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Abstract

The personalized approach to psychopathology conceptualizes mental dis-
order as a complex system of contextualized dynamic processes that is non-
trivially specific to each individual, and it seeks to develop formal idiographic
statistical models to represent these individual processes. Although the per-
sonalized approach draws on long-standing influences in clinical psychology,
there has been an explosion of research in recent years following the de-
velopment of intensive longitudinal data capture and statistical techniques
that facilitate modeling of the dynamic processes of each individual’s pathol-
ogy. Advances are also making idiographic analyses scalable and generaliz-
able. We review emerging research using the personalized approach in de-
scriptive psychopathology, precision assessment, and treatment selection and
tailoring, and we identify future challenges and areas in need of additional
research. The personalized approach to psychopathology holds promise to
resolve thorny diagnostic issues, generate novel insights, and improve the
timing and efficacy of interventions.
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Polythetic criteria:
psychiatric diagnoses
generally require that
some subset of the
total criteria, but not
all criteria, be present
in order to assign a
diagnosis
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A TRANSDISCIPLINARY SHIFT

Arguably, no human affliction is more personal than psychopathology. It impacts the core of who
we are: how we perceive, think, feel, behave, and relate. Furthermore, due to the rich individ-
ual differences in human personality and functioning, there may well be as many manifestations
of psychopathology as there are individuals to experience them. To the extent that this is true,
models of psychopathology should be personalized to each individual. There is an emerging push
toward personalizing diagnosis and intervention across fields as diverse as medicine (Collins &
Varmus 2015, Jameson & Longo 2015), prevention science (Ridenour 2019), education (Reber
et al. 2018), and psychology (Molenaar 2004). The shared impetus for these calls is the grow-
ing recognition that there is staggering heterogeneity in how each individual functions, and one-
size-fits-all, or even one-size-fits-most, approaches to diagnosis and intervention are perilously
inadequate. The rising calls for personalization are motivated by the typically disappointing, yet
highly varied, responses to interventions among the individuals who share some putatively ho-
mogeneous diagnosis (e.g., breast cancer, migraine, irritable bowel syndrome, depression). The
assumption is that greater precision in characterizing individual differences in pathologies will
translate into greater scientific yield, more accurate diagnoses, better match of intervention to
individuals, and ultimately better treatment response. Clinical psychology and psychiatry are cur-
rently at the forefront of the personalization movement through efforts to research, diagnose,
and treat mental illness using individualized models (Fisher 2015, Wichers 2014, Wright et al.
2016).

WHAT ARE PERSONALIZED MODELS OF PSYCHOPATHOLOGY?

At the most basic level, personalized models move beyond current systems of classifying and di-
agnosing mental illness that presume individuals with the same diagnosis share the same patho-
logical processes. That psychiatric diagnoses poorly capture the complexity of mental illness is
so well recognized as to be engineered into their design. Features such as polythetic criteria sets
and subtype specifiers attempt to accommodate the observed clinical heterogeneity—poorly, as it
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Nomothetic: refers to
the scientific pursuit of
generalizable laws or
principles; in
psychology, it refers to
the search for
principles that are true
of all individuals in a
group or population

Ergodicity: the
property whereby each
individual component
(i.e., person) of a
dynamic system is
equally representative
of the whole group
(i.e., population)

Idiographic: refers to
the scientific study of a
specific instance, such
as one country or
language; in
psychology,
it generally refers to
the study of each
individual

turns out. Intracategory heterogeneity and intercategory overlap are so large that many prominent
scholars have declared contemporary systems of diagnosis to be fundamentally broken (Hyman
2010). Paradoxically, the available diagnostic systems are simultaneously too general and too spe-
cific. In response, researchers have proposed more scientifically and clinically robust diagnostic
systems, including the Hierarchical Taxonomy of Psychopathology (Kotov et al. 2017) and the
National Institute of Mental Health’s Research Domain Criteria (Insel 2014), which use different
approaches to identify fundamental domains of psychopathology that could be used to provide
a more nuanced and accurate picture of an individual’s mental disorder. Rather than providing
coarse labels of putative syndromes, these approaches offer profiles of functioning that could be
used for finer-tuned diagnosis.

However, personalized models of psychopathology go beyond these efforts. That is because
large omnibus models of psychopathology built on individual differences still require us to fit the
person to the model, not tailor the model to the person. They establish the major domains that
constitute the structure of psychopathology, akin to the morphology or anatomy of mental disor-
der. They do not establish the functional processes underlying and linking different domains, akin
to the physiology of mental disorder. These nomothetic models tell us how individuals differ from
one another, but not how any one person differs from themself at distinct points in time, which is
the basis of a functional understanding of psychopathology. In large part, this is because of a mis-
match between the level of data upon which the models are based and the level of data upon which
we would like to make scientific and clinical inferences. Empirically supported psychopathology
models are generally grounded in between-person data, whereas the majority of clinical theories,
and the points of intervention targeted in clinical practice, emphasize within-person processes
and mechanisms (Voelkle et al. 2014). The inferences drawn at one level need not, and in many
cases are unlikely to, transfer to the other (Molenaar 2004). Often discussed in terms of (lack of)
ergodicity or ergodic theorems, the key point is that there is no mathematical requirement for
the within-individual processes of an individual to follow the same form as the between-person
structure. Moreover, individuals differ from one another in their within-person processes (Brose
et al. 2015, Fisher & Boswell 2016,Wright et al. 2016). For instance, at the between-person level,
individuals who are more anxious are, on average, also more hostile than other individuals (Costa
& McCrae 2008), but this does not necessarily imply that, at the within-person level, when indi-
viduals are more anxious they are also more hostile.Our bet is that readers can think of individuals
who when anxious are indeed more hostile, and other individuals for whom the opposite is true,
such that their anxiety is coupled with obsequiousness and reassurance seeking. These sorts of
within-person patterns of behavior are presumed to have critical clinical import (Wright 2011)
and are the primary focus of many ubiquitous frontline treatments for psychopathology (Beck
et al. 1979, Clarkin et al. 2006, Hayes et al. 2012, Linehan 1993).

