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Abstract The present study examined the presentation of

autistic traits in a large adult population sample (n =

2,343). Cluster analysis indicated two subgroups with

clearly distinguishable trait profiles. One group (n = 1,059)

reported greater social difficulties and lower detail orien-

tation, while the second group (n = 1,284) reported lesser

social difficulties and greater detail orientation. We also

report a three-factor solution for the autism-spectrum quo-

tient, with two, related, social-themed factors (Sociability

and Mentalising) and a third non-social factor that varied

independently (Detail Orientation). These results indicate

that different profiles of autistic characteristics tend to occur

in the adult nonclinical population. Research into nonclin-

ical variance in autistic features may benefit by considering

social- and detail-related trait domains independently.

Keywords Autistic traits � Autism-spectrum quotient �
Cluster analysis � Subgroups � Factor analysis

Introduction

A central feature of autism spectrum disorder (ASD) is the

range in symptom severity: both within the clinical popu-

lation, contributing to heterogeneity amongst individuals

with ASD, and, of particular interest here, encompassing

the general population (Lai et al. 2013; American Psy-

chiatric Association 2013). This latter impression comes

primarily from research that has recorded the prevalence of

ASD-like features across large community samples. Sig-

nificantly, the extent to which the relevant traits are

reported in the community appears to vary continuously

and with normal or skewed-unimodal distribution (e.g.,

Baron-Cohen et al. 2001; Constantino and Todd 2003;

Posserud et al. 2006; Hurst et al. 2007). This contrasts, for

example, with discontinuity or bimodality in trait distri-

bution, either of which could set the clustering of symp-

toms in ASD apart as a matter of type rather than degree.

Moreover, there is evidence for overlap in the genetic bases

of ASD-like traits in the nonclinical population and ASD

symptoms in the clinical population (Chakrabarti et al.

2009; Bolton et al. 1994; Piven et al. 1997; Robinson et al.

2011).

A recent surge in cognitive and neuroscientific research

builds on these findings by comparing nonclinical adults in

their degree of ASD-like traits as an approach to studying

the mechanisms underlying this condition. This has inclu-

ded studies examining visual search (e.g., Grinter et al.

2009a, b), visual illusion susceptibility (Walter et al. 2009),

biological motion processing (van Boxtel and Lu 2013),

multisensory integration (Palmer et al. 2013; Donohue

et al. 2012), social attention (Freeth et al. 2013a; Num-

menmaa et al. 2012), gaze responses (Bayliss and Tipper

2005; Chen and Yoon 2011) and neurophysiological

characteristics (Jakab et al. 2013; Puzzo et al. 2010;
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Nummenmaa et al. 2012; Sutherland and Crewther 2010).

These studies most commonly use the autism-spectrum

quotient (AQ), an inventory measure designed for use with

adult community samples as either a screening or research

tool (Baron-Cohen et al. 2001). The AQ necessarily

assesses a range of social (e.g., sociability, mentalising)

and non-social (e.g., restricted interests, detail-focus)

attributes, and researchers have typically compared indi-

viduals on their total AQ score or subscale scores, each

produced by summing across items that assess more spe-

cific behaviours or characteristics.

It is an open question, however, regarding the extent to

which autism can be conceived of as a singular construct that

varies across the general population. A ‘unitary spectrum’

model such as this conflicts with a suggestion by Happé,

Ronald and colleagues that distinct genetic, neurological and

cognitive causesmay underlie the symptoms of ASD (Happé

et al. 2006; Happé and Ronald 2008; see also Mandy and

Skuse 2008). This alternate approach has been labelled the

‘fractionable autism triad’ hypothesis—in reference to the

three symptom domains of impaired social interaction,

impaired communication and restricted behaviours/interests

specified for Autistic disorder in the DSM-IV (American

Psychiatric Association 2000) and ICD-10 (World Health

Organization 2004). (This model is still relevant to, and in

some respects better represented by, the diagnostic criteria

set out for ASD in the current 5th edition of the DSM,

however; American Psychiatric Association 2013).

