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Background: To advance early identification efforts, we must detect and characterize neurodevelopmental sequelae
of risk among population-based samples early in development. However, variability across the typical-to-atypical
continuum and heterogeneity within and across early emerging psychiatric/neurodevelopmental disorders represent
fundamental challenges to overcome. Identifying multidimensionally determined profiles of risk, agnostic to DSM
categories, via data-driven computational approaches represents an avenue to improve early identification of risk.
Methods: Factor mixture modeling (FMM) was used to identify subgroups and characterize phenotypic risk profiles,
derived from multiple parent-report measures of typical and atypical behaviors common to autism spectrum
disorder, in a community-based sample of 17- to 25-month-old toddlers (n = 1,570). To examine the utility of risk
profile classification, a subsample of toddlers (n = 107) was assessed on a distal, independent outcome examining
internalizing, externalizing, and dysregulation at approximately 30 months. Results: FMM results identified five
asymmetrically sized subgroups. The putative high- and moderate-risk groups comprised 6% of the sample. Follow-
up analyses corroborated the utility of the risk profile classification; the high-, moderate-, and low-risk groups were
differentially stratified (i.e., HR > moderate-risk > LR) on outcome measures and comparison of high- and low-risk
groups revealed large effect sizes for internalizing (d = 0.83), externalizing (d = 1.39), and dysregulation (d = 1.19).
Conclusions: This data-driven approach yielded five subgroups of toddlers, the utility of which was corroborated by
later outcomes. Data-driven approaches, leveraging multiple developmentally appropriate dimensional RDoC
constructs, hold promise for future efforts aimed toward early identification of at-risk-phenotypes for a variety of
early emerging neurodevelopmental disorders. Keywords: Development; infancy; social behavior; communication;
autism spectrum disorder.

Introduction
Chronic mental health cases account for a third of
morbidity and mortality globally (Vigo, Thornicroft, &
Atun, 2016). In the United States, mental illness is
the most common childhood health issue, affecting
20%–25% of all school-aged youth (Kessler et al.,
2005; Merikangas et al., 2010). Similar estimates of
the prevalence of DSM disorders (19.5%) have been
observed and reported in preschool-aged children
(Egger & Angold, 2006). Notably, it is estimated that
once impairing symptoms are consolidated in adult-
hood, <30% of the burden of chronic mental illness
can be averted, even with optimal care and access to
services (Andrews, Issakidis, Sanderson, Corry, &
Lapsley, 2004). These findings highlight the urgency
of initiating a focused effort on early identification
and early intervention, and if possible, strategic
prevention (Insel & Scholnick, 2006). However,
identifying incipient risk markers in early childhood
of later emerging psychiatric sequelae requires novel
methodological approaches.

Operating within a traditional DSM-defined noso-
logical framework, several recent longitudinal

studies of samples selected based on familial risk
illustrate the potential of presymptomatic prediction
of a later emerging diagnostic profile (Hafeman et al.,
2017; Hazlett et al., 2017; Rice et al., 2017). These
studies forecast a future of prevention trials for high-
familial-risk children. Extending these types of
results to samples not selected on familial risk
remains a fundamental challenge. Yet, promising
examples include the following: (a) selecting samples
based on prodromal profiles as determined by
structured clinical interviews and direct behavioral
assessments (e.g., Cannon et al., 2016) and (b)
identifying risk as determined by exceeding a spec-
ified threshold on targeted parent-report question-
naires (e.g., Wakschlag et al., 2015), a strategy
amendable to assessment of large samples sizes.
Indeed, large samples are required to address the
phenotypic heterogeneity observed within and
across DSM-defined disorders, as well as the vari-
ability observed around diagnostic thresholds,
referred to here as the typical-to-atypical continuum
(Cicchetti, 1993).

