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ABSTRACT 

There is a general consensus that substantial heterogeneity underlies the neurobiology in autism 

spectrum disorder (ASD). As such, it has become increasingly clear that a dissection of variation 

at the molecular-, cellular-, and system-level domains is a prerequisite for identifying biomarkers 

and developing more targeted therapeutic strategies in ASD. Advances in neuroimaging 

approaches to characterizing atypical brain patterns have recently motivated their application as 

viable tools to delineate more homogenous ASD subgroups at the level of brain structure and 

function - i.e., neurosubtyping. This review assesses and critically discusses the current data-

driven neurosubtyping in ASD. It breaks this pursuit into key methodological steps: the selection 

of diagnostic samples, neuroimaging features, algorithm and validation approaches. For each 

step, we appraise the current literature in terms of progress, as well as remaining challenges and 

potential solutions. Convergence across findings is discussed and biological implications are 

highlighted. Although preliminary and with limited methodological overlap, results from this 

literature illustrate the feasibility of neurosubtyping. Across studies, there is general agreement 

that distinct neurosubtypes exist, but the exact number and their definitions vary depending on 

the specific features and approach utilized in a given study. Results also suggest the utility of 

subtypes in predicting symptom severity and diagnostic labels above and beyond group-average 

comparison designs. This review concludes with a discussion of future avenues towards a 

comprehensive understanding of the mechanisms underlying ASD heterogeneity.   
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INTRODUCTION  

Clinical and etiological heterogeneity remain major obstacles for advancing biomarker 

identification in psychiatry. Recognizing the limitations of current nosology (1, 2), the past 

decade has witnessed pressing calls to partition psychiatric heterogeneity into more homogenous 

groups – i.e. subtyping (3-8). Here, we spotlight Autism Spectrum Disorder (ASD), which with 

its early childhood onset (9), remarkable clinical and biological variability (10, 11), and 

consistently increasing prevalence (12), epitomizes psychiatry’s needs and challenges in 

subtyping. 

Unlike other psychiatric disorders characterized by a spectrum of symptom severity and shared 

variance (e.g., schizophrenia, mood, and anxiety; 13, 14), individual variation in ASD goes 

beyond core diagnostic symptoms (i.e., impairment in social communicative skills, 

restricted/repetitive behaviors/interests) and associated psychopathology (15, 16). In particular, 

ASD is often complicated by accompanying heterogeneity in the type of onset (9), language 

skills (17, 18), intellectual abilities (19), and medical conditions (20). While high variability in 

behavioral presentation of ASD has been reported since its early description in 1940’s (21, 22), 

increases in prevalence (from 0.05% in 1966 to ~2% in 2019; 23, 24) over the past 40 years have 

likely led to further unveiling its heterogeneity. This is due to some of the factors contributing to 

increased prevalence – most notably, greater recognition in individuals with typical intelligence 

(25) and diagnostic substitution (26). Evidence of more heterogenous ASD being detected come 

from a recent meta-analysis showing that effect size for diagnostic group mean differences in 

ASD have decreased over time; this is in contrast with stable effect size observed in 

schizophrenia, a heterogeneous condition without prevalence changes (27). The uniqueness of 

ASD is further accentuated by its onset in the first years of life combined with a long-term 
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course. This is substantiated by dramatic variation in ASD developmental trajectories (17, 28-

32), resulting functional outcomes (33) and response to treatment (34) – all of which underscore 

the need for a strong developmental perspective in subtyping approaches. The complexity of the 

picture for ASD is highlighted by advances in genomics and neurobiology studies, which have 

collectively pointed towards multiple etiological pathways (11, 35). In sum, the resulting range 

of clinical and biological ASD presentations represents both a formidable challenge and 

motivation for subtyping.  

 

Subtyping approaches can be characterized in terms of both the unit(s) of analysis upon which 

variation among individuals is indexed, and the nature of the algorithm(s) being used to sort 

individuals into groups (FIGURE S1). Target units of analyses can be largely categorized under 

behavior and biology (36, 37). The behavior-based levels are thought to indirectly index 

variation of underlying biology (38, 39) and vice versa. Regardless of the unit(s) of analyses, 

quantitative subtyping algorithm can be broadly categorized as supervised (i.e., label-driven), 

unsupervised (i.e., data-driven), or their hybrids (38, 40). These approaches leverage univariate 

or multivariate statistics, each having advantages and disadvantages as detailed elsewhere (41-

43).   

In ASD, until recently, behavior has been the predominant unit of analysis, whether using 

theoretically-motivated (44, 45) or data-driven approaches (4). While the results of these efforts 

have captured relevant clinical aspects of autism, their findings have been neither exhaustive, nor 

reliably distinguishable (46). As such, the DSM-5 (47) and the newest version of the ICD (48) 

have retreated to a single diagnostic category of ASD. This underscores the need for more 
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detailed behavioral phenotyping (10), and a substantial gap in identifying subtypes anchored to 

biological features relevant to etiology and/or pathophysiology.  

 In other fields of medicine, the detection of biologically-based subtypes has led to earlier and 

more accurate recognition, more precise treatment selection, and outcome monitoring (e.g., 

congestive heart failure; 49). While the differing pathophysiology and etiologies of ASD remain 

to be fully elucidated, owing to the pivotal contribution of genetic factors to ASD risk 

(heritability: 0.69-0.83; 50), genomic analyses have led endeavors aimed to identify biologically-

driven subtypes (detailed in 11, 51). A number of emerging models examined the contribution of 

genetic etiology on ASD, including candidate genes (35), common and rare variants (51, 52). 

Whole-exome sequencing studies have identified approximately 90 genes, with rare and mostly 

de novo variants conferring a relatively higher risk of ASD (53, 54). As a result, genetics-first 

approaches, whereby specific genotypes represent the target unit for subtyping, have arisen (55, 

56). Although promising, the high genotype-to-phenotype variability, the different penetrance 

between common and rare variants, the low prevalence of any single variant/mutation (1–2% of 

ASD cases; 57; though cumulatively, all identified ASD-related gene mutations contribute to 

about 20%–40% of clinical non-syndromic ASD) all represent barriers to efforts focused on 

genetic approaches alone to discover clinically relevant subtypes. 

