is a problem?
[bookmark: _Hlk527891270]If you feel that there is a problem at any time, you can let the researcher know. If you experience any distress whilst sharing your experience, the researcher will be able to discuss this with you and discuss what further support might be of help (e.g. contacting your GP).
Will all the information be kept confidential?
All the information we collect about you will be kept strictly confidential. You will not be identifiable in any reports or publications.
The only exception to this would be if during the interview the researcher became concerned about a risk of harm to yourself (e.g. suicidal risk), or someone (e.g. a child or another adult) you talk about (e.g. risk of neglect or physical harm). In such a situation the researcher would discuss the need to breach confidentiality with you; the aim of this would always be in order to support yourself and those you mention and ensure safety (for example, it may involve letting relevant services know about the situation in order to help provide those involved with support).
What will happen to the results of the study?
The results will be submitted as part of the researcher’s doctoral thesis in May 2024, then prepared for publication in 2024. You can let the researcher know at the start of the study if you would like a copy of this and this can be sent to you. 
What if I wish to complain about the way the study has been carried out?
In the first instance you can contact the lead researcher, Jennifer Lees on jlees3@sheffield.ac.uk. Alternatively, you can contact the other researcher involved in the project; Dr Jaime Delgadillo, Senior Lecturer and Research Director on j.delgadillo@sheffield.ac.uk.
Contact Information

This research is being conducted by Jennifer Lees, Trainee Clinical Psychologist. This research will be used to write a thesis which fulfils part of their doctoral training. If you have any questions about the research, you can leave a telephone message with the Research Support Officer on: 0114 222 6650 and he will ask Jennifer Lees to contact you.

Additional Information about your data

New data protection legislation came into effect across the EU, including the UK on 25 May 2018; this means that we need to provide you with some further information relating to how your personal information will be used and managed within this research project. 

The University of Sheffield will act as the Data Controller for this study. This means that the University is responsible for looking after your information and using it properly. In order to collect and use your personal information as part of this research project, we must have a basis in law to do so. The basis that we are using is that the research is ‘a task in the public interest’.  

As we will be collecting some data that is defined in the legislation as more sensitive (e.g. information about your health, we also need to let you know that we are applying an additional condition in law: that the use of your data is ‘necessary for scientific or historical research purposes’.
Further information, including details about how and why the University processes your personal information, how we keep your information secure, and your legal rights (including how to complain if you feel that your personal information has not been handled correctly), can be found in the University’s Privacy Notice https://www.sheffield.ac.uk/govern/data-protection/privacy/general.
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Research Title: The role of artificial intelligence in mental healthcare:
understanding patient and clinician perspectives
Name of Lead Researcher: Jennifer Lees (Trainee Clinical Psychologist)		    
Department of Psychology 				
Floor F, Cathedral Court 					Email: jlees3@sheffield.ac.uk
1 Vicar Lane
Sheffield S1 2LT

	Please tick the appropriate boxes
	Yes
	No

	Taking Part in the Project
	
	

	I have read and understood the project information sheet, or the project has been fully explained to me.  
NB: If you will answer No to this question please do not proceed with this consent form until you are fully aware of what your participation in the project will mean.
	

	


	I have been given the opportunity to ask questions about the project. 
	

	


	I agree to take part in the project.  I understand that taking part in the project will include participating in a telephone interview that will be recorded. 
	


	

	I understand that my taking part is voluntary and that I can withdraw from the study at any time; I do not have to give any reasons for why I no longer want to take part and there will be no adverse consequences if I choose to withdraw. I also understand that I am free to not answer interview questions should I not wish to.
	


	

	How my information will be used during and after the project
	
	

	I understand my personal details such as name, phone number, address and email address etc. will not be revealed to people outside the project.
	


	

	I understand and agree that my words may be quoted in publications, reports, web pages, and other research outputs. I understand that I will not be named in these outputs unless I specifically request this.
	


	

	I understand and agree that other authorised researchers will have access to this data only if they agree to preserve the confidentiality of the information as requested in this form. 
	


	

	I understand and agree that other authorised researchers may use my data in publications, reports, web pages, and other research outputs, only if they agree to preserve the confidentiality of the information as requested in this form.
	


	

	I give permission for the data that I provide to be stored anonymously so it can be used for future research and learning.
	


	

	So that the information you provide can be used legally by the researchers
	
	

	I agree to assign the copyright I hold in any materials generated as part of this project to The University of Sheffield.
	

	


	

	
	

	Name of participant: ……………………..
	Signature: ………………
	Date: …………….

	Name of researcher: ……………............
	Signature: ………………
	Date: …………….





Copies:
Once this has been signed by all parties the participant should receive a copy of the signed and dated participant consent form and the information sheet. A copy of the signed and dated consent form should be placed in the project’s main record (e.g. a site file), which must be kept in a secure location.
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Therapy Match-D: Clinician Information Sheet

