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Abstract 

Background Autism and attention deficit hyperactivity disorder (ADHD) are two highly heterogeneous neurodevel-
opmental conditions with variable underlying neurobiology. Imaging studies have yielded varied results, and it is now 
clear that there is unlikely to be one characteristic neuroanatomical profile of either condition. Parsing this hetero-
geneity could allow us to identify more homogeneous subgroups, either within or across conditions, which may be 
more clinically informative. This has been a pivotal goal for neurodevelopmental research using both clinical and neu-
roanatomical features, though results thus far have again been inconsistent with regards to the number and charac-
teristics of subgroups.

Methods Here, we use population modelling to cluster a multi-site dataset based on global and regional centile 
scores of cortical thickness, surface area and grey matter volume. We use HYDRA, a novel semi-supervised machine 
learning algorithm which clusters based on differences to controls and compare its performance to a traditional 
clustering approach.

Results We identified distinct subgroups within autism and ADHD, as well as across diagnosis, often with oppo-
site neuroanatomical alterations relatively to controls. These subgroups were characterised by different combinations 
of increased or decreased patterns of morphometrics. We did not find significant clinical differences across subgroups.

Limitations Crucially, however, the number of subgroups and their membership differed vastly depending on cho-
sen features and the algorithm used, highlighting the impact and importance of careful method selection.

Conclusions We highlight the importance of examining heterogeneity in autism and ADHD and demonstrate 
that population modelling is a useful tool to study subgrouping in autism and ADHD. We identified subgroups 
with distinct patterns of alterations relative to controls but note that these results rely heavily on the algorithm used 
and encourage detailed reporting of methods and features used in future studies.
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Background
Autism and attention deficit hyperactivity disorder 
(ADHD) are heterogeneous neurodevelopmental condi-
tions whose biology and developmental patterning are not 
yet fully understood. The highly variable nature and pres-
entation of these conditions make it more challenging to 
identify biomarkers that could enhance our understand-
ing and aid in their diagnosis, which currently depends 
solely on behavioural assessment. So far, case–control 
approaches have been the main technique used to study 
these conditions; however, they overlook phenotypic and 
likely, neurobiological diversity in such heterogeneous 
disorders [1–3] by combining all individuals into a sin-
gle group, thereby masking potential differences behind 
the group average. This can lead to inconclusive or con-
tradictory findings. Identifying clear subgroups with dis-
tinct biological differences could significantly improve our 
understanding of the development of these conditions [4], 
as looking only at on-average case–control comparisons 
risks obscuring heterogeneity within the population. This 
would particularly affect subgroups that exhibit oppos-
ing effects relative to the comparison, such as increased 
or decreased total brain volume in autism. These oppos-
ing effects could cancel each other out when analysing the 
entire population, leading to inconclusive or null findings.

Many attempts to parse this heterogeneity have, for 
example, focused on delineating the neurobiology of 
autism by examining differences in total brain volume, in 
particular in early childhood. Early neuroimaging studies 
appeared to provide robust support for early brain over-
growth in very young autistic children [5–7] though with 
some contradictory findings [8], and varied results as to 
whether this overgrowth continued into late childhood or 
normalised with age [5, 9]. Crucially, the vast majority of 
these studies were conducted on cross sectional datasets 
of varying ages, and more recent studies have indicated 
that these findings and discrepancies are likely under-
pinned by the existence of distinctly defined subgroups 
with distinct neuroanatomical and clinical profiles [10]. 
Indeed, there is now strong evidence that this early brain 
overgrowth is observed only in a subset of young autis-
tic (mostly male) children, with longitudinal studies sug-
gesting that it does persist into later childhood [10–12], 
and that a smaller subset also presents with microcephaly 
[13]. Importantly, the brain overgrowth observed in a 
subset of autistic children does not appear to be uniform 
but may be driven by distinct profiles of enlarged cortical 
surface area [14] and gyrification [15], highlighting the 
importance of investigating multiple neuroanatomical 
features. There is a similar disparity across studies, albeit 
less well reproduced, in the study of ADHD, with some 
studies finding lower cortical thickness relative to con-
trols [16], whilst others find no or very small differences 

[17], and some even report greater thickness, [18, 19]. 
Although these conditions are known to be associated 
with alterations in neurodevelopment, there is no canoni-
cal neuroanatomical profile that clearly or uniformly cap-
tures them nor have clear subgroups been defined based 
on diverging neuroanatomical trajectories.

Previous studies have also used clustering approaches 
based on behaviour and clinical features, [20–22]. For 
example, a recent study that clustered autistic individu-
als using Autism Diagnostic Observation Scores Generic 
(ADOS-G) identified two subgroups with distinct restric-
tive and repetitive behaviours which showed more homo-
geneous neuroanatomical differences relative to controls 
[23]. Other studies indicate the existence of brain-based 
subgroups [24–28], which may span diagnostic catego-
ries [29], have distinct clinical characteristics [25, 30], 
and be associated with different clinical outcomes later in 
life [10]. Across this literature, results are heterogenous, 
and subgroups rarely align between studies. Novel clus-
tering algorithms, which make fewer assumptions about 
the identifiability of linear boundaries, hold promise for 
better capturing the heterogeneity in developmental con-
ditions. One such example is HYDRA (HeterogeneitY 
through DiscRiminative Analysis) [31], a semi-supervised 
machine learning algorithm that clusters individuals 
based on differences relative to a control sample. Previ-
ous research using HYDRA on structural MRI measure-
ments of cortical thickness and surface area in an autism 
and ADHD cohort yielded two subgroups with distinct 
neuroanatomical profiles relative to controls, but with no 
clinical difference across subgroups [29].