In clinical practice, psychopathology has traditionally been conceptualized as an idiographic
(i.e., person-specific) phenomenon. Although clinical theories are generally derived from nomo-
thetic principles, clinicians often tailor these general principles to the specific presentation of the
patient in front of them (Hamilton et al. 2008, Kuyken et al. 2011, Norcross & Wampold 2011).
Clinicians rarely if ever see the prototypical client described in their treatment guides andmanuals
and must adapt their therapy to the unique instantiation of psychopathology manifesting in the
consulting room. In fact, some of the nomothetic principles taken for granted by the theoretical
orientation may or may not apply to some individuals, which may explain the relatively tepid suc-
cess rate of frontline psychotherapies. For example, cognitive–behavioral theory holds that neg-
ative thoughts will elicit negative affect; thus, negative thoughts should be a target of treatment.
However, the extent to which cognitions are linked to affect at all may vary between individuals
and even within individuals across time and situations. Those with a strong link may benefit from
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Dynamic: refers, in
this context, to a
process or system that
is characterized by
change, fluctuation, or
movement (i.e., not
static)

an orthodox regimen of cognitive–behavioral therapy, while those with a weak connection may
not—and the experienced clinician will likely naturally adapt their approach to the connection
in symptom response reported by the patient. Thus, both patient and clinician are in a position
to gain from personalized models of psychopathology that do not assume homogeneity between
individuals with the same diagnosis or even the same cluster of prominent symptoms. Note that
the personalized modeling approach does not argue that clinicians and researchers discard theo-
retical principles; indeed, they are useful insofar as they provide an organizational scaffolding to
understand the processes at play in patients, as well as a common language for communicating
with other clinicians and researchers. Furthermore, to the extent that different patients’ disorders
are governed by distinct processes, it is likely that no one theoretical model can adequately explain
each individual’s pathology. A pillar of the personalized approach is that the traditional assumption
of homogeneity of dynamic processes within individuals—even those with the same diagnosis—is
suboptimal and shifts the question away from the global (which theoretical model is best?) to the
specific (which theoretical model is best for understanding this person’s behavior?).

However, for much of the past century, there has been a dearth of research into the nature and
treatment of psychopathology on the basis of idiographic or person-specific premises. Although
most psychopathology and psychotherapy research has relied on nomothetic designs using group
averages to derive principles about the wider population, it is worth noting a few traditions that
have continued to rely on idiographic research techniques and whose literatures can be consulted
so as to not reinvent the wheel as personalized models become more prominent. One of the oldest
traditions is applied behavior analysis, which traces its methodology back to B.F. Skinner and
his principles of behavior (Skinner 1966). Functional analysis in applied behavior analysis is an
example of a tool of idiographic assessment: The therapist attempts to establish the antecedent
conditions for eliciting a target behavior within a specific patient (Hofmann & Hayes 2019b).
A related tradition that has similarly focused on the person but has adapted to the explosion of
techniques to addressmaladaptive cognitions is cognitive–behavioral case formulation (Mumma&
Fluck 2016,Mumma et al. 2018). In addition, the entire methodology of single-case experimental
designs (sometimes referred to as n = 1 designs; Barlow et al. 2009, Bentley et al. 2018, Ganz &
Ayres 2018) has been built to help facilitate more reliable and valid idiographic assessment.

Although these traditions rely on idiographic assessment techniques, each of them, perhaps
with the exception of cognitive–behavioral case formulation, typically focuses on intensively study-
ing one or two mechanisms by examining the relationships between only a couple to a few vari-
ables. The emerging approach to personalized models of psychopathology often seeks to go be-
yond this circumscribed scope to capture the whole psychopathology system, in context, with
as much relevant information as can feasibly be gathered. It is generally insufficient to under-
stand only the functional relationships between a given antecedent and symptom, for example;
rather, the aim is to capture multiple domains implicated in psychopathology to understand psy-
chopathology as an integrated and multisystemic process (Beltz et al. 2016, Boswell et al. 2014,
Hayes et al. 2019, Hopwood et al. 2016).

The personalized modeling approach toward psychopathology conceptualizes psychopathol-
ogy as a complex system of contextualized dynamic processes that is nontrivially specific to each
individual, which can be approximated with a formal idiographic statistical model. As such, it rec-
ognizes that:

1. Psychopathology is highly heterogeneous in its manifestation, and official diagnostic
nosologies fail to provide sufficient information formechanistic clinical research or effective
clinical intervention.
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2. Models of psychopathology based on between-person structure, although highly important,
do not directly identify mechanistic processes at the level necessary for intervention.

3. Formal within-person process–based models should be developed for each patient in order
to provide a tailor-made understanding of their particular clinical presentation.

Others have used the terms precision diagnosis (Roche et al. 2014; Roche & Pincus 2016; van
Os et al. 2013a,b; Wichers 2014), person-specific (Molenaar 2004, Molenaar & Campbell 2009,
Wright et al. 2019), and idiographic (Beltz et al. 2016, Fisher et al. 2017, Haynes et al. 2009) in
the same way the term personalized is used here.

To illustrate the dynamic and individualized nature of psychopathology that motivates the per-
sonalized movement, we present data from four outpatients who completed daily diaries for ap-
proximately 100 days each (Wright & Simms 2016), including daily ratings of scales related to
five broad spectra of psychopathology (negative affectivity, detachment, impulsivity, hostility, psy-
choticism) and stress. Figure 1 depicts each case’s data using kernel density plots, which illustrate
average values and dispersion; time-series plots, which demonstrate the temporal sequencing of
daily experiences; and correlational heat maps, which convey the interplay among the various do-
mains and their carryover from day to day. What should be readily apparent is that each of these
cases differs from the others not only in the level of pathology (density plots) but also in the range
of symptom experiences (density plots), the temporal fluctuation of symptoms across days (time
series), and how the domains associate with one another and with stress (correlations). These plots
convey that some individuals are quite consistent in their pathology over time (Participants A and
C) whereas others vary widely (Participants B and D). For some, the associations among domains
are loose (correlations for Participants A and D), whereas for others, these domains are tightly
correlated (correlations for Participants B and C). The takeaway is that each of these patients’
data comprise contextualized dynamic processes that are unique to each individual.

Using these sorts of multivariate data sampled intensively and longitudinally, promising re-
search has already begun in more comprehensive, personalized assessment and diagnosis (David
et al. 2018, Haynes et al. 2009, Hofmann &Hayes 2019a, Roche et al. 2014). The subsequent sec-
tions of this review describe in more detail areas of success in person-specific modeling as well as
areas for future research.However, as we discuss further below, individualization does not preclude
identifying and exploiting generalizable features and common themes, although bridging the tra-
ditional nomothetic–idiographic divide remains a formidable challenge in this area. By starting
with assumptions of heterogeneity, we can search for points of convergence across individuals,
but starting with assumptions of homogeneity makes it very difficult to then accommodate this
individuality.

WHY PERSONALIZE PSYCHOPATHOLOGY NOW?

As noted in the preceding section, there has been long-standing interest in idiographic assessment
and modeling in clinical psychology (Shapiro 1961) and allied domains like personality (Allport
1937). So why is the push toward personalization emerging with such enthusiasm now? In essence,
it reflects the confluence of three streams of relevant conceptual and technological developments.
These correspond to the three major components of scientific inquiry—theory, data capture, and
statistical analysis—which must all be synchronized to achieve sensible inferences. First, the neo-
Kraepelinian movement was a major transformative force in psychiatry and clinical psychology
in the 1970s that oriented the mental health fields toward validating mental disorders as discrete
disorders or syndromes (Robins&Guze 1970), culminating in themodernDiagnostic and Statistical
Manual ofMental Disorders (APA 1980).As we describe above, promise and interest in this approach
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Figure 1

(left) Kernel density plots, (middle) time-series plots, and (right) correlation heat maps of daily assessed negative affectivity (NA),
detachment (DET), impulsivity (IMP), hostility (HOS), psychoticism (PSY), and stress (STR) for four psychiatric outpatients
(Participants A–D, shown in panels a–d, respectively) who completed approximately 100 days of assessments. The heat maps convey the
interplay among the various domains (off-diagonals) and their carryover from day to day (diagonal reflects autocorrelation).

have given way to pessimism and disenchantment as researchers and clinicians have started to
come to terms with its limitations.

