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Applying precision methods to treatment selection for moderate/severe
depression in person-centered experiential therapy or cognitive
behavioral therapy
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YUniversity of Trier, Trier, Germany & 2Clinical and Applied Psychology Unit, Department of Psychology, University of
Sheffield, Sheffield, UK

(Received 8 March 2023; revised 30 September 2023; accepted 3 October 2023)

Abstract

Objective To develop two prediction algorithms recommending person-centered experiential therapy (PCET) or cognitive—
behavioral therapy (CBT) for patients with depression: (1) a full data model using multiple trial-based and routine variables,
and (2) a routine dara model using only variables available in the English NHS Talking Therapies program.

Method Data was used from the PRaCTICED trial comparing PCET vs. CBT for 255 patients meeting a diagnosis of moderate
or severe depression. Separate full and routine data models were derived and the latter tested in an external data sample.
Results The full data model provided the better prediction, yielding a significant difference in outcome between patients
receiving their optimal vs. non-optimal treatment at 6- (Cohen’s d=.65 [.40, .91]) and 12 months (d=.85 [.59, 1.10])
post-randomization. The rourine data model performed similarly in the training and test samples with non-significant effect
sizes, d=.19 [-.05, .44] and d=.21 [-.00, .43], respectively. For patients with the strongest treatment matching (d >
0.3), the resulting effect size was significant, d=.38 [.11, 64].

Conclusion A treatment selection algorithm might be used to recommend PCET or CBT. Although the overall effects were
small, targeted matching yielded somewhat larger effects.

Keywords: precision methods; personalized mental health; machine learning; intersectionality; depression; person-centered
experiential therapy; cognitive behavioral therapy

Clinical or Methodological Significance of this Article: The results provide insight into sociodemographic and clinical
characteristics that can be used to target patients’ profiles to recommend either PCET or CBT for depression. Patients
benefiting from PCET were more likely to be employed females or unemployed males, characterized by a more punitive
self (i.e., feelings of guilt and being criticized by others), and impairment in close relationships but also personal meaning
(i.e., a sense of purpose in life; greater expectancy of improvement from PCET). Patients benefiting from CBT were
more likely to be unemployed females or employed males, characterized by letting oneself down (i.e., feelings of
worthlessness), no impairment in close relationships but being resilient (i.e., feelings of being in control of life; being able
to bounce back). Optimal assignment is more important the greater the predicted difference between treatments.

Depression is one of the most prevalent mental with psychological therapies being one of the
health problems (Liu et al., 2020), associated with first-line treatments recommended by several clinical
high costs in healthcare systems (Kessler, 2012), guidelines (Zafra-Tanaka et al., 2019). For example,
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guidelines from the English National Institute for
Health and Care Excellence (NICE, 2022), which
are also applicable in Wales, recommend a number
of psychological therapies for depression, including
cognitive—behavioral therapy (CBT), behavioral acti-
vation, interpersonal psychotherapy, short-term psy-
chodynamic psychotherapy and person-centered
experiential therapy (PCET; also known as person-
centered experiential counseling for depression
[PCE-CfD]; Murphy, 2019), among other psychoso-
cial and pharmacological interventions. All these
psychological therapies are considered first-line
treatments for subthreshold, mild, moderate, and
severe depression. However, based on the interpret-
ation of cost-effectiveness studies and implemen-
tation factors (e.g., therapists’ availability), CBT is
the first-choice intervention in the English NHS
Talking Therapies for Anxiety and Depression
program, previously known as the Improving
Access to Psychological Therapies (IAPT) program
(National Collaborating Centre for Mental Health,
2021).

NHS Talking Therapies is a national-level
program across England that offers psychological
treatments based on a stepped care model (Clark,
2018) in which Step two corresponds to the entry
point into the system involving low-intensity psy-
choeducational interventions delivered by psycho-
logical wellbeing practitioners (PWDPs). Step three
comprises  high-intensity  treatments, namely
approved psychological therapies as listed previously,
delivered by appropriately trained therapists or coun-
selors (i.e., high-intensity practitioners). These
therapies can be offered to patients with depression
based on the principle of shared decision making fol-
lowing a discussion of a patient’s preferences (NICE,
2022). All patients in both steps complete a battery of
routine outcome measures at each attended session.
These measures are used by PWPs in Step 2 to ident-
ify patients who are not showing a significant
response to Step 2 treatment and require stepping
up to a Step 3 high-intensity treatment.

Although a choice of Step 3 therapies may be avail-
able, CBT is the most frequently delivered therapy,
accounting for 58% of referrals for therapy in
2018-2019. The second most frequently delivered
therapy, PCET, accounted for 36% of referrals in
the same time period (Moller et al., 2019). These
differences between referral rates are due to variabil-
ity in the personnel available to deliver each therapy.
As patients are seen within their local NHS Talking
Therapy service, their choice is limited by the avail-
able resources. Hence, while PCET receives lower
numbers of referrals, it plays a significant role in deli-
vering on the overarching agenda of providing patient
choice and increasing throughput of patients.

However, various studies suggested that CBT
might not be superior to other modalities of psycho-
logical therapies for the treatment of depression (e.g.,
Cuijpers et al., 2013; King et al., 2014). These find-
ings prompted a formal examination of their com-
parative efficacy through a pragmatic randomized
non-inferiority trial embedded within an NHS
Talking Therapy service.

The PRaCTICED trial assessed the non-inferior-
ity of PCET vs. CBT in the treatment of moderate
or severe depression, assessed at six- and 12-
months post-randomization, for patients attending
NHS Talking Therapies services (Barkham et al.,
2021). A total of 510 participants were recruited
and randomly assigned to PCET (z=254) or CBT
(n=256). Results showed PCET to be non-inferior
to CBT at six months post-randomization in the
intent-to-treat (Cohen’s d=-.03 [-.23, .17]) and
per-protocol samples (d=.09 [-.14, .32]).
However, there was a significant difference at 12
months post-randomization favoring CBT in both
the intent-to-treat (d =.27 [.05, .49]) and per-proto-
col analyses (d=.34 [.09, .60]). Hence, findings
yielded differential outcomes dependent on the
time point of comparison, with non-inferiority of
PCET compared with CBT supported in the short-
term, but results favoring CBT when measured
more distally from end of therapy (at 12 months
post-randomization). Therapist effects were 0.2%,
implying that the variability among therapists had
negligible influence on the overall efficacy of the
therapeutic interventions provided.

