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Abstract

Objective: Previous studies often fell short in identifying differences in treatment effects between psychotherapeutic
frameworks. Instead of focusing on the overall treatment effects, we aimed to identify the effects of individually optimal
treatment choice [cf. treatment personalization].

Method: We used a causal-inference machine learning (i.e., targeted learning) framework to estimate effects from
observational data obtained from the Finnish Psychotherapy Quality Registry, which includes adult patients diagnosed
with various mental disorders (n=2255). Our objective was to estimate the difference in average treatment outcomes
between the optimal individualized treatment and a randomly allocated treatment (i.e., the average of all treatment
options). Outcomes were changes in self-assessed symptom scores and clinician-assessed functioning. In addition, we
estimated counterfactual total-population outcomes for psychodynamic, solution-focused, cognitive—behavioral, and
integrative or cognitive-analytic therapies.

Results: Compared to the average treatment effects, the counterfactual optimal treatment produced 0.28-0.29 standard
deviations larger benefits for all the outcomes (confidence intervals between 0.20-0.39). Assuming all patients underwent
psychotherapy within a single framework, treatment effects on symptom scores were similar across frameworks, but some
differences emerged for change in therapist-assessed functioning.

Conclusion: Identifying optimal treatment rules for psychotherapy frameworks is feasible and may significantly improve
outcomes.

Keywords: personalized treatment; optimal individualized treatment rule

Clinical or methodological significance of this article: We used a targeted learning framework on Finnish registry data
to estimate the optimal psychotherapy framework for each individual and found enhanced treatment effects overall when all
patients received the treatment identified as optimal for them. Our results indicate that algorithmic tools aimed at aiding
clinicians in optimal treatment selections for individual patients hold promise for improving psychotherapy services.

and process data to individualize treatment pro-
cesses, drawing on ideas from precision (i.e., person-
Precision mental health care aims to improve treat- alized) medicine (Barkham et al., 2021; Lutz et al.,
ment outcomes by utilizing patients’ background 2022). Both targeting (Cohen & DeRubeis, 2018;
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Deisenhofer et al., 2018; Schwartz et al., 2021) and
tailoring (Boswell et al.,, 2015; Lambert et al.,
2018; Lutz et al., 2022) treatments have the potential
to improve treatment outcomes (Nye et al., 2023).
This article pertains to targeting in the sense of pre-
scribing treatments optimally.

Algorithms and statistical methods have often out-
performed clinical judgment in outcome prediction
(Agisdottir et al., 2006; Grove et al., 2000). For
instance, identifying patients at risk of treatment
failure is more accurate when using questionnaires
and decision rules than relying on clinicians’ judg-
ments (Hannan et al., 2005). Machine learning
methods offer a flexible and data-driven approach to
predict outcomes for individual patients and have
thus gained significant traction in psychotherapy
research (Aafjes-van Doorn et al., 2021; Chekroud
et al., 2021), particularly in the area of personalized
treatment selection (Cohen & DeRubeis, 2018).
However, achieving sufficient power for multivariate
prediction models requires large sample sizes —a cri-
terion that is often challenging to fulfill (Aafjes-van
Doorn et al., 2021; Lorenzo-Luaces et al., 2021).
When this condition is met, personalization algor-
ithms have improved outcomes (Deisenhofer et al.,
2018; Delgadillo & Gonzalez Salas Duhne, 2020;
Schwartz et al., 2021). Although most studies on per-
sonalized treatment allocation rely on statistical esti-
mates in observational data (Salazar de Pablo et al.,
2021), experiments also support personalization (Del-
gadillo et al., 2021; Lutz et al., 2022).

Various data-driven approaches are available to
determine the most suitable treatment for individual
patients. Some of the most influential in the field of
psychotherapy research are the nearest-neighbors
-approach, where therapeutic outcomes of each
patient are predicted based on previous progress of
other patients resembling most closely the patient in
question (Lutz et al., 2005, 2019) and the personal-
ized advantage index (PAI) which allows comparisons
of predicted outcomes for a patient in two different
treatments (DeRubeis et al., 2014). Both can be esti-
mated using various methods, including machine-
learning models. However, many methods rely on
single models that are susceptible to misspecification
—wrong assumptions about the data-generating mech-
anism-— potentially leading to biased estimates (Smith
et al., 2023; van der Laan & Rose, 2011, chapter 1.2,
page 8-9). In contrast, more flexible semiparametric
ensemble-based approaches can reduce this risk by
automatically detecting useful models from a set of
alternatives (van der Laan & Starmans, 2014).

The question of optimal treatment choice funda-
mentally revolves around understanding the causal
effects of treatments, often addressed through ran-
domized controlled trials (RCTs). However, the