Second, the rise of intensive longitudinal data sampling has provided the necessary multivariate
dynamic data sampled enough times to develop a model for each person. Relevant techniques in-
clude ambulatory assessment, which allows for the sampling of many variables in an intensive and
longitudinal fashion in an individual’s own environment, thereby maximizing ecological validity
(Trull & Ebner-Priemer 2013). This sampling may be obtrusive, via questionnaires and surveys,
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or unobtrusive, via passive sensing (Mohr et al. 2017, Shiffman et al. 2008). The rise of ambulatory
assessment in clinical science (Hamaker &Wichers 2017) has been propelled by the proliferation
of smartphones (Pew Res. Cent. 2019). However, although ambulatory assessment has served as
a natural catalyst, personalized models are not limited to naturalistic sampling, and any inten-
sive longitudinal data [e.g., from functional magnetic resonance imaging (fMRI)] may provide
appropriate information. For instance, Price et al. (2017) arrived at personalized models of brain
connectivity among individuals with and without diagnoses of depression.

Third, there has been a growing armamentarium of statistical models developed precisely for
the analysis of multivariate intensively sampled data and the computational architecture needed
to support their widespread and easy implementation. Some of these are the same generic de-
velopments fueling advancement across the sciences, like inexpensive and ubiquitous powerful
computing. Others are more esoteric and specific to this domain, such as the development of
algorithms and software to analyze person-specific longitudinal data.

Together, the shift in thinking, ability to collect appropriate data, and easier implementation of
sophisticated statistical models are sufficient to fuel the personalized modeling of psychopathol-
ogy. Although listed as if they are separate, each of these components interdigitates and mutually
influences the development of the others. Sometimes technological advances compel novel theo-
retical questions (e.g., If we can now sample processes in real time, what is the timescale on which
these processes unfold?); sometimes conceptual questions motivate the development of new statis-
tical models (e.g., If we want to continuously track patients through therapy, can the model change
with them?). Continued interest in personalizing psychopathology models will sustain rapid ad-
vancement in each of these areas.

WHAT TYPES OF DATA ARE NECESSARY, AND WHICH VARIABLES
SHOULD BE USED IN THE MODEL?

The ability to understand individualized processes with reliability and validity is necessarily built
upon a foundation of strong assessment practices (Wright & Zimmermann 2019). Nearly all id-
iographic research is united in its reliance on longitudinal data, that is, data that are collected
over time and across situations. Two questions arise immediately when discussing collection of
longitudinal data: For how long should data be collected, and at what frequency? Neither ques-
tion has a definitive answer and will almost invariably need to be balanced by the needs of the
researcher and the burden on the person being assessed. For example, Roche et al. (2014) assessed
their participant over a period of 21 days to understand the individual’s interpersonal dynamics,
while Bos et al.’s (2012) assessment of the effect of weather on internalizing symptoms lasted nearly
8 months. Another technique that allows for longer-term assessment with lesser participant bur-
den is so-called burst assessments, in which the individual is intensively sampled for several days
at a time with weeks or months between assessment intervals (Yang et al. 2018), balancing the
need for measuring individuals at a granular level over an extended period with not being overly
burdensome. Separately modeling discrete bursts of assessment might also facilitate pre–post in-
tervention change.

The second question, regarding data collection frequency, follows naturally from the length
of the assessment period. Individuals may be more amenable to being intensively sampled (i.e.,
multiple times per day) for days to weeks (Fisher et al. 2017, 2019; van der Krieke et al. 2016;
Wright et al. 2016), but this may need to be scaled back to once a day (i.e., daily diaries; Rosmalen
et al. 2012, Wright & Simms 2016) over months or longer. Related to participant burden is the
question of what frequency is needed to accurately capture the constructs of interest. This will
obviously vary bywhat is being assessed.For example, individualsmay go extended periods without
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Autocorrelation:
degree to which a
variable is associated
with itself from one
time point to the next;
a measure of stability
of states

engaging in self-harm, so multiple assessments per day may be overly burdensome. However, for
most people, social interactions occur frequently throughout a typical day, so to fully capture an
individual’s social behavior more frequent assessments may be necessary. Of course, the above is
predicated on using time-based assessments in which measures are “pushed” to the participant.
Alternative strategies, such as event-contingent recording, where individuals manually initiate a
report after each occurrence, are also available. Although there are valid concerns that both event
and prompted assessmentsmay fail to capture the phenomenon of interest completely, preliminary
research on social behavior and affect suggests that these methods do not result in differences in
data quality (Himmelstein et al. 2019).

Assessment methods for ambulatory research are becoming increasingly sophisticated; how-
ever, self-report measures remain the primary data source of choice for most studies. A challenge
for researchers interested in personalized models is the dearth of measures designed specifically
to assess constructs longitudinally (Hamaker et al. 2017, Wright & Zimmermann 2019). Indeed,
many studies simply adapt items that were developed for single-occasion, cross-sectional research
without proper psychometric evaluation of their performance in this new longitudinal context.
That said, researchers are increasingly developing and validating their items for ambulatory as-
sessment (Edershile et al. 2019, Lee et al. 2017, Tomko et al. 2014). A critical issue specific to this
context is whether the questions should be tailored to the individual or be standardized across
individuals (Elliott et al. 2016, Haynes et al. 2009, Shapiro 1961, Wright & Zimmermann 2019).
To fully personalize an assessment protocol, one can create an idiographic battery, either by se-
lecting a relevant subset of standard stimuli (e.g., only include affective adjectives related to anger
and shame if the patient rarely experiences anxiety) or by engineering idiosyncratic stimuli that
capture an individual’s unique experience (e.g., “My husband used that tone with me”; “I had diffi-
culties correctly naming my grandchildren”). As a rule, personalized assessment is likely to engage
more with the person being assessed than in traditional studies. Specifically, this is achieved by se-
lecting or crafting assessment variables in consultation with patients (Bos et al. 2012; Jones &
Hurrell 2019; Mumma 2004; Mumma & Mooney 2007a,b; Rodgers et al. 2018; Shapiro 1961),
rather than simply using a standardized protocol, and coupling it with automated generation of
individualized feedback (Blaauw et al. 2017).

