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Background
Various effective psychotherapies exist for the treatment of
depression; however, only approximately half of patients recover
after treatment. In efforts to improve clinical outcomes, research
has focused on personalised psychotherapy – an attempt to
match patients to treatments they are most likely to respond to.

Aim
The present research aimed to evaluate the benefit of a data-
driven model to support clinical decision-making in differential
treatment allocation to cognitive–behavioural therapy versus
counselling for depression.

Method
The present analysis used electronic healthcare records from
primary care psychological therapy services for patients receiv-
ing cognitive–behavioural therapy (n = 14 544) and counselling
for depression (n = 4725). A linear regression with baseline
sociodemographic and clinical characteristics was used to dif-
ferentially predict post-treatment Patient Health Questionnaire
(PHQ-9) scores between the two treatments. The benefit of dif-
ferential prescription was evaluated in a held-out validation
sample.

Results
On average, patientswho received their model-indicated optimal
treatment saw a greater improvement (by 1.78 PHQ-9 points).

This translated into 4–10% more patients achieving clinically
meaningful changes. However, for individual patients, the esti-
mated differences in benefits of treatments were small and
rarely met the threshold for minimal clinically important
differences.

Conclusion
Precision prescription of psychotherapy based on sociodemo-
graphic and clinical characteristics is unlikely to produce large
benefits for individual patients. However, the benefits may be
meaningful from an aggregate public health perspective when
applied at scale.
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A range of psychotherapies are recommended by the National
Institute of Health and Care Excellence for the treatment of depres-
sion,1 with a large body of evidence that suggesting psychotherapies
are equally effective.2 However, treatment efficacy remains
modest.3,4 In the absence of any novel treatments that are clearly
superior for everybody, personalised medicine has focused on iden-
tifying who responds best to which treatment.5 Traditionally, such
efforts have been explored with secondary data from randomised
controlled trials, which suffer from sample size limitations.6

Further methodological limitations include a lack of validation in
external samples and the examination of individual characteristics
in isolation.7 More novel approaches have been developed that
take an actuarial approach; these have been implemented in rando-
mised controlled trial data to examine differential treatment effects
in depression for cognitive–behavioural therapy (CBT) compared
with antidepressant medication,8 interpersonal psychotherapy9

and psychodynamic therapy.10 Furthermore, research has started
to use routinely collected data contained in electronic healthcare
records. These have the benefit of including much larger patient
populations compared with those present in clinical trials. In
recent studies, the use of targeted prescription machine learning
algorithms to assign patients to CBT versus person-centred counsel-
ling for depression (CFD) resulted in approximately 20% greater
improvements when patients were assigned to the optimal

treatment as indicated by the model.7 Further research using a
patient profiling algorithm demonstrated that certain patient pro-
files saw greater improvement in CBT compared with counselling
and vice versa.11 As the implementation of these novel approaches
in healthcare records is at a relatively early stage, less is known
about the replicability and generalisability of the results.
Triangulation of evidence with different methodological approaches
and using different samples will add to the evidence base. As such,
we used a large-scale sample of healthcare records to assess the ben-
efits of a differential treatment allocation of CBT versus CFD, based
on baseline patient characteristics, and to understand which vari-
ables contribute to potential differences in clinical outcomes
between treatments. The validity of the models was tested in an
external data-set.

Method

Settings

Improving Access to Psychological Therapies (IAPT) is a national
programme that delivers psychological therapy for depression
and anxiety across England. IAPT has implemented routine data
collection, gathering detailed information about patients, their
treatment and their clinical outcomes.12 The data are collected on
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a session-by-session basis to increase complete-case recording, even
when patients drop out of treatment early.12 The clinical records for
the present study were obtained from 15 IAPT services, which were
approached based on convenience and feasibility and agreed to par-
ticipate. The services are located across the south-west of England
and London, with the average Index of Multiple Deprivation
(IMD) of the sample population ranging from 12.91 to 29.62
among services, the proportion of individuals from a Black, Asian
or ethnic minority background ranging from 2.9% to 58.9%, and
services being located in a range of settings including both urban
inner-city areas and more rural areas. Data from 2012 to late
2019 were included. All data were extracted and fully anonymised
using Mayden, the providers of the patient management software
used in IAPT, who hold 61% of the market share for adult IAPT
services.

Consent statement

Owing to the anonymous nature of the data, informed consent was
neither possible nor required. However, patients who had a record
of not wanting their data to be used for further processing were not
included in the data extraction.

Ethics statement

The research received approval from the University of Bath
Psychology Research Ethics Committee (19-015).

