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Abstract

Machine Learning (ML) is a promising approach for predicting outcomes of youth anxiety treatments. To this end,
data from nine randomized controlled trials of youth anxiety treatments were concatenated into a dataset (N=1362;
M, =10.59, SD,,,=2.47; 48.9% female; 71.9% White, 5.9% Black, Other, 5.9%; 10.8% Hispanic) and ML algorithms
were used to predict outcomes. Models were then applied on an external validation sample in a research clinic (N=50;
Mage:12.04, SDage:3.22; 56% female; 76% Caucasian, 10% Black, 6% Asian, 2% Other; 6% Hispanic). To examine
predictive features by treatment type, Lasso Regression models were built separately for youth who completed indi-
vidual cognitive behavioral therapy (CBT), family CBT (FCBT), sertraline alone (SRT), and combination of SRT and
CBT (COMB). Automatic relevance determination (ARD) emerged as the best performing model in the concatenated
(RMSE=1.84, R°=0.28) and external validation datasets (RMSE=1.87, R°=0.11). Predictive features of poorer outcomes
were primarily indicators of symptom severity and trial effects, although predictors varied within treatments (e.g., care-
giver psychopathology was predictive for FCBT; depressive symptoms were predictive for COMB). Implications for use
of ML to predict outcomes are discussed.
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Anxiety disorders are one of the most common forms of
child and adolescent (referred to hereafter as youth) psy-
chopathology, with global prevalence rates rising to 20.5%
following the COVID-19 pandemic [1]. These disorders are
associated with significant disruptions to youth social, aca-
demic and family functioning [2—4]. Left untreated, youth
anxiety disorders typically follow a chronic course [2] and
confer additional risk for development of multiple long-
term negative sequelae, including substance use [5], suicide
attempts/ideation [6], and comorbid disorders [7].
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Efficacious intervention for youth with anxiety disor-
ders is consequently critical. Cognitive behavioral therapy
(CBT), selective serotonin reuptake inhibitors (SSRIs)
and their combination have been identified as efficacious
treatments for youth anxiety disorders in a synthesis of the
Cochrane Database of Systematic Reviews [8]. An evi-
dence base update of 111 treatment outcome studies simi-
larly found that CBT and CBT with medication, as well as
exposure, CBT including parents, modeling, and education,
met criteria for “well-established” treatments [9]. Addi-
tional “probably or possibly efficacious” treatments were
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identified, including group therapy and family psychoedu-
cation. Although efficacy for CBT, SSRIs, and their com-
bination has been documented in aggregate, there remains
heterogeneity in outcomes (i.e., /°>60%; [10]). On aver-
age, approximately 40% of anxious youth are classified as
“non-responders” across large randomized controlled trials
(RCTs,e.g., [11]). Researchers have sought to identify base-
line variables that clarify a more personalized approach to
care [12—-14].

The identification of variables that predict outcomes
is important for several reasons. First, indicators of non-
response might provide insights into needed adaptations
to current protocols. Second, given the difficulty associ-
ated with accessing care [15, 16] and low retention rates
following treatment initiation [17], better classification at
baseline of who responds to which treatments might help
to efficiently leverage both limited resources and a small
window for change, while buttressing against clinical deci-
sion-making biases [18]. For those families who do access
and complete a full course of evidence-based treatment,
gold-standard protocols are often lengthy (e.g., 16 sessions)
and can be associated with financial cost if sessions are not
reimbursed by insurance. These are considerable burdens
for families to bear, especially for those who do not experi-
ence meaningful improvement in youth symptoms. Beyond
logistical and financial concerns, adverse events have been
associated with SSRI use [10, 19, 20] and anxious youth
who are less responsive to CBT show an increased risk for
substance use [21], suicide and decreased quality of life
[22] in adulthood compared to responders. Youth may also
experience a decrease in self-efficacy as a result of treatment
non-response, and consequently, show a decreased willing-
ness to engage in future, potentially more beneficial treat-
ments [22]. Thus, treatment non-response is not without its
negative consequences at an individual, family and systems
level, and ideally could be accurately predicted before treat-
ment initiation.

According to three reviews of youth anxiety treatment
studies, indicators of differential treatment response have
been difficult to identify. In the first review of CBT predic-
tors [23] no baseline youth demographic (i.e., sex assigned
at birth, age, ethnicity, intellectual functioning) or clini-
cal factors (i.e., primary anxiety diagnosis, anxiety sever-
ity, symptom duration, general comorbidity, co-occurring
externalizing or other internalizing disorders) consistently
predicted differential outcome across a majority of stud-
ies [23]. The second review replicated this pattern of null
findings,socioeconomic status and parent psychopathology
were also not consistent predictors of posttreatment response
across a majority of trials [24]. Findings from both reviews
were in contrast with results from a third review of both
psychotherapy and medication treatments for youth anxiety
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and obsessive—compulsive disorders [25]. Results from this
study suggested that baseline symptom severity and family
dysfunction were potential predictors of poorer outcome,
which was consistent with a later review of outcomes for
anxiety and depressive disorders that found parental psy-
chopathology predicted worse CBT outcomes for anxious
youth [26]. However, no predictor variables emerged con-
sistently across the three reviews, and null findings were the
norm. A similar pattern has been reported in the moderator
literature. Primary diagnosis has sometimes been found to
moderate outcomes, with some indication that youth with
social anxiety disorder (SoP) may respond better to treat-
ments involving medication and that social anxiety may
moderate response to group versus individual CBT [23, 25,
27]. However, most reviews have found that demographic
variables (i.e., age, sex assigned at birth, race, ethnicity,
socioeconomic status), pretreatment youth characteristics
(i.e., global anxiety severity, primary diagnosis, comorbid-
ity) and pretreatment parent variables (i.c., global psycho-
pathology, anxiety) do not consistently moderate response
(Norris et al., 2021).

Machine Learning (ML) is an analytic tool that may
address the gaps in traditional approaches to prediction
[28-30]. ML is broadly defined as a branch of artificial
intelligence that is able to model the system and predict
outcomes from data without explicit programming [31].
ML’s focus on predictive fit rather than explanatory infer-
ence represents a more flexible analytic technique to predict
treatment outcomes in comparison to traditional approaches
with explicit assumptions about the underlying relationship
between variables. In addition, certain ML algorithms can
better facilitate the identification of complex patterns of
variables and their interpretation at the individual patient
level, and thus may represent an optimal analytic strategy
for use in the recent push towards person-centered treatment
approaches [32]. These models can then be complemented
by traditional analyses examining variables that emerge as
important parameters in ML models, thus helping to inform
development of theoretical models of treatment response.