However, idiographic batteries or items raise challenging questions for the personalized as-
sessment paradigm. On the one hand, they offer the highest degree of personalization and there-
fore may increase sensitivity, validity, and predictive power for a given individual. On the other
hand, they make any comparison or integration with results of others or generalization of princi-
ples more challenging. As Wright & Zimmermann (2019) argue, even if the goal is developing a
personalized model, there may be utility in traditional nomothetic comparisons, in part because
decontextualized statistical coefficients are difficult to interpret without some form of normative
comparison. Knowing that a patient’s autocorrelation for negative affect is 0.3 offers little in the
way of whether it is problematically high, low, or normative. Being able to generalize and draw
inferences about normativity favors a moderate approach of personalizing a model but retaining a
standard stimulus set. At the same time, some investigators have demonstrated that one can vary
the precise stimulus but use it in place of a generic category that does generalize (e.g., problem
behavior; Rodgers et al. 2018).

Of course, self-report is not the only form of assessment available to those interested in per-
sonalized assessment. Several studies have included physiological measurements such as cortisol
(Booij et al. 2015; Toonen et al. 2016a,b), heart rate (Hartogs et al. 2017, Hoenders et al. 2012),
and melatonin (Bouwmans et al. 2015). Another area of growth is in passive sensing—especially
the use of sensors already available on individuals’ smartphones to collect information such as lo-
cation, presence of others, and activity level (Bentley et al. 2018, Blaauw et al. 2016). This kind of
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information is being used to predict traditionally subjective psychological phenomena such as per-
sonality (Wang et al. 2018), oncological symptom severity (Low et al. 2017), critical behaviors such
as alcohol use as they are occurring (Bae et al. 2018), or medical readmission (Doryab et al. 2019).

The future of personalized ambulatory assessment appears to be firmly multimethod: blends
of self-reported, physiological, and/or passive sensing data (Booij et al. 2015, 2016; Bouwmans
et al. 2018; Lewis & Ridenour 2019; Low et al. 2017; Mohr et al. 2017; Stavrakakis et al. 2015).
Combining the reports of subjective psychological states with more objective physiological indi-
cators may be useful for understanding and treating disorders with somatic features (Hartogs et al.
2017). Similarly, insights into an individual’s psychological states in different settings, as assessed
by more objective indicators such as number of individuals present or time and proximity to bars,
may give clinicians useful information that even the most well-intentioned patient may be unable
to relay accurately due to burden, or due to imperfections or biases of recall (Wang et al. 2018).

HOW DOES ONE BUILD PERSONALIZED MODELS
OF PSYCHOPATHOLOGY?

Currently, the most common model used for studying within-person processes in clinical psy-
chology is the multilevel model, but it must be distinguished from truly person-specific models
(Piccirillo & Rodebaugh 2019). At first glance, multilevel models may seem idiographic, in the
sense that they model within-person variations and accommodate individual differences in values
with random effects (Conner et al. 2009). However, this is deceptive, because the actual model
does not estimate person-specific effects but rather is based on the estimation of an average fixed
effect and a variance for that effect. Under certain circumstances this estimation may offer a
reasonable approximation of the distribution of individual effects, but in many modeling scenarios
(e.g., widely varying or highly skewed patterns of individual effects) the parameter estimates can
be biased. Instead, personalized models emphasize an idiographic approach to modeling that
leaves each individual’s parameter values unconstrained by those of other participants in the
sample.

Truly idiographic models come in several forms, each with its own goals and underlying model
assumptions. Nearly all modern idiographic analyses use intensive longitudinal (i.e., time-series)
data from a single individual. At a rudimentary level, descriptive statistics commonly estimated
in samples of individuals, such as the mean, variance, and skewness, can be estimated from the
sample of an individual’s states to begin to make inferences about the person (e.g., Figure 1, left).
These begin the process of considering the form and function of an individual’s behavior. Calcu-
lating dynamic correlations among variables (Figure 1, right) or among variables with time (i.e.,
a trend) begins to reveal the patterning or structure of an individual’s functioning. These correla-
tions are correctly understood as dynamic, because they reflect the covariation of variables as they
move together or independently through time or with time. For example, Boswell & Schwartzman
(2018) provided a case study of a personalized treatment which used routine monitoring of client
symptoms to suggest when the use of particular interventions was warranted and the influence
of those interventions on the client’s symptoms (i.e., the correlation between intervention and
symptom expression). Above, we have indicated that personalized models of psychopathology of-
ten extend beyond univariate analyses of a single outcome and seek to approximate a reasonably
comprehensive structure of the complex dynamic system of an individual’s pathology (Wichers
et al. 2018). Although we believe that this is a defining aspiration of this approach, we do not wish
to suggest that there are minima to the number of variables or parameters a model must include.
The complexity of psychopathology generally places a comprehensive assessment of all relevant
variables beyond what is feasible in most scenarios. Thus, difficult choices about what to include
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must be made and are best informed by some guiding theory, such as a case formulation (Mumma
&Mooney 2007a,b). Furthermore, the number of different forms of time-series analyses available
and the lack of consensus on which method should be used and when (Bastiaansen et al. 2019,
Smith 2012) preclude an all-inclusive treatment here, so in this section we cover some common
modeling techniques and point to directions of development.

One of the most common idiographic analytic techniques is vector autoregression (VAR)
(Brandt & Williams 2006). The basic VAR model (and other models we discuss below) has two
components: autoregressive and cross-lagged effects. The former estimates the extent to which a
variable predicts itself at the next time point. The latter estimates the effect of variable A at time
1 on variable B at time 2. The autoregressive component can be interpreted as the tendency for a
state to persist over time. Accordingly, positive values reflect a tendency to persist or to get stuck
in a state, whereas negative values suggest a regulatory or compensatory process operant between
observations. Snippe et al. (2015) measured temporal associations among depressive symptoms,
mindfulness, and repetitive thinking in six women, using separate VAR models for each partici-
pant. The extent to which a given participant’s depression on one day tended to predict depression
on the next day represents the autoregressive value in the VAR model: Individuals who tend to
experience periods where they remain in relatively stable states—low or high—would have high
autoregressive values. The cross-lagged component helps explain the temporal relationships be-
tween multiple variables of interest and may provide some insight into the temporal effects of
variables. In Snippe and colleagues’ study, some but not all participants showed that a change in
daily mindfulness predicted a change in next-day depressive symptoms. VAR models have been
used extensively for idiographically studying topics including relationships between physical ac-
tivity and depression (Booij et al. 2016, Rosmalen et al. 2012, van der Krieke et al. 2015) and
between atopic diseases and attention-deficit/hyperactivity disorder symptoms (van der Schans
et al. 2020). They are becoming increasingly popular as methods of passive sensing become more
sophisticated (Blaauw et al. 2016, Bos et al. 2018).

