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In evidence-based mental health practice, decisions must often be made for which there is little or no empirical
basis. A common example of this is when there are multiple empirically supported interventions for a person
with a given diagnosis, where the aim is to recommend the treatment most likely to be effective for that person.
Data obtained from randomized clinical trials allow for the identification of patient characteristics that could be
used to match patients to treatments. Historically, researchers have focused on individual moderators, single
variables that interact statistically with treatment type, but these have rarely proved powerful enough to inform
treatment decisions. Recently, researchers have begun to explore ways in which the use of multivariable algo-
rithms might improve clinical decision-making. Common pitfalls have been identified, including the use of
methods that provide overoptimistic estimates of the gains that can be expected from the applications of an
algorithm in a clinical setting. It is too early to tell if these efforts will pay off and, if so, how much their use can
increase the efficiency and effectiveness of mental health systems. It behooves the field to continue to learn and
develop the most powerful methods that can produce generalizable knowledge that will advance the aims of

precision mental health.

It is now 52 years since Gordon Paul (1967) posed a question that
has been paraphrased as “What works for whom?” in many hundreds of
publications that center on the outcomes of psychotherapy. The phrase
continues to be invoked frequently in the titles of papers as well as in an
influential series of books about psychotherapy, and for good reason.
The full quote, “What treatment, by whom, is most effective for this
individual with that specific problem, and under which set of circum-
stances?” asks for more detail than has ever been addressed in the
empirical literatures that reference it. Instead, researchers have used
the spirit of the quote primarily to foster interest in a specific kind of
question, “When there are two or more evidence-based treatments for a
person in a given category, such as Major Depressive Disorder (MDD),
how might we use person characteristics to guide the choice among
them?” This version of the question starts with a diagnosis, which al-
ready narrows the choices to evidence-based treatments for patients
with that diagnosis. Within a category, however, decisions about which
treatment a patient should receive have been left largely to clinical
judgment, patient preference, and to practical considerations such as
availability and cost. The effort to tailor a treatment course specifically
for an individual patient, beyond a consideration of diagnosis, has been
termed “personalized medicine,” a phrase that was coming into use
beginning around 1940, according to Google nGram (Michel et al.,
2011). Research that aims to provide an empirical base for such deci-
sions would continue to be referred to with this term until early in this
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century, when “precision medicine” slowly began to replace it. Al-
though precision medicine is often identified specifically with physical
medicine, and even more narrowly with the use of genetic testing to
guide treatment decisions, it is being adopted more widely to refer to
evidence-based recommendations that are based on patient-specific
features.

Early in this decade my colleagues and I began to wrestle with an
example of how treatment recommendations might be “personalized,”
or made more precise, in a data-driven manner. We had completed a
randomized comparison of two very different treatments for MDD —
antidepressant medications (ADM) and cognitive behavioral therapy
(CBT) - known to yield similar average effects on the symptoms of
depression. Indeed, in our randomized clinical trial (RCT) of adult
outpatients with relatively severe manifestations of MDD, the average
amount of change on the primary outcome measure was nearly iden-
tical between the treatments, and both treatments outperformed a
placebo condition (DeRubeis et al., 2005). One way to understand this
pattern is to suppose that any given patient's likelihood of benefitting
from one of the treatments is similar to his or her likelihood of bene-
fitting from the other. In this scenario, predictions made irrespective of
treatment (“prognostic” predictions) could be used to array patients
along a continuum from those expected to do very poorly in either
treatment to those for whom good outcomes are expected irrespective
of treatment condition (DeRubeis, Gelfand, German, Fournier, &
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Forand, 2014). But the treatments we studied are presumed to work
largely through mechanisms specific to each treatment, even if it has
been difficult to demonstrate that this is so. Insofar as the mechanisms
differ between two treatments, it ought to be possible to identify pa-
tients who are more likely to benefit from one than from the other, on
the idea that some patients would benefit from the changes in the
mechanisms produced by one treatment more than they would from the
other (Cohen & DeRubeis, 2018). We became determined to locate,
refine, or develop methods that could be used to make this kind of
distinction in the context we were working in as well as in other con-
texts, such as one psychotherapy versus another, in which two treat-
ments provide substantial benefit but appear to do so via different
mechanisms.

We imagined a method that would use data from RCTs to build
models linking individual patients’ characteristics to their outcomes.
The utility of such models could then be tested for their ability to im-
prove outcomes, in the aggregate, when implemented and compared to
random assignment or other means of treatment assignment.