ecological validity of RCTs can be limited by
several factors, highlighting the need for complemen-
tary approaches alongside clinical trials (Dahabreh &
Bibbins-Domingo, 2024; Kazdin, 2022). The core
challenge in causal inference stems from missing
data, as it is impossible to observe the outcomes an
individual would have experienced under an alterna-
tive treatment (i.e., counterfactual or potential out-
comes, Imbens & Rubin, 2015). In RCTs, causal
inference relies on the balance between treatment
and control groups achieved through randomization,
ensuring that the observed effects are attributable to
the intervention rather than confounding factors. In
observational studies, the balance between measured
covariates across treatment settings can be achieved
with computational methods, e.g., with propensity
scores (Rosenbaum & Rubin, 1983) and inverse
probability weighting (Bettega et al., 2024).
Targeted learning is a statistical framework that
integrates machine learning and statistical inference,
aiming to produce statistically robust, minimally
biased, and interpretable estimates that can be used
for causal inference in observational research (van
der Laan & Rose, 2011; van der Laan & Starmans,
2014). The framework leverages the targeted
maximum likelihood estimation (TMLE) technique,
combining flexible, data-driven semi-parametric
machine learning to adjust a target parameter for con-
founding (Gruber & van der Laan, 2009; Luque-Fer-
nandez et al., 2018). This approach allows for realistic
assumptions about complex data while producing
interpretable estimators (e.g., including estimates of
confidence intervals). Compared to other competing
methods, the statistical properties of TMLE make it
superior to generating causal estimates from observa-
tional data (Schuler & Rose, 2017; van der Laan &
Rose, 2011; Table 6.7, page 118). The advantages
of TMLE likely account for its growing adoption in
treatment personalization within psychiatry (Benjet
et al., 2023; Kessler et al., 2022; Zainal et al., 2024)
and related fields more broadly (Smith et al., 2023).
In this study, we aim to estimate counterfactual
average treatment effects (ATE) of different psy-
chotherapy frameworks and to identify decision
rules for optimal treatment selection for individual
patients. This is achieved using baseline character-
istics from comprehensive naturalistic psychotherapy
data on over 2000 patients, a supervised machine
learning approach (i.e., predictive modeling), and a
targeted learning framework. As a preliminary
research question, we (1) estimate the counterfactual
treatment outcome for each psychotherapy frame-
work, assuming all patients would have been allo-
cated to that treatment class (“counterfactual
treatment-specific means’). That is, we compare
whether any of the included psychotherapy



frameworks generally produce better results than
other frameworks. We hypothesize that each frame-
work would produce similar treatment effects on
average according to Dodo’s verdict (Rosenzweig,
1936).

Our (2) main research question is: should everyone
receive their optimal treatment, would they achieve
better treatment effects on average, and how much
better? We define optimal treatment as the psy-
chotherapy framework that would most effectively
alleviate the patient’s symptoms and enhance their
psychosocial functioning compared to other available
frameworks. We estimate the potential benefits of
optimizing treatment allocation by comparing out-
comes in a scenario where everyone would have
received their optimal treatment to a scenario
where treatment is assigned randomly, with equal
probability for each framework. Our hypothesis is
that the optimal treatment shows superior outcomes
compared to the randomized scenario (and com-
pared to the real-world scenario using individual
patients’ estimated allocation probabilities). In this
case, we (3) explore which variables most impact
who benefits from what treatment.
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Method
Sample

The study sample (n=2255) consisted of adult
patients referred to individual short psychotherapy
[max. 20 sessions, longer treatments (n = 139) were
removed from the sample] from primary or psychia-
tric-specialty care in Southern Finland, serving 20%
of the total Finnish population. We included only
patients who had completed their psychotherapy
(interrupted n=188). Participants aged 18-89
(mean =38.2, SD =14.6), and 79.5% were female.
Most of the patients were diagnosed with mood or
anxiety disorders, experienced mild or moderate
symptoms, and were referred to a short psychother-
apy from primary care. We included patients from
different diagnostic categories, except those with
already restrictive treatment recommendations
(obsessive-compulsive disorder, schizophrenia).
Baseline characteristics were similar across differ-
ent frameworks (see Table I and Supplementary
Tables S1 and S2). With TMLE, the distributions
of baseline characteristics do not need to be equal
across the treatment groups, as it utilizes propensity

Table I. Characteristics of Adult Patients from the Finnish Psychotherapy Quality Registry (FPQR) by Different Psychotherapeutic

Frameworks (n =2255).

Integrative and

All Solution-focused CAT Psychodynamic
(n=12255) (n=801/35.5%) (n=643/28.5%) (n=525/23.3%) m=286/12.7%)
Variable Mean/ % SD Mean/% SD Mean/% SD Mean/ % SD  Mean/ % SD

Age (years) 38.2 14.6 36.6 14.3 39.3 14.1 39.1 15.1 38.5 15.1
Sex (% women) 79.5 75.7 80.4 83.8 80.4
Site of referral (%)

Primary-care referrals 57.3 59.4 57.5 53.7 57.3

Specialty-care referrals 42.7 40.6 42.5 46.3 42.7
Delay in accessing treatment (days) 101.6 99.6 104.7 95.9 94.7 97.8 107.6 104.3 97.5 104.2
Main diagnosis, grouped (ICD-10)

(%)

Depression (F32, F34, F38, F39) 33.5 29.0 36.9 34.7 36.7

Recurrent depression (F33) 12.9 11.4 15.4 12.2 12.6

Mixed anxiety & depression (F41.2) 11.0 10.2 10.4 12.6 11.9

Anxiety disorders (F41.1-F41.9, 22.8 25.3 19.8 23.8 20.6

F44, F45, F48)

Panic disorder (F41.0-F41.09) 2.9 5.2 1.7 1.5 1.4

Stress-related disorders (F43) 9.0 7.2 10.6 9.3 9.4

Phobias (F40) 2.4 4.6 0.6 1.1 2.8

Other 5.5 7.0 4.7 4.8 4.5
Baseline-measures of

SOFAS 67.5 11.6 66.8 12.3 67.3 11.8 69.0 10.4 67.6 10.5

PHQ-9 9.5 5.4 9.2 5.2 9.8 5.3 9.4 5.4 9.4 5.6

OASIS 9.2 3.7 9.3 3.7 9.2 3.8 9.0 3.6 9.0 3.7

CORE-10 15.5 6.5 15.3 6.3 16.1 6.4 15.3 6.7 15.5 6.6

AUDIT-C 1.8 1.4 1.9 1.4 1.8 1.4 1.8 1.3 1.9 1.5

CORE-10 = the Clinical Outcomes In Routine Evaluation —10 (scale = 0-40), PHQ-9 = the Patient Health Questionnaire (scale = 0-27),

SOFAS = The Social and Occupational Functioning Assessment Scale (scale = 0-100), OASIS = The Overall Anxiety Severity and

Impairment Scale (scale = 0-20), AUDIT-C = The Alcohol Use Disorders Identification Test Consumption (scale = 0—12). SD = Standard

deviation.
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score-based methods embedded within the double-
robust estimation process to adjust for confounding
(Schuler & Rose, 2017). We included patients from
four different therapy frameworks: solution-focused
therapy (n=643), cognitive behavioral therapy
(CBT, n=2801), integrative and cognitive-analytic
therapies (n =525), and psychodynamic therapy (n
=286). Combining cognitive analytic and integrative
psychotherapies is a viable solution, given their
shared theoretical foundations and training method-
ologies evident in this Finnish context. Furthermore,
neither would constitute a large enough sample on
their own.

