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Abstract: Background: Currently, there is a need for approaches to understand and manage the mul-
tidimensional autism spectrum and quantify its heterogeneity. The diagnosis is based on behaviors
observed in two key dimensions, social communication and repetitive, restricted behaviors, alongside
the identification of required support levels. However, it is now recognized that additional modifiers,
such as language abilities, IQ, and comorbidities, are essential for a more comprehensive assessment
of the complex clinical presentations and clinical trajectories in autistic individuals. Different ap-
proaches have been used to identify autism subgroups based on the genetic and clinical heterogeneity,
recognizing the importance of autistic behaviors and the assessment of modifiers. While valuable,
these methods are limited in their ability to evaluate a specific individual in relation to a normative
reference sample of autistic individuals. A quantitative score based on axes of phenotypic variabil-
ity could be useful to compare individuals, evaluate the homogeneity of subgroups, and follow
trajectories of an individual or a specific group. Here we propose an approach by (i) combining
measures of phenotype variability that contribute to clinical presentation and could impact different
trajectories in autistic persons and (ii) using it with normative modeling to assess the clinical het-
erogeneity of a specific individual. Methods: Using phenotypic data available in a comprehensive
reference sample, the Simons Simplex Collection (n = 2744 individuals), we performed principal
component analysis (PCA) to find components of phenotypic variability. Features that contribute to
clinical heterogeneity and could impact trajectories in autistic people were assessed by the Autism
Diagnostic Interview-Revised (ADI-R), Vineland Adaptive Behavior Scales (VABS) and the Child
Behavior Checklist (CBCL). Cognitive assessment was estimated by the Total Intelligence Quotient
(IQ). Results: Three PCs embedded 72% of the normative sample variance. PCA-projected dimen-
sions supported normative modeling where a multivariate normal distribution was used to calculate
percentiles. A Multidimensional General Functionality Score (MGFS) to evaluate new prospective
single subjects was developed based on percentiles. Conclusions: Our approach proposes a basis
for comparing individuals, or one individual at two or more times and evaluating homogeneity in
phenotypic clinical presentation and possibly guides research sample selection for clinical trials.

Keywords: autism spectrum disorder; phenotypic heterogeneity; normative modeling; principal
component analysis
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1. Introduction

Autism is multifactorial, with a complex genetic architecture and high variability in
phenotypic presentation [1]. Different studies [2–5], mainly using factor analysis, contributed
to the Diagnostic and Statistical Manual of Mental Disorders, 5th edition (DSM-5) [6], criteria
based on two dimensions of autistic behaviors: social communication and restricted and repet-
itive behaviors. There is substantial variability in autistic behaviors among individuals [7–9],
and the levels of required support can vary accordingly [10]. Established instruments to
estimate levels of autistic behaviors, such as the Childhood Autism Rating Scales (CARSs) [11]
and the ADOS-2 Calibrated Severity Scores (CSSs) have been used in clinical practice. The total
scores in the Autism Diagnostic Observation Schedule (ADOS), a golden standard instrument
for diagnosis, were revised to provide a continuous measure of severity less influenced by
child characteristics, such as age and language, yielding the ADOS-2 Calibrated Severity
Scores (CSSs) [12–14]. The CSS produces a symptom severity rating that is standardized
against individuals of the same age and language abilities.

The important role of factors beyond autistic behaviors, such as language level, IQ,
and comorbidities, has been recognized to contribute to phenotypic heterogeneity and the
DSM-5 recommends using these modifiers to better cover the heterogeneity [15–18]. The
presence of emotional/behavioral problems such as disruptive behaviors [19] is relatively
common, including outbursts of anger, irritability, opposing behavior, and aggression [20],
and contributes to the phenotypic heterogeneity [21,22]. It also contributes to the needed
support levels [23]. These additional challenges, such as intellectual difficulties, limited
expressive and/or receptive language, and anxiety disorders, can have a significant impact
on the daily lives of autistic individuals, both in terms of their adaptive functioning and their
sense of well-being [24]. Moreover, they are recognized as important features contributing
to different trajectories in autistic persons [25–28]. Furthermore, autistic behaviors and
co-occurring conditions may interact across development, each influencing the trajectory
of the other over time.

The phenotypic heterogeneity brings difficulties, both in clinical practice and in the
research area [29,30]. Different studies have used IQ, functionality, emotional/behavioral
problems, and other phenotypic measures along with autistic behaviors to identify sub-
groups and better characterize clinical heterogeneity [25–28] Cluster analysis is suitable
for grouping subjects based on patterns in the data in order to increase the similarity
within the clusters. Therefore, cluster analysis groups individuals with autistic behaviors
according to their similarity, for a wide range of variables [31–33]. It is clear that subgroups
exist within the autistic behavior spectrum and probably various etiological risk factors
combine in different ways to better explain the heterogeneity [34–36]. However, these
studies often do not focus on individual patients or compare individuals in a standardized
manner, an important task in everyday clinical practice. To understand how autism affects
a person’s functioning, well-being, and daily life, we must understand how the different
aspects of autism and their modifiers interact with each other at specific timepoints and
across development. It is important to assess how autism impacts a person’s life in a more
comprehensive way that addresses the autistic behaviors as well as other influential aspects
of an autistic person’s life [24]. This multidimensional perspective can be meaningful for
clinical assessment, i.e., identifying needs, planning interventions, assigning support, and
creating future goals based on their overall level of functioning.

Recently, the promising approach of “normative modeling” has been used to characterize
the heterogeneity of psychiatric disorders [37]. This method employs a probabilistic model
to determine the joint distribution and variation of symptoms and biological characteristics,
accounting for relevant covariates. Using normative representations, the degree to which
individuals deviate from reference population ranges can be assessed in a personalized fashion.