This research aims to gain a greater understanding of the thoughts and feelings of staff and patients about how decisions about psychological interventions are made. Additionally, this research seeks to better understand perceptions on the use of artificial intelligence in mental health settings. Before you decide if you would like to take part in this research, it is important to understand why the research is being done and what it will involve. Please read the following information carefully and ask me any questions you have. 
Why have I been invited?
Qualified psychological therapists taking part in the TherapyMatch-D trial carrying out routine screening contacts in the IAPT service for step 3 treatment are invited to take part. We are aiming to recruit approximately 4 therapists for the qualitative interviews.
Do I have to take part?
No, it is up to you whether you would like to take part. Participation in this study is voluntary. If you decide to take part, you can keep this information sheet and will be asked to sign a consent form. You can withdraw at any time without giving a reason.
What will happen if I take part?
You will be contacted via telephone or email (please indicate which is your preferred method) by the lead researcher within 3 weeks. You will be asked to take part in an interview which will last up to 40 minutes, where you will be asked some questions about your experience of being allocated to receive CBT or Counselling. 
The interview will take place over the telephone or via video call. The interview will be recorded and then transcribed using an approved University of Sheffield transcriber. Following this it will be analysed using Framework Analysis. Personal details will be anonymised.
Following the analysis of interviews, you will be sent a newsletter summarising the themes and subthemes of the interviews with illustrative quotes. You will be invited to read this summary and provide feedback on the interpretation of the data for representing your views and experiences.
[bookmark: _heading=h.gjdgxs]What are the benefits of taking part?
You have the opportunity to share your experience of the process of allocating service users to receive either CBT or Counselling, and your thoughts on the approaches used to inform these decisions. This may involve a discussion around the use of artificial intelligence tools to help make decisions about the most effective therapy. We hope that the report of the findings will increase our understanding of clinical decisions and how they may impact on service users. 
[bookmark: _heading=h.30j0zll]What if there is a problem?
[bookmark: _heading=h.1fob9te]If you feel that there is a problem at any time, you can let the researcher know. If you experience any distress whilst sharing your experience, the researcher will be able to discuss this with you and discuss what further support might be of help (e.g. contacting your GP).
Will all the information be kept confidential?
All the information we collect about you will be kept strictly confidential. You will not be identifiable in any reports or publications.
The only exception to this would be if during the interview the researcher became concerned about a risk of harm to yourself (e.g. suicidal risk), or someone (e.g. a child or another adult) you talk about (e.g. risk of neglect or physical harm). In such a situation the researcher would discuss the need to breach confidentiality with you; the aim of this would always be in order to support yourself and those you mention and ensure safety (for example, it may involve letting relevant services know about the situation in order to help provide those involved with support).
What will happen to the results of the study?
The results will be submitted as part of the researcher’s doctoral thesis in May 2024, then prepared for publication in 2024. You can let the researcher know at the start of the study if you would like a copy of this and this can be sent to you. 
What if I wish to complain about the way the study has been carried out?
In the first instance you can contact the lead researcher, Jennifer Lees on jlees3@sheffield.ac.uk. Alternatively, you can contact other researchers involved in the project; Dr Jaime Delgadillo, Senior Lecturer and Research Director on j.delgadillo@sheffield.ac.uk, Dr Ben Lorimer, Chief Investigator on ben.lorimer@nhs.net   or the Grounded Research Team (Email: rdash.groundedresearch@nhs.net, Phone 03000 212 456). 
However, we understand that you may not always feel comfortable doing this therefore, you can contact the Patient Advice and Liaison Service, who can support you by contacting the service on your behalf. PALS can be contacted on telephone number 0800 015 4334, email: rdash.pals@nhs.net, or address: Rotheram Doncaster and South Humber NHS Foundation Trust, Woodfield House, Tickhill Road Site, Tickhill Road, Balby, Doncaster, DN4 8QN.
Contact Information

This research is being conducted by Jennifer Lees, Trainee Clinical Psychologist. This research will be used to write a thesis which fulfils part of their doctoral training. If you have any questions about the research, you can leave a telephone message with the Research Support Officer on: 0114 222 6650 and he will ask Jennifer Lees to contact you.

Additional Information about your data

New data protection legislation came into effect across the EU, including the UK on 25 May 2018; this means that we need to provide you with some further information relating to how your personal information will be used and managed within this research project. 

The University of Sheffield will act as the Data Controller for this study. This means that the University is responsible for looking after your information and using it properly. In order to collect and use your personal information as part of this research project, we must have a basis in law to do so. The basis that we are using is that the research is ‘a task in the public interest’.  

As we will be collecting some data that is defined in the legislation as more sensitive (e.g. information about your health, we also need to let you know that we are applying an additional condition in law: that the use of your data is ‘necessary for scientific or historical research purposes’.
Further information, including details about how and why the University processes your personal information, how we keep your information secure, and your legal rights (including how to complain if you feel that your personal information has not been handled correctly), can be found in the University’s Privacy Notice https://www.sheffield.ac.uk/govern/data-protection/privacy/general.










We will need to use information from you for this research project.
People will use this information to do the research to make sure that the research is being done properly,
People who do not need to know who you are will not be able to see your name or contact details. Your data will have a code number instead,
Rotherham Doncaster and South Humber NHS Foundation Trust is the sponsor of this research and is responsible for looking after your information. 
We will keep all information about you safe and secure by ensuring:
· All the information that we collect about you will be pseudo-anonymised, kept strictly confidential and will only be accessible to members of the research team, 

We will keep your study data for a maximum of 10 years. The study data will be fully anonymized and securely archived then destroyed.

What are your choices about how your information is used?

· you can stop being part of the study at any time, without giving a reason, but we will keep information about you that we already have
· you have the right to ask us to remove, change or delete data we hold about you for the purposes of the study. We might not always be able to do this if it means we cannot use your data to do the research. If so, we will tell you why we cannot do this

Where can you find out more about how your information is used?

You can find out more about how we use your information, by asking one of the research team or
· by sending an email: rdash.groundedresearch@nhs.net, 
· by ringing us on 03000 212 456
· sponsor’s Data Protection Officer on rdash.dpo@nhs.net
· on our website https://www.rdash.nhs.uk/about-us/grounded-research/research-governance-and-general-data-protection-regulation-gdpr/
HRA link: www.hra.nhs.uk/patientdataandresearch 

Contact details
Dr Ben Lorimer
Grounded Research Team, RDaSH NHS Foundation Trust
2 St Catherine’s Close, Tickhill Road Hospital site, Balby, Doncaster. DN4 8QN
Tel – 03000 212 456
Email –ben.lorimer@nhs.net


Thank you for taking time to read the information about this study.
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Interview Schedules
Clinician Interview:
Thank you for taking part in this research, which will form part of my doctoral thesis. As explained in the information form you were sent via email, this research is interested in exploring the experiences and thoughts of clinicians and patients about how clinical decisions are made. I will be asking you about how you make treatment decisions for patients (TherapyMatch-D clinicians: and how you have experienced using the use of the artificial intelligence algorithm, TherapyMatch-D).

Please let me know if there are any questions you would like me to repeat or explain in a different way. If at any point you would like to take a break or stop the interview, please let me know. This interview will be voice recorded. All information you share with me will be anonymised and kept confidential, so you cannot be identified. 

Do you have any questions you would like to ask before we start the interview?

Main Clinician Interview Schedule 
· How do you typically make decisions regarding allocation to CBT or Counselling (TherapyMatch-D clinicians: before you started using the TherapyMatch-D algorithm)?
· What factors do you take into account to help make your decision?
· How long might the decision-making process take?
· Are there times where making decisions about which therapy to allocate patients to are more difficult?

· Do you discuss decisions about therapy with your patients?
· How do you involve patients in the decision-making process?
· How do you find communication with patients regarding their allocated treatment?

Additional questions for clinicians in the TherapyMatch-D arm of the trial 
· How would you describe the use of the TherapyMatch-D algorithm in your clinical decision making?

· What were the main benefits, if any, of using the algorithm to aid decision making?
· Were there any limitations or barriers of using the algorithm to aid your decision making?
· How did you overcome these?
· How easy or difficult was it to use the algorithm alongside your usual decision-making process?

· How often did you agree or disagree with the decisions made by the algorithm?
· What happened when the decision made by the algorithm did not match your own decision?