The Research Domain Criteria (RDoC) initiative
(Cuthbert & Insel, 2013) has formalized research
strategies for parsing the heterogeneity/variability
inherent to the etiology, phenotypic presentation,Conflict of interest statement: No conflicts declared.
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and treatment response of major psychiatric disor-
ders. Because DSM categories are not ‘natural
kinds’, greater measurement precision is required
to identify more homogenous subgroups. Examples
of data-driven subtyping of DSM-defined disorders
are rapidly accumulating (Bebko et al., 2014; Geor-
giades et al., 2013; Karalunas et al., 2014), with a
large corpus of evidence emerging from the B-SNIP
study (e.g., Clementz et al., 2016). Yet, RDoC-moti-
vated studies based on samples defined by DSM
categories may refine classification or treatment
strategies within a category, but cannot inform the
biological validity of the category itself (Hyman,
2010). Van Dam et al. (2017) implemented data-
driven computational strategies, leveraging a large
number of clinical dimensions measured in a com-
munity sample (n = 347) with minimal exclusionary
criteria, to reveal clinically meaningful subgroups
that cross the typical-to-atypical or adaptive-to-
maladaptive continuum. This type of approach, if
applied to early development with a long-term longi-
tudinal design, could reveal distinct risk profiles that
could be addressed with targeted preventive inter-
ventions. However, despite conceptual commentary
(e.g., Casey, Oliveri, & Insel, 2014; Franklin, Jamie-
son, Glenn, & Nock, 2015; Mittal & Wakschlag,
2017; Sonuga-Barke, 2014), empirical reports that
infuse developmental considerations into an RDoC
framework are sparse (but see Fair et al., 2012;
Wakschlag et al., 2015).

To advance strategic prevention efforts beyond
high-familial-risk samples, we propose a version of
RDoC-motivated sampling we have termed ‘pheno-
screening’. Traditional single-threshold criterion
screening approaches yield binary outcomes. The
primary objective of the phenoscreening approach is
to derive multiple ‘at-risk’ phenotypes by leveraging
multiple dimensional constructs selected from the
Research Domain Criteria Matrix (Bernard & Mittal,
2015; Garvey, Avenevoli, & Anderson, 2016). This
approach represents a synthesis of previous sam-
pling strategies using data collected on multiple
dimensional constructs from a large sample and
unsupervised data-driven computational strategies
(Totah et al., 2016) to derive subgroups defined by
homogenous risk profiles based on constellations of
complex behavior. The current study functions as a
proof of concept for the phenoscreening approach.
The constructs we selected and the age range we
targeted are most relevant to the psychiatric risk
profile for autism spectrum disorders (ASD). How-
ever, the general phenoscreening approach is trans-
latable to any complex, multidimensional,
heterogeneous psychiatric profile, or risk profiles
that may crosscut diagnostic categories.

In the current study, we focus on the characteri-
zation of multiple constructs dimensionally dis-
tributed in the general population (Ronald, Happ�e,
Price, Baron-Cohen, & Plomin, 2006) related to
language, social communication, and repetitive

behaviors (including rituals and routines or ‘just
right’ behaviors that may be related to various early
emerging anxiety disorders; see Dar, Kahn, & Car-
meli, 2012; Evans et al., 1997; Lundstr€om et al.,
2011; Pine, Guyer, Goldwin, Towbin, & Leibenluft,
2008). These align with the RDoC constructs of
Language (Cognitive Systems domain), Social Com-
munication (Social Processes domain; Production of
Facial Communication subconstruct, Production of
Non-facial Communication subconstruct), Habit –
Sensorimotor (Sensorimotor Systems domain) and
Reward Learning (Positive Valence Systems (PVS)
domain, Habit – PVS subconstruct). Our selection of
these dimensions was informed by growing evidence
for their transdiagnostic relevance to early emerging
clinical presentations of psychopathology and their
relevance to developmental risk profiles that are
subclinical or beyond DSM-defined disorders. A large
epidemiological study suggests an overlap between
autistic-like traits and various DSM-based symptom
profiles including ADHD, anxiety, depression, and
conduct problems (Lundstr€om et al., 2011). Notably,
the Social Responsiveness Scale (SRS), designed to
characterize quantitative autistic traits in the general
population, differentiates adolescents with varying
presentations of psychopathology (high risk for psy-
chosis, psychosis, disruptive behavioral disorders,
ADHD and co-occurringmotor atypicality, mood, and
anxiety disorders) from typically developing controls
(Cholemkery, Kitzerow, Rohrmann, & Freitag, 2014;
Jalbrzikowski et al., 2013; Pine et al., 2008; Reier-
sen, Constantino, & Todd, 2008).