The studies that carried out the normative modeling approach to better characterize
psychiatric disorders used healthy individuals to create normative population ranges



Brain Sci. 2024, 14, 1254 3 of 18

(reviewed in [37]). However, it is also possible to create a map of normative ranges to
understand the heterogeneity of a specific clinical presentation, e.g., in autistic individuals.
In this context, a patient can be evaluated on the normative map, giving clinicians an idea
of relative positions, and orienting not only the comparison among individuals, finding
more homogeneous subgroups, but also individual or subgroups changes over time.

Translating this multidimensional perspective into a measurable and formal definition
that captures the combined influences of autism and comorbidity features on an individ-
ual’s life, as well as providing a detailed characterization for research, is still a challenge [24].
In this work, we propose a two-step integrated approach to measure components of phe-
notype variability that can impact an autistic person’s life in a more comprehensive way
and use normative modeling to allow the comparison of phenotypic variability at the
individual level. As a large reference sample, we used the Simons Foundation Autism
Research Initiative (SFARI). We used principal component analysis on measures of cog-
nition, adaptive function, the regulation of emotional behaviors, social communication,
and repetitive and/or stereotyped behaviors, as a dimension reduction technique to find
components of phenotypic variability that take into account autistic behaviors traits and
other co-occurring characteristics that could influence individuals’ autonomy and trajec-
tories over time. As each principal component is orthogonal to the others, all together
will create a dimensional space of heterogeneity variation. We propose a Multidimen-
sional General Functionality Score (MGFS) that represents a value in the space, for each
individual, taking into account information from all principal components. We would
expect that the proposed Multidimensional General Functionality Score (MGFS) would
not correlate strongly with the ADOS-2 Calibrated Severity Scores (CSSs), which focus
solely on autistic core-diagnostic behaviors. Finally, the proposed approach was applied
to an autistic behavior sub-sample of a previously published study [38] demonstrating
how the proposed approach could contribute to evaluating the phenotypic homogeneity of
sub-samples, necessary for clinical trials.

2. Materials and Methods
2.1. Participants

To investigate components of phenotypic variability in ASD, we used 2744 probands
from the Simons Simplex Collection (SSC) sample (version 15.0) of the Simons Foundation
Autism Research Initiative (SFARI) (Fischbach & Lord, 2010) [39]. The sample included
2359 males and 385 females from 2 to 18 years, selected based on the total completeness of
the target scales and IQ score questionnaires.

We also used, as a case study, 27 children diagnosed with ASD from a previously
published randomized clinical trial of a video modeling parenting training [38]. The
inclusion criteria were as follows: patients with ASD diagnosed using ADI-R, ages between
3 and 7 years old, and IQ between 50 and 75. Exclusion criteria were the presence of
a known genetic syndrome evaluated by a clinical geneticist and individuals without
the Risk Scores evaluation. The patients had measurements of functionality and socio-
emotional skills assessed twice in an interval of 8 months. Tables S1 and S2 describe the
scales/questionnaires’ mean and standard deviation scores, relative to the reference and
case samples, respectively.

2.2. Assessment Tools

The Autism Diagnostic Interview-Revised (ADI-R), Vineland Adaptive Behavior Scales
(VABS), and Child Behavior Checklist (CBCL) were used for assessing various aspects of
autistic-related behaviors in individuals with autism. The ADI-R [40] is a structured care-
giver interview focused on identifying autism-related behaviors in communication, social
interaction, and restricted or repetitive behaviors. The VABS [41] evaluates adaptive behav-
iors, covering daily living skills, socialization, motor skills, and communication abilities,
thus providing insights into an individual’s functional capabilities. The CBCL [42], is a
caregiver questionnaire that assesses a broad range of emotional and behavioral issues, in-
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cluding internalizing and externalizing problems, and is useful for identifying co-occurring
behavioral challenges. Together, these scales offer a comprehensive understanding of the
behavioral profile, adaptive functioning, and specific autistic traits. We also considered
cognitive measurements estimated by the Total Intelligence Quotient (IQ) using both the
Full-Scale Deviation IQ data whenever available, and alternatively, the Full-Scale Ratio IQ.
In the case study sample, children were evaluated using the Snijders–Oomen Nonverbal
Intelligence Test—Revised (SON-R 2½–7) [43].

2.3. Principal Component Analysis

Principal component analysis (PCA) is a dimensionality reduction technique used
to extract significant features, (principal components), from a large set of variables in
a dataset. Each principal component is a linear combination of the original variables,
and contains no redundant information, ensuring each new variable generated holds
the maximum variance.

In this study, PCA was applied to capture the main sources of phenotypic variability
within the normative reference dataset (SFARI). Input variables included the VABS domains
of Socialization, Communication, and Daily Living Skills; the ADI-R domains of Socialization,
Communication, and Restricted and Repetitive Behaviors; total IQ; and t-scores for CBCL
Internalizing and Externalizing Problems. To ensure comparability among variables, scores
were standardized into z-scores. PCA was then performed using the ‘prcomp’ function in R,
with default parameters except for setting ‘scale = TRUE’ to normalize the data.

Principal components (PCs) with an eigenvalue greater or equal to 1.0 hold the same
amount of information as a single original variable. Therefore, the principal components
(PCs) with an eigenvalue greater than 1.0, or those that together explained up to 70% of
the sample’s variability, were selected for further analysis [44]. To assign interpretability to
each PC, we consider the original variables presenting absolute correlations greater than
0.5 with each PC as relevant. To assess the stability of the PCA-based phenotypic structure,
we repeated the analysis on varying subsets of the SSC sample, selecting portions ranging
from 30% up to 80% of the total sample.