Interventions

IAPT operates on a stepped care model, whereby low-intensity
therapy (LIT) are offered in the first instance and high-intensity
therapy (HIT) is offered where response to LIT is insufficient or
where there is a clinical necessity, such as a high baseline severity.
CBT and CFD are two of the most commonly available HITs for
depression in IAPT. CBT in IAPT is intended to be delivered in
accordance with Beck’s cognitive model.13,14 CFD in IAPT is
intended to be delivered as a person-centred, experiential therapy
based on the humanistic model.15 All therapies are delivered by
accredited mental health professionals trained in accordance with
the national curriculum.14,15

Sample selection

We identified all patients who had received treatment for clinical
levels of depression, based on a diagnosis of depression as well as
a depression severity threshold of 10 points on the Patient Health
Questionnaire-9 (PHQ-9) at baseline.16 Patients were included in
the present analysis if the majority HIT they received was CBT or
CFD. Themajority HIT was defined as the most frequently recorded
treatment label within all treatments that fall under the umbrella of
HIT in IAPT. LIT was not considered in this definition, but prior
LIT was accounted for in the analysis. Patients who received equal
amounts of two different HITs were excluded. To allow for pre-
and post-treatment measures, patients had to attend at least two
appointments. Among patients in this sample, themost recent refer-
ral was chosen where patients had a record of multiple prior treat-
ments of CBT or CFD. All patients with missing outcome data at
their last attended appointment were excluded. Owing to the
session-by-session recording of outcome measures in IAPT, this
does not necessarily exclude patients who dropped out of treatment,
as their post-treatment score is the measure collected at their last
attended appointment. As such, either before dropping out or com-
pleting treatment, all patients who completed outcome question-
naires at their last attended session were included.

Measures
Outcome measure

The PHQ-9 is a nine-item self-report questionnaire assessing the
severity of depressive symptoms over the past 2 weeks.16 Each
item is rated on a four-point Likert scale ranging from 0 (‘not at
all’) to 3 (‘nearly every day’). The total PHQ-9 score has a range
of 0–27, with higher scores indicating greater symptom severity.
Scores of 5, 10, 15 and 20 denote mild, moderate, moderately
severe and severe depression, respectively. The evidence suggests
that a score≥10 on the PHQ-9 has an 88% sensitivity and specificity
for identifying major depressive disorder.

Patient characteristics

The baseline variables consisted of data that are routinely collected
at the point of referral or assessment. These include sociodemo-
graphic data: age, gender, ethnicity, employment status and sexual
orientation. We additionally assessed the IMD as a proxy for socio-
economic status.17 A range of clinical variables were also collected:
disability and long-term health condition status, diagnosis, depres-
sion symptoms (PHQ-9), anxiety symptoms (Generalised Anxiety
Disorder Scale, GAD-7),18 functional impairment (Work and
Social Adjustment Scale, WSAS),19 psychotropic medication
status and referral source. From the available data-set, we deter-
mined who had also received LIT and the referral number measur-
ing how many times a patient had been referred to IAPT.

Statistical analysis

All analyses were performed using the R programming language.20

Test–training split

Prior to any data analysis, the data-set was randomly split into train-
ing and testing samples at a 3:1 ratio to create a held-out validation
sample. This has the benefit of allowing the evaluation of the model
in a previously unseen data-set. To ensure the training and testing
samples are comparable, they must have similar characteristics.
As such, the balance of the partitioning was assessed on all variables
included in the data analysis using the standardised mean difference
(SMD). This included services and referral year. The balance on all
variables in the training and test samples was <0.1, meeting a con-
servative threshold of balance.21

Imputation

To address missing data, a non-parametric imputation for all base-
line characteristics was performed using the ‘missForest’ package,
which uses a random forest algorithm.22 Random forest imputation
has been shown to perform well in data-sets with different data
types and outperforms other methods of imputation where there
are possible complex interactions and non-linear trends.22 As
missing outcome data at the last attended appointment was an
exclusion criterion, these were not imputed for either training or
test data. Random forest imputation was implemented to impute
both categorical and continuous variables with 500 trees per
forest. Service and year were also included to account for potential
differences in patient populations across areas and time. Out-of-bag
imputation error estimates were reported to assess the imputation
error using the normalised root mean squared error (NRMSE) for
continuous variables and the proportion of falsely classified
entries (PFC) for categorical variables.22 Imputation was performed
separately for the training and testing data-sets. Imputation was
successful with an NRMSE of 0.40 and a PFC of 0.16.
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Propensity score estimation

Owing to the observational nature of the data, the allocation to treat-
ment was not random – certain patients may have been more likely
to receive one type of treatment over another because of certain char-
acteristics. Propensity scores estimate the probability of receiving one
treatment over another based on observed baseline characteristics and
can therefore, at least partially, account for patients’ non-random
treatment allocation. The propensity scores were added to all subse-
quent analyses as a covariate in addition to regression adjustment,
resulting in a doubly robust approach. Previous research has demon-
strated that doubly robust regression adjustment with propensity
scores performs well in studies of electronic healthcare records.23

