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Abstract

In the modern history of psychotherapy, understanding the individual patient and
how to optimize treatment for each individual has been an important challenge.
For the therapist, personalization often has meant deciding which treatments to
offer based on clinical assessment and formulation, or deciding moment-to-
moment what techniques to employ, given what has been happening in therapy
with the patient, informed by a particular theoretical framework, or based on
clinical judgment. Efforts to improve outcomes through treatment personalization
based on expert clinical assessments and psychological theory have been
largely unfruitful, despite their intuitive appeal. Furthermore, numerous studies
over 50 years have highlighted the limitations of clinical judgment, making a
compelling case for the use of data-driven, actuarial methods to enhance




treatment decisions. New statistical approaches, including machine learning,
have propelled advancements in our ability to develop data-derived decision aids
that can be tested and easily disseminated. Personalization can take several
forms, including determining the appropriate level of care or treatment package,
selecting and ordering of treatment components or modules, identifying
therapeutic targets, or matching patients to specific therapists. This chapter
reviews the evidence for different forms of treatment personalization, from
intuitive and theory-based approaches to contemporary data-driven approaches.
After summarizing the limitations of the current field, the chapter concludes with a
discussion of what the future could hold.

Introduction: The Personalized
Treatment Imperative

People respond differently to psychotherapy, even if they present with
similar problems and are treated by the same therapist with similar methods
(Kiesler, 1966). This phenomenon is often called the heterogeneity of treatment
effect (Varadhan et al., 2013). Empirical studies highlighting the prognostic value
of individual differences were conducted early in the 20" century (e.g., Strupp,
1964), spurring many psychotherapists to argue for the need to personalize and
adjust interventions with regard to features other than diagnosis (Garfield, 1996).
This view has been ubiquitous in clinical psychology for many decades, and has
its corollary in Gordon Paul’s classic question to the field: “What treatment, by
whom, is most effective for this individual with that specific problem, and under
which set of circumstances?” (Paul, 1967, p. 111). Accordingly, psychotherapists
have been attempting to deliver personalized therapy for decades, but there is
tremendous diversity in the approaches they have used. Recent efforts to
personalize treatment across mental health have focused on selecting the optimal
psychotherapy for an individual among the available evidence-based approaches
(Cohen & DeRubeis, 2018). In this chapter, we present a review of several
approaches to personalization and propose conceptual frameworks aimed at
helping readers [1] to understand, [2] to categorize, and [3] to appraise the
methodological rigor of these different approaches. Strengths and weaknesses of
different approaches will be illustrated using examples from the literature. Overall,
this chapter aims to survey the landscape of personalization from a historical and
methodological perspective, clarifying key concepts, and concluding with a
consideration of future research directions that promise to enhance the precision
and effectiveness of personalization.



This is an auspicious moment in the evolution of personalization in
psychotherapy. The increasing emphasis on evidence-based psychological
treatments, combined with rapid developments in statistical methodologies and the
availability of datasets that can take advantage of these developments, are driving
a proliferation of research programs that are giving rise to a new field of precision
mental health care. As investigators begin to implement more complex
methodologies, they discover a multitude of additional hurdles that must be
surmounted in order for their contributions to be ready to be used by the clinicians
and patients who might benefit from them. In this chapter, we will examine a
variety of questions and methods that come into play in research on, and in the
implementation of, personalized treatment approaches. Along the way we propose
a lexicon that we hope will organize and clarify the many conceptual and
methodological distinctions that abound in this work, and we will present
examples of research and implementation efforts that can serve as springboards for
programs going forward.

The chapter is organized in six parts. The second section introduces a
framework that comprehensively maps out the various approaches to
personalization seen in the psychotherapy literature. This framework offers a
taxonomy of distinctive dimensions of personalization and serves to organize a
discussion of the variety of traditions and methods in this area. In the third section,
we describe historical efforts to characterize or systematize the personalization of
psychotherapy. The fourth section provides a description of contemporary
innovations, focusing on data-driven algorithms, and highlighting promising lines
of research and cutting-edge demonstrations. In the fifth section we discuss
relevant methodological and statistical issues. In the sixth section, we describe key
challenges that must be addressed if research on personalization is to play a major
role in how psychotherapy is practiced. We end with suggestions for how these
barriers can be overcome, and a discussion of future directions.

A Conceptual Framework for
Personalized Psychotherapy

The framework in Figure 19.1 depicts, as dimensions, fundamental ways in
which approaches to personalization differ from each other. This is proposed as an
organizing framework to understand and catalog the variety of ways in which
personalized therapy has been pursued and promoted. The framework, called the
Three Dimensions of Personalization (3DP), enables us to describe the types of
decisions that can be made to personalize treatment, the timing of these decisions,
and the methods used to inform such decisions. Multiple combinations of features
across these three dimensions are possible, thus enabling psychotherapy



researchers to derive a highly specific taxonomy of features that characterizes
current approaches to personalization. In what follows, we will unpack these
concepts and offer some illustrative examples.

3DP: Three Dimensions of Personalization
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Figure 19.1. Three Dimensions of Personalization (3DP)

The Time dimension characterizes the stage at which personalization
decisions are made along a patient’s treatment pathway. This could be before the
start of treatment (Time 1 or 3DP:T1), across the course of treatment (3DP:T2), or
after treatment has ended (3DP:T3) (e.g., relapse prevention). The Level of
Intervention dimension describes the level of specificity of treatment decisions,
pertaining to macro-level decisions (e.g., high intensity versus low intensity
interventions; or which treatment modality to offer, such as Cognitive Behavioral
Therapy [CBT] or psychodynamic psychotherapy) and micro-level decisions
(which specific treatment techniques and #ow they should be delivered). The
Structure dimension characterizes the method of personalization, and the extent to
which such a method is formalized or standardized. For simplicity, we locate these
various approaches along a continuum from less structured to highly structured
methods. At the less formal end of the continuum, idiosyncratic or artisanal
approaches (Structure 1 or 3DP:S1) privilege a clinician’s experience, intuition,



and judgment. Because the artisanal (Perlis, 2016) method of decision-making is
highly variable from clinician to clinician, it is therefore less formalized and more
difficult to replicate. Even if an expert clinician made consistently effective
intuitive decisions that resulted in good treatment outcomes, such a method would
not be easily accessible to other clinicians, unless it was somehow formalized and
structured.

Along the Structure dimension, we also find guidelines (3DP:S2), which —
in the field of psychotherapy — are usually developed by expert panels who survey
and synthesize the current scientific evidence or consensus regarding best
practices. According to the Institute of Medicine, clinical practice guidelines are
systematically developed statements to help clinicians and patients make health
care decisions under specific clinical circumstances (Field & Lohr, 1990).
However, this assistance often takes a more narrative form, and many clinical
practice guidelines are neither sufficiently structured nor intended to provide
definitive answers or fixed protocols for clinicians to follow. More structure is
offered by standardized decision aids (3DP:S3), which are defined as interventions
that support clinicians and patients by making their decisions explicit, by
providing information regarding options and associated benefits and harms, and by
helping to align decisions with personal values (Stacey et al., 2017). As described
in the development of the International Patient Decision Aids Standards checklist
(Elwyn et al., 2006), decision aids can take the form of things like leaflets or
videos that provide information about the available treatments, or they can be
delivered as algorithmic tools such as interactive, rule- or tree-based decision aids.
This illustrates that the labels along the Structure dimension are not all mutually
exclusive categories, but instead function more as a spectrum of increasing
specificity. Examples of this overlap are that many guidelines (3DP:S2) include
decision-aids (3DP:S3), that a decision-rule (3DP:S4) is a special type of a
decision-aid, and that some decision-rules are informed by statistical models
(3DP:S5).

The final two categories along the Structure dimension both rely on
algorithms to generate information for use in clinical decision-making. Algorithms
lend standardization to the decision-making process, and their outputs (often a
recommendation or prediction) are intended to be clear and precise. Thus,
algorithmic approaches to personalization are highly formalized and structured,
offering a greater degree of reproducibility. The defining feature of an algorithm is
that it has clearly operationalized inputs and outputs, and a fixed, reproducible
process for translating the inputs into the outputs.

One category of algorithms comprises decision rules or decision trees
(3DP:S4), which can take the form of decision flow diagrams. When these are
based on empirical data and research, they can be considered data-informed.
However, it is important to highlight that the term algorithm, ubiquitous in the
medical decision-making literature, should not be assumed to indicate that a model



is data-informed, data-driven, or derived from a statistical model. Data-driven
models are those in which the relationships instantiated in the model attempt to
represent, quantitatively, relationships that exist in the data from which they were
derived (these distinctions are addressed in the subsequent section).

At the apex of the Structure dimension are algorithmic personalization
approaches based on statistical models (3DP:S5). If well-developed, data-driven
statistical models have the potential to improve the accuracy and effectiveness of
clinical decision making. Although statistical models need not be derived from
data (nor do they always aim to model real relationships), only data-driven
statistical models will be discussed in this chapter.

The structure dimension is closely related to the sources of information that
clinicians use to personalize treatment. These sources can include their clinical
experience and intuition, available theories, empirical evidence, or quantitative
data-driven models (see Figure 19.2 later in the chapter for more on sources of
information).

The landscape of personalized psychotherapy approaches contains a wide
variety of different combinations of features of the three dimensions of
personalization. For example, there are: algorithmic statistical models designed to
make decisions about which treatment package to offer a patient before the start of
treatment (3DP:S5-L2-T1); decision aids based on theoretical models for choosing
treatment strategies during treatment (3DP:S3-L3-T2); and algorithmic decision
rules, designed to offer relapse prevention support in a targeted way, that identify
patients at high risk of relapse after therapy (3DP:S4-L3-T3). This framework
allows for the classification of a great diversity of approaches to personalization.
In the next section, we will refer to the 3DP framework as we provide examples of
early approaches to psychotherapy personalization.

Intuitive and Theoretical Approaches
to Psychotherapy Personalization

Our historical overview of personalization approaches begins with a
discussion of less formalized, intuitive approaches. This is followed by a
discussion of theoretical approaches, which vary in their level of structure, and
which typically have emerged from intuitive models as they become formalized
and, in many cases, subjected to empirical tests.



Intuitive Approaches to Psychotherapy
Personalization

Personalized psychotherapy has its roots in intuitive and theoretical models.
Idiosyncratic eclecticism is an artisanal approach wherein therapists select
treatment strategies and concepts based on their subjective appeal or their
familiarity (Wheeler, 1993). Such an approach is underpinned by the belief that
tacit, informal and intuitive clinical impressions are the most valid inputs available
for guiding clinical decisions. Proponents of this approach in health care have
argued that expert practitioners have an ability to know intuitively what will be the
most effective way to intervene at any decision point in therapy (e.g., Benner &
Tanner, 1987; Schon, 1984; Welsh & Lyons, 2001).

A common thread across these approaches is the notion that different
patients, even if they share a diagnosis and other clinical features, require different
therapeutic strategies. Also central to these approaches is the belief that, because
patients’ needs and goals change over time, therapists must tailor their approach to
each patient, and to changes in a patient’s needs and circumstances. Given that a
therapist may draw upon an extensive array of techniques, a rationale is required
to decide which techniques to apply for each case and at what specific point in
time.

Despite its commonsense appeal, the wisdom of relying solely on clinical
judgment is strongly questioned by a large body of accumulated evidence over the
last 50 years. Authors of narrative reviews (Bell & Mellor, 2009; Dawes et al.,
1989, 1993; Garb, 2005; Grove & Meehl, 1996, Meehl, 1954; Sawyer, 1966) and
meta-analyses (Agisdottir et al., 2006; Grove et al., 2000) converge on the
observation that clinical judgment and clinicians’ prognostic assessments are
highly variable and error-prone, are influenced by known biases (e.g.,
confirmation bias), and tend to be outperformed by formal/actuarial methods, such
as those based on data-driven statistical models and decision rules. It therefore
behooves clinicians to look for guidance from tools or systems beyond their own
clinical judgment when making important treatment decisions (Magnavita &
Lilienfeld, 2016).

Still, evidence-based tools are not widely accepted or used in routine
psychotherapy practice (Gaudiano et al., 2011). Moreover, the influence of
therapists’ personality and epistemological beliefs, as well as their training and
supervision experiences have been widely documented as determinants of their
preferences for therapeutic orientations and selection of techniques (e.g., Arthur,
2001). Paradoxically, while the therapist may have the intention to personalize



therapy according to the patient’s features, the process itself is likely influenced by
a therapist’s own features (e.g., personality, philosophical ideas, adherence to
clinical intuition as a privileged source of information) and idiosyncratic
circumstances (e.g., relationships with peers, the influence of particular
supervisor). Therefore, idiosyncratic eclecticism fails to customize therapy for
individuals based on formal theoretical models or data-driven models, instead
privileging the therapist’s attitudes, beliefs and preferences. This approach can
also result in an unsystematic treatment process that is difficult to replicate and
can impede therapists’ ability to develop competence in any one approach or
technique, which necessarily requires systematic repetition. Idiosyncratic
eclecticism also makes it difficult to form an objective view about the effects of
techniques, as it avoids the consistent application of an intervention and systematic
observation of its effects across cases that would inform future decisions. Despite
these shortcomings, eclecticism is frequently advocated in counseling and
psychotherapy training courses (Wheeler, 1993) and is prominently endorsed in
surveys of practicing therapists and psychologists (Norcross, 2005; Norcross &
Prochaska, 1988).