Recent years have seen an increase in implementation of
ML in treatment research [33, 34], although such studies
have rarely been conducted using youth samples [33] and to
our knowledge only two have applied ML to the identifica-
tion of predictors CBT for youth anxiety [35, 36]. As ML
studies have proliferated, concerns have been raised about
study quality and limitations of ML more broadly [37]. First,
although required sample sizes for ML analyses depend on
both learning algorithm complexity and the unknown under-
lying function that relates model input to output, small sam-
ple sizes remain the norm across studies,one review found
that only fourteen studies of ML in psychotherapy studies
included samples>200 (Aafjes-van Doom et al., 2020.
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Second, model performance is rarely examined in additional
samples, despite widespread recognition of the importance
of external validation in model development [38—40]. Third,
concerns have been raised about whether ML truly outper-
forms traditional approaches, although several studies have
shown that ML outperformed standard regression (e.g.,
[41-43]). These and other weaknesses in ML studies have
been organized into a “TREE concerns” framework (Trans-
parency, Reproducibility, Ethics and Effectiveness), which
has been used to frame updated reporting guidelines for ML
studies [44]. Thus, although ML remains a promising tech-
nique, the application of ML to predict treatment outcomes
is still in its infancy.

The present exploratory study built ML models to pre-
dict outcome using a concatenated dataset of nine RCTs of
youth anxiety treatments (N=1362; Phase 1). Treatment
conditions across studies included various CBT modali-
ties [individual (CBT), family (FCBT) and group (GCBT)],
along with medication conditions [sertraline (SRT) and
combination of SRT and CBT (COMB)] and inclusion of
additional individual parent components to CBT protocols
[cognitive parent training (CPT) and CBT involving parents
(CBT/P)]. Features utilized from the concatenated dataset
included: (1) demographics (age, race, ethnicity, caregiver
education), (2) ADIS composite CSRs for all assessed youth
diagnoses (N=24), (3) all available CBCL subscale T-scores
(N=24) and (4) ADIS-IV-L composite severity scores for
caregiver diagnoses (N=16 per parent) available within a
subset of the data. To facilitate a preliminary examination
of prediction differences within treatment conditions, mod-
els were trained, validated, and tested separately for each
active treatment condition available in a subset>10% of the
dataset using an algorithm that allowed for examination of
predictive features (i.e., independent variables). In Phase 2,
the models were examined in a separate sample of youth
(N=50) who completed CBT in the Child and Adolescent
Anxiety Disorders Clinic (CAADC) to assess model exter-
nal validity outside of a clinical trial context.

Methods
Participants

Participants were 1362 youth with a primary anxiety dis-
order ages 6—17 years (M=10.59 years, SD=2.47; 48.9%
female; 71.9% White, 10.8% Hispanic; 5.9% Black, Other,
5.9%;) and their caregivers who enrolled in one of the nine
RCTs included in the concatenated dataset. Primary anxi-
ety disorder was defined as meeting diagnostic criteria for
an anxiety disorder per a semi-structured diagnostic inter-
view. Although presence of co-occurring conditions was

broadly not a rule out in included trials (Table 1; see Table 5
for severity scores on a range of co-occurring conditions),
anxiety had to be the primary presenting concern to be cat-
egorized as a primary anxiety disorder. Participants in the
external validation dataset were 50 youth with a primary
anxiety disorder ages 7-17 (M=12.04, SD=3.22; 56%
female; 76% Caucasian, 10% Black, 6% Asian, 2% Other;
6% Hispanic; note: labels were drawn directly from the clin-
ic’s demographics questionnaire) and their caregivers who
completed in-person CBT treatment at the CAADC. More
than half of caregivers in both datasets had completed some
college training or more.

Procedure
Phase 1

Inclusion/exclusion criteria for studies included in the con-
catenated dataset (Table 1) was selected to mirror the cri-
teria used in the most recent Cochrane review of CBT for
youth anxiety (see [45]), with the following exceptions: (a)
“types of studies” criteria were updated to specify that direct
contact with the child must involve in-person (not internet-
based) intervention, to exclude prevention/early interven-
tion or school administrator-administered interventions,
and to exclude preliminary/pilot investigations, (b) “par-
ticipant characteristics” criteria were updated to restrict the
age range between 6—18, (c) “diagnosis” and “comorbidity”
criteria were updated to specify that participants must meet
criteria for a primary anxiety disorder via semi-structured
diagnostic assessment, not just an anxiety disorder broadly
[e.g., youth presenting with autism spectrum disorders
(ASD) would not be considered to present with a primary
anxiety disorder], (d) “experimental intervention” criteria
were updated to allow for concurrent medications for the
treatment of anxiety administered naturalistically and (e)
PIs agreed to provide raw data and data was provided within
the timeframe for the proposed study.

Datasets from nine RCTs [46, 47], Kendall, 1997; [11,
48-52] that met study inclusion criteria were collected from
study principal investigators (PIs) and the PI of an integra-
tive data analysis of youth anxiety treatment trials [53].
Measures available across trials and in line with categories
of variables examined in previous predictor studies [23-25]
were concatenated into a single dataset. Brief details of the
methodology for each RCT available for use in the concat-
enated dataset are presented in Table 2. Of note, medication
use was not a consistent exclusion criterion for CBT condi-
tions across trials, although it was often required that clients
were on a “stable dose” of medication prior to enrollment
and that clients maintained that dosing throughout treat-
ment. All trials received Institutional Review Board (IRB)
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Table 1 Study inclusion/exclusion criteria

Types of studies
RCT (including cross-over trials and cluster-randomized trials)
Manual-based and documented modular CBT
CBT at least 9 sessions
Involves direct in-person* contact with the child
Types of participants

Participant
characteristics
Youth ages 5-18%*
Diagnosis
Diagnostic criteria for primary anxiety disorder
Sample does not include PTSD, SPs, SM, and OCD
Comorbidity
Sample does not include ASD or intellectual impairment*
Settings
All settings included
Intervention

Manual-based CBT, or modular CBT, alone or in combination with medication

A documented, written protocol stating the specific treatment at each stage of at least nine sessions provided by trained
therapists under regular supervision

CBT had to be administered according to standard principles as a psychological model of treatment involving helping
the child to (1) recognize anxious feelings and somatic reactions to anxiety, (2) clarify cognitions in anxiety-provoking
situations, (3) develop coping skills that involve modification of these anxiety-provoking cognitions and (4) respond to
behavioral training strategies with exposure in vivo or by imagination, usually in a gradual, hierarchical manner, and
relaxation training
CBT can be delivered individually, in a group format or with family or parental involvement. The latter spans a range of
direct involvement such as (rarely) the whole family and (more usually) the parents for some conjoint or separate sessions.
Family/parental CBT may include providing psycho-education for parents or even teaching parents to be co-therapists
Comparator interventions
Waiting list and no treatment for anxiety during that period
Psychological treatment that did not include CBT elements, or attention only (e.g. support but with no elements of CBT)
Treatment-As-Usual (TAU)
Pill Placebo
Types of outcome measures
Primary outcome: assessed using structured interviews

Secondary outcome: reduction in anxiety symptoms assessed with RCMAS, FSSC-R, SPAI-C, CBCL, SAS-A, STAI-C,
SCARED, or SCAS

