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Abstract

Background: A key question for any psychopathological diagnosis is whether the

condition is continuous or discontinuous with typical variation. The primary

objective of this study was to use a multi‐method approach to examine the broad

latent categorical versus dimensional structure of autism spectrum disorder (ASD).

Method: Data were aggregated across seven independent samples of participants

with ASD, other neurodevelopmental disorders (NDD), and non‐ASD/NDD controls

(aggregate Ns = 512–16,755; ages 1.5–22). Scores from four distinct phenotype

measures formed composite “indicators” of the latent ASD construct. The primary

indicator set included eye gaze metrics from seven distinct social stimulus para-

digms. Logistic regressions were used to combine gaze metrics within/across par-

adigms, and derived predicted probabilities served as indicator values. Secondary

indicator sets were constructed from clinical observation and parent‐report mea-
sures of ASD symptoms. Indicator sets were submitted to taxometric‐ and latent

class analyses.

Results: Across all indicator sets and analytic methods, there was strong support for

categorical structure corresponding closely to ASD diagnosis. Consistent with no-

tions of substantial phenotypic heterogeneity, the ASD category had a wide range of

symptom severity. Despite the examination of a large sample with a wide range of

IQs in both genders, males and children with lower IQ were over‐represented in the
ASD category, similar to observations in diagnosed cases.

Conclusions: Our findings provide strong support for categorical structure corre-

sponding closely to ASD diagnosis. The present results bolster the use of well‐
diagnosed and representative ASD groups within etiologic and clinical research,

motivating the ongoing search for major drivers of the ASD phenotype. Despite the

categorical structure of ASD, quantitative symptom measurements appear more

useful for examining relationships with other factors.
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INTRODUCTION

A fundamental question for any neuropsychiatric diagnosis concerns

whether the condition is best represented using a categorical or

dimensional framework. A recent meta‐analysis (Haslam et al., 2020)

suggested that, although most psychiatric disorders and constructs

are best represented as dimensional, autism spectrum disorder (ASD)

is among several possible exceptions (Frazier et al., 2010, 2012;

James et al., 2016). However, exclusive focus on subjective measures

could have biased ASD findings toward categorical conclusions

(Beauchaine & Waters, 2003; Ruscio, 2007). Therefore, there is a

need for large sample, multi‐modal investigations spanning eye‐
tracking, clinical observations, and questionnaires.

The question of categorical versus dimensional structure has

substantial implications for conceptual models and assessment

(Ruscio & Ruscio, 2002). Under a dimensional model, neurobiological

research would emphasize quantitative structural and functional

changes, while clinical assessment would focus on obtaining a precise

symptom severity estimate and linking this estimate with relevant

phenotypic features such as functional capacity (Ruscio & Rus-

cio, 2002). A categorical model would instead support the search for

qualitatively distinct structural and functional imaging indicators and

focus on optimizing instruments to generate a post‐test probability of
ASD diagnosis (Frazier, Coury, et al., 2021).

Converging evidence suggests that individuals with ASD form a

distinct latent subpopulation with social communication/interaction

(SCI) and restricted/repetitive behavior (RRB) core features that

are qualitatively different from the remainder of the population.

For example, ASD diagnosis has high inter‐rater reliability (Regier

et al., 2013) and temporal stability (Pierce et al., 2019) from early life.

Moreover, SCI and RRB co‐occur more than would be expected by

chance in subsets of cases with pathogenic mutations (Morris

et al., 2016). Twin studies further support a strong genetic component

to ASD (Sandin et al., 2017), yet with nonshared environmental factors

responsible for variation in severity of symptomatology above the

diagnostic threshold (Castelbaum et al., 2020). At the same time,

several pieces of data support a dimensionalmodel. For example, there

is considerable heterogeneity of severity and expression within the

ASD phenotype (Lord et al., 2020). There is also evidence of a sub-

threshold or broad autism phenotype (BAP) across the general popu-

lation (Piven et al., 1997; Sucksmith et al., 2011) with twin research

designs suggesting similar etiology between typical and extreme

symptom levels (Lundstrom et al., 2012) and partially distinct etiology

for symptomdomains (Ronald et al., 2006). Furthermore, a small subset

of ASD cases no longer meet diagnostic criteria as they progress

through development (Fein et al., 2013). The present study aimed to

shed light on these seemingly conflicting observations by utilizing

datasets anorder ofmagnitude larger thanprevious investigations that

span ASD, non‐ASD neurodevelopmental disorder (NDD) and non‐
ASD/NDD controls.

This is the first study to date to combine a multi‐measurement
approach—spanning eye‐tracking, clinical observation scales, and

informant‐reported ASD measures—and to include NDD and non‐
ASD/NDD controls for a strong test of categorical structure. The

inclusion of multi‐assessment modalities is crucial for ensuring an

unbiased evaluation of latent structure. Subjective report measures

can be biased toward categorical or dimensional structure, depending

on whether they were designed as screening or quantitative as-

sessments (Baron‐Cohen et al., 2001; Beauchaine & Waters, 2003;

Constantino & Gruber, 2012), and clinical observation measures may

be biased toward categorical structure because clinicians are often

implicitly comparing to a diagnostic prototype (Beauchaine & Wa-

ters, 2003). Gaze measures are objective and a substantial body of

evidence has found consistent differences in social attention between

ASD and non‐ASD cases (Frazier et al., 2017), with powerful differ-

entiation when combining gaze measures across multiple distinct

stimuli (Frazier et al., 2018).

The primary aim of the present study was to examine whether

ASD is best represented as a distinct category or as part of a con-

tinuum that includes neurotypical behavior (Figure 1). Based on

previous evidence, ASD was expected to show categorical structure,

with a wide severity range, across all samples and measures. While

different measurement modalities were anticipated to converge on

categorical structure, subjective reports might overestimate the ASD

category base rate due to high sensitivity but low specificity (Moody

et al., 2017), while observational measures might slightly underesti-

mate the ASD category base rate due to moderate‐to‐good sensi-

tivity and specificity (Hus & Lord, 2014). Should an ASD category be

identified, the study aimed to compare the category base rate across

statistical procedures and with clinical ASD diagnoses and charac-

terize demographic and clinical correlates. Assignment to the puta-

tive ASD category identified from taxometric procedures was

expected to correspond with high sensitivity and specificity to clinical

ASD diagnosis, which have been shown to have good test‐retest and
inter‐rater reliability (Lord, Petkova, et al., 2012; Regier et al., 2013).
Latent category classifications were also expected to associate

strongly with symptom severity measures, show substantial male

bias, and yield significant associations with measures of IQ (Charman

et al., 2011) and psychopathology due to diagnostic comorbidity

(Hawks & Constantino, 2019; Simonoff et al., 2008).

Key points

� Although several studies have addressed the question of

whether autism spectrum disorder (ASD) is best repre-

sented as a category or continuum, results have been

inconsistent.

� This was the first study to implement a multi‐method
approach, using datasets an order of magnitude larger

than prior analyses.