The pluralistic approach, a close cousin of idiosyncratic eclecticism,
acknowledges the idiosyncratic nature of clinicians’ judgments and instead
advocates that decisions should be guided less by therapists’ judgments and more
by patients’ needs, wants and preferences (Cooper & McLeod, 2011). Therapists
are thus encouraged to decide on the tasks of therapy based on collaborative
discussions about patients’ idiosyncratic goals and preferences about the style
(e.g., more vs. less directive) and focus (e.g., past vs. present; building on
strengths vs. addressing weaknesses) of therapy. In one version of this approach,
the therapist relies on a structured inventory of preferences called the Therapy
Personalization Form (TPF) to guide conversations about the initial selection of
treatment strategy and style (Bowens & Cooper, 2012). Subsequent adaptations of
therapy are accomplished by the completion and discussion of the TPF at regular
review points. Compared to idiosyncratic eclecticism, the pluralistic approach is
more systematic and mindful of research evidence (cf. Ong et al., 2020). However,
it still relies mainly on clinical opinions and indirect evidence to guide its
treatment selection method. For instance, the TPF approach was developed
through a series of qualitative investigations of therapists’ experiences of
therapeutic dilemmas, and from the documentation of therapists’ opinions about
how to respond to patients’ needs (Bowens & Cooper, 2012). To date, there is no
evidence that personalization via TPF leads to superior treatment outcomes,
relative to a standardized psychological treatment approach.



Theoretical Approaches to Psychotherapy
Personalization

Toward the middle of the Structure dimension (Figure 19.1), we can find
more systematic approaches that are guided by formal clinical assessment and
theory. For example, Lazarus’ multimodal therapy approach (2005) advocates the
structured assessment of seven discrete and interactive modalities: behavior,
affect, sensation, imagery, cognition, interpersonal relationships, and
drugs/biology (BASIC ID), from which the therapist develops a BASIC ID profile.
The profile, which informs a conceptualization of how these modalities interact to
cause distress or dysfunction, serves as a formal blueprint to guide the selection of
techniques to rectify problems in one or more domains. Furthermore, the sequence
of techniques to be used is matched to the BASIC ID blueprint, which usually
starts with one modality and moves sequentially to other modalities. Multimodal
therapy is an example of systematic technical eclecticism, which is informed
primarily by theory (in particular social-cognitive learning theory) but which also
advocates techniques that are empirically supported. Notwithstanding its intuitive
appeal, clinical parsimony, and the fact that it is premised on empirically
supported theories, there is not a single experimental comparison of multimodal
therapy versus inactive or active control conditions.

Another example of systematic technical eclecticism can be found in
Beutler’s systematic treatment selection (STS) approach (Beutler et al., 2005). In
it, standardized questionnaires are used to assess four domains: functional
impairment, coping style, reactance/resistance, and distress or emotional arousal.
The resulting profile is used as a decision aid (3DP:S3) to prescribe specific
techniques that are believed to be the most appropriate for a patient with that
profile. An assessment of functional impairment is used to determine the intensity
(e.g., frequency/duration of sessions, combination of group, individual,
pharmacological interventions) of treatment. The assessment of coping style
(internalizing vs. externalizing style) informs the selection of techniques (3DP:L3)
that emphasize insight and activation of emotions (for internalizers) versus those
that focus on practical skill-building and systematic feedback (for externalizers).
Patients are also assessed according to reactance/resistance, which in turn guides
the therapist to adopt a less directive approach for highly resistant patients and a
more directive approach for those who are less resistant (3DP:L4). Finally, the
patient’s level of distress or emotional arousal is monitored to guide the selection
of techniques that may serve to optimally modulate emotions. For example,
strategies to promote cognitive dissonance may be selected in cases where blunted
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affect may interfere with motivation and engagement, whereas for patients with
highly aroused emotions strategies might aim to contain and soothe their distress.

Integrative Approaches

Integrative approaches are said to emerge in two ways: through the
theoretical integration of two or more approaches or through the assimilation of
other approaches into one’s practice over time (Cooper & McLeod, 2011). Some
examples of theoretical integration include cognitive analytic therapy (Ryle et al.,
1990) and cognitive behavioral analysis system of psychotherapy (CBASP,
McCullough Jr, 2003), both of which draw from cognitive and psychodynamic
theories. Similarly, both dialectic behavioral therapy (DBT), which was developed
by Linehan (1993) to treat suicidal patients, and mindfulness-based cognitive
therapy (MBCT), which was developed by Segal, Williams and Teasdale (2001)
as a relapse prevention strategy for individuals with major depressive disorder
(MDD), demonstrate the gradual assimilation of meditation practices and emotion
regulation strategies into a CBT framework. Integrative approaches do not always
emerge with the explicit goal to personalize treatment for individuals, but the
personalization imperative is often implicit in the rationale for theoretical or
technical integration. The above cited therapies, for example, were born of the
authors’ dissatisfaction with then-current approaches and their apparent lack of
efficacy/effectiveness with specific hard to treat groups: patients with chronic
affective disorders, suicidality, and severe interpersonal difficulties. Thus,
integrative treatments are often claimed to be well-suited for specific subgroups of
the clinical population, such as those with dysthymia (CBASP), recurrent
depression (MBCT), or borderline personality disorder and suicidality (DBT). In
this way, integrative approaches often coalesce into standardized interventions,
which are then selected for subgroups of patients who are assumed to be well-
matched to the intervention, thus blending into the theoretical approach to
personalization. Many of these formalized integrative treatments have been
evaluated in RCTs and are now evidence-based interventions for specific patient
populations (e.g., Piet & Hougaard, 2011).

Matching Treatments to Disorders

Indeed, one of the most prominent ways to approach the “what works for
whom” question is to prescribe therapies that have empirical support for the
treatment of specific clinical problems and populations. The vast majority of
research regarding treatment selection over the past half-century has taken the
form of identifying the best mapping of disorders to treatment packages, many of
which were developed for specific disorders or patient populations. For example,
prolonged exposure (PE) was developed by Foa to treat patients with post-
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traumatic stress disorder (PTSD; Foa & Rothbaum, 1998). Largely founded on the
controlled trials and meta-analytic evidence base, the disorder-matching approach
has yielded different frameworks for treatment selection, where personalization
mostly involves matching an evidence-based therapy to the patient’s principal
presenting problem or diagnosis. When algorithmic, this information can be used
in a decision rule (e.g., if borderline personality disorder with suicidality, provide
DBT; if PTSD, provide prolonged exposure; if obsessive-compulsive disorder
[OCD], provide exposure and response prevention, etc.). If not a formal algorithm,
as is often the case in guidelines, this information can take the form of a decision
aid. Typically, the therapist and patient collaborate in reviewing initial diagnostic
assessment results, they identify the principal problem(s), and this guides the
selection of a disorder-specific treatment package or series of modules (i.e.,
discrete treatment tasks for the target problems).

This approach is endorsed by authoritative guidelines such as those
published by the American Psychological Association’s task force on the
promotion and dissemination of psychological procedures (Chambless & Hollon,
1998; Chambless & Ollendick, 2001; Tolin et al., 2015), the UK National Institute
for Health and Care Excellence (National Collaborating Centre for Mental Health
[NCCMH], 2011), the Canadian Psychological Association (2012), and the Royal
Australian and New Zealand College of Psychiatrists (Malhi et al., 2015). Such
guidelines commonly advocate the prescription of first-line or empirically
supported therapies, followed by “probably efficacious” treatments as second-line
options when first-line treatments are ineffective, unavailable, or unacceptable to
the individual. Criteria that must be met to be considered an empirically supported
therapy usually include support by at least two well-conducted experimental
studies, ideally carried out by different research groups, in clearly specified
clinical samples, targeting specific outcome domains and supported by
standardized treatment manuals (Chambless & Hollon, 1998; Tolin et al., 2015).

Guidelines cited above have produced diagnostic treatment matching
systems for a range of common mental disorders such as depression, generalized
anxiety disorder, obsessive-compulsive disorder, social anxiety disorder, specific
phobias, panic disorder, substance use disorders, eating disorders, and other
conditions. The integrative therapy approach described above has also tended to
become assimilated into this algorithmic diagnosis-based treatment matching
scheme. For example, MBCT has been recommended as a relapse prevention
intervention, specifically for patients with recurrent major depression in remission
who have experienced at least three previous episodes (Piet & Hougaard, 2011). In
another example, DBT has been recommended to reduce the risk of self-harm in
patients with borderline personality disorder, within a structured program
including individual therapy, group-based skills training and access to support
between sessions (NCCMH, 2009).
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Notwithstanding its prominence in current practice guidelines, the disorder-
matching approach faces a practical challenge from the proliferation of different
treatment approaches, which has resulted in an abundance of evidence-based
interventions for many of the common mental disorders. For example, prolonged
exposure, cognitive-processing therapy (CPT), trauma-focused CBT, and eye
movement desensitization and reprocessing (EMDR) are all evidence-based
interventions for PTSD, and a variety of pharmacological and psychological
interventions, including CBT, behavioral activation, interpersonal therapy (IPT),
psychodynamic therapy, and emotion-focused therapy, are considered evidence-
based treatments for depression. The disorder-matching treatment selection
scheme has also been criticized on philosophical and methodological grounds.
Some fundamental questions about the empirically supported therapy paradigm
and approach to treatment selection concern the issues of generalizability,
heterogeneity and diagnostic specificity. Given the rigorous selection criteria
imposed in RCTs to safeguard internal validity, trial participants may not be
representative of ordinary treatment-seeking samples in routine care. For example,
people with certain comorbidities (e.g., substance use disorders, personality
disorders, chronic illnesses) are often excluded, and the limited representation of
people from minority racial and ethnic groups or disadvantaged socioeconomic
backgrounds may limit the generalizability of the results of some RCTs to routine
care settings (Henrich et al., 2010). This matter is accentuated by evidence that
these very sources of heterogeneity (e.g., comorbidity) are known to be common.
For example, Kessler et al. (2005) reported that only 50% of people with
diagnosed mental disorders in an epidemiological survey met criteria for a single
disorder, with the rest meeting criteria for two or more comorbid disorders.
Furthermore, these sources of heterogeneity are relevant to patients’ prognoses.
For instance, systematic reviews indicate that comorbid personality disorders
(Newton-Howes et al., 2014), comorbid chronic illnesses (Dickens et al., 2013),
and socioeconomic deprivation (Finegan et al., 2018) are associated with poorer
psychological treatment outcomes. This evidence partly supports Garfield’s (1996)
argument that overly focusing on diagnosis as a privileged criterion for treatment
selection minimizes the influence of other sources of information that may be
highly relevant to the outcome of a given treatment. Wampold and Imel (2015)
argue that the many RCTs that generally find equivalent effects when comparing
alternative forms of psychological treatment challenge the predominance of
diagnostic classification as the sole criteria for treatment selection. While some
have interpreted this latter observation as evidence that all bona fide therapies
work through common factors, it is also plausible that different treatment
techniques or packages work differentially for patients with specific attributes that
may be unrelated to diagnosis (e.g., coping style and reactance, as described
earlier). These differential response phenomena are known as aptitude-by-
treatment interactions (ATI, Cronbach, 1957; Cronbach & Snow, 1977). Insofar as
these phenomena are present, our ability to understand what works for whom will
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be limited by recruiting homogeneous samples, focusing primarily on diagnosis,
and examining clinical effects at an aggregated level.

Other Theory-Based Approaches to Treatment Selection and
Adaptation

A common way in which psychotherapy researchers have sought to identify
the treatments that are most effective for specific patients has been through the
development of theory-driven treatment matching approaches. A citation classic in
this literature is Project MATCH, a large (N = 1726) RCT designed to test a priori
matching hypotheses about subgroups of patients with alcohol use problems who
might respond differentially to three treatments: CBT, motivational enhancement
therapy, and 12-step facilitation (Project MATCH Research Group, 1997). The
results offered partial support for 4 out of 20 theoretically informed client
characteristics (psychiatric severity, anger, support for drinking, and alcohol
dependence). However, the significance of interaction effects varied across
assessment time-points and the authors concluded that treatment matching did not
substantially improve patient outcomes (Project MATCH Research Group, 1998).