* Indicates updates to Cochrane review criteria

Table 2 Study procedures for Study Design Ages  Sessions N

concatenated trials [46] CBT(n=64), FCBT(n=64), WL(n=19) 818 13 147
[47] CBT(n=27), WL(n=20) 913 16 47
Kendall, 1997  CBT(n=60), WL(n=34) 913 16 94
[48] CBT(n=55), FCBT (n=>56), FESA (n=50) 7-14 16 161
[49] CBT(1=29), CBT+CPT(1=30), WL(1=20) 7-18 12 79
[50] CBT(n=60), CBT/P(n=>59), 7-16  12-14 119
[51] CBT(n=55), GCBT(n=55), WL(n=>55) 713 14 165
[1] CBT(n=139), SRT(n=133), COMB(n=140), PBO(n=76) 7-17 12 488
[52] CBT(n=20), FCBT(1=20) 6-13  12-16 40

CBT=individual cognitive behavioral therapy; FCBT=family cognitive behavioral therapy; WL=wait-
list; FESA =family-based education/support/attention (active control); CPT=cognitive parent training;
CBT/P=cognitive behavioral therapy involving parents; GCBT=group cognitive behavioral therapy;
SRT=sertraline; COMB=CBT with SRT; PBO=pill placebo
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approval across institutions, which included discussions of
data sharing.

For a data quality check, an individual case for each trial
was selected using a random number generator. An under-
graduate volunteer checked this case against every available
original trial dataset.

Phase 2

Models developed in Phase 1 were used to predict outcome
in the CAADC. Archival CAADC data was used in Phase
2 so that the move to telehealth due to the COVID-19 pan-
demic did not confound study results. Participants who com-
pleted treatment most recently were included in the sample.

Youth and their caregivers were eligible to receive treat-
ment at the CAADC if they (a) were between the ages of
7-17, (b) met criteria for a primary diagnosis of a DSM-5
anxiety disorder per the Anxiety Disorder Interview Sched-
ule for DSM-5— Child and Parent Versions [54], and (c)
were English-speaking and able to provide informed con-
sent/assent. Eligibility followed multiple gating: caregivers
completed a preliminary phone screen with trained study
staff to determine whether youth symptoms indicated poten-
tial presence of a primary anxiety disorder and then, when
caregivers endorsed elevated youth anxiety symptoms, an
in-person pretreatment assessment was completed. This
pretreatment assessment included (a) collection of assent/
consent, (b) a semi-structured diagnostic assessment admin-
istered by reliable diagnosticians separately to caregiver
and youth, and (3) completion of a battery of self-report
measures (including all measures used as features in ML
models). Eligible families complete sixteen sessions of CBT
[Coping Cat [55] for children and CAT Project [56] for ado-
lescents] with trained graduate student clinicians and a post-
assessment (including ADIS-C/P).

Table 3 Race/ethnicity categorization across trials

Trial Race Ethnicity

[46] - -

[47] Caucasian, Black, Asian, Hispanic, Other -

Kendall, Caucasian, Black, Asian, Hispanic, Other -

1997

[48] Caucasian, Black, Asian, Hispanic, Other -

[49] - -

[50] White, Hispanic, Black, Other -

[51] - -

[11] Black, Asian, White, Native Hawaiian/Other =~ Non-His-

Pacific Islander, American Indian, Other panic,

Hispanic

[52] Primary parent race assessed as African -
American, Asian/Pacific Islander, Caucasian,
Latino, Native American, Other

Measures
Demographics

Youth age, sex assigned at birth, race and ethnicity and care-
giver education were included as features in models. Youth
age was reported in years; when more detailed child age
information was available (e.g., age in months), age was
rounded down to the nearest year. Youth race and ethnicity
were categorized differently across trials (see Table 3) and
thus had to be recoded. Datasets collected in other coun-
tries had different conventions for race/ethnicity assessment
(e.g., reported country of origin, caregiver countries of ori-
gin) or did not include race/ethnicity breakdowns. Given
these constraints within the concatenated dataset, race was
coded sub-optimally into the following categories: White,
Black, and Other. A separate category was created to indi-
cate ethnicity based on both data provided by each team and
a review of primary outcome papers. If individuals indi-
cated “Hispanic” when asked to self-identify their race, this
individual was identified as Hispanic within the ethnicity
category and race was listed as missing. Missingness within
the race category was not imputed, but was designated as a
special class of unknown. Based on country of origin rather
than imputation, ethnicity was listed as non-Hispanic for
trials collected outside of the United States. When avail-
able, caregiver education was categorized as “less than high
school,” “high school graduate,” “some college” and “grad-
uate training.”

Anxiety Disorders Interview Schedule for Children and
Parents (ADIS-C/P)

The ADIS-C/P is a semi-structured diagnostic interview
used as the gold-standard measure to determine whether
youth meet diagnostic criteria for a range of diagnoses
[anxiety, obsessive—compulsive disorder (OCD), depres-
sion, attention-deficit/hyperactivity disorder (ADHD),
etc.]. Across studies, reliable independent evaluators (IEs)
administered the ADIS-C/P separately to both caregiver and
youth at baseline and post-treatment and assigned a clini-
cian severity rating (CSR) on a scale of 0 to 8 for each diag-
nosis. The higher of the two CSRs from caregiver and youth
interviews were selected to create a composite CSR; com-
posites were either already available within RCT datasets or
were calculated in Python. A CSR of four or higher indicates
that the child meets DSM-IV criteria for the diagnosis, with
higher CSRs indicating a more severe impact on child func-
tioning. Subtypes of various diagnoses (e.g., ADHD inat-
tention/hyperactive/combined) were not available across
trials; when subtypes were available, the maximum value
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was selected [e.g., if youth met criteria for multiple specific
phobias (SPs)].

Three versions of the ADIS were used in this study. Two
early trials [47, 57] used the Anxiety Disorders Interview
for Children (ADIS/-C/P [58],) that provided diagnoses
using DSM-III-R criteria. The ADIS-C/P has demonstrated
inter-rater reliability [59], retest reliability [59—61] and
sensitivity to treatment effects in samples of anxious youth
(e.g., [47, 57]). The remainder of the trials included in the
concatenated dataset used the ADIS-IV-C/P (Silverman,
1996) to generate DSM-IV diagnoses. The ADIS-IV-C/P
has demonstrated convergent and discriminant validity
[62], retest and inter-rater reliability [63] and sensitivity
to treatment effects for youth anxiety disorders (e.g., [64]).
Because past categorizations of overanxious disorder and
avoidant disorder were eliminated in updates to the DSM,
as they were viewed better classified as generalized anxi-
ety disorder (GAD) and SoP, respectively, we employed
this categorization scheme. In Phase 2, the ADIS-5-C/P was
used at pre- and post-treatment, which had few and only
minor changes in the anxiety disorders categorizations and
therefore were compared directly. Inter-rater reliability was
high (youth-reported GAD ICC=0.82, caregiver-reported
GAD ICC=0.89; youth-reported SoP /I[CC=0.91, caregiver-
reported SoP /CC=0.93; youth-reported SAD ICC=0.94,
caregiver-reported SAD /CC=0.93).