The evidence that separate etiologies underlie the three

DSM-IV symptom domains comes most notably from

research into the relationship between ASD-like character-

istics in the community, employing large-scale childhood

twin samples (Robinson et al. 2012; Ronald et al. 2006, 2005,

2006b, Ronald et al. 2011). While symptoms in the three

domains co-occur at a level above chance (Happé and

Ronald 2008; see Mandy and Skuse 2008 for review), low to

moderate (rather than strong) correlations are observed

between these characteristics. In addition, similarly modest

overlap is estimated between the heritability of each domain,

and, finally, individual symptoms can sometimes occur

strongly in the absence of other cardinal features of ASD. A

recent review of factor analytic studies involving clinical

ASD participants concluded support for two distinct social

and non-social dimensions underlying inventorymeasures of

ASD symptoms—again suggesting that a conception of

autism as a unitary construct is insufficient (Shuster et al.

2013). Multi-factor solutions are similarly reported for

nonclinical samples (e.g., Austin 2005).

The idea here is that ASD trait domains vary indepen-

dently to a marked degree across the population—with a

diagnosis of ASD applied in cases where these character-

istics happen to co-occur strongly. In principle, two indi-

viduals with the same AQ score, for instance, may still

have a different profile of ASD-like traits, with corre-

sponding cognitive and neurological dissimilarities. The

present study aimed to build on the discussed literature by

examining how profiles of ASD-like characteristics, as

assessed by the AQ, tend to manifest in the general adult

population. We used cluster analysis to examine the pre-

sentation of AQ item scores in a large sample recruited

online. This statistical method finds the optimal manner of

grouping cases (here, individuals) based on their similarity

across a range of variables (here, the items of the AQ); in

other words, this technique allowed us to discover patterns

of trait presentation that tend to occur in the population.

We also performed a factor analysis (as has been done

previously for the AQ; e.g., Austin 2005) to provide a more

complete picture of the relationship between constructs

underlying the AQ and how these constructs differ between

individuals.

To our knowledge, this is the first study to look specifi-

cally at nonclinical variation inASD-like traits in adults with

cluster analysis, and one of the first to apply this technique to

the AQ. The presentation of autistic traits in the adult pop-

ulation is important to clarify, due in part to the develop-

mental nature of ASD and the present trend in research that

focuses on nonclinical adult samples. Cluster analysis has

been performed previously using the AQ with a high-func-

tioning adult clinical group: Ring et al. (2008) report that

their sample comprised between two and four clusters of

individuals that varied in the severity of symptoms but not in

their symptom profile. Ring et al. (2008) note that this

clustering supports a unitary spectrum (or ‘severity gradi-

ent’) characterisation of the heterogeneity in this clinical

group, such that individuals are best grouped according to

their overall magnitude of traits rather than in their profile of

characteristics. Similarly, we can hypothesise that, if a uni-

tary spectrum account best describes the presentation of

ASD-like characteristics in the general adult population,

cluster analysis will reveal either a single cluster (i.e., no

subgroups) or multiple clusters that differ in mean item or

domain scores, but not in their profile of responses across the

different traits that the AQ assesses. In contrast, the frac-

tionable triad hypothesis allows for the possibility that the

presentation of autistic traits in the general population is best

characterised in terms of subgroups with different trait

profiles.

Methods

Participants

The sample comprised 2,343 adults who completed the AQ via

an online survey platform (M = 31.36, SD = 11.17 years;

47.8 % female; 86.6 % right handers, 10.7 % left handers;
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88.0 % indicating some degree of tertiary education). A link to

the study was displayed in the Amazon Mechanical Turk sys-

tem, and participation was restricted to individuals who iden-

tified as over 18 years in age and with current residence in the

United States. Forty individuals who did not complete the

survey and 63 individuals who shared an IP address with a

previous participant were excluded prior to data analysis. Each

participant received 1.50 USD upon completion of the study.

Ethical approval for the study was obtained from the Monash

University Human Research Ethics Committee. All partici-

pants gave informed consent.