· Did the use of the algorithm impact on your discussions with patients?
· How did you find explaining the algorithm to patients? 
· How did it impact on communication with patients?
· Did you find that patients understood and accepted decisions aided by the algorithm?

· What are your overall impressions of using AI, such as the TherapyMatch-D algorithm, in routine clinical decision making in mental healthcare?
· Do you have any suggestions regarding the use of AI in mental health settings?

Ending
· Before we finish, is there anything else you would like to tell us about your experience of the artificial intelligence algorithm, TherapyMatch-D?

· Thank you for taking part in this interview, we appreciate your contributions. I will now stop the recording. 

Patient Interview
Thank you for taking part in this research, which will form part of my doctoral thesis. As explained in the information form you were sent via email, this research is interested in exploring the experiences and thoughts of clinicians and patients about how clinical decisions are made. I will be asking you about your experiences of being allocated to receive psychological therapy for depression, and your views on the use of an artificial intelligence tool to help clinicians to make these decisions. 

Please let me know if there are any questions you would like me to repeat or explain in a different way. If at any point you would like to take a break or stop the interview, please let me know. This interview will be voice recorded. All information you share with me will be anonymised and kept confidential, so you cannot be identified. 

Do you have any questions you would like to ask before we start the interview?

Main patient interview schedule
· How would you describe the process of being allocated to receive either Cognitive Behavioural Therapy (CBT) or Counselling?
· Do you remember details about how the decision was made and how this was communicated to you?

· Did you understand why you were allocated to your therapy?
· Did you feel involved in the decision-making process?
· Did the decision-making process feel collaborative?
· Is there anything that could have improved your experience of being allocated to receive CBT or counselling?

· What were your general expectations about therapy before accessing IAPT services?
· What outcomes did you expect from therapy?

· What were your expectations of the therapy after you were assigned to receive CBT/CfT? 
· What impacted on your expectations of the therapy? 
· NB: Follow up for TherapyMatch-D patients only: Did the use of the algorithm to help allocate your treatment impact on what you expected from the therapy?

Additional questions for participants in the TherapyMatch-D arm of the trial 
· How would you describe the use of the artificial intelligence tool, TherapyMatch-D, which was used to help make decisions about your allocated therapy?
· Was the algorithm explained to you by the clinician?
· Did you understand how the algorithm was used to inform decision making regarding your treatment?
· Did you trust the algorithm’s decision?

· How supported did you feel in contributing to the decision regarding which intervention you were allocated to?
· Did the decision feel collaborative?
· Were there any barriers to the decision making process that you experienced?

· What are your overall impressions of using artificial intelligence, such as the TherapyMatch-D algorithm, in routine clinical decision making in mental healthcare?
· Do you have any suggestions regarding the use of AI in mental health settings?

Ending
· Before we finish, is there anything else you would like to tell us about your experience of the artificial intelligence algorithm, TherapyMatch-D?

· Thank you for taking part in this interview, we appreciate your contributions. I will now stop the recording. 
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Questionnaire for Assessment as Usual (AAU) patients
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Questionnaire for TherapyMatch-D (TMD) patients 
[image: A questionnaire about therapy
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Doctorate in Clinical Psychology, University of Sheffield

Transcribing Confidentiality Form & Guidance Notes

Type of project: Research thesis


Project title: The role of artificial intelligence in mental healthcare: understanding patient and clinician perspectives

Researcher’s name: Jennifer Lees


The recording you are transcribing has been collected as part of a research project. Recordings may contain information of a very personal nature, which should be kept confidential and not disclosed to others. Maintaining this confidentiality is of utmost importance to the University.

We would like you to agree:

1. Not to disclose any information you may hear on the recording to others,

2. If transcribing digital recordings – only to accept files provided on an encrypted memory stick 

3. To keep the tapes and/or encrypted memory stick in a secure locked place when not in use,

4. When transcribing a recording ensure it cannot be heard by other people,

5. To adhere to the Guidelines for Transcribers (appended to this document) in relation to the use of computers and encrypted digital recorders.

6. To show your transcription only to the relevant individual who is involved in the research project.

7. If you find that anyone speaking on a recording is known to you, we would like you to stop transcription work on that recording immediately and inform the person who has commissioned the work.



Declaration

I have read the above information, as well as the Guidelines for Transcribers, and I understand that:

1. I will discuss the content of the recording only with the individual involved in the research project

2. If transcribing digital recordings – I will only accept files provided on an encrypted memory stick

3. I will keep the tapes and/or encrypted memory stick in a secure place when not in use

4. I will not use external storage programmes or website, such as Dropbox, for transferring recordings as it does not meet any of the University's data security guidelines

5. When transcribing a recording I will ensure it cannot be heard by others

6. I will treat the transcription of the recording as confidential information

7. I will adhere to the requirements detailed in the Guidelines for transcribers in relation to transcribing recordings onto a computer and transcribing digital audio files

8. If the person being interviewed on the recordings is known to me I will undertake no further transcription work on the recording

I agree to act according to the above constraints

Your name _________________________________

Signature ___________________________________

Date ____________________________________


Occasionally, the conversations on recordings can be distressing to hear. If you should find it upsetting, please stop the transcription and raise this with the researcher as soon as possible.
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Guidelines for transcribers

Introduction

The course has created the guidelines below for anyone who is involved in transcribing data for staff or trainees in the Clinical Psychology Unit, University of Sheffield.

In addition to adhering to the following guidelines, transcribers must sign a confidentiality form prior to beginning any work. If you are unsure about any of the information given below, or for a copy of the confidentiality form, please contact the relevant trainee/member of staff.

When undertaking transcribing from digital recording you must:

· Password protect the computer files you are typing before you type any
text – this can be done easily in Microsoft Word (instructions below)

· Anonymise any personal information contained in the data you are
transcribing as you type, e.g. names. Please contact trainee or member of
staff who’s transcribing you are doing if you have any queries about this.

· Delete any files from your computer (including from your ‘Trash’ folder) once
you have submitted your completed transcription.

· Keep the encrypted memory stick in a secure locked place when not in use.

· If transcribing from a digital recording, you must also adhere to the specific guidance on this (appendix 2 of this document).