VAR modeling is a classic example of a technique that simultaneously estimates many asso-
ciations within a multivariate time series of observed variables. However, the standard VAR is
relatively restricted in many ways—discussion of which is beyond the scope of this review—and
consequently extensions of this method are commonly employed in the literature on personalized
modeling of psychopathology. Examples of such models include unified structural equation mod-
eling (uSEM) (Kim et al. 2007), which marries structural equation modeling and VAR; graphical
VAR (gVAR) (Epskamp et al. 2018), which combines VAR and Gaussian graphical models; and
dynamic structural equation modeling (DSEM) (Asaparouhov et al. 2018), which integrates struc-
tural equation modeling, multilevel modeling, and time-series analysis. Details of the differences
between these methods are beyond the scope of this article; however, these methods all increase
the modeling flexibility (e.g., contemporaneous associations, structured residuals) and potential
informational yield of a multivariate time series. Using some variation of these VAR extensions
has become the most popular approach in the recent personalized psychopathology literature. For
instance, Wright and colleagues (Beltz et al. 2016; Dotterer et al. 2019; Lane et al. 2019; Woods
et al. 2020; Wright et al. 2015, 2019) have used uSEM-based models to examine heterogeneity in
the structure of personalized models of personality pathology, and Fisher et al. (2017, 2019) have
done similar research in internalizing disorders.

To illustrate the types of results generated from this general class of models, Figure 2 presents
graphs of uSEM-basedmodels estimated from the data of the four participants shown in Figure 1.
The four plots provide a sense of the high degree of heterogeneity in within-person dynamic pat-
terns across individuals, although there are some notable similarities. Among these personality-
disordered individuals, daily stress is associated with hostility, and among Participants A, B, and
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Figure 2

Unified structural equation model plots corresponding to the data from Participants A–D (panels a–d,
respectively) in Figure 1. Circles represent variables, arrows represent regression paths (red for positive
effects, blue for negative effects), solid arrows are contemporaneous (same day), and dashed arrows are lagged
(from one day to the next). Arrow width represents strength of associations. Time (day in study) and stress
are treated as exogenous; therefore, they only predict other variables and cannot be predicted by other
variables. All other variables can be both predictors and outcomes.

C, psychoticism is associated with detachment (although the strength of this effect differs). In
a clinical setting, these types of graphs might be used to select optimal targets for intervention
(e.g., Participant A’s graph suggests that stress predicts increases in almost all domains of pathol-
ogy). They also have the potential to identify positive feedback loops that might serve to main-
tain the pathology (e.g., Participant C’s negative affectivity predicts same-day psychoticism, and
psychoticism predicts next-day negative affectivity). Each path or feature could be extracted in
research contexts to examine how it associates with other variables of interest (e.g., occupational
functioning).

Personalized analyses are not limited to observed variables and can be used to estimate complex
latent psychological constructs of interest. In fact, some of the earliest research used factor analysis
(i.e., latent variables) to study differences in the psychological structure of individuals. The classic
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method of idiographic factor analysis is p-technique, which was developed by Cattell et al. (1947)
and essentially acts as exploratory factor analysis for n = 1 data (Molenaar & Lo 2012). Using
p-technique reveals the dynamic structure (number of factors and pattern of factor loadings) of an
individual’s multivariate time series, but the associations among factors remain contemporaneous,
not lagged. Dynamic factor analysis (DFA) (Molenaar 1985, Wood & Brown 1994) extends the
basic p-technique model to include structural paths across waves. Recently, Fisher et al. (2017,
2019) used a two-stage method of first employing p-technique to establish an individual’s latent
syndromal structure, then saving factor scores that are then used to examine lagged associations
among the constructs in an approximation of DFA. These models were used to generate individ-
ualized treatment protocols for individuals with depression and anxiety. In Fisher et al.’s (2019)
most recent open trial, an algorithm developed by Fernandez et al. (2017) was used to recommend
which unified protocol modules (Barlow et al. 2011) were best fitted to each individual’s unique
psychopathology. Results of their first open trial were promising (Fisher et al. 2019), further sug-
gesting that personalized treatments will involve the use of specialized idiographic analytic tech-
niques. Beyond p-technique and DFA, extended uSEM and DSEM offer the ability to establish
time-series models that include dynamic latent variables.

However, the models discussed thus far do not explicitly treat the included constructs as an
integrated system, although this is often the implicit interest of a personalized model. In an ef-
fort to capture features of the whole system, researchers have been leveraging graph theory met-
rics and applying them to networks of associations. Note that the so-called network approach
to psychopathology (Borsboom & Cramer 2013) has relied on the use of graph theory metrics
but has stumbled on the path to generating novel insights precisely because of its reliance on
between-person data when conceptually it seeks to describe dynamic processes (Bringmann &
Eronen 2018). Most of the psychometric network literature in psychopathology reflects a failure
to synchronize theory, data, and model, which is the principal goal of the personalized approach
to psychopathology. For instance, Borsboom&Cramer (2013) estimated networks of associations
among symptoms of clinical interview–assessed depression (assessed during worst 2-week period)
and generalized anxiety disorder (assessed over the prior 6 months). This typical example pairs a
within-person theory with temporally asynchronous data and a cross-sectional statistical model,
precluding any theory-relevant findings—it also fails to provide person-specific parameters.How-
ever, when applied to appropriate within-person data, graph theory metrics are a promising ap-
proach to quantifying global features of the associations among time-series variables. For instance,
one can estimate a density parameter to quantify how strongly connected an individual’s emotions
are over time. Highly dense (i.e., strong) associations might link conceptually to a poorly differ-
entiated emotional system or to an inability to regulate emotions such that they spread widely
once experienced. Pe et al. (2015), Bringmann et al. (2016), and Wigman et al. (2013) have shown
that density of dynamic associations among affects within an individual over time is linked to
depression, neuroticism, and severity of general psychopathology, respectively.

In the same vein, centrality metrics, which use a variety of approaches to summarize a vari-
able’s connectedness with others (e.g., strength centrality provides a sum of overall strength of
associations of one variable with others), may identify key targets of intervention on the basis of
the logic that changes in a critical variable may reverberate throughout the system like ripples
through a pond. However, to date, direct evidence for this proposition using appropriate inten-
sive longitudinal data has been limited (cf.Groen et al. 2019). As with all model features, it appears
that centrality metrics differ substantially across participants (Fisher et al. 2017); therefore, it is
plausible that they may be linked with important outcomes.However,most centrality indices were
developed in different contexts (e.g., social networks, railroad tracks) and may not translate well
into the psychometric data context. Researchers are therefore strongly cautioned that they should
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proceed thoughtfully in this area of analysis (Bringmann et al. 2019). Other clever uses of graph
theory metrics in personalized models include identifying bridges—observations from different
constructs with strong associations—between patients internalizing symptom severity and psy-
chotherapy processes (Kaiser & Laireiter 2018).