� Results were consistent across multiple different types of

measures. The inclusion of non‐ASD neurodevelopmental

disorder (NDD) and non‐ASD/NDD controls provided a

strong test of categorical structure.

� Our findings provide strong support for the categorical

structure of ASD, with the category corresponding closely

to clinical diagnoses. Consistent with notions of substan-

tial phenotypic heterogeneity, the ASD category had a

wide range of symptom severity.
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METHOD

Participants

Indicator sets submitted to taxometric and latent structure analyses

were derived from seven independent samples: Qatar Foundation and

US‐Cleveland Clinic (Autism EYES; Frazier, Uljarevic, et al., 2021), Si-

mons Simplex Collection (SSC; Fischbach & Lord, 2010), the Autism

Genetic Resource Exchange (AGRE; Geschwind et al., 2001), National

Database for Autism Research (NDAR; Hall et al., 2012), Social

Responsiveness Scale normative data (SRS Norm; Constantino &

Gruber, 2012), and Healthy Brain Network (HBN; Alexander

et al., 2017). Each sample is characterized in Table S1. Samples were

combined to create aggregate datasets. Combined samples included

ASD andNDD clinical cases and non‐clinical (non‐ASD/NDD) controls,
making it unlikely categorical structure would result simply from

combining different samples.

Diagnostic procedures

Each dataset included information on the presence/absence of ASD,

other NDD diagnoses, or whether the participant was a non‐ASD/
NDD control. ASD diagnoses were informant‐reported or based on

best estimate clinical or research diagnoses, and informed by validated

and gold‐standard assessment instruments including the Autism

Diagnostic Interview‐Revised (ADI‐R; Lord et al., 1994) and/or Autism
Diagnostic Observation Schedule (ADOS; Lord, Rutter, et al., 2012;

Table S2). The NDD group comprised cases with any other neuro-

developmental condition besides ASD, ascertained from informant‐
reported clinical diagnosis or clinical/research evaluation. Diagnostic

data were coded to reflect three groups (ASD, NDD, non‐ASD/NDD)
and, where applicable, the NDD and non‐ASD/NDD groups were

combined to generate a single control group for comparison to ASD.

Measures and indicator sets

Gaze data were obtained from the combined US and Qatar cohorts,

which have previously been shown to have minimal differences and

similar developmental patterns (Frazier, Uljarevic, et al., 2021). Fixa-

tion time percent, fixation count, and average fixation duration were

recorded in response to 44 stimuli from seven paradigms (Frazier

et al., 2018). The ADOS is a clinician‐observation measure of autism
symptoms (Lord, Rutter, et al., 2012). The measure includes five

modules (toddler and modules 1–4) that are administered dependent

on age and speech/language status. Only data frommodules 1–4 were

included in the present study to maximize item overlap. The SRS is

a parent‐report, 65‐item quantitative assessment of the severity of

autism traits (Constantino &Gruber, 2012). The lifetime version of the

Social Communication Questionnaire (SCQ) is a parent‐report
dichotomously keyed (yes/no) rating scale that consists of 40 ques-

tions many of which tap DSM‐IV‐TR symptom domains (Rutter

et al., 2003). Lifetime ratings reference the child's behavior throughout

their developmental history, increasing diagnostic validity (Lord

et al., 1997).

F I GUR E 1 Dimensional (A) versus categorical (B) models of autism.
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Four indicator sets were created from the gaze datasets. Lo-

gistic/linear regressions were used to predict ASD diagnosis from all

available gaze metrics for each of the seven paradigms (Gaze‐7‐dx)
and each gaze metric across the seven paradigms (Gaze‐3‐dx) and
to predict quantitative ASD trait scores (derived from the SCQ and

SRS) from the same sets of variables (Gaze‐7‐qt and Gaze‐3‐qt).
The predicted values derived from these regressions served as in-

dicator values, averaged together to derive indicator sets. This

construction strategy ensured that the indicators/sets were suffi-

ciently valid for taxometric analysis (Ruscio et al., 2006). In addition,

we have also applied taxometric procedures to gaze metrics in their

raw form.

Two indicator sets were constructed from the ADOS dataset. The

first (ADOS‐Items) included eight items assessing core ASD symp-

toms that do not require speech and are common across modules 1–4

(eye contact, shared enjoyment, response to joint attention bids,

imagination, quality of social overtures, gestures, unusual sensory

interest, complex mannerisms). The second indicator set (ADOS‐
Sums) reflected the average of three sum scores, derived from items

common to modules 2–4: (i) social affect items assessing non‐verbal
communication (gestures, eye contact, response to joint attention

bids), (ii) items assessing reciprocal social behavior (non‐echoed
speech, conversation, shared enjoyment, quality of social overtures,

quality of social response, reciprocal social interaction, quality of

rapport, imagination), and (iii) items assessing unusual repetitive and

sensory behavior (speech abnormalities, immediate echolalia, ste-

reotyped words, unusual sensory interests, and complex mannerisms).

Table S3 lists ADOS items comprising each indicator set.

Three indicator sets were created from the SRS dataset. The first

included all of the original SRS subscale scores (SRS‐Original; Con-
stantino & Gruber, 2012). The second included subscales derived

from a prior factor analysis of population data (SRS‐Factors; Frazier
et al., 2014). The third consisted of subscales derived from recent

analyses focused on mapping items to National Institute of Mental

Health Research Domain Criteria (RDoC; Insel et al., 2010; Uljarevic

et al., 2019) or identifying specific RRB groupings (SRS‐RDoC;
Uljarević et al., 2021). Indicators in the SCQ set were based on recent

factor analyses (Uljarevic et al., 2020; Uljarević et al., 2021).

Gaze‐7‐dx was considered the primary indicator set for the

present study given high reliability and expected desirable properties

(indicator validity, minimal skew, and low nuisance correlations).

However, interpretation of taxometric results relied on convergence

across indicator sets, samples, and procedures (Ruscio et al., 2006).

Data analysis

Three taxometric procedures were implemented in R using default

values from the RTaxometrics package (Ruscio & Wang, 2020): mean

above minus below a cut (MAMBAC) (Meehl & Yonce, 1994) cal-

culates the mean difference on one indicator set for cases falling

above and below a sliding cut‐off score on another indicator set in

search of an optimal cutting score to separate groups (should they

exist); maximum eigenvalue (MAXEIG; Meehl & Yonce, 1996) orga-

nizes one input indicator set sequentially into overlapping windows

and, at each window, calculates the first eigenvalue of a modified

covariance matrix for all remaining indicators; latent mode (L‐Mode;

Waller & Meehl, 1998) graphs the distribution of scores on the first

principal factor of the full set of indicators. Each procedure was

repeated using all possible indicator set combinations yielding indi-

vidual and averaged graphical output, with categorical structure

evidenced by peaked MAMBAC and MAXEIG curves and bi‐modal
L‐mode distribution. Each procedure further provided an estimate

of the base rate (or prevalence) of membership in the putative ASD

category.

