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Abstract

IMPORTANCE Many treatments exist for depression, yet none are universally effective.
Multivariable predictive models support personalized treatment selection.

OBJECTIVE To develop a model predicting response to internet-delivered cognitive behavioral
therapy (iCBT) and test its treatment specificity against antidepressant medications.

DESIGN, SETTING, AND PARTICIPANTS The Precision in Psychiatry prognostic study was a 4-week
study collecting extensive baseline self-report and cognitive data online to predict early iCBT
response, from February 2019 to May 2022. Patients in the iCBT group were recruited via an Irish
mental health charity and a UK NHS Talking Therapies clinic. A separate antidepressant group was
recruited globally online and via print advertisements. Participants were aged 18 to 70 years, fluent
in English, had computer access, started treatment within 2 days of enrollment, and scored at least
10 on the Work and Social Adjustment Scale. Analysis was completed in December 2024.
EXPOSURES Low-intensity, clinician-guided iCBT with multimedia psychoeducation. Patients
receiving antidepressants primarily received selective serotonin-reuptake inhibitors or serotonin-
norepinephrine reuptake inhibitors.

MAIN OUTCOMES AND MEASURES Machine learning models were trained using the iCBT sample
to predict change in depression severity (16-item Quick Inventory of Depressive Symptomatology-
Self Report) at week 4. The best model was tested on holdout iCBT and antidepressant data. A
separate model was trained on patients receiving iCBT only to assess treatment-specificity.
RESULTS Of 2674 patients screened, 883 completed baseline and final assessments, with 776
patients receiving iCBT (mean [SD] age, 31.8 [11.0] years; 600 [77.5%] female) and 107 patients
receiving antidepressant medication (mean [SD] age, 30.1[10.4] years; 78 [72.9%] female). Both
samples had some treatment overlap (24% and 34%, respectively). Elastic net regression with 27
predictors best explained the variance in depression change (R? = 14%; SD, 0.8%; 95% Cl,
13.8%-14.2%). Key predictors included baseline depression, treatment expectation, transdiagnostic
symptoms, and, less strongly, cognitive variables. The model performed well on holdout iCBT

(R? = 18.8%; root mean square error [RMSE], 0.88) and antidepressant (R? = 17.9%; RMSE, 1.10)
data. Retraining on 181 patients who received iCBT only increased treatment specificity in predictions
(R? = 19.3%; RMSE, 0.89) vs 71 patients who received antidepressants only (R? = 10.8%; RMSE, 1.17).
CONCLUSIONS AND RELEVANCE This prognostic study in a naturalistic setting found that self-
reported data predicted iCBT response better than cognitive data. Model predictions generalized to

(continued)

Key Points

Question Can a machine learning
model predict response to internet-
based cognitive behavioral therapy
(iCBT) but not antidepressant
medication?

Findings In this prognostic study of 883
patients receiving iCBT or
antidepressant medications, an elastic
net regression with 27 mostly self-
reported predictors explained 19% of
the variance in depression improvement
in unseen data. The model generalized
well to patients receiving
antidepressants when the sample
contained individuals also receiving
psychotherapy, but retraining the model
on patients receiving only iCBT
delivered a treatment-specific model.

Meaning These findings suggest that
clinical and cognitive data are predictive
of iCBT response in a naturalistic clinical
setting, with evidence of treatment
specificity.
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Abstract (continued)

patients receiving antidepressants, some of whom also received psychotherapy. Training models on
single-treatment cohorts may yield more treatment-specific predictions.