Treatments

The patient’s situation was evaluated by a doctor,
who then wrote a referral to short-term psychother-
apy. After this, the patient could receive personal gui-
dance to help choose a preferred framework. The
treatments were administered as part of normal
healthcare services, and their content structure was
planned by the responsible psychotherapists who fol-
lowed national treatment guidelines. In Finland,
“psychotherapist” is a protected profession,
meaning that all practicing psychotherapists must
be licensed by the National Supervisory Authority
for Welfare and Health. The length of the treatment
was determined by the patient and the therapist, up
to a maximum of 20 sessions. Both patients and
therapists completed separate questionnaires at the
beginning and at the end of the treatment to track
outcomes.

The therapists (n =409) reported the psychother-
apy framework they generally practiced, determined
by the theoretical background of their formal psy-
chotherapy training. Therefore, it is likely that
some content overlap between the treatment groups
exists, as therapists can apply methods. Regardless,
the included psychotherapy frameworks (1-4) have
some main distinctive features. (1) Integrative psy-
chotherapists flexibly use perspectives from different
therapeutic frameworks to match the treatment to
the individual patient’s needs (Kuusinen et al.,
2020). Their focus is on building the therapeutic alli-
ance, strengthening the patient’s agency and self-per-
ception, and creating positive interactions. In
Finland, similar principles are present in cognitive-
analytic therapy, which is rooted in the psychoanaly-
tic object relations theory and stresses how the self is
formed in the developmental processes embedded in
social relationships (Kalska & Sérkeld, 2020).
According to the core idea of (2) cognitive—behavior-
al therapy, the patient’s feelings, thoughts, actions,
and physical reactions form an ongoing interactive

process that gives rise to psychological experiences
(Newman et al.,, 2021). Therapists guides the
patient to re-evaluate and change this system by
affecting its parts, for example, with cognitive
restructuring and behavioral changes. In (3) psycho-
dynamic psychotherapies, the unconscious processes
rooted in childhood, past unresolved conflicts, and
interpersonal relationships are identified, modified,
and integrated into the adult personality to alleviate
mental health problems (Barber et al., 2021). In con-
trast, the (4) solution-focused therapy emphasizes
future-oriented thinking, aiming to translate the
patient’s current problems into treatment goals and
to reinforce the existing strengths (Aarnisalo &
Mattila, 2020). The therapist acts as an equal partici-
pant in the therapy process, concentrating on finding
solutions for the problems the patient is experien-
cing. The therapists were nested within frameworks,
i.e., represented only one kind of framework.

Registries

The data was sourced from the Finnish Psychother-
apy Quality Registry (FPQR) under the Hospital
District of Helsinki and Uusimaa (HUS), which
serves as a platform for planning personalized
patient care and assessing psychotherapy accessibility
and effectiveness (for more details, see Saarni et al.,
2022). The registry data was collected from June
12th, 2018, to September 28th, 2022. This study
was conducted as a part of the research projects
“Machine learned causal factors for psychotherapy”
and “Availability, effectiveness, and quality of psy-
chosocial care”, and it has received authorization
from the HUS Ethical Review Board (HUS/1861/
2020 & HUS/3150/2020) and Findata, the national
social and health data permit authority (THIL/4810/
14.02.00/2020 & THIL/1303/14.06.00/2023).

We also combined data from two other registries.
HILMO 1is a care register maintained by the
Finnish Institute of Health and Welfare, which con-
tains information from the treatment notification
system about all previous specialty healthcare visits.
From there, we derived information about previously
diagnosed mental health and somatic disorders. In
addition, we used the register on socioeconomic
status (SES) data coordinated by Statistics Finland.
This administrative SES variable complemented the
self-reported background SES variable from FPQR.

Predictors and Outcomes

We quantified the treatment outcomes as a change in
psychological distress measured by patient-reported
CORE-10 (Clinical Outcomes In Routine



Evaluation; Barkham et al.,, 2013), depression
symptom severity measured by patient-reported
PHQ-9 (Patient Health Questionnaire; Kroenke
et al., 2001), and psychosocial functioning measured
by therapist-rated SOFAS (Social and Occupational
Functioning Assessment Scale; Goldman et al.,
1992). Previous research has demonstrated the
satisfctory psychometric properties of CORE-10
(Barkham et al., 2013; Rosenstrom et al., 2022),
PHQ-9 (Kroenke et al., 2001; Stochl et al., 2020),
and SOFAS (Hilsenroth et al.,, 2000; Jovanovié
et al., 2008; Smith et al., 2011).

We included 21 predictors in our models to predict
counterfactual treatment effects and optimal treat-
ment assignment. When dummy-coding the
nominal variables, 50 predictors were obtained. Pre-
dictive baseline variables were selected according to
general recommendations of the TMLE literature
(e.g., Phillips et al., 2023). That is, we employed a
broad set of predictors together with algorithms
capable of pruning them, complemented by some
degree of a priori pruning based on expert judgment.
For example, we used sum scores rather than the
highly correlated items, but in the case of social
support, separated the construct from general func-
tioning based on its known role in predicting psy-
chotherapy outcomes (Roehrle & Strouse, 2008;
Zimmermann et al., 2021). All the authors verified
the relevance of all the baseline covariates.