Comparison curves were generated for dimensional and cate-

gorical samples that reproduced the characteristics of the empirical

data. Simulated curves were compared to empirical data curves using

the comparison curve fit index (CCFI; Ruscio et al., 2018), derived

from the root‐mean‐square residual estimates of each model. CCFI

values discriminate dimensional and categorical structure with high

accuracy under a wide range of data conditions (Ruscio et al., 2018).

The CCFIs for each procedure were averaged to produce a mean

CCFI. CCFI values < 0.50 support dimensional structure and >0.50
support categorical structure. Values between 0.45 and 0.55 were

considered weak support, while values <0.45 and >0.55 were

considered strong support for dimensional and categorical structure,

respectively (Ruscio et al., 2018). Convergence of taxometric results

across the different indicator sets and procedures further indicated

robustness of the structural solution (Ruscio et al., 2006). Taxometric

analyses were supplemented with latent class analyses (LCA),

computed for each indicator set using maximum likelihood estima-

tion with robust standard errors (see Supplemental Methods in

Supporting Information S1). This permitted evaluation of whether

LCA classifications overlap with diagnostic classifications (kappa, %

accuracy, sensitivity, and specificity). Considering taxometric pro-

cedures are unable to detect the existence of more than two latent

distributions, LCA further permitted evaluation of structures with up

to five latent categories.

RESULTS

Indicator set characteristics

Combined samples for each indicator set had a diverse set of char-

acteristics and were well‐above the recommended minimum size

(N = 300; Table 1). Average indicator validity was highly variable,

with lower than desired levels (d ≥ 1.25) for Gaze‐7‐dx, Gaze‐7‐qt,
and SCQ. Average indicator skew was within the desired range (skew

<1.0) for all indicator sets. Average nuisance correlations tended to

be higher than the optimal upper bound (r < 0.30), especially for

Gaze‐3‐dx, Gaze‐3‐qt, and SRS‐Original. These deviations from

desired indicator set characteristics would be expected to decrease

the likelihood of identifying categorical structure (Ruscio et al., 2010).

Score distributions were highly variable; some showed relatively

normal distribution (Gaze), others significant positive skew (SCQ),

and some bimodal distributions (ADOS, SRS). Score distributions are

not strong indicators of latent distributions (Ruscio et al., 2006), but

the presence of different types of observed distributions ensures that

the full pattern of results is not driven by peculiarities of the

observed scores (see Figure 2).
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TAB L E 1 Indicator set characteristics.

Set # of indicators

Total Non‐ASD/NDD NDD ASD Validity (d)a Skew ASD rb Control rb

N N N N M (range) M (range) M M

Gaze‐7‐dx 7 512 145 122 245 0.85 (0.58 to 1.28) 0.26 (−0.12 to 0.56) 0.36 0.27

Gaze‐3‐dx 3 512 145 122 245 1.29 (1.15 to 1.43) 0.23 (0.15 to 0.33) 0.71 0.60

Gaze‐7‐qt 7 512 145 122 245 0.57 (0.24 to 0.96) 0.48 (−0.01 to 1.67) 0.33 0.33

Gaze‐3‐qt 3 512 145 122 245 1.30 (1.16 to 1.44) 0.23 (0.15 to 0.33) 0.71 0.60

ADOS‐Items 8 12,705 864 1606 10,235 1.25 (0.99 to 2.11) 0.31 (−0.97 to 0.85) 0.28 0.14

ADOS‐Sums 3 8144 392 1255 6497 1.78 (1.63 to 1.98) 0.30 (−0.12 to 0.56) 0.41 0.26

SRS‐original 5 16,755 4961 1672 10,122 1.84 (1.55 to 2.01) 0.19 (0.04 to 0.38) 0.59 0.73

SRS‐factors 5 16,755 4961 1672 10,122 1.32 (0.24 to 1.91) 0.99 (−0.04 to 2.40) 0.32 0.39

SRS‐RDoC 7 16,755 4961 1672 10,122 1.31 (0.71 to 1.69) 0.63 (0.14 to 1.11) 0.30 0.50

SCQ 6 6040 1320 2004 2716 0.68 (0.58 to 1.01) 0.75 (0.28 to 0.99) 0.23 0.33

Abbreviations: ADOS, Autism Diagnostic Observation Schedule; ASD, autism spectrum disorder; dx, indicator set based on prediction of diagnosis;

NDD, neurodevelopmental disorder (non‐ASD) controls; qt, indicator set based on prediction of quantitative trait/symptom measure; RDoC, Research

Domain Criteria; SCQ, Social Communication Questionnaire; SRS, Social Responsiveness Scale.
aReflects the standardized mean difference between indicator score distributions of the non‐ASD/DD and ASD groups, indexed by a Cohen's

d threshold of ≥1.25.
bReflects within‐group (nuisance) correlations among indicators, indexed by a Pearson's r threshold of <.30.

F I GUR E 2 Stacked frequency distributions for ASD (green) and control (light blue) groups across total gaze and autism symptom

measures, separately by indicator set. ASD, autism spectrum disorder.
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Latent structure

The sample size for each taxometric procedure ranged from N = 512

to 12,705 (see Table 1). Mean CCFIs for all indicator sets fell

above 0.50. Nine of 10 indicator sets had mean CCFIs in the range of

strong support for categorical structure (≥0.55; Table 2 and

Figures S1–S9), including the primary gaze indicator set, which

showed clear differentiation across taxometric procedures (Figure 3).

Only one individual CCFI value fell below 0.50: for Gaze‐7‐qt, which
had the weakest average indicator validity of any set. The pattern of

support for categorical structure was similar when raw gaze metrics

were used as indicators (Figure S10) and when participants with

reduced cognitive and language ability were excluded (Table S4), and

slightly stronger when indicators with low validity (d < 0.80) were

excluded (Table S5).

Results from LCA analyses supported the value of retaining a

second latent class (Table S6), with stronger improvement in fit from

1 to 2 classes (4.9%–26.9% improvement in BIC) than subsequent

class additions (Figure 4). Where additional classes improved fit,

these classes tended to divide the control cases into classes resem-

bling the NDD and non‐ASD/NDD groups or divide ASD cases based

on symptom severity.

Category base rate

For most indicator sets, the average taxometric (50.7%) and LCA 2‐
class (50.8%) base rates were comparable, albeit slightly lower

than, the ASD diagnosis (57.8%) base rate (Table 2). Under‐
estimation may reflect imperfect sensitivity of most ASD measures,

particularly to cognitively able presentations (Frazier et al., 2012).

Absolute discrepancies across indicator sets were more variable for

diagnosis‐taxometric base rate differences (−24% to +32%) but were
closer for diagnosis‐LCA base rate differences (−3% to +17%).

Latent class agreement with ASD diagnosis

LCA classifications showed adequate‐to‐very good agreement

(κ = .356–.662; 68%–86%) with ASD diagnosis across most indicator

sets (Table 2 and Figure S11). LCA classifications tended to have

higher specificity than sensitivity for gaze and ADOS indicator sets,

whereas most questionnaire‐based indicator sets showed greater

sensitivity than specificity.