The primary objectives of the current study are to:
(a) identify homogenous subgroups or behavioral
risk profiles in a community sample of toddlers, (b)
examine the utility of risk classification through
follow-up assessment (see Figure 1 for study design),
and (c) examine whether a unidimensional threshold
criterion identified risk in a manner equivalent to a
multidimensionally derived profile. We hypothesized
that we would identify subgroups of children cap-
tured by multiple ‘risk profiles’ that together corre-
spond to epidemiological estimates of risk for ASD
and/or learning/developmental delays. We also
hypothesized that high-risk profiles would differ
from low-risk profiles on a separate measure of
developmentally appropriate clinical dimensions,
which would provide corroborative evidence of the
prognostic utility of our phenoscreening approach.
Finally, we hypothesized that a unidimensional
threshold criterion approach would not differentiate
groups on outcome measures and a factor mixture
modeling (FMM) approach.

Methods
Procedure and participants

Parents of 17- to 25-month-old toddlers were recruited to
complete three parent-report questionnaires along with a form
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characterizing family demographics. This approach was cho-
sen to balance parental burden with acquiring a sufficient
amount of data to represent complex behavioral profiles.
Participants were drawn from the University of Minnesota
Institute of Child Development’s Participant Pool, a research
registry that includes families from across the state of Min-
nesota. There were no exclusionary criteria to participate other
than toddler age. Data from a final sample of 1,570 toddlers
were used in the current analysis (see Table 1 for sample
demographics; further details on data collection procedures
and a STROBE chart (Figure S1) available online in Supporting
Information). There were no differences in demographic indi-
cators between the final sample and excluded participants or
between the final sample and the ~65,000 families contained
within the registry.

To examine the prognostic utility of the data-derived risk
profiles, toddlers from each latent subclass were recruited to
complete a follow-up assessment when the children were
between 18 and 41 months (n = 107; see Table S1 for follow-
up sample demographics). To ensure representation of all
subgroups in the follow-up sample, all toddlers classified into
the asymmetrically smaller, putative ‘moderate- to high-risk’
profiles (classes 1, 2, 4; total n = 96) were invited to participate,
of whom n = 43 participated. A random subsample of toddlers
classified into the relatively larger, putative low-risk profiles
(classes 3 and 5; total n = 1,474) was invited to participate, of
whom n = 64 participated. See Figure 3 for a breakdown of
children who participated in the follow-up assessment by risk
profile. Research staff were blind to class assignment during
follow-up recruitment and data collection. Follow-up analyses
examined data from the Infant Toddler Social Emotional
Assessment (ITSEA). To test whether a unidimensional thresh-
old would yield similar information regarding risk as the Factor
Mixture Modeling (FMM) approach, those children in the top
decile of the Video-Referenced Rating of Reciprocal Social
Behavior (vrRSB) were compared to the remaining children on
ITSEA outcomes.

Ethical considerations

The University of Minnesota institutional review board
approved this study, and parents of each participant provided
permission and informed consent.

Measures

Repetitive Behavior Scale for Early Childhood
(RBS-EC). This instrument has good to excellent psycho-
metric properties and evidence of convergent/discriminant
validity and reliability (Lasch, Wolff, & Elison, 2020; Wolff,
Boyd, & Elison, 2016; further details in Appendix S1). Based in
large part on the RBS-R (Bodfish et al., 2000), the question-
naire dimensionally quantifies normative variation in discrete
forms of repetitive behavior in young children. We examined
the frequency of reported behaviors across four subscales:
repetitive movement, restricted interests, ritualistic behavior,
and self-directed/ self-injurious behavior. While lower-order
repetitive behaviors (motor mannerisms/stereotypies and self-
injurious behaviors) are associated with intellectual and
developmental disabilities, higher-order repetitive behaviors
(i.e., rigid adherence to routines, insistent on sameness
behavior) are observed across various anxiety disorders.

Video-Referenced Rating of Reciprocal Social
Behavior (vrRSB). The vrRSB is a downward extension
of the Social Responsiveness Scale (SRS; Constantino et al.,
2003; c.f., Lasch et al., 2020) which quantifies trait-like
behavior that differentiates ASD from control participants,
but also differentiates adolescents with varying psychiatric/
neurodevelopmental disorders from controls. The vrRSB’s
video-based exemplar affords increased standardization via
direct comparison with the child of interest. A total summary
score (encompassing 48 items) was used to describe toddlers’
reciprocal social communication abilities, with higher scores
indicating greater impairment (Marrus et al., 2015).

MacArthur-Bates Communicative Developmental
Inventories (MCDI). The MCDI is a well-established stan-
dardized measure that characterizes communication, includ-
ing both gestural and vocal modalities. Two subscales were
used to describe toddlers’ word production and gesture use
(Fenson et al., 2007).