Population modelling, also known as normative mod-
elling, is a recently popularised statistical technique to 
quantify individual variation in relation to population 
norms, implicitly embracing individual heterogene-
ity. This individual variation is quantified in the form of 
centile or “deviation” scores, analogous to those used in 
conventional paediatric growth charts [32]. Crucially, 
population modelling allows us to examine individual 
subjects (i.e., as opposed to group averages) from differ-
ent sites and/or with different diagnoses, in a common 
space, and relative to a common reference group. Our 
group previously established population models to char-
acterise trajectories of structural brain changes through-
out the lifespan (“Brain Charts”) and explored their use 
to study brain development and ageing [19, 33]. Specifi-
cally in the context of neurodevelopmental conditions, 
it has been used to examine how much a given individ-
ual diverges from a typical trajectory. In the context of 
autism and ADHD, it has allowed researchers to explore 
the heterogeneous anatomy of individuals with these 
conditions [34], as well as the modulatory effects of age 
and sex [19].
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Population modelling has already been implemented 
to assist with the identification of subgroups; for exam-
ple, one previous study used measures of cortical thick-
ness in a dataset of 316 autistic participants to identify 5 
separate clusters with distinct neuroanatomical profiles 
and associations with different clinical presentations 
[28]. Another study used population modelling to clus-
ter autism based on grey matter volume measurements 
and identified two subgroups with increased volume 
compared to controls, and one with decreased volume 
[35]. Sample sizes in previous studies have been relatively 
small, and no studies thus far have used population mod-
elling to cluster autism and ADHD transdiagnostically.

Here we sought to combine population modelling 
with a novel clustering algorithm to explore the exist-
ence of subgroups in a cross-diagnostic developmental 
context using a large, aggregated dataset of individuals 
with and without neurodevelopmental conditions [19]. 
We first applied HYDRA to the dataset to examine sub-
groups based explicitly on differences within the clini-
cal cohort relative to controls, whilst controlling for the 
innate heterogeneity of a large multi-site, transdiagnos-
tic dataset that spans 2–60  years of age. We expanded 
the work carried out by Itahashi et  al. [29] by applying 
HYDRA to a larger cohort of autistic and ADHD par-
ticipants, including both male and female, from multiple 
sites. In addition, we used centile scores instead of raw 
structural values with the aim of leveraging their abil-
ity to capture an individual’s specific structural variation 
with respect to same-sex and same-age controls. Fur-
thermore, we clustered individuals based on the different 
measurements collectively, instead of separately, to better 
understand the relationship between these features. We 
then compared this novel method to an alternative and 
more commonly used data-driven clustering approach, 
k-medoids [36], combined with the dimensionality reduc-
tion technique Uniform Manifold Approximation and 
Projection (UMAP) [37], to examine the consistency of 
results. Additionally, we explored subgroups both within 
diagnosis (autism and ADHD separately), and across 
diagnoses (both groups combined). Given the high het-
erogeneity of both conditions, as well as phenotypic and 
genetic overlap between them, this allowed us to exam-
ine the potential existence of transdiagnostic subgroups 
which may improve our understanding of the similarities 
and differences between these conditions.

Methods
Dataset
T1-weighted MRI scans were obtained from 48 differ-
ent sites across 7 datasets as previously described in 
[19]. Quality control was conducted using FreeSurfer 
Quality Control (FSQC) [38]; based on previous work 

by our group, where any participants with a FSQC > 2.5 
were removed. Our sample included autistic individuals, 
individuals with ADHD, and controls. Here, we use ‘con-
trols’ to refer to individuals in our sample with no known 
neurodevelopmental, psychiatric, or physical diagnosis. 
While there were some participants who had a dual diag-
nosis of autism and ADHD, we did not have information 
of secondary diagnosis for all participants, thus individu-
als were included in the group of their primary diagno-
sis. The final dataset comprised 4115 participants (1823 
controls [1151 male, 672 female], 987 individuals with 
ADHD [717 male, 270 female], and 1305 autistic individ-
uals [1035 male, 270 female]). A summary of the partici-
pant demographic per site can be found in Table S1. Not 
all sites contained individuals across the three groups 
(autism, ADHD and control). Because the age range of 
the ADHD group was much narrower than the autism 
and control groups, in analyses on ADHD only, only con-
trols within the same age range were used.

Data processing
All scans were processed using FreeSurfer version 6.0.1 
[39] and parcellations were extracted using the Desikan-
Killiany atlas [40], as the Brain Charts [33] model used to 
derive the centiles is only available for this parcellation. 
Estimates for each cortical region were averaged across 
hemispheres due to the availability of Brain Chart mod-
els. Analyses were conducted on centile scores derived 
using Generalised Additive Models of Location Scale and 
Shape (GAMLSS), based on the Brain Chart models pre-
viously generated and published by our group [33]. These 
models were generated and extensively validated based 
on over 75,000 typically developing individuals [33], and 
out-of-sample centile scores for each participant were 
then generated for the current sample based on these ref-
erence models. In the original paper, a leave-one-study-
out analysis demonstrated high reliability and stable and 
unbiased estimates for out-of-sample centile scores (sup-
plementary methods section S1.1). Additional details can 
be found in supplementary methods Sect. 1.8 of [33] and 
supplementary methods Sect. "Methods" of [19].