Child Behavior Checklist

Child Behavior Checklist (CBCL; [65]) is a 118-item
caregiver report measure that asks caregivers to report on
youth behavioral and emotional problems within the past
two months along a scale of 0 (not true) to 2 (very/often
true). Items are used to generate the following scale scores:
Competence (Activities, Social, School, Total), Syndrome
(Anxious/Depressed, Withdrawn/Depressed, Somatic Com-
plaints, Social Problems, Thought Problems, Attention
Problems, Rule-Breaking Behavior, Aggressive Behav-
ior), Internalizing Problems, Externalizing Problems, Total
Problems and DSM-Oriented Scales (Depressive Problems,
Anxiety Problems, Somatic Problems, Attention Deficit,
Oppositional Defiant Problems, Conduct Problems) and
2007 Scale Scores (Sluggish Cognitive Tempo, Obsessive—
Compulsive Problems, Stress Problems). T-scores>65 on
any subscale indicate potential targets for intervention. The
CBCL has demonstrated reliability, stability and validity
[66].
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Anxiety Disorders Interview Schedule for DSM-1V, Lifetime
Version

The ADIS-IV-L [67] is a semi-structured assessment of
lifetime diagnoses for the caregiver available in a subset
of the concatenated dataset. Consistent with the ADIS, IEs
rated the severity of caregiver diagnoses along a scale of 0
to 8, with a score>4 indicating a diagnosable disorder per
ADIS-IV diagnostic criteria. Lifetime diagnoses assessed in
a subset of trials included social anxiety disorder, SPs, panic
disorder, agoraphobia, panic disorder with agoraphobia,
generalized anxiety disorder (GAD), obsessive—compulsive
disorder, post-traumatic stress disorder, dysthymia, major
depressive disorder, attention deficit hyperactivity disorder,
substance abuse and other. When possible, the ADIS-IV-L
was administered separately to both caregivers. The ADIS-
IV-L has demonstrated favorable reliability estimates [68].

Data Analytic Plan
Missingness

Although measures were selected to maximize overlap
across studies, unless domain knowledge suggested other-
wise (i.e., inclusion of ADIS-IV-L available within a subset
of the data), missingness was identified in the concatenated
dataset in both explanatory and predicted variables (ranging
between 0% to 77-79% per variable; 40% in the dataset).
The level of missingness could impact model precision and
lead to biased outcomes (e.g., [69]). To address missing-
ness, we separately fit models to explanatory variables (fea-
tures) and predicted variables in Python Version 3.8 using
a variety of imputation methods, from simple single impu-
tation techniques to multiple imputation methods utilizing
diverse imputation techniques as iterative steps. To test
each imputer, 10% of non-missing values were randomly
selected and masked. Each imputation algorithm was then
trained and tested within this dataset. Root Mean Square
Error (RMSE) values were calculated to determine the
distance between imputed and actual values. This process
was iterated ten times and average RMSEs were calculated
across each iteration, with lower RMSE values were consid-
ered indicative of a better approach to imputation (i.e., less
distance between imputed and actual values). For a com-
parison of the various imputation metrics, which indicated
that newer techniques significantly outperformed the sim-
pler methods, and a review of the difference in performance
between simple and repeated imputations see [70]. Predic-
tion was best using soft impute, and so this approach was
used in the current project.
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Data Cleaning/Feature Engineering

Features utilized from the concatenated dataset included
the following measures described above: (1) demographics
(age, race, ethnicity, caregiver education), (2) ADIS com-
posite CSRs for all assessed youth diagnoses, (3) all avail-
able CBCL subscale T-scores and (4) ADIS-IV-L composite
severity scores for caregiver diagnoses available within
a subset of the data. Measures were selected to be in line
with categories of variables that have been examined as
indicators of treatment response in previous studies (Norris
et al., 2020). All features were normalized. Patients from
the concatenated dataset of RCTs (not the external valida-
tion clinical dataset) were randomly shuffled and split into
training, validation, and test sets using a split of 80:10:10
training-validation-testing. Although 70:20:10 is a common
approach in other studies minimize bias [71], 80:10:10 was
used to make the training dataset larger due to high missing-
ness and small datasets with many features. Two indicators
of missingness were included in the current dataset (one to
indicate a measure was not collected in the trial, and another
to indicate unexpected missingness). Both values were
replaced with un-known values for the purpose of impu-
tation and prediction analyses. Study site and treatment
type were replaced with nine and eight, respectively, yes/
no binary features. Families who withdrew from treatment
were removed into a separate dataset. Non-active treatment
conditions (waitlist and pill placebo) were concatenated into
a single feature.

Defining Outcome

Within supervised learning in machine learning (a prob-
lem in which the outcome is labeled), predicted outcomes
can be categorical (a classification problem) or continuous
(a regression problem). Definitions of treatment response
varied across studies, and the only posttreatment outcome
measure available across all trials in the concatenated data-
set was composite posttreatment ADIS CSRs. Posttreat-
ment assessments from waitlist controls were used so that
this group had not received any treatment. Outcomes were
assessed as continuous CSRs across all anxiety disorders.
Continuous outcomes were selected, rather than a discrete
diagnostic remission variable, to ensure grained prediction.
Results are presented for the main youth anxiety disorders:
separation anxiety disorder (SAD), GAD and SoP. Within
the concatenated dataset, at post-treatment 15% met criteria
(composite CSR>4) for a diagnosis of SAD, 18% for GAD,
and 30% for SoP. Within the external validation dataset, at
post-treatment 12% met criteria for SAD at post-treatment,
40% for GAD, and 46% for SoP.

Learning Algorithm Selection

A series of models were trained to predict outcome via a
set of supervised learning algorithms. When selecting algo-
rithms, emphasis was placed on (1) interpretability and
identification of important features (i.e., understanding why
certain predictions were made) and (2) creation of a good
model when the number of features is similar to the number
of participants. It was challenging to select the optimal lin-
ear methods due to feature complexity and multicollinearity,
high levels of missing data, and the relatively small size of
the combined dataset, so given both the exploratory nature
of the current study, we opted to examine multiple linear
methods. With these considerations, the following algo-
rithms were selected: (1) Bayesian Ridge Regression, (2)
Linear Regression, (3) Ridge Regression (L2), (4) Elastic
Net, (5) Lasso Regression (L1), (6) Orthogonal Matching
Pattern (OMP), (7) Automatic Relevance Determination
(ARD) and (8) K-Nearest Neighbors (KNN). Ensemble
methods combine prediction of multiple models to calculate
the final prediction. The following such approaches were
also implemented: (9) Decision Trees, (10) Extra Trees, (11)
Gradient Boosting, (12) Random Forest, and (13) AdaBoost
with Elastic Net. See Table 4 for a brief explanation of each
approach.