Demographic and clinical features

Cases were organized by indicator set scores and classified into

taxometric groupings that corresponded in size to the estimated base

rate. Cases were classified into LCA groupings based on their pos-

terior membership probabilities. Across all indictor sets, classifica-

tions and total scores were highly correlated with ASD diagnosis and

quantitative measures; had small negative correlations with age,

small positive correlations with male sex, small‐to‐moderate negative
correlations with IQ, and moderate positive correlations with inter-

nalizing and externalizing problems, consistent with the substantial T
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F I GUR E 3 Taxometric analyses of Gaze‐7‐dx indicators. Each row displays results for one taxometric method (MAMBAC, MAXEIG, and L‐
Mode). Graph pairs show results for the empirical data (dark line) superimposed on results for comparison datasets simulated using either
categorical (left) or dimensional (right) structure; lighter lines represent minimum and maximum simulated values at each data point, and the

gray area denotes the middle 50% of simulated values. MAMBAC, mean above minus below a cut; MAXEIG, maximum eigenvalue.

F I GUR E 4 Improvement in model fit (% ΔBIC) across increasing classes for latent class analyses of each indicator type. Gaze is the Gaze‐7‐
dx indicator set; ADOS is the ADOS‐Items indicator set; and SRS is the SRS‐Original indictor set. Highly similar results were obtained with

other indicator sets for each measure. ADOS, Autism Diagnostic Observation Schedule; SCQ, Social Communication Questionnaire; SRS, Social
Responsiveness Scale.
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mental health comorbidity in ASD cases (Table 3). Interestingly, total

scores showed stronger relationships with external correlates than

classifications did.

DISCUSSION

This examination, the largest and most comprehensive to date, in-

dicates that ASD might be among a small number of psychopathology

conditions with categorical structure (Haslam et al., 2020). Impor-

tantly, identification of categorical structure using objective gaze

indicators demonstrates that these results are not simply a function of

shared method variance (Podsakoff et al., 2003), rater biases or ex-

pectations (Beauchaine & Waters, 2003; McGrath et al., 2009) and

that this structure is reflected in a key cognitive phenotype of ASD

and neurodevelopment—social attention (Constantino et al., 2017;

Frazier et al., 2017). Additional studies with other biomarkers showing

good differentiation of ASD and non‐ASD phenotypes are warranted.

Extending analyses to other cognitive, physiological, and neural

systems measures, such as automated facial expression analysis

(Trevisan et al., 2018) and pupillometry (de Vries et al., 2021), will

be key for improving precision of ASD classification and assessment.

TAB L E 3 Concurrent (blue) and discriminant (purple) validity of categorical empirical classifications and continuous gaze and symptom
measures with demographic and clinical measures.

Gaze‐7‐dx

Taxometric classifications r LCA classifications r Total predicted gaze r

ASD diagnosis 0.46 0.54 0.55

ADOS severity 0.29 0.39 0.40

SRS total T‐score 0.35 0.35 0.40

IQ −0.19 −0.25 −0.33

Language −0.18 −0.24 −0.33

Internalizing problems 0.02 −0.04 0.01

Externalizing problems 0.08 0.06 0.05

ADOS‐sums

Taxometric classifications r LCA classifications r Total raw score r

ASD diagnosis 0.56 0.64 0.66

Age −0.12 −0.12 −0.15

Sex (male) 0.16 0.16 0.17

IQ −0.29 −0.23 −0.43

Internalizing problems −0.04 −0.01 −0.09

Externalizing problems −0.01 0.01 −0.02

SRS‐original

Taxometric classifications r LCA classifications r Total T‐score r

ASD diagnosis 0.68 0.67 0.73

Age −0.02 −0.02 −0.01

Sex (male) 0.21 0.21 0.20

IQ −0.24 −0.25 −0.32

Internalizing problems 0.44 0.43 0.53

Externalizing problems 0.34 0.35 0.44

SCQ

Taxometric classifications r LCA classifications r Total raw score r

ASD diagnosis 0.34 0.47 0.40

Age −0.22 −0.24 −0.20

Sex (male) 0.14 0.17 0.17

IQ −0.38 −0.37 −0.51

Internalizing problems 0.07 0.13 0.12

Externalizing problems 0.05 0.10 0.11

Abbreviations: ADOS, Autism Diagnostic Observation Schedule; ASD, autism spectrum disorder; LCA, latent class analysis; SCQ, Social Communication

Questionnaire; SRS, Social Responsiveness Scale.
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Latent categorical structure has important implications for

nosology and assessment. First, the present results support the

broad DSM‐5 conceptualization, with co‐occurrence of SCI and RRB

symptoms and a wide range of severity within the ASD category.

Additional research is needed to identify whether the specific

criteria and exemplars listed in DSM‐5 optimally identify the ASD

category. This will be key for the revision of future diagnostic sys-

tems, as will the development and refinement of symptom measures.

While existing measures show good accuracy (Kim & Lord, 2012), the

present results suggest that, rather than simply measuring degrees

of symptom severity, measures should also provide estimates of the

post‐test probability of a categorical ASD diagnosis. These values can

be used in an evidence‐based medicine fashion to enhance clinical

judgment. In this framework, post‐test probabilities can inform

whether additional evaluation might be needed, when less intensive

or non‐specific interventions may be warranted, or—when the

probability is sufficiently high—more ASD‐specific or intensive in-

terventions should be initiated (Frazier, Coury, et al., 2021).

Current findings have several implications for research design

and analysis. For example, group designs need to sample the full

range of cases within the ASD category, while quantitative trait de-

signs need to consider the underlying latent distributions and how

these might influence findings. Despite the identification of cate-

gorical structure, the use of quantitative scores is still important as

these scores often show stronger correlations with other measures.

Further investigations into the BAP in first‐degree relatives are

needed. While present findings suggest that these traits are sub‐
threshold, it is unclear whether BAP might itself represent a

discrete behavior pattern or the end of a neurotypical continuum.

Primary limitations include the availability of a single ASD

biomarker sample with sufficient indicator validity and the inclusion

of indicator sets with less‐than‐optimal characteristics. The combi-

nation of cross‐cultural cohorts is unlikely to induce categorical

structure because the latent classifications were consistent with ASD

in both cohorts and prior work with this dataset found no substantial

cultural influences on social attention (Frazier, Uljarevic, et al., 2021).

Moreover, sub‐optimal indicator validity and high nuisance correla-

tions should have biased results away from detecting a latent cate-

gory (Ruscio et al., 2010). Some datasets had smaller proportions of

NDD cases, which could have biased results toward the categorical

structure. However, indicator sets with a higher proportion of NDD

cases were present to offset this possibility. Confound may further be

introduced by admixing samples drawn from separate populations

who might differ on numerous characteristics other than the target

construct. Yet, the categorical structure was supported across indi-

cator sets with diverse sample compositions, including in single‐
sample data and when participants with reduced cognitive and lan-

guage ability were excluded. In addition, it is important to acknowl-

edge the presence of multiple family members in the combined

dataset. This may impact MAXEIG but should not influence the re-

sults of other taxometric procedures and was explicitly accounted

for, where possible, in LCA. Finally, taxometric methods are not the

only procedures for evaluating between categorical and dimensional

models (Borsboom et al., 2016). Nevertheless, simulations have

demonstrated that the CCFI utilized here is accurate at distinguishing

dimensional and categorical structure in >99% of cases, under a wide

range of conditions (Ruscio et al., 2018). Lastly, whereas taxometric

procedures can detect only a single boundary (between two groups)

at a time, this does not rule out the existence of additional groupings.