Treatment model

Arguably, differential treatment allocation is only useful when com-
paring two equally effective treatments – if one treatment is clearly
superior, it would generally be of greater value to simply provide the
more effective treatment. Previous research in IAPT suggests that
treatment outcomes in CBT and CFD are comparable.24 Although
the aim of the present analysis was not to evaluate treatment effi-
cacy, in order to assess the equivalence assumption a main effects
model was fitted using linear regression, with post-treatment
PHQ-9 score as the primary outcome. All baseline patient charac-
teristics and the propensity score were added as covariates. We
also adjusted for the total number of appointments to control for
treatment dose, the service and the referral year.

Prediction model

Non-specific predictors of treatment response are variables that
influence how well a patient responds to therapy, irrespective of
which treatment they receive, whereas moderators are variables
that determine a better or worse response to one treatment over
another.25 Within statistical models, predictors are coded as main
effects and moderators are coded as interactions between a baseline
characteristic and treatment. As interactions require more power, a
different strategy is to examine specific predictors. Predictors are
examined in separate treatment arms to identify which variables
are associated with outcomes in a particular treatment, as has
been implemented elsewhere.7 However, only interactions are able
to identify whether variables produce a statistically significant dif-
ference in clinical outcomes between treatments. Owing to the
larger sample size, we opted to test for interactions.

In the present analysis, a linear regression was fitted in the training
data with the patient’s post-treatment PHQ-9 score as the primary
outcome, covariate-adjusted for baseline PHQ-9.16,20 This approach
was chosen over change-from-baseline calculations to avoid loss of
power and because of the ability to account for measurement error.
All baseline characteristics were added into the regression as main
effects with an additional interaction term with treatment. We also
accounted for the main effects of service, referral year and propensity
scores. Likelihood ratio tests were used to assess the significance of pre-
dictors and moderators for categorical variables with more than two
levels.

To illustrate the magnitude of effect modification, predicted
post-treatment PHQ-9 scores were estimated for CBT and CFD sep-
arately for each prescriptive variable while keeping the remaining
covariates of the model constant. Continuous variables were kept
constant at the mean, with categorical variables set to the most fre-
quent level. This effectively allows the moderating effects of baseline
characteristics to be isolated. For example, if patient A was female
and patient B was male, but they were otherwise identical on all
other baseline characteristics, it would be possible to see how
much of an impact gender has on clinical outcomes between two
different treatments (Table 2).

External validation

Totest the generalisabilityof the results, themodelswereapplied to the
held-out test set.Within the test data, the post-treatment PHQ-9 score
waspredicted forCBTandCFD, therebygeneratingapredictionof the
response to the treatment that patients received (a ‘factual’ prediction)
aswell as for the treatment they did not receive (a ‘counterfactual’ pre-
diction). Following the Personalised Advantage Index (PAI) method-
ology,8 the difference between the two predicted estimates was
calculated to define the magnitude of benefit from one treatment
over another. This difference quantifies how much better or worse
patients would do if they received CBT versus CFD or vice versa.
The treatment with the lowest predicted PHQ-9 score at the end of
treatment is classified as the optimal treatment. By contrast, the treat-
ment predicted to produce a higher score is the suboptimal treatment.

Previous research has shown that the PAI magnitude is not rele-
vant for all patients – many patients are likely to respond to both
treatments similarly.7,8 As a means of identifying patients likely to
benefit from a differential treatment allocation, we identified
patients with a high PAI score. We attempted to identify patients
whose PAI exceeded the percent minimal clinically important dif-
ference (MCID). This is the smallest difference in scores where
patients may experience a subjective improvement, estimated at
an approximate reduction of 20% from baseline PHQ-9
scores.26,27 However, this number was very small and allowed no
meaningful comparison. Previous research has defined a high PAI
as a score beyond one standard deviation from the mean.7 We
adopted a similar approach, defining a high PAI as a score
beyond the first or third quartiles, as the distribution was marginally
skewed. As such, three groups were defined: patients who received
their model-indicated optimal treatment, patients who received
their model-indicated suboptimal treatment and patients where
no favourable treatment was indicated by the model.