Instructions for a password protecting files on a PC

APPLIES TO: Excel 2016, Word 2016, PowerPoint 2016, Excel 2013, Word 2013, PowerPoint 2013, Excel 2010, Word 2010, PowerPoint 2010, Excel Starter, Office 2010, Word Starter, Word Starter 2010

· In an open document, click File > Info > Protect Document.
You see the following options.
[image: Protect Document button with options]
· Mark as Final:     Make the document read-only.
When a document is marked as final, typing, editing commands, and proofing marks are disabled or turned off and the document becomes read-only. The Mark as Final command helps you communicate that you are sharing a completed version of a document. It also helps prevent reviewers or readers from making inadvertent changes to the document.
When you mark a document as final, Word asks you to save the file. The next time you open it, you will see a yellow MARKED AS FINAL message at the top of the document. If you click Edit Anyway, the document will no longer be marked as final. 
· Encrypt with Password:    Set a password for the document.
Caution: Keep your password in a safe place. If you lose or forget the password, it cannot be recovered
When you select Encrypt with Password, the Encrypt Document dialog box appears. In the Password box, type a password, and then type it again when prompted. Important: Microsoft cannot retrieve lost or forgotten passwords, so keep a list of your passwords and corresponding file names in a safe place.
· Restrict Editing:    Control what types of changes can be made to the document.
When you select Restrict Editing, you see three options:
· Formatting restrictions    This reduces formatting options, preserving a look and feel. Click Settings to select which style are allowed.
· Editing restrictions    You control how the file can be edited or you can disable editing. Click Exceptions or More users to control those who can edit.
· Start enforcement    Click Yes, Start Enforcing Protection to select password protection or user authentication. You can also click Restrict permission to add or remove editors who’ll have restricted permissions.
· Restrict Permission by People:     Use a Windows Live ID to restrict permissions.
Use a Windows Live ID or a Microsoft Windows account to restrict permissions. You can apply permissions via a template that is used by your organization, or you can add permissions by clicking Restrict Access. To learn more about Information Rights Management see Information Rights Management in Office.
· Add a Digital Signature:     Add a visible or invisible digital signature.
Digital signatures authenticate digital information such as documents, email messages, and macros by using computer cryptography. Digital signatures are created by typing a signature or by using an image of a signature to establish authenticity, integrity, and non-repudiation. See the link at the end of this topic to learn more about digital signatures.
To learn about digital signatures, see Digital signatures and certificates.

Instructions for password protecting files on a Mac:

1)  Open a blank Word document
2)  Go to Word on the menu bar and select Preferences
3)  Click on Security and insert a password to open the document. You will be asked to re-type this, then click ok.


Additional Guidance for transcribing from digital recordings

Important: Trainees and staff must provide you with recordings via an encrypted memory stick. Do not accept files via any other means. 

Installing DSS Player Pro software (you only need to do this once)

In order to transfer audio files to your computer, you will need to have installed the DSS Pro software. You will only need to do this once, not for each recording.

The procedure is as follows:

To download the software, go to:
 https://www.opdsupport.com/downloads/software/odms-r7/standalone (For PC)

Your activation keys are; RD76-0001-0000-8313-5EIT

For the installation guide please go to : 
https://www.opdsupport.com/kb/software/odms-r7/832-software-installation-guide-odms-r7


To listen/download audio files from a memory stick (once DSS player is installed)

1. Open DSS player programme

2. Plug in encrypted memory stick to USB port

3. Input password to unlock the memory stick

4. In DSS player, click on File/Import Dictation

5. Select the USB memory stick

6. Select the audio file, click ok to upload to DSS file.

7. Exit the memory stick by clicking on ‘lock and exit’ button – hand this back to the trainee, who will delete the audio file for you (please do not delete yourself)



To open the audio files in order to transcribe

1. Locate the folder within DSS pro player

2. Double click on the audio track within this, a pop up window will prompt you for the password. Enter the password given to you by the trainee


Reminder: ensure you have fully deleted your transcription and the original recordings from your computer once you have passed your transcription to the trainee/member of staff. 

The procedure for deleting files from DSS player is as follows:

· Locate the folder in DSS player where the track is saved within DSS player

· Select the individual files of the audio tracks you wish to delete

· Right click over them and select ‘delete’
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	Number/Item
	Guide and Description
	Location

	Domain 1: Research Team and Reflexivity

	Personal Characteristics

	1. Interviewer/
Facilitator
	Which author/s conducted the interview or focus group?
	Procedure

	2. Credentials
	What were the researcher's credentials? E.g. PhD, MD
	Reflexivity

	3. Occupation
	What was their occupation at the time of the study?
	Reflexivity

	4. Gender
	Was the researcher male or female?
	Reflexivity

	5. Experience and Training
	What experience or training did the researcher have?
	Reflexivity

	Relationship with Participants

	6. Relationship Established
	Was a relationship established prior to study commencement?
	Participants and Sample size

	7. Participant Knowledge of the Interviewer
	What did the participants know about the researcher? e.g. personal goals, reasons for doing the research
	Appendix A, Appendix C

	8. Interviewer Characteristics
	What characteristics were reported about the interviewer/facilitator? e.g. Bias, assumptions, reasons and interests in the research topic
	Reflexivity, Appendix I

	Domain 2: Study Design

	Theoretical Framework

	9. Methodological Orientation and Theory
	What methodological orientation was stated to underpin the study? e.g. grounded theory, discourse analysis, ethnography, phenomenology, content analysis
	Design, Data Analysis

	Participant Selection

	10. Sampling
	How were participants selected? e.g. purposive, convenience, consecutive, snowball
	Participants and Sample Size

	11. Method of Approach
	How were participants approached? e.g. face-to-face, telephone, mail, email
	Participants and Sample Size

	12. Sample Size
	How many participants were in the study?
	Participants and Sample Size

	13. Non-Participation
	How many people refused to participate or dropped out? Reasons?
	Participants and Sample Size

	Setting

	14. Setting of Data Collection
	Where was the data collected? e.g. home, clinic, workplace
	Procedure

	15. Presence of Non-Participants
	Was anyone else present besides the participants and researchers?
	Procedure

	16. Description of Sample
	What are the important characteristics of the sample? e.g. demographic data, date
	Participants and Sample Size

	Data Collection

	17. Interview Guide
	Were questions, prompts, guides provided by the authors? Was it pilot tested?
	Procedure, Appendix D, Appendix E

	18. Repeat Interviews
	Were repeat interviews carried out? If yes, how many?
	· 

	19. Audio/Visual Recording
	Did the research use audio or visual recording to collect the data?
	Procedure

	20. Field Notes
	Were field notes made during and/or after the interview or focus group?
	Reflexivity, Appendix I

	21. Duration
	What was the duration of the interviews or focus group?
	Procedure

	22. Data Saturation 
	Was data saturation discussed?
	Participants and Sample Size, Validity and Quality Control

	23. Transcripts Returned 
	Were transcripts returned to participants for comment and/or correction?
	Validity and Quality Control