Testing for further boundaries or subtypes within the ASD grouping is

a potential avenue for additional investigation.

CONCLUSION

ASD appears to be a qualitatively distinct category at the levels of

behavioral symptoms and social attention, but additional replication

is warranted. These findings support the broad structure of DSM‐5
ASD diagnosis and next generation diagnostic systems should main-

tain the ASD category. Future studies may consider this structure in

design and analytic methods. Clinical investigations are needed to

identify the optimal symptom measurements and evidence‐
based assessment procedures for ASD identification and outcome

tracking.

AUTHOR CONTRIBUTIONS

Thomas W. Frazier: Conceptualization, Data curation, Formal anal-

ysis, Investigation, Methodology, Project administration, Writing –

original draft, Writing – review & editing. Lacey Chetcuti: Validation,

Writing – original draft, Writing – review & editing. Fouad A. Al‐
Shaban: Data curation, Validation, Writing – review & editing. Nick

Haslam: Methodology, Writing – review & editing. Iman Ghazal: Data

curation, Project administration, Writing – review & editing. Eric W.

Klingemier: Data curation, Project administration, Writing – original

draft. Mohammed Aldosari: Data curation, Project administration,

Writing – review & editing. Andrew J. O. Whitehouse: Validation,

Writing – review & editing. Eric A. Youngstrom: Validation, Writing –

review & editing. Antonio Y. Hardan: Validation, Writing – review &

editing. Mirko Uljarević: Conceptualization, Data curation, Formal

analysis, Investigation, Methodology, Project administration, Writing

– original draft, Writing – review & editing.

ACKNOWLEDGMENTS

This study was supported by the Cole Family Research Fund, Autism

Speaks, Qatar Foundation, and the National Institute of Mental

Health (grants R03MH111846‐01 and R21MH121876‐01). We

thank all participants who contributed to this study.

CONFLICT OF INTEREST STATEMENT

T.W.F. has received funding or research support from, acted as a

consultant to, received travel support from, and/or received a

speaker's honorarium from Quadrant Biosciences, Impel Neuro-

Pharma, F. Hoffmann‐La Roche AG Pharmaceuticals, the Cole Family

Research Fund, Simons Foundation, Ingalls Foundation, Forest Lab-

oratories, Ecoeos, IntegraGen, Kugona LLC, Shire Development,

Bristol‐Myers Squibb, Roche Pharma, National Institutes of Health,

and the Brain and Behavior Research Foundation and has an investor

stake in Autism EYES LLC. EAY has consulted with Lundbeck,

Supernus, Pearson, and Western Psychological Services about psy-

chological assessment, and received royalties from Guilford Press

and the American Psychological Association. He is co‐founder and
president of Helping Give Away Psychological Science (HGAPS.org).

The remaining authors have declared that they have no competing or

potential conflicts of interest.

ASD: CATEGORY OR CONTINUUM - 9 of 11

http://HGAPS.org


DATA AVAILABILITY STATEMENT

The data that support the findings of this study are available from the

corresponding author upon reasonable request.

ETHICAL CONSIDERATIONS

Ethics approval was not required as data were publicly available and

de‐identified.

ORCID

Thomas W. Frazier https://orcid.org/0000-0002-6951-2667

Lacey Chetcuti https://orcid.org/0000-0002-9360-0851

REFERENCES

Alexander, L. M., Escalera, J., Ai, L., Andreotti, C., Febre, K., Mangone, A., &

Gregory, C. (2017). The Healthy Brain Network Biobank: An open
resource for transdiagnostic research in pediatric mental health and
learning disorders. Cold Spring Harbor Laboratory.

Baron‐Cohen, S., Wheelwright, S., Skinner, R., Martin, J., & Clubley, E.

(2001). The autism‐spectrum quotient (AQ): Evidence from Asperger

syndrome/high‐functioning autism, males and females, scientists and
mathematicians. Journal of Autism and Developmental Disorders, 31(1),
5–17. https://doi.org/10.1023/a:1005653411471

Beauchaine, T. P., & Waters, E. (2003). Pseudotaxonicity in MAMBAC and

MAXCOV analyses of rating‐scale data: Turning continua into clas-

ses by manipulating observer's expectations. Psychological Methods,
8(1), 3–15. https://doi.org/10.1037/1082‐989x.8.1.3

Borsboom, D., Rhemtulla, M., Cramer, A. O., van der Maas, H. L., Scheffer,

M., & Dolan, C. V. (2016). Kinds versus continua: A review of psy-

chometric approaches to uncover the structure of psychiatric con-

structs. Psychological Medicine, 46(8), 1567–1579. https://doi.org/10.
1017/S0033291715001944

Castelbaum,L., Sylvester,C.M., Zhang,Y., Yu,Q.,&Constantino, J.N. (2020).

On the nature of monozygotic twin concordance and discordance for

autistic trait severity: A quantitative analysis. Behavior Genetics, 50(4),
263–272. https://doi.org/10.1007/s10519‐019‐09987‐2

Charman, T., Pickles, A., Simonoff, E., Chandler, S., Loucas, T., & Baird, G.

(2011). IQ in children with autism spectrum disorders: Data from the

Special Needs and Autism Project (SNAP). Psychological Medicine,
41(3), 619–627. https://doi.org/10.1017/S0033291710000991

Constantino, J. N., & Gruber, C. P. (2012). The social Responsiveness Scale
manual, second edition (SRS‐2). Western Psychological Services. SRS‐2.

Constantino, J. N., Kennon‐McGill, S., Weichselbaum, C., Marrus, N.,

Haider, A., Glowinski, A. L., Gillespie, S., Klaiman, C., Klin, A., & Jones,

W. (2017). Infant viewing of social scenes is under genetic control

and is atypical in autism. Nature, 547(7663), 340–344. https://doi.
org/10.1038/nature22999

de Vries, L., Fouquaet, I., Boets, B., Naulaers, G., & Steyaert, J. (2021).

Autism spectrum disorder and pupillometry: A systematic review

and meta‐analysis. Neuroscience & Biobehavioral Reviews, 120,
479–508. https://doi.org/10.1016/j.neubiorev.2020.09.032

Fein, D., Barton, M., Eigsti, I. M., Kelley, E., Naigles, L., Schultz, R. T., Ste-

vens, M., Helt, M., Orinstein, A., Rosenthal, M., Troyb, E., & Tyson, K.

(2013). Optimal outcome in individuals with a history of autism.