Subsequently, the observed post-treatment PHQ-9 scores were
compared between patients receiving their optimal treatment and
those receiving their suboptimal treatment. This comparison was
made for adapted IAPTmetrics of recovery, reliable change and reli-
able recovery.28 Recovery was defined as falling above clinical cut-
offs on either depression or anxiety questionnaires pre-treatment
and falling below these clinical cut-offs on depression and anxiety
post-treatment.28 The depression measure used in IAPT is the
PHQ-9, and the clinical cut-off is ≥10 points.28 Reliable change is
measured as pre- and post-treatment questionnaire changes exceed-
ing the measurement error on one or both depression or anxiety
questionnaires (without a reliable deterioration on the other).28

The reliable change threshold on the PHQ-9 is ≥6 points.28

Reliable recovery is defined as a change in scores that exceeds the
measurement error and scores falling below the clinical cut-offs.28

In the present study these definitionswere adapted toonly incorporate
the depression measure rather than a combination of depression and
anxiety measures, as the primary interest in the present study was
depression. Furthermore, the comparison was also made for both a
percent MCID, which is defined as a 20% reduction from baseline,
and an absoluteMCID, which has a range of values specific to baseline
severity.26,27,29 The difference/odds ratio of the outcomes between
patients who received their optimal and suboptimal treatments were
determined using simple linear and logistic regression, respectively.

Results

Sample characteristics

The majority of the sample were women (67%) and White (79.9%),
with an average age of 40 years. Most patients hadmoderately severe
depression (18 PHQ-9 points), moderate anxiety (14 GAD-7
points) and moderately severe functional impairment (23 WSAS
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points). There were differences in baseline characteristics in patients
receiving CBT and CFD. Sample characteristics are described in
Table 1, with an SMD threshold of <0.25 indicating adequate
balance.20 Patients who received CBT appeared to be more likely
to have a diagnosis of recurrent depressive disorder, higher levels
of depressive symptoms and greater functional impairment. They
also appeared to be more likely to be taking psychotropic medica-
tion and more likely to have self-referred and to have received
LIT, as well as having a higher referral number. This difference in
baseline characteristics potentially suggests that patients are
already being allocated to treatment based on their clinical profile.
However, it should be noted that these imbalances are not adjusted
for other variables. As such, they could be a consequence of specific
services having different populations and delivering a different ratio
of CBT to CFD.

Main treatment effects

We found no evidence to suggest there are significant differences in
treatment outcomes between CBT versus CFD in this sample within
a main effects model. After adjusting for baseline and treatment
characteristics, the difference in post-treatment PHQ-9 score
between treatments was −0.10 (95% CI −0.39 to 0.18, P = 0.493).

Non-specific predictors and moderators of treatment
outcomes

Lower age, not working, higher IMD, having a disability or long-
term health condition, and higher baseline PHQ-9, GAD-7 and
WSAS scores were predictors of higher post-treatment PHQ-9
scores across both CBT and CFD (see Supplementary Table C3
available at https://doi.org/10.1192/bjo.2022.628). Furthermore,
taking medication, being referred from primary care or other ser-
vices (versus self-referring) and having a higher referral number

were identified as predictors of worse outcomes. Service and year
were also predictive of clinical outcomes. After adjusting for other
baseline characteristics, we found no evidence to suggest that
gender, ethnicity, sexual orientation or also receiving LIT was asso-
ciated with outcomes.

We found weak evidence that employment status and psycho-
tropic medication were moderators of clinical outcomes in CBT
versus CFD, but differences were of a very small clinical magnitude
when other covariates were kept constant (Table 2). Other modera-
tors also appeared to make small differences in clinical outcomes
when other covariates were kept constant, but none of these differ-
ences reached statistical significance.

External cross-validation

The discrepancy between the actual post-treatment score and the
model predicted score was −0.19 (s.d. = 6.44). The median PAI in
the test sample was 0.11 (interquartile range: −0.29 to 0.53). This
suggests that across all patients in the test sample, more patients
may marginally benefit from CFD. However, as was found in previ-
ous research, these small differences suggest that not all patients
benefit from a differential treatment allocation. As such, we identi-
fied patients who may benefit the most by selecting those with a PAI
beyond the first and third quartiles. In this 50% of patients, 1247
(51.8%) received their model-indicated optimal treatment. Where
the model indicated CBT as the optimal treatment, i.e. where
according to the model offering CBT would be favourable, 944
(78.3%) of patients received CBT. Where CFD was the model-
indicated optimal treatment, i.e. where according to the model
offering CFD would be more beneficial, 303 (25.2%) of patients
received CFD.