	Domain 3: Analysis and Findings

	Data Analysis

	24. Number of Data Coders
	How many data coders coded the data?
	Validity and Quality Control

	25. Description of the Coding Tree
	Did authors provide a description of the coding tree?
	· 

	26. Derivation of Themes
	Were themes identified in advance or derived from the data?
	Data Analysis

	27. Software
	What software, if applicable, was used to manage the data?
	Data Analysis

	28. Participant Checking
	Did participants provide feedback on the findings?
	Validity and Quality Control

	Reporting

	29. Quotations Presented
	Were participant quotations presented to illustrate the themes / findings? Was each quotation identified? e.g. participant number
	Results

	30. Data and Findings Consistent
	Was there consistency between the data presented and the findings?
	Discussion

	31. Clarity of Major Themes
	Were major themes clearly presented in the findings?
	Results

	32. Clarity of Minor themes
	Is there a description of diverse cases or discussion of minor themes?
	Results/Discussion




[bookmark: _Toc215045428]Appendix J: Reflective Log Extracts

Extract of PWP Interview Reflections
I noticed that I liked to hear the positive feedback about the TherapyMatch-D app and how this helped clinicians to allocate patients. Similarly, I’ve found it a little frustrating if a clinician does not see some of the potential benefits of using the app. I think that as I know the rationale behind using the app and the research that has gone into it, I want to be able to support that through positive findings within the qualitative study. However, I have had to make sure I remain completely unbiased and stick to the interview questions, also making sure I don’t provide any follow up questions that specifically look for more positive feedback. 

PWPs had different experiences of the app, as some found that it gave a lot of suggestions for therapy allocation, whilst some found that it mostly said ‘either’ therapy would be beneficial. I wondered if this impacted on how positively the PWPs viewed the app and use of AI or not, and whether it would have been possible to find out what responses PWPs had had on the app to take this into account. 

Extract following Patient Interview 
Most of my interviews with patients have been very straightforward, but I had one which reminded me of the context of the study. One patient became upset when talking about their struggles before accessing TT services, and regularly became tearful in the rest of the interview. Until now, patients had been very factual and did not really talk about emotions, so this particular interview had taken me by surprise. Reflecting on this after the interview, I feel that I shouldn’t have been surprised by this. I realised I was thinking more of the ‘participants’ to my research study, sometimes forgetting that participants are also patients who are accessing mental health services due to their experience of depression. I feel this helped me to take a more holistic view of the study and those that are involved. Stepping back from the research and remembering that improving patient care is at the heart of the research aims helped me to reframe my personal approach. I will make sure I remain mindful of the potentially emotional aspect of the interviews.

Notes from Framework Analysis stage
When working through the stages of framework analysis, I noticed that themes I initially noted were not as robust as I thought. For example, ‘Patient Complexity’ had seemed to be something that clinicians frequently referenced as a difficulty they encountered in decision-making. However, I realised when creating matrices for theme quotes that this was only noted by a couple of clinicians. This reminded me that I need to be aware of how a strong theme emerging from one interview might make this seem more prominent overall than it is. This also showed me the utility of taking the time to create a framework, and reminded me of the vigour of this analytic method.
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	Theme
	Subtheme
	Additional Patient Quotes

	Decision Factors
	Patient Goals
	“it really comes down to how the client presents and what they’re wanting from the service, so their goals and if they’re wanting to be able to just like off load and process things then it’d be counselling.” – TMD PWP 1

“then mainly the big deciding factor is their goals.” – TMD PWP 5

“I did express changes to how I live and deal with problems and understand problems by myself and that that would come better from CBT than the counselling.” – TMD PT 3

	
	Patient Preference
	“I was asked which do I think I would be best suited and I stated what I thought was best.” – TMD PT 1

“yeah just personal preference on the approach that they like, you know, if they, if they respond well to tools and techniques then I might lean towards CBT if they want more of a talking about things.” – TMD PWP 2

“As much as we can we try to get patient preference.” – TMD PWP 3

“we just ask them, you know what were they, what were they hoping for.” – AAU PWP 5

“I mean counselling wasn’t what I sort of wanted to go down the route of anyway.” – AAU PT 3

	
	Symptoms/ Presentation
	“I’d usually go off my judgement from what the patient’s symptoms are.” – AAU PWP 1

“the things we typically look for is the severity of the symptoms.” – TMD PWP 3

“I will explore the clients main presenting problem.” – AAU PWP 2

“we kind of sat for about like ten/twenty minutes on the call just giving her a brief explanation of how I’m feeling and stuff.” –  AAU PT 2

	
	Previous Treatment
	“if they’ve already tried some kind of therapy before which has been I guess either positive or negative, that might kind of point you.” –  TMD PWP 2

we should do anyway is take into account what therapy that they’ve had before, so I’d say like, so we’ll always ask like, ‘have you had counselling or CBT before, has it worked for you, did you find it helpful’…” – TMD PWP 4

“The only other thing is just to be mindful of the clients previous treatment.” – AAU PWP 2

	
	Perceived suitability for therapy
	"we did have all the NICE Guidelines which is kind of one of the main things really." – TMD PWP 1

"a patient might be just wanting to offload about their anxieties rather than have like the techniques and strategies to implement to manage that, so again that patient’s looking for a counselling approach but as per like guidelines as per like service procedures, there’s no real evidence base to suggest that counselling for depression is a beneficial treatment for anxiety presentation." – TMD PWP 4

“…they have quite specific criteria so we’d always check for that first in our service.” – AAU PWP 2

“it is more around how they fit the criteria really and quite often it does end up being the CBT simply because the counselling is quite tight and rigid in terms of their criteria.” – AAU PWP 5

	Approaches to Decision-Making
	Patient-Led
	“I generally think that my opinion and my thoughts would have been respected…” – TMD PT 4

“some people would benefit from CBT or counselling so I kind of leave that decision then up to them erm prior to the Therapy Match-D.” – TMD PWP 1

“I just give them a description between the two and from there I always say “what do you think is gonna work for you” and I answer any questions, put that decision making back on them.” – AAU PWP 4

“we do sometimes give the patient the option.” – AAU PWP 5

“Do you know I wasn’t steered in either direction, so all the cards were laid on the table and it was my, it was my decision of what I thought would be best for me at this point in time.” – TMD PT 1

“obviously he gave me all the information and I sort of decided myself what was a pro and what was a con of each one, erm and yeah so he really did make me feel like I was in control of my decision.” – AAU PT 3

	
	Clinician Guided
	“he made me aware of why he thinks it could be beneficial to me.” – AAU PT 3

“I give my opinion like, ‘I think you would be better doing this’, but then I ask them what they want.” – TMD PWP 1