Recognizing these challenges, researchers have begun to explore the utility of complementary 

biological target units of analysis, bringing a range of biophysical indices of brain function into 

focus (58). Among them, neuroimaging is emerging as a robust tool to capture ASD 

pathophysiology (59), and is theoretically well positioned to establish subtypes that can be linked 

to behavioral and/or biological variation. Accordingly, this review selectively focuses on the 
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nascent data-driven ASD literature aimed to identify homogeneous subgroups based on 

neuroimaging features – hereafter referred to as neurosubtyping. 

 

DATA-DRIVEN ASD NEUROSUBTYPING  

The present ASD neurosubtyping literature is in its infancy with a total of 12 studies in humans, 

92% published since 2018 (60-71). Studies vary in methodology (FIGURE 1, TABLE 1). As such, 

we stratify this review based on key methodological components (FIGURE 2), with each section 

highlighting existing limitations and future avenues. A summary of converging findings follows. 

Briefly, across studies, findings revealed the presence of at least 2-4 ASD neurosubtypes. Each 

represented different proportions of subjects, suggesting that traditional case-control group 

means can miss information about the less represented subtype(s) in a given sample. This has 

likely contributed to the apparent inconsistencies in traditional group comparisons (72). 

Suggesting their clinical validity, most studies reported distinct association of neurosubtypes 

with clinical behavioral features. Finally, as discussed below, although the features examined 

varied across studies, their spatially distributed nature suggests the relevance of a system 

neuroscience approach.  

 

Diagnostic samples 

Current literature. Seven of the 12 studies (59%) neurosubtyped individuals with a confirmed 

ASD diagnosis separately from neurotypicals (NT), and three examined ASD and NT data 

together. Only two examined transdiagnostic samples. The advantage of solely focusing on ASD 

is that it allows the parsimonious detection of ASD neurosubtypes that may serve as clinical 

biomarkers. However, as variability also exists within NT, at the very least some standardization 



 7 

of ASD data is recommended to determine the extent to which findings are ASD-specific. Three 

studies normalized the metrics against NT data before neurosubtyping (e.g., structural features; 

62, 65, or z-scores of intrinsic functional connectivity [iFC]; 71). Others (60, 67, 68) have opted 

to identify neurosubtypes across both ASD and NT datasets, with the assumption that ASD-

related pathophysiology may occur in addition to, and interacting with, differing neurosubtypes 

observed in the population. Building on these considerations, and consistent with transdiagnostic 

perspectives in psychiatry (73), two neurosubtyping studies have combined ASD with other 

psychiatric conditions - schizophrenia spectrum disorders, bipolar disorder, and NT in (67) and  

ADHD and NT in (68).  

 

Remaining challenges, possible solutions. Findings from these early transdiagnostic studies (67, 

68) suggest that common sources of neurophenotypic variation in ASD extend across diagnostic 

boundaries (TABLE 1). For example, Stefanik, et al. (67) identified four neurosubtypes, each 

including multiple diagnoses at different prevalence and characterized by distinct patterns of 

anatomical features. Transdiagnostic commonality can result from different scenarios including 

additive mechanisms (i.e., pathologic processes occurring in addition to those specific to a given 

condition) or pleiotropy (i.e., shared underlying mechanisms displaying as distinct clinical 

phenotypes). These scenarios can be disentangled via widely and deeply characterized large 

samples to examine continuous psychological and biological dimensions. Such endeavors require 

significant resources that are, however, taxing for single sites (74). Currently, sample sizes in 

ASD neurosubtyping studies ranged from n=44 to n=900+ datasets. The largest samples result 

from retrospective data aggregation or from prospective multicenter collections – the Autism 

Brain Imaging Data Exchange (ABIDE-I & -II; 75, 76), and EU-AIMS Longitudinal European 



 8 

Project (77), respectively. TABLE 2 summarizes neuroimaging datasets (56, 78-80) usable for 

discovery and/or replication (see 81).  

 

Features  

Current literature. All studies focused on a single neuroimaging modality, primarily structural or 

functional MRI, except two EEG studies (61, 69). Within imaging modality, the type and number 

of features varied (e.g., iFC, EEG coherence, cortical thickness, mean diffusivity; TABLE 1). 

High variability of features reflects the challenge of establishing an optimal set of variables, and 

the lack of consensus on what features are most relevant for ASD neurobiology. Features were 

predominantly selected based on data availability and/or prior knowledge. In one example, 

indices of cortical organization were selected based on previous postmortem histological and in 

vivo neuroimaging findings (FIGURE 4A; 82, 83, 84). Only one study used a quantitative method 

for feature selection (61). Specifically, Duffy, et al. clustered their sample among 40 EEG 

coherence factors selected based on their accuracy in discriminating ASD from NT (85). This 

feature selection approach can be categorized as a ‘filter-method’ (86, 87), a group of methods 

selecting features based on their relevance, here to ASD. Although computationally efficient and 

scalable, most filter-methods assess each feature separately, thereby ignoring inter-feature 

dependencies. Though their independence from the subtyping algorithm can be a strength, it may 

also lead to selecting features that are suboptimal for subtyping quality (86). To address this 

limitation, other quantitative approaches select features based on their usefulness to the specific 

question of interest; they are referred to as ‘wrapper’ (e.g., sequential search) or ‘embedded’ 

(e.g., random forest) (86, 87 for reviews). These methods are yet to be applied to ASD 

neurosubtyping, though promising proof of concepts are below (38, 40).  
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One critical consideration for feature selection is data reduction. Although deeply characterized 

samples, with a high number of features to explore across multiple modalities are theoretically 

desired, data with more feature dimensions than subjects create a statistically ill-posed problem, - 

i.e., an infinite number of solutions can fit data equally well. Many subtyping algorithms rely on 

distance metrics quantifying how far the data points are from each other. As the dimensionality 

gets larger, the inter-point distance becomes less discernible (i.e., more uniform). Therefore, high 

dimensionality can become toxic (88). To date, only two ASD neurosubtyping studies 

quantitatively addressed this challenge, one via principal component analysis (PCA; 61) in EEG 

data, another via non-negative matrix factorization (62).  