Patients who received their optimal treatment scored −1.78
(95% CI −2.36 to −1.21, P < 0.001) PHQ-9 points lower than

Table 1 Baseline characteristics of patients, stratified by treatment

Total sample
Cognitive–behavioural

therapy
Counselling for
depression

Standardised mean
difference

N 19 269 14 544 4725
Age 40.25 (13.99) 39.59 (14.01) 42.31 (13.72) 0.196
Gender Female 12 837 (66.6) 9479 (65.2) 3358 (71.1) 0.127

Male 6432 (33.4) 5065 (34.8) 1367 (28.9)
Ethnicity White 15 401 (79.9) 11 983 (82.4) 3418 (72.3) 0.242

Black, Asian or ethnic minority 3868 (20.1) 2561 (17.6) 1307 (27.7)
Employment Status Employed 10 570 (54.9) 7766 (53.4) 2804 (59.3) 0.120

Not working 8699 (45.1) 6778 (46.6) 1921 (40.7)
Index of Multiple Deprivation 21.47 (11.85) 21.55 (12.12) 21.23 (10.99) 0.027
Sexual orientation Heterosexual 18 366 (95.3) 13 816 (95.0) 4550 (96.3) 0.064

Not heterosexual 903 (4.7) 728 (5.0) 175 (3.7)
Disability No 16 449 (85.4) 12 415 (85.4) 4034 (85.4) <0.001

Yes 2820 (14.6) 2129 (14.6) 691 (14.6)
Long-term health

condition
No 12 602 (65.4) 9448 (65.0) 3154 (66.8) 0.038
Yes 6667 (34.6) 5096 (35.0) 1571 (33.2)

Diagnosis Depressive episode 14 325 (74.3) 10 288 (70.7) 4037 (85.4) 0.361
Recurrent depressive disorder 4944 (25.7) 4256 (29.3) 688 (14.6)

Baseline PHQ-9 18.24 (4.39) 18.52 (4.35) 17.40 (4.39) 0.255
Baseline GAD-7 14.34 (4.52) 14.52 (4.49) 13.80 (4.58) 0.159
Baseline WSAS 23.07 (8.56) 23.76 (8.38) 20.94 (8.76) 0.329
Psychotropic

medication
Yes 11 112 (57.7) 8879 (61.0) 2233 (47.3) 0.279
No 8157 (42.3) 5665 (39.0) 2492 (52.7)

Referral source Self 10 669 (55.4) 8607 (59.2) 2062 (43.6) 0.432
Primary care 7373 (38.3) 4850 (33.3) 2523 (53.4)
Other 1227 (6.4) 1087 (7.5) 140 (3.0)

Referral number 1.79 (1.25) 1.86 (1.31) 1.56 (1.00) 0.252
Low-intensity therapy No 14 007 (72.7) 10 169 (69.9) 3838 (81.2) 0.266

Yes 5262 (27.3) 4375 (30.1) 887 (18.8)

PHQ-9, Patient Health Questionnaire (nine-item); GAD-7, Generalised Anxiety Disorder Scale (seven-item); WSAS, Work and Social Adjustment Scale. Continuous data are presented asmean
(standard deviation) and categorical data are presented as n (%).
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those who received their suboptimal treatment (Table 3). Patients in
the optimal group had a mean post-treatment PHQ-9 score of 9.63
(s.d. = 6.95), whereas the suboptimal group scored 11.42 (s.d. =
7.49). The odds of recovery for those receiving their optimal treat-
ment versus those who received their suboptimal treatment was
1.52 (95% CI 1.29 to 1.79, P < 0.001); 60.0% of patients in the
optimal group recovered compared with 49.7% in the suboptimal
group. The odds of achieving a reliable change for those receiving
their optimal treatment versus those who received their suboptimal
treatment was 1.19 (95% CI 1.01 to 1.40, P = 0.038); 63.8% of
patients in the optimal group recovered compared with 59.7% in
the suboptimal group. The odds of achieving a reliable recovery
for those receiving their optimal treatment versus those who
received their suboptimal treatment was 1.35 (95% CI 1.15 to

1.58, P < 0.001); 53.9% of patients in the optimal group recovered
compared with 46.5% in the suboptimal group. The odds of achiev-
ing a percent MCID of a 20% improvement from baseline for those
receiving their optimal treatment versus those who received their
suboptimal treatment was 1.37 (95% CI 1.15 to 1.64 P < 0.001)
with 74.2% of patients in the optimal group showing changes of a
clinically meaningful magnitude compared with 67.6% in the sub-
optimal group. The odds of achieving an absolute MCID for those
receiving their optimal treatment versus those who received their
suboptimal treatment was 1.39 (95% CI 1.18 to 1.63 P < 0.001);
63.8% of patients in the optimal group recovered compared with
56.0% in the suboptimal group.