The principal component scores were then plotted to better understand the relationship
among each phenotypic variability component. The loadings from the PCA performed
in the normative reference dataset were used to project new observations/patients into
the PC-rotated coordinate system. The final mean-centered variance-standardized lower
dimensional map, which contains the most information from our original variables, is the
core of our approach.

2.4. Normative Model

Although the principal component analysis captures the variability of the autistic
behaviors and its modifiers, it is still insufficient to address heterogeneity in autism at
an individual level. To analyze the heterogeneity in the reference cohort while enabling
predictions at the individual subject level, Gaussian Modeling was used to derive a nor-
mative model that captures the phenotypic variation in the reference sample by fitting
a multivariate normal density to the PCA-derived coordinates. A special direction on
the lower dimensional map, from all negative value corners to all positive corners, was
defined as a gradient of general functionality. The probability of being less functional in
this direction is calculated for any individual using a simple univariate normal density
since, along this diagonal direction, the lower dimensional multivariate normal density is
spherically symmetrical and reduces itself to the univariate case. The probability quantile
calculated along the aforementioned “special” axis defines a relative Multidimensional
General Functionality Score (MGFS) (details available as Supplementary Material).

2.5. Multidimensional General Functionality Score (MGFS)

In the phenotypic variance space, each patient is represented by a point at the lower
dimensional coordinate system of z-score transformed PCs. A directed diagonal axis, which
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reflects general functionality, was defined from all negative octants to all positive octants. In
order to estimate grades of general functionality, we calculated a 1-dimensional projection of
an individual into the aforementioned axis. This projected point is the input variable for an
accumulated probability integration based on the Gaussian modeling. The integrated quantile
is then multiplied by 10 to yield the proposed Multidimensional General Functionality Score
(MGFS) which represents the overall functionality and could be interpreted as the “level of
support needs” when compared to the autistic reference sample. Expanded derivations and
details on calculating the scores can be found in the Supplementary Material.

2.6. Statistical and Computational Analysis

Multivariate statistical methods and graphics were implemented using R statistical lan-
guage (v4.0.3) scripts. The PCA implementation used was prcomp with all default parame-
ters set to TRUE. Excel/LibreOffice .xls files are freely available as Supplemental Material to
allow one to take advantage of the proposed normative approach for autistic individuals.

2.7. Overview of Steps

Figure 1 shows an overview of the 3 main phases of our approach: the application of
PCA to the SSC sample, normative modeling, and the personalized evaluation strategy.
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Figure 1. Overview of the method. (A) Phenotypic variability map construction, based on the SSC autistic
individuals’ coordinates in three principal components. Each sector of the principal component coordi-
nate system has a clinical interpretation, resulting in three axes of phenotypic variability: (B) “General
and Social Functioning”, “Behavioral Disturbance”, and “Communication/language Problems”. Gaus-
sian modeling was used to derive a normative model that captures the phenotypic variation in the
reference sample by fitting a multivariate normal density to the PCA-derived coordinates, concerning a
special direction on the 3-dimensional map defined as a gradient direction of clinical presentation (C).
Any new patient can be mapped in the 3D space endowed with clinical interpretation and receive a
“Multidimensional General Functionality Score”.

3. Results

In the following sections, we describe results obtained by the proposed approach
according to the specific objectives: 1—to find principal components of phenotypic het-
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erogeneity and evaluate their stability; 2—to construct the proposed scores and com-
pare the Multidimensional General Functionality Score with severity scores used as a
standard in clinical practice; and 3—to show how the proposed scores can be used in
a clinical sample study.

3.1. Principal Component Analysis

We conducted a PCA on the subscales of VABS, ADI-R, and CBCL, as well as on
instruments measuring IQ, to capture the multivariate components of phenotypic variability
(Table 1 and Table S3). Loading the contribution of each principal component (PC) showed
that the first principal component (PC1) has a greater correlation (>0.65) with all VABS
domain scores, total IQ, and ADI-R Socialization; the second principal component (PC2) has
a greater correlation (>0.50) with CBCL Internalizing and Externalizing Problems and with
ADI-R Restricted and Repetitive Behaviors; and the third principal component (PC3) has a
greater correlation (>0.70) with ADI-R Communication. The same analysis was performed
using a sample subset, and when using from 30% up to 80% of the SSC sample, all PCA
results remain essentially the same (Tables S4–S9).

Table 1. Principal component analysis (PCA) of SSC reference sample. The model considered the
first three principal components, capturing approximately 70% of the sample variability. Pearson
correlations between these components and the original input variables are presented, with values
greater than 0.50 highlighted in bold. A detailed table showing correlations for all nine components
is provided in Table S3.

Component 1 2 3

Eigenvalue 3.49 1.65 1.39
Explained Variance (%) 39 18 15

Cumulative Explained Variance (%) 39 57 72

Correlations

VABS Communication 0.89 −0.16 0.17
VABS Socialization 0.87 0.04 0.12

VABS Daily Living Skills 0.85 −0.13 0.19
Total IQ 0.78 −0.29 0.12

ADI-R Socialization −0.69 −0.18 0.43
ADI-R Communication −0.31 −0.34 0.73

ADI-R Restricted and Repetitive Behavior −0.17 −0.52 0.45
CBCL Internalizing Problems −0.04 −0.78 −0.39
CBCL Externalizing Problems −0.14 −0.71 −0.48

Although PCs are linear combinations of original variables with no immediate pairing
with instruments, the examination of individual top correlated variables with PCs yields
some insights. Individuals located in the negative score octants on PC1 exhibit worse scores
on VABS, Total IQ, and ADI-R Socialization. Individuals in the negative score octants on
PC2 have worse scores on CBCL Internalizing and Externalizing Problems, and on ADI-R
Restricted and Repetitive Behaviors. Individuals in the negative score octants in PC3 have
worse scores in the ADI-R Communication.