Given the additional variability in the clinical data, and 
the small size of some sites, the data was first harmonised 
using ComBat, a common site harmonisation tool [41], 
as described in [19, 42], before generating centile scores 
with GAMLSS. For each individual, we obtained centile 
scores for six global measurements: total grey matter vol-
ume (GMV), subcortical grey matter volume (sGMV), 
white matter volume (WMV), surface area (SA), mean 
cortical thickness (CT), and ventricular volume, as well 
as regional cortical measures of thickness, volume and 
surface area (34 regions per measure, based on the Desi-
kan-Killiany parcellations).
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Measures of autistic and ADHD traits were used for 
comparison between subgroups. This clinical data was 
only available for a subset of participants in our dataset, 
and included the Autism Diagnostic Observation Sched-
ule Calibrated Severity Score (ADOS CSS) (764 partici-
pants: 13 ADHD, 732 autism, 19 controls), the Repetitive 
Behaviour Scale—Revised (RBS—R) (1492 participants: 
456 ADHD, 594 autism, 442 control), the Social Respon-
siveness Scale (SRS) (1676 participants: 372 ADHD, 602 
autism, 702 control), and the Strengths and Weaknesses 
of ADHD Symptoms and Normal Behaviour Inattentive-
ness subscale (SWAN I) (801 participants: 326 ADHD, 
286 autism, 189 control), and hyperactivity subscale 
(SWAN HI) (799 participants: 325 ADHD, 285 autism, 
189 controls).

Clustering
We performed clustering analyses on both global and 
regional cortical measures to identify potential subgroups 
of autistic and ADHD participants with similar neuro-
anatomical profiles, based on normalised centile scores. 
Given previous findings [19] showing that variations in 
cortical thickness related to autism are localised to the 
superior temporal cortex, whereas ADHD individuals 
show more global level variations in cortical thickness, 
surface area and volume, we decided to apply clustering 
at both the regional and global level, using a data-driven 
approach to identify regions and features that may be 
particularly relevant for identifying subgroups. We used 
two different algorithms, as outlined below, to explore 
different methods of potential subgroup identification, 
and the extent to which this impacts the resulting sub-
groups. Clustering was performed both within each diag-
nosis (autism or ADHD only), and across diagnosis (in a 
combined dataset including autistic and ADHD individu-
als together), to examine the extent to which subgroups 
fall along diagnostic boundaries. For each analysis, clus-
tering was first carried out using only the global features 
and then using regional measures. To determine the 
regional effect, we corrected regional centiles for total 
tissue centile scores by means of subtraction, to aid inter-
pretation and following from the normal distribution of 
the original centiles. This was done by subtracting the 
corresponding global centile score from each regional 
value: i.e. mean cortical thickness (CT), total surface area 
(SA), and total  grey matter volume (GMV) were sub-
tracted from regional cortical thickness, surface area, and 
grey matter volume values, respectively.

HYDRA
To examine subgroups of a given condition relative to a 
reference control group, we used the HYDRA clustering 
algorithm, a novel non-linear, semi-supervised machine 

learning algorithm [31]. Based on the assumption that 
there is no single pattern that distinguishes a given condi-
tion, HYDRA uses multiple hyperplanes to first separate 
the case and control groups using supervised learning, 
based on the input imaging features, and then cluster the 
diagnosed individuals based on their differences relative 
to controls. By using the control group as a reference, 
HYDRA avoids identifying clusters that reflect variability 
due to noise or demographic factors such as age or sex, 
rather than actual heterogeneity related to the condi-
tion in question [31]. The similarity between the differ-
ent cluster solutions is assessed using the Adjusted Rand 
Index (ARI), which is computed through cross-valida-
tion, and the solution with the highest ARI represents the 
optimal number of clusters. The ARI score is a measure 
of how similar two clustering solutions are. It can take 
any value from -1 to 1 where 0 means that agreement 
between solutions is what we would expect by chance, 1 
means they perfectly overlap, and negative values indi-
cate that the agreement between solutions is less than 
the expected by chance. Although the centiles are already 
derived from comparisons against the controls, cluster-
ing using them remains useful. The controls still span the 
entire centile range, allowing algorithms like HYDRA 
to identify differences between them and the disorder 
cohort beyond inherent population variations. HYDRA 
has been validated using both imaging and genetic data, 
in comparison to other supervised and unsupervised 
machine learning techniques, and on both simulated 
and clinical data. For more details on HYDRA methods, 
see [31]. We implemented HYDRA on MATLAB, fol-
lowing instructions and parameters found here https:// 
github. com/ evarol/ HYDRA. Specifically, we imple-
mented HYDRA with 20 clustering consensus steps, and 
50 iterations between estimating hyperplanes and cluster 
estimation.

Here, we ran three-fold cross-validation and evalu-
ated HYDRA from k = 2 to k = 5 clusters in line with 
previously reported ranges of clustering solutions in lit-
erature [25, 26, 28, 29]. Given that HYDRA is a compu-
tationally expensive algorithm, especially when applied 
to large datasets, we initially tested clustering solutions 
up to k = 10 on the global autism dataset. Since the per-
formance of clusters 6–10 did not surpass that of clus-
ters 2–5, we decided to run all remaining datasets with k 
ranging from 2 to 5 (Figure S1).

K—medoids and UMAP
Next, in order to compare and contrast HYDRA-gener-
ated subgroups with a relatively simpler and more widely 
used technique, we used k-medoids clustering combined 
with the dimensionality reduction technique Uniform 
Manifold Approximation (UMAP) [37] to cluster the 

https://github.com/evarol/HYDRA
https://github.com/evarol/HYDRA
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data, again both within diagnosis and transdiagnostically. 
Dimensionality reduction transforms high dimensional 
data into low dimensional space while retaining mean-
ingful properties of the original data but allowing for 
easier interpretation and downstream analysis or clus-
tering. UMAP is a nonlinear dimensionality reduction 
technique, similar to the commonly used t-distributed 
Stochastic Neighbour Embedding (tSNE) [43], but faster 
and with better preservation of the global data structure 
[37].