“I can give my recommendations to a patient that I think you might benefit from some work myself or I think you might benefit from some high intensity CBT or I think you might benefit from some counselling.” – TMD PWP 3

“I’ll kind of go into quite a lot of detail as to what CBT looks like for example and what counselling looks like, and I can send them information.” – AAU PWP 2

“…but then we’d make that decision around what we think would be suitable.” – AAU PWP 5

“but she did suggest CBT, she said right you know “I think you would benefit from CBT” cos there’s a lot of focus on.” – TMD PT 4

“…she just kind of explained to me a lot of my issues are more behavioural issues and obviously with CBT it goes through a lot of the behavioural issues and techniques to kind of work with them…” – AAU PT 1

“You don't really get any direction whilst having the conversations and then you're told if you are "eligible" for treatment and what treatment it would be.” – AAU PT 5 (Online Survey)

	
	Collaborative Approach
	“I didn’t feel like I was being pushed into anything I didn’t want to do, it was very collaborative… it wasn’t solely my position, my decision, it was a joint decision and that gave me confidence to know that I’m making the right decision.” – TMD PT 2

“I think its always got to be like that collaborative decision and some kind of choice.” – TMD PWP 2

“I think just being transparent, like gathering a goal but also doing it collaboratively.” – AAU PWP 2

“It was excellent and really thorough, erm so I completely understood you know the different types of therapy so that by the end of it I was asked which do I think I would be best suited and I stated what I thought was best, and the lady I spoke to said ‘ah that’s what I thought too’.” – TMD PT 1

	
	Case Management/
Supervision
	“Obviously everything gets discussed in supervision as well so that’s also another way that helps me to make my decisions really.” – TMD PWP 1

“usually would be a decision to make with my supervisor…” – AAU PWP 1

“Sometimes like agree like a provisional plan with the person in that call, and then after that we’ll take it case management.” – AAU PWP 3

	Difficulties in Decision-Making

	Unclear Patient Goals/
Preferences
	“…but when I have on my occasions you can see there is a role for both where it can be quite difficult, I could, as a counsellor I could do that, as a CBT therapist I could do that, erm so that could be where it could be quite difficult.” – TMD PWP 3

“I’ve had one [patient] today who wasn’t sure what to go for and he wanted advice, so again that I think that TherapyMatch-D tool would be helpful.” – AAU PWP 1

“they think they want counselling so if you’re telling them well actually the evidence base is if we feel like it is trauma or it is whatever then CBT would be more recommended, I feel like the they can yeah probably just be a bit frustrated or like that’s not what they were hoping for… I did get the impression that like the research or like the algorithm or it incorporates a lot more stuff that we would never consider like medication or where they live, you know so I do think that would be quite cool if there is some sort of evidence for that, erm cos I do think we are a bit simplistic.” – AAU PWP 3

“normally when you say coping strategies it links in with that CBT, but then they go ‘well actually I want counselling’.  That’s quite difficult cos its then again you’re then having to explain what the counselling and what the CBT means for each and then you’ve got to reiterate their goal to them…” – AAU PWP 6 

	
	Complex Patient Presentation
	“I guess when there are more complexities… the complexities with long term conditions, erm other diagnosis like personality disorders, things like that, erm whether people are suitable for the service.” – AAU PWP 1

“I think with cases where they may be a bit more complex or a bit unsure…” – AAU PWP 2

	
	Wait Times for Therapy
	“I’ve mentioned before like waiting times are a factor that can play a part because, counselling, where I work in the Trust at the minute, counselling waiting times are very, very long.” – TMD PWP 1

“Right now we definitely have you know a two-month difference between the two therapies so that can influence decisions.” – AAU PWP 4

	Enhanced Decision Quality
	More Thorough Decision-Making Process
	“"you’ve got all these kind of erm different, different factors of play which can, which can be used to predict which is most helpful, obviously it would be impossible for a human to take all that information and sort of synthesise it so that’s a real strength that a computer can do that I suppose because erm it just wouldn’t be something that a human could do.”– TMD PWP 2

“it was really thorough, it was detailed, she [clinician] explained everything.” – TMD PT 1

	
	Increased Confidence in Decisions
	"I think its just maybe a bit of reassurance for them as well erm to make them feel were putting them through for the right thing." – TMD PWP 1

“giving the patient or yourself a bit more confidence that it’s the right choice, you know or its gonna be the best chance that they’ve got coming away with a good result, erm so it’s almost like increasing your confidence like it’s a good decision in a way…” – TMD PWP 2

“a lot of the times it was what I would agree with so it kind of it increased my confidence to explain why.” – TMD PWP 3

“I think it was nice to kind of like reaffirm my decisions, so I was like okay so I’m actually on the right track.” – TMD PWP 5

“to me it was absolutely spot on, one hundred percent, it was like the whole thing specifically had my name wrote on underneath...” – TMD PT 1

“…it was quite nice to have this sort of clear indication again to reinforce my choice.” – TMD PT 3

	
	Acceptability and Trustworthiness
	“Nine out of ten times I agreed with it.” – TMD PWP 3

“…the patient for me always for me responded really, really well and then that meant we could just step up straight away as well so it kind of took away that confusion, so for me it worked well.” – TMD PWP 4

“"I didn’t have anyone who disagreed with it, they all seemed to be happy to proceed… I think I agreed with them all [algorithm decisions].” – TMD PWP 4

“I mean I think it’s a wonderful, wonderful tool and I, you know if going forward I would not hesitate if, if it was involved again, it wouldn’t put me off.” – TMD PT 1

“I just found it very simple, erm all the right sort of information was given for me to you know to help me understand what it’s all about and all the right questions were asked I think.” – TMD PT 2

“I think it was very easy, yeah very clear.” TMD PT 3

	Efficiency and Usability
	Quick and Easy to Use
	“I think it was probably as easy as it could be…the questions were quite quick to do so it was good.” – TMD PWP 2

"fairly easy if not made it easier, especially if it came back with an outcome, as long as it kind of was in line with, you know what, what was assessed and kind of the presentation that it was, so for me it did just make things easier if I used it". – TMD PWP 4

“the App itself was straight forward, easy to use, uncomplicated.” – TMD PWP 6

	
	Quicker Decisions
	“it was very quick I think overall even though it was on an extra step.” – TMD PWP 2

“I think it will be really good in streamlining the way services work, in almost making it more effective and more efficient with the processes we have.” – TMD PWP 3


	Patient-Centred/Collaborative Care
	Supports Shared Decision-Making

	“I kind of just say ‘well based on your demographics, personality, things like that, either one is gonna be beneficial, just as beneficial for you so lets talk a little bit more about what those therapies entail’ and again I’ll relate their presenting problem to that therapy and then they’ll just, together we’ll kind of make that decision.” – TMD PWP 1