Moderators

Historically, papers reporting on the differential prediction (also
termed “moderation”) of treatment effects obtained in an RCT have
focused on a single variable or, in a few cases, on multiple variables but
with each considered in isolation. In a typical study, a baseline variable
is chosen in connection with a theory of change for one or more of the
treatments. The verdict as to whether the variable has acted as a
moderator is given by a significance test of the interaction between the
variable and treatment assignment. Papers reporting on individual
moderator effects in mental health treatment research have been
common in the past two decades. For example, Kessler et al. (2017)
identified 24 investigations of single-variable moderator effects in
MDD, of which two thirds were published between 2006 and 2014.
Discussion sections of these papers have tended to focus on the theo-
retical rather than the practical importance of the moderator findings,
with at most a passing mention of the potential for their application to
clinical decision-making (e.g., Fournier et al., 2009).

For many reasons, some best viewed in hindsight, findings of sig-
nificant individual moderators were never likely to inform practice.
First, if the discovery of an individual moderator was to have a chance
of changing clinical practice, it would need to be powerful enough to
identify, on its own, which treatment a given patient would most likely
respond to, and yet subtle enough to have escaped the notice of mental
health scientists and practitioners prior to the discovery of the mod-
erator. Indeed, individual moderators rarely account for enough var-
iance to turn up as significant in multiple research studies, in part be-
cause most RCTs are not powered to detect modest interaction effects.
The failure of individual moderators to replicate can be discouraging
until one realizes that to the extent that there exist multiple in-
dependent moderating effects in a given context, none of them can
account for much of the relevant variance. This description fits the
pattern of findings, set out in several papers, from Project MATCH
Research Group, (1998), a well-known randomized comparison of three
treatments for alcoholism. Between the primary publication from
MATCH and several subsequent papers, many individual moderators
were identified, but none of them evidenced effects strong enough to
recommend their use as a guide to clinical practice.

In our own publications, using data from the DeRubeis et al. (2005)
study cited above, we at first focused on individual moderator effects
(Fournier et al., 2008, 2009; Leykin et al., 2007). In the discussion
section of Fournier et al. (2009), commenting on the implications of our
having identified three moderators of the effects of ADM versus CBT
(marital status, employment status, and severity of recent negative life
events), we observed that our findings “could [broadly] suggest
meaningful recommendations for treatment providers.” However, as
was typical of others’ interpretations of their single variable moderator
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findings, we did not spell out how this information could be used to
inform treatment decisions. In part, this was because, as was true of the
individual moderator papers cited in Kessler et al. 2017; see also Cohen
& DeRubeis, 2018, we did not attempt to combine the information in a
way that would take into account these moderators and others (per-
sonality disorder, history of ADM treatment) that we had identified in
earlier publications of findings from the same data (Fournier et al.,
2008; Leykin et al., 2007).

Numerous other papers had reported on moderators of response to
treatments for depression, but no single biomarker, demographic, per-
sonality, or clinical variable appeared to account for enough of the
differential effects of the treatments to support valid personalized
treatment recommendations (Cohen & DeRubeis, 2018). Unless there is
a dominant variable, a person's score on any single measure will pro-
vide, at most, a hint as to which treatment is likely to be better for that
person. That same person's score on a different moderator variable
might point to the opposite treatment, and so on for the other mod-
erators. All of this seemed obvious, once we thought about it, so the
question we set out to address became: “How can information from
multiple variables best be combined to inform clinically valid and
meaningful treatment recommendations?” Our question allowed not
only for the possibility that some persons with depression are much
more likely to benefit from CBT than from ADM, and vice versa, but
that others would be roughly equally likely to respond to one as the
other. Only an approach that combines information from a set of re-
latively weak independent moderators appeared capable of con-
tributing to precision mental health in the way we envisioned it.