K-medoids clustering was then performed using the 
pamk (partitioning around medoids) package in R, using 
the pam algorithm with no scaling and Euclidean dis-
tance [44]. K-medoids clustering attempts to divide the 
data into groups, by designating a centre point (medoid) 
in each cluster, and minimising the distance between 
each point and the medoid. We selected the solution 
with the highest silhouette score as the optimal number 
of clusters. The silhouette score measures how well-sep-
arated clusters are by comparing the distances between 
points within the same cluster and those in neighbouring 
clusters. The scores range from -1 to 1, with higher aver-
age scores indicating better-defined clusters. To choose 
the optimal number of clusters, we ran each analysis 
from k = 2 to k = 10 and selected the solution with the 
highest silhouette score.

K-medoids is a fully unsupervised clustering method 
and is not designed to distinguish between controls and 
other groups, unlike HYDRA. In order to compare both 
techniques, we removed the control group from each 
dataset when using this implementation, and clustered 
only on autistic and/or ADHD individuals. We then com-
pared resulting subgroups to controls on neuroanatomi-
cal and clinical measures.

Post clustering analysis
After determining the optimal number of clusters, we 
examined neuroanatomical, clinical and demographic 
differences, both between subgroups and against con-
trols. Permutation tests were used to calculate significant 
differences between the neuroanatomical profiles of con-
trols and each subgroup with a significance threshold of 
p < 0.05. All results were corrected for the false discovery 
rate (FDR) at 0.05. In addition, for the neuroanatomical 
analyses, we calculated effect sizes using Cohen’s d to 
examine the magnitude of the differences at each regional 
location. Chi-squared tests were implemented to exam-
ine differences in diagnosis and site between subgroups 
and Kruskall-Wallis tests with a significant threshold of 
p < 0.05 were used to examine differences in IQ, age, and 
FSQC.

Benjamini–Hochberg FDR correction [45] was also 
applied to these measures at a threshold 0.05. We also 

calculated the Normalised Mutual Information (NMI) 
between different clustering solutions, both across tech-
niques and across corrected and uncorrected datasets, to 
measure the overlap between them.

For both clustering methods, autism and ADHD were 
initially investigated separately, to attempt to maximise 
clinical interpretability and utility, and then they were 
combined in a single dataset to examine transdiagnostic 
clustering solutions.

Results
Subgroup number and stability
Global features
When using global features, HYDRA identified two clus-
ters as the optimum number across all datasets: autism 
ARI = 0.799, ADHD ARI = 0.717, autism and ADHD 
ARI = 0.905. Similarly, k-medoids identified two clusters 
as the optimal solution across all global datasets: autism 
silhouette score = 0.483, ADHD silhouette score = 0.473, 
autism and ADHD silhouette score = 0.459. Visualis-
ing the clustered individuals projected onto the UMAP 
embeddings showed a clear divide along the second 
UMAP embedding (Fig. 1). The ARI score of the optimal 
solution for HYDRA was considerably higher than the 
next best solution (Figure S2a). This was not the case for 
k-medoids, where the silhouette score was similar across 
all possible clustering solutions (Figure S2b).

Regional features
In order to gain further insight into the differences 
between the subgroups, we performed clustering on the 
regional centile scores, based on Desikan-Killiany parcel-
lations. Using these measures, HYDRA still identified two 
clusters as the optimal number for autism (ARI = 0.503). 
However, the optimal number of clusters for the ADHD 
and the autism and ADHD combined regional datasets 
increased to three (ARI = 0.509, ARI = 0.494 respectively). 
The ARI scores were overall lower for the regional data-
set than for the global dataset, and the difference between 
the optimal solution and the others slightly decreased, 
suggesting lower stability of clusters (Figure S2a).

K-medoids regional results were consistent with those 
identified using global features: two clusters was the 
optimal solution across all datasets (autism silhouette 
score = 0.526, ADHD silhouette score = 0.442, autism and 
ADHD silhouette score = 0.465), however the silhouette 
scores were similar across all potential numbers of clus-
ters (Figure S2b). The distribution of the clusters across 
the UMAP embeddings looked very similar to the global 
result (Fig.  1b). The first embedding appears to be cap-
turing cortical thickness, and the second embedding is 
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capturing total grey matter volume and total surface area 
(Figure S3a and b).

Given the similarity between these regional results and 
those based solely on the global features, we decided to 
rerun the clustering after correcting for global effects. 
This allowed us to examine whether the initial local 
results were driven by global effects and examine any 
regionally-specific effects. With this corrected dataset, 
HYDRA identified three optimal clusters across all data-
sets: autism ARI = 0.602, ADHD ARI = 0.497, autism 
and ADHD ARI = 0.458. K-medoids, on the other hand, 
identified four clusters for all datasets: autism silhouette 
score = 0.497, ADHD silhouette score = 0.476, autism and 
ADHD silhouette score = 0.505. The UMAP embeddings 
plot showed clear divides across both axes in the autism 
and combined datasets (Fig.  1c). Similar to the global 
results, each UMAP embedding seems to be capturing 

different features: cortical thickness appears to be repre-
sented in the first embedding and surface area and vol-
ume in the second one (Figure S3c).

There is moderate overlap between the solutions 
from the different techniques for all global datasets: 
autism NMI = 0.4869, ADHD NMI = 0.5359, combined 
NMI = 0.577 (Figure S4).