When exploring the baseline characteristics of patients who
were predicted to have better treatment responses in CBT, we

Table 3 Evaluation of a data-driven treatment allocation model in held-out test sample

Optimal treatment Suboptimal treatment Beta/odds ratio 95% CI P-value

N 1247 1162
Post-treatment PHQ-9 9.63 (6.95) 11.42 (7.49) −1.78 −2.36 to −1.21 <0.001
Recovery 748 (60.0) 577 (49.7) 1.52 1.29−1.79 <0.001
Reliable change 796 (63.8) 694 (59.7) 1.19 1.01−1.40 0.038
Reliable recovery 672 (53.9) 540 (46.5) 1.35 1.15−1.58 <0.001
MCID (%) 925 (74.2) 786 (67.6) 1.37 1.15−1.64 <0.001
MCID (absolute) 796 (63.8) 651 (56.0) 1.39 1.18−1.63 <0.001

PHQ-9, Patient Health Questionnaire (nine-item); MCID, minimal clinically important difference.

Table 2 Illustration ofmoderating effects for baseline characteristics on predicted post-treatment PHQ-9 scores in cognitive–behavioural therapy versus
counselling for depression with other covariates held constant

Cognitive–behavioural
therapy

Counselling for
depression

Beta 95% CI Beta 95% CI P-value

Age 28 9.50 9.06−9.94 9.56 8.90−10.21 0.116
50 8.70 8.28−9.11 9.10 8.47−9.73

Gender Female 9.05 8.64−9.46 9.30 8.69−9.91 0.679
Male 9.16 8.71−9.61 9.52 8.82−10.22

Ethnicity White 9.05 8.64−9.46 9.30 8.69−9.91 0.205
Black, Asian, and minority ethnic 9.39 8.86−9.92 10.02 9.27−10.77

Employment status Employed 9.05 8.64−9.46 9.30 8.69−9.91 0.050
Not working 10.97 10.52−11.42 10.69 10.00−11.37

Index of Multiple Deprivation 12 8.81 8.39−9.23 9.18 8.55−9.81 0.237
29 9.25 8.83−9.67 9.39 8.76−10.02

Sexual orientation Heterosexual 9.05 8.64−9.46 9.30 8.69−9.91 0.262
Not heterosexual 9.56 8.88−10.23 9.08 7.78−10.37

Disability No 9.05 8.64−9.46 9.30 8.69−9.91 0.924
Yes 9.73 9.18−10.28 9.94 9.06−10.82

Long-term condition No 9.05 8.64−9.46 9.30 8.69−9.91 0.603
Yes 9.62 9.17−10.06 10.01 9.32−10.70

Diagnosis Depressive episode 9.05 8.64−9.46 9.30 8.69−9.91 0.686
Recurrent depressive disorder 9.35 8.85−9.85 9.46 8.63−10.29

Baseline PHQ-9 15 7.87 7.45−8.29 8.20 7.57−8.84 0.466
22 10.43 9.99−10.87 10.57 9.91−11.24

Baseline GAD-7 11 8.62 8.19−9.04 8.86 8.23−9.50 0.982
18 9.53 9.10−9.96 9.78 9.13−10.42

Baseline WSAS 17 8.60 8.18−9.02 8.92 8.30−9.54 0.463
30 9.57 9.13−10.00 9.73 9.08−10.38

Psychotropic medication Yes 9.05 8.64−9.46 9.30 8.69−9.91 0.049
No 8.59 8.18−9.00 8.32 7.72−8.92

Referral source Self 9.05 8.64−9.46 9.30 8.69−9.91 0.211
Primary care 9.71 9.24−10.18 9.58 8.96−10.21
Other 10.02 9.42−10.63 10.83 9.48−12.18

Referral number 1 8.81 8.39−9.22 9.05 8.42−9.68 0.983
2 9.12 8.71−9.53 9.37 8.76−9.98

Low-intensity therapy No 9.05 8.64−9.46 9.30 8.69−9.91 0.205
Yes 9.24 8.71−9.76 9.88 9.07−10.70

PHQ-9, Patient Health Questionnaire (nine-item); GAD-7, Generalised Anxiety Disorder Scale (seven-item); WSAS, Work and Social Adjustment Scale. For each characteristic, the treatment
and one moderator are varied while all other baseline characteristics are held constant at the mean for continuous variables or most common level for categorical variables to illustrate the
magnitude of effect modification.
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found that they tended to be slightly older and have lower IMD and
depression, anxiety and functional impairment scores. This group
also had a higher proportion of patients who self-referred, were
employed and were heterosexual. Furthermore, better response to
CBT was predicted among those who received LIT prior to HIT,
had a long-term health condition and were taking medication, rela-
tive to the CFD group. Conversely, patients who were predicted to
have better treatment responses in CFD tended to be slightly
younger, as well as having higher IMD and depression, anxiety
and functional impairment scores. This group also had a higher pro-
portion of patients who were referred from primary care, were not
working, were not heterosexual and had no previous LIT.
Furthermore, it had a higher proportion of patients who were not
taking medication and had no long-term health conditions.
Proportions of gender, ethnicity, disability status, diagnosis and
referral number appeared to be similar.