Journal of Child Psychology and Psychiatry, 54(2), 195–205. https://
doi.org/10.1111/jcpp.12037

Fischbach, G. D., & Lord, C. (2010). The Simons Simplex Collection: A

resource for identification of autism genetic risk factors. Neuron,
68(2), 192–195. https://doi.org/10.1016/j.neuron.2010.10.006

Frazier, T. W., Coury, D. L., Sohl, K., Wagner, K. E., Uhlig, R., Hicks, S. D., &

Middleton, F. A. (2021). Evidence‐based use of scalable biomarkers

to increase diagnostic efficiency and decrease the lifetime costs of

autism. Autism Research, 14(6), 1271–1283. https://doi.org/10.1002/
aur.2498

Frazier, T. W., Klingemier, E. W., Parikh, S., Speer, L., Strauss, M. S., Eng, C.,

Hardan, A. Y., & Youngstrom, E. A. (2018). Development and vali-

dation of objective and quantitative eye tracking‐based measures of
autism risk and symptom levels. Journal of the American Academy of

Child & Adolescent Psychiatry, 57(11), 858–866. https://doi.org/10.
1016/j.jaac.2018.06.023

Frazier, T. W., Ratliff, K. R., Gruber, C., Zhang, Y., Law, P. A., & Constantino,

J. N. (2014). Confirmatory factor analytic structure and measure-

ment invariance of quantitative autistic traits measured by the So-

cial Responsiveness Scale‐2. Autism, 18(1), 31–44. https://doi.org/10.
1177/1362361313500382

Frazier, T.W., Strauss,M., Klingemier, E.W., Zetzer, E. E., Hardan, A. Y., Eng,

C., & Youngstrom, E. A. (2017). A meta‐analysis of gaze differences to
social and nonsocial information between individuals with and

without autism. Journal of the American Academy of Child & Adolescent
Psychiatry, 56(7), 546–555. https://doi.org/10.1016/j.jaac.2017.05.005

Frazier, T. W., Uljarevic, M., Ghazal, I., Klingemier, E. W., Langfus, J.,

Youngstrom,E.A., Aldosari,M.,Al‐Shammari,H., El‐Hag, S., Tolefat,M.,

Ali, M., Al‐Shaban, F. A., & Al‐Shaban, F. A. (2021). Social attention as a
cross‐cultural transdiagnostic neurodevelopmental risk marker.

AutismResearch,14(9), 1873–1885. https://doi.org/10.1002/aur.2532
Frazier, T. W., Youngstrom, E. A., Sinclair, L., Kubu, C. S., Law, P., Rezai, A.,

Constantino, J. N., & Eng, C. (2010). Autism spectrum disorders as a

qualitatively distinct category from typical behavior in a large, clin-

ically ascertained sample. Assessment, 17(3), 308–320. https://doi.
org/10.1177/1073191109356534

Frazier, T. W., Youngstrom, E. A., Speer, L., Embacher, R., Law, P., Con-

stantino, J., Findling, R. L., Hardan, A. Y., & Eng, C. (2012). Validation

of proposed DSM‐5 criteria for autism spectrum disorder. Journal of
the American Academy of Child & Adolescent Psychiatry, 51(1), 28–40.
https://doi.org/10.1016/j.jaac.2011.09.021

Geschwind, D. H., Sowinski, J., Lord, C., Iversen, P., Shestack, J., Jones, P.,

Ducat, L., & Spence, S. (2001). The autism genetic resource ex-

change: A resource for the study of autism and related neuropsy-

chiatric conditions. The American Journal of Human Genetics, 69(2),
463–466. https://doi.org/10.1086/321292

Hall, D., Huerta, M. F., McAuliffe, M. J., & Farber, G. K. (2012). Sharing

heterogeneous data: The national database for autism research.

Neuroinformatics, 10(4), 331–339. https://doi.org/10.1007/s12021‐
012‐9151‐4

Haslam, N., McGrath, M. J., Viechtbauer, W., & Kuppens, P. (2020). Di-

mensions over categories: A meta‐analysis of taxometric research.
Psychological Medicine, 50(9), 1418–1432. https://doi.org/10.1017/
S003329172000183X

Hawks, Z. W., & Constantino, J. N. (2019). Neuropsychiatric “comorbidity”

as causal influence in autism. Journal of the American Academy of Child
& Adolescent Psychiatry, 59(2), 229–235. https://doi.org/10.1016/j.
jaac.2019.07.008

Hus, V., & Lord, C. (2014). The autism diagnostic observation schedule,

module 4: Revised algorithm and standardized severity scores.

Journal of Autism and Developmental Disorders, 44(8), 1996–2012.
https://doi.org/10.1007/s10803‐014‐2080‐3

Insel, T., Cuthbert, B., Garvey, M., Heinssen, R., Pine, D. S., Quinn, K.,

Sanislow, C., & Wang, P. (2010). Research domain criteria (RDoC):

Toward a new classification framework for research on mental dis-

orders. American Journal of Psychiatry, 167(7), 748–751. https://doi.
org/10.1176/appi.ajp.2010.09091379

James, R. J., Dubey, I., Smith, D., Ropar, D., & Tunney, R. J. (2016). The

latent structure of autistic traits: A taxometric, latent class and

latent profile analysis of the adult autism spectrum quotient. Journal
of Autism and Developmental Disorders, 46(12), 3712–3728. https://
doi.org/10.1007/s10803‐016‐2897‐z

Kim, S. H., & Lord, C. (2012). Combining information from multiple sources

for the diagnosis of autism spectrum disorders for toddlers and

young preschoolers from 12 to 47 months of age. Journal of Child
Psychology and Psychiatry, 53(2), 143–151. https://doi.org/10.1111/j.
1469‐7610.2011.02458.x

Lord, C., Brugha, T. S., Charman, T., Cusack, J., Dumas, G., Frazier, T.,

Jones, E. J. H., Jones, R. M., Pickles, A., Taylor, J. L., Veenstra‐
VanderWeele, J., & State, M. W. (2020). Autism spectrum disorder.

Nature Reviews Disease Primers, 6(1), 1–23. https://doi.org/10.1038/
s41572‐019‐0138‐4

Lord, C., Petkova, E., Hus, V., Gan, W., Lu, F., Martin, D. M., & Risi, S.