JAMA Network Open. 2025;8(11):€2541639. doi:10.1001/jamanetworkopen.2025.41639

Introduction

Depression is a leading cause of disability worldwide, affecting millions of individuals annually.’
Effective treatments, like psychotherapy (eg, cognitive behavioral therapy [CBT]) and antidepressant
medication, exist,? but approximately one-half of patients do not respond, and only one-third
achieve remission.> One way to improve this is by developing decision-assistive machine learning
models that can personalize treatment selection.®”

Studies of this sort have increased in popularity,® ' but most previous models have been
developed with small samples that risk overfitting, with predictions often not validated in
independent data. A recent review showed only 14 of 44 studies using machine learning to predict
psychotherapy response included more than 200 patients, with as few as 3 studies externally
validating their models.® As methods have improved, there are some early signs of success. For
example, a model using baseline demographic and clinical data achieved 60% accuracy in predicting
antidepressant response,” and similar performance has been observed in internet-delivered CBT
(iCBT)."? More recent work incorporating multimodal data, eg, genetics, survey meta-data, and more
diverse self-reports, has also shown enhanced prediction performance.’>**

Despite progress, a significant gap remains concerning the generalizability and treatment
specificity of these models and an overreliance on clinical trial data that may not translate to
naturalistic settings. Generalizability refers to a model's ability to perform well on unseen data from
various settings (eg, different countries). Recent work has questioned this property in schizophrenia
treatment prediction models." Treatment specificity indicates the extent to which a model's
prediction for one treatment is distinct from another. While some evidence showed that models can
be drug specific,” it is unknown whether models that predict psychotherapy response also apply to
antidepressants. This comparison is important, as practitioners frequently choose between
psychotherapy or pharmacotherapy for treating patients with depression in primary care.'®
Ultimately, both the model's generalizability and treatment specificity are crucial for assessing its
future clinical utility. This study aimed to develop a multivariable predictive model for iCBT that was
trained and tested on large-scale data. We evaluated the model's generalizability and treatment
specificity, while identifying its most predictive features.

Methods

Study Design and Participants
The Precision in Psychiatry (PIP) study is a prognostic, longitudinal study approved by Trinity College
Dublin School of Psychology Research Ethics Committee, the NHS Northwest-Greater Manchester
West Research Ethics Committee, Health Research Authority, and Health and Care Research Wales.
All participants provided informed consent online. This study is reported in accordance with the
Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) reporting guideline.

The PIP study aimed to use machine learning to identify baseline self-reported and cognitive

," we recruited

predictors of early iCBT response in depression. Using a fully internet-based protoco
patients initiating clinician-guided iCBT from a mental health charity in Dublin, Ireland, and an NHS
Talking Therapies clinic in Berkshire, UK, of whom 24% also reported using antidepressant

medications. We further recruited a second group of patients initiating antidepressants. Similarly,
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34% of these patients reported concurrently receiving psychotherapy. Eligible patients were aged 18
to 70 years, fluent in English, had computer access, started treatment withing 2 days of study
enrollment, and scored at least 10 on the Work and Social Adjustment Scale, a transdiagnostic
measure of mental health-related functional impairment. Participants were sent an individualized
schedule for completing the baseline assessment, 3 weekly check-ins, and the final assessment
(eFigure 1in Supplement 1).

Outcome Measure

Our primary outcome is the 16-item Quick Inventory of Depressive Symptomatology-Self Report
(QIDS-SR), a widely used measure of major depressive disorder symptoms based on Diagnostic and
Statistical Manual of Mental Disorders (Fourth Edition) (DSM-1V) criteria with high internal
consistency and strong concurrent validity.'® The QIDS-SR total score classifies severity into none
(0-5), mild (6-10), moderate (11-15), severe (16-20), and very severe (21-27). Early treatment response
was defined as the change in QIDS-SR from baseline to final assessment. We included baseline
QIDS-SR in our models which, in the context of regression, transforms change score models into

residualized change models with equivalent interpretation for effects of interest?®

while retaining
clinical interpretability of the outcome variable.