In the area of depression treatment, Miller et al. (2005) randomly assigned
N =121 patients to receive either their matched or nonmatched treatment across
four conditions: (1) pharmacotherapy; (2) combined pharmacotherapy and
cognitive therapy; (3) combined pharmacotherapy and family therapy; and (4) a
combination of all three treatments. The personalization algorithm took the form
of a decision rule that used specific cutoffs on self-report questionnaires and an
interviewer-rated scale collected pretreatment to indicate both the optimal level of
care and treatment type (3DP:S4-L1+L2-T1). This matching system was
constructed based on a deficit remediation theoretical model that hypothesized that
patients with deficits in a specific area (cognitive distortions, family impairment)
would benefit most from a treatment that directly addressed those deficits. The
findings were mixed: adequately matched patients had better treatment outcomes
compared to mismatched patients on some measures (Hamilton Rating Scale for
Depression change, % improved) but not others (Beck Depression Inventory;
suicidal ideation; symptom remission). Cheavens et al. (2012) provide another
example of a similar approach to personalization based on the capitalization versus
compensation model. Patients (N = 34) were assessed on therapy skill use across
four domains (behavioral, cognitive, interpersonal, and mindfulness) using a semi-
structured interview at baseline. A panel of evaluators and supervisors made
consensus determinations about each patient’s two relative strength domains and
two relative deficit domains, and the patients were then randomized to receive the
two modules that could capitalize on their existing strengths (capitalization), or to
receive the two modules that could remediate their skill deficits (compensation).
Their comparison of these two theory-based personalization approaches for
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selecting technique-focused modules (3DP:S4-L3-T1) found evidence for early
and sustained advantages in depression symptom reductions for those in the
approach based on capitalization (Cheavens et al., 2012).

In another prospective trial, Watzke et al. (2010) randomized individuals (N
= 291) initiating inpatient psychotherapy (either CBT or psychodynamic therapy)
to either theoretically informed systematic treatment selection (distinct from
Beutler’s STS described earlier) or to random allocation. Treatment matching in
the experimental group was carried out by multi-disciplinary team consensus,
using a theoretical model whereby patients’ goals, diagnoses, and other factors
(preference, motivation, cognitive and interpersonal deficits, etc.) determined
which treatment package they received (3DP:S3-L2-T1). Goals that were related
to insight and emotion tended to favor a match with psychodynamic therapy,
whereas goals that related to coping and behavior change favored a match with
CBT. Patients with an anxiety disorder, eating disorder or post-traumatic stress
disorder, as well those with a low level of cognitive reflection were also mostly
matched with CBT. The main results found no general effect of systematic
treatment selection, although secondary analyses suggested that, within those who
received psychodynamic therapy, matched cases had better long-term outcomes
than randomized cases.

Overall, theoretical models of treatment matching such as those described
above have tended to yield mixed and inconclusive findings, which reflects the
pattern observed for the vast number of aptitude-by-treatment interaction studies
conducted over the last four decades (Dance & Neufeld, 1988; Smith & Sechrest,
1991; Snow, 1991). Such mixed and unreplicated findings could be related to
methodological limitations such as small sample sizes and the predominant testing
of single-moderator hypotheses. Recent studies have been moving toward data-
driven multivariable approaches, where the combined influence of multiple
attributes is examined in order to identify cases that respond differentially to
alternative forms of treatment. These approaches will be covered in more detail in
the subsequent sections of this chapter.

Another approach to personalization involves the adaptation of standard
treatments with the goal of increasing their acceptability or effectiveness. Some
have proposed that effective treatment adaptation can be achieved by expert
psychotherapists using their clinical judgment and clinical case formulations
(Betan & Binder, 2010; Eells et al., 2005; Persons, 1991; Smits et al., 2019).
However, there is little experimental support for the supposed advantage of
treatment adaptation guided by clinical intuition over standardized and protocol-
driven interventions. Compared to intuitive models, theoretical models for
treatment adaptation have gained some empirical support. According to
psychological theory, therapy is more likely to be acceptable and effective if the
rationale, concepts and delivery are reasonably well-aligned to a patient’s
worldview and culture (Cloitre et al., 2020). Significant meta-analytic support for
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this claim exists (Benish et al., 2011; Chowdhary et al., 2014; Hall et al., 2016).
One such meta-analysis by Soto and colleagues (2018) examined 99 studies (N =
13,813) and found that culturally-adapted interventions resulted in better treatment
outcomes compared to standard interventions. In these studies, the most frequent
adaptations involved providing treatment in the patient’s preferred language,
explicit mention of cultural content/values in treatment, and matching patients
with therapists of a similar ethnic background. However, meta-analytic evidence
regarding the impact of such adaptation is mixed (Captari et al., 2018; Cuijpers,
Karyotaki, Reijnders, Purgato et al., 2018). For example, a meta-analysis by
Cabral and Smith (2011) found almost no benefit to matching clients with
therapists based on race or ethnicity.

Another theory in psychotherapy is that collaboration and the therapeutic
alliance can be enhanced by accommodating a patient’s preferences, thus resulting
in better treatment adherence and therapeutic outcomes. A meta-analysis of 29
randomized clinical trials (N = 5294) found that providing patients with their
preferred psychosocial mental health treatment was associated with lower dropout
and greater alliance scores, but not associated with depression and anxiety
outcomes, remission, global outcomes, attendance, or treatment satisfaction
(Windle et al., 2019). Patients’ expectations and preferences for a particular
treatment approach could, in turn, be influenced by their interaction with the
therapist, or through preparatory interventions such as role inductions and
motivational interviewing (Ogrodniczuk et al., 2005; Walitzer et al., 1999). The
conceptual and statistical challenges that can arise when investigating patient
preference in the context of randomized clinical trials require careful consideration
(Gemmell & Dunn, 2011; Walter et al., 2017). Although preference
accommodation at the level of selecting interventions seems to be supported by
empirical research (Zoellner et al., 2019), the benefits of accommodating
preferences about therapy style and techniques require further empirical
investigation through comparisons against standardized treatment models with or
without adequate preparatory strategies.

Summary: The Road to Precision Starts with
Trial and Error

In this section, we have endeavored to present a historical overview of
intuitive and theoretical approaches developed with the aim to personalize and
ultimately improve the effectiveness of psychotherapy. Rather than an exhaustive
review of studies, we have chosen to provide a developmental perspective on the
evolution of concepts, methods and trends in the field, supported by a selection of
illustrative examples. The personalization imperative has often been approached
from an intuitive perspective, based on the notion that clinical expertise is
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sufficient to meet the needs of patients encountered in practice. Yet, evidence
collected over 50 years convincingly demonstrates that clinical judgment is highly
variable and error-prone. Nevertheless, clinical observation and speculation have
paved the way for the development of theories that generate formal hypotheses
about what works for whom and thus are more amenable to validation through
experimental tests. In recent decades, the advent of empirically supported
treatments and the growth of the clinical trials literature has led to the
development of theoretical approaches for treatment selection. Today, the most
common forms of treatment selection applied in routine care clinical practice rely
on guidelines based on the empirically supported therapy literature and disorder-
matching. Other theoretical approaches that aim to reconcile personalization with
current clinical practice guidelines have focused on ways to adapt empirically
supported therapies to the features of individual patients. Of these approaches,
cultural adaptation has accrued the most empirical support. Overall, intuition and
theory have paved the way for the development of more structured and precise
algorithmic approaches, which are the focus of the remaining sections of this
chapter. This historical development, moving from intuitive toward theoretical,
data-informed and data-driven approaches, is represented in Figure 19.2.

Developmental continuum of personalized treatment models

o2

Data-informed Models Data-driven Models

Intuitive Models Theoretical Models

- Driven by intuition - Theory-driven - Evidence-driven - Data-driven

- Based on concepts - Based on evidence - Based on statistical
algorithms

- Based on anecdotes

Figure 19.2. Sources of information along a developmental continuum of personalized

treatment approaches.

Contemporary Applications of
Personalization in Psychotherapy

Data-driven approaches to personalization are a recent development in the
field of psychotherapy. The basic premise of data-driven treatment personalization
is relatively simple and theoretically sound: if you can predict something relevant
about a treatment decision that contains uncertainty, this information could be
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used to increase the likelihood of making better decisions, which should improve
outcomes in the aggregate. These approaches, which are the foundation for the
highly structured approaches from the upper end of the Structure continuum
depicted in Figure 19.1, have several distinctive features: they are developed using
observed data (e.g., outcomes from psychotherapy patients); they are developed
using statistical analyses; and their outputs (e.g., treatment recommendations or
prognostic information) are generated by an algorithm. As such, the decisions that
are guided by data-driven approaches are highly standardized, and therefore
reproducible, in contrast to decisions derived from intuitive approaches. In this
section, we will describe several data-driven approaches, organized according to
the Level of Intervention domain outlined in Figure 19.1, which aim to inform
decisions about how to personalize care by selecting the right treatment intensity,
package, or component, or by adjusting therapy delivery or interaction style.

Selecting the Intensity of Psychotherapeutic
Interventions in Stratified Care

Across medicine, it is common for interventions to vary in their level of
intensity and cost. For example, distinctions are made between primary care
(routine interventions), secondary care (specialist interventions), and tertiary or
hospital-based care (more invasive or costly interventions). Similarly, a specific
treatment modality can vary in intensity. For example, in pharmacotherapy, a
single medicine can be prescribed or it can be augmented or combined with other
medicines. In psychotherapy as well, intensity can vary from lower to higher
intensity interventions. Low intensity interventions are often provided for less
severe or non-chronic cases of common mental disorders (NCCMH, 2011). These
interventions include brief (i.e., eight or fewer sessions), low-cost,
psychoeducational interventions such a computerized CBT, bibliotherapy, and
group-based treatments. Such interventions have garnered considerable empirical
support in the treatment of depression and anxiety disorders (Coull & Morris,
2011). In contrast, high intensity interventions include empirically supported
individual psychotherapies such as those described earlier in this chapter (e.g.,
CBT, IPT, EMDR, PE, CPT etc.), as well as combination treatments —
psychotherapy plus pharmacotherapy — which can be twice as lengthy and costly
as low intensity treatment options. Given some evidence that low and high
intensity psychological interventions can be equally effective on average (e.g.,
internet-based vs. face-to-face CBT; Carlbring et al., 2018), stepped care has been
recommended in clinical guidelines as a cost-effective way to provide low and
high intensity treatments in a sequential way (NCCMH, 2011). Stepped care has a
well-established evidence base (Firth et al., 2015), and it is a standard strategy for
mental health care delivery in countries like the United Kingdom (Clark, 2018).
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Recent work has highlighted how the identification of different patient
subgroups could inform comparisons of therapies of different strengths. Building
on work in which they had proposed the patient response profiles framework
(DeRubeis, Gelfand et al., 2014), Gelfand and colleagues presented simulations
that demonstrate how, depending on the mix of patient types, a comparison
between a stronger and a weaker treatment can either reflect the actual difference
in strength or can make it appear that there is little if any difference between the
two treatments (Gelfand et al., under review). Their analysis highlights the
importance of identifying, in advance if possible, those who are as likely to benefit
from a less intensive treatment as from a stronger treatment, and those for whom a
greater benefit is expected in the stronger treatment. Recent work has extended
these concepts to comparisons of diagnosis-specific and transdiagnostic
interventions (Dalgleish et al., 2020).

In recent years, researchers have developed data-driven models to identify
different phenotypes or subgroups of patients with specific characteristics who
may vary in their need for higher intensity treatments for their depression or
anxiety. In a large (N = 16,636) naturalistic cohort study of patients who accessed
stepped care interventions, Saunders et al. (2016) applied latent cluster analysis to
identify eight subgroups of patients who shared similar pretreatment clinical and
demographic features. The authors found that patients classified into three of the
profiles tended to have a higher probability of depression symptom recovery in
high intensity relative to low intensity treatments, whereas those in the other five
profiles did not. Using data from an independent sample of 44,905 patients,
Saunders et al. (2020) replicated many of these findings using a latent variable
mixture modeling approach that leveraged the eight profiles previously identified
in Saunders et al. (2016). In addition to observing that a subset of the profiles were
associated with differential outcomes between low and high intensity therapies,
they examined differences in outcome between different types of high intensity
therapies (CBT and Counseling) and identified profiles that were associated with
differential likelihood of reliable recovery in one specific intervention versus the
other.