Ultimately, the models reviewed here are oft-used approaches in contemporary personalized
psychopathology, but they are only a small subset of those that might be relevant for understand-
ing an individual’s pathology (Hamaker et al. 2015). Despite the impressive number of modeling
options currently available, there is considerable room for improvement in matching concept to
method. In particular, the field needs to do a better job of explicitly incorporating time and tem-
poral dynamics into the models. Notably, all models that we have covered here reduce the data
to contemporaneous and lagged (usually just lag-of-one time-point) associations. Moreover, they
all assume stationarity and equilibrium (i.e., that the structure of the data associations and vari-
ances remains the same over the entire period of assessment). It is likely that these assumptions
frequently do not hold, and we are often explicitly interested in understanding the shifts in data
structure over time (e.g., critical slowing of affective processes in depression) (van de Leemput
et al. 2014; but see Bos & de Jonge 2014 for a critique of this study). Thus, there is a need for
models that can accommodate and even leverage nonstationarity. We anticipate that we will see
increasing use of dynamical systems analysis (Hosenfeld et al. 2015; Odgers et al. 2009; Pettersson
et al. 2013; Toonen et al. 2016a,b), as well as VARmodels that can accommodate time-varying pro-
cesses (Bringmann et al. 2018).

CAN MODELS GENERALIZE FROM INDIVIDUALS
TO THE POPULATION?

Impediments to the widespread adoption of idiographic research include lack of generalizability
and the difficulty of scaling up to large numbers of participants. On the one hand, the fact that
personalized psychopathology models are not generalizable, and instead tailored to fit only one
individual’s processes, is why they are valuable (Barlow et al. 2009). On the other hand, personal-
ized models offer direct and potentially more precise measurement of the contextualized dynamic
processes that could serve as optimal building blocks for bottom-up models of psychopathology
that would be generalizable (Wright 2011). Insofar as this is the case, one would ideally be able
to estimate person-specific models on large enough numbers of participants to search for reliable
shared features. Or, in the view Wright & Zimmermann (2019) have furthered, one could treat
components of personalized models as individual difference variables that can be understood to
have their own distributions in the population. However, this is very difficult to do if each model
is painstakingly handcrafted. Thus, in order to achieve some degree of generalizability, specifically
a quantitative integration across multiple person-specific models, routines for rapidly developing
individualized models and integrating across individuals are necessary.

Automatic individual model selection is now relatively easily achievable using open-source and
customizable software, such as R (see http://www.R-project.org/). In essence, one needs to es-
tablish a set of model-fitting and selection rules that can be applied to each participant’s data, and
then automate the procedure across multiple participants. These could include approaches such
as using parallel analysis or the minimum average partial test to determine the number of factors
to retain in p-technique/DFA, automatic searches for significant (e.g., p < 0.05) regression paths
in uSEM, or regularization in a network model, to name a few.

Some models (or model features, to be more exact) are easier to integrate than others. And
how one approaches achieving generalizable conclusions depends on the goal of integration.
For instance, in the tradition of single-case experimental design research, the goal is often to
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demonstrate replicability of an identified process (Barlow et al. 2009). A general conclusion about
whether such a process exists has been determined by meta-analysis (Barton et al. 2019).However,
what might seem like a straightforward procedure is often challenging because person-specific ef-
fect sizes can vary as a function of model design features (Pustejovsky 2018). When it comes to
latent variable models, individual models may defy direct averaging due to qualitative differences
across individuals (e.g., one- versus three-factor models). Therefore, one approach to automa-
tion might be to seek out individuals with apparent differences in structures and cluster them (de
Roover et al. 2013). A challenge, of course, is that cluster- or class-based solutions rarely identify
truly homogeneous groups and are best used as heuristics. In this context, though, this type of clus-
tering may prove useful for moving to the next stage of understanding key processes by reducing
heterogeneity through identifying individuals with similar features. An alternative approach is to
assume that the same latent processes exist across individuals but allow for individual differences
in the details of the measurement models (i.e., factor loadings), in what has been called the idio-
graphic filter (Molenaar & Nesselroade 2012, Nesselroade et al. 2007). Each of these approaches
clearly targets different levels of the personalization hierarchy.

More recently, Group Iterative Multiple Model Estimation (GIMME) (Gates & Molenaar
2012, Lane et al. 2019) has been proposed as an innovative method for bridging the idiographic–
nomothetic divide. GIMME is ultimately a person-specific approach, because it estimates an idio-
graphic model from each individual’s data, but it also seeks out and prioritizes for estimation those
features that are present in most of the sample. This process is iterative, such that the algorithm
first estimates each individual’s model, and if there are paths that are present in the majority of
the sample (the user specifies what the threshold for majority is), these are then freely estimated
in all models in subsequent runs until all group paths are identified. Then, in a final run, each
individual’s model is estimated, allowing for additional features that are unique to each individual
(or at least not shared by the majority). GIMME was initially designed for fMRI data and uses
the extended uSEM as the model that is fitted to each individual, using an automated search to
determine which paths to free.Themodels shown in Figure 2were estimated usingGIMME, and
as noted, all share the effect of stress on hostility. This would be a group path (but note that the
strength of this shared path is uniquely estimated in each personalized model), whereas the others
would be considered person-specific nuances. A benefit of this approach is that a given individ-
ual’s model can be understood in the context of the larger sample—for example, telling clinicians
whether a client’s presentation has any particularly distinct features that would be ideal for inter-
vention, such as prominent contemporaneous and lagged effects of catastrophizing in a patient
with major depressive disorder. Although GIMME is relatively novel, it has been used in con-
texts as diverse as fMRI research (for which it was originally developed; Gates &Molenaar 2012),
sleep and affect processes in depression (Bouwmans et al. 2018), and daily behavioral processes in
personality pathology (Wright et al. 2019).

In its current version,GIMMEcan estimate uSEM-basedmodels that include clustering (along
with subgroup-specific paths), exogenous variables (e.g., stress and time in Figure 2), and person-
specific latent variable estimation (Gates et al. 2020). There are several additional features that go
beyond the scope of this review.We emphasize that the innovation that went intoGIMMEextends
beyond its current instantiation and could conceivably be applied to any number of relevant base
models (e.g., gVAR). The key is that it leverages information frommultiple individuals to arrive at
a more robust model for each individual. Despite the promise of GIMME and other approaches
reviewed here, the challenge of moving beyond the individual model to generate large-scale con-
clusions, especially in research contexts, is likely to be a major source of growth in personalized
models of psychopathology in the future.
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IS THE GOAL TO EXPLAIN OR TO PREDICT?