Discussion

Electronic healthcare records were used to identify a cohort of
patients receiving CBT or CFD for depressive symptoms in
primary care settings. We investigated the benefit of differential
treatment allocation on the basis of baseline characteristics. The
results were validated in a held-out test sample. We found no evi-
dence to suggest a main effect of treatment for CBT or CFD.
However, we found some evidence to suggest that differential treat-
ment allocation based on baseline characteristics could modestly
improve outcomes. When allocated to their model-indicated
optimal treatment, patients improved 1.8 points more on the
PHQ-9 compared with patients who were allocated to their subopti-
mal treatment. This resulted in 4–10% more patients achieving
favourable clinical outcomes. However, there were very few patients
for whom the predicted difference between treatments was of a clin-
ically meaningful magnitude at the individual level. However, ben-
efits may nonetheless be meaningful from a public health
perspective when applied at the population level.

Discussion of findings

Similar to previous research, which compared CBT and counselling,
we found no evidence of a main treatment effect of CBT versus CFD
in patients with depression.24 However, previous research has
shown that some patients can benefit if they are differentially allo-
cated to CBT versus CFD on the basis of baseline characteristics.7

Previous research used a supervised machine learning algorithm
to identify predictors separately within each treatment.7 This
approach of examining predictors separately in each treatment
group is favourable, relative to testing for interactions, when
sample sizes are smaller as there is insufficient power to assess mod-
erating effects (i.e. to test for interactions). The present study tested
for moderation in a larger sample, which has the benefit of add-
itional power to assess differential effects of characteristics in differ-
ent treatments. In the previous research study, 62.5% of patients
experienced a reliable recovery if they were assigned to their
optimal treatment, whereas only 41.7% of patients achieved this if
they were assigned to their suboptimal treatment (among the 30%
of people who benefited from a differential treatment allocation).7

This approximately 20% difference in improvement translated
into post-treatment PHQ-9 differences in the range of approxi-
mately 1–2 points and effect sizes ranging from 0.16 to 0.33.7 We
found comparable benefits on the post-treatment PHQ-9 but
much more modest improvements in reliable recovery. It has
been suggested that higher deprivation may be associated with
worse outcomes of CBT and better outcomes of CFD.7 Ethnicity

was found to only be a predictor for CBT, with ethnic minority
groups having worse outcomes.7 Higher baseline anxiety, lower
outcome expectancy, longer chronicity and not taking antidepres-
sant medication were found to be associated with better outcomes
in CFD only.7 Our research suggests that only two variables were
marginally statistically significant moderators. Similar to the previ-
ous study, we found some evidence to suggest that medication status
is a moderator; however, contrary to previous research, we also
found that employment status was a moderator, whereas this was
found to be a general predictor in the previous study.7 In our
work, no other variable reached statistical significance when
testing for effect modification. However, owing to the previous
study including additional variables, only crude comparisons of
variables can be made. Further research used a patient profiling
algorithm to identify distinct groups of patients with specific pro-
files and examined differences in treatment response. Certain
patient profiles showed greater clinical improvements in CBT,
whereas other patient profiles appeared to benefit more from coun-
selling, although the point estimates for the latter groups had wider
confidence intervals.11

We found no substantial evidence to support the idea that any of
the examined moderators produce meaningfully different clinical
outcomes individually. Perhaps surprisingly, we still observed ben-
efits between patients who received their optimal versus suboptimal
treatment at a group level. This potentially suggests that no individ-
ual characteristic is sufficient to result in substantive effect modifi-
cation; rather, there may be a cumulative effect – small differences
may add up across multiple characteristics. It should be noted
that the benefits were only observed at the population level –
almost no patients had a PAI score that reached the threshold of
anMCID.26,27,29 This suggests that benefits may not be immediately
tangible to every individual patient; rather, they appear to be rele-
vant from a public health perspective, with clinical outcomes
improved to a small degree but at scale. However, it should be
noted that achieving a difference beyond theMCID at the individual
level, a reduction of approximately 20% from baseline, may be a
relatively ambitious threshold given that both treatments are gener-
ally effective.26,27

Strengths and limitations

The present study used a large, retrospective cohort of patients
receiving treatment for depression in primary care, from multiple
services across different geographic locations. This, in addition to
the naturalistic settings, increases the external validity and general-
isability of the findings. Furthermore, we used pre–post treatment
outcome measures, which are favourable to retain power and
account for measurement error. We also validated the model in
an external test sample.