AQ

The AQ is a 50-item self-administered questionnaire

designed to assess both cardinal and associated traits of

ASD in either clinical or nonclinical populations (Baron-

Cohen et al. 2001). Each item consists of a statement (e.g.,

‘‘When I’m reading a story, I find it difficult to work out

the characters’ intentions’’) that respondents rate in terms

of personal applicability on a 4-point Likert scale (‘‘defi-

nitely agree’’, ‘‘slightly agree’’, ‘‘slightly disagree’’, ‘‘def-

initely disagree’’). In the present study, we used Likert

scoring (4-3-2-1) rather than the more common binary

scoring method (1-1-0-0), as the former may better capture

individual variability in responses and is more suitable for

the analysis techniques employed here. Scores using this

method can range 50–200 overall, or 10–40 for each of five

subscales. Subscales are theoretically defined, consist of

ten items each, and are labelled Social Skills, Imagination,

Communication, Attention to Detail and Attention

Switching. Twenty-six items in the AQ are reverse scored,

such that higher scores indicate greater resemblance to the

symptoms of ASD for all items. Individuals with a diag-

nosis of ASD score significantly higher than nonclinical

samples on both total AQ and individual subscales (Baron-

Cohen et al. 2001; Broadbent et al. 2013; Hoekstra et al.

2008; Lau et al. 2013b). The test–retest reliability and

internal consistency of this scale have each been evaluated

as within an acceptable range (Baron-Cohen et al. 2001;

Broadbent et al. 2013; Hoekstra et al. 2008; Lau et al.

2013b).

Factor Analysis

An exploratory factor analysis (EFA) was conducted across

the 50 items of the AQ using the maximum likelihood

method of factor extraction. EFA employs a common

factor analysis model as distinct from Principle Compo-

nents Analysis. Promax (oblique) rotation was applied,

bearing in mind that the traits that this questionnaire is

designed to assess are expected to covary to an extent

(Austin 2005). EFA was performed from 1 to 10 maximum

factors, and the factor solution that minimised the Akaike

information criterion (AIC) was selected for further

examination. AIC is preferred to significance testing here

because the former weights the log likelihood evidence for

each factor solution by the number of factors (model

complexity). The scree plot, Kaiser’s criterion, and parallel

analysis were also examined for agreement with the AIC

method in the number of factors to extract. The scree plot

involves plotting the eigenvalues for each factor and

retaining factors to the left of the point of inflexion. Kai-

ser’s criterion involves retaining factors with eigenvalues

greater than 1 (these methods, including their potential

deficiencies, are reviewed in Field 2009; Ledesma and

Valero-Mora 2007). Parallel analysis compares eigen-

values of each factor against the 95th percentile of eigen-

values obtained from a set of control samples. In the

present application, we used 1,000 control samples that

were permutations of the original data. The permutation

method and other details are described further in O’Connor

(2000, 2014). Factor scores for each participant were

derived using ridge regression. Confidence intervals (95 %)

for item factor loadings were obtained via exhaustive

delete-one jackknife resampling. Items that loaded on a

given factor with a lower confidence bound greater than 0.4

were examined for factor interpretation, as this indicates at

least 16 % shared variance between the item and factor

(Stevens 2009). Cronbach’s unstandardized alpha was

calculated to assess internal consistency of the entire

questionnaire and item subsets identified for each factor.

Cluster Analysis

Clustering of the sample was investigated with cases

characterised by responses across the 50 items of the AQ.

Proximity between cases was quantified in terms of

Spearman’s rank correlation coefficient, and clusters were

formed via hierarchical agglomerative clustering with

complete linkage (consistent with Ring et al. 2008). Mar-

tinez et al. (2011) recommends examining data clustering

with the use of several distance and clustering methods: in

the current dataset, the number of clusters observed did not

differ when instead employing the Euclidean distance

dissimilarity measure or Ward’s and weighted average

linkage methods.

The gap statisticmethodwas used to determinewhether or

not clustering was apparent in the data and to estimate the

number of clusters present (Tibshirani et al. 2001; Martinez

et al. 2011). Participant data was first clustered separately for

1–10 clusters such that the within-cluster dispersion for each

of these clustering outcomes could be calculated. Reference

distributions were then generated as uniform distributions

across the range of participant data for each variable. For

each number of clusters (1–10), 10 reference distributions
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were created and underwent clustering. The average within-

cluster dispersion of the 10 reference distributions for each

number of clusters was calculated to form the dispersion

expected if no real clusteringwas present in the data. The gap

statistic for each cluster number is the difference between the

observed and expected dispersions. The number of clusters

in the participant data is taken as the smallest number of

clusters that satisfies that criteria gap(k)C gap(k ? 1)–sk? 1,

where gap is the gap statistic, k is the number of clusters, and

s the (weighted) standard deviation of the within-cluster

dispersion of the ten reference distributions. This procedure

followed Tibshirani et al. (2001) and Martinez et al. (2011),

and was run using MATLAB code adapted from the latter.