“I felt like ultimately it was my decision but you know the support was there to kind of guide me you know and give me all the information for what options I had for then to make the decision that I felt was the best for me.” – TMD PT 2

“…so after I’d gone through all the questions, you know I felt that my decision had been aided by the process.” – TMD PT 3

	
	Patient Maintains Autonomy
	“despite the algorithm there might be something like you know a strong preference by the patient which feels like it kind of trumps the, you know erm that decision anyway.” – TMD PWP 2

“I think it [algorithm] helped me to give more patient choice.” – TMD PWP 3

“I don’t feel that if I had turned round and said “no I don’t want CBT, I feel that I want”, I don’t feel that I would have been told no.” – TMD PT 4

	
	Opens Collaborative Discussions
	"we get the algorithm and I’ll say you know ‘either’ [TherapyMatch-D recommendation] is the same but I’ll explain it again, but I suppose that time I’ll relate it a little bit more to them and their issues." – TMD PWP 1

“I think it helped me sort of be like have a bit more of a decision, like a bit more of a way to open up about treatment options and again like that helped me outside of the algorithm to actually have that discussion anyway.” – TMD PWP 3

	
	Patient Comfortable with Decision
	“it came up with what my human expectation was.  So I was comfortable at the end, completely comfortable because it matched how, what I, my outcome that I came up with in my mind…” – TMD PT 1

“Yes I did because it was the same decision that I felt was the right one for me before I started the process, so I thought okay well it thinks the same thing as me.” – TMD PT 2

	Patient Expectations
	Pre- to Post-Assessment Expectations of Therapy
	“I do have really high hopes now, I really do have them… now I feel like I’m actually looking forward to starting it, I’m looking forward to, erm, you know, I’m coming in with an open mind…” – TMD PT 4

“I feel as if its going to be the right decision and its going to be a good, a good tool, good skill set for me to improve hopefully my mental health going forward.” – TMD PT 3

“Still the same [expectations]… I weren’t really impacted by it [assessment], I just, just got on with it really.” – AAU PT 2  


“I felt a lot more positive erm because erm I’d say because I didn’t really have any idea sort of going in, I was sort of going in blind a little bit erm other than reading about it like online erm but yeah I felt a lot more informed.” – TMD PT 3

“Very little expectation. I wasn't exactly informed what the process was going to be. So I went in somewhat blind to what the experience would be.” – TMD PT 5 (Online Survey)

	
	Experience of Assessment
	“it was very simple and it very clear, so I understood what I was being offered.” – TMD PT 3

“I don’t have any complaints or anything about it." – AAU PT 2

“I felt there couldn’t have been any improvement really, like I say everything went perfect really.” – AAU PT 3

	Limitations of AI Algorithm
	Frustrating ‘Either’ Outcomes
	“getting the result of or/either, I guess is not the most helpful response. It would be nice if it gave you like awaiting or something, even if it was just like, do you know what I mean, 60/40 percent something like that perhaps.” – TMD PWP 2

“I think a lot of them have come back with either/or so it hasn’t particularly impacted anything.” – TMD PWP 6

	
	Limitations of Applicability
	“I think the human touch did help and feel a bit more like understood, whereas the program doesn’t take into context of why I’m depressed." – TMD PWP 3

“here’s patients that didn’t want to go on the App, didn’t want to use the App.” – TMD PWP 3

“I feel like that program doesn’t take into consideration all the little different things, you know like if a client has previously not liked CBT.” – TMD PWP 5

	
	Integration and Usability Challenges
	“it was just more like that it was kind of separate to like the system so it had to be something that you actively remembered.” – TMD PWP 4

"I don’t find it as useful to be honest cos its stuff that I know and its kind of just adding in more stuff to the process." – TMD PWP 5

	Recommendations for AI Use
	Suggestions for Wider Use
	“I’d kind of like to hope that it would be a bit more used as well across health care services because like I say it does take a bit off pressure off you as a therapist making that decision.” – TMD PWP 1

“If we didn’t come to the same conclusion it would be good if the algorithm spit it out like why it came up with its suggestion and you know why it differed to what I thought or perhaps the therapist thought.” – TMD PT 1

“I think to a point it definitely is a good tool. I would have reservations using AI to direct therapy” – TMD PT 3

“systems need to be able to be overridden by actual people.” – TMD PT 4

	
	Human Input into Decision-Making
	“…some people were a bit iffy with it and did, would we prefer like a more human approach where a human has looked at this and a human thinks this rather than a computer deciding on what’s best for me.” -  TMD PWP 3

“I think it could be used alongside human decision-making but I don’t think it would be able to replace it.” – TMD PWP 6

“…sometimes it misses what people might, might be insinuating or saying, whereas a human would understand that better.” – TMD PT 3

"I think using AI to be able to match somebody with a therapy is great as it goes if it makes the job easier, but I don’t think it should be solely relied upon, I think humans need humans…” – TMD PT 4

	
	Integrating AI into Healthcare Systems
	“It would be easier if it was already part of the system that your using, so if it was part of IAPT as you know in an ideal world that’s what you’d want isn’t it to just be clicking a couple of buttons that are already in that system that you already using.” – TMD PWP 2

“…it was kind of separate to like the system so it had to be something that you actively remembered.” – TMD PWP 4
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Thinking about that recent appointment in Talking Therapies:

1.

How would you describe the process of selecting which therapy to
have (e.g., Cognitive Behavioural Therapy (CBT) or Counselling)?
Please tell us as many details as you remember about how the
decision was made.

Did you feel involved in the process of deciding which therapy to
have, or was the decision reached collaboratively? Please explain.

Is there anything that could have improved your experience of being
offered CBT or counselling? If so, what?

What did you expect of therapy before that appointment? (i.e., what
did you think it would be like)

What were/are your expectations of therapy after you were offered
CBT or Counselling?

Do you have any other thoughts or comments about the use of the
TherapyMatch-D app or your experience of this study?

Thank you for taking time to complete this survey.

If you have any questions about this study or have any other comments,

please contact XXXX.
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1. Decision Factors

Patient goals

Patient preference

Symptoms/Presentation

Previous treatment

Perceived suitability for therapy

TMD PWP 1

it really comes down to how the client
presents and what they’re wanting from the
service, so their goals and if they’re wanting
to be able to just like off load and process
things then it’d be counselling.

it really comes down to how the client presents
and what they’re wanting from the service

if they’re experiencing kind of flashbacks
and you know its kind of trauma erm or
more anxiety then it would be CBT so it just
depends on how they’re presenting really,

if they’ve had treatment before, if
they’ve had CBT and were like ‘I
didn’t find it helpful’, same with
counselling

I think a lot of people assume that if they need
therapy its counselling, whereas people don’t
really know much about like CBT so if they
come with like a lot of anxiety and a lot of
trauma and they are like ‘yeah I need
counselling’, I’ll explain to them what
counselling is but also explain what CBT is."
"we did have all the NICE Guidelines which
is kind of one of the main things really."