At the time there had been very few efforts in mental health that
reflected similar ambitions, and each was unrelated to the others. In
1996, Barber and Muenz published findings from their analysis of data
from the Treatment for Depression Collaborative Research Program
(TDCRP; Elkin, Parloff, Hadley, & Autry, 1985) in which participants
with depression were randomized to (among other conditions) Inter-
personal Therapy (IPT) or Cognitive Therapy (CT). One set of analyses
revealed significant treatment by patient-characteristic (moderator)
effects for marital status, trait obsessiveness, and trait avoidance.
Barber and Muenz showed how patients' characteristics could be com-
bined into a “matching score,” using weights from a regression model
that included all three moderator variables simultaneously, as well as
the main effects of treatment and of each of the moderator variables.
The matching score for each patient was calculated by multiplying the
respective coefficients for each effect in the model by the patient's va-
lues on the respective variables. If the sign of the resulting score was
positive, it suggested that CT was the preferred treatment for the in-
dividual. A negative sign indicated that IPT was more likely to be ef-
fective for that patient. Barber and Muenz went on to compare the
outcomes of the two treatments in each of two subsets. Those with
positive scores who received CT (i.e., matched) fared better than those
who received IPT (mismatched). Likewise, among those with negative
scores, IPT yielded better outcomes. Their paper was widely cited in the
years following its publication, but nearly always in reference to the
individual moderator variables rather than to the matching factor and
its implications for treatment selection. Perhaps the field was not ready
to think in terms of multivariable prediction, but it is also possible that
the matching factor idea failed to catch on because individuals' scores
on it were not easy to interpret beyond whether they indicated IPT or
CT as the preferred treatment. Had the field picked up on the potential
for using a version of this approach to advance personalized or preci-
sion medicine, we would have been much further along in our under-
standing of the promise as well as the limitations of this kind of inquiry
fifteen years later, when similar efforts were beginning to attract much
greater interest and effort from mental health researchers.

One limitation that has come into sharper focus in recent years is
the practice of using data from the same participants, without im-
plementing a hold-out or cross-validation approach, for all the steps in
the process of generating and testing prescriptive predictions: a)
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identifying the variables to be used in the model; b) setting the weights
for the model; c) using the model to categorize participants (e.g., as
either IPT-preferred and CT-preferred cases); and d) estimating and
conducting significance tests on the differences in outcomes between
the conditions as a function of the categorization. As has since been
well-described in related areas of science, estimates that derive from
this process are expected to show high variance and low bias (hallmarks
of models that overfit the data) and will therefore be overoptimistic
about the utility of the model if it were to be applied in other samples
from the same population as the original sample (Hastie, Tibshirani, &
Friedman, 2009). More recent efforts in this area, including some of our
own, have continued to be subject to some of these same limitations,
but we also see progress, as discussed below.

In the first decade of this century, Wolfgang Lutz and colleagues
showed how a statistical method developed by avalanche scientists,
termed “nearest neighbors,” could be applied to the problem of clinical
prediction (Lutz et al., 2005). Although most of their work with this
method has focused on prognosis — the prediction of outcome in a single
context — they also described how it could be used to predict which of
two treatments is more likely to benefit a given person (Lutz et al.,
2006). The nearest neighbors method works by examining the out-
comes of those patients in a sample who are most similar to the target
patient (on demographic, symptoms, course, personality, and other
measures), for whom the prediction is to be made. The distance be-
tween a given patient with known outcome and the target patient is a
function of the sum of the squared differences between them, across all
baseline variables used for this purpose. To make a prognostic predic-
tion, the average outcome of the target patient's nearest neighbors be-
comes the estimate of his or her outcome, assuming the same treatment
is to be given to that patient. In a prescriptive context, the prediction of
the target patient's outcomes derives from a comparison of the average
outcome of the nearest neighbors who received treatment X with the
average outcomes of nearest neighbors who received treatment Y. Si-
milar to the matching method of Barber and Muenz (1996), the sign of
the difference in outcomes between treatments X and Y indicates the
preferred treatment for the patient. This method has intuitive appeal in
its suggestion that for each patient there is a circumscribed subgroup of
other patients who, because they most closely resemble the target pa-
tient across the baseline variables used to identify the nearest neigh-
bors, are thus the most relevant for a prediction of their outcome. But
the designation of nearest neighbors hinges on many factors and thus
requires many decisions before it can be applied, including the selection
of the variables to be used to determine near-ness; whether and how
differential weights are to be assigned to the variables; and the decision
rule to determine how many neighbors' data are used to predict the
target patient's outcome.