Therefore, by sectorizing the three-dimensional projection of a PC coordinate system
into eight octants, the association between the phenotypic presentation and PC values can
be generalized as shown in Figure 2.
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Figure 2. Relationship between Total Intelligence Quotient (IQ) and the first three principal compo-
nents coordinate system, normalized to z-scores. The line is directed from worst (all negative, red) to
better (all positive, blue) and crosses the origin.

PC1 represents general and social functioning, ordering subjects from individuals
with less general and social functionality to the individuals with better functionality. PC2
represents behavior problems representing a gradation of individuals with more behavior
problems to individuals with fewer problems. Finally, the PC3 axis represents a gradation
from individuals with more communication/language problems to individuals with fewer
communication/language problems, assessed by the ADI-R subitem.

3.2. Quantifying Phenotype Heterogeneity Using a Multidimensional General Functionality Score

A general direction, from less general functionality and clinical presentation, which
goes from octant VII’s vertices (all negative components) to octant I’s vertices (all positive
components) was observed.

Along with patient visualization on a map endowed with natural clinical interpreta-
tion, this representation also allows normative modeling. The phenotypic heterogeneity
contributing to severity embedded in the clinical reference sample was modeled by a proba-
bility density function and its quantiles provide a simple way to assess prospective patients’
general functionality. The modeled fraction of “worst of” patients multiplied by 10 re-
turns a score for a given prospective individual that we named “Multidimensional general
Functionality Score” (MGFS). The MGFS is a relative general functionality gradient from
zero to ten. In contrast to standard quantiles used in growth charts, which are two-sided,
the proposed MGFS score is one-sided since it assumes all negative and all positive octants
as the less and best possible functionality, respectively, increasing along this direction
(Figure 3). The distribution of MGFS calculated for the SSC subjects is essentially uniform,
meaning that the proposed score increases approximately linearly along the diagonal axis
and with the original total scores (Figure 4).
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The ADOS-2 standardized Calibrated Severity Scores (CSSs) are a commonly used
metric to assess ASD severity in clinical practice. The score was developed from the ADOS
raw score and was modified to measure a patient’s autistic symptomatology severity
with relative independence from individual characteristics such as language level and
verbal IQ [12,13]. The ADOS-CSS provides an overall ASD severity measure regarding the
core autistic behaviors and does not take into account the important role of other traits,
such as internalizing/externalizing behaviors, IQ, functionality, and language levels, that
contribute to characterize the autistic behaviors’ heterogeneity [20,21] and that have already
been recognized in DSM-5 as modifiers.

The MGFS was developed to assign an overall functionality measure, accounting
for both autistic behaviors and modifiers. Thus, as expected, our score shows no direct
association with ADOS-2 standardized Calibrated Severity Score in the large SSC sample,
but some relationships can be seen at the score’s boundaries (Figure 5). The heatmap
shows the co-occurrence of MGFS (y-axis) and ADOS-2 CSS (x-axis) values received by the
SSC probands, with green and blue colors indicating fewer probands with that specific
co-occurrence, and purple and pink colors indicating more probands with that specific
co-occurrence. As shown by the heatmap, among the probands who received an ADOS-
2 CSS indicating the lowest severity level (four or five), the majority also received an
MGFS indicating the highest general functionality level (nine or ten), while almost none
received an MGFS indicating the lowest general functionality (0–2). Among the probands
who received an ADOS-2 CSS indicating the highest severity level (ten), the majority also
received an MGFS indicating the lowest general functionality level (one), and few received
an MGFS indicating the highest functionality level (9–10).
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Figure 5. Relationship between MGFS and ADOS-2 Calibrated Severity Scores (CSSs). Heatmap
depicting the distribution of probands based on the Multidimensional General Functionality Score
(MGFS) and ADOS-2 calibrated severity scores (CSSs). The y-axis represents MGFS ranges, while the
x-axis represents ADOS-2 CSSs. The color intensity indicates the number of probands in each cell, as
shown in the scale bar on the right. Green represents low counts, transitioning to blue, purple, and
pink for higher counts, with pink indicating the highest number of probands (100).

3.3. Case Study

We present the suggested score usage on a subsample of autistic individuals [38], to
show the general overview giving an idea of the localization of this sample according to the
reference population. The phenotypic heterogeneity three-dimensional space was obtained
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using the SSC normative sample, but the main advantage of our approach resides in its
translational power to any similarly obtained autistic individual. As our local sample has
individuals assessed with equivalent standardized instruments, they can be mapped in
the PCA-derived normative space using the same rotation eigenvalue built rotation matrix
and normalization coefficients. Therefore, we assigned our 27 autistic individuals on the
defined phenotypic heterogeneity map (Figure 6).
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Figure 6. Visualization of case study individuals on the map of phenotypic heterogeneity under
normative modeling. The case study individuals are shown in red. The principal components account
for 73% of total variance distributed as PC1 (39%), PC2 (18%), and PC3 (15%).