Training, Validation and Testing

The dataset was a collection of labeled examples, with fea-
tures like age, sex, and anxiety symptoms as features (input)
labeled by responder status (output). Broadly, ML works by
finding the function that maps input to output in data that is
already labeled. The function is created using algorithms,
which learn a function from the available input and output
using training and validation parts of the dataset. That func-
tion is then used to predict the same label for a new sample
that does not have the corresponding label and compared to
the true output available in the data (testing).

Within this dataset, labeled examples (i.e., datapoints
with available outcome data) were randomly shuffled and
divided randomly into three sets: (1) training (80% of the
sample), (2) validation (10%) and (3) testing (10%). Of
note, validation here refers to the second step of ML analy-
ses, whereas the external validation set was collected sepa-
rately to determine model generalizability. Explanatory and
predicted variables imputed in the training data were used to
build the model. RMSE and R? were calculated separately
within the two holdout sets (validation and testing) only on
true, non-imputed predicted variables to avoid underesti-
mation due to imputation. RMSE and R? were then aver-
aged across validation and testing; this average was used
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Table 4 Brief definitions of algo- Algorithm

Brief definition

rithms used Bayesian Ridge Regression

Linear Regression

Ridge Regression

Elastic Net

Lasso Regression (L1)
Orthogonal Matching Pursuit
(OMP)

Automatic Relevance Determi-
nation (ARD)

K-Nearest Neighbors (KNN)
Decision Trees

Extra Trees

Gradient Boosting

Random Forest

AdaBoost Regressor

Regression model incorporating Bayesian principles for parameter
estimation

Predicting outcomes based on a linear relationship with input variables
Linear regression with L2 regularization to prevent overfitting
Combines L1 and L2 regularization for variable selection and shrinkage
Linear regression with L1 regularization for variable selection

Greedy algorithm for sparse representation

Bayesian framework for identifying relevant features

Classification based on proximity to training examples

Tree-like model for decision-making based on feature splits
Ensemble method using randomized trees for increased diversity
Sequential ensemble method that optimizes weak learners
Ensemble of decision trees for improved accuracy and robustness

Boosting technique that adjusts weights based on errors from prior
models

as a metric of model performance (i.e., distance between
predicted and actual explanatory variables).

Prediction by Treatment

Following the same procedures outlined earlier, ML mod-
els were built separately for each active treatment condition
available in a subset>10% (n=136) of the dataset (CBT,
FCBT, COMB). Models for SRT (r=133) were also built
(n=3 participants<10%). A Lasso Regression algorithm
was used so that important features in each model could be
examined and compared across conditions.

Results
Descriptive Statistics

Means and standard deviations for continuous measures in
the concatenated and external validation dataset are pre-
sented in Table 5.

Power

To provide insight as to whether there was any added predic-
tive benefit to harmonizing datasets, RMSE was examined
for single studies and for the fully concatenated dataset. The
worst prediction model within the concatenated dataset still
outperformed the best prediction model trained within sin-
gle intervention studies (for further detail see [70]).

Prediction Models

Model performance (average RMSE and R?) averaged
across imputation methods is presented in Table 6. ARD
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yielded the smallest average RMSE value across impu-
tation approaches (RMSE=1.84, R’=0.28), indicating
the most robust predictive performance; Bayesian Ridge
(RMSE=1.85, R°=0.27) and OMP (RMSE=1.85, R°=0.27)
algorithms showed similarly robust prediction. Shapley
Additive exPlanations (SHAP) values explaining the contri-
butions of features to model prediction in the concatenated
dataset are presented in Fig. 1. The worst performing model
was Decision Tree (RMSE=2.89, R°=—0.79).

Lasso Regression by Treatment

Lasso Regression was applied separately for each treat-
ment condition available in 10% of the dataset (CBT, FCBT
and COMB). Results for SRT (r=133) are also presented.
While there are constraints with explainability with Lasso
Regression (L1 Regression), it was selected for the stratified
analyses primarily because its ability to shed light on the
importance of features. Given the high-dimensional nature
of the data in the present sample, Lasso helps in identify-
ing and retaining only the most relevant features by driving
the coefficients of less important variables to zero. This not
only simplifies the model but also enhances interpretabil-
ity, which is crucial for an analysis of clinical predictors. In
contrast, Ridge regression, while effective at managing mul-
ticollinearity, does not eliminate any features, which would
require predetermined thresholds for features to report on.
Unlike decision trees, which provide information regard-
ing the most important feature, lass provides the coefficient
of importance of that feature. Therefore, Lasso’s capability
to shrink and select features aligns better with the goals of
the current stratified analyses, allowing for a focus on the
key variables that drive the outcomes of interest. Cross-val-
idation was used to tune the L1 parameter (i.e., how much
L1 regularization was used). Using geometric progression,
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Table 5 Means and standard deviations of continuous measures

Measure Concatenated Data Mean (SD) External Validation Mean (SD)
CBCL subscales
Activities 42.39 (13.06) -
Social 40.56 (13.25) -
School 42.44 (12.36) -
Total competence 42.11 (10.22) -
Anxious/depressed 66.00 (9.64) 72.30 (8.95)
Withdrawn/depressed 62.38 (9.90) 64.38 (10.49)
Somatic complaints 63.88 (9.49) 62.04 (9.33)
Social problems 59.40 (8.96) 59.54 (8.54)
Thought problems 59.78 (8.65) 63.48 (8.55)
Attention problems 58.34 (8.96) 58.12 (7.65)
Rule-breaking behavior 53.66 (5.94) 54.22 (5.44)
Aggressive behavior 56.08 (7.55) 58.72 (7.59)
Internalizing problems 67.89 (9.20) 68.76 (9.02)
Externalizing problems 53.18 (10.60) 55.14 (9.97)
Total problems 59.79 (13.05) 62.52 (8.74)
Depressive problems 63.32 (8.71) 65.58 (8.65)
Anxiety problems 70.09 (7.07) 73.08 (10.16)
Somatic problems 63.51 (9.72) 61.12 (10.24)
Attention deficit 55.67 (6.25) 57.42 (7.34)
Oppositional defiant problems 56.69 (6.89) 58.18 (7.17)
Conduct problems 54.30 (6.27) 55.10 (5.94)
Sluggish cognitive tempo 57.30 (7.73) 57.36 (6.97)
Obsessive—compulsive problems 63.47 (8.64) 67.84 (9.73)
Stress problems 62.01 (7.32) 68.58 (9.07)
ADIS composite CSR
SAD 2.92 (2.68) 1.24 (1.95)
SoP 3.56 (2.70) 3.60 (1.95)
GAD 3.74 (2.56) 4.40 (1.36)
SP 2.52(2.40) 1.56 (2.03)
PD 0.21 (1.00) 0.20 (1.01)
Agoraphobia 0.13 (0.85) 0.30 (1.20)
Agoraphobia with panic 0.24 (1.25) 0.00 (0.00)
OCD 0.33(1.14) 0.52 (1.43)
PTSD 0.13 (0.80) 0.08 (0.57)
Dysthymia 0.32(1.22) 0.24 (0.96)
MDD 0.32(1.15) 0.52 (1.43)
ADHD 0.82 (1.68) 1.46 (2.11)
CD 0.03 (0.39) 0.00 (0.00)
ODD 0.43 (1.36) 0.78 (1.62)
SM 0.18 (0.88) 0.00 (0.00)
Enuresis/encopresis 0.11 (0.71) 0.04 (0.28)
Sleep terrors 0.04 (0.34) -
Substance abuse 0.00 (0.00) 0.00 (0.00)
Bipolar disorder 0.00 (0.07) 0.00 (0.00)
Schizophrenia 0.01 (0.09) 0.00 (0.00)
Eating disorder 0.00 (0.00) 0.00 (0.00)
MDD past 0.13 (0.86) 1.02 (1.92)
Dysthymia past 0.00 (0.00) 0.00 (0.00)
PDD 0.04 (0.46) -
Tourette syndrome 0.00 (0.00) -
ADIS-IV-L Parent*
SoP 091 (1.77); -