Given the trial findings showed either CBT or
PCET to be viable treatment options for patients in
the short term, a significant advance in delivering
improved outcomes might be achieved by adopting
initiatives derived from the field of precision mental
health care (Cohen et al., 2021; Lutz, Schwartz,
et al., 2022). In brief, precision mental health aims
to offer or allocate patients to the treatment that
best fits their presenting profile and individual
characteristics. It works by identifying variables that
function as moderators or predictors of treatment
outcome (Kraemer et al., 2001), thereby identifying
subpopulations of differential treatment responders.
The application of precision research methods to
RCT designs is additionally informative as RCTs
only compare averages of patients, thereby yielding het-
erogeneous treatment effects in specific patient sub-
populations, meaning that differential treatment
responses (i.e., individual differences) remain hidden.

One method developed to assess which of two
interventions would be expected to result in a
better outcome for a specific patient is the personal-
ized advantage index (PAI; DeRubeis et al., 2014).
The PAI is the difference between predicted



outcomes of two different models (one for each treat-
ment), yielding a score representing the magnitude
by which one treatment is predicted to outperform
the other and thereby be recommended as the
optimal treatment. The PAI has been evaluated in
retrospective studies showing that better outcomes
were obtained by patients receiving their optimal
rather than non-optimal treatment (Deisenhofer
et al., 2018; Schwartz et al., 2021).

Specifically focusing on PCET, Delgadillo and
Gonzalez Salas Duhne (2020) used the PAI to
develop a model recommending either PCET or
CBT for depression using a naturalistic sample
from the NHS Talking Therapies program. They
predicted a categorical outcome (reliable and clini-
cally significant improvement [RCSI] in the PHQ-
9) using routinely collected variables as predictors
(i.e., sociodemographic and clinical background vari-
ables, depression and anxiety levels, as well as social
and work impairment). Analyzed retrospectively,
patients who received their optimal treatment
obtained better outcomes (RCSI rate of 62.5%)
than those who received their non-optimal treatment
(RCSI rate of 41.7%). However, relying on a natur-
alistic dataset raises issues with internal validity as
treatment allocation was not randomized. In
addition, transforming a continuous outcome vari-
able (PHQ-9) into a dichotomous variable (RCSI)
likely loses information and decreases the sensitivity
to detect meaningful associations, reduces statistical
power and thereby affecting the reliability and gener-
alizability of the predictive model.

In reviewing the body of literature implementing
the PAI, we noted three features that could yield a
more refined application of this method. First,
diverse studies have tended to use sociodemographic
variables which are tested simultaneously in predic-
tion models and the statistically significant effects
become the focus of analyses (e.g., Finegan et al.,
2018). Concerning social determinants, this approach
is problematic because it does not consider that each
individual’s social positions may interact in complex
ways (Cairney et al., 2014). Less common has been
the exploration of the interaction between sociodemo-
graphic variables. Second, measures within prediction
models have invariably used total scores and, while
not necessarily problematic, these fail to take
account of variability in response to individual items
in that some items carry more weight than others
(e.g., Fried & Nesse, 2015). Less frequent has been
the inclusion of item-level data. Third, in most
cases, the predicted outcome is the most proximal
score to the end of treatment, while follow-up (i.e.,
longer-term) assessment scores are rarely examined.

In considering these three features, we proposed a
revised research strategy to maximize the sensitivity
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of our prediction modeling. We reasoned that the
inclusion of interaction terms of socio-economic vari-
ables and individual items from instruments when
machine learning algorithms are implemented, com-
bined with data drawn from longer-term outcomes,
would allow the identification of more complex pat-
terns and non-linear associations using many vari-
ables with potentially greater predictive strength in
terms of enduring (i.e., longer-term) outcomes.

Informed by these methodological issues, the
current research aimed to develop a treatment selec-
tion algorithm for depression (recommending PCET
or CBT). As many of the studies published applying
the PAI method are based on RCTs, and the trans-
lation of these models into clinical practice is difficult
(due to differences in variables collected, number of
predictors used), we aimed to test two sets of predic-
tive models: the first utilized the whole set of vari-
ables, comprising measures collected exclusively for
the purposes of the PRaCTICED trial and
including variables and measures routinely collected
by NHS Talking Therapies (termed full data model;
Table I, Panel A), and a second using only the routi-
nely collected variables and measures collected as
standard (termed routine data model; Table 1, Panel
B). Only this latter routine battery of variables and
measures is available in the wider national delivery
program of the NHS Talking Therapies.

The full data model was considered a model of
“maximum potential,” because it was developed
using a training sample that contained a comprehen-
sive set of variables related to patients’ intake charac-
teristics collected as part of the PRaCTICED trial and
served as a reference point. In contrast, the routine data
model was developed for the same sample of patients
using only those variables collected in the national
implementation with the aim of assessing the perform-
ance and generalizability of the predictive models in
real-world scenarios, thereby enabling a direct com-
parison between the full and routine models and
serving as a validation step for the practicality and
effectiveness of the routine data model.

Table I. Summary of relationship between clinical samples and
datasets.

Clinical samples

Training samples from
PRaCTICED trial

External test sample
from routine practice

Datasets A. Full data model:
Comprehensive trial data
including routine data

[Not applicable]

B. Routine data model: Only  C. Only variables
variables from routine dataset from non-trial
within the trial routine dataset
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Each model was used to test the advantage of
matching patients to their optimal treatment com-
pared with their non-optimal treatment. We
expected the full data model would result in a more
precise classification of patients; therefore, in more
precise prognoses. However, it was only possible,
and appropriate, to check the generalization of the
predictive model based on the routine data (i.e., the
routine data model) as this is the only data collected
at a national level. Accordingly, we conducted such
a test on a routine dataset from an external indepen-
dent test sample within the same NHS Talking
Therapies service (Table I, Panel C).

Method
PRaCTICED Trial Design

The design was a pragmatic non-inferiority trial
embedded in the Sheffield NHS Talking Therapies
service in England. Participants were older than 17
years, meeting moderately-severe or severe
depression criteria on the Clinical Interview Sche-
dule-Revised (CIS-R; Lewis, 1994). Participants
were excluded if they presented with an organic con-
dition, a previous diagnosis of personality disorder,
bipolar disorder, schizophrenia, drug or alcohol
dependency, an elevated clinical risk of suicide, or a
long-term physical condition. Eligible participants
were randomly assigned to receive PCET or CBT.
Patients were nested in therapists within treatments,
with 18 counselors delivering PCET and 32 thera-
pists delivering CBT. The intervention professionals
were trained PCET counselors and CBT therapists
who followed the NHS Talking Therapies service
delivery model. They received special training for
the trial and regular individual and group supervision
sessions led by experienced qualified counselors and
senior therapists. Additionally, treatment adherence
was assessed by experienced and independent trai-
ners using standard adherence scales.