 

A related question is how to optimally combine different data types. Current ASD studies 

focused on single neuroimaging modalities and none have combined neuroimaging with 

behavioral features, which instead have been used for validation. In one exception (67), 

similarity network fusion (89), a variant of multi-view multidimensional scaling (90), was 

applied to ASD and other diagnoses to combine demographic, brain imaging, and behavioral 

data (FIGURE S2B). After detecting inter-subject distances across all pairs of data domains, this 

approach jointly embedded those distances in a lower dimensional subspace. This process 

resulted in four transdiagnostic community structures showing distinct neurocognitive profiles. 

Although helpful, a caveat of similarity network fusion is its limited scalability to highly 

dimensional data (91). Additionally, since it assigns equal weights across features, this approach 

is sensitive to noise (92). 
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Remaining challenges, possible solutions. To enable quantitative selection of those features most 

tied to the outcome of interest, two hybrid approaches are promising for ASD neurosubtyping. 

One is functional random forest (FRF; 38), the other is surrogate variable analysis (SVA; 40). 

FRF combines random forest (supervised) with community detection (unsupervised). Briefly, 

using random forest, FRF generates an ensemble of decision trees where each leaf node contains 

individuals that are highly similar with respect to a variable of interest. This information 

constructs a subject-wise proximity matrix, which is, in turn, fed into community detection. FRF 

has recently identified subtypes based on cognitive performance in children with ASD and NT 

(40). In contrast, SVA has not yet been applied to ASD, nor subtyping. Originally developed to 

remove unknown sources for batch effects in genomic data (40), SVA identifies and decomposes 

confounding sources using combining linear regression (supervised) and PCA (unsupervised). A 

common caveat of these methods is that one needs to select the appropriate relevant question for 

subtypes to be informative (3). In ASD, examples of relevant questions pertain to whether 

neuroconnectome subtypes reflect distinct genetic profiles, treatment responses, or different 

comorbidity risks. Future applications across multiple target unit of analysis are required to 

confirm FRF and SVA usefulness in ASD. 

 

In relation to “multi-view learning” methods (93) that address the scalability limitation of 

similarity network fusion, notable examples include generalized canonical correlation analysis 

(GCCA) and Joint and Individual Variation Explained (JIVE) (94). GCCA is a generalization of 

PCA and linear regression to more “views” of the data. GCCA jointly learns a low-dimensional 

representation of each view (i.e., similarity matrix) that maximizes correlation between all pairs 

of views. An advantage is that it generates differential weights for each feature. JIVE (94) 
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identifies variance components spanning multiple data types and their unique variation, thus it 

provides a comprehensive description of multi-source heterogeneity within and across data types. 

These two techniques have yet to be utilized in neurosubtyping but recent neuroimaging studies 

support their utility in predicting brain age or brain relationship with demographics and behavior 

(95, 96), as well as of extracting a low-dimensional representation of depression-related 

connectivity (97).  

 

For any feature selection, two additional problems should be addressed. One is ‘data leakage’ 

(98): when feature selection and subtyping are dependent, thus artificially amplifying the quality 

of subtyping solution (“overfitting the model”). Any algorithm based on strict cross-validation, 

such as embedded methods, can bypass this risk by splitting the data into training and test cases. 

The second problem is related to employing features that exhibit inadequate reliabilities (e.g., 

across scans and/or scanners; 99). As in other neuroscientific disciplines, the neuroimaging field 

has, at times, forged ahead with features that were not properly assessed nor optimized for 

reliability. This is problematic because with the exception of core structural measures (e.g., 

volume, cortical thickness), most neuroimaging metrics have modest-to-moderate reliability (99). 

This increases the sample size needed to identify meaningful group-level findings and severely 

limits opportunities for individual-level analysis (see 100). Current ASD neurosubtyping 

literature examined some features with moderate to high test-retest reliability (e.g., cortical 

thickness: ICC=0.6-0.8; 101, 102, 103). For other features, reliability remains unknown (e.g., 

gray/white matter intensity contrast). Efforts to optimize data acquisitions and analyses to 

improve reliability are underway and should be considered in ASD neurosubtyping. For 

example, in functional connectomics, increasing data acquisitions from ~5 to 30 minutes/subject 
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has been shown to dramatically increase reliability, even if combining data across differing fMRI 

scan types (e.g., task, rest) (104, 105). 

 

Algorithms 

Current literature. Data-driven neurosubtyping in ASD has comprised three methods. Two of 

them include fully unsupervised approaches, such as clustering (n=7 studies) and latent factor 

analysis (n=2), a third is normative modeling (n=3). 

i) Clustering partitions the data into a number of clusters such that the samples in each cluster are 

more similar to one another than to those in others. Reflecting its widespread popularity and 

relative computational ease, three ASD neurosubtyping studies (60, 62, 63) have used k-means 

clustering - a centroid-based approach that iteratively assigns individual data points based on 

their ‘closeness’ to the centroid of each cluster. Others (61, 64, 65) have used variants of 

hierarchical clustering that generate cluster trees using heuristic data splitting or merging 

(FIGURE S2A). Unlike k-means, hierarchical clustering does not require specifying cluster 

number beforehand. With hierarchical clustering, each branch of the tree tracks a sequence of 

progressive clustering processes, fully capturing the nested hierarchical data structures. On the 

one hand, this facilitates interpretation of neurosubtyping across multiple scales, as different 

subgroup resolutions can guide clinical decisions. On the other hand, k-means only needs to fit a 

few boundaries to data, while hierarchical clustering learns many more boundaries, potentially 

leading to suboptimal findings.  