In addition to visualizing the individuals on the phenotypic heterogeneity space and
empirically analyzing the relationships between their position and the individual’s clinical
presentation, we quantified the position of each individual in the MGFS. In Figure 6, we
can observe that compared to the reference map, most individuals are in a position that
reflects the lowest general and social functionality, represented by a negative value on PC1,
and more behavioral disturbance, represented by a negative value on PC2, but with fewer
communication problems represented by a positive value on PC3 (the yellow octant in
Figure 2). Based on these patterns, indicating the need for more support in two different
domains, we would expect their MGFS to be less than or equal to five. In order to clarify
how the phenotypic space and proposed scores can be used, we highlight the comparison
between some individuals (Table 2). For instance, individuals ID-78, ID-31, and ID-33
are all located in the octant (−,−,+) with an MGFS less than or equal to five. In contrast,
individuals such as ID-29 and ID-56, despite showing similar patterns, have MGFS values
greater than five. Moreover, even among cases with MGFS values below five, their positions
in the phenotypic space often fall within different octants. These results underscore the
utility of the proposed map in delineating clinical homogeneity, accounting for factors that
could otherwise compromise the reliability or reproducibility of clinical trial outcomes.
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Table 2. Participant characteristics and assessment scores. The table displays individual participant
IDs, scores from the Vineland Adaptive Behavior Scales (VABS) for Communication (Com), Socializa-
tion (Soc), and Daily Living Skills (DLS); Autism Diagnostic Interview (ADI) scores for Social (Soc),
Communication (Com), and Restricted, Repetitive Behaviors (RRB); Total IQ scores; Child Behavior
Checklist (CBCL) Internalizing (Int) and Externalizing (Ext) problem scores; Scores for the first three
components (PC1, PC2, PC3) from PCA; categorical octant classifications based on PCA; and the
Multidimensional General Functionality Score (MGFS).

IDs VABS
Com

VABS
Soc

VABS
DLS

ADI
Soc

ADI
Com

ADI
RRB

Total
IQ

CBCL
Int

CBCL
Ext PC1 PC2 PC3 Octant MGFS

ID-29 50 51 54 28 7 5 54 72 56 −1.55 0.36 1.87 −,+,+ 6.5
ID-56 49 51 52 23 13 4 67 59 56 −1.41 0.87 1.14 −,+,+ 6.4
ID-77 47 51 45 24 19 3 70 63 62 −1.71 0.29 0.88 −,+,+ 3.8
ID-39 31 45 32 24 13 10 49 66 51 −2.48 0.29 0.80 −,+,+ 2.1
ID-33 47 54 35 28 16 5 49 77 77 −2.18 −0.99 1.82 −,−,+ 2.2
ID-78 47 57 53 23 20 6 59 65 67 −1.60 −0.38 0.56 −,−,+ 2.1
ID-31 33 49 31 25 14 9 49 72 67 −2.49 −0.59 1.42 −,−,+ 1.7
ID-47 49 61 49 24 20 8 66 60 64 −1.56 −0.31 −0.02 −,−,− 1.4

The proposed score can be used not only to compare the overall functionality and
levels of support needed between two or more individuals but also to follow clinical
changes in the same individual across different time points. This allows for a dynamic
assessment of an individual’s progress or regression over time, offering insights into
patterns of improvement, stability, or decline (Figure 7). Such evaluations are essential
for tailoring interventions, monitoring treatment outcomes, and better understanding
individual trajectories within the context of phenotypic variability.
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Figure 7. Longitudinal comparison of MGFS. This figure illustrates the Multidimensional General
Functionality Score (MGFS) for each of the 27 patients at two distinct time points. Blue points
represent the MGFS values at baseline, while red points represent the values measured after 8 months.
This comparison highlights changes in functionality over time for each patient.

4. Discussion

Principal components, which explained up to 70% of the variability of an autistic
reference sample, were used to create a map of phenotypic heterogeneity components
contributing to the “highest support needed” to “lowest support needed” clinical spectrum.
Based on normative modeling using the principal components of phenotypic heterogeneity,
any patient evaluated by the phenotypic scales used can receive a score. To our knowledge,
this is the first study that proposed a systematic way to combine: (i) quantitative access to
the phenotype variability to assess how autism impacts a person’s life in a more compre-
hensive way that addresses the autistic behaviors as well as other influential aspects of an
autistic person’s life; and (ii) normative modeling methods, thus allowing one to map and
quantify an individual’s clinical heterogeneity in a defined normative space.

To establish the diagnosis of ASD, symptoms of both the Restricted Repetitive Behav-
ior and social–communication domains are required to be present and allow individual
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variation in the quality and quantity of specific RRBs and social–communication deficits. In
addition to the variability in the presentation of the main symptoms of ASD, it is recognized
that affected individuals also vary in relation to non-ASD symptoms, such as cognitive
ability, expressive language ability, onset patterns and comorbid psychopathology [45,46].
In addition to contributing to clinical heterogeneity, language, IQ, emotional regulation,
and functionality (accessed by VABS and CBCL) contribute to different ASD trajectories.
To create a score of characteristics recurrently associated with clinical heterogeneity and
different ASD trajectories, first we sought to use PCA to reduce the dimensionality space.
Using the established criteria, three PCs were selected, representing the important compo-
nents that contribute to overall functionality and need for support. It is important to clarify
that we are not discussing the diagnostic dimensions.