Subgroup differences relative to controls
We next examined differences in neuroanatomical and 
clinical features between each subgroup and the control 
group. When using HYDRA, all datasets were clustered 
directly against the controls; while this was not the case 
for k-medoids, we compared the subgroups to the con-
trols post hoc.

First, we examined the differences between subgroups 
and controls for the global dataset.  Overall, all datasets 

Fig. 1 Scatter plot showing distribution of individuals across UMAP embeddings (X1 and X2), coloured by subgroup. Each row corresponds 
to a different set of features: a global, b regional uncorrected, c regional corrected. Scatter plots for the combined dataset are also coloured 
in by diagnostic
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showed a clear pattern where one subgroup presented 
with significantly increased SA and GMV, and the other 
subgroup with decreased SA and GMV, relative to con-
trols (Fig.  2). In addition, across all HYDRA results, 
there was also a significant difference in cortical thick-
ness between the controls and each subgroup, where the 
direction of cortical thickness alterations was opposite 
to SA and GMV. WMV and sGMV followed similar pat-
terns to SA and GMV, but ventricular volume showed 
a wider centile range in each subgroup (Figs. 2 and S5). 
Using k-medoids, we found consistent significant differ-
ences between subgroups and controls in the combined 
dataset, while the individual datasets exhibited varying 
significant differences across features and subgroups.

We then explored further differences between the con-
trols and subgroups by looking at the results based on 
regional clustering.

Autism
Using HYDRA, we identified subgroups with similar 
patterns to the global results in the autism dataset. The 
first subgroup had increased SA and GMV, whilst the 
second subgroup showed decreased SA and decreased 
GMV. These effects appeared to be global across the 
cortex, with stronger effect sizes than CT. Additionally, 
differences in CT were significant in fewer regions and 
exhibited a less consistent direction within a subgroup 
(Fig.  3a). Given the similarities with the global results, 
this solution could have been driven by global effects in 
the dataset. When the regional features were corrected 
for global effects, however, the number of subgroups 
increased to three and the effect sizes decreased con-
siderably, with no clear differences remaining between 
subgroups. The NMI across uncorrected and corrected 
datasets was small (NMI = 0.0017) indicating that the 
solutions were highly dissimilar (Figure S6a).

Similar to HYDRA, the k-medoids solution for the 
regional uncorrected dataset comprised two distinct sub-
groups, one with greater surface area and volume, and 
one with the opposite effect. However, in the corrected 
case, four subgroups were identified instead of two. The 
four subgroups displayed a similar pattern to the uncor-
rected case: two subgroups had higher SA and GMV 
relative to controls, and two subgroups had decreased 
SA and GMV. For each of these pairs of subgroups, one 
subgroup presented with increased CT, and the other one 
had decreased CT. This can be observed in the alluvial 
diagram (Figure S6b) where both subgroups in the uncor-
rected case contained individuals with both high and low 
CT, but after the correction, subgroups contained either 
high or low CT individuals. The NMI between regional 
solutions was higher than the HYDRA solution, but still 

low (NMI = 0.2686), indicating small overlap between 
solutions.

The overlap across techniques was high for the regional 
uncorrected dataset where the different solutions agreed 
in the optimal number of clusters, but very low in the 
corrected case where they differed (NMI Regional 
uncorrected = 0.4289, NMI Regional corrected = 0.0052, 
Fig. 3b).

Individual tables summarising all clinical and demo-
graphic results for the autism subgroups across tech-
niques and datasets can be found in the supplementary, 
Tables  S2–S7. There were no significant differences 
in clinical or demographic features in the global data-
set for HYDRA (Figure S7). For this dataset, the 
k-medoids subgroups had a significant difference in 
age (q − value = 0.026, Cohen’s d = 0.106), RBS-R score 
(q − value = 0.026, Cohen’s d = -0.206) and SWAN ADHD 
Inattention (q − value = 0.026, Cohen’s d = -0.313). In the 
regional uncorrected HYDRA subgroups, there was a 
significant difference in age (q − value = 0.044, Cohen’s 
d = 0.090) and IQ (q − value = 0.032, Cohen’s d = 0.144). 
Finally, for the regional corrected solution obtained 
with k-medoids, there was a significant difference 
across subgroups in FSQC (q − value < 0.0001) and site 
(q − value < 0.0001).

ADHD
For the uncorrected regional dataset, HYDRA identified 
three subgroups with reduced SA and GMV relative to 
controls (Fig. 4a). The effect sizes and significant regions 
varied across subgroups with subgroup 1 having the 
highest number of significant regions, and none observed 
in subgroup 3. After correcting for global effects, the pat-
tern across subgroups shifted, with all subgroups show-
ing slight increases in SA and GMV relative to controls 
and smaller effect sizes. There were only a few signifi-
cant regions across the subgroups, which were primarily 
localised to the superior frontal cortex and the insula. In 
both cases, there was more local variability in the direc-
tion of the differences across regional measures of CT 
than GMV or SA. Similarly to the autism solution, there 
were little similarities between the uncorrected and cor-
rected solutions (NMI = 0.0026, Figure S6a).