Demographics included in the models were age,
gender, work status, and SES. Predictors reflecting
clinical status of the patients were diagnosis, comor-
bidity, site of referral, delay of the treatment onset,
patient-reported use of psychotropic medication,
information of how the patient chose the therapist,
and measures of baseline symptom severity.
Symptom severity was assessed with sum scores of
CORE-10, PHQ-9, SOFAS, AUDIT-C (The
Alcohol Use Disorders Identification Test Con-
sumption; Bush et al., 1998), and OASIS (The
Overall Anxiety Severity and Impairment Scale;
Norman et al.,, 2006). OASIS is a measure for
anxiety symptoms and anxiety-related functioning,
and AUDIT-C consists of three questions measuring
the amount and frequency of alcohol consumption.

Predictors assessing societal factors included infor-
mation on living alone and on experience of social
support (single items from CORE-OM, Q1: “I have
felt terribly alone and isolated.”, scale=0-4, 0
=“Not at all”, 4=“Most or all the time”; Q3: “I
have felt I have someone to turn to for support
when needed.” (R); Q19: “I have felt warmth or
affection for someone.” (R); Q26: “I have thought I
have no friends.”). (See Table I and Supplementary
Table S1 for more information on the predictors.)
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Data Analytic Plan

Targeted learning framework. Targeted learn-
ing is a statistical framework that can be employed
to estimate the population-mean effect of treatments
that maximize outcomes for each individual patient
(Coyle et al., 2020). Consequently, it may serve to
formulate Individualized Treatment Rules (ITR,
van der Laan & Luedtke, 2015) and test individua-
lized treatment recommendations. TMLE (Gruber
& van der Laan, 2009) is the core of targeted learn-
ing; an algorithm combining the estimation of the
treatment assignment mechanism (e.g., propensity
scores) and the outcome model while targeting the
estimation process towards the specific parameter
of interest, such as the ATE, using efficient influence
curve to control variance (Hines et al., 2022). TMLE
estimates are double robust and efficient for the true
(target) parameter of interest, thus possessing several
desirable statistical properties (van der LLaan & Rose,
2011; van der Laan & Starmans, 2014).

Targeted learning employs a stacking method
called super learner, which can combine multiple
machine learning and statistical models into a
single predictive algorithm. The super learner uses
cross-validation to avoid overfitting and generates a
weighted average, or an ensemble algorithm, which
is asymptotically guaranteed to perform better than
any single algorithm included (Naimi & Balzer,
2018; Polley & van der Laan, 2010). In the esti-
mation process of TMLE, two separate super lear-
ners provide estimates for the treatment assignment
mechanism (treatment conditioned on covariates)
and the outcome mechanism (outcome conditioned
on treatment and covariates). The inverse probabil-
ities of receiving a particular treatment are used as
weights in the outcome estimation, simulating a situ-
ation that closely resembles randomization and thus
supports causal interpretation.

Individual learners in the super learner models were
linear regression, lasso-, ridge-, and elastic net
regressions, random forest, extreme gradient boosting,
multivariate adaptive regression splines, and support
vector machines, each of which we had a few versions
with different tuning parameters. The included algor-
ithms utilize different computational techniques with
various qualities and strengths. Due to the data
requirements in our analysis, we removed all the
missing values from our sample (Phillips et al.,
2023). (See Supplementary materials p.2 for data pre-
processing and pp. 15-18 for super learner models.)

Estimating counterfactual treatment effects.
We used TMLE to estimate (7) the counterfactual
treatment effects (i.e., counterfactual outcomes for
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each patient in every treatment arm) and (i) the
treatment effect under optimal treatment choice.
The counterfactual treatment-specific means for
each framework may reveal selection effects relative
to raw framework means. The ATE for optimal treat-
ment choice was estimated as the mean difference in
outcomes between a scenario where everyone
received their optimal treatment and one where treat-
ment was assigned randomly (E[Yoptimal treatment
1=E[Y;andom treatment]). LThe optimal individualized
treatment was defined separately for each outcome
variable as the treatment predicted to produce the
largest improvement in the outcome in question.
(See Supplements pp. 8-11 on targeted learning
and our data analysis process.)

The random choice of a treatment was made with
uniform probability across the treatment frameworks
(agnostic allocation), but we conducted a sensitivity
analysis in which the random treatment was selected
based on the patient-specific (estimated) probability
of receiving that particular treatment (i.e., here the
treatments corresponded in mean to what each
patient had in fact experienced). In addition, we esti-
mated the contribution of each predictor to the pre-
dictions of individualized treatment models using
SHAP values [Shapley Additive Explanations,
(Lundberg & Lee, 2017)]. SHAP values measure
each variable’s influence on the model’s predictions,
with larger values indicating a stronger positive
impact. The analyses were done with R-Studio
version 4.2.2 (R Core Team, 2022) and targeted
learning software ecosystem tlverse (van der Laan
et al., 2023; van der Laan et al., 2023). (See Sup-
plementary Table S10 and Table S20 for additional
information on used R packages.)

Results

The improvement in CORE-10 score from baseline
to the end of the treatment was on average 4.20
points (t(2080) =30.31, p=< .001, Cohen’s d=
0.66, 95% CI=0.62-0.72), 2.91 points in PHQ-9
(t(2083) =27.55, p=< .001, Cohen’s d=0.60,
95% CI=0.56-0.65), and 9.40 points in SOFAS
(t(2186) = —44.39, p=< .001, Cohen’s d=0.95,
95% CI=0.90-1.00). The Pearson’s correlations
for observed change scores between the SOFAS
and CORE-10 were 0.26 (95% CI=0.22-0.30),
0.23 between the SOFAS and PHQ-9 (95% CI=
0.18-0.27), and 0.69 between the CORE-10 and
PHQ-9 (95% CI=0.66-0.71). (See Supplementary
Table S3 for framework-specific effect sizes and
symptom measures.)