The primary outcome measure was the Patient
Health Questionnaire-9 (PHQ-9; Kroenke et al.,
2001), while the General Anxiety Disorder—7
(GAD-7; Spitzer et al., 2006), the Beck Depression
Inventory—II (BDI-II; Beck et al., 1996), the Clinical
Outcomes in Routine Evaluation—-Outcome Measure
(CORE-OM; Evans et al., 2002) and the Work and
Social Adjustment Scale (WSAS; Mundt et al.,
2002) were used as secondary outcomes. Participants
were assessed at screening, six and 12-months post-
randomization. At screening they were also assessed
with the Connor-Davidson Resilience Scale (CD-
RISC; Connor & Davidson, 2003; Davidson, 2018)
and a credibility/expectancy questionnaire for each
treatment approach (Devilly & Brokovec, 2000).

Because the trial was embedded in the routine
service, patients also completed the NHS Talking
Therapies-mandated outcome measures at each
attended therapy session (i.e., PHQ-9, GAD-7, and
WSAS). Patients could receive a maximum of 20 ses-
sions in either intervention. Ethics approval was
granted by the English Health Research Authority
(Research Ethics Committee 14/YH/0001).

Current Study Design

The current study was structured in two phases. The
first phase employed a training sample derived from
the PRaCTICED trial dataset re-analyzed to estimate
a prediction model for treatment allocation (recom-
mending PCET or CBT) based on the PAI. This
training sample comprised 255 patients from the orig-
inal trial sample who had completed their scheduled
treatment and had all the instruments administered
at screening and, crucially, completed assessments at
12-months post randomization. There were 46 thera-
pists (29 therapists delivering CBT and 17 counselors
delivering PCET) with a mean (SD) of 5.67 (7.16)
patients per therapist (range 1-35). The sample was
split into two subsamples: patients who received
PCET (n=140) and those who received CBT (n=
115). Based on these two subsamples, data analyses
for selecting predictors, prediction models of treat-
ment outcome, and the PAI were estimated. In this
phase, we wanted to assess two models. First, the
full data model, including all variables and measures
collected for the PRaCTICED trial, variables from
the routine service data, and, following the methodo-
logical considerations previously explained, including
item-level information, sociodemographic variables
and their interactions. Second, the routine data model
based only on the NHS Talking Therapies routinely
collected measures and variables for later testing in
an external test sample.

The second phase determined the generalizability
of the routine data model in an external test sample
from NHS Talking Therapies. This sample (n=
255) was selected with propensity score matching
(PSM) procedures drawn from a larger patient
sample of patients (n = 6,049) receiving high-inten-
sity treatment, either PCET or CBT, during the
same time period of the PRaCTICED trial and pro-
vided by the Sheffield Health and Social Care
NHS Foundation Trust (see data analysis section
below).

We followed the guidelines of the “Transparent
Reporting of Multivariable Prediction Model for
Individual Prognosis or Diagnosis” (TRIPOD;
Collins et al., 2015; Moons et al., 2015) to conduct
and report the current study.



Treatments

Person-centered experiential therapy
(PCET). PCET (also called person-centered experi-
ential counseling for depression; Hill, 2011; Murphy,
2019; Sanders & Hill, 2014) is a form of treatment
derived from the humanistic-experiential approaches
to psychological therapies (Duffy et al., 2023; Elliott
et al., 2021). It integrates Rogers’ person-centered
model (Rogers, 2003) with emotion-focused
therapy components, particularly that of process-
guiding (Greenberg & Watson, 2006; Murphy,
2019). It aims to help patients access underlying feel-
ings, make sense of them, and draw on the new
meanings that emerge to make positive changes in
their lives. A therapeutic attitude based on
empathy, therapists’ authenticity, unconditional
positive reward, and working with experiential tech-
niques are the prominent features (Sanders & Hill,
2014). A manual was designed and adopted for the
trial (PRaCTICED Trial Team, 2014b).

Cognitive-behavioral therapy (CBT). Beck’s
cognitive therapy for depression (Beck et al., 1979)
was provided by high-intensity CBT practitioners.
CBT delivery was standardized by adopting a treat-
ment manual (PRaCTICED Trial Team, 2014a).
The main characteristics are a therapeutic attitude
based on collaborative empiricism and interventions
based on psychoeducation, behavioral activation,
and identification and change of maladaptive pat-
terns of thinking.

Measures, Sociodemographic, and Clinical
Background Variables

Routinely collected NHS talking therapies
measures and variables

Sociodemographic and clinical background
variables. We used available information about
age, gender (female, male, or other), ethnicity
(white or non-white), employment status (employed
full-time, employed part-time, homemaker, long-
term sick, or disabled receiving incapacity benefits,
long-term sick, or disabled without receiving incapa-
city benefits, retired, student, unpaid voluntary work,
unemployed) and index of multiple deprivations
(IMD) of the patients. The IMD is an index of
socio-economic deprivation used by the UK govern-
ment, which is derived from a patient’s address and
neighborhood (Noble et al., 2019). It produces
deciles ranging from 1 to 10, with 1 indicating
extreme deprivation and 10 less deprived areas.
Additionally, we counted the number of low-
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intensity treatment sessions the patients received
before the screening.

Patient Health Questionnaire-9 (PHQ-9;
Kroenke et al., 2001). The PHQ-9 is a self-admi-
nistered questionnaire comprising 9 items which
assess components of major depressive disorder
(MDD) diagnosis criteria. The items are answered
on a four-point Likert scale ranging from 0 (“not at
all”) to 3 (“nearly all day”). PHQ-9 total score is
determined by summing up item ratings, with
scores of 5, 10, 15, and 20 representing mild, moder-
ate, moderately severe, and severe depression,
respectively.

Generalized Anxiety Disorder-7 (GAD-7;
Spitzer et al., 2006). The GAD-7 is a seven-item
self~-administered questionnaire designed to assess
generalized anxiety disorder (GAD) symptoms
according to the DSM-IV diagnosis criteria. Patients
answer the items on a four-point Likert scale ranging
from 0 (“not at all”) to 3 (“nearly every day™). Total
scores are calculated by summing all item ratings.
Total scores of 5, 10, and 15 correspond to mild,
moderate, and severe levels of anxiety, respectively.

Work and Social Adjustment Scale (WSAS;
Mundt et al., 2002). The WSAS is a five-item
self-administered scale developed to measure social
and work impairment. Its items are answered on a
nine-point Likert scale ranging from 0 (“not at all”)
to 8 (“very severely”). The total score is calculated
by summing up all item ratings. The maximum
score is 40, with higher scores indicating higher
impairment.

Practiced trial additional measures

Clinical Interview Scheduled-Revised (CIS-
R; Lewis, 1994). The CIS-R is a standardized and
computer-delivered clinical interview developed for
use in general practice and community settings
which delivers a diagnosis, thereby ensuring stan-
dardization of responses to self-reported items. It
assesses 14 common mental health disorders and
items are scored on a 0—4 scale according to the fre-
quency and severity of the symptoms presented
during the week before the interview. The scores
obtained from each of the reported symptoms are
averaged to obtain a total score. Due to the compu-
terized automation of this diagnostic tool, item-
level information was not available.