The literature reviewed above on personalized models of psychopathology has, with few excep-
tions, adopted an explanatory approach. That is, the research has primarily sought to explain the
causal mechanisms that drive behavior. This is typical of the vast majority of psychological re-
search, but it can be contrasted with a predictive approach, where the priority is accurately detect-
ing or predicting behavior and understanding the underlying mechanisms is secondary (Yarkoni
&Westfall 2017). Predictive approaches tend to leverage big data and use machine learning mod-
els, some of which obscure the associations among observed variables. The ability to collect large
quantities of data via intensive repeated measurements opens up possibilities for predictive ap-
proaches in personalized psychopathology research and practice. Adopting a predictive lens in-
volves endorsing that it is more important to know when a behavior will occur than why. For many
applications, this will be a worthwhile trade-off: If the goal is to intervene on a behavior, being able
to forecast and prevent may be the most valuable capability. The calculus becomes tricky when
knowing why a behavior is occurring is a prerequisite for effective intervention. Yarkoni &West-
fall (2017) argue that investing more in prediction over the traditional investment in explanation
might yield new understanding as a by-product.

Prediction-based science is relatively new to psychology but is standard practice in other scien-
tific fields.There is, however, a growing body of research using predictive techniques for personal-
ization,mostly in the service of better treatment outcomes, such as prediction of best-fit treatment
paradigm (Cohen & DeRubeis 2018), prediction of likely early dropouts in treatment (Lutz et al.
2018), and prediction of compliance with ambulatory assessment protocols (Boukhechba et al.
2018). Note that the approach promoted by Cohen & DeRubeis (2018) uses personalization in
a different way than we do here, relying primarily on between-person data to predict treatment
outcome but not to build a personalized model for each individual. Other research has sought to
build personalized models to predict a specific behavior like smoking (Fisher & Soyster 2019),
medical symptom complaints (Low et al. 2017), and medical readmission (Doryab et al. 2019).
Psychological research is likely to continue to be dominated by explanatory studies, but the ex-
ample predictive studies suggest that predictive modeling is a promising alternative that is aligned
with the personalized approach to psychopathology.

HOW IS PERSONALIZED PSYCHOPATHOLOGY CURRENTLY
BEING USED?

Our review has thus far prioritized definitional issues along with conceptual and methodologi-
cal foundations. This reflects the fact that the body of research on personalized models of psy-
chopathology is unified in a perspective and approach to understanding mental disorder, not a
shared target of inquiry or specific topic. Recently, however, many different laboratories have
adopted this approach and applied it to diverse questions. Many of the emerging papers might
best be understood as proof of concept or descriptive in nature. These studies often fit personal-
ized models to intensive data from multiple participants in order to demonstrate their feasibility
and characterize the heterogeneity of the models (e.g., de Vos et al. 2017; Fisher 2015; Fisher et al.
2017; Stavrakakis et al. 2015; Wright et al. 2016, 2019). A consistent finding emerging from this
descriptive body of research is that heterogeneity across individuals is the rule, rather than the
exception. This is, of course, the fundamental reason to pursue personalized models. For instance,
in a GIMME model of 96 outpatients with personality disorders (Wright et al. 2019), only the
link between stress and negative affect was shared by the majority of individuals. All other paths
among affect, interpersonal behavior, stress, and daily functioning were found in a minority of
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individuals. Some research in this vein has focused on comparing the personalizedmodels of a clin-
ical group (e.g., those with depression) and healthy controls (Booij et al. 2015, 2016; Bouwmans
et al. 2015, 2018). Although thus far limited in samples and scope, the results suggest that, despite
high degrees of individual heterogeneity inmodel features, some features distinguish clinical cases.
Other research has accepted this heterogeneity as a given and moved toward implementing per-
sonalized assessment and feedback. For example, one research group has developed a system for
providing population-scale personalized feedback from participant-provided ambulatory assess-
ment data (Blaauw et al. 2014, 2017; Bos et al. 2018; van der Krieke et al. 2015, 2016). The size
and ambition of this study are remarkable, although the feedback was post hoc and not intended
as an intervention per se; therefore, much remains to be learned about differential effects of per-
sonalized feedback.

Unsurprisingly, the bulk of applied personalized psychopathology research is aimed at improv-
ing assessment of treatment outcomes. For example, recent work has sought to develop client-
specific outcome measures and client-specific markers of treatment progress ( Jones & Hurrell
2019, Kaiser & Laireiter 2018, Smith et al. 2015). Other research has selected one or two cases
to illustrate how personalized assessment and modeling might work in clinical practice for devel-
oping case conceptualization or feedback (e.g., Hopwood et al. 2016; Kroeze et al. 2017; Lewis
& Ridenour 2019; Mumma 2004; Mumma & Mooney 2007a,b; Roche et al. 2014). In addition,
personalized models of psychopathology have been used to understand change during treatment
(Boswell et al. 2014, Boswell & Bugatti 2016, Hartogs et al. 2017, Hoenders et al. 2012) and to
personalize treatments (Bosley et al. 2018, Boswell & Bugatti 2016, Boswell & Schwartzman 2018,
Brake et al. 2016, Fisher & Boswell 2016, Fisher et al. 2019, Kramer et al. 2014). In a decidedly
extreme example, van Roekel et al. (2017) used personalized assessments to prescribe skydiving in
an effort to jump-start participants’ positive affect. One research group has reported on a semiau-
tomated process that includes both developing personalized models and generating suggestions
for best-fit interventions to target key symptoms of the internalizing disorders (i.e., depression
and anxiety) (Fernandez et al. 2017, Rubel et al. 2018). As noted above, the first open trial using
this method (Fisher et al. 2019) resulted in large average improvements, but without a comparison
group it is unclear whether personalization will lead to faster or larger improvements.

WHAT ARE THE MAJOR CHALLENGES AND FUTURE DIRECTIONS
FOR PERSONALIZED MODELS OF PSYCHOPATHOLOGY?

Despite ardent and broadening enthusiasm for personalized models of psychopathology, sev-
eral major challenges lie ahead. For one, serious consideration of personalizing psychopathology
models raises the question of whether they will capture idiosyncratic manifestations of the same
pathology (surface personalization) or truly individualized processes (deep personalization). Some
long-standing idiographic traditions, such as behavior analysis, explicitly assume that processes are
shared across individuals and that individuals differ merely in their idiosyncratic manifestations.
Trivially, one individual’s phobia happens to be of dogs,whereas the next person’s is of spiders.This
would be a surface distinction. Less obvious is that, though all organisms may share the negative
reinforcement process, one person’s maladaptive negative reinforcement process may stem from
substance withdrawal (i.e., substance-use disorder) while another may manifest as avoidance (i.e.,
social anxiety disorder). The opposite may also be true, and similarities in observable behavior or
clinical complaints belie fundamentally distinct mechanisms. For example, risky or problematic al-
cohol use may be driven by positive or negative reinforcement processes: Some individuals drink
to feel good; some individuals drink to avoid feeling bad. Indeed, heterogeneity in problematic
alcohol use has led to calls for personalized models (Litten et al. 2015). What is also clear is that
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many severe and persistent forms of psychopathology are so vexing precisely because they lead
to seemingly paradoxical processes, such as the insecurely attached individual who threatens their
partner or puts them in dangerous situations in an effort to ensure they do not leave, seemingly
guaranteeing the opposite effect.