Developments this decade

In 2013, Helena Kraemer described a novel method for combining
moderators of treatment outcome into a combined moderator, which
she termed “M*”. She argued that given that there rarely are strong
moderators in mental health treatment comparison contexts, combining
many relatively weak moderator effects could lead to useful differ-
entiations among patients as to which of two treatments is preferable
for them. That same year Kraemer and her colleagues demonstrated the
method using intake and outcome data obtained in a randomized
comparison of an ADM versus Interpersonal Therapy (IPT) for depres-
sion (Wallace, Frank, & Kraemer, 2013). They reduced an initial set of
32 baseline variables to 8, using a principal components analysis. Al-
though only one of the variables (psychomotor activation) reached
significance as a moderator on its own, all 8 variables were used to
construct the M*. When Wallace et al. used the M* to identify patients
for whom the suggested treatment was ADM, those randomized to ADM
fared better than those who received IPT. The symmetrical effect was
observed in those for whom IPT was suggested by the M*
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implementation. The procedures required to create an M*, which are
rather complicated to describe and not closely related to any of the
other methods referenced in this paper, can be found in Kraemer (2013)
and Wallace et al. (2013).

While Kraemer and her colleagues were developing the M*, our
group was experimenting with an approach to treatment selection that
yields what we termed the Personalized Advantage Index (PAJ;
DeRubeis, Cohen et al., 2014). The goal was to work out a method that
could be used to estimate, for any patient, the outcomes they would
experience in each of two treatments, and to use the difference between
those estimates to indicate which treatment is to be preferred, as well as
the strength of the indication. In our first demonstration of the ap-
proach we used baseline and post-treatment data from our randomized
comparison of ADM and CBT to build, for each patient, a model that
would be used to make the two predictions for that patient. We elected
to demonstrate the approach using linear models with interacting
covariates because linear models are common in mental health re-
search. However, machine learning methods can be used to the same
purpose, and they have many advantages relative to linear models, such
as increasing model prediction accuracy by reducing overfitting (Kuhn
& Johnson, 2013). We provided estimates of the advantage of the use of
the PAI model, which we believed could be used to anticipate the size of
the advantage that could be expected if the algorithm were to de-
termine treatment selection in the same population from which our
sample was drawn. On the post-treatment Hamilton Rating Scale for
Depression (Hamilton, 1960), the difference in average score between
those who received their PAI-indicated treatment and those who did not
was approximately 1.8 points, and twice that in the subgroup for whom
a relatively large advantage was indicated by the PAIL

The implementations by Wallace et al. (2013) of the M* method and
Barber and Muenz's matching method included all participants' data at
each step in the procedure, a practice termed “double-dipping.” Double-
dipping is known to produce models that are overfit to the sample used
to develop the model. Overfit models produce over-optimistic predic-
tions of the utility of the application of the model in a different sample
from the same population (same clinic, same therapy procedures, etc.),
not to mention a different population (e.g., a different clinic, different
region of a country). Since the ultimate utility of any modeling proce-
dure derives from its ability to make valid predictions in samples and
populations other than the one in which is it developed, it is important
to follow the principles that limit or eliminate overfitting. Virtually all
modeling efforts in mental health research have, until very recently,
used procedures that produce overfit models. In our initial demon-
stration of the PAI approach, we implemented leave-one-out (LOO)
cross validation (Friedman, Hastie, & Tibshirani, 2001), a variant of k-
fold internal cross-validation, at the weight-setting stage when the
coefficients in a linear model are determined. However, the variables in
the models were the same for all, having been selected using baseline
and outcome information from all the patients. Thus, because our
procedure, too, “double-dipped,” we have tempered our initial opti-
mism about the applicability of these findings and we recognize that
greater care needs to be exercised in the development and within-
sample testing of the models, lest we find that they do not travel well, or
at all, outside the samples in which they are developed.

Luedtke, Sadikova, & Kessler (2018) have argued that only with
sample sizes larger than what is found in almost any randomized trial
can we expect to estimate multivariable models that will generalize
beyond the dataset in which they are built. In a discussion of their
findings from a simulation study, they posit that sample sizes of less
than 500 per condition will not support the development of replicable
multivariable models. They maintain that precision mental health will
progress only if large-scale naturalistic data are used to produce the
models. However, there are disadvantages to the use of naturalistic data
for model building, and Luedtke et al. acknowledge them. Specifically,
when patients are not randomized to treatments, but instead are as-
signed based on unknown factors, crucial assumptions of model-
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building are violated, leading to confounds of unknown magnitude.
Moreover, the richness of baseline assessments typical of an RCT is
almost always lacking in large-scale naturalistic data.