Delgadillo and colleagues (2016), applying bootstrapped logistic regression
methods to data obtained from a stepped care psychological treatment service,
identified robust predictors of depression treatment outcomes. Based on the
regression weights associated with these predictors, they developed the Leeds Risk
Index (LRI), which classifies patients as having low, moderate or high predicted
risk of enduring depression symptoms after treatment. In a prospective field-test of
the index, therapists used the LRI to guide the assignment of patients (N = 157) to
either low or high intensity treatments (Delgadillo, Appleby et al., 2020). The
pattern of outcomes in this uncontrolled open trial of LRI-informed allocation was
favorable in comparison to a case-control matched sample drawn from archival
clinical records that had undergone stepped care.
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Recent studies have applied penalized regression approaches to develop
prognostic indices, which combine pretreatment patient features in a way that can
help rank cases according to their expected outcomes (e.g., a continuum ranging
from excellent to poor predicted treatment response). Using data (N = 622) from a
three-arm randomized controlled trial (treatment as usual [TAU] vs. brief therapy
vs. CBT), Lorenzo-Luaces et al. (2017) combined several pretreatment patient
characteristics using a regularized regression equation (bootstrapped LASSO
technique) to develop a depression prognostic index. Using this index, they
observed that the 75% of patients with the best prognoses responded similarly to
all treatments. However, among the 25% of cases with poorer prognoses, recovery
rates were substantially higher in the CBT condition (60%) than in TAU (39%) or
brief therapy (44%). Using a similar modeling approach in a naturalistic cohort
study (N = 1512) of stepped care treatments, Delgadillo et al. (2017) developed a
depression prognostic index which was used to classify cases into two groups:
complex cases (28% of cases with the poorest expected prognosis) and standard
cases (the majority). Using a split-halves cross-validation procedure, they
observed that complex cases in the test sample had higher depression recovery
rates when they were assigned directly to high intensity therapy rather than
starting with low intensity psychological interventions. This advantage was large
and statistically significant for the complex cases, whereas it was small and
nonsignificant for the standard cases.

The algorithm developed by Delgadillo et al. (2017) has been implemented
in a large (N = 951) multiservice cluster randomized trial (Delgadillo et al., under
review), making it the first prospective test of the utility of a data-driven treatment
recommendation algorithm for stratification in psychotherapy. Depression
recovery rates were higher in patients whose assignment was informed by the
algorithm’s recommendation, relative to the patients who were allocated according
to usual stepped care. The findings from this study are encouraging regarding the
potential for the development, implementation, and dissemination of data-driven
treatment selection approaches.

Selecting Treatment Packages

Systematic reviews of evidence-based interventions within specific patient
populations have generally supported the conclusion that the average treatment
effects of most evidence-based interventions are not different from one another.
For example, Cuijpers and colleagues (2020) conducted a network meta-analysis
to examine 101 studies of treatments for depression, comprising 11,910 patients,
and found no difference in rates of response or remission between patients who
received antidepressants or psychotherapy. However, they also found significant
heterogeneity of observed treatment responses, reflecting the fact that some
patients show significant improvement whereas others evidence little-to-no
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improvement, or even deterioration. Thus, one of the most basic and essential
questions that precision medicine approaches can answer in mental health is which
of the available evidence-based treatment packages is likely to result in the best
outcome for a given individual (3DP:L2). This is the core question for
personalized treatment selection (Cohen & DeRubeis, 2018).

Several data-driven approaches to treatment selection have been described
in the literature. What most of these approaches have in common is the goal of
generating an index of the expected differential magnitude — or likelihood — of
response between two (or more) available treatment packages. All of these
approaches use statistical modeling to capture the collective predictive signal from
multiple pretreatment variables. If this signal is strong enough, the index derived
from it can be used to inform, for each new patient, a treatment recommendation.
It is understood that, for many patients, even a powerful model will predict little if
any differential benefit from one treatment versus another. But a powerful model
will be able to inform treatment decisions in such a way that substantially better
outcomes are achieved, in the aggregate, relative to random assignment (or one of
the other comparisons described below in the next section)(Kapelner et al., 2021).

One of these approaches, proposed by DeRubeis, Cohen and colleagues
(2014), yields for any individual a Personalized Advantage Index (PAI), which is a
signed score that indicates which of two interventions is expected to result in a
better outcome. The magnitude of the index reflects the strength of the
expectation. DeRubeis, Cohen et al. (2014) first demonstrated the PAI approach
using data from a randomized comparison of CBT versus pharmacotherapy
(paroxetine) in outpatients with major depressive disorder. Numerous studies and
research groups have applied variations of this PAI approach to examine if
subgroups of patients can be identified who respond differentially to: CBT vs.
interpersonal psychotherapy (Huibers et al., 2015; van Bronswijk, Bruijniks et al.,
2020; van Bronswijk et al., 2019); trauma-focused CBT vs. EMDR (Deisenhofer
et al., 2018); prolonged exposure vs. cognitive processing therapy (Keefe et al.,
2018); group CBT vs. transdiagnostic group CBT (Eskildsen et al., 2020); group
CBT vs. a group integrative positive psychological intervention (Lopez-Gomez et
al., 2019); CBT vs. CBT with exposure and emotion-focused elements (Friedl,
Berger et al., 2020); usual face-to-face CBT vs. blended face-to-face plus internet
CBT (Friedl, Krieger et al., 2020); CBT vs. psychodynamic therapy (Cohen et al.,
2020; Schwartz et al., 2020); CBT vs. counselling for depression (Delgadillo &
Gonzalez Salas Duhne, 2020); ADM (sertraline) vs. placebo (Webb, Trivedi et al.,
2019); continuation-phase cognitive therapy vs. antidepressant medication
(fluoxetine, Vittengl et al., 2017); and DBT vs. general psychiatric management
(Keefe et al., 2020).

Other approaches have been used to develop data-driven treatment selection
models. Nearest neighbors modeling (Lutz et al., 2006) identifies, for each
treatment, a subset of patients who are most similar to a given index patient on a
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set of variables (i.e., the index patient’s “nearest neighbors™). The
recommendation for the index patient is derived by calculating the difference in
average outcome scores observed in one treatment versus the other, among the
index patient’s nearest neighbors. Other methods with similar goals are described
by Kraemer (2013) — the M* approach, implemented by Wallace et al. (2013) and
Petkova et al.’s (2017) composite moderator approach, as demonstrated by Cloitre
and colleagues (2016) as well as in a recent tutorial (Petkova et al., 2019).

An index of predicted differential benefit can also be derived from two (or
more) separate prognostic models, each of which is constructed using only data
from patients who were treated with one of the interventions (e.g., Deisenhofer et
al., 2018; Delgadillo & Gonzalez Salas Duhne, 2020; Furukawa, Debray et al.,
2020; Kessler et al., 2017). The difference between the patient’s predicted
outcome in each treatment forms the basis for the treatment recommendation.

Other approaches for predicting differential benefit exist. Methodological
development in statistical prediction algorithms is ongoing, and the application of
novel approaches such as the super learner ensemble machine learning method
(van der Laan et al., 2007) promises to provide increasingly powerful predictive
information to support treatment personalization. When more than two options are
under consideration, the statistical and practical complexity of treatment selection
increases. For examples of such developments, see Zilcha-Mano et al. (2016) and
Furukawa, Debray et al. (2020).

Selecting Treatment Components or Techniques

Another approach to psychotherapy personalization involves the selection
of treatment components or techniques in a way that would maximize
improvement for patients with specific features (3DP:L3). Developing such a
system, and defining an explicit decision-making process to select the type and
sequence of treatment components, has been the aim of recent investigations. The
advent of modular psychotherapies, such as the unified protocol (Barlow et al.,
2017) and MATCH (Chorpita & Daleiden, 2009), presents a novel opportunity to
formalize this approach, wherein a therapist constructs a modular treatment
package that is meant to address a patient’s principal symptoms and concerns. In
the context of psychotherapy, Chorpita et al. (2005) defined modularity as
breaking up complex activities into self-contained, smaller units that can function
independently while also working together as part of a package.

For psychological treatments that can be modularized, two goals of
personalized mental health research are to attempt to predict which components
are going to be most important for an individual to receive, and to predict the
optimal order in which components should be delivered. Importantly, this
approach to personalization does not require that the treatment components
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themselves be altered. Individually constructed modular treatments could
maximize efficiency by ensuring that patients are provided with only the specific
components they need, and could increase adherence by minimizing the likelihood
of patients receiving irrelevant or contraindicated interventions. These aims are
relevant for both face-to-face psychotherapy as well as technology-based
interventions. They are especially relevant in the context of transdiagnostic
treatments, and when creating treatment plans for patients with significant
comorbidity who present with a variety of potential targets. Another attractive
feature of this internal personalization approach is that, unlike selecting between
therapeutic modalities that would likely be delivered by different providers, this
approach allows the therapist to personalize treatment themselves, as opposed to
(for example) having to refer their client to another provider.

Theory-based approaches for personalizing treatment by determining which
treatment components to deliver have often failed to outperform non-personalized
interventions. For example, Moritz et al. (2016) assessed patients with OCD (N =
89) on 14 different cognitive biases and dysfunctional coping styles and then
randomized the patients to receive either the full version of a self-help
metacognitive bibliotherapy or an individually adapted version that only included
the specific chapters theoretically indicated to address their endorsed target areas.
The authors found that this algorithmic approach to personalization (3DP:S4-L3-
T1) did not outperform simple provision of the entire manual (Moritz et al., 2016).
Another example of a theory-based approach is “The Toolbox,” a web-based self-
guided app recommendation service in which users could select one or more
“well-being categories” and then one or more goals, and then would be provided
with a selection of what were determined to be relevant apps and tools to browse
and download (3DP:S4-L3-T1). The personalized recommendation algorithm was
developed through a participatory design approach with young people and mental
health professionals based on a theory of change and theories of reasoned and
planned behavior (Antezana et al., 2015). Bidargaddi and colleagues (2017)
evaluated this non—data-driven approach to personalization in a randomized trial
that compared it against a four-week waitlist control and found no benefit on the
primary outcome.

In contrast to many theory-based approaches, randomized comparisons of
data-informed personalized modular psychotherapy against usual-care conditions
have often reported favorable results (e.g., Chorpita et al., 2017; Weisz et al.,
2012). In a sample of youths, Weisz and colleagues (2012) evaluated a data-
informed personalized modular treatment (MATCH) that comprised procedures
from each of three separate standard interventions for depression, anxiety, and
conduct disorder. The RCT (N = 174) compared MATCH against standardized
treatment (one of three manualized interventions) and a usual-care control arm,
and found that the modular condition was associated with superior outcomes
relative to standardized treatment and usual-care.
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Mohr et al. (2019) provide an example of a data-driven approach to
recommending treatment components (3DP:L.3). The algorithm was developed in
a large training sample (N > 100,000) primarily by modeling associations between
client characteristics and differential engagement with the modules. The authors
noted that the decision not to use differential change in clients’ symptoms was
largely driven by data availability (Personal Communication, Mohr & Schueller,
11/13/2019). However, given the high rate of dropout often observed in digital
mental health (Cuijpers et al., 2019), maximizing engagement is a sensible goal. In
their factorial RCT (N =301), Mohr et al. (2019) reported that, relative to those
who received no recommendations, those who received the weekly personalized
recommendations evidenced greater engagement and larger improvements in
depression, but not anxiety, symptoms. Unfortunately, given the lack of a control
comparison (e.g., sham recommendations), the possibility remains that, instead of
being due to the personalized nature of the recommendations, the improved
outcomes were simply the result of receiving reminders to download and use the
apps, and that non-personalized recommendations might have worked just as well
(or better).

The personalization discussed so far has relied on nomothetic statistical
approaches, which trade on similarities and differences between individuals. In
nomothetic personalization, predictions of response to specific treatment strategies
are made for individuals using data from a reference group of cases treated in the
past and who have features that are similar to the target patients. Idiographic
approaches (Fisher & Bosley, 2020; Fisher et al., 2018; Wright & Woods, 2020),
on the other hand, focus on within-person patterns, rather than patterns that are
observed across individuals. The construction of these person-specific statistical
models requires intensive longitudinal measurement. A model developed from an
individual’s own data can then be used to inform decisions about specific
treatment strategies for that individual (Fernandez et al., 2017; Rubel et al., 2018).

For example, Fisher et al. (2019) developed personalized treatment plans
for 40 CBT patients who had completed daily symptom measures over a one-
month pre-treatment period, using ecological momentary assessments. Patients’
symptom profiles were examined using person-specific factor-analytic (P-
technique) and dynamic factor modeling techniques, and this information guided
the construction of individualized treatment plans which drew upon modules from
the Unified Protocol for transdiagnostic treatment of emotional disorders (Barlow
et al., 2011). The authors reported large pre-post treatment effect sizes (g = 1.86 in
the intention-to-treat analysis) for this individualized treatment approach, although
— as the authors note — these findings are from a small (N = 32 completers)
uncontrolled open trial.