Gaussian mixture modelling was also applied to exam-

ine whether the number of clusters observed using the

above techniques could be reproduced using a different

method. This technique employs a generative variational

Bayesian modelling procedure to find a set of Gaussian

densities that best predict the observed data. It minimises a

free energy quantity to determine the optimal number of

clusters. This involves maximizing the negative log evi-

dence for the model given the data. This procedure was run

using MATLAB code provided by Daunizeau et al. (2014).

To characterise the observed clusters, mean scores for

each item of the AQ were plotted for each cluster. Confi-

dence intervals (95 %) of item mean scores were computed

using the jackknife resampling method. The proportion of

items that matched a consistent severity gradient across

clusters was examined for each subscale. Total AQ score,

subscale scores, factor scores, and demographic charac-

teristics (gender, age, handedness, and education level)

were also compared between clusters using independent

samples t tests or Chi square tests for independence (with

Yates Continuity Correction for 2 9 2 contingency tables).

Data analysis was conducted in MATLAB, version

R2012a (7.14.0.739).

Results

AQ Score Distribution

The mean total AQ score was 114 (SD = 14.5; med-

ian = 114; median absolute deviation = 10), correspond-

ing to a mean binary total score of 20 (SD = 6.9;

median = 20; median absolute deviation = 5). The dis-

tribution of total AQ scores is shown in Fig. 1.

Factor Analysis

Akaike information criterion values and variance accoun-

ted for by each factor solution are shown in Table 1. The

factor solution that minimised the AIC comprised 3 factors

and accounted for 27 % of the variance. The scree plot,

shown in Fig. 2, also supported extraction of 3 factors. In

contrast, Kaiser’s criterion indicated 5 factors, while par-

allel analysis indicated 16 factors. Previous research using

similar datasets has also noted over-extraction of factors

when using parallel analysis (e.g., Stewart and Austin

2009). The AIC method is preferable because it takes into

account model evidence and model complexity. Thus,

together there was strongest support for the three-factor

solution. Items that loaded above threshold on each factor

are shown in Table 2. A very clear pattern in item content

can be seen such that the three factors correspond,

respectively, to reduced sociability (reduced social skills or

social discomfort), reduced mentalising (difficulty in

mental-state attribution) and detail orientation.

The two social-themed factors shared a moderate posi-

tive association, but correlated very weakly in the negative

direction with the Detail Orientation factor (Table 3). The

associations between factor scores and the theoretically-

defined subscales of the AQ (Baron-Cohen et al. 2001)
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Fig. 1 Distribution of total AQ scores across the full sample

(n = 2,343)

Table 1 AIC values and variance explained for factor solutions 1–10

Number of factors AIC value Variance accounted for

1 18.00 15.70

2 15.48 21.43

3 13.77 26.99

4 14.20 29.00

5 15.00 31.50

6 16.15 33.39

7 17.39 35.27

8 18.92 36.49

9 20.48 38.29

10 22.10 40.21
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demonstrated a similar pattern (Table 4). Specifically, the

Sociability and Mentalising factors shared mostly moderate

and strong positive correlations with the three social-

themed subscales (Social Skills, Imagination, Communi-

cation) and the Attention-Switching subscale, but corre-

lated negatively with the Attention to Detail subscale. In

contrast, the Detail Orientation factor correlated strongly in

the positive direction with the Attention to Detail subscale,

but showed very weak correlations with the other four

subscales. Similarly, the social subscales of the AQ tended

to vary together moderately or strongly, but shared weak

negative relationships with the Attention to Detail subscale

(Table 5). The association between the Attention Switch-

ing and social domains of the AQ has been reported pre-

viously in the literature (Lau et al. 2013; Murray et al.

2013; Stewart and Austin 2009). This (perhaps counterin-

tuitive) finding is discussed further in the Discussion.

The three factors identified each had high internal consis-

tency (aSOCIABILITY = .90,aMENTALISING = .74,aDETAIL ORI-

ENTATION = .75), as did the full questionnaire (aAQ = .84).

The distribution of factor scores was approximately normal for

each factor (see Fig. 3).