0.56 (1.33)
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Table 5 (continued)

Measure Concatenated Data Mean (SD) External Validation Mean (SD)
GAD 0.83 (1.72); -
0.45 (1.35)
SP 1.25 (1.86); -
0.59 (1.41)
PD 0.04 (0.51); -
0.05 (0.59)
Agoraphobia 0.14 (0.88); -
0.10 (0.75)
Agoraphobia with panic 0.15 (0.81); -
0.00 (0.00)
OCD 0.17 (0.81); -
0.04 (0.36)
PTSD 0.15 (0.93); -
0.00 (0.00)
Dysthymia 0.05 (0.41); -
0.15 (0.94)
MDD 0.62 (1.73); -
0.13 (0.86)
ADHD 0.00 (0.00); -
0.00 (0.00)
Substance abuse 0.02 (0.25); -
0.19 (0.89)
Other 0.05 (0.59); -
0.08 (0.57)
Posttreatment CSRs
SAD 1.09 (1.85) 0.56 (1.39)
SoP 1.92 (2.24) 2.36 (2.13)
GAD 1.45 (2.00) 2.14 (2.03)

—- indicates measure was not collected; * caregiver 1 and 2 presented in table; CBCL =child behavior checklist; ADIS=anxiety and related
disorders interview schedule; CSR=clinician severity rating; SAD=separation anxiety disorder; SoP=social anxiety disorder; SP=specific
phobia; PD=panic disorder; OCD=obsessive—compulsive disorder; PTSD=post traumatic stress disorder; MDD =major depressive disor-
der; ADHD=attention deficit hyperactivity disorder (collapsed across subtypes); CD=conduct disorder; ODD=oppositional defiant disorder;
SM=selective mutism; PDD=pervasive developmental disorders; ADIS-IV-L=anxiety disorders interview schedule for DSM-1V, lifetime

version

Table 6 Model fit indices

Model Average SD Average SD
RMSE RMSE R’ R’
ARD 1.84 0.04 028  0.02
Bayesian Ridge 1.85 0.02 0.27  0.03
OMP 1.85 0.03 0.27  0.03
L2 1.90 0.07 024  0.01
AdaBoost with Elastic Net*  1.90 0.02 024  0.07
Bagging with Elastic Net 1.90 0.02 023  0.04
Elastic Net 1.90 0.02 023  0.03
Random Forest* 1.90 0.02 0.23 0.03
L1 1.94 0.05 021  0.01
Gradient Boosting* 1.95 0.03 0.19  0.03
Extra Trees* 2.07 0.07 0.09 0.12
KNN* 2.10 0.03 0.07  0.04
Lasso Lars 2.16 0.09 0.01 0.01
Decision Tree* 2.89 0.24 -0.79 042

* Indicates ensemble method; RMSE=root mean square error;
SD=standard deviation, ARD=automatic relevance determina-
tion; Bayesian Ridge=Bayesian ridge regression, OMP=orthogo-
nal matching pattern; L2=ridge regression; L1=Ilasso regression;
KNN=k-nearest neighbors; Lars=layer-wise adaptive rate scaling
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the parameter was selected between a range of 0.01-10, per
convention; the optimal value for L1 that emerged was 0.30.

Predictive features are presented in Table 7-10. Features
that are not included in the table can be presumed to have
a coefficient of 0 and thus did not influence model output.
[’s can be interpreted as the slope/influence of that variable;
a negative B meant that the variable influenced the post-
treatment CSR down to a lower severity level. Of note, the
objective of traditional approaches is to identify whether a
particular [ is significantly different from zero. In the con-
text of this ML problem, the objective was to minimize the
RMSE (i.e., the aggregated error of the entire model) to
enhance predictive accuracy; consequently, statistical sig-
nificance of ’s was not provided.

CBT

The RMSE evaluated on imputed data within the CBT sub-
set using Bagging Regression with Elastic Net was 1.91
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Table 7 Lasso regression results for CBT Table 8 Lasso regression results for FCBT
Outcome Predictive features B Outcome Predictive features B
Separation anxiety SAD CSR 0.45 Separation anxiety SAD CSR 0.70
[11] 0.15 Caregiver 2 agoraphobia 0.26
[50] —-0.06 CBCL attention problems 0.06
Social anxiety SoP CSR 0.67 Panic CSR —-0.01
[11] 0.42 Social anxiety SoP CSR 0.80
Youth race: Black 0.01 OCD CSR 0.17
[46] —-0.04 Caregiverl agoraphobia 0.11
[50] —-0.33 [48] 0.03
Generalized anxiety [11] 0.51 Panic CSR —-0.00
Tx sessions 0.12 PTSD CSR —-0.02
GAD CSR 0.11 Caregiver | panic with agoraphobia  —0.03
[50] —0.06 [52] -0.07
SAD=separation anxiety disorder; CSR=clinician severity rating; SP CSR -0.12
SoP=social anxiety disorder; Tx sessions=number of treatment ses- Generalized anxiety ~GAD CSR 0.32
sions; GAD=generalized anxiety disorder. Citations indicate that the OCD CSR 0.14
cited study was a predictive feature (e.g., participation in the [50] trial . .
influenced the posttreatment CSR down to a lower severity level) Caregiver 2 panic 0.1
PTSD CSR 0.07
[48] 0.03
(R’=0.23). Predictive features across the three outcomes MDD CSR 0.01
examined are presented in Table 7. Caregiver 1 SP 0.00
[46] —0.04
FCBT Caregiver | GAD -0.09

The RMSE evaluated on imputed data within the FCBT
subset using the optimal performing imputer was 2.41
(R’=0.05). Predictive features across the three outcomes
examined are presented in Table 8.

SAD=separation anxiety disorder; CSR=clinician severity rating;
CBCL=child behavior checklist for ages 6—18; Panic=panic disor-
der; SoP=social anxiety disorder; OCD=obsessive compulsive dis-
order; PTSD=post-traumatic stress disorder; SP=specific phobia;
GAD=generalized anxiety disorder; MDD =major depressive disor-
der. Citations indicate that the cited study was a predictive feature
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COMB

The RMSE evaluated on imputed data within the COMB
subset using Bagging Regression with Elastic Net was 1.51
(R’°=—-0.11). Predictive features across the three outcomes
examined are presented in Table 9.