Nuances in the methodology of this interesting trial can help illustrate some
of the complexity in the personalization literature that motivated our creation of
the frameworks described in Figures 19.1-19.3. The trial (Fisher et al., 2019) was
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split into two phases that demonstrate different ways in which data-driven
approaches can inform treatment selection. For one phase, an expert panel of
clinicians met to discuss each patient’s ideographic modeling results and develop
the personalized treatment plans (Figure 19.3, process #5). For another phase, a
dynamic assessment and treatment algorithm (Fernandez et al., 2017)
automatically translated each patient’s ideographic modeling results into a
personalized treatment plan (see Figure 19.3, process #6) using an item-module
matching matrix. Of interest is that this matrix was constructed based on a
predominantly theory-driven match between the different symptoms and CBT
strategies in the modules believed to target such symptoms, instead of, for
example, on empirical evidence of whether each module of the Unified Protocol
(or the technique it contained) had been shown to impact one or more of the target
symptoms (i.e., data-informed), or an actual quantification of the magnitude of the
effect of each module on the targets (i.e., data-driven). Thus, the second
personalization approach described by Fisher et al. (2019) is a statistical model
(3DP:S5-L3-T1) that illustrates a blend of a data-driven approach (the ideographic
modeling component) with a theoretical approach (the item-module matching
matrix). These idiographic methods and related process-based therapies (e.g.,
Hofmann & Hayes, 2019) are promising new approaches for advancing data-
driven psychotherapy personalization.

Adjusting Psychotherapy as It Unfolds

Another important way in which personalization approaches differ concerns
when the personalization scheme is applied (the Time dimension of Figure 19.1).
Thus far, we have focused on the decisions that are made prior to the initiation of
treatment (3DP:T1). When decisions are made, instead, dynamically over the
course of treatment, one can refer to this as adjusting treatment (3DP:T2). Much
of this growing literature focuses on adaptive treatment strategies such as just-in-
time adaptive interventions (JITAI), which have the goal of delivering specific
components of an intervention package at the optimal time for each individual
(Nahum-Shani et al., 2015, 2018). These approaches have great potential for
personalizing treatment, especially in the context of digital interventions
(Goldstein et al., 2017) and digital phenotyping of mobile devices (Bae et al.,
2018).

One foundational practice that can support treatment adjustment is routine
outcome monitoring, whereby a client’s symptoms are tracked over time using
validated psychometric measures (Lambert et al., 2018). Routine outcome
monitoring is used in feedback-informed treatment, in which the clinician is
notified as to whether their patient is “on track” or “not on track,” a categorization
that relies on a comparison of a patient’s progress against expected progress, based
on available normative data from clinical samples. Numerous systematic reviews
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and meta-analyses demonstrate that dynamically adjusting the treatment plan and
approach using feedback-informed treatment leads to improved psychotherapy
outcomes. A detailed review of the empirical support for feedback-informed
treatment is found in Chapter 4 of this Handbook.

Another way in which time-varying prediction approaches can be used to
improve patient outcomes is by identifying when a patient is at a high risk for
dropout, so that interventions to increase the likelihood of retention can be
initiated (Lutz et al., 2019, 2020). For example, Forsell et al. (2019) constructed
predictive models using only longitudinal symptom data from a large naturalistic
sample (N > 5000) of patients in a 12-week program of therapist guided internet-
delivered CBT for depression, panic, or social anxiety. They found that
sufficiently accurate predictions (which they defined as a balanced accuracy of
65%) could be generated starting halfway through treatment. Lorimer and
colleagues (2020) demonstrated how risk of relapse could be dynamically
predicted across the 12-month period following successful acute treatment using a
multivariable ensemble machine learning approach.

Levin and colleagues (2018) evaluated a data-informed (but not data-
driven) personalized psychotherapy in a small RCT (N = 69) that compared four
weeks of digital acceptance and commitment therapy (ACT) with skill coaching
that was tailored based on ecological momentary assessment (EMA) against
random skill coaching or no skill coaching. All participants completed EMA, and
participants in both skills conditions were blinded to allocation. Those in the
tailored condition received the ACT skill component linked to the highest-rated
problem (where the linking was based on both theory and observed associations,
derived from an earlier pilot study, between specific skill coaching sessions and
specific outcome variables). Although the authors acknowledged that the study
was underpowered to detect differences between the active conditions, they found
that the personalized just-in-time adaptive intervention (3DP:S5-L4-T2) led to
significant improvements in a variety of outcomes, relative to the random
coaching and control conditions.

Smyth and Heron (2016) provide a clear example of the potential of data-
informed decision-rules for personalizing treatment that occurs dynamically across
treatment (3DP:S4-L.4-T2). Participants (N = 90) were randomized to one of three
conditions in which they completed EMA about stress and mood 3X-per-day:
EMA-only, EMA plus tailored recommendations about micro-interventions for
responding to stress and negative mood, or EMA plus semi-random reminders
about using randomly selected micro-interventions. In the tailored condition,
recommendations were provided when a participant’s EMA indicated moderately-
high or high stress or negative affect (based on >= 1 SD above their person-
centered mean, which was determined based on a two-day lead-in where they only
completed EMA). The specific intervention recommendations were based on
participants’ symptom reports in the EMA. Relative to the comparison conditions,
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the data-informed JITAI resulted in lower self-reported negative affect, fewer
reported stressful events, lower cortisol levels, better sleep quality, and lower
levels of potentially problematic health behaviors (e.g., alcohol consumption).

Methodological and Statistical Issues
for Personalized Psychotherapy

“All models are wrong, but some are useful.”

— Famous aphorism on statistical modeling coined by George Box (Box
& Draper, 1987).

The decision to implement a new approach for personalizing treatment that
deviates from current evidence-based practices should be informed by evidence of
its utility. A savvy consumer of the constantly evolving field of personalized
mental health care will want to know how to evaluate the literature critically. In
general, there are several stages in the development and validation of data-driven
personalization models (Delgadillo & Lutz, 2020). Early stages involve the
construction and testing of a clinical prediction model that is intended to inform
decision-making. More advanced stages involve case studies of implementation,
prospective field-tests (e.g., Delgadillo, Appleby et al., 2020), and clinical trials of
the resulting decision support systems in clinical practice (e.g., Lutz et al., 2021).
A personalization system must first be constructed in order for it to be evaluated,
and it must be described in sufficient detail if it is to be implemented by those who
did not develop it. In the following, we address these three features of
personalization systems. We begin with considerations relevant to the evaluation
of such systems, as understanding how an approach has been subjected to
empirical tests and what is known about the value it can provide is, we believe, of
utmost importance to the general consumer of research on personalization.
Although it can be helpful to know and understand how an approach was
developed, it is not required for an independent evaluation of its utility.

The following high-level overview of model construction and evaluation
builds upon decades of work by groups across medicine and statistics. More
extensive discussion and guidelines for prediction model development and
validation are provided by the “Transparent Reporting of a multivariable
prediction model for Individual Prognosis or Diagnosis” (TRIPOD) system
(Collins et al., 2015; Moons et al., 2015). The PROGRESS (PROGnosis RESearch
Strategy) group has provided recommendations for predictive modeling in health
care research (Hemingway et al., 2013; Hingorani et al., 2013; Riley et al., 2013;
Steyerberg et al., 2013). The Predictive Approaches to Treatment effect
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Heterogeneity (PATH) Statement gives specific guidance for using predictive
modeling of heterogeneity of treatment effects to inform clinical practice (Kent,
Paulus et al., 2020; Kent, Van Klaveren et al., 2020). Wherever possible, we will
refer the reader to these and other resources for more comprehensive discussions
of relevant issues (e.g., Riley, van der Windt et al., 2019; Steyerberg, 2019).

Evaluation

In this section, we review the variety of approaches that can be used to
evaluate psychotherapy personalization systems and the data-driven prediction
models on which they are sometimes based. We will discuss contemporary
methods for the evaluation of approaches used to select treatment packages as well
as those used to tailor treatment.

Evaluating the Performance of Data-Driven Models

A statistical model developed in a given dataset (often called a training
sample) should be evaluated using held-out data to estimate key performance
measures, such as accuracy, for the predictions (Jacobucci et al., 2020). Held-out
data can also be used to gain insight into the potential utility of the
recommendations that can be derived from a predictive model. When an external
data-source is unavailable for use as a held-out test-sample, internal validation, via
techniques such as cross-validation or bootstrapping, should be performed to
generate an estimate of the model’s ability to provide accurate and precise
predictions in a new sample (Steyerberg et al., 2001). The split halves approach
should be avoided (Steyerberg & Harrell, 2016). Cross-validation methods can
also be used internally during model construction, such as when selecting
variables or tuning model hyperparameters. When estimates of a model’s
performance are derived from internal validation, failure to incorporate in the
cross-validation all the steps needed to generate the model will lead to biased
(overoptimistic) estimates of model performance (Steyerberg et al., 2003). The
steps include variable selection, imputation of missing data, and weight setting.
Even when all pertinent procedures have been included during cross-validation,
the estimate of model accuracy can still be biased if the training sample is small
(Varoquaux, 2018).

A variety of factors must be considered when estimating the sample sizes
needed to develop (Riley, Snell et al., 2019a, 2019b; van Smeden et al., 2019) and
validate (Archer et al., 2020) prediction models. Riley and colleagues (2020)
provide comprehensive guidance on sample size issues, including an R package
that implements their recommended procedure.
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The generalizability of a model’s predictions will likely be limited if it is
applied in new cases or services that differ considerably to those used to train the
model. It cannot be known with certainty, in advance, what characteristics of
patients, treatments, or providers, will affect generalizability, so the best we can do
is to apply our knowledge of the domains and adjust our expectations of the utility
of the model in the test sample accordingly. For example, it would be unsurprising
if a model developed in a study of university counseling patients generalized
poorly to an inpatient care population. Prospective randomized experiments that
use the same assessment and treatment procedures as were used to develop the
model avoid many of the limitations encountered in tests that use preexisting data
or data from contexts that differ from the model’s development. We refer to this as
context specificity: a prediction model is only expected to generalize to new
samples that are sufficiently similar (e.g., in their features and treatment context).

An important aspect of the development and evaluation of statistical models
for treatment personalization is calibration, which refers to the extent to which a
model’s predictions align with the true observed values (Alba et al., 2017;
Steyerberg et al., 2010). Van Calster and colleagues (2019) highlight the potential
dangers of — as well as advice on how to avoid — poorly calibrated predictive
models in clinical decision-making. Huang and colleagues (2020) provide an
extensive tutorial aimed at clinical researchers, complete with R code
demonstrating calibration of predictive models for treatment personalization.

Another way in which prediction performance can be evaluated is through
prospective designs. For example, Symons and colleagues (2020) developed a set
of multivariable prediction models using data from patients (N = 1016) who had
received a CBT-based intervention for alcohol dependence. They then generated
prospective predictions for 220 new patients using these models and compared
them against predictions made by 10 clinical psychologists, and observed superior
accuracy and calibration for the model-based predictions.

In summary, numerous methodological choices can affect the performance
and clinical utility of prediction models. Ideally, clinical prediction models are
constructed using sample sizes large enough to provide adequate power, missing
data are addressed properly, internal and external cross-validation methods are
used appropriately, and evaluations of generalizability are conducted on
independent test samples.

Evaluating the Potential Clinical Utility of Treatment
Personalization Approaches

When a treatment personalization approach relies on a prediction model,
accurate and precise predictions can reasonably be assumed to be a necessary
condition for the success of the system, but they should not be assumed to be
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sufficient. Thus, although it is important to use data and procedures that maximize
the chance of obtaining a valid estimate of a prediction model’s performance (e.g.,
accuracy), the question that will reveal the real-world utility of a model in a given
context is: “Can the application of this treatment personalization approach,
informed by the model’s predictions, improve patients’ outcomes, relative to the
way in which the relevant decisions are currently made?” Answering that question
requires the consideration of a multitude of factors beyond predictive accuracy.

Figure 19.3 depicts a variety of ways in which decision-making processes
can translate information about the patient into specific treatment-relevant
decisions. The first column of The Information-to-Decision Translational
Framework aligns with the Structure dimension of the 3DP framework (see Figure
19.1). The second and third columns describe the outputs, which can be
quantitative (e.g., predicted post-treatment symptom score) or qualitative (e.g.,
“psychotherapy is the optimal treatment for this client”). The fourth column
(human filter) illustrates that information from a treatment personalization
approach either leads directly to changes in the intervention for the client (i.e.,
without review by a human, as in #4 and #6), or is used by the clinician, client, or
both in the form of a shared decision-making process to determine how to
personalize treatment. Tests of treatment personalization systems that employ a
human filter must be able to account for the fact that patients or clinicians can
override the recommendation, thus affecting the extent to which the evaluation
still reflects the quality of the quantitative or qualitative information that was
generated.

Kraepelien and colleagues’ (2019) study of a personalization approach
highlights this issue. The authors describe how, after generating the personalized
treatment plan, “The therapist would then present the patient with two
recommended problem areas to work with, but the patient had the final word and
could change to the two preferred problem areas of his or her choice. There was no
measure of how often the patient chose to focus on other problem areas than the
recommended” (Kraepelien et al., 2019, p. 3). As the patients were allowed to
disregard the recommendations, and because there was no record of how
frequently this occurred, a post-hoc analysis exploring the outcomes for the subset
of patients who decided to follow the recommendations was not possible.