Beck Depression Inventory-II (BDI-1I; Beck
et al., 1996). The BDI-II is a self-report question-
naire, containing 21 items answered on a four-point
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Likert scale with a range from 0 to 3. It measures
depressive symptoms and their severity according to
the DSM-IV diagnostic criteria for dysthymia and
MDD. The higher the scores, the higher the intensity
of depressive symptoms. A score of 13 or less denotes
minimal levels of depression.

Clinical Outcomes in Routine Evaluation-
Outcome Measure (CORE-OM; Evans et al.,
2002). The CORE-OM is a self-reported question-
naire comprising 34 items answered on a five-point
Likert scale ranging from “not at all” to “most or
all the time.” The questionnaire is designed to
assess psychological distress, the higher the scores,
the higher the problems reported. The items are
grouped into four domains: subjective well-being,
symptoms and problems, life functioning, and risk
of self-harm or harm to others. The higher the
scores, the higher the psychological distress. A clini-
cal cut-off of 10 is suggested to differentiate between
clinical and non-clinical populations (Connell et al.,
2007).

Connor-Davidson Resilience Scale (CD-
RISC; Connor & Davidson, 2003). The CD-
RISC is a self-reported questionnaire aimed to
assess personal resilience. It comprises 25 items
answered on a Likert scale from 0 (“not true at
all”) to 4 (“true nearly all the time”). The item
ratings are summed up to obtain a total score. The
higher the score, the higher the adaptability and resi-
lience. A mean of 80.4 (SD=12.8) has been
reported for the general population, and a mean of
57.1 (SD = 13.3) in a major depressive disorder out-
patient sample (Davidson, 2018).

Treatment CredibilitylExpectancy Question-
naire (CEQ; Devilly & Brokovec, 2000). The
CEQ is a six-item self-reported questionnaire
designed to assess cognitively based credibility (four
items) and affectively based expectancy (two items)
of treatment. Four items (from the credibility and
expectancy items-subgroup) are answered on a
Likert scale from 1 (“not at all”) to 9 (“very”).
Two items about how much improvement the
patient thinks and feels he/she will obtain are
answered on a percentile scale. In the PRaCTICED
trial, all patients answered the questionnaire prior to
randomization, assessing the credibility and their
expectancy of both CBT and PCET.

Data Analyses

First, the characteristics of the sample selected were
explored with descriptive statistics. As some patients

omitted certain items of the questionnaires and some
of the sociodemographic information and PHQ-9
total scores at six and 12 months were missing for
some cases, we performed missing completely at
random (MCAR) analyses to determine that
missing values were produced randomly. Once
checked, data imputation was conducted with a
random forest (RF) algorithm (Stekhoven & Buehl-
mann, 2012). Afterwards, the sample was split into
the PCET and CBT subsamples and predictive
models of outcomes were derived for each therapy
modality.

Predictors for the full and routine data model were
selected using RF algorithms (Liaw & Wiener,
2002) and a branch-and-bounds algorithm (Furnival
& Wilson, 1974), respectively (see below). After
selecting the variables, they were introduced into
linear regression analyses using a stepwise algorithm
for variable retention and controlling for PHQ-9 total
score at screening. Additionally, a leave-one-out
cross-validation (LOOCV) procedure was
implemented to prevent overfitting. At this point,
two sets of models were computed, one comprising
item scores from trial measures, including routine
measures and sociodemographic variables and their
interactions (full data model), and another one with
only the NHS Talking Therapies total scores from
the mandated routine outcome measures and socio-
demographic variables (routine data model) collected
within the same trial.

Once the models were estimated, they were
applied in each treatment modality to obtain a
factual and a counterfactual prediction. The pre-
dicted outcomes from the PCET and CBT models
were subtracted to obtain the PAI and classify the
patients as those who received their optimal and
non-oprimal treatment. We assessed the differential
prediction (PAI) performance with a repeated-
measures analysis of variance (RM-ANOVA) and
checked the differences between patients who
received their optimal and non-optimal treatment
on the PHQ-9 scores at six and 12-months.
Additionally, we applied the routine data model to
the routine data from the trial patients (PHQ-9
from first and last session) as a transition toward
testing on an external routine data sample.

Finally, to test the routine data model with the exter-
nal sample, we performed a PSM procedure to select
patients with similar characteristics to the trial
patients from the local NHS Talking Therapies
service and applied the previously computed predic-
tion models. We followed the same procedure to
classify the patients based on PAI scores in this
sample and assessed its performance. Since the PAI
is a difference score, larger scores indicate larger pre-
dicted effect size differences between the optimal and



non-optimal group. It is expected that with an
increasing effect size difference, the predictions
become more clinically relevant (e.g., Cohen et al.,
2021). Therefore, it is reasonable to hypothesize
that patients with higher PAI scores will experience
greater benefits from receiving their optimal treat-
ment compared to patients with lower PAI scores.
Following this, we evaluated the performance of the
routine data model in a subgroup of patients with at
least a predicted effect size difference of d> .3 (e.g.,
Lutz, Deisenhofer, et al., 2022).

Data pre-processing and data imputation.
After performing MCAR analyses and verifying that
missing values were produced randomly, missing
values imputation was carried out for PHQ-9 total
score at six (13% missingness) and 12 (15.3% miss-
ingness) months, as well as missing item scores of the
instruments at screening (11.4% missingness) and
some of the sociodemographic information (.e.,
employment status [16.5% missingness] and ethni-
city [4.3% missingness]). This was performed with
the R package “missForest” 1.4 (Stekhoven, 2013)
on R (R Core Team, 2021) and Rstudio (RStudio
Team, 2021).

Once data were imputed, we re-coded the variable
“employment status” in a four-level categorical vari-
able called “remunerated activity status” (RAS:
doing a daily remunerated activity, doing a daily
non-remunerated activity, not doing a daily activity
but receiving a remuneration, or not doing a daily
activity and not receiving remuneration).

Afterwards, the sample was divided into the PCET
and CBT datasets. In each dataset, all continuous
variables were z-standardized, dichotomous variables
were dummy coded at —Y2, +%, and categorical vari-
ables were dummy coded at 1 —1/m, —1/m (m being
the number of categories; Kraemer & Blasey,
2004). Additionally, two-way and three-way inter-
actions were computed between the sociodemo-
graphic variables (i.e., gender, ethnicity, IMD, and
RAS). All these transformations were performed
with IBM SPSS 28 (IBM Corp, 2021).