 

ii) Latent factor analysis. Two recent studies (68, 71) have used this approach by borrowing topic 

modeling techniques from natural language processing (FIGURE S2C). These models assume that 
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each document (individual brain) is a collection of words (brain connectivity) associated with a 

subset of K latent topics (K brain factors underlying ASD heterogeneity). One advantage of topic 

modeling approaches is that they automatically summarize high dimensional individual data into 

a combination of parsimonious latent structures. In this way, they allow each individual to 

express multiple latent brain factors to differing degrees, which potentially reflects 

heterogeneous underlying pathologies. Thus, the advantage of this approach is that it 

quantitatively describes both categorical and dimensional aspects of ASD heterogeneity. Other 

techniques capturing this hybrid information, such as soft clustering (106), have not been applied 

to ASD neurosubtyping. These, along with model-based clustering algorithms, such as latent 

Dirichlet allocation, may provide more accurate quantitative biomarkers of ASD.  

 

iii) Normative modeling. This alternative approach has been applied to various conditions, 

including ASD (107). By estimating the quantiles of variation for a brain metric in a given 

population, normative modeling statistically infers each individual deviation from the normative 

pattern (FIGURE S2D). The identification of the extreme cases in the distribution is used to find a 

subgroup of individuals that are more clearly separable from all others, and possibly more 

homogenous. To date, three ASD neuroimaging studies (66, 69, 70) have adopted this approach. 

Focusing on either cortical thickness (66, 70) or alpha-wave EEG profiles deviation from 

normative curves derived from cross-sectional age data (69), their results showed that variability 

between ASD and NT is largely overlapping and only a subset of individuals shows a high 

degree of brain atypicalities. One disadvantage of this method is that it does not assume that 

there are multiple subgroups. Conversely, it highlights a deviation score for each individual 

rather than a group mean, a concept in line with highly desired precision medicine (4). Another 
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caveat of this approach is that estimating high-dimensional distributions requires an 

exponentially increasing number of data points as the number of dimensions increases. Since this 

cannot be practically done in the native dimensionality of neuroimaging data, a smaller number 

of features must be selected relative to other algorithms that do not need to estimate the full 

distribution, but only partitions of the space. Therefore, choosing the right features is more 

important for normative modeling.  

 

Validation  

Current literature. Regardless of the specific feature or subtyping algorithm employed, within a 

given study, a range of assumptions are made and parameters estimated. As such, there is no 

single ‘one-size-fits-all’ subtype solution. Different approaches have been developed to directly 

estimate optimal solutions within the same dataset (108 for review). Some have been used in 

current ASD neurosubtyping (e.g., Silhouette; 62, Davies-Bouldin index; 65). Others indirectly 

validate the subtype solutions by assessing their stability, either across independent subtyping 

algorithms or via bootstrapping. So far, only two ASD neurosubtyping studies have assessed the 

convergence of findings from different algorithms (61, 71) and four have used bootstrapping (60, 

65, 66, 71), all reported within-study stability.  

 

Different solutions can be equally meaningful, with each capturing a distinct aspect of the data 

(109). Thus, a common within-sample strategy for validation is to demonstrate that identified 

neurosubtypes explain variation in measures other than the features employed for subtyping. 

These can encompass biological and/or clinical variables. In the present ASD literature, such 

validation method has been primarily based on clinical and demographic metrics. Although 
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preliminary, initial results suggest that the identification of neurosubtypes may be promising to 

better explain brain-behavior relationships in regard to symptom severity (65) or diagnostic 

labels (62). Four studies used independent neuroimaging modalities (62, 65, 67, 69). By 

validating neurosubtypes identified via regional structural features with specific brain 

connectivity metrics, these studies point towards neurosubtype-specific associations to both 

regional and large-scale brain organization.  

 

Remaining challenges, possible solutions. An existing gap towards clinically relevant validation 

of ASD neurosubtypes is to assess their relation to clinical outcomes. The utility of this approach 

has been shown in Alzheimer’s and Depression, whereby neurosubtype-specific outcomes have 

been revealed based on naturalistic prospective and treatment data, respectively (97, 110). 

Longitudinal datasets also allow to assess the stability of a subtype solution over time; 

developmentally stable subtypes are likely to represent heterogeneity of disease traits. In 

contrast, unstable subtypes may reflect variation in developmental stages and/or disease 

progression. Unfortunately, in ASD, no longitudinal data have been used for either data-driven 

neurosubtyping nor validation. This likely reflects their limited availability which should be a 

mandatory future focus (111). Meanwhile at the bare minimum, preliminary investigation can be 

carried on cross-sectional datasets.  

 

Additionally, mostly due to compliance requirements for neuroimaging data collection, the field 

has largely failed to include less cognitively capable individuals, thus limiting the 

generalizability of findings. Future studies must invest in protocols that allow data collection 

across all abilities, including natural sleep scans (112, 113), passive viewing (114, 115), scan 
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behavioral preparation (116), as well as technical advancements addressing head motion 

prospectively (117, 118). Another challenge germane to ASD is the disproportional 

representation of males (119). While sex-related differences may contribute to ASD biological 

heterogeneity (120, 121), the higher prevalence of males with ASD and the tendency of single 

site studies to exclude, or minimally represent females may limit generalizability of 

neurosubtypes. Fortunately, prospective studies explicitly over-recruiting females are ongoing 

(122) and large-scale data repositories are amassing larger female data (76). 

 

Like any clinically useful biomarkers, high precision (low false positive rate), recall (low false 

negative rate), and most importantly, replicability (the degree to which identical findings are 

obtained in a distinct sample with similar methods) are key requirements (99). Unfortunately, 

many fields including neuroscience and psychology are currently experiencing a replicability 

crisis (123, 124). Two factors contribute: sample size and measurement reliability (100). 