Figure 19.3 was created to be illustrative, and thus does not provide a
comprehensive mapping of all possible scenarios. For example, Figure 19.3’s
process #5 does not capture perfectly the first approach used by Fisher and
colleagues (2019) that was described earlier in this chapter, in which quantitative
outputs generated by statistical models were sent directly to an expert panel of
clinicians who then developed the personalized treatment plan (without the
quantitative outputs first being translated into an explicit recommendation).
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Source of Info Quantitative Outputs Qualitative Outputs Human Filter
Knowledge + Idiosyncratic Clinician Judgement,
Beliefs & Experiences Patient Preference, or Decision 1
(Intuitive Models) Shared Decision-Making
Clinician Judgement,
2 Guidelines Decision Aid > Patient Preference, or > Decision 2
Shared Decision-Making
N Clinician Judgement,
3 :lggnt:n: Recommendation > Patient Preference, or > Decision 3
(DectslonRule) Shared Decision-Making
4 A‘Q‘,’"‘h"‘ > Recommendation > Decision 4
(Decision Rule)
0 Clinician Judgement,
5 S A!g?r|:3r: A > Prediction > Recommendation > Patient Preference, or > Decision 5
(StatisticalllModel) Shared Decision-Making
6 (eriidi > Prediction »  Recommendation > Decision 6

(Statistical Model)

Figure 19.3. The Information-to-Decision Translational Framework

The three conceptual frameworks illustrated in Figures 19.1-19.3 can be
used together to describe, organize, and critique a variety of approaches to
personalization in the psychotherapy literature. However, none of these
frameworks address the “How well does it work?”” question. It is to this important
issue —evaluation— that we now turn.

Evaluating Treatment Selection Approaches in Real-World
Settings

Having already reviewed methods for quantifying prediction model
accuracy, we will now focus on the more holistic evaluation of personalization
systems. Approaches that provide inferential statistics about the expected
performance of data-driven treatment selection rules are an active area of research
(Kapelner et al., 2021, Luedtke & van der Laan, 2016a; Luedtke & van der Laan,
2017). Comparisons of outcomes for patients assigned to their model-predicted
optimal treatment versus those assigned to their nonoptimal treatment, or those
assigned randomly, can indicate whether there is signal in the set of predictions
that rises above the noise. However, the effect size associated with the first
comparison (optimal vs. nonoptimal) is unlikely to reflect any real-world scenario,
given that it is difficult to imagine a clinician intentionally allocating all of their
patients to their contra-indicated treatment. And although the comparison of
optimal vs. random is reasonable and informative, it still might provide a biased
estimate of the potential real-world impact of a personalization approach, insofar
as current practice (e.g., allocation-as-usual) deviates from randomness (or quasi-
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randomness). A more clinically relevant question is whether the recommendations
derived from the model outperform typical or state-of-the-art methods that are in
place for the decision of interest.

One way to address this question is through the collection of relevant
baseline data (e.g., patient preference or clinician judgment) for secondary data
analysis in the context of prospective randomized clinical trials. For example, a
recent study by van Bronswijk, Lemmens et al. (2020) used an RCT of cognitive
therapy vs. interpersonal therapy to compare model-based treatment
recommendations against therapists’ recommendations (recorded prior to
randomization), which were based on case presentations of diagnostic workups.
Model-based recommendations outperformed clinicians’ recommendations. The
authors also found evidence that patients who were randomized to the treatment
recommended by the clinicians had worse outcomes than those randomized to the
treatment identified by clinicians as nonpreferred, providing further caution
against relying on intuitive treatment selection approaches.

Clinically relevant tests of model-driven personalization regimes are
provided by prospective trials in which patients are randomized to receive
treatment personalized based on the output of an algorithm (#6, Figure 19.3) or to
treatment determined by means other than the application of the algorithm, such as
patient preference, clinician judgment, or shared decision-making (Figure 19.3,
process #1), which is often described as allocation-as-usual.

It is understood that when an algorithm is disseminated, those using it will
often allow input, after the fact, from the patient and clinician, in ways that could
either enhance or detract from its utility. However, a test of a data-driven
algorithm can be confounded if its application allows for a reversal of its
recommendation by the clinician or patient. Likewise, the comparison condition
can be contaminated if clinicians or clients in that condition are provided with
information derived from the model. Further, differences in hope or expectancy
can arise when the patient or clinician thinks they are working together on a
treatment plan that has been “personalized” for that patient. Alternatively, they
might be suspicious of a process whereby treatment is automatically selected by
the algorithm without their input. Methods that can control for these potential
confounds include incorporating patient preference as a feature in the statistical
model or investigating separately the outcomes of patients whose recommended
personalization was reversed by clinician judgment. Regarding personalization
placebo effects, participants could be blinded as to whether they had been
randomized to the personalized condition, or a double-blind could be implemented
by providing clinicians in the control condition with fake (e.g., random) treatment
recommendations.

If an unconfounded application of randomization is not possible (#6, Figure
19.3), an alternative experimental condition is for the recommendation from the
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algorithm to inform the clinician’s decision or a decision that is shared between
the clinician and the client (#5, Figure 19.3). An advantage of this algorithm-
informed selection process is that it reflects how algorithms are most likely to be
implemented in practice. A limitation is that the utility, or accuracy, of the
algorithm cannot be estimated independent of the input from the clinician and
client. Relative to algorithm-based treatment selection, deviations from the
algorithm’s recommendation due to clinical judgment or patient influence could
result in either improvements or worsening of patient outcomes. To the extent that
a model’s recommendation is not followed in the model-informed condition, the
researcher cannot fully evaluate how well patients would have fared if their
treatment had followed the model-derived plan. When departures from the model-
derived recommendation are allowed, the number of reversals needs to be
documented in order to elucidate the extent to which the experimental condition
has been contaminated, and to permit secondary analyses of patients for whom the
recommendations were and were not followed.

Evaluating Approaches to Tailoring Psychotherapy

When evaluating personalized psychotherapy that takes the form of
selecting treatment components (3DP:L3) or adapting delivery style (3DP:L4),
there are also several important methodological choices that must be made in
relation to the control or comparison conditions. In order to address the specific
question of the effectiveness of the personalization component itself, the
personalized psychotherapy could be compared against a version of the same
psychotherapy that lacks personalization, contains pseudo-personalization, uses
randomized personalization, or that uses a comparable real-world approach to
personalization (e.g., comparing data-driven selection of treatment components
against patient preference-based selection of treatment components). The methods
of blinding (if any) the researcher decides to employ in any of the above
comparisons can have a significant impact on the interpretation of the study
results. For any of the randomized comparisons discussed in this section,
randomization could occur at the level of the patient, the clinician, or at the level
of a clinic or hospital.

More complex trial designs can allow for compelling evaluations of
different aspects of personalized psychotherapy. A study by Schulte et al. (1992)
provides perhaps the best example of how the personalization in a psychotherapy
personalization system can be evaluated. Phobic patients (N = 120) were randomly
assigned to one of three conditions: (1) standardized in vivo exposure therapy, (2)
personalized treatment in which the therapist used their case conceptualization to
design a specific treatment plan for their patient that could use all therapeutic
methods commonly employed in behavior therapy and cognitive therapy, or (3) a
yoked control group, in which each patient’s treatment followed a manual that was
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created based on the treatment records of a specific patient in the personalized
treatment condition with whom they were paired. A highly clinically relevant
question — “Does this personalized therapy outperform standard evidence-based
treatment?”— can be answered through the comparison of the standardized and
personalized conditions. This contrast, however, does not allow for a pure
evaluation of the personalization itself, due to differences in technique use (e.g.,
those in the standardized condition received more in vivo exposure and less
cognitive methods) and treatment duration (patients in the personalized therapy
received, on average, six more sessions) that arose due to the flexibility in the
personalized therapy. The comparison of the yoked condition against personalized
therapy controls for these differences in technique and duration, thus allowing for
the evaluation of the more scientifically interesting question: “What is the specific
value of the personalization in this individually tailored psychotherapy?” Schulte
et al. (1992) found that standardized exposure therapy outperformed personalized
therapy (comparison 1). They also found that the clinical decision-making that had
guided the personalization had no impact on patient outcomes (comparison 2). To
truly learn the value of psychotherapy personalization, more studies that allow for
these nuanced comparisons (e.g., Kerns et al., 2014) are needed.

How Personalization Approaches Are Defined and Presented

Personalization systems need to be clearly defined, reproducible, and
trainable. These requirements are similar to what is required for the evaluation of a
structured psychotherapy, which would be unlikely to have a meaningful real-
world impact in clinical settings if new practitioners could not be trained in its
delivery. Similarly, warning flags should be raised if the description of the system
through which personalization occurs is insufficiently detailed, or if the
description reveals that the process would be unlikely to be replicable or trainable.
Bonnett et al. (2019) discussed four different models of how clinical prediction
models can be presented in order to serve as practical decision tools for clinicians.
These models differ in complexity and sophistication; from simple point-scoring
systems to determine if a patient’s profile surpasses the threshold for a specific
clinical decision, to fully computerized interfaces that automate complex statistical
algorithms using a user-friendly input device. All of these options have advantages
and disadvantages, and the choice of interface broadly depends on the clinical
setting and the complexity of the underlying algorithm.

Berger et al. (2014) provide an example of a well-defined, replicable, data-
informed approach to personalization. Patients with social anxiety, generalized
anxiety, or panic were randomized to waitlist control, disorder-specific, or
individually tailored internet-based guided self-help, where the intervention was
tailored based on a series of pretreatment assessments (3DP:S4-L.3-T1). Patients
who were in the disorder-specific condition received only the content for their
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principal diagnosis as determined by a diagnostic interview, whereas patients who
were in the individually tailored condition received content specific to any
problem area in which they scored at least 1.5 standard deviations higher than the
normal population mean on the disorder-specific measure. In an example of a
clearly defined data-informed approach, Delgadillo, Appleby et al. (2020)
developed a data-driven decision algorithm called the Leeds Risk Index, which
enables clinicians to easily implement a regression-based scoring system to decide
which patients with common mental disorders should be offered low intensity
guided self-help or high intensity psychotherapies. This method is highly
standardized and guided by a simple visual diagram that fits with the definition of
a “nomogram” as described by Bonnett et al. (2019).

Constructing Data-driven Personalized
Treatment Decision Support Systems

Having already covered the ways in which information (i.e., a prediction or
recommendation) from a treatment personalization approach could be used and
evaluated, as well as the ways in which the translation of these outputs (regardless
of their quality) can be influenced by the decision-making process, we now turn to
the process of constructing the data-driven statistical models on which the most
powerful treatment personalization approaches will be based. The various
decisions that must be made throughout the stages of model development matter.
Different researchers using the same data can draw very different conclusions
about how to personalize treatment, as demonstrated in a recent “crowdsourced”
analysis in which 12 research teams analyzed the same EMA dataset to select
treatment targets (Bastiaansen et al., 2020). For historical perspectives on
approaches to building statistical models for treatment selection in psychotherapy,
see recent reviews by Cohen and DeRubeis (2018) and Cohen et al. (2019).

Sample Considerations

The limited sample sizes available in randomized clinical trials are often
insufficient to adequately power the evaluation of prescriptive models. Luedtke
and colleagues’ (2019) simulations suggest that, in order to have adequate
statistical power to develop and evaluate models and to detect clinically significant
marginal improvements associated with treatment selection, at least 300 patients
per treatment arm are needed. Lorenzo-Luaces et al. (2020) reviewed personalized
medicine studies comparing CBT to other treatments for depression and identified
19 published multivariable prediction models, none of which met Luedtke and
colleagues’ sample size recommendation. As a solution to the sample size issues
discussed throughout this chapter, Kessler and colleagues (2019) proposed that
researchers first begin by developing models using a large observational (non-
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randomized) datasets. Archival data will often lack the richness of datasets from
RCTs, and such samples rarely provide the tight control over treatment parameters
and assessment that is afforded by RCTs. Thus, the authors proposed an iterative
process, whereby models developed in observational samples are subsequently
examined in RCT datasets, and then tested prospectively in experimental studies.
Delgadillo and Lutz (2020) described a similar development pathway where
clinical prediction models are initially trained in large (N > 1000) observational
datasets using an external cross-validation design, and then are prospectively
tested in field-tests (e.g., small-scale prospective studies), randomized controlled
trials, and then in implementation case studies that examine their effectiveness in
routine care.

Supervised vs. Unsupervised Learning Approaches

One important initial decision when creating a data-driven personalization
system is whether to apply a supervised or unsupervised modeling approach, the
goals of which can differ. Supervised learning approaches aim to predict an
outcome based on a number of inputs, whereas unsupervised approaches aim to
model associations or patterns among a set of inputs, without the involvement of a
specified outcome measure (Hastie et al., 2009).