Females scored slightly higher on (reduced) Sociability than

males, indicating that females were less sociable on average

(MFEMALES = 0.04, SDFEMALES = 1.02; MMALES = -0.04,

SDMALES = 0.92), t(2,260) = -2.05, p\ .05, r = .04. In

contrast, males scored higher than females on (reduced) Men-

talising (MMALES = 0.12, SDMALES = 0.93; MFEMALES =

-0.13, SDFEMALES = 0.92), t(2,341) = 6.45, p\ .001,

r = .13, and Detail Orientation (MMALES = 0.09,

SDMALES = 0.86; MFEMALES = -0.10, SDFEMALES = 0.94),

t(2,275) = 4.93, p\ .001, r = .10. Previous research has also

tended to find that males score more highly in the AQ than

females (e.g., Baron-Cohen et al. 2001); however, the effect

sizes for the differences in factor scores between females and

males in the present study are small.

Cluster Analysis

The gap statistic procedure indicated two clusters of indi-

viduals within the sample (C1, C2; see Fig. 4 for
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Fig. 2 Scree plot for exploratory factor analysis with common factor

analysis model

Table 2 Item loadings for three-factor solution

Item content Loading

Factor 1: sociability

I am good at social chit-chat� 0.83

I find social situations easy� 0.81

I enjoy social chit-chat� 0.80

I enjoy social occasions� 0.80

I enjoy meeting new people� 0.79

I find it hard to make new friends 0.63

I find myself drawn more strongly to people than to things� 0.59

New situations make me anxious 0.56

I would rather go to a library than a party 0.55

I frequently find that I don’t know how to keep a

conversation going

0.55

I prefer to do things with others rather than on my own� 0.48

Factor 2: mentalising

I find it difficult to work out people’s intentions 0.63

When I’m reading a story, I find it difficult to work out the

characters’ intentions

0.63

I find it easy to work out what someone is thinking or

feeling just by looking at their face�
0.53

I find it easy to ‘‘read between the lines’’ when someone is

talking to me�
0.51

When I’m reading a story, I can easily imagine what the

characters might look like�
0.50

I know how to tell if someone listening to me is getting

bored�
0.47

Factor 3: detail orientation

I notice patterns in things all the time 0.63

I usually notice car number plates or similar strings of

information

0.59

I am fascinated by numbers 0.57

I am fascinated by dates 0.55

I tend to notice details that others do not 0.53

I like to collect information about categories of things (e.g.

types of car, types of bird, types of train, types of plant,

etc.)

0.51

Items with lower CI exceeding 0.4 loading threshold are shown
� Symbol indicates reverse-scored items

Table 3 Factor intercorrelations

Mentalising Detail Orientation

Sociability .48* -.09*

Mentalising -.14*

Pearson’s linear correlation coefficients are shown. Bonferroni cor-

rection was applied to the alpha level

* p\ .0001 (two-tailed)
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dendrogram plot). Figure 5 shows the observed dispersion,

expected dispersion and gap statistic for 1–10 clusters. As

can be seen, a single maximum occurs for the gap statistic

at two clusters. The values of gap(k)–gap(k ? 1)–sk ? 1 for

k = 1–9 were: -0.63, 0.05, 0.09, 0.08, 0.09, 0.10, 0.13,

0.13, 0.13. The smallest number of clusters that satisfied

the criteria gap(k) C gap(k ? 1)–sk ? 1 was two, indicating

two clusters in the data. The two clusters were of roughly

equal size (nC1 = 1,059; nC2 = 1,284). The Gaussian

mixture modelling procedure indicated that a two-cluster

model minimized free energy, providing supporting evi-

dence that the correct number of clusters was obtained.

There was a small, significant association between

gender and cluster status, v2 (1, n = 2,343) = 21.10,

p\ 0.001, phi = -0.10, with a greater proportion of

females in C1 (53.1 %) than C2 (43.5 %). Individuals in

C1 (M = 32.16, SD = 11.78 years) were also marginally

older on average than those in C2 (M = 30.69,

SD = 10.60 years), t(2,152) = 3.15, p\ .01, r = .07.