Super learner models predicting treatment out-
comes accounted for 17% of the observed variance

in the change of CORE-10 scores, 12% of the
outcome variance in PHQ-9, and 27% of the
outcome variance in SOFAS, as measured by the
cross-validated coefficient of determination (R?).
The accuracy of the cross-validated super learner
models predicting treatment allocation was 0.85
(95% CI=0.83-0.87) without CORE-10 as a pre-
dictor (this super learner model was later combined
with the super learner model predicting CORE-10
as treatment outcome), 0.77 without PHQ-9 as a
predictor (95% CI=0.75-0.79), and 0.71 without
SOFAS as a predictor (95% CI=0.69-0.73). The
numbers greatly exceeded the chance performance
obtained by always guessing the majority group
(accuracy of 0.36). The performance of all super
learner models was considered adequate for the
context (Supplements pp.18-52). The variable
importance plots for the super learners predicting
treatment outcome and treatment allocation are
shown in the Supplements (Figures S2—-S7).

Counterfactual Treatment-Specific Means

None of the counterfactual treatment-specific means
(had all patients received the same form of psy-
chotherapy) differed from the observed stratum-
specific average change in outcomes for CORE-10
and PHQ-9, meaning that allocating all patients to
any one therapeutic framework would not have pro-
duced better treatment effects than observed in
reality (Table II). However, when treatment
outcome was defined as an improvement in thera-
pist-reported social and occupational functioning,
some differences did emerge. Measured as a
SOFAS change, we observed better treatment out-
comes in a scenario where all patients had received
solution-focused therapy (TMLE est. =0.099, CI =
0.030-0.167) and slightly worse outcomes if all
patients had attended psychodynamic therapy
(TMLE est. =-0.127, CI = -0.222- —0.033), com-
pared to the observed distribution of treatments (0 =
mean change in outcome across the whole sample).
Overall, the observed treatment-specific means in
different frameworks were close to the counterfactual
ones.

Optimal Individualized Treatment Effects —
Individually Best Treatments vs Random
Treatment Allocation

The targeted estimate of the average treatment effect
under the optimal individualized treatment was 0.29
for CORE-10 (untargeted estimate = 0.007, TMLE
estimate = 0.294, 95% CI=0.203-0.385), meaning
that the treatment results, measured as a change in
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Table II. Observed and Counterfactual Treatment Specific Means.

CORE-10 PHQ-9 SOFAS
Obs. Obs. Obs.
Psychotherapy Mean TMLE estimate Mean TMLE estimate Mean TMLE estimate
framework change (95% CI) change (95% CI) change 95% CI)
Solution-focused 0.060 0.033 (—0.041-0.107) 0.071  0.045 (-0.029-0.119) 0.101  0.099 (0.030-0.167)
psychotherapy
Cognitive behavioral 0.000 0.018 (—0.051-0.087) —0.014  0.006 (—0.062-0.074) —0.050 —0.046 (—-0.109-0.016)
therapy
Integrative & CAT —-0.043 —0.048 (-0.131-0.036) —-0.035 -0.017 (-0.101-0.067) —0.035 —0.029 (—0.100-0.042)
Psychodynamic -0.068  —0.085 (=0.185-0.015)  —0.079  —0.102 (=0.208-0.004) —0.121 —0.127 (—0.222— —0.033)
psychotherapy

The counterfactual treatment-specific means (TMLE or targeted maximum likelihood estimate) refers to the mean change in the symptom
scores if all patients had received the indicated treatment. Obs. Mean change is the observed change in the outcomes in standardized (z-
score) units, among patients who had received a certain type of psychotherapy. Our analytical procedures required separate datasets, but
samples for CORE-10 (the Clinical Outcomes In Routine Evaluation —10), PHQ-9 (the Patient Health Questionnaire), and SOFAS (the
Social and Occupational Functioning Assessment Scale) showed here are essentially overlapping. n(CORE-10) = 2067, n(PHQ-9) = 2063,
n(SOFAS) = 2124. CAT = Cognitive analytic therapy.

CORE-10 score, would be 0.29 standard deviations
better if all patients would receive their optimal treat-
ment, compared to the random assignment. Simi-
larly, optimal treatment yielded estimates of better
treatment outcomes compared to uniform treatment
probability, as measured by changes in PHQ-9
(untargeted estimate =0.002, TMLE estimate =
0.288, 95% CI=0.197-0.379) and SOFAS (untar-
geted estimate 0.006, TMLE estimate =0.279,
95% CI=0.198-0.361). The numbers were highly
similar when comparing the optimal treatment to
patient-specific probable treatment (i.e., to treat-
ments the sample received; see Supplementary
materials, Table S4).

The numbers of patients attending different
frameworks in reality, and when the allocation
would have been done according to the optimal
treatment rule, are shown in Table III. For all
outcome measures, the optimal treatment rule
would have allocated more people to the solution-
focused therapy and fewer to the psychodynamic
therapy, compared to the observed allocation. Yet,

the optimal rule populated each treatment with
some patients.

The individual treatment recommendations
varied depending on which outcome measures
(CORE-10, PHQ-9, SOFAS) were used in the pre-
diction task. All our models predicting optimal
treatment choice gave the same recommendations
in 32.3% of cases, whereas in 10.6% of cases, all
recommendations were different. Based on
change alone (i.e., if the treatment recommen-
dations were completely random), the treatment
recommendations across the three models would
have been the same in only 6.3% of cases. Inter-
rater reliability between the optimal treatment
option of different TMLE models represented a
fare agreement (Cohen’s k for CORE-10 and
PHQ-9 models was 0.325, for CORE-10 and
SOFAS models k =0.213, for SOFAS and PHQ-
9 models k = 0.291; note, agreement is not required
as achieving different outcomes may genuinely
require different interventions). The congruence
improved considerably if we constrained the

Table III. Number of Patients in Different Psychotherapeutic frameworks.