Variables selection. Following Schwartz et al.
(2021), to select predictors for the full data model
(using item scores, sociodemographic variables, and
their interactions), RF analyses were implemented
in each treatment modality using JASP 0.16.1
(JASP Team, 2022). We computed seven RF
models in each treatment modality, one for each
questionnaire or group of variables as follows: (1)
Sociodemographic, clinical background variables,
and CIS-R total score; (2) GAD-7 items; (3)
WSAS items; (4) BDI-II items; (5) CORE-OM
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items; (6) CD-RISC items; and (7) Credibility and
Expectancy items.

We configured the RFs dividing each treatment
modality into training (80%) and test (20%) sub-
samples. A total of 129 variables were included in
the analyses (see the complete list of predictors in
Supplementary Tables 1 and 2). Information from
PHQ-9 was not included in the RF analyses
because it was later included in the regression
models (by forced entry) to control for depression
levels at screening. In contrast to the criteria
employed by Schwartz et al. (2021), where predictors
accumulating 90% importance in the model were
selected, we opted for a selection criterion based on
positive scores in “mean decrease in accuracy.”
This criterion was chosen given its simplicity and
robustness (Genuer et al., 2010; Strobl et al., 2007;
see Supplemental Material for further details).
Nevertheless, using RF to select a subset of features
from a small number of variables (consistent with
the routine data from NHS Talking Therapies
program) may lead to problems of overfitting and
biased importance because variables that are more
strongly correlated with the target variable may dom-
inate the importance rankings, while potentially
important variables with weaker correlations may
be overlooked (e.g., Tang et al., 2018). Thus, we
used a branch-and-bounds algorithm with the R
package “leaps” (Lumley, 2022) to select predictors
for the routine data model (using total scale scores
and sociodemographic variables). This algorithm
was applied to each treatment modality (CBT and
PCET). Branch-and-bounds allows the selection of
the best subset of variables in linear regression. Its
results do not depend on a penalty model for model
size, which allows controlling for multicollinearity
based on all possible combinations of variables
from the original set. As with RF analyses, the
PHQ-9 total score was not included in the branch-
and-bounds algorithms. For further details on the
variable selection procedures see the Supplemental
Material.

Estimation of Regression Models

We estimated two sets of regression models, full and
routine data models. Each set contained two regression
models, one for each treatment modality. Each of
these models was estimated regressing the variables
previously selected on the PHQ-9 total score at 12
months, controlling for the PHQ-9 total score at
screening. A stepwise algorithm for variable retention
(based on Akaike’s Information Criterion [AIC]) was
implemented (Heinze et al., 2018). Additionally, a
LOOCYV procedure was used for cross-validation
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purposes and over-fitting prevention (Efron, 1982).
The LOOCYV procedure creates » models in each
treatment modality dataset (z being the sample size
of the dataset) with a sample size of »— 1. In that
way, each model was estimated without any infor-
mation about the patient whose scores were pre-
dicted. Thus, the predictions are considered to
contain a small or null bias. In the end, the =»
model estimates are averaged to obtain a single
model for each treatment modality. These pro-
cedures were performed with the R package “caret”
(Kuhn, 2008).

Estimation of the PAI. With the previously esti-
mated models in each set (full and routine data
models), we obtained a factual prediction for each
patient in each treatment modality (CBT and
PCET). Next, we applied the regression model
obtained with one treatment modality to the other
to obtain a counterfactual prediction for each
patient. In that way, we generated two predictions
for each patient, one for each treatment. The PAI
was then estimated as the difference between the
two predictions (the predicted outcome for PCET
was subtracted from the predicted outcome for
CBT). Due to lower scores on the outcome vari-
able (PHQ-9) indicating better treatment out-
comes, a PAI>0 indicated that PCET was
recommended while a PAI<O0 indicated a rec-
ommendation of CBT. Afterwards, each patient
was classified as having received their optimal or
non-optimal treatment if they were actually
treated with the treatment recommended by the
PAI or not.

Assessment of the differential prediction
performance. With RM-ANOVA, we tested the
differences in PHQ-9 total scores at six and 12
months between patients who received their
optimal and non-optimal treatment, controlling for
PHQ-9 total scores at screening. Effect sizes were
computed as standardized differences between
scores (Cohen’s d).

Test Sample Selection

From the external NHS Talking Therapies dataset,
we selected all patients who attended at least two
high-intensity sessions (n=6,049). We then
selected all patients with no missing values in
either of their variables (listwise deletion), yielding
a sample of 4,084 patients. We transformed the
variables of this sample following the same pro-
cedures previously described for the training
sample. With this test sample pool and the training

sample, we applied a PSM algorithm to select a
study test sample with similar characteristics to
the training trial (matching ratio 1:1). To allow
heterogeneity in the matching procedure (increas-
ing the external validity of the PAI), a caliper was
set in .20. The co-variates considered were age,
gender, ethnicity, IMD, RAS, PHQ-9, GAD-7,
and WSAS. The PSM was set without replacement
(which increases the heterogeneity of the selection).
Once the test sample was selected (n=255), its
characteristics were compared with the training
sample characteristics using multivariate analysis
of variance (MANOVA) applying Pillai’s trace,
and Chi-squared (xz) test.

Routine Data Model Evaluation

Finally, the regression models previously computed
with the training sample (PRaCTICED trial) were
applied to the test sample to compute the PAI. An
analysis of covariance (ANCOVA) was applied to
evaluate the differences in PHQ-9 total scores at
last therapy session between patients who received
their optimal and non-optimal treatment, controlling
for potential differences on pre-treatment scores that
might exist between groups. Adjusted effect sizes for
ANCOVA were computed following the method
proposed by Hedges et al. (2023). The same pro-
cedure was applied to evaluate the performance of
the rourine dara model in the subgroup of patients
with at least a predicted effect size difference of
d>.3.

Results
Samples Characteristics

Training sample. The training sample com-
prised 255 patients who completed the scheduled
treatment and all instruments administered at
screening: 149 (58.4%) were women, 106 (41.6%)
were men, and 14 (5.5%) were non-White. Their
age mean was 40.51 (SD=13.03) years, with an
IMD mean of 5.81 (SD=3.28). Regarding their
RAS, 144 (56.5%) were conducting a paid activity
as their primary occupation, 28 (11%) were not
engaged in a primary activity but were receiving
some income, 15 (5.9%) were engaged in a daily
activity without receiving a salary, and 26 (10.2%)
had neither activity nor income. The patients
received 1.39 (SD =1.14) sessions of low-intensity
treatment on average before the screening. At
intake they had a mean score of 31.42 (SD =8.05)
on the CIS-R, 18.62 (SD=4.09) on the PHQ-9,
12.89 (SD =4.38) on the GAD-7, 25.0 (§D =7.48)



on the WSAS, 36.21 (SD=8.60) on the BDI-II,
21.84 (SD=4.74) on the CORE-OM, and 40.10
(SD =13.89) on the CD-RISC.