The k-medoids solution demonstrated the same pattern 
as the k-medoids autism subgroups: the two uncorrected 
subgroups presented with decreased and increased SA 
and GMV respectively, which then split into four differ-
ent subgroups in the corrected case, capturing differ-
ences in cortical thickness (Fig. 4a). In both the corrected 
and uncorrected cases, the effect sizes were higher than 
using HYDRA. The similarity between uncorrected and 
corrected solutions was slightly higher than for HYDRA 
(NMI = 0.2545, Figure S6b).
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Fig. 2 Violin plots showing the difference between controls and subgroups for the main global features: total grey matter volume (GMV), mean 
cortical thickness (CT), total surface area (SA), white matter volume (WMV), subcortical grey matter volume (sGMV), ventricular volume (V). Each 
row corresponds to a different dataset. a HYDRA, b UMAP and K-medoids
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The overlap of participants across HYDRA and 
k-medoids subgroups was minimal across both regional 
datasets (NMI = 0.0003 and NMI = 0.0016 for uncor-
rected and corrected respectively, Fig.  4b). Individual 
tables summarising all clinical and demographic results 
for the ADHD subgroups across techniques and data-
sets can be found in the supplementary, Tables S8–S13. 
For both HYDRA and UMAP, there was a significant dif-
ference in IQ between subgroups in the global dataset 

(HYDRA q − value = 0.003, Cohen’s d = 0.281, and 
k-medoids q − value = 0.038, Cohen’s d = 0.224, Figure 
S7). There were no further differences in clinical features 
across datasets. As in the autism k-medoids subgroups, 
there was a significant difference in site and FSQC 
across regional corrected k-medoids subgroups (FSQC 
q − value < 0.001 and site q − value < 0.001).

Fig. 3 Autism regional features results. a Differences in regional features between controls and autism subgroups, both uncorrected and corrected 
for global effects. The brain plots show Cohen’s d effect size, where red represents a positive effect size (subgroup > control), and blue 
a negative effect size (subgroup < control). Significant regions are outlined in black. b Alluvial showing flow of participants across techniques 
for the uncorrected and corrected cases. The colour indicates the subgroups identified by HYDRA
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Combined dataset
The HYDRA subgroups for the combined dataset dis-
played similar patterns to the ones identified for ADHD 
(Fig.  5a). The initial dataset with uncorrected regional 
values was split into three subgroups, all with decreased 
surface area and volume relative to controls, though 
these differences were not significant in subgroup 3. 
After correcting for global effects, the significant effects 
disappeared, and the direction of the effect size was 
reversed, with subgroups having higher SA and GMV 

than the controls, though not significantly so. The uncor-
rected and corrected solutions were highly dissimilar 
(NMI = 0.0004, Figure S6a).

The k-medoids subgroups displayed the same pat-
tern as the previous k-medoids results: two subgroups 
were identified for the uncorrected data, showing oppo-
site patterns of SA and GMV, which then split into four 
when correcting for global effects. The effect sizes were 
stronger than for HYDRA with widespread significant 
differences across the cortex (Fig.  5a). The NMI across 

Fig. 4 ADHD regional features results. a Differences in regional features between controls and ADHD subgroups, both uncorrected and corrected 
for global effects. The brain plots show Cohen’s d effect size, where red represents a positive effect size (subgroup > control), and blue 
a negative effect size (subgroup < control). Significant regions are outlined in black. b Alluvial showing flow of participants across techniques 
for the uncorrected and corrected cases. The colour indicates the subgroups identified by HYDRA
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regional uncorrected and corrected solutions was low, 
but higher than for the HYDRA solution (NMI = 0.2815, 
Figure S6b).

Similar to the ADHD case, the overlap in solu-
tions across techniques was very small (NMI = 0.0004, 
NMI = 0.0003 for regional uncorrected and corrected 
respectively, Fig.  5b). Individual tables summarising all 
clinical and demographic results for the combined sub-
groups across techniques and datasets can be found in the 
supplementary, Tables S14–S19. For the global datasets, 
both HYDRA and k-medoids subgroups had significant 

differences in their IQ (HYDRA q − value < 0.001, Cohen’s 
d = -0.205, and k-medoids q − value < 0.0001, Cohen’s 
d = 0.217, Figure S7). In the regional uncorrected data-
set, the k-medoids subgroups had a significant differ-
ence in age (q − value = 0.026, Cohen’s d = -0.112) and 
IQ (q − value = 0.025, Cohen’s d = -0.142). There was 
also a significant difference in the diagnosis across 
k-medoids subgroups in the regional corrected dataset 
(q − value = 0.025): autistic individuals were overrep-
resented in subgroup 4 compared against all other sub-
groups in a post hoc chi-squared test (p − values = 0.01, 

Fig. 5 Combined dataset regional features results. a Differences in regional features between controls and Autism and ADHD Subgroups, 
both uncorrected and corrected for global effects. The brain plots show Cohen’s d effect size, where red represents a positive effect size 
(subgroup > control), and blue a negative effect size (subgroup < control). Significant regions are outlined in black. b Alluvial showing flow 
of participants across techniques for the uncorrected and corrected cases. The colour indicates the subgroups identified by HYDRA
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0.01, 0.02 for subgroups 1, 2 and 3 respectively). IQ 
was also significantly different across these subgroups 
(q − value = 0.004). Finally, similar to the ADHD case, 
there was a significant difference in FSQC and site for the 
combined regional subgroups identified with k-medoids 
(FSQC q − value < 0.0001 and site q − value < 0.0001). 
However, when visualising the distribution of sites across 
the two UMAP embeddings, no obvious clustering 
according to site is observed (Figure S8).

Comparison across methods
Overall, the patterns observed within a single cluster-
ing technique were more consistent than those observed 
across different techniques applied on the same dataset. 
Although there was agreement across k-medoids and 
HYDRA for the global datasets, there was little agree-
ment across the regional ones (Figs.  3, 4, 5). When the 
regional measures were corrected for global effects, sig-
nificant differences disappeared for the HYDRA solu-
tions, and the subgroups did not display distinguishable 
neuroanatomical characteristics. On the other hand, for 
k-medoids, the effect sizes of the regional corrected data-
set were still comparable to the regional uncorrected 
results. Generally, the ARI and silhouette scores observed 
were low, with no obvious peaks (Figures S2), indicating 
that the clusters were not well-separated or easily dis-
tinguishable into a clear number of subgroups. The larg-
est difference between scores was observed for HYDRA 
solutions obtained using the global dataset, where the 
optimal cluster’s ARI was considerably higher than that 
of the next best solution.