PC1 was correlated with total IQ, social skills (measured by ADI-R), and social, daily
living, and communication skills measured by the VABS scores. The first component re-
flects findings from the literature indicating that IQ and adaptive behavior are correlated
with socialization scores and interfere with social functioning [25,26,47]. Interestingly,
VABS’s weight in this component is corroborated by a longitudinal study that has shown
the important role of adaptive functioning in delineating ASD cases with different devel-
opmental trajectories [27,48]. Despite the fact that Intellectual Disability (ID) estimates
in the ASD population have progressively decreased in recent decades to one-third of
individuals with ASD, with 25% and 44% of individuals estimated in the ID/borderline
and medium/above-average ranges, respectively [49], a longitudinal study indicated low
IQ as a factor of poor prognosis [7,45,50]. Nonetheless, a higher IQ can be a necessary but
insufficient condition for positive results in areas of functioning, such as relationships, em-
ployment, and independence [45,51,52]. Tillmann et al. (2019) [53] tested unique predictors
of adaptive functioning as measured by the VABS and the discrepancy between IQ and
adaptive functioning in ASD, and showed that socio-communicative symptoms, but not
sensory/repetitive symptoms or concomitant psychiatric symptoms (anxiety, depression,
and ADHD), are associated with less adaptive functioning and greater discrepancies in
adaptive capacity.

Impairments in reciprocal social behavior, a key component of early social competence,
clinically define autism spectrum disorder (ASD) [54]. While IQ captures the full range of
intellectual functioning, assessments of adaptive functioning target the skills needed to
perform daily activities and function independently, where a criterion level of intellectual
functioning allows for the attainment of a certain level of adaptive functioning and increases
in FSIQ are associated with improvements in adaptive skills and social responsiveness [4,55].
Kanne et al., 2011 [26] reaffirm the notion that adaptive deficits are a major challenge for
intellectually capable individuals with ASD and, despite having a solid repertoire of
verbal and nonverbal processing skills, these individuals have an even greater challenge
in functionally applying their own strengths in everyday contexts, particularly in the
areas of receptive and expressive communication, personal skills of daily living, and all
three subdomains of socialization (interpersonal, play/leisure, and coping). That is, these
individuals do not use their cognitive skills properly in order to improve their adaptive
skills, especially social [56,57]. Stronger associations were observed between adaptive
behavior and autism symptoms as reported by parents (i.e., ADI-R and SRS), particularly
between adaptive socialization skills and social communication impairments. Thus, strong
associations with VABS suggest that those individuals with more significant early social
deficits have more challenging current adaptive levels [26,58].

The second component refers to internalizing and externalizing behaviors and Re-
stricted Repetitive Behavior (RRB). RRB was considered a separate dimension of social
communication before and after the DSM-5 classification; therefore, it is expected to be
more correlated with a different PC than sociability. Psychiatric and medical comorbidities
are present in about 70% of individuals with ASD [59], with anxiety disorders being the
most common, affecting about 40% of children and adolescents with ASD [60]. In addition
to anxiety, depression is also highly prevalent across the lifespan, occurring in 17% to
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70% of individuals with ASD [61]. Emotional dysregulation is a risk factor for anxiety in
ASD [62]. Georgiades et al. (2011) [19] examined the phenotypic overlap between core
diagnostic features and emotional/behavioral problems in ASD using PCA. As noted,
PCs associated with emotional behavior were not correlated with children’s intellectual,
functional, adaptive, and structural language skills. Individuals with Intellectual Disability
are at increased risk for behavioral problems, but children with ID have been shown to
be at increased risk for only a few behavioral problems, such as self-injury and abnormal
eating behaviors, validating that they represent distinct components [63].

Considering that we are seeking to understand and manage the multidimensional
spectrum of autism and quantify its heterogeneity, the relationship between RRB and emo-
tional dysregulation has already been observed in the literature. It has been suggested that
the lack of flexibility and RRB may contribute to emotional dysregulation in children with
ASD [64,65]. It has also been suggested that autistic individuals may sustain hyperfocus on
upsetting past events and that there is a correlation between core symptoms of ASD and
anger rumination [66,67]. In these and other studies, authors have discussed how RRBs
and behavioral problems interact, contributing to ASD trajectories [68–70]. Children with
ASD who exhibit high (versus low) restricted and repetitive behavior challenges appear to
be at risk for greater emotion dysregulation [71]. Lower adaptive behaviors and repetitive
behaviors (RRBs) correlated with higher externalizing behaviors. Lower cognitive abilities
and higher RRBs in childhood predicted problems with externalizing behaviors in adoles-
cence, i.e., the greater the impairment in cognitive ability and adaptive skills, the greater
the occurrence of RRBs and externalizing behaviors in early childhood [72,73].

The third and final component was represented by ADI-R Communication. Consider-
ing that in the DSM-5 some communication items were included in the sociability dimension
and others in the repetitive and stereotyped behaviors dimension, it may seem that our
findings disagree with the two-dimensional model [74]. However, the two-dimensional
model proposed in the DSM-5 is for diagnosis and, as already discussed, language ability
is a modifier, since it is not necessary for diagnosis, although it interferes with heterogene-
ity [75]. Our scores are not for diagnosis, but to characterize heterogeneity. We suggest
that what is represented in PC3, which is not represented in the other components, is
precisely the language ability part of communication. Previous work seeking to create
ASD ontologies mapped 27% of the items in the ADI-R specifically to language ability [76].
Additionally, the ADI-R scoring system has a coded communication subdomain for chil-
dren at all language levels: gesture and play. Other subdomains are considered separately
for children with sentences (verbal) and children with single words or no words (nonver-
bal) [40]. For verbal children, in addition to gesture and play, language ability/skills are
also assessed. In the SSC, 88% are verbal and 12% are nonverbal, so language ability was
assessed and contributed to finding components in the majority of cases in normative SSC
samples. Language skills are not necessary for diagnosis, but 30% of children with ASD
remain minimally verbal upon entering school [77–79]. A recent study found that lower
adaptive outcomes, higher IQ (measured over time), and language ability in childhood
tend to predict autonomy outcomes in adulthood [45,80].