We agree that where sample sizes are concerned, more is better,
especially when models rely on treatment by moderator interaction
effects or their machine-learning analogue. However, we believe it is
too early to abandon efforts to discover what can be learned using data
from randomized trials in which sample sizes are smaller than 500, for
two reasons. Firstly, inferences from simulations such as those con-
ducted by Luedtke et al. (2018) are constrained by the values in-
stantiated in the simulations. Although Luedtke et al. might have re-
presented effects as strong as could exist in data gathered in RCTs, it is
possible that stronger reliable effects are present in data from at least
some randomized trials. Secondly, their simulations did not address the
potential for models to guide treatment selection for the subset of pa-
tients for whom the model's recommendation is especially strong. It will
often be the case that the predicted differential effects of one treatment,
relative to another, will be small or modest for a substantial subset of
patients, suggesting that either treatment is expected to be about as
good (or bad) as the other for those patients. Imagine a crystal ball that
can predict with perfect accuracy and precision any patient's outcomes
in either of two treatments that are roughly effective on average for
patients with the same diagnosis. For some patients it will no doubt
predict very similar outcomes irrespective of treatment. Included in this
subset would be those for whom the prediction is similarly pessimistic
in both treatments, because neither treatment contains the elements
required to address the pathology of these patients. It would also in-
clude those for whom the prediction is similarly optimistic, either be-
cause the patients would improve even without treatment or because
they will respond equally well to the specific elements of either treat-
ment. The crystal ball, then, would provide useful recommendations for
only those patients who fall into none of the subgroups just described. If
the proportion of patients who will do quite well in one treatment and
not nearly as well in the other is very low, then even the crystal ball will
be of limited utility. In such a case no prescriptive method will be of any
detectable use. But if the “little-if-any-difference” subgroups comprised,
say, one-half or less of a population, a crystal ball would be very useful
indeed. In cases like this, it becomes possible for a modeling effort to
produce useful predictions for those it would identify as especially
likely to achieve a better response in one treatment, relative to the
other. In our work, although we provide results that consider the out-
comes of all the patients in a sample, we also show what is observed in
the 60% of patients for whom the differential prediction generated by a
model is the strongest.

Findings from further work using more refined versions of the
methods we implemented in our first effort suggest it is possible that
useful models can be produced with “medium-sized” samples. In 2018,
we published a paper on the prediction of differential dropout using
data from an RCT of prolonged exposure versus cognitive processing
therapy for patients with rape-induced PTSD (Keefe, Wiltsey Stirman
et al., 2018). In the study from which the data were drawn, dropout
rates were high (27% in each condition; Resick, Nishith, Weaver, Astin,
& Feuer, 2002). We asked whether, using machine learning methods,
we could identify patients whose baseline characteristics predict they
would be more likely to drop out of one of the conditions, relative to the
other. We employed k-fold (in this case 5-fold) internal cross-validation
to set the weights used for the individual patient predictions but, as in
our initial PAI project , the variable selection stage was not protected
from double-dipping. Results were encouraging, with a 21% difference
in dropout between those who had been assigned to their PAI-indicated
treatment versus their PAI non-indicated treatment, and the difference
was even larger (38%) in the portion of the sample with the greatest
absolute values on the PAIL. We have since re-analyzed these data, using
internal cross-validation at both the variable-selection and weight-set-
ting stages (Keefe, Stirman et al., 2018). Although the differences in
dropout were not as strong between PAl-indicated and PAI-non-
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indicated subgroups (20-25% deflated in magnitude), they were
nonetheless substantial and significant. We do not know if this is an
unusual case, either because random error aligned with the predictions
or because this is a population in which the multivariable interactions
with these treatments are much stronger than, for example, those in-
stantiated in the simulations implemented by Luedtke et al. (2018). In
any event, determination of the potential clinical utility of these ap-
proaches will require the additional step of testing and applying the
models to a true holdout. This can be done either in a new context with
existing data, such as in a similar RCT that has been carried out by other
investigators, or in a prospective test designed to estimate the ad-
vantage afforded by the implementation of a model in a clinical setting.
It will be important to avoid the potential perils of multivariable model
building and interpretation before the models are tested for their ability
to make valid predictions outside the context in which the models are
built. If appropriate protections are not in place during the construction
of a model, it very likely will fail in replications and prospective tests.