Statistical strategies to increase replicability exist, even if the reliability of features is not 

excellent. A representative one is ‘bagging’ (i.e., bootstrap aggregating), a technique that 

aggregates randomly selected subsamples to reduce the variability of the measurement through 

averaging (125). A recent study applying bagging to brain parcellation demonstrated 

substantially improved reproducibility and test-retest reliability (126). A similar idea can be 

applicable to neurosubtyping by running the clustering algorithm on thousands of bootstrap 

samples. Averaging across bootstrap-derived clustering yields a consensus matrix (127, 128) 

representing how consistently a pair of individuals was subgrouped together. Thus, bagging can 

improve both consistency and reliability of neurosubtypes within a given sample. This comes 

with high cost in computation and, possibly, interpretability. One more general caveat is that 
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bagging cannot overcome limitations of the sample population, for example, if it is a biased 

sample, naive bagging will not reduce the bias. More sophisticated stratified resampling 

techniques can mitigate these biases. 

 

Replicability is also affected by high variance coming with large multisite datasets. This so-

called batch effect can be attenuated by harmonization processes, namely PCA-based data 

reconstruction method (129) or ComBat (i.e., Combining Batches) (130). ComBat, originally 

developed in the genomic field, is based on a linear model involving the site as a main (additive 

and multiplicative) statistical term. The model reduces the site effects based on statistical 

correction and reconstructs a minimized-site-effect dataset (see 131 for discussion on residual 

site effects). Compared to conventional regression-based correction, ComBat is more robust to 

outliers in small samples, as it uses an empirical Bayes approach to estimate site/time collection 

effects. Significance-weighted PCA is another mitigation approach that involves performing 

PCA over the whole images, and then computing the statistical significance of each component 

in relation to a site. An initial application successfully obtained site-variable weighted 

subnetworks, in an ASD non-subtyping study (129). To facilitate replication for core findings in 

ASD, as well as to promote discovery, we draw attention to and detail existing neuroimaging 

ASD data repositories in TABLE 2.  

 

Converging findings, future avenues 

Although the ASD neurosubtyping literature to date is preliminary, some convergence in 

findings is beginning to emerge. First, most of the ASD neurosubtypes so far identified a 

combination of ASD-related increases and decreases in any neuroimaging feature examined. 
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Second, regardless to the features examined, no ASD neurosubtype has been characterized by a 

spatially isolated (focal) pattern; instead atypicalities are spatially distributed. In this regard, a set 

of regions within the default and fronto-parietal networks are largely consistent across 

neurosubtyping studies (FIGURE S3), an observation that is consistent with resting-state fMRI 

findings by Tang, et al. (71). Given that higher-order social and cognitive processes are affected 

in ASD (132, 133), we suggest that the common involvement of these network(s) may underlie 

shared impairment in core ASD symptoms. The subtype-specific pattern of atypicality within 

these networks (i.e., increases and/or decreases in a given feature) may differentially affect 

symptom severity and specific presentation. On the other hand, the degree to which atypicalities 

involve other networks more sporadically observed across neurosubtypes (e.g., visual, dorsal 

attention networks) may be associated with inter-individual differences in comorbid symptoms. 

Testing this hypothesis requires combining neuroimaging with phenotypic characterization of 

both ASD core and comorbid symptoms - a procedure not common in ASD neuroimaging, with 

few exemplary exceptions (76, 134-137). 

 

The distributed nature of neural atypicalities in ASD neurosubtypes point towards mechanisms 

affecting large-scale brain organization. Thus, measures of brain connectivity (e.g., iFC, 

structural covariance, EEG coherence) may more directly guide towards the biology underlying 

ASD heterogeneity. A range of models of atypical connectivity in ASD exist, including 

decreased long- vs. increased short-range (138), imbalanced intra- vs. inter-modular (139), 

atypical shifts toward cortical-subcortical (140), and idiosyncratic connectivity (141). More 

recently, atypical cortical connectome hierarchy has been proposed to recapitulate most of the 
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patterns above (142). Testing these models in the context of neurosubtyping may provide greater 

insight into their biological relevance in ASD heterogeneity.  

  

A remaining challenge is to bridge macroscale brain phenomenology to microscale underlying 

mechanisms (i.e., cellular, molecular, genetic). Although the cognitive and socio-communicative 

domains affected by ASD are human-specific and cannot be comprehensively recapitulated by 

any animal model, research using model organisms amenable to genetic manipulation offers one 

means to bridge these two different scales. At present, a macaque model of one genetic variant 

observed in humans with ASD has been reported (143), and a larger number of models are 

available in the laboratory mouse (144-146). The application of translationally relevant 

neuroimaging across these models may reveal neurosubtypes. For example, morpho-anatomical 

mapping of brain anatomy across 26 mouse-ASD-genetic-models (147) has identified three 

neurosubtypes affecting distinct sets of brain regions with shared patterns across seemingly 

unrelated ASD mutations. The recent implementation of resting-fMRI in mice (145, 148, 149) 

also offers the possibility to expand this approach to functional networks. Indeed, a previous 

study has demonstrated that 16p11.2 microdeletion comparably impairs iFC in both humans and 

mice (150). 

 

CONCLUSIONS 

Advances in neuroimaging and computational science, with evidence that ASD heterogeneity 

uniquely affects multiple domains and scales, have motivated neurosubtyping. Results from 

initial efforts illustrate the feasibility and potential utility of this approach. Yet, they also 

underscore current limitations, including the need for larger datasets, wider and deeper 
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phenotyping, advanced analytical models that capture, with high replicability, the hybrid - 

categorical and dimensional - nature of ASD heterogeneity.   
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FIGURE CAPTIONS 
 

Figure 1. Minimally overlapping neurosubtyping research designs in Autism Spectrum 
Disorder (ASD). Research designs across current ASD neurosubtyping studies are displayed in 

matrix form. Columns denote the feature domains used for a given subtyping algorithm. Rows 
denote the feature domains used for validation. The nested pie charts present further information 

about variability of subtyping approaches in terms of employed algorithms (outer pie layer; blue 
for clustering, green for latent factor analysis and orange for normative modeling) and samples 