Other studies are moving toward using multiple measures to construct more com-
prehensive profiles, such as including measures of intellectual functioning, emotional
regulation, and adaptive behavior in understanding ASD heterogeneity [25,81–83], but we
propose using these measures to create a heterogeneity score. Because we propose assessing
clinical heterogeneity for a specific individual, we compare the MGFS to the CSS score, a
modified ADOS score for assessing severity. Interestingly, the majority of SSC probands
who received an MGFS of ten also received an ADOS-2 CSS of six, indicating a moderate
level of severity. This result exemplifies that focusing on measures that were conceptualized
and designed to diagnose autism can be problematic because these measures were designed
with the primary goal of differentiating ASD from non-ASD, rather than describing clinical
components that could contribute to ASD heterogeneity and trajectories. Different studies
have shown that language ability, IQ, and VABS scores, rather than the core symptoms of
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ASD, exhibit the greatest variability and have the most significant impact on ASD trajec-
tories [22,31–33,82]. For an adequate description of functional impairment, it is necessary
to go beyond the ADOS-2 CSS to include information on language, adaptive functioning,
and other behavioral characteristics. The results of this study add to the existing litera-
ture on ASD by emphasizing the importance of assessing general emotional/behavioral
problems, functioning, IQ, and language ability together with core diagnostic symptoms
in children with ASD to characterize clinical heterogeneity. The mapping proposed here
allows clinical phenotypes to be dissected along the most relevant axes of variation. This
approach allows us to map the variability across different domains of functioning and
compare individuals in terms of this variability, aligning with the framework proposed by
normative model studies [37]. By doing so, we developed a map that positions patients
with ASD, enabling the assessment of their phenotypic relationships. This facilitates a more
detailed characterization of individual patients and allows for standardized comparisons
across cases.

The supposed translational success of this normative model is based on the power of
the normative sample to serve as a relevant reference population. The SFARI SSC database is
a renowned collective effort to centralize and distribute phenotype and genotype/genomic
information [39]. It is important to discuss some limitations of the present study. Although
the emphasis was on selecting measures that represent distinct traits, rather than specific
instruments or scales, we acknowledge that the selected input variables used in the PCA
analysis do not represent the single/best selection or the full range of the ASD-related
phenotype. Additional measures that encompass motor skills or language are being
considered in follow-up work. The scales were used with age-normative scores, allowing
for the construction of a map of phenotypic heterogeneity, but studies with repeated
measures over time may add information on temporal stability and trait selection for map
construction. Repeated measures would also be very important to delineate trajectories.
Input data for PCA were collected using parent reports (ADI-R, CBCL, and VABS) and are
therefore subject to bias. Another limitation is that the normative sample (SSC) consists of
simplex families and does not necessarily represent the full genetic architecture of ASD.

5. Conclusions

This work offers a series of contributions to research and practice. First, from the
research point of view, we propose a model to observe a patient considering the hetero-
geneity of clinical phenotypic relationships, and provide patient placement in an ASD
heterogeneity map, allowing reliable case comparisons even among time-points of the
same individual. Moreover, the approach proposed here presents an important differential:
the idea of looking at a single subject. This can be important for treatment proposals
and evaluation since individuals with ASD often differ in response to treatment. These
findings may facilitate the development of more effective therapeutic strategies to optimize
long-term results for individuals with ASD in a personalized medicine view, as well as
sample selection for clinical and biomarker studies.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/brainsci14121254/s1, Figure S1: Ax1 + Bx2 + Cx3 + D = 0 plane (blue)
normal to the support needs’ axis (diagonal red-to-blue line) is shown in the plot; Table S1: Means
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tests, scales, and questionnaires used as input for the PCA; Table S2. Means and standard deviations
of the scores obtained by the case presentation patients in the tests, scales and questionnaires;
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(n = 823); Table S5: PCA explained variances and loadings when randomly sampling 40% of SSC
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68. Uljarević, M.; Frazier, T.W.; Jo, B.; Billingham, W.D.; Cooper, M.N.; Youngstrom, E.A.; Hardan, A.Y. Big data approach to
characterize restricted and repetitive behaviors in autism. J. Am. Acad. Child Adolesc. Psychiatry 2022, 61, 446–457. [CrossRef]
[PubMed]

69. Pugliese, C.E.; Anthony, L.G.; Strang, J.F.; Dudley, K.; Wallace, G.L.; Naiman, D.Q.; Kenworthy, L. Longitudinal examination
of adaptive behavior in autism spectrum disorders: Influence of executive function. J. Autism Dev. Disord. 2016, 46, 467–477.
[CrossRef]

70. Bos, M.G.; Diamantopoulou, S.; Stockmann, L.; Begeer, S.; Rieffe, C. Emotion control predicts internalizing and externalizing
behavior problems in boys with and without an autism spectrum disorder. J. Autism Dev. Disord. 2018, 48, 2727–2739. [CrossRef]

71. Greenlee, J.L.; Stelter, C.R.; Piro-Gambetti, B.; Hartley, S.L. Trajectories of Dysregulation in Children with Autism Spectrum
Disorder. J. Clin. Child Adolesc. Psychol. 2021, 50, 858–873. [CrossRef] [PubMed]

72. Jasim, S.; Perry, A. Repetitive and restricted behaviors and interests in autism spectrum disorder: Relation to individual
characteristics and mental health problems. BMC Psychiatry 2023, 23, 356. [CrossRef] [PubMed]