The contemporary personalization of psychopathology literature has not yet formally ad-
dressed this question of deep versus surface-level heterogeneity, even while often implying the
potential for deep heterogeneity when arguing for the need for personalization. We believe that
this questionwill require thoughtful considerationmoving forward,with explication of whatmight
constitute equivalencies as well as quantitative and qualitative differences in processes across in-
dividuals (Wright 2011). As the personalized approach matures and moves from exploratory to
confirmatory work, it will be necessary to design studies that can adjudicate between deep and
surface-level heterogeneity. The answer to the question is important for designing assessments,
analyzing data, and interpreting resulting models for intervention.

An extension of this question is: How deep should one go with the idiographic nature of the
models? Starting from the top, across individuals one could use the same constructs as indicated
by the same items, or fit unique factor structures to each individual, or use tailor-written items.
In our review, we have found examples of each of these levels of personalization. Which is most
appropriate may differ by context and goals, and there is an implied trade-off of complexity for
potential precision.However, it may be possible to provide studies of incremental validity gained at
differing levels of personalization (e.g., would one find larger effect sizes with personalized items?)
that can be compared with other considerations like burden, interpretability, generalizability, and
user comfort.We do not wish to suggest one best approach at this time, but rather emphasize that
systematic inquiry is necessary.

Some of the challenges facing personalized assessments and modeling are those facing all of
intensive longitudinal research, including the poor temporal resolution of our theories (on what
timescale does the process of interest play out?), difficulty linking variables that occur on dif-
ferent timescales (sleep occurs once a day, stressors are intermittent, and affect fluctuates con-
stantly), and how intensively and for how long assessments are needed to achieve a reliable in-
dividual model. Currently, relatively few systematic investigations have examined the minimum
amount of evidence needed to achieve acceptable reliability or the expected stability of assessments
over time (Beck & Jackson 2019). The ambulatory assessment literature, which currently has a
strong influence on the personalized approach literature, has not invested sufficiently in the basic
methodological research necessary to answer these questions, even though they have implications
for meeting basic standards of clinical assessments in applied settings (Wright & Zimmermann
2019).

In our review of the statistical techniques used to create personalized models, we have alluded
to the fact that the popular tools were some variation of either VAR or p-technique, or both.How-
ever, despite some surface similarities, different research groups are approaching the implementa-
tion and interpretation of these models in very different ways. In a telling study, Bastiaansen et al.
(2019) gave the same multivariate time series of a single patient’s data to 12 research groups and
asked them to analyze the data and arrive at a hypothetical treatment recommendation. Although
some similarities reflective of the general trends summarized above were observed (e.g., most
teams used a VAR model), no two teams arrived at the same final personalized model or the same
recommended treatment targets. This result suggests that much work is needed to develop stan-
dardized procedures for personalized models that can be reliably implemented in different labs.
Furthermore, these procedures must be validated against outcome benchmarks to show which de-
cisions affect the ultimate interpretation and utility of a model. These procedures likely need to
include each step of the process, from battery selection to data collection to statistical modeling.
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Some research has examined the impact of selecting different models on clinical inferences (e.g.,
Ridenour et al. 2013), but more such work is sorely needed.

Ultimately, for personalized models to secure a place at the crowded table of different ap-
proaches to conceptualize, assess, and develop treatment recommendations for psychopathology,
they need to demonstrate that they provide incremental validity and utility over current methods.
Although we know this is obvious, we believe it must be stated clearly. Most of the literature re-
viewed above promotes the method and its promise, but rarely is its value directly tested against
established approaches (e.g., cross-sectional self-report). Given the burden placed on patients and
practitioners, implementing personalized assessments in clinical practice will require demonstra-
tion of improved outcomes. Particularly, studies are needed that compare the availability of per-
sonalized assessment results to assessments as usual and evaluate the effect on outcomes. To be
fair, the vast majority of the assessment literature has failed to engage in this basic test of utility va-
lidity. More knowledge is presumed to lead to better outcomes, but that cannot be taken on faith.
The calculation may be different in research settings, because personalized modeling may hold
incremental value that can be translated into other gains in understanding and conceptualization
of psychopathology that may not ultimately require burdensome assessments in practice.

Despite the need to demonstrate the validity and incremental utility of personalized models
of psychopathology, we do not wish to end on a negative note. What is clear from reviewing the
rapidly growing literature is that its bright enthusiasm stems from the fact that clinical scientists
can see clear links between the methods and the clinical realities of assessing and treating an in-
dividual with psychological problems. Individuals are dynamic, their behavior is contextualized,
and clinically the effort is spent on changing the functional processes that drive this behavior. The
methods reviewed here promise to bridge the research–practice divide in ways that until only re-
cently seemed elusive. Despite the challenges associated with aspects like burden, personalized
assessments hold the unique ability to allow patients and participants to feel deeply understood
due to the intensity and depth of assessment. Additionally, they open up new types of interven-
tion, such as just-in-time adaptive interventions, that could revolutionize the psychopathology
treatment landscape and would be available only with this approach to assessing and modeling
psychopathology. The challenges are large but also directly addressable, and we encourage re-
searchers interested in this area to take some of them up in their next study. Ultimately, humans
are complexes of mutually influencing systems whose processes serve an operative role in main-
taining their functioning and health, and the personalized approach to psychopathology works to
treat the whole complex as the unit of analysis.

SUMMARY POINTS

1. Psychiatric diagnoses do a poor job of describing any given patient’s psychopathology,
and individuals present with highly heterogeneous issues.

2. The personalized modeling approach to psychopathology conceptualizes psychopathol-
ogy as a complex system of contextualized dynamic processes that is nontrivially specific
to each individual.

3. An individual’s processes can be approximated with a formal idiographic (i.e., personal-
ized) statistical model.

4. Personalized models of psychopathology use intensive repeated measurements to collect
enough data for an individual to estimate a model of their specific processes.
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5. Advances in data collection, computation, and automation of statistical procedures en-
able scalability, the limits of which previously hampered idiographic research.

6. Integration across individuals to establish generalizable features and inferences remains
challenging, although several promising options are now available.

7. Personalization of assessment is a matter of degree, ranging from standardized assess-
ment batteries to surveys with patient-specific wording.

8. The extant research shows that individual models of psychopathology result in highly
heterogeneous patterns that are a mix of shared and unique features.

FUTURE ISSUES

1. Research is needed to demonstrate the incremental validity of personalized models of
psychopathology with respect to important outcomes like treatment gains.

2. Systematic research is needed into the effect of model specification decisions on
inferences.

3. Further development and dissemination of models that do not assume the same process
over time (i.e., are nonstationary) are needed.

4. Whether personalized models capture deep or surface-level processes remains poorly
understood.

5. Research is needed on the acceptability of personalized modeling procedures by patients
and clinicians.

6. The use of personalized models to develop just-in-time adaptive interventions is a
promising area for future research.
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