Discussion
In this paper, we used two different clustering algorithms 
to identify subgroups, both within and across autism and 
ADHD diagnoses, based on centile scores derived from 
population modelling. We compared our results across 
two different clustering implementations, as well as the 
effect of using global or regional features, and examin-
ing conditions individually or transdiagnostically. Most 
notably, we found that the optimal number of subgroups 
differs greatly depending on the algorithm chosen and 
features used, raising significant implications for the 
interpretation of studies focused on data-driven sub-
grouping methods, as well as the comparison of results 
between studies using different methods and algorithms.

Clustering based on global features
When clustering using global neuroanatomical features, 
results were similar across all datasets and methods. In 
all cases, two subgroups with opposite effects were iden-
tified: one with increased GMV and SA, and one with 

decreased GMV and SA relative to controls. Most data-
sets also had a significant difference in cortical thickness 
between the control group and the subgroups, but with 
a less consistent pattern. For the UMAP and k-medoids 
results, the UMAP embedding plot showed a clear sep-
aration across the second embedding for all datasets, 
which captured surface area and grey matter volume. For 
HYDRA, using the global features resulted in the high-
est ARI scores, as well as the greatest difference between 
the optimal solution and the others. This is likely caused 
by the lower dimensionality of the data when using global 
features compared to regional values which results in 
lower noise.

In some of our clustering solutions, we found  certain 
individuals that, despite having a very large centile oppo-
site to the subgroup, still get classified in that specific 
subgroup. This would be the case, for example, of an indi-
vidual with a GMV centile of + 0.75 getting classified into 
the ‘small’ brain subgroup. It is important to take into 
consideration that even in the global datasets, the data is 
clustered based on 6 global measurements: grey matter 
volume, surface area, cortical thickness, subcortical grey 
matter volume, ventricular volume, white matter volume. 
Therefore, the allocation to a specific subgroup is driven 
by the interaction of all of these variables, not just one 
in particular. It is also possible that an individual with a 
very high centile for GMV also has a low centile for CT 
(Figure S5). Although GMV, SA, sGMV and WMV are 
largely consistent in the directions across subgroups, CT 
and ventricular volume are more variable, and thus can 
have an impact on the subgrouping. Overall, most indi-
viduals do follow the general patterns of the subgroups.

The objective behind using all of the global measure-
ments together during clustering was to capture pat-
terns across them that could not be seen if the clustering 
had been carried out manually. In order to ensure that 
these purely data-driven methods can yield interpretable 
results, it is key to carry out appropriate post-clustering 
analysis, such as looking at the silhouette or ARI scores 
and comparing results across algorithms.

Clustering based on regional features
Regional uncorrected features
In order to further disentangle the differences between 
subgroups, we next clustered the data based on regional 
centile scores, with the aim of identifying more localised 
differences relative to controls. HYDRA still identified 
two subgroups as the optimum number for the autism 
dataset, with similar neuroanatomical profiles to the 
global results. For ADHD and for the combined data-
set, however, the optimal number of clusters was three, 
suggesting that the ADHD individuals were potentially 
driving the results observed in the combined dataset. In 
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addition, the patterns across subgroups in the combined 
dataset looked more similar to the ADHD subgroups 
than the autism ones. For k-medoids, the optimal num-
ber of clusters identified with regional features was the 
same as for the global dataset for all groups, and the pro-
jections onto the two UMAP embeddings also showed 
the same partitioning as for the global result.

Regional features with global correction
Finally, to clarify whether these results were driven 
by global or regional effects, we clustered the data on 
regional features that were corrected for global effects 
by subtracting the corresponding global centile score 
from each regional value. Using the corrected dataset, 
HYDRA identified three optimal clusters across all data-
sets. Similar to the uncorrected case, the ARI scores were 
lower and closer to each other than for the global data-
set. K-medoids, on the other hand, consistently identified 
four subgroups across all datasets.

Autism results
For both the global and regional uncorrected datasets, 
across both techniques, the optimal number of clusters 
identified for autism was two. These clusters showed dis-
tinct and opposite effects relative to the control group: 
one with increased surface area and grey matter vol-
ume, and the other with decreases in these features. In 
the regional uncorrected results, although the effect sizes 
and the number of significant regions were stronger for 
both SA and GMV, the subgroups also showed differ-
ences in cortical thickness: subgroup 1 presented with 
overall decreased CT, whereas subgroup 2 had an over-
all increase. This difference was further amplified when 
correcting for global effects in the k-medoids solution: 
the two clusters split into four, where two clusters had 
increased CT and two had decreased CT. In contrast, 
when correcting for global effects and implementing 
HYDRA, the effect sizes decreased greatly, and no sig-
nificant regions remained. This indicates that HYDRA 
was not able to capture neuroanatomically different sub-
groups when the data was corrected for global effects. 
Our findings suggest that, rather than being restricted 
to specific brain regions, differences between autistic 
and non-autistic individuals manifest at a more global 
level (Fig. 2a). While the majority of autistic individuals 
have global brain measures within the typical range, our 
analyses indicate that the observed differences are not 
confined to discrete regions but instead reflect broader 
patterns of variation.