Infant Toddler Social Emotional Assessment
(ITSEA). The ITSEA is a well-established measure of
social–emotional and behavioral development designed to

Figure 1 Illustration of study design
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identify early deficits or delays (Carter, Briggs-Gowan, Jones,
& Little, 2003). Three subscales were used as independent,
distal outcomes to examine differences between subgroups:
internalizing (e.g., withdrawal, general anxiety, inhibition to
novelty), externalizing (e.g., impulsivity, aggression), and dys-
regulation (e.g., negative emotionality, sleep/eating dysregu-
lation, sensory sensitivity).

Statistical methods

Primary analyses. To identify homogenous developmen-
tal profiles, we used factor mixture modeling (FMM), a statis-
tical method for parsing population heterogeneity into
homogenous subgroups (i.e., latent classes; c.f., Bolhuis

et al., 2017; Lubke & Muth�en, 2005; further details available
online). FMM combines factor analysis, used to estimate
unobserved continuous variables, with latent class analysis,
used to identify unobserved categorical groups. Thus, FMM
can overcome significant constraints in child psychiatry (Cog-
hill & Sonuga-Barke, 2012; Pickles & Angold, 2003) related to
dual goals of modeling behavioral phenomena dimensionally
and identifying subgroups with putative clinical value. Addi-
tionally, because subgroups are represented through multiple
observed manifest variables and factor means, phenotypic risk
profiles generated by FMM have the potential to be more
informative than a measure of any single domain by itself.

As a prerequisite to fitting a FMM (see Clark et al., 2013),
a confirmatory factor analysis (CFA) was conducted to test

Table 1 Descriptive statistics

N Mean/% SD Min Max

Family variables
Parent age (years)1 1,570 33.43 3.92 22.01 55.37
Parent education level1

Some high school 2 0.13
High school 16 1.02
Some college/2 year. degree 142 9.04
College degree 654 41.66
Some graduate school 105 6.69
Graduate degree 651 41.46

Family income
<$25,000 16 1.02
$25,000–$49,999 105 6.69
$50,000–$74,999 234 14.90
$75,000–$99,999 324 20.64
$100,000–$149,999 514 32.74
$150,000–$199,999 235 14.97
$200,000 and over 142 9.04

Child variables
Age at assessment (months) 1,570 20.06 2.02 17.22 26.46
Birthweight (grams) 1,570 3,508.32 482.86 2,027.00 5,018.00
GA at birth (weeks) 1,570 39.50 1.49 32.57 45.71
Sex
Female 745 47.45
Male 825 52.55

Ethnicity
Hispanic 53 3.38
Non-Hispanic 979 62.35
Unknown/Did not report 538 34.27

Race
American Indian/Alaska Native 0 0.00
Asian 30 1.91
Black 9 0.57
Multi-racial 112 7.13
Native Hawaiian/Pacific Islander 0 0.00
White 1,371 87.32
Other 22 1.40
Unknown/ not reported 26 1.66

FMM parameters
RBS-EC subscales
Repetitive Movement 1,570 14.86 11.13 0.00 36.00
Restricted Interests 1,570 2.77 3.31 0.00 35.00
Ritual and Routine 1,570 4.14 4.24 0.00 28.00
SDSI Behavior 1,570 2.09 2.70 0.00 22.00

vrRSB subscale
Social communication 1,570 19.23 6.46 3.00 65.00

MCDI subscales
Total gestures 1,570 46.74 9.19 0.00 63.00
Words produced 1,570 108.20 104.45 0.00 396.00

Abbreviations: 1 = reporting parent; FMM = Factor Mixture Model; GA = gestational age; Max = Maximum; MCDI = MacArthur-
Bates Communicative Developmental Inventories; Min = Minimum; RBS-EC = Repetitive Behavior Scale for Early Childhood;
SD = standard deviation; SDSI = self-directed, self-injurious; vrRSB = Video-Referenced Rating of Reciprocal Social Behavior.
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our hypothesized factor structure (Figure S2). Consistent
with previous data from individuals with ASD and a general
population twin sample (Georgiades et al., 2013; Ronald
et al., 2006), two factors fit the data well (RMSEA = 0.07;
CFI = 0.94; TLI = 0.91). Factor mixture modeling was con-
ducted using MPlus 7.4 (Muth�en & Muth�en, 2012). Detect-
ing subgroups that reflect epidemiological rates of some
hypothesized risk phenotypes (e.g., phenotypes reflecting
ASD) requires identifying asymmetric subgroup sizes; class
(es) totaling approximately 20 children within our sample of
1,570 would reflect ASD prevalence rates of 1 in 68 children
or 1.5%. Therefore, to detect subgroups of this size,
assessing measurement invariance was not possible and
strict factorial invariance was assumed (Lubke & Muth�en,
2005).