Some researchers have already reported on their use of machine
learning to predict outcomes in true holdout samples, although to date
these efforts have focused on prognostic rather than prescriptive pre-
dictions. Chekroud et al. (2016) trained machine learning models using
1949 patients from the STAR-D study of treatments for depression
(Rush et al., 2008) and found that the prognostic models for some of the
treatments predicted outcomes better than chance in a new sample.
Specifically, using a model built with data from patients in the citalo-
pram condition of STAR*D, they were able to predict, at better than
chance levels, outcomes in the escitalopram plus placebo (n = 151) and
the escitalopram plus buproprion (n = 134) conditions in the CO-MED
trial (Rush et al., 2011). Other researchers have similarly applied ma-
chine learning methods — albeit in smaller samples — to predict treat-
ment outcomes after first episode psychosis (training sample n = 334;
test sample n = 108; Koutsouleris et al., 2016) or in response to que-
tiapine or lithium in bipolar disorder (training sample n = 386; test
sample n = 96; Kim et al., 2019).

In medicine more generally, machine learning methods have also
been applied in the prediction of heart attacks (e.g., Weiss, Natarajan,
Peissig, McCarty, & Page, 2012), live birth following IVF (Qiu, Li, Dong,
Xin, & Tan, 2019), and cancer (for a review see Kourou, Exarchos,
Exarchos, Karamouzis, & Fotiadis, 2015). Further, a meta-analysis by
Lee et al. (2018) has found that machine learning methods using neu-
roimaging, phenomenological, and genetic data are able to predict
therapeutic outcomes in mood disorders, but again these were predic-
tions within a given treatment, not differential predictions between two
or more treatments. These findings indicate that even without very
large samples, prognostic models derived using machine learning
methods have the potential to be quite powerful.

As suggested by Kessler et al. (2018), given the notoriously low
power of interaction terms in multivariable models, a promising ap-
proach to precision mental health may include the construction of
prognostic models for each of the individual treatments of interest.
Comparisons of an individual's prognosis for a given treatment with
those for other treatments would then be used to guide treatment de-
cisions. If the prognoses are similar, other considerations, such as cost
or patient preference, will weigh more heavily. If, however, the prog-
noses estimated for the different treatments are quite discrepant, this
information could be used to inform treatment decisions.

Successful tests of prospective differential predictions between two
or more treatments, developed with linear models or machine-learning
based multivariable algorithms, are the necessary next steps in this area
of research. We are not aware of any completed or ongoing tests that
meet these criteria, but we know of two groups who are attempting to
secure funding for this kind of work. We eagerly await the initiation of
such prospective tests and their findings, which will provide important
clues as to whether actuarial-based decision support tools have a future
in precision mental health.

Although it is premature to predict with confidence that actuarial
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models of the kinds referred to in this paper will play a substantial role
in mental health practice, it is important to think about what that role
might be. The clinic of the future could implement the predictions of
models to the exclusion of all other considerations, but that is as un-
likely as it is unwise. Availability of the treatments in question, their
cost, and other practical matters will no doubt always factor into
treatment decisions. Another important input is the patient's pre-
ference. A treatment selection system will likely work best if it is im-
plemented in the context of joint decision-making between the patient
and provider, rather than because the “computer says so.” Similarly,
providers whose recommendations are ignored and overridden by an
actuarial-based system will not be enthusiastic about the system and
likely will resist its implementation. Thus, the recommendations that
will flow from an actuarial method will survive and contribute to
mental health systems if they are treated as a source of information
rather than a dictate. A medication-averse patient with MDD who learns
that previous patients whose course, pattern of symptoms, etc. have
responded better to ADMs than to CBT might become more open to a
discussion of medications as an option for them. Similarly, a therapist
who believes that a patient should be provided a course of prolonged
exposure to address their symptoms of PTSD might take the output of a
multivariable algorithm into account if it predicts that the patient is less
likely to drop out of cognitive processing therapy than prolonged ex-
posure treatment.