There was a very weak association between education level

and cluster status, v2 (1, n = 2,343) = 5.30, p\ .05,

phi = .05, with a slightly greater proportion of respondents

indicating some degree of tertiary education in C2 (89.4 %)

than in C1 (86.2 %). Finally, there was no significant

association between handedness and cluster status, v2 (2,

n = 2,343) = 2.04, p = .36, Cramer’s V = .03 (C1:

86.9 % right handers, 11.0 % left handers; C2: 86.4 %

right handers, 10.5 % left handers). In summary, the two

clusters differed little in these four demographic charac-

teristics, given the very weak effect sizes and the contri-

bution of large sample sizes to the statistical significance of

these comparisons. Thus, clusters were defined mainly in

terms of autism-related features (as described below) rather

than demographic characteristics.

The profile of mean scores across the 50 items of the AQ

is shown for each cluster in Fig. 6. As can be seen, C1

typically scored higher than C2 on items that comprise the

three social subscales (C1[C2 for all Social Skill items,

six out of ten Imagination items, and seven out of ten

Communication items) and the Attention Switching sub-

scale (C1[C2 for seven out of ten items). In contrast, C2

scored higher than C1 for nine out of ten items that com-

prise the Attention to Detail subscale. The pattern of C1

scoring higher than C2 in social-themed characteristics

(impairments) but lower in detail-themed characteristics is

also apparent in the comparison of subscale scores and

Table 4 Correlations between

factor scores and AQ subscales

Pearson’s linear correlation

coefficients are shown with

lower and upper bounds of the

95 % confidence interval in

square brackets. Bonferroni

correction was applied to the

alpha level

* p\ .0001 (two-tailed)

Total

score

Social

skill

Imagination Communication Attention to

detail

Attention

switching

Sociability 0.79*

[0.78,

0.81]

0.93*

[0.93,

0.94]

0.27*

[0.23, 0.30]

0.69*

[0.67, 0.71]

-0.11*

[-0.15,

-0.07]

0.61*

[0.58, 0.63]

Mentalising 0.72*

[0.70,

0.74]

0.59*

[0.56,

0.61]

0.68*

[0.66, 0.70]

0.78*

[0.76, 0.80]

-0.28*

[-0.32,

-0.24]

0.52*

[0.49, 0.55]

Detail

Orientation

0.28*

[0.25,

0.32]

-0.08*

[-0.12,

-0.04]

0.00

[-0.04,

0.04]

0.11*

[0.07, 0.15]

0.84*

[0.83, 0.85]

0.04

[0.00, 0.08]

Table 5 Intercorrelations

between AQ subscales

Pearson’s linear correlation

coefficients are shown with

lower and upper bounds of the

95 % confidence interval in

square brackets. Bonferroni

correction was applied to the

alpha level

* p\ .0001 (two-tailed)

Social skill Imagination Communication Attention to

detail

Attention

switching

Total score 0.81*

[0.80,

0.82]

0.58*

[0.56, 0.61]

0.81*

[0.80, 0.83]

0.20*

[0.16, 0.24]

0.70*

[0.68, 0.72]

Social skill 0.32*

[0.28, 0.35]

0.69*

[0.67, 0.71]

-0.13*

[-0.17, -0.09]

0.55*

[0.52, 0.58]

Imagination 0.41*

[0.37, 0.44]

-0.05

[-0.09, 0.00]

0.23*

[0.19, 0.27]

Communication -0.09*

[-0.13, -0.05]

0.50*

[0.47, 0.53]

Attention to

detail

-0.09*

[-0.13, -0.05]
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factor scores across clusters in Table 6. The effect sizes for

comparisons of AQ subscale scores and factor scores

between the two cluster groups were most commonly in the

moderate range, as reported in Table 6. As can be seen, C1

also scored higher in total AQ than C2 (scoring higher on

60 % items in the questionnaire).

Discussion

The present study provides evidence for two patterns of

subclinical ASD-like traits in the general adult population.