Test sample. The test sample comprised 255
patients selected with PSM from the NHS
Talking Therapies external dataset. There were
no differences between this sample and the training
sample in the proportion of women (z =158, 62%)
and men (n=97, 38%), x*(1)=.66, p=.41, the
proportion of non-White (z=15, 5.9%) and
White (n=240, 94.1%) patients, y>(1)=.04, p
= .85, and patients’ age (M =39.87, SD=14.22),
V=.17, F(1; 508) =.28, p=.60. However, there
were statistically significant differences in RAS
between both samples, with the test sample
having a higher proportion of patients who were
not engaged in an activity nor received an income
(n=53, 20.8%), ¥*(3) =11.95, p<.01 (Cramer’s
V'=.15). There were also statistically significant
differences in the number of low intensity sessions
M=1.82, SD=1.48), IMD (M=4.51, SD=
3.12), PHQ-9 (M=16.54, SD=5.10), GAD-7
(M=14.16, SD=4.22) and WSAS (M=21.62,
SD =8.74) scores at intake. Patients from the test
sample presented a lower IMD on average,
Pillai’s V'=.17, F(1, 508)=20.85, p<.001, ng
=.04, scored lower on the PHQ-9, F(1, 508) =
25.59, p<.001, ng =.05, and WSAS, F(1, 508) =
21.99, p<.001, ng, = .04, but higher on the GAD-
7, F(1, 508)=205.83, p<.001, n§= .02, and
attended more low intensity sessions, F(1, 508) =
25.59, p<.001, nf,=.05. Nevertheless, all these
differences were small with weak effect sizes
(Cramer’s 17<.20 and ng <.05).

Variables Selection

For the full data model, the results from the seven RF
algorithms are shown in Supplementary Tables 1 and
2. They present each model’s variables ranked from
the highest to the lowest importance (according to
the mean decrease in accuracy) for each group of
variables. For the PCET dataset (Supplementary
Table 1), 85 variables (65.89%) were selected as
potential predictors while for the CBT dataset (Sup-
plementary Table 2), 64 variables (49.61%) were
selected.

For the routine data model, the branch-and-bounds
algorithm suggested gender and WSAS as predictors
for the PCET dataset (Mallow’s Cp=2.66), and
number of low intensity sessions, WSAS, and RAS
for the CBT dataset (Mallow’s Cp = 1.75).
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Estimation of Regression Models

For the full data model, 85 variables were introduced
into the regression analysis for the PCET dataset and
11 were retained by the stepwise algorithm, obtaining
a model with an R?=.35 (with PHQ-9 total score at
screening accounting for R?=.068). For the CBT
dataset, 64 variables were introduced into the
regression analysis and 13 were retained by the step-
wise algorithm, obtaining a model with an R?= .47
(with PHQ-9 total score at screening accounting for
R?=.061). The parameters of both models are
shown in Supplementary Table 3.

For the routine data model, three variables were
introduced into the regression analysis for the
PCET dataset and all were retained by the stepwise
algorithm, obtaining a model with an R =.16 (with
PHQ-9 total score at screening accounting for
R?=.09). For the CBT dataset, 4 variables were
introduced into the regression analysis and all were
retained by the stepwise algorithm, obtaining a
model with an R?=.24 (with PHQ-9 total score at
screening accounting for R =.08). The parameters
of both models are presented in Supplementary
Table 4.

Estimation of the PAI

For the full data model, the PAI mean was -.014 (Mdn
=-.18, SD=4.23, range = —13.15-11.24) indicat-
ing a slight advantage to CBT in predicted outcomes.
PCET was recommended to 127 (49.8%) patients,
while CBT was recommended to 128 (50.2%). Of
the 255 patients, 132 (51.8%) received their
optimal treatment (72 in PCET and 60 in CBT)
and 123 (48.2%) their non-optimal treatment (55
in PCET and 68 in CBT). For the routine data
model, the PAI mean was -.003 (Mdn=-.11, SD=
1.72, range = —3.70-9.71) indicating a small advan-
tage to CBT in predicted outcomes. PCET was rec-
ommended to 127 (49.8%) patients, while CBT was
recommended to 128 (50.2%) patients. Of the 255
patients, 130 (51%) received their optimal treatment
(71 in PCET and 59 in CBT) and 125 (49%) their
non-optimal treatment (56 in PCET and 69 in
CBT).

Assessment of the Differential Prediction
Performance

Based on the full data model, we obtained a significant
effect of the differential prediction (i.e., having
received the optimal or non-optimal treatment) on
PHQ-9 total scores at six and 12 months: Green-
house—Geisser’s ¢=1.00, F(1.99, 504.38) =29.37,
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Figure 1. Estimated marginal means of Patient Health Questionnaire-9 (PHQ-9) total score at screening, 6-month and 12-month follow-up,
95% confidence intervals and effect sizes for patients who received their optimal and non-optimal treatment according to the Personalized
Advantage Index (PAI) for the trained models. Note: (a) PAI classification according to full data model; (b) PAI classification according to
routine data model; d = Cohen’s effect size; In brackets = 95% confidence intervals for the effect sizes between groups; PAI = Personalized

Advantage Index; PHQ-9 = Patient Health Questionnaire-9.

p<.001, with contrasts revealing statistically signifi-
cant differences between those patients who received
their optimal vs. non-optimal treatment at the two-
time points: F(1, 253)=27.20, p<.001, d=.65
[.40, .91] at six months, and F(1, 253) =45.61, p
<.001, d=.85 [.59, 1.10] at 12-months (see Figure
1a). In terms of effect sizes within patients, those
who received their optimal treatment obtained a
pre—post effect size of d=1.43 [1.19, 1.67] at six-,
and d=1.90 [1.61, 2.18] at 12 months. By contrast,
patients who received their non-optimal treatment
obtained d=.75 [.55, .95] at six-, and d=.85 [.64,
1.05] at 12 months.

Based on the routine data model, with RM-ANOVA
we obtained a significant effect of the differential pre-
diction on PHQ-9 total scores at six and 12 months:
Greenhouse—Geisser’s ¢=.98, F(1.96, 496.65) =
5.39, p <.01, with contrasts revealing statistically sig-
nificant differences between those patients who
received their optimal vs. non-optimal treatment at
12 months: F(1, 253)=9.77, p<.01, d=.39 [.14,
.64], although no differences were found at six
months: F(1, 253) =243, p=.12, d=.19 [-.05,
.44] (see Figure 1b). In terms of within-patient
effect sizes, receipt of optimal treatment yielded
values of d=1.38 [1.12, 1.65] at six-, and d=1.77
[1.50, 2.06] at 12 months, while receipt of non-
optimal treatment obtained d=1.09 [.84, 1.34] at
six-, and d=1.25 [.98, 1.51] at 12 months.