A typical use-case for unsupervised approaches in treatment personalization
is when information about patients is used to generate categories or dimensions,
typically without the use of information about the treatment(s) received or
outcomes observed during treatment. Associations with outcomes are examined
only after the data-driven categories or dimensions are created. Common types of
unsupervised approaches involve clustering and dimensionality reduction.
Dimensionality reduction approaches include principal components analysis and
exploratory or confirmatory factor analysis. Worked examples of clustering
approaches that can inform psychotherapy treatment selection can be seen for
latent profile analysis (Saunders et al., 2016), latent variable mixture modeling
(Saunders et al., 2020), and agglomerative hierarchical and k-means cluster
analysis (Deckersbach et al., 2016).

A wide variety of supervised learning approaches have been applied in
mental health predictive modeling (see the previous section), ranging from classic
ordinary least squares linear regression to non-parametric machine learning
approaches, including random forests and Bayesian additive regression trees. The
majority of the data-driven efforts we have described in this chapter aim to take
advantage of associations between patient characteristics that can be ascertained
prior to selecting a treatment (3DP:T1) and the primary outcomes resulting from
the treatments under consideration (e.g., symptom reduction). Supervised learning
approaches can also be employed to predict secondary outcomes (e.g., treatment
dropout; Lutz et al., 2018) that are presumed to be related to the outcome of
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interest (e.g., symptom response). When selecting secondary outcomes as targets
for supervised personalization models, it is sensible to leverage presumed
mediators of change. For example, in face-to-face therapy, common targets
include attendance (e.g., Davis et al., 2020), engagement with the procedures of
the therapy, homework compliance, or measures of the therapeutic alliance (e.g.,
Rubel et al., 2020). If there is a strong link between a presumed mediator and the
outcome of interest, a model that predicts patients’ scores on the mediator will
tend also to predict outcome.

Prognostic and Prescriptive Modeling

The PROGRESS Group defined a prognostic factor as “any measure that,
among people with a given health condition (that is, a start point), is associated
with a subsequent clinical outcome (an endpoint)” (Hemingway et al., 2013).
Models comprising prognostic variables (Steyerberg et al., 2013) can be contrasted
with those that include prescriptive variables (also known as moderators or effect
modifiers), which affect the direction or strength of the differences in outcome
between two or more treatments (Baron & Kenny, 1986). A prescriptive variable
is one that interacts with the treatment variable to predict differential response
between treatments, and thus is informative for treatment selection models. See
Cohen et al. (2019) for a comprehensive discussion of prognostic and prescriptive
variables. For the purpose of this chapter, we will define prognostic models as any
models that are constructed in a way that aims to predict an outcome of interest for
a specific population, but without including treatment-moderator interaction terms.
For example, a model that is constructed using only data from clients with
depression who have been treated with psychodynamic therapy would be
prognostic, because there is no way to know whether the predictive relationships
instantiated in the model are identical to or different from those that would be
observed had the same or similar individuals from the same population been
treated with CBT, or medication, or had they received no treatment at all.
Similarly, a model constructed using a mixed sample of individuals with
depression, some of whom were treated with psychodynamic therapy, others of
whom were treated with medication, would be classified as prognostic if
information about which treatment each individual received was not available to
the model, because there would be no explicit mechanism to capture differential
response. Although this chapter is mostly focused on prognostic models of
treatment response, another relevant form of prognostic modeling is risk-
prediction (e.g., Ebert et al., 2019), which can be used to identify individuals at
risk for developing problems or disorders (e.g., Kiekens et al., 2019; King et al.,
2008).

The distinction between prognostic and prescriptive clinical prediction
models takes on special importance in the arena of personalization. A systematic
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review of methods for regression-based clinical prediction modeling by Rekkas
and colleagues (2019) described three categories: risk-based methods (prognostic
factors only), optimal treatment regime methods (treatment effect modifiers or
prescriptive factors), and treatment effect modeling methods (which can include
both prognostic and prescriptive factors). The goal of a treatment personalization
approach (see Figure 19.1, Level of Intervention and Timing dimensions) can
inform the decision of which modeling technique to use. For example, efforts to
ensure that clients are initially triaged to the appropriate level of care are often
amenable to prognostic modeling approaches (discussed in the previous section;
see also Cohen & DeRubeis, 2018), whereas efforts to select treatment packages
are often well-served by prescriptive modeling approaches.

Variable Selection

An important step of the feature engineering phase of constructing data-
driven statistical models is the selection of which variables to include in the model.
Different approaches applied to the same dataset can generate conflicting
information about variable importance (Cohen et al., 2020). Repeated failures to
identify any single predictive variable with large enough effects to guide treatment
personalization (Cuijpers, Karyotaki, Reijnders, & Huibers, 2018; Simon & Perlis,
2010) reflect the need for multivariable approaches that can take into account the
cumulative signal from multiple predictive factors (see Cohen & DeRubeis [2018]
for a discussion of this issue). The selection process can itself have multiple
stages, which can be guided by practical, theoretical, or empirical considerations.
Methods have been developed specifically for selecting variables in the context of
treatment personalization (Bossuyt & Parvin, 2015; Janes et al., 2011). As part of
the STRengthening Analytical Thinking for Observational Studies (STRATOS)
initiative, Sauerbrei and colleagues (2020) published an extensive review of
variable selection in which they summarize strengths and weaknesses of different
approaches. They conclude that there is insufficient evidence to strongly
recommend any single approach to variable selection, and that more research
comparing different techniques is needed. Feature selection should incorporate
cross-validation procedures that aim to select variables that are more likely to
generalize to new samples and that are not overly influenced by overfitting
(Rodriguez et al., 2009).

Machine Learning

Although the exact definition of machine learning remains elusive, this
family of modeling approaches comprises methods that learn automatically from
data, often flexibly capturing nonlinear associations and higher-order interactions.
Uses of statistical modeling to draw conclusions from data can be broadly
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described as either serving the goal of explanation/inference (which seeks to
extract information about the nature of relations between variables) or prediction
(Shmueli, 2010). Breiman (2001) described these, respectively, as “The Data
Modeling Culture” and “The Algorithmic Modeling Culture.” The latter approach
is most often associated with machine learning. Arnold and colleagues (2020)
discuss the implications of the differences between prediction and “causal
explanation” on the use of machine learning methods. As a comprehensive
discussion of machine learning is beyond the scope of this chapter, we refer the
interested reader to several recent reviews, which can provide: a broad background
on machine learning in clinical psychology (Coutanche & Hallion, 2019; Dwyer et
al., 2018); a more quantitative review of machine learning-based prediction for
mental health outcomes (Salazar de Pablo et al., 2020); and a review specifically
focused on machine learning in psychotherapy research (Aafjes-van Doorn et al.,
2020).

Machine-learning algorithms have gained widespread popularity in the
mental health treatment outcome prediction literature (Lee et al., 2018). Novel
modeling approaches have been developed that focus specifically on interactions
and are thus well-suited to treatment selection (e.g., qualitative interaction trees;
Dusseldorp & Van Mechelen, 2014). See Kapelner et al. (2021) for an extensive
discussion of recent developments in statistical modeling. In mental health
prediction, several studies have reported superior predictive performance of
machine learning over classic regression (Kessler et al., 2016; Rosellini et al.,
2018; Wardenaar et al., 2014; Webb, Cohen et al., 2019; c.f., Symons et al., 2020).
Vollmer and colleagues (2020) set forth a helpful series of 20 critical questions
(focused on six areas: inception, study, statistical methods, reproducibility, impact
evaluation, and implementation) for all stakeholders involved in health-focused
machine-learning efforts that aim to “provide a framework for research groups to
inform the design, conduct, and reporting; for editors and peer reviewers to
evaluate contributions to the literature; and for patients, clinicians, and policy
makers to critically appraise where new findings may deliver patient benefit”
(Vollmer et al., 2020). Although machine-learning approaches like neural
networks, deep learning, boosting, support vector machines, and random forests —
collectively called pure prediction algorithms by Efron (2020) — can result in
improved predictive performance, key questions remain about when and how they
can best be implemented (see the limitations section for further discussion).

Selecting a specific model or modeling approach to use can be challenging,
especially given the abundance of publications in this space (Adibi et al., 2020).
One way to inform this decision is to construct multiple predictive models in a
sample using different approaches and then compare their performance using
cross-validation, bootstrapping, or a held-out test sample (e.g., Delgadillo, Rubel,
& Barkham, 2020; Hilbert et al., 2020; Webb, Cohen et al., 2019). A more
advanced approach is to develop an ensemble in which multiple models are
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combined to optimize performance. An example of an ensemble machine-learning
approach is “super learning” (van der Laan et al., 2007), which uses cross-
validation to select weights for a set of algorithms, and can also be used to
construct ensembles for dynamic treatment regimes (Luedtke & van der Laan,
2016b). After constructing the ensemble approach, the fit of the individual models
can be compared against the ensemble; for two examples using the SuperLearner
package in R (Polley et al., 2016), see Rosellini et al. (2018) and Webb, Cohen et
al. (2019).

Novel Research Designs for Constructing Data-Driven
Personalized Treatments

Novel trial designs such as balanced fractional factorial trials (e.g., Watkins
et al., 2016) and sequential multiple assignment randomized trials (SMART; e.g.,
Southward & Sauer-Zavala, 2020) are promising complements to more data-
analytic ideographic (e.g., Altman et al., 2020) and nomothetic (e.g., Pearson et
al., 2019) approaches to understanding the links between specific psychotherapy
techniques and outcomes, and individual differences in response to different
therapeutic elements. Clinical trials based on these new paradigms have the
potential to help overcome some of the main barriers to understanding how and for
whom treatments work, such as the sample size constraints that hampered the
field’s ability to draw meaningful conclusions from the dismantling or component
trial literature (Cuijpers et al., 2017). In the context of digital therapeutics, these
highly efficient experimental designs can facilitate the rapid development and
evaluation of scalable personalized treatments (Uwatoko et al., 2018).

Challenges: Analytic,
Methodological, and Statistical
Problems with the Existing Literature
on Personalized Psychotherapy

Personalized and precision approaches have garnered significant
enthusiasm in mental health (Hollon et al., 2019; Holmes et al., 2018) and
medicine more broadly (Collins & Varmus, 2015). Unfortunately, many — but not
all — of these approaches have failed to live up to their promise (Joyner & Paneth,
2019; Prasad et al., 2016; Senn, 2018; Wilkinson et al., 2020). If personalized and
precision mental health are going to make meaningful impacts on real-world
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patient care, the methodological rigor of the development, reporting, and
evaluation of these approaches must be improved.

Defining and Reporting Personalization Systems

Sufficient detail must be provided to allow a proper evaluation of a system
for personalizing treatment. Multiple reviews suggest that this essential criterion is
not being met. Using the TRIPOD checklist, Heus and colleagues (2018) reviewed
publications reporting multivariable prediction models in top journals across 37
clinical domains. They identified 170 models and found that over 80% of the
models were lacking key information, such as model specification or performance.
These findings are reflected in the psychotherapy personalization literature as
well. For example, consider Johansson et al.’s (2012) description of a
personalization approach from their small RCT (N = 40 vs. 39) comparing
standardized vs. individually tailored digital CBT: “An individualized treatment
plan was prepared for each participant randomized to the tailored treatment. The
treatment plans were formed by discussion in the research group and were mainly
based on the SCID interview and results from self-report measures” (Johansson et
al., 2012, p. 5). Not only is this description of the personalization insufficiently
detailed to allow a reader to implement or evaluate the approach, but it also
reveals levels of clinical judgement and flexibility that greatly decrease the
likelihood that the approach could be replicated or disseminated. Similar issues
regarding detail or flexibility can be seen across the literature on personalized
therapy (Berger et al., 2017; Carlbring et al., 2011; Evers et al., 2014; Kraepelien
et al., 2018, 2019; van Beugen et al., 2016).

Current Limitations of Machine Learning

The marriage of machine learning and precision medicine has also come
under recent scrutiny (Wilkinson et al., 2020). Substantial evidence suggests that
machine learning approaches should not be assumed to be a panacea, and that their
use should be justified through comparisons against more simple methods of
constructing clinical prediction models. A multitude of primary analyses as well as
meta-analyses have reported similar performance for logistic regression and
machine learning in prediction across a variety of domains including: diabetes
(Lynam et al., 2020), chronic diseases (Nusinovici et al., 2020), traumatic brain
injury (Gravesteijn et al., 2020), heart failure (Desai et al., 2020), and
psychological treatments for depression and anxiety (Bone et al., 2021). Some
studies have found evidence for improvements in accuracy when using machine
learning approaches (relative to logistic regression) with more complex data (e.g.,
rich EMR-based information; Desai et al., 2020). One complicating feature of the
literature comparing machine-learning to non-machine-learning approaches is the
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inconsistency with which several of the most commonly used modeling techniques
are classified. For example, Dwyer et al. (2018) describe penalized regression
approaches (such as lasso, ridge, and elastic net regression) as machine learning.
However, a recent systematic review of clinical prediction models (Christodoulou
et al., 2019) that reported no advantage of machine learning over logistic
regression categorized penalized regressions under the umbrella of logistic
regression. Instead of relying on blanket statements about the benefits (or lack
thereof) of machine learning, contextualized comparisons of specific approaches
should be pursued.