In particular, cluster analysis indicated a group of respon-

dents characterised by greater social difficulties and weaker

detail-orientation, and a second group featuring better

social abilities and stronger detail-orientation. This con-

flicts with a unitary spectrum model of autistic traits, which

predicts either clustering based on symptom severity alone

or an absence of subsets within the sample. (On the other

hand, our results suggest that social characteristics—men-

talising and sociability—do vary together to a moderate

extent, and show a consistent severity gradient across the

two subgroups identified). Clinical individuals score higher

than controls on all subscales of the AQ (Baron-Cohen

et al. 2001; Broadbent et al. 2013; Hoekstra et al. 2008;

Lau et al. 2013b), suggesting that the differences in profile

between clusters reported in the present study cannot be

explained as simply indicating that detail-orientation traits

are extraneous to ASD. Rather, our findings accord with a

view that social and detail-orientation characteristics rela-

ted to ASD tend not to co-occur in the adult population—to

the extent that nonclinical individuals are best grouped in
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terms of profile differences rather than in severity differ-

ences alone. Overall, this point sits well with the frac-

tionable autism triad hypothesis, which suggests a degree

of independent etiology for the three DSM-IV symptom

domains for Autistic disorder (Happé and Ronald 2008;

Happé et al. 2006).

The results of the cluster analysis described here conflict

with those of a comparable analysis employing the AQ in a

high-functioning clinical sample (n = 333; aged 16 years

and above, including adults; Ring et al. 2008). This prior

study reports between two and four clusters distinguishable

in terms of symptom severity but not in symptom profile.

The discrepancy between studies could reflect a difference

between the presentation of traits in clinical and nonclinical

populations; however, it is important to appreciate that the

former are defined by the co-occurrence of the diagnostic

symptom domains, and thus Ring et al. (2008) address a

question of how heterogeneity manifests when these

symptoms co-occur, rather than how the relevant traits tend

to present in general. Other research that has examined the

clustering of individuals within clinical ASD samples has

typically focussed on children and employed measures

other than the AQ. A recent latent class analysis of a large

sample of nonclinical children, using questionnaire items

based on DSM-IV diagnostic criteria, indicated four sub-

groups that differed not only in severity but also in

symptom profile (Beuker et al. 2013). This latter finding is

compatible with our results, although represents ASD-like

characteristics at a significantly different stage of

development.

The three-factor solution described in the present study

indicates that the AQ is tapping into a ‘sociability’ con-

struct, a ‘mentalising’ construct, and a ‘detail orientation’

construct. This finding closely matches those of two pre-

vious factor analyses of the AQ in smaller adult nonclinical

samples (Austin 2005; Hurst et al. 2007). Other research-

ers, however, have reported 2, 4, or 5 factors (Stewart and

Austin 2009; Hoekstra et al. 2008; Kloosterman et al. 2011;
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Table 6 Comparison of AQ

subscale scores and factor

scores across clusters

Bonferroni correction was

applied to the alpha level

* p\ .0001 (two-tailed)

Variable Cluster 1 M (SD) Cluster 2 M (SD) t (df) r

Cluster 1 mean[Cluster 2 mean

Total AQ 118.88 (14.74) 111.05 (13.28) 13.39 (2,151) 0.28*

Social skill 25.70 (5.09) 20.37 (4.75) 26.02 (2,192) 0.49*

Imagination 20.45 (4.25) 19.61 (3.83) 4.93 (2,154) 0.11*

Communication 22.28 (4.40) 19.48 (4.35) 15.43 (2,341) 0.30*

Attention switching 26.51 (4.23) 23.91 (3.84) 15.43 (2,161) 0.32*

Sociability 0.56 (0.85) -0.46 (0.80) 29.99 (2,199) 0.54*

Mentalising 0.29 (0.90) -0.24 (0.88) 14.28 (2,341) 0.28*

Cluster 2 mean[Cluster 1 mean

Attention to Detail 23.94 (4.45) 27.67 (4.05) -21.02 (2,162) 0.41*

Detail Orientation -0.42 (0.86) 0.35 (0.78) -22.35 (2,163) 0.43*
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Freeth et al. 2013b). The three-factor solution provides

empirical support for three item subsets in the AQ: one

subset resembling the existing Attention to Detail subscale,

and two other subsets characterised, respectively, by

‘sociability’ and ‘mentalising’ items drawn from the three

traditional social subscales. These results do not attest to

the five subscales typically used in research, however,

which include separate Social Skills, Communication,

Imagination and Attention-Switching subscales.