CORE-10

PHQ-9 SOFAS

Psychotherapy framework Observed n (%) Optimal n (%)

Observed n (%) Optimaln (%) Observed n (%) Optimal n (%)

Solution-focused

581 (28.1%)
749 (36.2%)
479 (23.2%)
258 (12.5%)

763 (36.9%)
709 (34.3%)
376 (18.2%)
219 (10.6%)

578 (28.0%)
751 (36.4%)
477 (23.1%)
257 (12.5%)

1059 (51.3%)
423 (20.5%)
456 (22.1%)
125 (6.1%)

595 (28.0%)
756 (35.6%)
502 (23.6%)
271 (12.8%)

1151 (54.2%)
454 (21.3%)
394 (18.5%)
125 (5.9%)

Cognitive behavioral therapy
Integrative & CAT
Psychodynamic

Optimal treatment is estimated with TMLE (targeted maximum likelihood estimation). Our analysis required separate datasets, but samples
for SOFAS (the Social and Occupational Functioning Assessment Scale), PHQ-9 (the Patient Health Questionnaire), and CORE-10 (the
Clinical Outcomes In Routine Evaluation —10) shown here are essentially overlapping. n(CORE-10) =2067, n(PHQ-9) = 2063,
n(SOFAS) = 2124, n(all) = 2255.
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sample to a 30% of the patient population who
received most pronounced recommendation for
any specific treatment framework (selecting based
on the CORE-10 model led to # =553 and to k=
0.644 between CORE-10 and PHQ-9 models, «
=0.426 between CORE-10 and SOFAS models,
and k=0.414 between SOFAS and PHQ-9
models). Altogether 49% of these patients were
allocated to the same treatment by the three allo-
cation algorithms; that is, the models were more
congruent across outcomes when excluding diffi-
cult-to-assign cases. The results were similar

when the subsamples were based on other out-
comes (see Supplementary materials, p. 11,
Tables S5-89).

Predictors — What Kind of Patient is
Predicted to Benefit from Which Treatment?

To better understand our prediction models for
optimal individualized treatments, we used baseline
covariates to depict the “average patient” for whom
each referred framework was optimal, although an
average does not necessarily represent any real
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Figure 1. Patient profiles for the “average patient” allocated to each framework according to the optimal treatment rule estimated based on
predicted improvement in CORE-10 score (the Clinical Outcomes In Routine Evaluation —10). All variables are standardized to mean =0
and SD = 1. The zero line represents the average value across the whole sample. Note that the same-sized deviations might still have different
meanings, depending on the variable’s distribution and original scale. For example, a difference of one standard deviation in the number of
previously diagnosed mental disorders (mean = 2.3, sd = 3.3) should be given much more significance compared to the same-size difference
in AUDIT-C (mean = 1.8, sd = 1.4). An AUDIT-C score of 3.2 still falls below the threshold for risky alcohol use (5 for women, 6 for men),
whereas a history of over five different mental disorders indicates a more severe etiology. The group differences of 0.2 and above are stat-
istically significant (p <0.05) even between the smallest groups (n peychodynamic = 2195 N integrative and caT = 376). Somatic diagnoses = the
number of somatic diagnoses, SOFAS = Social and Occupational Functioning Assessment Scale, Q3 No support = CORE-OM item 3 asses-
sing social support (higher values indicating less support, similarly to Q26, Q19 and Q1), Q26 No friends = CORE-OM item 26 assessing
social relationships, Q19 No affection = CORE-OM item 19 assessing feelings of affection, Q1 Loneliness = CORE-OM item 1 assessing
loneliness, PHQ-9 = Patient Health Questionnaire, OASIS = the Overall Anxiety Severity and Impairment Scale, F diagnoses = number
of mental health diagnoses, Delay = treatment onset delay, AUDIT-C = The Alcohol Use Disorders Identification Test Consumption.



patient accurately (CORE-10 shown in Figure 1; see
Supplementary Figures S8 and S9 for patient profiles
stemming from PHQ-9 and SOFAS models). All
variables were standardized to have a mean of 0
and a standard deviation of 1, and Figure 1 shows
how the patient profiles deviate from the whole-
sample means.

For the average patient allocated to solution-
focused therapy based on the optimal individualized
rule for CORE-10, most baseline variables were in a
close range to the mean, with slightly higher levels of
CORE-OM measures (Q3, Q26, and Q19) describ-
ing fewer feelings of affection and social support as
exceptions. The mean patient allocated to psychody-
namic therapy was younger, and reported higher
levels of alcohol consumption, more loneliness, and

PHQ-9 baseline
Framework
OASIS baseline

Treatment onset delay

Somatic diagnoses e a» Treatment onset delay 4
Age Depression 4

Sex SOFAS baseline 4

Working Somatic diagnoses q

Middle-level management

SOFAS baseline

Loneliness (CORE-OM, Q1)

No affection (CORE-OM, Q19)

No social support (CORE-OM, Q3)

AUDIT-C baseline F diagnoses
F diagnoses AUDIT-C baseline
-0.3 00 03 06 09
SHAP value
CORE-10

SOFAg

0 supP°

Q3N

Psychodynamic Framework

ssauljauoT |

CORE-10

Framework 4
CORE-10 baseline 1
OASIS baseline 4
Age

Sex 1

No social support (CORE-OM, Q3) 1
No friends (CORE-OM, Q26) 1

No affection (CORE-OM, Q19)4
Loneliness (CORE-OM, Q1)1

-0.5

PHQ-9
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fewer anxiety symptoms, compared to the mean
scores across all patients, whereas patients referred
to CBT experienced more comorbidity, reported
less alcohol use, and were older compared to the
average. These profiles were both outcome- and
treatment-dependent, indicating that patients’ base-
line characteristics influence how each framework
affects different measures of improvement.