(inner pie layer - indicated by the letter a for ASD-only, b for ASD+Neurotypicals and c for 
Transdiagnostic cohorts). The size of the pie chart refers to the number of existing studies at a 

given feature domain junction (matrix index). Abbreviation: NT: Neurotypicals, s-MRI: 
structural MRI, d-MRI: diffusion-based MRI, R-fMRI: resting-state fMRI, EEG: 

electroencephalogram 
 

FIGURE 2.  Key methodological steps in neurosubtyping. A) Selection strategies for diagnostic 
samples may focus on neurosubtyping within the autism spectrum disorder (ASD) or extend it to 

neurotypicals (NT) and/or other psychiatric diagnoses. Including NT can account for variance in 
the neurotypical population, while including other psychiatric conditions allows to examine the 

extent to which neurosubtypes are specific to a given diagnosis. B) Several steps exist for feature 
selection and processing. Feature selection (whether in the brain structural or functional domain) 

may be based on a priori knowledge or on quantitative approaches (86). Critical steps for feature 
processing include dimensionality reduction, data harmonization, and multimodal feature 

combination. C) The current ASD neurosubtyping literature comprises clustering-based analysis, 
latent factor analysis and normative modeling. See TABLE 1 for details. D) Primary strategies for 

validating neurosubtyping results. See TABLE 1 for details. Abbreviations: ADI-R: Autism 
Diagnostic Interview-Revised; ADOS: Autism Diagnostic Observation Schedule; BOLD: blood-

oxygen-level-dependent; EEG: electroencephalography; GMV: gray matter volume; iFC: 
intrinsic functional connectivity; PCA; principal component analysis; ND: neurodevelopmental 

disorders; NMF: non-negative matrix factorization; CNV: copy number variation; VBM: voxel-
based morphometry.
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Table 1:  ASD neurosubtyping studies in humans 

Study 

Samplea Approach Results 

Data 
source N 

Age 
rangeb 
years 

Males 
N (%) 

Subtyping Feature(s) Validationc 
NS 
(#) 

Highlights 

(60) Abide I 
 

145 ASD 
121 NT 

7-39 All males 

Clustering 
(K-means) 

R-fMRI; 
iFC 160 cortical 

ROIj 
SRS, IQ, ADOS 

2 
 

NS1 (59% ASD, 45% NT), NS2 (41% ASD, 55% NT). 
NS2 had lower (¯) iFC between networks & greater (­) 

iFC within networks vs. NS1; NSs did not differ in 
behavior, demographics, IQ, scan performance nor 

parameters. PLS brain-behavior analyses showed iFC 
correlations with a combination of symptom scores 

unique to each NS. 

(62) Abide I, II 356 ASD 5-35 All males 
sMRI; 

whole brain 
VBM  

ADOS, iFC 3 

NS1 (18%): ¯ prefrontal GMV, NS2 (53%): ­ temporal 
& ¯ prefrontal & occipital GMV, NS3 (29%): ­ GMV 
temporal vs. NT. ADOS scores were different between 
NSs. iFC in fronto-parietal network differed between 

NS1 and NS3. NSs improved supervised classification.  

(63) Lab 
specific 57 ASD 9-18 47 (82) 

R-fMRI; 
occipital to 
frontal pole 
cortex iFC 

IQ, ADI-R, 
ADOS, 

comorbidities, 
medication use, 

age, sex 

2 
Post-hoc clustering of iFC in ROI identified by group 

mean. NSs had opposite iFC patterns and did not differ 
in clinical and demographic metrics. 

(61) Lab 
specific 430 ASD 2-12 361 (84) 

Clustering 
(hierarchical 

and K-
means) 

EEG; 
40 coherence 

factors 
NA 2 

NS1=39%; NS2=61%. 19 of the 40 EEG features 
discriminated NS1 (­ coherence in 7 factors out of 40; ¯ 
in 12 out 40) vs. NS2 (opposite patterns with NS1) and 

both NSs vs. NT. NSs did not differ for age nor sex. 

(65) Abide I 107 ASD 7-50 All males sMRI; CT, SA, 
IC, GD ADOS, iFC 3 

NS1: ­ CT, SA and TB; NS2: ¯ CT, GD; NS3: ­GD. 
Distinct ADOS and iFC load across NSs. NSs improved 
supervised ADOS prediction above NS blind approach. 

(64) Lab 
specific 64 ASD 9±6 52 (81) 

sMRI; 2D-slice 
CT, volumes in 

6 ROIj 

EEG profile, 
epilepsy, medical 

history, CARS 
4 

NS1 (28%; ­ CC); NS2 (52%; ­ Amygdala and 
Hippocampus), NS3 (14%; ­ NC and ¯ Hippocampus); 
NS4 (6%; ¯ CC, Amygdala, NC). NSs did not differ by 
age, IQ, nor severity but differed in ROI atypicalities, 
pregnancy order, psychomotor early delay (NS4>NS2) 
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TABLE 1. ASD neurosubtyping studies in humans. a: only the sample being neurosubtyped is reported; b: mean age and standard deviation is used when age-range was not reported. c: 
reporting validation based on domains distinct from the features originally used to identify neurosubtypes (NSs); d: 303 NT from ADHD-200, 349 form ABIDE I; e: NT sample (N=348) 
from ABIDEII+GENDAAR was used to generate iFC z-scores in ASD; f: n=870 NT data were used to build the normative model; g: Latent factor analysis (LFA) used a Bayesian model 
based on Latent Dirichlet Allocation; h: normative modeling (NM) was based on Gaussian process regression; i: NM was based on local polynomial regression; j: Regions of interest (ROI) 
were  based on the Dosenbach atlas (151); k: ROI included (genu, splenium and corpus of the corpus callosum, hippocampus, head of the caudate and amygdala; l: ROI included nodes of the 

(67) Lab 
specific 

38 ASD 
34 BD 
51 SSD 
51 NT 

16-35 

26 (76) ASD 
19 (56) BD 
32 (63) SSD 
24 (47) NT 

Spectral 
clustering 

(SNF) 

sMRI;  
demographics, 

cognition 
CT, subcortical 
volume, DTI-

FA, MD;  

Cognitive and 
emotion test 

scores, CT-based 
global efficiency 

4 

NS1 (80% ASD followed by SSD and BD;­ SCV, ¯ 
FA, ­ CT), NS2 (64% SSD and minor distribution of 
other diagnoses; ¯ SCV, ¯ FA, ­ CT), NS3 (46% NT 

and ~20% each of the other; ¯ SCV, ¯ FA, ¯ CT), NS4 
(similar proportion across diagnoses; ­ SCV, ­ FA). 