During model fitting, seven manifest variables loaded onto
two factors then used to enumerate latent classes. Specifically,
four RBS-EC subscales (repetitive movement, restricted inter-
ests, ritualistic behavior, self-directed/self-injurious behavior)
loaded onto the first factor, representing atypical behaviors.
Three additional indices drawn from the vrRSB and MCDI
(social communication, words produced, gestures used),
loaded onto the second factor, representing social

communication behaviors. Following an iterative process
(Clark et al., 2013), factor mixture models were fit with an
increasing number of classes, from 2 to 7 classes, and the fit of
different models was compared (see Table S2). A model with
seven classes did not converge and is not reported. The best
fitting model was selected using best practice criteria (Clark
et al., 2013; further details in Figure S3). Taken together, the
5-class model was selected as the final model, as converging
evidence drawn from fit indices, entropy value, and the results
of sensitivity analysis showed this model offered a combination
of the relative best fit. Once generated, class profiles were
examined by comparing manifest variable and factor means
(see Table 2 and Figure 2).

Follow-up analyses. To test the utility of the latent
classes identified by our 5-class factor mixture model, follow-
up data from a subset of 107 toddlers were used. First, to
visually examine group differences, we generated boxplots of
ITSEA subscales by risk subgroups (Figure 3A). Using a
MANOVA framework, we examined whether putative high-risk
(i.e., combined classes 2 and 4) and moderate-risk classes (i.e.,
class 1) could be differentiated from low-risk classes (i.e.,
combined classes 3 and 5). Planned Tukey HSD post hoc

Figure 2 Factor mixture model results by risk subgroups. (A) Boxplots of manifest variables included in factor 1 (atypical behavior) drawn
from the Repetitive Behavior Scale for Early Childhood (RBS-EC). Note: RM = repetitive movement, SDSI = self-directed/self-injurious
behavior, RR = ritual and routine, RI = restricted interests. (B and C) Boxplots of manifest variables included in factor 2 (social
communication) drawn from the MacArthur-Bates Communicative Developmental Inventories (MCDI) and Video-Referenced Rating of
Reciprocal Social Behavior (vrRSB). Note: TG = total gestures used, SocComm = social communication impairment, WP = words produced.
Variables in B and C are graphed separately due to differences in scale
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comparisons among the three groups corrected for multiple
comparisons.

Results
Factor mixture model results

Our final model identified five latent classes (see
Figure S4). Classes were not significantly different
across any child or family demographic characteris-
tics, including child age, race/ethnicity, family
socioeconomic status, and primary language spoken
in the home. Sensitivity analysis provided evidence
that homogenous, asymmetrically sized subgroups
were captured effectively (see Figure S3), as class
membership was conserved across model specifica-
tions, indicating stable, ‘genuine’ subgroups were
identified. The 5-class model identified two small
subgroups (classes 4 and 2; combined n = 17)
showing elevated rates of atypical behavior (factor
1) and social communication impairments (factor 2);
within our total sample of 1,570, this collapsed high-
risk group approximates the phenotype and
expected prevalence rate of ASD (17/1,570 = 1%).

Based on evidence gained from examining class
profiles (see Figure 2), subgroups were interpreted to
represent stratified risk phenotypes. Classes 4 (n = 4)
and 2 (n = 13) were interpreted to represent high-risk
groups, as their profiles revealed high levels of atyp-
ical behaviors. Additionally, class 4 exhibited the
highest levels of gesture and word production along
with the highest levels of social communication
impairment, while class 2 showed the lowest levels
of gesture and word production and a relatively
increased level of social communication impairment.
Altogether, the profile features of these two classes
indicate riskphenotypes aligningwith characteristics
of subgroups of individualswithASDwhomayexhibit
atypical behaviors coupled with verbal or nonverbal
social communication impairments. Class 1 (n = 79)
was interpreted to represent a moderate-risk group,
as this class profile showed relatively higher atypical
behaviors and average social communication devel-
opment. In contrast to these moderate- to high-risk
subgroups, classes 3 (n = 244) and 5 (n = 1230) were
interpreted to represent low-risk phenotypes, as their
profiles revealed low levels of atypical behaviors,
average gesture and word production, and low levels
of social communication impairment. Notably, an
examination of manifest variables (see Figure 2)
revealed that the subgroups were clearly differenti-
ated by factor 1 variables. For example, class profiles
show very good stratification among subgroups for
self-directed/self-injurious behavior, ritual and rou-
tine, and restricted interests.