(2012). A multisite study of the clinical diagnosis of different autism

10 of 11 - FRAZIER ET AL.

https://orcid.org/0000-0002-6951-2667
https://orcid.org/0000-0002-6951-2667
https://orcid.org/0000-0002-9360-0851
https://orcid.org/0000-0002-9360-0851
https://doi.org/10.1023/a:1005653411471
https://doi.org/10.1037/1082-989x.8.1.3
https://doi.org/10.1017/S0033291715001944
https://doi.org/10.1017/S0033291715001944
https://doi.org/10.1007/s10519-019-09987-2
https://doi.org/10.1017/S0033291710000991
https://doi.org/10.1038/nature22999
https://doi.org/10.1038/nature22999
https://doi.org/10.1016/j.neubiorev.2020.09.032
https://doi.org/10.1111/jcpp.12037
https://doi.org/10.1111/jcpp.12037
https://doi.org/10.1016/j.neuron.2010.10.006
https://doi.org/10.1002/aur.2498
https://doi.org/10.1002/aur.2498
https://doi.org/10.1016/j.jaac.2018.06.023
https://doi.org/10.1016/j.jaac.2018.06.023
https://doi.org/10.1177/1362361313500382
https://doi.org/10.1177/1362361313500382
https://doi.org/10.1016/j.jaac.2017.05.005
https://doi.org/10.1002/aur.2532
https://doi.org/10.1177/1073191109356534
https://doi.org/10.1177/1073191109356534
https://doi.org/10.1016/j.jaac.2011.09.021
https://doi.org/10.1086/321292
https://doi.org/10.1007/s12021-012-9151-4
https://doi.org/10.1007/s12021-012-9151-4
https://doi.org/10.1017/S003329172000183X
https://doi.org/10.1017/S003329172000183X
https://doi.org/10.1016/j.jaac.2019.07.008
https://doi.org/10.1016/j.jaac.2019.07.008
https://doi.org/10.1007/s10803-014-2080-3
https://doi.org/10.1176/appi.ajp.2010.09091379
https://doi.org/10.1176/appi.ajp.2010.09091379
https://doi.org/10.1007/s10803-016-2897-z
https://doi.org/10.1007/s10803-016-2897-z
https://doi.org/10.1111/j.1469-7610.2011.02458.x
https://doi.org/10.1111/j.1469-7610.2011.02458.x
https://doi.org/10.1038/s41572-019-0138-4
https://doi.org/10.1038/s41572-019-0138-4
https://orcid.org/0000-0002-6951-2667
https://orcid.org/0000-0002-9360-0851


spectrum disorders. Archives of General Psychiatry, 69(3), 306–313.
https://doi.org/10.1001/archgenpsychiatry.2011.148

Lord, C., Pickles, A., McLennan, J., Rutter, M., Bregman, J., Folstein, S.,

Fombonne, E., Leboyer, M., & Minshew, N. (1997). Diagnosing

autism: Analyses of data from the Autism Diagnostic Interview.

Journal of Autism and Developmental Disorders, 27(5), 501–517.

https://doi.org/10.1023/a:1025873925661

Lord, C., Rutter, M., DiLavore, P. C., Risi, S., Gotham, K., & Bishop, S. L.

(2012). Autism Diagnostic Observation Schedule, Second Edition (ADOS‐
2) manual (Part 1): Modules 1‐4. Western Psychological Services.

Lord, C., Rutter, M., & Le Couteur, A. (1994). Autism Diagnostic Interview‐
Revised: A revised version of a diagnostic interview for caregivers of

individuals with possible pervasive developmental disorders. Journal
of Autism and Developmental Disorders, 24(5), 659–685. https://doi.
org/10.1007/bf02172145

Lundstrom, S., Chang, Z., Rastam, M., Gillberg, C., Larsson, H., Anckarsater,

H., & Lichtenstein, P. (2012). Autism spectrum disorders and autistic

like traits: Similar etiology in the extreme end and the normal

variation. Archives of General Psychiatry, 69(1), 46–52. https://doi.org/
10.1001/archgenpsychiatry.2011.144

McGrath, R. E., Neubauer, J., Meyer, G. J., & Tung, K. (2009). Instructional

set and the structure of responses to rating scales. Personality and
Individual Differences, 46(2), 116–122. https://doi.org/10.1016/j.paid.
2008.09.012

Meehl, P. E., & Yonce, L. J. (1994). Taxometric Analysis I: Detecting tax-

onicity with two quantitative indicators using means above and

below a sliding cut (MAMBAC procedure). Psychological Reports, 74,
1059–1274.

Meehl, P. E., & Yonce, L. J. (1996). Taxometric analysis: II. Detecting

taxonicity using covariance of two quantitative indicators in suc-

cessive intervals of a third indicator. (MAXCOV procedure). Psy-
chological Reports, 78(3_suppl), 1091–1227. https://doi.org/10.2466/
pr0.1996.78.3c.1091

Moody, E. J., Reyes, N., Ledbetter, C., Wiggins, L., DiGuiseppi, C., Alex-

ander, A., Jackson, S., Lee, L. C., Levy, S. E., & Rosenberg, S. A. (2017).

Screening for autism with the SRS and SCQ: Variations across de-

mographic, developmental and behavioral factors in preschool chil-

dren. Journal of Autism and Developmental Disorders, 47(11),
3550–3561. https://doi.org/10.1007/s10803‐017‐3255‐5

Morris, S. M., Acosta, M. T., Garg, S., Green, J., Huson, S., Legius, E., North,

K. N., Payne, J. M., Plasschaert, E., Frazier, T. W., Weiss, L. A., Zhang,

Y., Gutmann, D. H., & Constantino, J. N. (2016). Disease burden and

symptom structure of autism in neurofibromatosis type 1: A study of

the International NF1‐ASD Consortium Team (INFACT). JAMA Psy-
chiatry, 73(12), 1276–1284. https://doi.org/10.1001/jamapsychiatry.
2016.2600

Pierce, K., Gazestani, V. H., Bacon, E., Barnes, C. C., Cha, D., Nalabolu, S.,

Lopez, L., Moore, A., Pence‐Stophaeros, S., & Courchesne, E. (2019).

Evaluation of the diagnostic stability of the early autism spectrum

disorder phenotype in the general population starting at 12 months.

JAMA Pediatrics, 173(6), 578–587. https://doi.org/10.1001/jamapedia
trics.2019.0624

Piven, J., Palmer, P., Jacobi, D., Childress, D., & Arndt, S. (1997). Broader

autism phenotype: Evidence from a family history study of multiple‐
incidence autism families. American Journal of Psychiatry, 154(2),
185–190.

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003).

Common method biases in behavioral research: A critical review of

the literature and recommended remedies. Journal of Applied Psy-
chology, 88(5), 879–903. https://doi.org/10.1037/0021‐9010.88.5.879

Regier, D. A., Narrow, W. E., Clarke, D. E., Kraemer, H. C., Kuramoto, S. J.,

Kuhl, E. A., & Kupfer, D. J. (2013). DSM‐5 field trials in the United

States and Canada, Part II: Test‐retest reliability of selected cate-

gorical diagnoses. American Journal of Psychiatry, 170(1), 59–70.
https://doi.org/10.1176/appi.ajp.2012.12070999

Ronald, A., Happe, F., Bolton, P., Butcher, L. M., Price, T. S., Wheelright, S.,

Baron‐Cohen, S., & Plomin, R. (2006). Genetic heterogeneity between

the three components of the autism spectrum: A twin study. Journal of
the American Academy of Child & Adolescent Psychiatry, 45(6), 691–699.
https://doi.org/10.1097/01.chi.0000215325.13058.9d

Ruscio, J. (2007). Taxometric analysis: An empirically grounded

approach to implementing the method. Criminal Justice and

Behavior, 34(12), 1588–1622. https://doi.org/10.1177/009385480
7307027

Ruscio, J., Carney, L. M., Dever, L., Pliskin, M., & Wang, S. B. (2018). Using

the comparison curve fix index (CCFI) in taxometric analyses:

Averaging curves, standard errors, and CCFI profiles. Psychological
Assessment, 30(6), 744–754. https://doi.org/10.1037/pas0000522

Ruscio, J., Haslam, N., & Ruscio, A. M. (2006). An introduction to the taxo-
metric method: A practical guide. Lawrence Erlbaum Associates.