Tests of the potential utility of any treatment selection method will
involve contrasts of outcomes experienced by patients who received the
treatment selected for them versus outcomes observed in a comparison
group. The most common comparison in studies to date, using data
from already-completed RCTs, have contrasted those who received the
indicated treatment with those who received the non-indicated treat-
ment (Cohen & DeRubeis, 2018). This contrast highlights maximally the
potential for a method to distinguish subgroups of patients who will
show different patterns of response to the two treatments. However, the
scenario it represents has no analogue in clinical practice, since it would
require the application of the algorithm and then a decision to act di-
rectly against the information it provides. A more stringent and there-
fore more informative contrast is of algorithm-indicated assignment
versus random assignment. If two treatments produce roughly equal
average outcomes, a selection algorithm will likely assign about one-
half of the patients to each of two treatments. In this case, the magni-
tude of the difference in outcomes between patients in the algorithm-
indicated group and those assigned randomly will approximate one-half
of the difference observed in the indicated vs. non-indicated compar-
ison. This is because about half of those randomly assigned will be
given the algorithm-indicated treatment, by chance.

Comparisons with other assignment regimes would provide in-
formation that is directly relevant to clinical application. If one of the
two treatments is, on average, superior to the other, it still may be that a
subgroup could be identified, using statistical methods, that would be
expected to benefit more from the inferior treatment. In this case, a
crucial comparison is between the average expected benefit of algo-
rithm assignment and the expected benefit of assigning every patient to
the superior treatment. Another clinically-applicable comparison is
between algorithmic assignment and an “assignment as usual” or
“clinical judgment” regime. If the algorithm outperforms clinical
judgment, a result that would not surprise researchers who have com-
pared clinical versus actuarial prediction (Dawes, Faust, & Meehl,
1989), then its application could improve the overall effectiveness and
efficiency of the system in which it is used. If the algorithm simply
replicates what clinicians would decide, there is no expected advantage
from its application, although a peek inside the algorithm could inform
an understanding of how clinicians combine information to make their
decisions. If clinical judgment were to outperform an algorithm, it
would motivate an attempt to understand what information the clin-
icians were using and how they were combining it. Perhaps the best
performers among the clinicians could be identified, and others could
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be trained to emulate their performance.

Estimates of the expected benefits of the use of algorithmic-in-
dicated assignment relative to non-indicated assignment, random as-
signment, or to assignment of all cases to the superior treatment can be
produced using data from any randomized trial, including trials that
have already been completed. Moreover, if a randomized clinical trial
includes an effort to determine what assignment would have been made
for each patient if it were not random, the algorithm can be compared
to clinical judgement or “assignment as usual” as well. An example of
this comes from a randomized trial of CBT versus IPT for outpatients
presenting for depression (Lemmens et al., 2015). Huibers et al. (2015)
had implemented the PAI approach and found that patients who were
assigned to the algorithm-indicated treatment fared better than those
assigned to their non-indicated treatment. When the investigators
compared the recommendations produced by the PAI with those made
by a panel of judges, they found that the PAI-based recommendations
were associated with better outcomes, on average (Van Bronswijk,
Lemmens, Huibers, & Peeters, 2019). Koutsouleris et al. (2018) also
have demonstrated that a machine learning algorithm can outperform
clinical judgment, in this case in the prediction of clinical risk in a
mixed sample of patients with recent-onset MDD and recent-onset
psychosis. These investigators are to be commended for having had the
foresight to obtain clinicians’ judgments, which allow for this important
kind of comparison.

Summary and conclusions

Investigations of person characteristics that can predict treatment
response, including differential response to alternative evidence-based
interventions, have become increasingly sophisticated over the past 50
years. In the past decade clinical scientists have begun to design ran-
domized intervention studies and implement statistical analyses that
anticipate the use of the resulting algorithms in applied settings. It is
too soon to tell whether and to what extent these efforts will address the
question “What works for whom?” with sufficient precision and power
to improve predictions of treatment response. It may be that multi-
variable machine-learning-based algorithms require sample sizes much
larger than has been the norm in randomized trials if they are to gen-
eralize beyond the specific sample. Thus it will be important for re-
search that uses information from large databases to progress at the
same time that the limits of the use of randomized data are being tested.

Whether from randomized trials or big data, the further evolution of
research in this area will require prospective tests of robust treatment
selection systems. If these tests suggest that appreciable increments in
the efficiency and effectiveness of mental health interventions can be
realized, it will still require intelligent implementation that takes ac-
count of the preferences and goals of clinician and client stakeholders.
This is an exciting time for research that takes up the challenge and
attempts to realize the promise of actuarial methods, prophesied long
ago by Paul Meehl (1954), one of the great thinkers in the history of
clinical psychology.
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