With the final assessment (approximately 1.5 hours) being much longer than weekly check-ins
(10 minutes), attrition was high from week 3 to 4 (74 participants in the iCBT group; 10 participants in
the antidepressant group). To maximize sample sizes for model training and validation, we imputed
missing final QIDS-SR scores in the training sample by regressing week 4 QIDS-SR on week 3 QIDS-SR
(b =0.88; SE, 0.03; P < .001; where a 1-point increase at week 3 predicted a 0.88-point increase at
week 4), before applying the resulting coefficient to impute missing week 4 QIDS-SR in the test
samples. This increased the final sample from 799 participants to 883 participants. Sensitivity
analyses using multiple imputation and complete-case analysis produced similar results consistent
with the main analyses (eAppendix 1and eAppendix 2 in Supplement 1).

Predictors of Interest

At baseline, participants completed self-report assessments and gamified cognitive tasks. Predictors
of interest encompassed 6 categories: sociodemographics, psychosocial, physical health and
lifestyle, clinical, treatment, and cognitive data. eAppendix 3 in Supplement 1 details the data
processing and transformation procedures we undertook for modeling. The predictive efficacy of
features varies based on the algorithm used and the level of information they offer. Therefore, we
used an exploratory strategy for feature selection in our training set, testing different combinations
of feature sets with varying granularity based on an item-level approach (357 predictors), where each
item serves as an individual predictor; a subscale score approach (100 predictors) using
psychometric subscale scores (total scores if unavailable) as predictors; a total score approach (78
predictors) using psychometric total scores as predictors; and a filter-based approach using the
random forest variable importance calculation method applied to all items to circumvent human bias
in feature selection. These approaches rely on the same input data but differ in how they are
aggregated, meaning that participant burden is identical across methods. Notably, the total and
subscale feature sets incorporated 9 symptom-specific QIDS-SR items, whereas the item-level and
filter-based feature sets incorporated all 16 items. A comprehensive list of study variables is available
elsewhere.”

Model Training and Cross-Validation

All data processing and analyses were carried out using R software version 4.2.2 (R Project for
Statistical Computing). Figure Tillustrates the modeling pipeline for the study. We first trained a
variety of linear and nonlinear machine learning models using 70% of the iCBT sample (543 patients)
as the training data. These included elastic net regression, random forest, extreme gradient boosting
machine (XGBoost) in linear and tree form to explore the optimal model fit with regards to diversity
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in model complexity, interpretability, and feature selection. To internally evaluate model
performance in predicting QIDS-SR change, we carried out a 10-fold nested repeated cross validation
(nrCV) for each model. nrCV is a resampling technique that separates hyperparameter optimization
and model selection (inner folds) from performance evaluation (outer folds) to minimize overfitting
and optimistic bias in performance estimation?' (eAppendix 4 in Supplement 1). We evaluated the
models based on their root mean square error (RMSE) and selected the model with the lowest RMSE.
The model was then subjected to a last round of 10-fold cross-validation performed on the entire
training dataset to determine the optimal hyperparameters used for fitting the final model for
prediction with external data.

We applied nrCV to each algorithm with each feature set separately. In the filter-based
approach, the random forest-based method ranks predictors by the mean decrease in prediction
accuracy when one is shuffled (while others remained unchanged), where larger decreases
indicate greater predictor importance. For each algorithm type, we estimated a benchmark model
comprising baseline depression severity, age, and sex as predictors. This allowed us to quantify the
improvement in prediction from additional predictors by comparing their performance to a minimal
set of variables. Altogether, we trained and compared 20 models based on nrCV performance
estimates. We used the coefficient of determination R?, which quantifies the proportion of variance
in QIDS-SR change explained by the model, to determine its expected predictive utility in
unseen data.

Model Testing and External Validation

Stability Analyses

To ensure robustness against random data partitioning, we repeated the nrCV analyses 100 times for
the final model. We calculated the means of feature importance metrics, such as coefficients from
each iteration, to identify the most consistently retained predictors for external validation.

External Validation

We tested the final mean model's performance on 2 holdout datasets. The first dataset included the
remaining 30% of the iCBT sample (233 patients). The 70:30 random split of the iCBT sample for
model training and testing was stratified to balance recruitment site (Ireland or UK), age, sex,
baseline, and final QIDS-SR. The second dataset comprised the antidepressant sample (107 patients),
which allowed us to assess the model's generalizability and treatment specificity. Both samples
differed in their geographic dispersion, recruitment method, and various demographic and clinical
characteristics.