TMD PWP 2

1 suppose sometimes there’s quite a clear
rationale for like or maybe they’ve got a lot
of unhelpful thoughts that they wanna work
on

yeah just personal preference on the approach
that they like, you know, if they, if they respond
well to tools and techniques then I might lean
towards CBT if they want more of a talking
about things

sort of the way that the problem presents

if they’ve already tried some kind of
therapy before which has been I guess
either positive or negative, that might
kind of point you

like if you could see like maybe like a BA
approach being useful if they’ve totally
disengaged doing things maybe then that
would lend it maybe a bit more rationale to
CBT

TMD PWP 3

As much as we can we try to get patient
preference

the things we typically look for is the
severity of the symptoms

so if it was PTSD, social, health, some
specific phobias then it would be a straight
step-up as per the manual

TMD PWP 4

the patient goals definitely, I think that’s a
huge indicator

also always take into account patient choice

I would always task them [counsellors] and
just say like “this is the presentation, what
are your thoughts”.

we should do anyway is take into
account what therapy that they’ve had
before, so Id say like, so we’ll always
ask like, ‘have you had counselling or
CBT before, has it worked for you, did
you find it helpful’

"but it’s about well what do they want to treat
and how does that fit in with the principles of
CBT or counselling". "a patient might be just
wanting to offload about their anxieties rather
than have like the techniques and strategies to
implement to manage that, so again that
patient’s looking for a counselling approach
but as per like guidelines as per like service
procedures, there’s no real evidence base to
suggest that counselling for depression is a
beneficial treatment for anxiety presentation."

TMD PWP 5

then mainly the big deciding factor is their
goals

Its mainly the questionnaire scores that we
do, so the PH29 and the GAD7, and then
what their presentation is

I have a question that I ask; what
previous therapy have you had, how
did you find that”,

TMD PWP 6

Step 3 and counselling, erm if that was the
decision, I think we’d base a lot more of it on
goals

it would depend on erm somebody’s history,
whether they’ve had therapy before, whether
it was successful, the severity of the

symptoms

it would depend on erm somebody’s
history, whether they’ve had therapy
before, whether it was successful
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Decision Factors

Patient goals

Patient preference

Symptoms/Presentation

Previous treatment

Perceived suitability for therapy

AAUPWP 1 I’d ask the presenting problem and |we would need to explore them a little |I’d usually go off my judgement from
talk through their goals at the end  |bit further to see whether they want a |what the patient’s symptoms are.

practical approach or if they did just
want to talk

AAUPWP 2 if its depression its always down to I will explore the clients main The only other thing is just to be they have quite specific criteria so we’d
the goal and what the clients wanting presenting problem mindful of the clients previous always check for that first in our service
to work on treatment

AAUPWP 3 I think in the initial assessment it but then I suppose it depends on I would say depending on the main whether they’ve had past treatment, |whereas our counselling they say is
comes into your like the goals, what |whether the person wants counselling |problem whether its anxiety based, whether it’s been effective or not.  |generally like depression so we look at
they’re wanting or CBT, so I suppose part of it is their |depression based like the MDS and if the MDS like PHQ is

preference. a lot higher or if the GAD’s a lot higher
we might suggest like CBT.

AAUPWP 4 then from that develop a goal and try looking at whether there’s key whether they’ve had therapy before |"there is these particular symptoms I find
and make that as specific as possible symptoms there that might be in the past would come into it as the screening questions that we have are
and looking at how we measure it well kind of exploring the quite good". ""sometimes so let’s say
after the treatment. effectiveness of that its OCD, then I would feel quite

comfortable in saying I would be
recommending CBT because it’s shown to
be most effective and the NICE
Guidelines indicates that it’s the most
effective for that."

AAUPWP 5 we may just speak about, you know, |we just ask them, you know what were |you know they’re going through a really|I think it depends upon previous it is more around how they fit the criteria
what would they be hoping for, what |they, what were they hoping for difficult time, is therapy right for this |treatment that they’ve had really and quite often it does end up being
would their goal be moment in time the CBT simply because the counselling is

quite tight and rigid in terms of their
criteria

AAUPWP 6 it is mainly kind of the goal and it is very much what the client wants |what they’ve said at erm the kind of

what they want to work on

presentation of it
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Decision Factors Patient goals Patient preference Symptoms

AAUPT1 they obviously explored the options  |all I remember was I did have an assessment
with me and told me, you know asked |and they asked me like certain questions, a
me what I would personally would  |brief background of what’s going on with
find that’s best for myself my life at the moment

AAUPT2 I’d requested it. we kind of sat for about like ten/twenty
minutes on the call just giving her a brief
explanation of how I’'m feeling and stuff

AAUPT 3 I mean counselling wasn’t what I sort |he asked questions around erm basically
of wanted to go down the route of how I feel, obviously it took my erm
anyway feelings into perspective

(Q)AAUPT 4 Previous experience has taught me this
maybe the better therapy for me at the
moment.

(QYAAUPT S

(Q)AAUPT 6

(Q) AAUPT 7
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Patient goals

Patient preference

Symptoms

TMD PT 1 I was asked which do I think I they also spoke about myself and what
would be best suited and I stated |was sort of going on and through what I
what I thought was best thought my issue and problems were

TMD PT 2 we sort of came to the decision that CBT |Isaid I’d like to try the CBT face- |she asked me questions which needed to

would, CBT would work for me because |to-face and erm the lady said to |be asked about erm various aspects of
my aim is to sort of sort out all the crazy |me “yes, I think you’re making |my life within the last couple of weeks,
business in my head when I, when I get the right decision the, that was  |you know about how I have been coping
very low what I was going to say. I feel with certain feelings and how often
from what you’ve said that would |certain feelings or situations come up
be the way to go”. that make me, you know scale of one to
ten does it make you feel that you’re
fine about it or a bit nervous, you know
going up to ten the worst and you don’t
wanna get out of bed sort of thing

TMD PT 3 I believe that I need to make, erm I did

express changes to how I live and deal
with problems and understand problems
by myself and that that would come better
from CBT than the counselling.

TMD PT 4 I was also asked as well what areas I

wanted to work on more

(Q) TMD PT 4
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