(68) 
Abide I, 
ADHD-

200 

369 ASD 
284 

ADHD 
752 NTd 

7-21 All males LFAg 
R-fMRI; 

iFC of 21 ROI 
in DN, SN, DAl 

Diagnostic 
labels, symptom 
questionnaires 
(unspecified) 

3 

NS1=­ DN-DAN, ‘medium” DN-SN, ¯ intra-DN and 
intra-DAN iFC and positive association with ADHD. 

NS2= ¯DN-DAN and DN-SN, associated to ASD 
diagnosis, language and IQ. NS3: ¯DN-DAN. with no 

behavioral associations. 

(71) Abide II, 
Gendaar 

306 
ASDe 

15±6/gr
oup   236 (77) LFAg 

R-fMRI; 
418 cortical + 

subcortical 
iFCm 

Multiple clinical 
and 

demographics  
3 

NSs had dissociable whole-brain hypo/hyper iFC, and 
shared atypical iFC in DN. Individuals expressed 

multiple NSs at different degrees. NS1 associated with ¯ 
FC (DAN, SM, VN) and ­ FC (DN, CO) in ASD and 
with symptom severity, NS2 with opposite patterns of 
FC (compared to NS1) and with comorbid symptoms. 
NS3 (complex mixture of ­ and ¯ FC) preferentially 

expressed in older males. 

(70) Eu-Aims 
leap 

321 ASD 
206 NT 

6-31 
232 (72) 

ASD 
127 (62) NT 

NMh 
sMRI; 

age-and sex-
related CT, SA 

ADOS,  
ADI-R,  

2 

28% of the ASD cohort had regional age-related CT 
deviations from the normative curve vs. 19% in NT. ­ 
deviation in ASD vs NT. CT deviation associated to 

RRB severity in females. Common case-control 
comparisons yielded minimal regional differences in 

contrast to those with the outlier subgroup. 

(66) Abide I, II 942 
ASDf 6-20 754 (80) 

NMi 

sMRI; 
age-related CT 

NA 2 
7-10% of ASD cohort have age-related CT deviance (>2 
w-score). Case-control group comparison revealed small 

effects and spatially limited differences. 

(69) Lab 
specific 

44 ASD 
44 NT 

10±4/gr
oup 33 (75)/group 

EEG; 
age-related 
alpha wave 

sMRI volume  2 

­ magnitude of alpha waves deviation in ASD vs NT. 
Correlation between regional volume and alpha 

frequency did not survive statistical correction. Case 
control did not yield any group differences. 
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default network (DN), salience network (SN), and dorsal attention network (DAN) selected based on metanalyses; m: ROI included the 400 cortical parcellations per Schaefer, et al. (152) 
and 18 subcortical Freesurfer parcellations. Abbreviations: ADOS: Autism Diagnostic Observation Schedule; ASD: Autism spectrum disorder; BD: Bipolar disorder; CARS: childhood 
autism rating scale; CBCL: child behavior checklist; CC: corpus callosum; CT: cortical thickness; FA: fractional anisotropy; FDR: false discovery rate; FA: fractional anisotropy; GD: 
geodesic distance; GMV: gray matter volume; IC: intensity contrast; iFC: intrinsic functional connectivity; MD: mean diffusivity; NA: not applicable; NMF: non-negative matrix 
factorization; NR: not reported; PLS: partial least squares: RRB: restricted repetitive behavior; SA: surface area; SCV: subcortical volume; SNF: similarity network fusion; SSD: 
Schizophrenia spectrum disorders; visual network (VN). 

 
 
Table 2: Selected Imaging Datasets Suitable for ASD Neurosubtyping Discovery and Replication  

Source Descriptor Design Sample N Age (y) Imaging 
Modality 

Phenotypic and 
other data Open  Ongoing Neurosubtyping Use  

ABIDE Ia  

Previously collected 
neuroimaging & 

phenotypic data across 
17 sites using 

independent protocols. 
Data released in August 

2012. (75) 

CS 
539 ASD, 573 

NT 
 

7-64 sMRI, R-
fMRI 

Demographics, 
ADOS, IQ, 

partially enhanced 
(e.g., ADI-R 
comorbidity 

measures) in some 
sites* 

Yes No 
• Multimodal neurosubtyping 

within ASD diagnosis or across 
both ASD and NT. 

• Existing but limited non-
neuroimaging data available for 
validation or data fusion. 

•  Open sharing facilitates 
independent replications of 
findings in more deeply 
phenotype datasets. ABIDE IIb  

Previously collected 
imaging and phenotypic 

data across 19 sites 
using independent 

protocols. Data released 
in June 2016. (75) 

Largely CS 
(Long. in 2 

sites) 

521 ASD, 593 
NT 5-64 

sMRI, R-
fMRI, (DTI 
for selected 

sites) 

Partially enhanced 
phenotypic 
information 

relative to ABIDE I  

Yes No 

NDARc  

Retrospective and 
ongoing collections 

from multiple 
independent 

studies/protocols. (79) 

Vary by 
project, 

include CS 
and Long. 

Vary by project, 
ASD, NT and 

other diagnoses  

varying 
by study 

Multi-modal 
imaging, 

varying by 
study 

Psychiatric, other 
phenotypes; 

genetics and other 
metrics vary by 

study 

Yes Mixed 

• Multimodal neurosubtyping 
within ASD diagnosis or across 
both ASD and NT and/or 
multiple diagnoses. 