Figure 1. Predictive Modeling Pipeline
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Treatment Specificity

Given the mixed nature of the samples, we further trained a model following the same analytical
procedures as our winning model using patients receiving iCBT only (no medication), and tested on
holdout data that were similarly parsed (181 patients receiving iCBT only; 71 patients receiving
antidepressants only).

Predictor Importance

To understand the factors driving the final model's predictions, we assessed variable importance
using Shapley additive explanation values.?? Shapley additive explanation values determine the
mean marginal contribution of each predictor to the model's performance across all possible
combinations of predictors in a model-agnostic approach.

Statistical Analysis

In the holdout samples, we conducted permutation tests to assess whether the final model
performed significantly different to the benchmark model including only age, sex, and baseline
severity. We created a null distribution of R? differences between the final and the benchmark model
by randomly switching each prediction entry from the 2 models with a probability of 0.5 before
comparing their predictive power. We repeated this 1000 times and derived a P value based on the
overlap of the true R? difference between the models and this null distribution. Data analyses were
completed in December 2024. Statistical significance was set at 2-sided a = .05.

Results

The study included 883 patients, with 776 receiving iCBT (mean [SD] age, 31.8 [11.0] years; 600
[77.5%] female) and 107 receiving antidepressants (mean [SD] age, 30.1[10.4] years; 78 [72.9%)]
female) (Table; eFigure 1, and eAppendix 5 in Supplement 1). Both samples were typically married,
employed, third-level-educated, based in Ireland or the UK, and self-rated as middle social class.
Most patients had 1or more mental health diagnoses, most commonly depression. While most
patients reported no family history of mental illness, they had typically experienced at least 2 lifetime
episodes, beginning in adolescence or adulthood, with the current episode lasting a median (range)
of 199 (0-19 490) days in the iCBT group and 200 (2-15 904) days in the antidepressants group. Most
patients had some history of mental health treatment. Participants reported a moderate level of
expectation that their treatment would work on a scale from 1to 10, with 10 indicating greater
expectation (mean [SD] score, 5.06 [2.05]in the iCBT group; 4.77 [1.95] in the antidepressant
group). Treatment overlap occurred in 185 patients (23.8%) of the iCBT group and 36 patients
(33.6%) of the antidepressant group.

nrCV Performance and Final Model Derivation

The performance of the 20 models assessed during nrCV analyses of the training dataset are shown
in Figure 2 and eTable 1in Supplement 1. The best-performing model was the elastic net regression
with the total score feature set, which had the lowest prediction error (RMSE, 0.92; mean absolute
error, 0.736) and the highest variance explained (R? = 14.6%). Stability analyses, repeating the nrCV
100 times, revealed that the elastic net regression with total score features predicted a mean R? of
14% (SD, 0.8%; 95% Cl, 13.8%-14.2%) in QIDS-SR change (mean RMSE, 0.93; SD, 0.004; 95% Cl,
0.926-0.927).

External Validation

Bringing forward the final model for external validation, we found the model explained more variance
in QIDS-SR change than in nrCV when applied to the iCBT holdout dataset (R? = 18.8%; RMSE, 0.88)
and the antidepressant dataset (R? = 17.9%; RMSE, 1.10). For comparison, we additionally tested the
elastic net regression benchmark model on holdout datasets (iCBT: R? = 11.1%; RMSE, 0.92;

[5 JAMA Network Open. 2025;8(11):e2541639. doi:10.1001/jamanetworkopen.2025.41639 November 6, 2025 5/13

Downloaded from jamanetwork.com by ETH Zuerich user on 11/12/2025


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2025.41639&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2025.41639
https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2025.41639&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2025.41639

JAMA Network Open | Psychiatry Machine Learning Model for Response to Internet-Delivered CBT vs Antidepressants