When the routine data model was applied to
routine data from the trial (first and last session)
we obtained a significant effect of the differential
prediction on PHQ-9 total scores at last session:
Greenhouse—Geisser’s €¢=1.00, F(1, 253) =11.30,
p<.001, with contrasts revealing statistically signifi-

cant differences between those patients who
received their optimal vs. non-optimal treatment:
F(1, 253)=6.35, p<.05, d=.48 [.23, .73].

In terms of within-patient effect sizes, the model
yielded values of d=1.74 [1.47, 2.01] for those
who received the optimal treatment and d=1.12
[.89, 1.34] for those who received the non-optimal
treatment. These results are shown in Supplemen-
tary Figure 1b, together with the results of the full
data model applied to the routine data from the
trial (Supplementary Figure 1a).

Routine Data Model Evaluation Based on the
Test Sample

Applying the rourine data model to the test sample
yielded a PAI mean of -.86 (Mdn=-1.34, SD=
2.26, range = —5.05-5.91) indicating an advantage
of CBT in predicted outcomes. PCET was rec-
ommended to 98 (38.4%) patients, while CBT was
recommended to 157 (61.6%) patients. Of the 255
patients, 127 (49.8%) received their optimal treat-
ment (42 in PCET and 85 in CBT) and 128
(50.2%) their non-optimal treatment (72 in PCET
and 56 in CBT). The difference in outcomes
between the differential prediction groups was
tested with ANCOVA and yielded a non-significant
difference between PHQ-9 total scores at last
session, F(1, 252) =3.89, p=.05, with an adjusted
effect size of d=.21 [-.00003, .43] (see Figure 2a).
In terms of within-patient effect sizes, optimal and
non-optimal pre—post effect sizes were d=1.07
[.85, 1.28] and d=.82 [.62, 1.02], respectively.
Finally, when evaluating the differential prediction
performance in the subgroup of patients with stron-
gest indications (z = 168 with an effect size difference
of d > 0.3, PAl score > 1.53 or <—1.53), we obtained
a statistically significant difference between those
patients who received their optimal vs. non-optimal
treatment at their last session: F(1, 165) =7.96, p



<.01, with an adjusted effect size of d=.38 [.11, .64]
(see Figure 2b). In terms of within-patient effect
sizes, optimal and non-optimal pre—post effect sizes
were d=.98 [.73, 1.22] and d=.56 [.31, .81],
respectively.

Discussion

The current study was aligned with the goals of pre-
cision mental health care. In this regard, it aimed to
develop a treatment selection algorithm to provide
psychological therapy services with an evidence-
based means of better matching therapy, in this
instance either PCET or CBT, to individual patients.
To our knowledge, this is the first study that devel-
oped such an algorithm considering a distal treat-
ment outcome (i.e., 12-months follow-up) focusing
on PCET. Given the finding in the PRaCTICED
trial that, at the group level, there was no difference
in outcomes at the final session but that outcomes
favored CBT at 12 months, the current study
reframes a comparison between treatment modalities
with one of matching individual patients with their
optimal treatment.

Noteworthy is the finding of a significant effect
(d=.38) between optimal and non-optimal when
the threshold is set to focus solely on those patients
with the strongest indications. The effect translates
into a 21% advantage. Differential effects often
occur toward the ends of a distribution with
those patients toward the center being less
swayed by preference or effect of one condition
or the other. Hence, for many patients, receipt of
CBT or PCET is not a crucial matter. But where
the PAI score exceeds an effect size difference of
d = 0.3, then matching matters. But it is important
to emphasize that the subgroup analysis focuses
on identifying those patients who maximize the
difference between optimal and non-optimal
(by showing the strongest indications for a particu-
lar treatment). They tend to be more severe
patients and even though their outcomes are not
as good as for all patients, the effect of receiving
the optimal treatment is even more important
for them.

The findings parallel those of the original DeRu-
beis et al. (2014) study who reported d values of
.28 (whole sample) and .58 (higher PAI score
sample) for the advantage to optimal over non-
optimal treatments in a comparison of CBT vs. anti-
depressant medication. Clearly, greater effects are
achieved by targeted prescription. Identifying those
patients for whom treatment mismatch is greatest
may likely improve overall outcomes and reduce
dropout.
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However, even without such targeted prescription,
the adoption of a strategy for all patients that yielded
a small additional effect (e.g., d=.21) would be ben-
eficial. The small effect, in traditional terms, is to be
expected as such models are based on interactions
between treatments and patient variables. There is
increasing recognition that smaller effects are rel-
evant in psychological therapy research and that,
because of the complexity of matching individuals
to treatment modalities, the effects are naturally
going to be small (Barkham, 2023). But, in the
context of the large numbers of people referring for
psychological support (e.g., >1.5 million patients
per annum are referred to the NHS Talking Thera-
pies program), the gain at a population level is con-
siderable. As such, this area of work is consistent
with calls to recognize the value of building a
science on the cumulative yield of small effects
(e.g., GOtz et al., 2022).

In the training sample, the PAI provided a robust
classification of patients who received their optimal
and non-optimal treatment according to both the
full and routine data models. While in the full data
model, optimal and non-optimal groups showed stat-
istically significant differences at both time points, in
the routine data model, these groups did not differ stat-
istically significantly in the PHQ-9 at six months but
did so at 12 months. Bearing in mind that the
regression models for estimating the PAI predicted
treatment outcome at 12 months, it is noteworthy
that at six months, the PAI for the full data model
already differentiated between patients who received
their optimal and non-optimal treatment with a .65
effect size. These results show, retrospectively, that
an algorithm for treatment allocation (i.e., the PAI)
may provide better outcomes than allocating patients
randomly. As expected, the full data model included
more predictors than the routine data model, with
the former resulting in a better classification of
patients (i.e., larger effects sizes within and between
patients).

When applying the routine data model to the test
sample, the resulting effects yielded similar within-
and between- patients effect sizes to those obtained
with this model in the training sample. This is impor-
tant as the PSM algorithm was set to allow hetero-
geneity between samples, resulting in small
differences in patients’ features between the two
samples and thereby increasing the generalizability
and external validity of the model. Despite these
differences, the routine data model produced similar
results in both samples (training and test samples),
which can be considered evidence of its replicability.