73. Ben-Itzchak, E.; Koller, J.; Zachor, D.A. Characterization and Prediction of Anxiety in Adolescents with Autism Spectrum Disorder:
A Longitudinal Study. J. Abnorm. Child Psychol. 2020, 48, 1239–1249. [CrossRef] [PubMed]

74. Lord, C.; Bishop, S.L. Recent advances in autism research as reflected in DSM-5 criteria for autism spectrum disorder. Annu. Rev.
Clin. Psychol. 2015, 11, 53–70. [CrossRef]

75. Visser, J.C.; Rommelse, N.N.; Lappenschaar, M.; Servatius-Oosterling, I.J.; Greven, C.U.; Buitelaar, J.K. Variation in the early
trajectories of autism symptoms is related to the development of language, cognition, and behavior problems. J. Am. Acad. Child
Adolesc. Psychiatry 2017, 56, 659–668. [CrossRef]

76. McCray, A.T.; Trevvett, P.; Frost, H.R. Modeling the autism spectrum disorder phenotype. Neuroinformatics 2014, 12, 291–305.
[CrossRef]

77. Posar, A.; Visconti, P. Atualização sobre crianças “minimamente verbais” com transtorno do espectro do autismo. Rev. Paul.
Pediatr. 2021, 40, e2020158. [CrossRef] [PubMed]

78. Norrelgen, F.; Fernell, E.; Eriksson, M.; Hedvall, Å.; Persson, C.; Sjölin, M.; Kjellmer, L. Children with autism spectrum disorders
who do not develop phrase speech in the preschool years. Autism 2015, 19, 934–943. [CrossRef] [PubMed]

79. Rose, V.; Trembath, D.; Keen, D.; Paynter, J. The proportion of minimally verbal children with autism spectrum disorder in a
community-based early intervention programme. J. Intellect. Disabil. Res. 2016, 60, 464–477. [CrossRef]

80. Matthews, N.L.; Skepnek, E.; Mammen, M.A.; James, J.S.; Malligo, A.; Lyon, A.; Smith, C.J. Feasibility and acceptability of
a telehealth model for autism diagnostic evaluations in children, adolescents, and adults. Autism Res. 2021, 14, 2564–2579.
[CrossRef] [PubMed]

81. Kim, H.; Keifer, C.; Rodriguez-Seijas, C.; Eaton, N.; Lerner, M.; Gadow, K. Quantifying the Optimal Structure of the Autism
Phenotype: A Comprehensive Comparison of Dimensional, Categorical, and Hybrid Models. J. Am. Acad. Child Adolesc. Psychiatry
2019, 58, 876–886.e2. [CrossRef] [PubMed]

82. Veatch, O.J.; Veenstra-Vanderweele, J.; Potter, M.; Pericak-Vance, M.A.; Haines, J.L. Genetically meaningful phenotypic subgroups
in autism spectrum disorders. Genes Brain Behav. 2014, 13, 276–285. [CrossRef] [PubMed]

83. Ekblad, L. Autism, personality, and human diversity: Defining neurodiversity in an iterative process using Aspie Quiz. Sage Open
2013, 3, 2158244013497722. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1017/S0954579419000361
https://doi.org/10.1016/j.rasd.2018.09.002
https://doi.org/10.1177/13623613211046160
https://www.ncbi.nlm.nih.gov/pubmed/34579554
https://doi.org/10.1016/j.jaac.2013.05.006
https://www.ncbi.nlm.nih.gov/pubmed/23800481
https://doi.org/10.1177/1362361316633566
https://www.ncbi.nlm.nih.gov/pubmed/27095831
https://doi.org/10.1007/s10803-019-04085-y
https://doi.org/10.1016/j.jaac.2021.08.006
https://www.ncbi.nlm.nih.gov/pubmed/34391858
https://doi.org/10.1007/s10803-015-2584-5
https://doi.org/10.1007/s10803-018-3519-8
https://doi.org/10.1080/15374416.2021.1907752
https://www.ncbi.nlm.nih.gov/pubmed/33872096
https://doi.org/10.1186/s12888-023-04766-0
https://www.ncbi.nlm.nih.gov/pubmed/37221460
https://doi.org/10.1007/s10802-020-00673-0
https://www.ncbi.nlm.nih.gov/pubmed/32617732
https://doi.org/10.1146/annurev-clinpsy-032814-112745
https://doi.org/10.1016/j.jaac.2017.05.022
https://doi.org/10.1007/s12021-013-9211-4
https://doi.org/10.1590/1984-0462/2022/40/2020158
https://www.ncbi.nlm.nih.gov/pubmed/34495269
https://doi.org/10.1177/1362361314556782
https://www.ncbi.nlm.nih.gov/pubmed/25488002
https://doi.org/10.1111/jir.12284
https://doi.org/10.1002/aur.2591
https://www.ncbi.nlm.nih.gov/pubmed/34378858
https://doi.org/10.1016/j.jaac.2018.09.431
https://www.ncbi.nlm.nih.gov/pubmed/30768420
https://doi.org/10.1111/gbb.12117
https://www.ncbi.nlm.nih.gov/pubmed/24373520
https://doi.org/10.1177/2158244013497722

	Introduction 
	Materials and Methods 
	Participants 
	Assessment Tools 
	Principal Component Analysis 
	Normative Model 
	Multidimensional General Functionality Score (MGFS) 
	Statistical and Computational Analysis 
	Overview of Steps 

	Results 
	Principal Component Analysis 
	Quantifying Phenotype Heterogeneity Using a Multidimensional General Functionality Score 
	Case Study 

	Discussion 
	Conclusions 
	References