Table. Baseline Characteristics of Study Completers

Patients, No. (%)

Characteristic icBT? Antidepressant® t/x2 (df) P value
Sex
Female 600 (77.5) 78(72.9)
Male 168 (21.7) 27 (25.2) 2.03(2) .36
Other 6(0.8) 2(1.9)
Country
United Kingdom 648 (83.7) 42 (39.2)
Ireland 109 (14.1) 46 (43.0) 124.09(2)  <.001
Other 17 (2.2) 19(17.8)
Age, mean (SD), y 31.8(11.0) 30.1(10.4) 1.52(877) .13
Marital status
Single 303 (39.1) 47 (43.9)
In a relationship 226 (29.2) 31(29.0)
Married 196 (25.3) 23(21.5)
Divorced 28(3.6) 3(2.8) 160 () 90
Separated 19 (2.5) 3(2.8)
Widowed 2(0.3) 0
Education
<Third Level 181 (23.4) 15 (14.0)
Some/complete third level 412 (53.2) 63 (58.9) 4.81(2) .09
>Third Level 181 (23.4) 29 (27.1)
Employment
Employed 555 (71.7) 57 (53.3)
Unemployed 213 (27.5) 48 (44.8) 15.38 (2) <.001
Retired 6 (0.8) 2(1.9)
Subjective social status, mean (SD)“ 4.17 (1.68) 4.40 (1.98) -1.30(879) .19
Current diagnoses, No.
None 263 (34.0) 8(7.5)
1 276 (35.6) 45 (42.0) 34.11(2) <.001
>1 235(30.4) 54 (50.5)
Types of diagnoses?
None 263 (34.0) 8(7.5)
Depression 367 (47.4) 81 (75.5)
GAD 300 (38.8) 58 (54.2)
Panic disorder 32(4.1) 5(4.2) 9.84 (5) .08
PTSD 28(3.6) 14 (13.1)
0cD 36 (4.7) 4(3.7)
Others 55(7.1) 13 (12.1)
Family members with mental disorders, No.
None 320(41.3) 37 (34.6)
1 238(30.8) 33(30.8)
2 122 (15.8) 18 (16.8) 3443) 33
23 94 (12.1) 19(17.8)
Lifetime episodes, No.
<2 81(10.6) 8(7.6)
2-5 371 (48.7) 40 (37.7) 7.54(2) .02
>5 310 (40.7) 58 (54.7)
Age of onset
Childhood 132 (17.4) 27 (25.7)
Adolescence 315 (41.6) 51 (48.6) 10.04 (2) .007
Adulthood 311 (41.0) 27 (25.7)
Current episode duration, median (range), d® 199 (0-19490) 200 (2-15904) 0.19 (797) .85
(continued)
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Table. Baseline Characteristics of Study Completers (continued)

Patients, No. (%)

Characteristic iCBT? Antidepressant” t/x2 (df) P value
History of past treatment
Never 353 (45.6) 34 (31.8)
Psychotherapy and medication 170 (22.0) 34(31.8)
Medication only 123 (15.9) 15 (14.9) 101163 02
Psychotherapy only 128 (16.5) 24 (22.4)
Concurrent treatment" 185 (23.8) 36 (33.6) 14.95 (1) <.001
Treatment expectation, mean (SD)? 5.06 (2.05) 4.77 (1.93) 1.40 (879) .16

Abbreviations: GAD, generalized anxiety disorder; iCBT, internet-delivered cognitive behavioral therapy; OCD, obsessive

compulsive disorder; PTSD, posttraumatic stress disorder.

@ Excluded missing data for descriptive analyses (2 participants for sex, country, marital status, education, employment,
subjective social status, number of diagnoses, types of diagnoses, family with mental health disorders, treatment history,
and treatment expectations; 3 participants for age; 14 participants for number of lifetime episodes; 18 participants for
age of onset; and 76 participants for current episode duration).

b Excluded missing data for descriptive analyses (1 participant for age, 1 participant for number of lifetime episodes, 2
participants for age of onset, and 8 participants for current episode duration).