Evaluation

Rigorous evaluation of personalized treatment approaches and the clinical
prediction models on which they are sometimes based is essential (Hingorani et
al., 2013; Pencina et al., 2020). Accordingly, it is alarming that, regarding the
proliferation of clinical prediction models across the medical literature, including
mental health, only a small proportion have been subjected to external validation
(Collins et al., 2014; Siontis et al., 2015). For example, a systematic review of
clinical prediction models in patients with chronic obstructive pulmonary disease
identified 408 published models, less than 10% of which had been externally
validated (Bellou et al., 2019). Low frequency of external validation has also been
noted in systematic reviews of clinical prediction models in breast cancer (29%;
Phung et al., 2019), cardiovascular disease risk (36%; Damen et al., 2016) and
outcomes (17%; Wessler et al., 2015), preeclampsia (6%; De Kat et al., 2019),
contrast-induced acute kidney injury (11%; Allen et al., 2017), and colorectal
cancer (He et al., 2019). Wynants and colleagues’ (2020) “living systematic
review” (Macdonald et al., 2020) identified 145 prediction models for COVID-19,
and concluded that “proposed models are poorly reported, at high risk of bias, and
their reported performance is probably optimistic. Hence, we do not recommend
any of these reported prediction models for use in current practice” (Wynants et
al., 2020, p. 2). The importance of proper external validation can be seen in Gupta
and colleagues’ (2020) prospective evaluation of 22 published prediction models
for COVID-19. They found, using decision curve analysis, that not a single
multivariable model evidenced consistently higher net benefit for clinical
deterioration or mortality than applying a rubric based on a single indicator (i.e.,
admission oxygen saturation on room air as a predictor of clinical deterioration;
patient age for mortality) to stratify treatment, across a range of threshold
probabilities. In summary, although well-established clinical prediction models in
medicine do exist (e.g., Han et al., 2014; Hippisley-Cox et al., 2008; Maeda et al.,
2019), the vast majority have either been poorly constructed, inadequately
described, or insufficiently validated, and when evaluated, their clinical utility has
often been negligible.
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A recent systematic review and meta-analysis of precision psychiatry
identified 584 studies in which prediction models (diagnostic, prognostic, or
prescriptive) had been developed, only 10.4% and 4.6% of which reported having
conducted proper internal and external validation, respectively (Salazar de Pablo
et al., 2020). External cross-validation of the performance of predictive treatment
selection models in psychotherapy has been exceedingly rare, perhaps in part due
to the lack of overlap between variables across studies. One of the only attempts at
cross-trial prediction of psychotherapy outcomes that used randomized data
revealed significant reductions in the estimated advantage of treatment selection:
van Bronswijk, Bruijniks et al. (2020) developed a model in an RCT comparing
CBT and IPT, and found that the effect size estimate (generated via internal cross-
validation) of receiving the model-indicated treatment shrank by 77% when that
model was used to predict outcomes in a dataset from a second RCT of the same
two treatments. However, there are examples of studies using naturalistic data that
provide evidence for the generalizability of clinical prediction models in external
test samples (e.g., Delgadillo & Gonzalez Salas Duhne, 2020; Delgadillo et al.,
2017; Schwartz et al., 2020), some of which report impressive prediction accuracy
in external samples from different psychological services that were not used to
train the prediction model (Bone et al., 2021).

Much of the published literature on the prospective evaluation of
personalized approaches to psychological interventions involves clinical trials that
were designed to test the effectiveness of the intervention package and not the
specific benefit of personalization. Myriad trials have compared personalized or
tailored approaches to usual-care or control conditions (e.g., Buhrman et al., 2015;
Carlbring et al., 2011; Chorpita et al., 2017; Day et al., 2013; Hallgren et al., 2015;
Karyotaki et al., 2019; Nordgren et al., 2014; Silfvernagel et al., 2012, 2018;
Strandskov et al., 2017; Twomey et al., 2017; van Beugen et al., 2016; Weisel et
al., 2019). However, because these studies lacked analogous non-personalized
comparisons, there is no way to know how much, if any, of the advantages for the
personalized interventions (for those that reported them) was due to the fact that
they were tailored to the patients. These trials, while useful for understanding
whether the interventions themselves are more effective than the conditions with
which they are compared, fail to provide evidence for the specific value of
personalization. When a personalized psychotherapy is compared to a non-
personalized variant, reduced effect sizes for specific tests of personalization
should be expected (relative to comparisons against control comparisons); thus,
larger samples will be required to adequately power these trials.

When the specific effects of personalization have been properly evaluated
in randomized comparisons of personalized treatments against equivalent standard
or static interventions (such tests are rare to begin with), the results have been
mixed. Such comparisons, when based on non-data-driven approaches, have often
found that treatment personalization failed to improve outcomes (e.g., Batterham
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et al., 2018; Johansson et al., 2012; Kerns et al., 2014; Moritz et al., 2016) (cf.
Cheavens et al., 2012; Miller et al., 2005).

A Cautionary Example from Personalized Pharmacotherapy

Recent findings from the pharmacotherapy research literature also
underscore the importance of evaluating personalized treatment approaches. Even
before the recent focus on precision psychiatry (e.g., pharmacogenetic and
biomarker approaches to medication selection), guidelines existed describing how
to personalize treatment to a patient. For example, when an inadequate response
was observed to a given antidepressant, changing the dosage of the medication,
augmenting the medication with a second one, or switching to a different class of
antidepressants were (and still are) widely accepted “best practices.” As we have
seen in other contexts, best does not necessarily mean “validated,” or even
“tested.” In comparisons of the effects of switching classes versus switching
within the same class of antidepressants, some have found small or inconsistent
increments of response or remission (Papakostas & Fava, 2008), and others have
reported no advantage of switching at all (Bschor & Baethge, 2010; Rush et al.,
2006; Souery et al., 2011). In regard to dosage adjustment as a way to optimize
treatment response, a meta-analysis by Furukawa, Salanti and colleagues (2020) of
123 RCTs comprising 30K participants found no evidence of efficacy benefit of
dose adjustment beyond the minimum licensed dose for SSRIs, venlafaxine, or
mirtazapine. That these widely used and profession-endorsed methods of
personalizing pharmacotherapy (Bauer et al., 2007) lack consistent supportive
evidence of efficacy (c.f., Trivedi et al., 2004) highlights the importance of
rigorous evaluation of personalized treatment approaches in mental health,
including in psychotherapy.

Conclusions

An Evolutionary Perspective

Over 50 years have passed since Gordon Paul’s call for more personalized
approaches to psychotherapy, based on an understanding of what works for whom
(Paul, 1967). Since then, numerous approaches to personalization have emerged.
In this Chapter, we have attempted to examine these approaches from a historical
and conceptual perspective. We have described this literature as gradually
evolving from idiosyncratic approaches that are informed by clinical intuition
towards algorithmic approaches that are informed by empirical data. Evolution is
characterized by the diversification of species, by haphazard mutations in their
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traits, and by the persistence or decline of traits through natural selection. As such,
we have observed a similar process along the history of personalized
psychotherapy: intuitions bred theories; theories bred data; and data gave rise to
statistical algorithms (Figure 19.2). Today, the field of psychotherapy finds itself
crossing paths with the fields of big data, predictive analytics, machine learning,
and artificial intelligence. Along this evolutionary pathway we find a richly
diverse ecosystem of personalization. Some approaches have been highly
influential and persistent, such as the disorder-specific treatment selection
approach that is widely adopted in contemporary clinical guidelines for evidence-
based treatment. Others have failed to become mainstream practice or have fallen
out of favor over time. This can be seen as a form of natural selection in the field
of psychotherapy personalization. We have offered a taxonomy of features that
can help characterize these diverse approaches, along the dimensions of structure,
level of intervention and time (see Figure 19.1; 3DP: The Three Dimensions of
Personalization). More recent approaches are characterized by greater complexity
and sophistication, leveraging advances in methodology and data science. Despite
this progress, we cannot yet confidently assert that recent data-driven approaches
to personalization are more clinically effective. The evidence on data-driven
approaches is still embryonic and we do not yet have the clinical trials or meta-
analytic evidence needed to clearly demonstrate their advantage over standardized
(e.g., generic, not explicitly personalized) psychotherapy. Taking a historical view,
formalized approaches to personalization in psychotherapy are still in their early
days. Despite the numerous studies cited in this chapter, the status of the evidence-
base as a whole should be viewed as preliminary, with more research needed prior
to clinical implications being derived with confidence. Nevertheless, data-driven
approaches are emerging at a rapid pace and are likely to lead to future
breakthroughs in our ability to improve the effectiveness of psychological care.

Current Challenges and Future Directions

The progress of this field, to some extent, will depend on a concerted effort
by psychotherapy researchers, in collaboration with their colleagues in statistics
and other areas, to overcome some of the methodological limitations that we have
outlined in this chapter. Furthermore, the advent of data-driven decision tools also
raises important questions related to the ethical implementation of such
technologies in routine care.

Methodological Issues

In our view, researchers’ enthusiasm for new technologies (e.g., new data
collection techniques such as ecological momentary assessments; computerized
treatment modules; network modeling; machine learning analyses) has often taken
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precedence over basic aspects of methodological rigor. Methodological issues that
have been neglected in this literature include the following:

A lack of attention to statistical power considerations, exemplified by
the development of clinical prediction models in inadequately small
samples.

A lack of attention to the problem of overfitting, exemplified by
statistical models that are tested within the same sample used to
construct the model without protective measures such as cross-
validation, resampling or regularization techniques.

A lack of attention to generalizability issues, exemplified by the
predominance of prediction and personalization algorithms that are
tested without the use of an external test sample.

Poor specification and description of personalization models (e.g., their
development and implementation), which limits the possibility of
independent replication by other independent scientists.

A lack of preregistration and other open-science best-practices in
secondary data-analytic personalization efforts.

The development of overly complex “black box” models, exemplified
by complicated treatment selection and prediction methods that are not
easily explainable to therapists or patients, thus potentially limiting their
implementation in clinical practice.

A scarcity of personalization models or tools that are designed using
data from typical clinical populations, exemplified by models built on
efficacy trials data which may not necessarily generalize to ordinary
healthcare samples. Also lacking are prediction models constructed and
evaluated using so-called non-WEIRD samples (western, educated,
industrialized, rich and democratic).

A scarcity of prospective tests of personalization methods, and
particularly tests using rigorous experimental designs such as
randomized clinical trials of personalization methods that are specified a
priori.

Implementation issues

As reliable evidence for the value of personalized approaches accumulates,
the field will need to turn to issues of dissemination and implementation. Some
relevant questions in this regard are the following:

How common is bias in data-driven algorithms? What are the causes of
biased algorithms and what can be done to detect and mitigate their
impact? The consequences of biased algorithms include predictions that
are less accurate for underrepresented minority populations, and unfair
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resource allocation, as when certain groups are denied equitable access
to treatments from which they could benefit (Obermeyer et al., 2019).
Do clinicians trust data-driven algorithms? How can they be effectively
trained to use such algorithms? Would they follow an algorithm when
their clinical intuition conflicts with its recommendation? Are some
clinicians more likely to use algorithms compared to others? Which
clinical decisions are better left to algorithms and which are better left to
clinical experience?

How do patients feel about the use of algorithms to inform their
treatment? Is it necessary for patients to understand how these
algorithms work? What if the patient’s preferences are at odds with the
recommendations from an algorithm?

What role can industry play in the future of personalized
psychotherapy? How can artificial intelligence and decision support
tools for psychotherapy be implemented at scale? What are the
implications for confidentiality and data protection? What are the
implications for data sharing and open science? What are the
implications for the ethical governance and regulation of future artificial
intelligence devices?

What are the implications for the training of new generations of
psychotherapists? What skills and knowledge will new psychotherapists
need to acquire in order to understand and use data-driven
personalization methods (Lutz et al., 2020)?

Recent evidence suggests that although progress is being made on some of
the issues in reporting and statistical methodology described in this chapter
(Najafabadi et al., 2020), significant work remains. Recent developments
described in this chapter provide reasons to be optimistic. Prospective
demonstrations of improved outcomes achieved through data-driven
personalization have begun to emerge (Lutz et al., 2021; Delgadillo et al., under
review). It is likely that, in the not-so-distant future, data-driven decision support
tools will be part of the arsenal of tools available to psychotherapists.
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