Considering methodological issues in the training
sample, in terms of variable selection, we went
beyond previous studies incorporating and analyzing
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Figure 2. Estimated marginal means of Patient Health Questionnaire-9 (PHQ-9) total score at first and last sessions, 95% confidence inter-
vals and adjusted effect sizes for patients who received their optimal and non-optimal treatment according to the Personalized Advantage
Index (PAI) for the routine data model in the test sample. Note: (a) PAI routine data model performance in the external sample; (b)
PAI routine data model performance in the subgroup of patients with strongest indications; d = Adjusted effect size; In brackets = 95% con-
fidence intervals for the effect sizes between groups; PAI = Personalized Advantage Index; PHQ-9 = Patient Health Questionnaire-9.

item scores and the interaction between sociodemo-
graphic variables. When looking at the results from
the RF algorithms for the full data model, more predic-
tors were required for predicting outcome in PCET at
12 months (85) than for CBT (64). And in consider-
ing the variance explained by the regression analyses,
a greater percentage of variance was explained for
CBT in the full and routine data models sets (47%
and 24%, respectively), compared with PCET (35%
and 16%, respectively). With a slightly higher
number of predictors entered into the CBT model
yielding a higher contribution in terms of adjusted
R? than for the PCET model, the outcome variability
in CBT is better explained than the outcome variabil-
ity in PCET in both set of models. However, the var-
iance explained for both models in both sets exceeded
those reported by Delgadillo and Gonzalez Salas
Duhne (2020)—9% and 13% for PCET and CBT,
respectively. These differences may be explained by
the nature of the samples, the way the treatments
were provided, and the predictors used in both
studies (naturalistic sample and treatment conditions,
and use of total scale scores by Delgadillo and Gonza-
lez Salas Duhne (2020)).

The difference in the amount of variance explained
by the models suggests caution in the interpretation
of difference in effectiveness found between PCET
and CBT at 12 months. The CBT models may be
classifying patients better than the PCET models.
The characteristics of each approach might explain
these differences. PCET is a non-directive approach,
centered in emergent meanings that come about
during the process, which can be idiosyncratic;
thus, what each patient takes from the sessions
might present a wider range of variability from one
person to another. In contrast, CBT, which com-
prises a more structured approach centered on

specific targets (i.e., specific goals and symptoms)
might represent a more homogeneous treatment
(vary less from one person to another) and thereby
producing more homogeneous effects.

Clinical implications

Item-level information can contribute to a more
precise patient profiling, describing the specific clini-
cal characteristics that may benefit a patient from one
treatment or another. Additionally, this information
is useful to clinicians in targeting specific symptoms
and adapting treatment to the particular patient
profile beyond the information provided by a total
abstract score (see O’Driscoll et al., 2023). Taking
the predictors that were entered in the full data
model, patients that obtained better outcomes in
PCET at 12 months were characterized by being
employed females or men not employed from more
advantaged areas, who have a sense of purpose in
life, greater expectations of improvement from
PCET, together with feelings of being criticized by
others, impairment in close relationships, and guilty
feelings. By contrast, patients that obtained better out-
comes in CBT at 12 months were characterized by
having a main activity focus, particularly employed
males from more advantageous neighborhoods and
also females not in employment from these areas,
together with greater feelings of being in control of
life and viewing themselves as being able to bounce
back, with a sense of current worthlessness but
having felt warmth for someone at some time. In
addition, the finding that sociodemographic variables
and their interactions yield, at times, predictions in the
opposite directions (e.g., gender, RAS and IMD) are
consistent with studies showing the necessity to



adapt psychological treatments to the socio-economic
background of the patients (i.e., to meet their socio-
economic needs; Finegan et al., 2018) and the incor-
poration of a gender-sensitive perspective (Budge &
Moradi, 2018).

Those patients who did not obtain a clear indication
of the superiority of one treatment over the other rep-
resent a subgroup that can genuinely be offered a
choice based on patient preferences. A personalized
choice adds a critical nuance compared to personaliza-
tion through empirical prescription alone because it
recognizes that patients have unique preferences and
values that should be considered.

Regarding the implementation of both predictive
models, the routine data model can be directly
implemented in clinical practice due to being based
on the variables routinely collected by NHS
Talking Therapies services in England. However,
this model offers a less precise prediction than the
full data model, thereby supporting the argument for
selective additional information to yield a more accu-
rate prognosis tool in routine care. Nevertheless, the
effectiveness of providing psychological therapies
under the recommendation of these algorithms
should be tested in prognostic studies.

Limitations and future directions

We were not able to adopt a sample to test the results
of the models at 12 months because the NHS
Talking Therapies program does not assess patients
beyond the end of treatment. Similarly, we did not
test the full data model on an external sample due to
the variables used to build the latter not being routi-
nely collected in the NHS Talking Therapies
program. Accordingly, the full data model should be
viewed as an indication of the potential yield of
such a model and of the approach in general.

Albeit a pragmatic trial, the intrinsic features and
procedures of such a design may limit the ecological
validity and real-life application of the algorithms
developed. Also, to develop the predictive models,
we did not count on a holdout sample. However,
several methods for internal validation and overfitting
prevention were implemented (e.g., sample splitting
configuration for the RF algorithms, LOOCYV pro-
cedure to compute regression models), and the
models were tested in an external sample. The
current study comprised mainly western White
patients, which, while reflecting the general character-
istics of the majority of users of the NHS Talking
Therapies program, warrants being extended to be
more inclusive of cultural and ethnic minorities.

Additionally, the subgroup of patients without
benefits from PCET or CBT requires further
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investigation. In this sense, there is a need to explore
alternative treatment options for this specific subgroup,
as their lack of response to PCET or CBT suggests the
existence of underlying factors or characteristics that
require further investigation. By acknowledging the
limitations of both PCET and CBT in these cases,
we can better tailor interventions to individual patients’
needs and refer them to more suitable alternatives.

Therapist variability was not included in the analy-
sis and further studies are needed regarding the
inclusion of therapist effects in predictive models
like the PAI. Although in the PRaCTICED trial the
therapist effect was insignificant at 0.2% and unlikely
to have changed appreciably with only a difference of
four therapists in the study sample, the effect is likely
to be larger and significant in routine delivery where
there may be a more diverse population and less con-
sistent treatment delivery (Saxon et al., 2017).

Finally, there is a need for prospective studies in
the field of precision mental health care. Future
studies should design RCT's aimed at testing the val-
idity and effectiveness of these algorithms specified a
priori (e.g., Lutz, Deisenhofer, et al., 2022).

Conclusion

We provided two algorithms that could be applied to
recommend PCET or CBT for depression based on
the highest probability of improvement a patient may
have. This recommendation is not only based on
which treatment might yield a better outcome for a
patient at six months, but also on which might
sustain those gains at 12 months. Further research
is required on how to implement and translate
these developments into routine care, especially con-
sidering the use of additional measures to ensure
better functioning of predictive models and long-
term follow-up assessments.
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