SRT

The RMSE evaluated on imputed data within the SRT sub-
set using Bagging Regression with Elastic Net was 2.06
(R’=0.18). Predictive features across the three outcomes
examined are presented in Table 10.

External Validation

Model performance (average RMSE) averaged across the
different imputation methods for the external validation
set is presented in Table 11. The same three algorithms
emerged as the most robust predictors: ARD (RMSE=1.84,
R’=0.28), Bayesian Ridge (RMSE=1.85, R°=0.27) and
OMP (RMSE=1.85, R°=0.27), with comparable RMSE
values as those observed in the concatenated dataset. Shap-
ley Additive exPlanations (SHAP) values explaining the
contributions of features to model prediction in the external
validation dataset are presented in Fig. 2. The worst per-
forming model continued to be Decision Tree (RMSE=2.89,
R*=—0.79).

Discussion

The present exploratory study applied several learning
approaches to predict outcomes for anxious youth across
treatment conditions (CBT, FCBT, GCBT, SRT. COMB,
CPT and CBT/P) and within treatment types available within
approximately 10% of the sample (CBT, FCBT, COMB and
SRT). The best performing algorithms were regularized ver-
sions of linear regression and other more complex regression
algorithms (i.e., ARD, Bayesian Ridge Regression). These
methods help to address problems of multicollinearity and
poorly distributed data, while aiding in automatic feature
selection. ARD in particular emerged as the best performing
algorithm, which is a type of Bayesian regression technique
that models uncertainty in the weights. It provides princi-
pled estimates of uncertainty, which is critical when deal-
ing with the uncertainty inherent in imputed data. It helps
mitigate overconfidence in predictions for features with a
high degree of missingness. Consistent with previous stud-
ies highlighting the utility of ML approaches in comparison
to standard regression (e.g., [41-43]), Linear Regression
models were not able to solve the prediction problem of the
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Table 9 Lasso regression results for COMB

Outcome Predictive features B
Separation anxiety SAD CSR 0.25
Youth age —-0.04
Social anxiety CBCL withdrawn/depressed 0.54
SoP CSR 0.44
SM CSR 0.13
CBCL total problems —0.08
Generalized anxiety CBCL affective problems 0.15
MDD CSR 0.08
SoP CSR 0.06
CBCL withdrawn/depressed 0.05
Youth age 0.01

SAD=Separation anxiety disorder; CSR=clinician severity rating;
CBCL=child behavior checklist for ages 6—18; SoP=social anxiety
disorder; SM=selective mutism; MDD =major depressive disorder

Table 10 Lasso regression results for SRT

Outcome Predictive features B
Separation anxiety =~ SAD CSR 0.80
PTSD CSR 0.08
Youth race: other 0.03
CBCL oppositional/defiant problems ~ 0.01
CBCL activities —0.08
CBCL sluggish cognitive tempo —0.18
SoP CSR -0.21
Social anxiety Youth age 0.19
OCD CSR 0.16
SoP CSR 0.16
Youth race: Black 0.08
CBCL somatic problems —-0.05
CBCL externalizing —-0.05
CBCL total -0.31
Generalized anxiety GAD CSR 0.52
Youth age 0.17
Youth race: Black 0.11
OCD CSR 0.11
Youth sex 0.07
CBCL activities —-0.09
CBCL total —-0.23

CSR=SAD=separation anxiety disorder; CSR=clinician severity
rating; PTSD =post-traumatic stress disorder; CBCL=child behavior
checklist for ages 6—18; SoP=social anxiety disorder; OCD=obses-
sive compulsive disorder; GAD=generalized anxiety disorder

present study. Decision Trees and other ensemble methods
(e.g., Extra Trees, K-Nearest Neighbors) also showed com-
parably lower predictive performance. The same pattern of
findings was replicated in an external validation set, with
comparable indicators of predictive accuracy across datasets
(absolute differences in RMSEs ranging between 0-0.43).
However, although regularized and more complex regres-
sion algorithms outperformed linear regression in the cur-
rent dataset, similar important feature values emerged using
ARD as those identified in previous reviews (e.g., symptom
severity, demographics, family psychopathology, treatment
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Table 11 Model fit indices external validation dataset
RMSE R?

Model EV Concatenated EV Concatenated
ARD 1.87 1.84 0.11 0.28
Bayesian Ridge 1.85 1.85 0.13  0.27
OMP 1.61 1.85 0.34  0.27
L2 1.98 1.90 0.01 0.24
AdaBoost with 1.81 1.90 0.17 0.24
Elastic Net*

Bagging with - 1.90 - 0.23
Elastic Net

Elastic Net 1.63 1.90 0.33  0.23
Random Forest* 1.61 1.90 0.34 0.23
L1 1.77 1.94 0.21 0.21
Gradient 1.61 1.95 0.35 0.19
Boosting*

Extra Trees* 1.57 2.07 0.38 0.09
KNN* 1.89 2.10 0.09 0.07
Lasso Lars 1.93 2.16 0.06 0.01
Decision Tree* 2.46 2.89 —0.53 -0.79

* Indicates ensemble method; RMSE=root mean square error;
EV=external validation dataset—indicates dataset too small
to implement algorithm; ARD=automatic relevance determina-
tion; Bayesian Ridge=Bayesian ridge regression; OMP=orthogo-
nal matching pattern; L2=ridge regression; L1=lasso regression;
KNN=k-nearest neighbors; Lars=layer-wise adaptive rate scaling

condition). Thus, there may be limited added utility in appli-
cation of sophisticated ML approaches towards questions of
prediction. In addition, such approaches may be less intui-
tive and transportable to real-world clinical contexts (e.g.,
[72]) and have been tested less often in the clinical science
literature (e.g., [73]).

Fig.2 SHAP values explaining the
contribution of features to model
prediction in the external valida-
tion dataset

CBCL aggressive behavior
CBCL affective problems
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Separation anxiety CSR
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Sum of other features

When examining prediction within different treatments,
numerous predictive features emerged (up to 22 predic-
tive features), particularly for the FCBT and SRT subsets,
with almost all included variables emerging as a predictive
feature in one model. Consequently, a narrative approach
was taken to output interpretation, with an emphasis on
predictive features that emerged across outcomes and with
larger absolute values of B’s (i.e.,||>0.05). Across all mod-
els, increased pretreatment severity of the outcome vari-
able continued to be associated with less improvement and
cross-trial differences persisted. Findings are consistent
with previous reviews that have identified symptom sever-
ity as a predictor of CBT outcomes for youth with anxiety
[23-25]. These findings suggest that clinicians should work
to set realistic expectations around symptom change with
clients presenting with increased symptom severity, normal-
izing that change is non-linear, validating any resulting frus-
tration, and attending earlier and more in-depth to relapse
prevention so that clients can cope effectively with ongoing
symptoms at post-treatment. The therapeutic alliance may
be particularly important for clients with increased symptom
severity, as the alliance may motivate clients to stay con-
nected to services even if symptoms persist after a course
of outpatient care. Findings also highlight the importance
of a thorough symptom assessment early in treatment, and
may suggest that clients with more severe anxiety symp-
toms should be “stepped up” to more intensive treatments
from the outset.