Despite the large, diverse sample, it is still possible that the het-
erogeneity which exists between services may nonetheless limit the
generalisability to other services.30 A further limitation of the
present research is its observational nature. Unlike in randomised
controlled trials, patients in routine clinical practice are not ran-
domly allocated to treatments. We found differences in the baseline
characteristics of patients between treatments, which may suggest
that patients with a higher clinical severity were more likely to
receive CBT. We applied doubly robust propensity adjustment,
which has been established as performing well in electronic health-
care records.23 However, adjustment can only be made for observed
variables, leaving the possibility of unmeasured confounding.
Possible examples may include, but are not limited to, mental
health comorbidities,31 childhood maltreatment,32 cognitive
biases,33 competency in cognitive skills34 and shame.35 In addition,
whereas all treatments in IAPT are delivered by mental health
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professionals, who are trained in accordance with the national cur-
riculum, there are currently no measures of treatment fidelity in
IAPT, making judgements about the adherence to treatment proto-
cols difficult.36 As such, the present study serves as an explanatory
exploration, with more rigorous and causal research required prior
to application in practice, such as evaluations in a randomised con-
trolled trial.

Furthermore, the present results are limited by the data quality
of routinely collected data. Electronic healthcare records contain
missing data and are collected by various clinicians across different
services and years. We used robust methods of data imputation to
address missingness but were unable to account for any systemic
differences in data recording by individual therapists and/or ser-
vices. We examined broad sociodemographic and clinical character-
istics. Previous research has identified more detailed psychological
characteristics including cognitive problems, attributional style,
and interpersonal self-sacrificing that may have moderating
effects.9 These more in-depth psychological characteristics may be
promising moderators that produce greater differential improve-
ments at the patient level, but we were limited by data availability.
Last, a pragmatic limitation was that the present research did not
take organisational factors into account, such as treatment availabil-
ity. Given the small benefit at the patient level, therapy that is avail-
able immediately may outweigh the benefit of waiting for the
model-indicated treatment. Such decisions would need to be
weighed by the treating clinician.

Implications

The present approach could potentially inform clinical decision-
making. Although the benefits of differential treatment allocation
may not produce large effects, and no characteristics emerged as
strong moderators at the patient level, they may still be relevant
from a public health perspective when applied at scale. Currently,
IAPT services in England receive approximately 1.7 million referrals
per year.4 As such, improvements in clinical outcomes ranging from
approximately 4–10% may still affect a large number of patients.
However, only randomised controlled trials can determine the
true extent of the benefits of differential treatment allocation
based on baseline characteristics. A benefit of the present approach
is that it comes at minimal cost and is easy to implement, resulting
in little burden to healthcare systems. In addition, there is little risk
concerning the implementation, as patients receive one of two
effective treatments.

Beyond the immediate implications, the present research
touches on a debate in the current literature concerning the
mechanisms by which therapy produces change. The debate
focuses on whether these mechanisms are common and shared
across therapeutic modalities or whether there are specific factors
unique to different approaches.37 The identification of differential
outcomes of CBT versus CFD based on baseline characteristics
potentially suggests that each may possess specific factors;
however, the effects we found were modest. Furthermore, the
finding that treatments appear to be equally effective and that
most characteristics are stronger general predictors of response,
rather than moderators, also speaks to the idea that various
common factors are likely to exist. Our research suggests that
common factors are likely to contribute to outcomes, but that spe-
cific factors may also contribute to a small yet potentially clinically
relevant degree.37

In order to have greater confidence in differential treatment
allocation, an understanding of the mechanisms of depression as
well as how treatments work is necessary. However, no clear con-
sensus has yet been established in process research that elucidates
the mechanism of action underpinning psychotherapy.38 This is

further complicated by the fact that the evidence for mechanisms
of depression remains unclear, as well as the complexity of depres-
sion as evidenced by the significant symptom heterogeneity.39 This
makes it challenging to reconcile depressive and therapeutic
mechanisms and moderator research to assess whether they con-
verge, at the very least on a theoretical basis. Future research inves-
tigating the mechanisms of both psychotherapy and
psychopathology will undoubtedly provide invaluable insights
that could guide efforts to match patients to their optimal treatment.

Future prospects

The present research suggests that targeted allocation of psycho-
therapy based on baseline characteristics has the potential to per-
sonalise therapy, but only to some degree. Although the effects
were modest at the patient level, the impact from a public health
perspective may nonetheless be meaningful. Owing to their ease
of implementation, minimal risk and low cost, such models
provide a simple way to support clinicians in clinical decision-
making in the future. However, causal research is necessary to
truly evaluate the benefit of personalised approaches to the treat-
ment of depression. Furthermore, significant advances in persona-
lised psychotherapy are likely to depend on advances in the
mechanistic understanding of psychopathology itself, as well as
how psychotherapy works, in order to optimally match treatments
to disease-specific processes.
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