Ruscio, J., & Ruscio, A. M. (2002). A structure‐based approach to psy-

chological assessment: Matching measurement models to latent

structure. Assessment, 9(1), 4–16. https://doi.org/10.1177/10731911
02091002

Ruscio, J., Walters, G. D., Marcus, D. K., & Kaczetow, W. (2010).

Comparing the relative fit of categorical and dimensional latent

variable models using consistency tests. Psychological Assessment,
22(1), 5–21. https://doi.org/10.1037/a0018259

Ruscio, J., & Wang, S. B. (2020). RTaxometrics: Taxometric analysis: R

package version 2.4.

Rutter, M., Bailey, A., & Lord, C. (2003). The Social Communication Ques-
tionnaire manual. Western Psychological Services.

Sandin, S., Lichtenstein, P., Kuja‐Halkola, R., Hultman, C., Larsson, H., &
Reichenberg, A. (2017). The heritability of autism spectrum disorder.

JAMA, 318(12), 1182–1184. https://doi.org/10.1001/jama.2017.12141
Simonoff, E., Pickles, A., Charman, T., Chandler, S., Loucas, T., & Baird, G.

(2008). Psychiatric disorders in children with autism spectrum dis-

orders: Prevalence, comorbidity, and associated factors in a

population‐derived sample. Journal of the American Academy of Child
& Adolescent Psychiatry, 47(8), 921–929. https://doi.org/10.1097/
CHI.0b013e318179964f

Sucksmith, E., Roth, I., & Hoekstra, R. A. (2011). Autistic traits below the

clinical threshold: Re‐examining the broader autism phenotype in

the 21st century. Neuropsychology Review, 21(4), 360–389. https://
doi.org/10.1007/s11065‐011‐9183‐9

Trevisan, D. A., Hoskyn, M., & Birmingham, E. (2018). Facial expression

production in autism: A meta‐analysis. Autism Research, 11(12),
1586–1601. https://doi.org/10.1002/aur.2037

Uljarevic, M., Frazier, T. W., Phillips, J. M., Jo, B., Littlefield, S., & Hardan,

A. Y. (2019). Mapping the research domain criteria social processes

constructs to the Social Responsiveness Scale. Journal of the Amer-
ican Academy of Child & Adolescent Psychiatry, 58(10S), S311–S1263.
e3. https://doi.org/10.1016/j.jaac.2019.07.938

Uljarevic, M., Frazier, T. W., Phillips, J. M., Jo, B., Littlefield, S., & Hardan,

A. Y. (2020). Quantifying research domain criteria social communi-

cation subconstructs using the Social Communication Questionnaire

in Youth. Journal of Clinical Child and Adolescent Psychology, 50(5),
1–11. https://doi.org/10.1080/15374416.2019.1669156

Uljarević, M., Jo, B., Frazier, T. W., Scahill, L., Youngstrom, E. A., & Hardan,

A. Y. (2021). Using the big data approach to clarify the structure of

restricted repetitive behaviors across the most commonly used

autism spectrum disorder measures. Molecular Autism, 12(1), 39.
https://doi.org/10.1186/s13229‐021‐00419‐9

Waller, N. G., & Meehl, P. E. (1998). Multivariate taxometric procedures:
Distinguishing types from continua. Sage Publications, Inc.

SUPPORTING INFORMATION

Additional supporting information can be found online in the Sup-

porting Information section at the end of this article.

How to cite this article: Frazier, T. W., Chetcuti, L., Al‐Shaban,
F. A., Haslam, N., Ghazal, I., Klingemier, E. W., Aldosari, M.,

Whitehouse, A. J. O., Youngstrom, E. A., Hardan, A. Y., &

Uljarević, M. (2023). Categorical versus dimensional structure

of autism spectrum disorder: A multi‐method investigation.

JCPP Advances, 3(2), e12142. https://doi.org/10.1002/jcv2.

12142

ASD: CATEGORY OR CONTINUUM - 11 of 11

https://doi.org/10.1001/archgenpsychiatry.2011.148
https://doi.org/10.1023/a:1025873925661
https://doi.org/10.1007/bf02172145
https://doi.org/10.1007/bf02172145
https://doi.org/10.1001/archgenpsychiatry.2011.144
https://doi.org/10.1001/archgenpsychiatry.2011.144
https://doi.org/10.1016/j.paid.2008.09.012
https://doi.org/10.1016/j.paid.2008.09.012
https://doi.org/10.2466/pr0.1996.78.3c.1091
https://doi.org/10.2466/pr0.1996.78.3c.1091
https://doi.org/10.1007/s10803-017-3255-5
https://doi.org/10.1001/jamapsychiatry.2016.2600
https://doi.org/10.1001/jamapsychiatry.2016.2600
https://doi.org/10.1001/jamapediatrics.2019.0624
https://doi.org/10.1001/jamapediatrics.2019.0624
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1176/appi.ajp.2012.12070999
https://doi.org/10.1097/01.chi.0000215325.13058.9d
https://doi.org/10.1177/0093854807307027
https://doi.org/10.1177/0093854807307027
https://doi.org/10.1037/pas0000522
https://doi.org/10.1177/1073191102091002
https://doi.org/10.1177/1073191102091002
https://doi.org/10.1037/a0018259
https://doi.org/10.1001/jama.2017.12141
https://doi.org/10.1097/CHI.0b013e318179964f
https://doi.org/10.1097/CHI.0b013e318179964f
https://doi.org/10.1007/s11065-011-9183-9
https://doi.org/10.1007/s11065-011-9183-9
https://doi.org/10.1002/aur.2037
https://doi.org/10.1016/j.jaac.2019.07.938
https://doi.org/10.1080/15374416.2019.1669156
https://doi.org/10.1186/s13229-021-00419-9
https://doi.org/10.1002/jcv2.12142
https://doi.org/10.1002/jcv2.12142

	Categorical versus dimensional structure of autism spectrum disorder: A multi‐method investigation
	Categorical versus dimensional structure of autism spectrum disorder: A multi‐method investigation
	INTRODUCTION
	METHOD
	Participants
	Diagnostic procedures
	Measures and indicator sets
	Data analysis

	RESULTS
	Indicator set characteristics
	Latent structure
	Category base rate
	Latent class agreement with ASD diagnosis
	Demographic and clinical features

	DISCUSSION
	CONCLUSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT
	ETHICAL CONSIDERATIONS