Figure 2 presents the most significant predictors of
optimal individualized treatment, as identified
through SHAP analysis and illustrated using bees-
warm plots. The five most important variables
across the models included the psychotherapeutic
framework, baseline measures of PHQ-9, OASIS,
and CORE-10, number of previously prescribed
somatic diagnoses, delay in treatment onset, age,

PHQ-9 SOFAS

Framework
= PHQ-9 baseline
Treatment onset delay °

Medication, regularly

Age - High
CORE-10 baseline
Cohabiting (

OASIS baseline

Somatic diagnoses °

Feature value

F diagnoses ]

Employer

Loneliness (CORE-OM, Q1)
Home parenting

AUDIT-C baseline o

Top-level management

0.5

0.0
SHAP value

1.0

0.00.30.6
SHAP value

sseulpuo LD

Figure 2. Beeswarm plots displaying SHAP (Shapley Additive Explanations) values for baseline predictors of optimal individualized treat-
ment rules, and radar plots highlighting the baseline profiles of patients predicted to benefit most from psychodynamic psychotherapy. The
optimized treatment rules were derived from predicted improvements in SOFAS (Social and Occupational Functioning Assessment Scale),
CORE-10 (the Clinical Outcomes In Routine Evaluation —10), or PHQ-9 (Patient Health Questionnaire) scores. Across all models, the
psychotherapeutic framework, baseline symptom measures, and treatment onset delay were identified as the most significant predictors.
In particular, the psychodynamic framework (characterized by the highest value in the framework variable) held important information
for the prediction models. Patients predicted to benefit most from the psychodynamic framework showed distinct baseline profiles across
the three models. A consistent finding was that patients identified as most likely to benefit from psychodynamic therapy had higher baseline
AUDIT-C scores (The Alcohol Use Disorders Identification Test Consumption) and lower baseline OASIS scores (the Overall Anxiety
Severity and Impairment Scale) compared to those referred to other therapeutic frameworks.
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and regular use of psychotropics. The framework was
the most important variable in every model, with the
highest SHAP values given for psychodynamic
therapy. Therefore, we examined the average base-
line profiles of patients allocated to psychodynamic
treatment with radar plots. Across all models,
patients for whom psychodynamic therapy was rec-
ommended as the optimal individualized treatment
exhibited diverse baseline characteristics on average
but reported fewer anxiety symptoms and higher
alcohol consumption compared to those predicted
to benefit most from other frameworks.

Discussion

We used targeted learning to predict the optimal
treatment assignment of each patient to different psy-
chotherapeutic frameworks. Consistent with our
hypothesis (2), our results indicate that a machine
learning-based treatment selection system could
help to improve treatment efficacy, compared to
the current practice. By employing targeted treat-
ment selection, we witnessed significant enhance-
ments in predicted treatment effects, translating to
an increase of 0.28-0.29 standard deviations in
improvements across CORE-10, PHQ-9, and
SOFAS measures. Based on modeling studies, the
effect of this size would be generally translated as
clinically relevant (Cuijpers et al., 2014). To our
knowledge, this is the first study using formal statisti-
cal theory to estimate the benefit of psychotherapy
framework personalization in a standard metric.
Our findings suggest that implementing algorithm-
based optimization of treatment targeting could
benefit the treatment planning process for adult
patients undergoing individual short psychothera-
pies. For example, compared to the observed effect
size of CORE-10 (Cohen’s d=0.66), the treatment
effect would increase by 0.29 standard deviation (to
d=0.95) if all patients had received their optimal
treatment. This is a significant improvement since
the average treatment effects for optimal treatment
allocation are similar to the effect sizes observed in
research settings that compare psychotherapy with
other usual treatments (Cuijpers et al., 2021;
Munder et al., 2018) when, in contrast, comparisons
between different psychotherapy frameworks usually
produce non-significant differences (Cuijpers,
2017). Efficient clinical implementation of this
decision-aiding algorithm might not require much
work, as the overall effect of optimal allocation was
likely driven by a minority of patients predicted to
benefit significantly from personalization rather
than by slight improvements in most patients, as
also previously observed (Schwartz et al., 2021).

The treatment recommendations varied across our
models, as each model optimizes treatment choices
based on different criteria (maximum improvement
in depression, general distress, or psychosocial func-
tioning). This finding is not entirely surprising, as, for
instance, symptom reduction does not necessarily
correspond to improved functioning (Sheehan
et al.,, 2017). For example, returning to work—
often seen as both an exposure and an indicator of
improved functioning—may temporarily increase
anxiety symptoms. Additionally, our outcome
measures differ not only in content but also in their
sources of information; the SOFAS reflects the thera-
pist’s perception of the patient’s functional problems,
the CORE-10 captures the patient’s perception of
symptoms and functioning, and the PHQ-9
measures patient-reported depressive symptoms,
which not all patients necessarily suffered from
initially.

Nevertheless, the fact that only 32.3% of treatment
recommendations were consistent across all out-
comes (49% in the top 30 percentiles in allocation-
recommended strength) highlights the need to care-
fully consider the criteria used to label any treatment
as clinically optimal, even if it is statistically optimal
for an outcome. Thus, our results underscore that
the optimal treatment for an individual patient is
influenced by the choice of outcome measures and,
consequently, by the treatment’s intended goal.
The clarity of treatment recommendations could be
enhanced by wusing composite outcomes (for
example, see Zainal et al., 2024) or broad-spectrum
outcomes with multiple functional correlates (Pet-
tersson et al., 2020). As a simple solution, clinicians
could implement only the strongest and most con-
sistent of multiple available algorithmic
recommendations.