It is worth reiterating that the Attention Switching

subscale correlated positively with the three social-themed

subscales, as well as with the Sociability and Mentalising

factors identified empirically in the present study. This

subscale consists of items such as ‘‘I prefer to do things the

same way over and over again’’, could be alternately

labeled as ‘behavioural inflexibility’, and a priori would be

considered a non-social feature of ASD. Similarly, there

was no evidence from the factor analysis that the AQ items

were tapping into a distinct ‘attention switching’ construct.

Thus, findings based upon AQ scores (including the dif-

ferences between clusters reported here) appear to be best

explained in terms of social and detail-orientation charac-

teristics. The positive association between Attention

Switching items and social domains of the AQ may indi-

cate that individual items in this subscale tap into social

characteristics and share this in common to a greater degree

than their tendency to tap into a unitary construct of

attention switching. Another possibility is that attention

switching is a trait (or set of traits) that benefits social

behaviour.

The pattern of moderate-to-strong positive correlation

between the Sociability and Mentalising factors, while the

third Detail Orientation factor varied more independently,

coheres reasonably well with the DSM-5 criteria for ASD,

which encompass a social-communicative domain and a

second, non-social domain (American Psychiatric Associ-

ation 2013). A recent review of factor analytic studies

employing clinical ASD samples similarly concludes that

the most support exists for a two-factor solution consisting

of distinct social and non-social domains (Shuster et al.

2013). The plurality of underlying constructs observed in

the current and previous studies is consistent with the

fractionable triad hypothesis, which suggests that the

domains of ASD-like traits come apart to vary somewhat

independently across the population. In the present study, a

‘detail orientation’ dimension stands out most distinctly

from the rest of the AQ. Thus, the ‘fractionation’ in ASD-

like traits in adults may occur most prominently between

social (sociability and mentalising) and detail-orientation

domains.

In terms of studying ASD via nonclinical samples, the

present results indicate that adults tend to present with one

of two differing combinations of traits. This implies that an

individual lower on total AQ might actually be higher in

detail orientation (and hence, more similar to a clinical

individual on this particular symptom set) than an indi-

vidual higher in total AQ. Thus, it is preferable to examine

cognitive and neurological measures of interest with

respect to subsets of the questionnaire rather than to total

AQ score. Our results demonstrate two main domains that

present independently, to an extent, in the general popu-

lation—social characteristics and detail orientation—indi-

cating that individuals are best characterised with regard to

their ASD-like presentation with the use of these two

dimensions. Further to this point, the majority of items in

the AQ assess social features of ASD, which may be

important to note for studies examining cognitive or neu-

rological functions in relation to composite AQ scores in

nonclinical samples (with detail-orientation arising here as

the primary non-social feature that the AQ assesses). The

use of more specific, and empirically-supported, item

subsets may enhance the likelihood of relating nonclinical

findings to the heterogeneous clinical population.

A conceivable limitation of the present study is the use

of an online sample, recruited via the Amazon Mechanical

Turk system. The demographics of this population are

well-described in several prior investigations, however, and

it has been argued that samples recruited in this fashion are

more representative of the general (US) population than

tertiary student samples typically employed in psycholog-

ical research (Paolacci et al. 2010; Berinsky et al. 2012;

Buhrmester et al. 2011). In the present study, the average

score on the AQ (M = 20, SD = 6.9) was higher than that

reported previously for student nonclinical samples (e.g.,

M = 17.6, SD = 6.4; Baron-Cohen et al. 2001), but not

drastically so, and not approaching that reported previously

for clinical samples (e.g., M = 35.8, SD = 6.5; Baron-

Cohen et al. 2001). The Amazon Mechanical Turk and

other online recruitment systems are increasingly com-

monplace in scientific research (e.g., Kidd and Castano

2013; Quoidbach et al. 2013). The use of online recruit-

ment in the present experiment allowed for the analysis of a

notably larger sample than that employed by almost all

previous studies of ASD-like traits in adults.

To conclude, the present study provides a new per-

spective on the presentation of ASD-like traits in the adult

population. Two distinct profiles were apparent following

cluster analysis of a large general population sample, dif-

fering inversely in the magnitude of social and non-social

(detail orientation) features of ASD. These differing pro-

files highlight a limitation in conceptualising ASD as a

singular construct that varies across the population—and

indicate, instead, that it is important to characterise adult

individuals in their social- and detail-related traits inde-

pendently. This coheres with the fractionable autism triad

model better than a unitary spectrum view.
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