Specific to FCBT models, various forms of caregiver psy-
chopathology emerged as key predictive features, although
in varying directions across outcomes and caregiver
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diagnoses. For example, increased caregiver agoraphobia
was separately associated with worse SAD and SoP out-
comes, while caregiver panic disorder was associated with
worse GAD outcomes. Conversely, severity of other care-
giver diagnoses predicted better youth outcomes, includ-
ing caregiver GAD for youth GAD outcomes. Caregiver
psychopathology has not been identified as an indicator of
outcomes consistently in other studies (Norris et al., 2021),
although it has been shown to predict outcomes in some
studies [25],findings from the current study suggest that
specific forms of caregiver psychopathology, rather than
psychopathology more globally, may differently influence
FCBT outcomes. The mechanisms for these relationships
warrant further study. For example, caregiver experience
of agoraphobia may represent a barrier to attending in-
person treatments, or to implementation of exposures that
may parallel fears of the parent, and thus require individual
treatment before beginning FCBT. Other forms of caregiver
psychopathology like GAD may be better targeted within
FCBT, which in combination with youth symptom improve-
ment may lead to a positive upward cascade across the fam-
ily system. Other youth comorbidities emerged as indicators
of outcomes, including an association between (1) OCD and
worse SoP and GAD outcomes, (2) PTSD and worse GAD
outcomes and (3) SP and better SoP outcomes. Findings are
inconsistent with the limited association between comor-
bidities and treatment outcomes found in other studies [23],
but again suggest that specific comorbidities may have pre-
dictive value.

Findings from models including medication treatments
(COMB and SRT) were reviewed in tandem. Although con-
sistent patterns were observed within the COMB/SRT mod-
els as seen in other subsets (e.g., baseline symptom severity
predicting worse post-treatment symptoms), several new
predictive features emerged within COMB. In particular,
indicators of increased youth depressive symptom severity
(i.e., CBCL subscale scores and ADIS CSRs), along with
SoP and selective mutism symptoms, were associated with
worse response to COMB. For SoP and GAD outcomes,
race emerged as a predictive feature for SRT. Specifi-
cally, youth who were categorized into the Black race cat-
egory during the data harmonization process showed lower
improvement, which was inconsistent with previous stud-
ies documenting minimal racial differences among anxious
youth (e.g., Treadwell et al., 1995; Southam-Gerow et al.,
2001; Pina, Silverman, Fuentes, et al., 2003; [25], Ginsburg
et al., 2018), but consistent with findings that Black adults
show poorer antidepressant response [74, 75]. This finding
suggests a potential need for cultural adaptations to SRT
protocols specifically for individuals who may identify as
Black. Interestingly, more severe physiological symptoms
and indicators of low activity predicted better response to
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SRT across outcomes. These findings suggest that youth
who present with increased physical concerns may benefit
from medication treatments specifically and are in line with
previous findings suggesting that somatic symptoms may
be a mechanism of change for treatments including medi-
cations [76]. Finally, inconsistent with previous reviews,
youth age emerged as an important predictor of social and
generalized anxiety outcomes for SRT. Specifically, older
youth had lower improvement in SRT, which may indicate
that older youth benefit less from a pharmacotherapy alone
approach. This could be helpful information to disseminate
to pediatricians, who often manage youth psychotropic
medications, and may want to consider additional referrals
for older youth beyond medication alone.

Study findings were considered through transparency,
reproducibility, ethics and effectiveness (TREE) [44]. The
dataset was fully deidentified and the PI had no access to
protected health information. The concatenated dataset is
available upon request, rather than through a publicly avail-
able platform (e.g., Open Science Framework),this deci-
sion was made to balance both reproducibility and ethics.
A data dictionary was created to facilitate collaboration.
Python code will be made available upon publication to aid
in replicability efforts. Result reproducibility and external
validity was examined in a research clinic setting, although
it is important to note the potential for model use to exacer-
bate inequities given the low representation of minoritized
groups within the sample.

There are limitations to consider. First, algorithm bias is
an important concern. The concatenated sample and exter-
nal validation sample were 71.9% and 76% White, respec-
tively. Although race emerged as a predictive feature in
some models, it is important to note that minoritized indi-
viduals were under-represented; for example, often Native
American identity was not assessed entirely. Thus, although
race emerged as an important feature in some models, study
findings should not be considered generalizable across dif-
ferent racial and ethnic groups given low representation
within each dataset. Second, the worst performing model
within the concatenated dataset still showed better predic-
tive performance than the best prediction models trained
within single RCTs [70], highlighting the utility of develop-
ing larger, cross-site concatenated datasets,however, there
are still concerns associated with merging datasets collected
across different sites (e.g., Simpson’s Paradox). Indeed, site
emerged as a predictive feature within analyses, suggesting
cross-site differences in outcomes. This suggests that there
may be implementation differences in treatment approaches
across trials (e.g., use of a waitlist versus active control
comparator condition), comparisons of which have been
described as “apples to oranges” (Freeman et al., 2018).
Future studies could benefit from a more thorough coding
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of treatment manuals to better clarify variability within all
conditions used in each trial. Third, there was some overlap
in measures used across studies (i.e., demographics, ADIS
composites, CBCL), but measure overlap was low, including
definitions of treatment response/non-response used across
trials, and missingness was high. Thus, features and output
variables used in models were limited to primarily symp-
tom and demographic measures. To make the best use out
of RCT data, future efforts should adopt common cross-site
batteries [77] and concatenate common factors measures
(e.g., therapeutic alliance, expectations) and other vari-
ables (e.g., family accommodation) that have been shown
to predict treatment response (e.g., [78]. Fourth, sample
sizes within treatment modality subsets were still low,future
studies could consider coding for active treatment compo-
nents and merging trials with similar “treatment dosages”
together. For example, treatment arms examining parent
involvement in CBT could be concatenated with FCBT tri-
als in future studies. Fifth, models were predicted of post-
treatment CSRs, rather than clinical significance assessment
or more broad-based measure of functioning/response. This
situation was due to low overlap in post-treatment measures,
and lack of clarity surrounding which diagnosis (or diagno-
ses were primary treatment targets. Sixth, we applied Lasso
Regression to understand the importance of features within
different treatments, although Bayesian variable selection
approaches have outperformed lasso variable selections in
other contexts [79]. Finally, the study was exploratory and
atheoretical in nature, which can result in Type I errors, spu-
rious discoveries, and reduced external validity [80]. Future
work should develop theoretical justifications for testing
potential prescriptive predictors in youth anxiety treatment
trials (e.g., [81, 82]), which would serve to enhance find-
ing clarity [30, 83]. Future studies should focus on further
model impact evaluation and implementation within real-
world clinical settings [44]
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