€ Range, 0 to 10; higher score indicates higher perceived social status.

9 The total number of diagnoses type exceeds the sample size of completers (ie, participants have the option to pick >1
diagnosis).

€ Median and range reported instead of mean and SD due to extremely skewed data.

f Concurrent treatment refers to brain health medication for participants receiving iCBT and psychotherapy for
participants receiving antidepressants reported at any time during the study. This definition deviated from that detailed
in our methodological protocol, which considered concurrent treatments reported poststudy initiation,'® as we
recovered missing data on this information reported at baseline since the publication of the protocol.

& Range, O to 9; higher score indicates higher expectations.

Figure 2. Model Performance From Nested Repeated Cross-Validation
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antidepressants: R? = 12.7%:; RMSE, 1.14) (Figure 3A). A permutation significance test showed that
the final mean model was superior to the benchmark model in the holdout iCBT data (change in
R? = 7.7%:; P = .004), but this was not the case for the antidepressant data (change in R? = 5.2%;

P = 10) (eFigure 2 in Supplement 1).

Treatment Specificity of Predictions

Due to the nature of our data, some patients were receiving concurrent treatments. To test whether
full treatment segmentation would improve model treatment specificity, we retrained our final
model using 410 patients receiving iCBT and no antidepressants. Although the model's performance
during nrCV (mean from 100 runs) decreased slightly (mean R? = 11.4%; mean RMSE, 0.91), it still

[5 JAMA Network Open. 2025;8(11):e2541639. doi:10.1001/jamanetworkopen.2025.41639 November 6, 2025 713

Downloaded from jamanetwork.com by ETH Zuerich user on 11/12/2025


https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2025.41639&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2025.41639

JAMA Network Open | Psychiatry Machine Learning Model for Response to Internet-Delivered CBT vs Antidepressants

generalized well to 181 participants in the iCBT holdout dataset who did not use antidepressants

(R? = 19.3%; RMSE, 0.89), but performed markedly worse on 71 patients using antidepressants but
not receiving psychotherapy (R? = 10.8%; RMSE, 1.17) (Figure 3B). Indeed, permutation tests showed
that the benchmark model was not significantly different from the retrained final model when tested
on the antidepressant sample who were not receiving psychotherapy (change in R? = -2.0%; P = .73)
where the benchmark performed nominally better. In contrast, in the iCBT holdout sample not using
antidepressants, the final model significantly outperformed the benchmark model (R? = 11.7%;
RMSE, 0.93; change in R? = 7.5%, P = .007) (eFigure 2 in Supplement 1). Altogether, this suggests
that a model trained on patients receiving iCBT and not using antidepressants showed specificity in
predicting iCBT response over antidepressant.

Predictor Importance

Among 78 predictors in the final mean model trained with our mixed iCBT sample, the same 27
variables were retained (ie, coefficients >0) in all 100 repeats of the nrCV (Figure 4A). Four additional
variables were retained 61 times, which were removed from final analyses (eTable 2 and eTable 3 in
Supplement 1). The top 2 predictors were 2 different baseline depression severity measures on the
QIDS-SR and the Zung Self-Rating Depression (SDS) scale, albeit in opposing directions (increased
QIDS-SR and decreased SDS were associated with greater reductions in QIDS-SR). Following this,
treatment expectation ranked highly, with higher ratings associated with greater improvement in
depression symptoms. Other predictors included mostly psychosocial and health factors (eg,
stressful life events, social support, exercise, diet), depression-specific symptoms (eg, low mood,
lack of interest), and transdiagnostic characteristics (eg, apathy, impulsivity). Several cognitive
variables were also retained (eg, metacognition efficiency, model-based and model-free indices)
along with 1demographic variable (ie, sex) but with lower importance compared to the rest. The
iCBT-only model had fewer (ie, 18) but similar predictors as the mixed-sample model (Figure 4B).