The baseline profiles of patients assigned to differ-
ent psychotherapy frameworks determined by the
individualized treatment rule varied depending on
the treatment and the outcome measure used.
Although, the most important variables for predict-
ing optimal treatments were similar across all our
models. According to the SHAP values, the psy-
chotherapeutic framework, baseline symptom
measures, and delay in treatment onset were the
most informative variables for predictions of
optimal treatment; variables that are easily collected
along the routine treatment process.

The optimal rule likely involves complex inter-
actions and nonlinearities that are difficult to inter-
pret through individual variables, which may in part
explain why machine learning approaches suggest
greater benefits from personalization compared to
traditional empirical research or clinical judgment



(Hannan et al., 2005; Lutz et al., 2022). Yet, our
study demonstrates that, through advanced predic-
tive modeling, it is possible to identify optimal treat-
ments despite the absence of identifiable patient
profiles or treatment moderators. This complements
the view from meta-analyses of univariate associ-
ations that have found outcome predictive role only
for older age and higher baseline symptoms (Cuijpers
et al., 2022) and some evidence for social support
and comorbidity (Tanguay-Sela et al., 2022).

Our findings on the probable nonlinearities of
optimal treatment rules and their sensitivity to
outcome measures underscore that care must be
taken with context standardization in future efforts
of implementing personalized treatment models.
For instance,van Bronswijk et al. (2021) failed to
validate personalization algorithms across two study
samples that had some substantial differences, neces-
sitating modifications to the predictive models before
their application to validation data. Overall, the gen-
eralizability of clinical prediction algorithms has been
worse than expected (Chekroud et al., 2024), and
only a few attempts have been made to implement
personalized treatment models into clinical practice
(Delgadillo et al., 2020, 2021; Lutz et al., 2022a).
Therefore, more efforts should be directed toward
testing precision-treatment models in a clinical
context. However, an ATE estimate may generalize
even when underlying prediction models would
not, as they pertain to different target parameters.

Against our first hypothesis, we did observe some
minor differences in the counterfactual treatment
effects between frameworks (average treatment
effect if all patients received the same form of psy-
chotherapy). If all patients had undergone sol-
ution-focused therapy, psychological functioning
(SOFAS) would have improved more compared to
the mean treatment effect observed across different
frameworks. Conversely, if all patients had received
psychodynamic therapy, the average change in
psychological functioning would have been smaller
than the observed mean change. However, for
PHQ-9 or CORE-10, none of the counterfactual
treatment-specific means differed from the observed
ones, suggesting that the differences were therapist-
perceived rather than an experience shared with
patients. We interpret these results as being
broadly consistent with the previous literature, indi-
cating that, on average, there are no significant
differences in the effectiveness of various psy-
chotherapeutic frameworks within the most
common diagnostic groups (e.g., Cuijpers et al.,
2020; Stiles et al., 2008). Together, our findings
demonstrate that different treatments may have
varying effects on individuals, despite their com-
parative effects on average.
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Our findings should be interpreted in the light of at
least the following limitations. First, our results
might be somewhat diminished if evaluated using
an experimental design. For instance, a meta-analysis
by Nye et al. (2023) found that the effect size for pro-
spective treatment personalization was modest, both
for personalization in general (d=0.22) and for
treatment matching (d=0.13). However, the
authors emphasize that even small effects can have
a significant impact on the population level, and
thus should not be dismissed as trivial.

Second, our study could have missed important
predictors of treatment outcome, although this possi-
bility was reduced by using a large set of predictors
and efficient algorithms for selecting and weighing
them. Third, while we cross-validated our machine
learning models, we did not validate the ITR rule
using independent training and test samples, as it
pertains to a latent variable without an observed cri-
terion, and as further sub-sampling would have vio-
lated the sample size requirements (Luedtke et al.,
2019). Instead, large-sample theoretical confidence
intervals of the implied ATE were computed as per
TMLE theory (van der Laan & Rose, 2011).

Finally, clinicians are known to tailor their treat-
ments according to patients’ individual needs
(Wester et al., 2025), and they often receive
additional training in multiple psychotherapeutic
frameworks. As a result, there is probably content
overlap among the different psychotherapeutic treat-
ments examined in this study. This kind of overlap
may lead to more comparable treatment approaches,
and therefore, smaller differences in average effects
would be expected between bona fide therapies
than between manualized ones. However, it is inter-
esting that despite the likely presence of overlap in
techniques and content across frameworks in natura-
listic settings, we still observed variation in which
treatments are most optimal for different individuals.

One of the strengths of our study is the large natur-
alistic sample and a comprehensive set of possible
predictors. Furthermore, we were able to compare
four different treatment options for each patient,
whereas most previous studies on pre-treatment rec-
ommendations have only included pairwise compari-
sons (Bettega et al., 2024; Deisenhofer et al., 2018;
Huibers et al., 2015; Schwartz et al., 2021; van
Bronswijk et al., 2021). An algorithm offering
diverse treatment options has more flexibility in
selecting the most optimal treatment for each
patient. In the development of a clinical decision
support system, it could be useful to include many
available treatments.

To conclude, we found evidence that clinically sig-
nificant improvements in treatment outcomes can be
achieved via targeting (personalization) of the
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psychotherapy framework based on individualized
treatment rules. We consistently estimated a differ-
ence of ~0.3 standard units between personalized
and non-personalized psychotherapy frameworks.
Unlike the treatment effects size, the optimal indivi-
dualized treatment rule depended on the outcome
for which it was optimized and appeared non-
linear, meaning that a clinical implementation
requires careful consideration and testing. Here, we
estimated likely benefits from such efforts and illus-
trated some flexible and statistically rigorous tools
to help realize those benefits. Our results showed
that each psychotherapy framework included in our
model was optimal for some patients, underscoring
the possible benefits of having multiple treatment
options.
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