Follow-up results

A MANOVA with three dependent variables (i.e.,
externalizing, internalizing, and dysregulationT
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subscales from the ITSEA) and three groups (i.e.,
high-risk comprising classes 2 and 4; moderate-risk
comprising class 1; low-risk comprising classes 3
and 5) was implemented to test the null hypothesis
that risk groups are statistically equivalent on ITSEA
subscale scores (Figure 3B). There was a statistically
significant difference in internalizing, externalizing,
and dysregulation scores based on risk group, F (6,
204) = 4.29, p < .005; Wilk’s Λ = .79, partial
g2 = .11. Planned follow-up comparisons revealed
that the high-risk group differed from the moderate-
risk group (externalizing: p = .007, d = 0.99; inter-
nalizing: p = .046, d = 0.67; dysregulation: p = .041,
d = 0.72) and the low-risk group (externalizing:
p < .001, d = 1.39; internalizing: p = .006 d = 0.83;
dysregulation: p < .001, d = 1.19) on all three vari-
ables and that the moderate-risk group significantly
differed from the low-risk group on the dysregulation
subscale: p = .022, d = 0.47; see Table S3).

To test a ‘single-instrument, single-threshold’
approach to risk identification, vrRSB total scores

were used to identify a high-risk and low-risk group.
Participants in the top decile (n = 16) were desig-
nated ‘high-risk’ (M = 30.44; SD = 3.03), and all
other participants (n = 91) were designated ‘low-
risk’ (M = 15.81; SD = 6.87). A one-way ANOVA
showed a significant difference in vrRSB scores by
threshold group, F (2,104) = 41.34, p < .001.
Results of a MANOVA showed there was no statisti-
cally significant difference in internalizing, external-
izing, and dysfunction scores from the ITSEA based
on threshold group, F (3, 103) = 1.47, p = .23; Wilk’s
Λ = .96, partial g2 = .04 (see Table S4).

Discussion
Factor mixture modeling (FMM) was used to identify
latent classes representing risk profiles in a commu-
nity sample of 17- to 25 month-olds, and these risk
profiles were corroborated with follow-up data. From
the sample of 1,570 toddlers, 1% (n = 17) were
captured by two risk profiles. An additional 5%

Figure 3 Follow-up results. (A) Boxplots illustrating risk classes by ITSEA subscale medians, 1st and 3rd quartile range, and the 95%
confidence interval. (B) Boxplots illustrating the same metrics for high- (classes 2 and 4), moderate- (class 1), and low-risk (classes 3 and 5)
groups
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(n = 79) could be considered a moderate-risk group.
As a whole, those at elevated risk showed more
externalizing symptoms and dysregulated behaviors
than low-risk comparison toddlers when measured
an average of 10 months after the initial battery of
questionnaires, corroborating the prognostic utility
of the phenoscreening approach. The question of
whether psychiatric classification is best conceptu-
alized as a latent taxon, latent dimension, or a
combination of the two has a distinguished history
and continues to be scrutinized (e.g., Kotov et al.,
2017). FMM incorporates dimensional and categor-
ical properties into a single analytic framework to
provide one avenue for exploring the nature of
emerging psychopathology.

Realizing the goal of strategic prevention requires
methods for detecting incipient profiles or patterns of
behavior in population-based samples prior to the
consolidation of psychiatric symptomatology. We
selected multiple dimensions of behavior represent-
ing meaningful variability across the typical-to-atyp-
ical continuum. Notably, restricted patterns of play
behavior were completely stratified across the five
latent classes, as were ‘just right’ behaviors (Evans
et al., 1997) to a slightly lesser degree, as captured
by the rituals and routines subscale. Whether
improved conceptualization and characterization of
repetitive behaviors during toddlerhood will improve
characterization of early emerging risk warrants
further study.