Discussion

In this prognostic study using baseline data from a large-scale naturalistic sample of patients
receiving iCBT, we developed a model with 27 predictors that explained 19% of variance in
depression improvement during external validation. The model outperformed a benchmark model
including age, sex, and baseline depression and generalized well to a distinct sample of patients
initiating antidepressants, despite notable differences in recruitment and patient characteristics.
Importantly, retraining the model on patients receiving iCBT only (ie, excluding those also receiving
antidepressants) resulted in predictions that failed to generalize to the sample receiving
antidepressant only (ie, no psychotherapy), demonstrating treatment specificity.

Figure 3. Final Mean Model Performance During External Validation
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Our final model performed comparably to, or better than, similar studies using baseline data to
predict response after full treatment courses or over longer follow-ups across a range of treatment-
seeking samples and, crucially, in more tightly controlled designs.">2324 This matters because
clinical settings are much noisier, yet they are where these models are intended to be deployed.
Other data types, such as genetics, could improve predictions' but are more costly and burdensome
for participants than the digital data emphasized in this study.”

In our final model, baseline depression severity was the strongest predictor, consistent with
numerous machine learning prediction studies,2>26 and studies investigating iCBT.2”2°
Treatment expectation was the next most influential predictor following baseline depression
severity, consistent with studies showing its significant contribution to therapeutic gains across
psychotherapy.3°3' Similar findings have been reported for invasive chronic pain treatments>2 and
noninvasive brain stimulation, where a study showed participants’ treatment beliefs had a greater
effect than the treatment itself.>> Cognitive features made a modest contribution to the model's
prediction, ranking below most self-report variables.®”> This is notable, as cognitive tasks required
considerably more time than questionnaires and were generally less well-tolerated by participants,
suggesting their limited predictive value may not outweigh the added participant burden. Indeed,
the study end point including these tasks lasted approximately 1.5 hours and coincided with a
significant rise in dropout.

Figure 4. Ranked Mean Shapley Additive Explanation (SHAP) Values of Retained Predictors in the Final Mean Model
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Limitations

This study has some limitations. Models that can predict whether a patient responds to
psychotherapy or pharmacotherapy are clinically valuable for treatment selection, but an important
next step is to develop models capable of predicting differential response to 2 or more available
treatments.”® When we trained a model on patients receiving iCBT only, we found some evidence
for this treatment specificity: the final model no longer outperformed the benchmark model in
participants receiving antidepressants. While indicative, these results should be interpreted with
caution, as the observed difference in significance is not equivalent to a significant model x group
interaction. We did not separately train an antidepressant-only model to assess its treatment
specificity in predicting iCBT response due to limited sample size (ie, =500 patients, as suggested by
simulations),* which constitutes another important target for future work. Moreover, the
observational design of the study means that treatment assignment was nonrandom, underpinned
by routine clinical decisions.”"” Although this limits our ability to infer causation, it is also a strength of
our study, showing commensurate model performance with that of randomized trials.

Our outcome measure relied solely on subjective patient ratings. While this is a pragmatic
approach for clinical translation and implementation in iCBT, a clinically assigned outcome measure
may improve model performance. Moreover, binary remission may be a more preferrable outcome
than continuous scores for yes or no clinical decisions, but for the 4-week timescale used here,
remission rates were too low. Although our study gathered an extensive range of predictors, it lacked
some key variables (eg, race and ethnicity) and other variable modalities (eg, genetics). Future work
might further differentiate treatments by including features conceptually linked to iCBT (eg, digital
fluency). In addition, future studies should explore smartphone-based and passive-sensing data (eg,
app usage, geographic location), which are increasingly accessible in digitized research and
intervention.>”

Conclusions

The PIP prognostic study used a fully-remote, scalable digital method in a naturalistic clinical setting.
We found self-reported and cognitive characteristics predictive of early response in iCBT, with some
suggestion of treatment specificity. The digital nature of this study lends itself to rapid clinical
translation in the growing field of online psychotherapy.
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