• Multidimensional phenotypic 
data available for validation 
along with other objective 
markers but availability is 
highly variable across studies.  

• Open sharing facilitates 
independent replications of 
findings, may need 
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independent, more deeply 
phenotype datasets 

 EU-AIMS-
LEAPd  

Large-scale prospective 
multicenter (7 site) data 
collection (2014-2016) 

(77) 

Long. (61% 
of baseline 

data 
completed 
follow-up 

assessments) 

437 ASD, ~300 
NT and mild ID, 
36 ASD twins, 
36 NT twins  

6-30 

sMRI, 
FLAIR, DTI 
R-fMRI, T-
fMRI, EEG 

Clinical symptom, 
comorbidities, 
quality of life, 

neurocognitive, 
biochemical, 

prenatal 
environmental risk 

factors and 
genomics 

No Yes 

• Multimodal neurosubtyping 
within ASD diagnosis or across 
both ASD and NT and/or ID. 

• ASD-specific multidimensional 
phenotypic data available for 
validation or data fusion along 
with other objective markers 
(e.g., eye tracking).  

• Longitudinal data in >61% of 
cases, allow to use behavioral 
outcomes for validation and 
brain trajectories for subtyping   

HBNe  

Community self-
referred multi-omic 
dataset, aiming to 

10,000 individuals from 
the New York (NY, 
USA) metropolitan 

area.   (153) 

CS 

Transdiagnostic 
(16% ASD), NT; 

To date ~3000 
data collected, 
~2000 openly 

released 

5-21 

sMRI, R-
fMRI, 

naturalistic 
viewing-
fMRI, T-

fMRI, EEG 

psychiatric, 
behavioral, 

cognitive, and 
lifestyle 

phenotypes; eye-
tracking, voice and 
video recordings, 

genetics and 
actigraphy  

Yes Yes 

• Multimodal neurosubtyping 
within ASD diagnosis or across 
both ASD and NT and/or 
multiple diagnoses. 

•  Extended multidimensional 
phenotypic datasets available 
for validation or data fusion 
along with other objective 
markers (e.g., eye tracking).  

• Open sharing facilitates 
independent data replications 
also using split samples.  

PONDf  

A clinical 
multidiscipline study of 

the neurobiology of 
multiple 

neurodevelopment 
disorders. 
(154) 

CS; Long. 
treatment in 
subsamples 

Transdiagnostic 
(ASD, OCD, 
ADHD, ID, 

unknown genetic 
syndromes) 

school-
age 

sMRI, R-
fMRI, T-

fMRI, MEG 

psychiatric, 
behavioral, 
cognitive 

No  Yes 

• Multimodal neurosubtyping 
within ASD diagnosis or across 
diagnoses.  

• Multidimensional phenotypic 
dataset available for validation  
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TABLE 2. Selected Imaging Datasets Usable for Neurosubtyping. a: http://fcon_1000.projects.nitrc.org/indi/abide/abide_I.html; b: 
http://fcon_1000.projects.nitrc.org/indi/abide/abide_II.html; c: https://nda.nih.gov/about.html; d: https://www.eu-aims.eu; e: 
http://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network/; f: https://pond-network.ca; g: http://fcon_1000.projects.nitrc.org/indi/enhanced/; h: https://generationr.nl/. 
ABIDE: Autism Brain Imaging Data Exchange; ADOS: Autism Diagnostic Observation Schedule; ADI-R: Autism Diagnostic Interview-Revised; ASD: Autism spectrum disorder; 
CS: cross sectional design; DTI; diffusion tensor Imaging; Dx; Diagnoses; EU-AIMS-LEAP: European Autism Interventions Longitudinal European Autism Project; FLAIR: Fluid 
attenuated inversion recovery image; HBN: Healthy Brain Network; ID; Intellectual disability; IQ: Intellectual quotient; Long; Longitudinal; MEG: 
Magnetoencephalography; MRI: magnetic resonance imaging; NDAR: National Database for Autism Research; NKI-RS: Enhanced Nathan Kline Institute-Rockland Sample; NL: 
Netherlands; NY: New York; NT: neurotypical; POND: Province of Ontario Neurodevelopmental Disorders; R-fMRI; resting-state functional MRI; sMRI: structural MRI; TfMRI: 
Task-based functional MRI. 
 

NKI-RSg  Community-ascertained 
life span sample. (80) CS; Long. 1000 Largely NT 6-65 sMRI, R-

fMRI 

physiological, 
psychological, 
genetic data 

Yes Mixed 

• Multimodal neurosubtyping of 
NT variance across multiple 
psychological domains 
including ASD-associated 
traits.  
The restricted number of 
individuals with ASD limits the 
assessment of ASD specificity. 
Longitudinal outcome available 
for validation 

Generation 
R/R Nexth 

 

Population-based 
prospective multi-

ethnic cohort from in 
the Rotterdam (NL) 
metropolitan area. 

eligibility: pregnant 
women with an 

expected delivery date 
between 2002 and 

2006; long-term follow-
up design (78) 

Long. 

Largely NT, a 
small proportion 
of children have 
ASD confirmed 
at age 6-9 years 
based on review 

of medical 
records.  

fetal-16 

Ultrasound 
(pre-birth); 
sMRI, DTI, 

R-fMRI 
collected 

after age 6 
years 

Health outcome, 
environmental, 

endocrine, 
genomic, lifestyle, 
nutritional, socio-

demographic 
determinants 

No Yes 

• Multimodal neurosubtyping of 
NT variance across multiple 
psychological domains 
including ASD-associated traits.  

• The restricted number of 
individuals with ASD may limit 
the assessment of ASD 
specificity. 

• Extensive longitudinal data 
offers outcome for 
neurosubtyping validation.  
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Figure 1. Minimally overlapping neurosubtyping research designs in Autism Spectrum Disorder 
(ASD). 
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FIGURE 2.  Key methodological steps in neurosubtyping. 