This study has several important strengths. Nota-
bly, we verify that parents will complete ~45 min of
questionnaires about their child’s behavior if incen-
tivized. Single instrument, single-threshold popula-
tion-based screening approaches that yield binary
outcomes may not provide clinicians with sufficient
descriptive specificity to make precise clinical rec-
ommendations. The phenoscreening strategy has the
potential to advance a more personalized approach
to clinical recommendations based on early screen-
ing by providing distinct, multidimensional profiles
of risks and relative strengths for subgroups to guide
recommendations for subsequent stage 2 screening
or direct developmental assessments. For example,
although classes 4 and 2 are both putative high-risk
groups, their distinct profiles warrant tailored rec-
ommendations. Toddlers in class 2 may benefit from
assessments and interventions targeting language
delays or deficits, toddlers in class 4 may benefit
from interventions to strengthen reciprocal social
communication skills, and toddlers in both groups
may benefit from evidence-based treatments target-
ing specific restricted, repetitive behaviors (see Boyd,
McDonough, & Bodfish, 2012). Moreover, deriving
data-driven subgroups through the phenoscreening
strategy may minimize or reduce the phenotypic
heterogeneity observed in DSM-defined samples, a
feature that has hindered basic scientists’ search for
pathophysiological mechanisms. Lastly, we captured
complex behavioral profiles in toddlers, prior to the

preschool-aged years when a substantial proportion
of maladaptive behavior patterns begin to consoli-
date.

A primary limitation of the current study is the
sample size. A larger starting sample would likely
identify a greater number of children in high and
moderate-risk profiles, affording the opportunity to
examine each profile independently at outcome. An
additional limitation includes sample homogeneity
in regard to SES and race/ethnicity, which prevents
our study from addressing important environmental
risk factors, and limits the generalizability of results.
Follow-up assessment with a larger and more diverse
sample, using a broader suite of direct clinical
assessments, is warranted to further investigate
the clinical utility of our approach. Acquiring addi-
tional biological measures, for example, structural
and functional connectivity data and/or polygenic
risk scores, could verify the biological substrates of
risk profiles. Finally, our analyses were exclusive to
behavioral features at one time point. Future studies
using FMM or other approaches (Feczko et al., 2019)
to identify latent subgroups may benefit from com-
bining behavioral and biological factors, or change
over time in these factors, to identify and inform risk
profiling. Given the range of potential outcomes for
infants/toddlers at risk, parsing the heterogeneity of
developmental trajectories over more than one time
point may provide insight into why a child follows
one developmental trajectory and not another.

Conclusions
There is an urgent need to identify incipient signa-
tures of later emerging mental illness in order to
implement preventive interventions. Identifying
instantiating pathophysiological markers, beyond
high-familial-risk cases, requires an approach to
population-based sampling that yields clinically
meaningful risk profiles at sensitive periods in
development. Phenoscreening, which leverages
data-driven computational approaches to minimize
phenotypic heterogeneity across the typical-to-atyp-
ical continuum during toddlerhood, is one such
approach.

Supporting information
Additional supporting information may be found online
in the Supporting Information section at the end of the
article:

Appendix S1. Additional methodological description.

Table S1. Demographics of follow-up sample (N=107).
Table S2. Class enumeration model fit statistics.

Table S3. MANOVA with planned Tukey HSD post-hoc
tests.

Table S4. Single-instrument single-threshold results.

Figure S1. STROBE chart illustrating data collection
and exclusion prior to analysis.
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Figure S2. Figure illustrating results of a confirmatory
factor analysis conducted to test our a priori hypothe-
sized factor structure including an atypical behavior
factor (Factor 1) and a social communication factor
(Factor 2).

Figure S3. Table illustrating sensitivity analyses
results.

Figure S4. Final factor mixture model with seven
manifest variables, two factors, and five latent classes.
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Key points

� Early identification and intervention efforts require the ability to detect risk profiles for psychiatric/
neurodevelopmental disorders in early childhood. However, variability across the typical-to-atypical
continuum and heterogeneity within and across early emerging disorders represent fundamental challenges.

� We used a data-driven approach (factor mixture modeling) to overcome these challenges. We identified and
characterized phenotypic profiles for five risk groups in a large community-based sample of toddlers.
Independent, distal outcomes demonstrated predictive utility of the risk classification with large effect sizes
between high-, moderate-, and low-risk groups.

� Data-driven approaches, leveraging multiple developmentally appropriate dimensional RDoC constructs,
holds promise for future efforts aimed toward early identification of at-risk-phenotypes for a variety of early
emerging neurodevelopmental disorders.
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