Given that when using HYDRA we are clustering 
autistic individuals against controls, we initially might 
expect 3 clusters to be found: one capturing microceph-
aly, one capturing macrocephaly, and one representing 

‘typically’-sized brains. However, the optimal number of 
clusters was two when clustering the global dataset using 
HYDRA. It is possible that HYDRA is sensitive to small 
deviations and clusters together individuals with the 
same trend, independent of the magnitude, as it is trying 
to find heterogeneity within the condition cohort.

In the case of k-medoids, where no controls were 
included in the clustering, we also found a 2-class solu-
tion for the global and regionally uncorrected autism 
datasets. As there were no controls in this dataset, and 
thus no label for ‘typical’, we might expect two clusters 
to arise capturing microcephaly and macrocephaly. The 
distribution of individuals across the UMAP embed-
dings does not show any clear clusters (Fig.  1), and the 
silhouette scores were close to each other. Therefore, 
although the solution was statistically optimal, the data 
was not highly separable. The overlap between HYDRA 
and k-medoids solutions was high for the global dataset, 
showing that similar patterns had been identified across 
methods for this particular dataset.

The two clusters identified here are also consistent with 
some previous work [23, 29, 36]. Finally, it is also possible 
that age related differences are impacting our findings, 
given the wide age range of our dataset, and that there is 
as of yet no consensus on findings of micro/macroceph-
aly later in life.

In the global dataset solution generated with 
k-medoids, the subgroups showed significant differ-
ences in age, RBS-R Total and SWAN ADHD Inattention. 
However, the effect sizes were small. IQ and age also dif-
fered significantly for the regional uncorrected HYDRA 
subgroups, again with small effect sizes. Overall, the 
significant differences in clinical features between sub-
groups were not consistent across datasets using different 
features or different clustering techniques.

Previous studies using neuroimaging phenotypes to 
cluster within autism have similarly found subgroups 
with increased and decreased cortical thickness and sur-
face area, although the number of clusters varies between 
studies. In a recent study, Zabihi et al. observed 5 distinct 
subgroups of autism with different clinical profiles using 
population modelling [28]. On the other hand, Itahashi 
et al. reported two clusters implementing HYDRA within 
a male-only autistic and ADHD cohort using measures 
of CT and SA separately [29]. There was no relationship 
between the diagnosis and the subgroups identified in 
the study. These findings further reinforce that the num-
ber of subgroups identified is highly dependent on the 
data used and the algorithms chosen. A previous study 
that clustered autistic individuals based on their ADOS-
G scores found two distinct subgroups. Using normative 
modelling, they were able to compare neuroanatomical 
differences between the subgroups and found that the 
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direction of the CT deviations varied within each sub-
group, similar to our findings [23]. Additionally, the study 
highlights significant heterogeneity within subgroups 
as the accuracy of a support vector machine did not 
improve when clustering the controls against the sub-
groups instead of against all of the autistic individuals.

Our results are in line with research suggesting that 
previously inconsistent findings with regards to brain 
overgrowth in autism may in fact be capturing distinct 
subgroups within the autistic population, including one 
with macrocephaly [10, 11], highlighting the importance 
of examining heterogeneity and differences within clini-
cal cohorts instead of focusing only on case-control anal-
ysis. Previous research suggests young autistic boys are 
much more likely than girls to fall into the macrocephaly 
subgroup [10, 11, 46]. Here, we did not find a significant 
sex difference, however, unfortunately, our female sample 
may have been underpowered, and this is an important 
future topic of investigation. Critically, these subgroups 
have been demonstrated to also have distinct behavioural 
and clinical profiles, as well as functional outcomes [10, 
46]. Unfortunately, we were also limited in our ability to 
explore clinical differences between subgroups due to the 
consistent availability of clinical data across sites in our 
dataset; however, future research on better characterised 
samples will be critical to achieving clinical translation or 
utility from subgrouping research.

ADHD results
In the ADHD global dataset, both algorithms identified 
two distinct subgroups as the optimal solution, each one 
presenting with increased or decreased SA and GMV. 
However, the solutions for the regional datasets dif-
fered greatly across methods. For the regional uncor-
rected dataset, HYDRA identified 3 clusters, all with 
slight decreases in SA and GMV relative to the controls; 
however, these differences were only significant in some 
regions for subgroups 1 and 2, with very small effect 
sizes, and with no significant differences in subgroup 3. 
The direction of CT variations were less consistent within 
subgroups, and only one region was significant across 
all three groups. After correcting for global effects, the 
patterns across subgroups looked very different: all sub-
groups showed an overall relative increase in surface area 
and grey matter volume with respect to the controls, but 
with very few regions reaching significance. The regions 
which did show significant increases relative to controls 
were localised to the prefrontal cortex and insula, rather 
than the widespread effect across the cortex observed in 
other analyses. The prefrontal cortex is a highly relevant 
area for ADHD and has been consistently implicated in 
neuroimaging studies, and linked to difficulties in regu-
latory and reward behaviours, social and emotional 

processing, planning, and cognitive control in diagnosed 
individuals [17, 47–50]. The solution for k-medoids, how-
ever, captured two distinct subgroups for the uncorrected 
dataset that separated into four clusters in the corrected 
case, as was observed in the autism dataset. Although 
there were no clinical differences across subgroups, there 
was a significant difference in IQ in the global dataset for 
HYDRA and k-medoids, where in both cases subgroup 1 
had a slightly higher IQ than subgroup 2. The effect sizes 
in both cases were small.

Combined dataset results
In the autism and ADHD combined dataset, the HYDRA 
solutions strongly resembled those obtained in the 
ADHD dataset. In addition, the k-medoids solution 
reflected the same pattern as for the single-diagnosis 
datasets, with two subgroups that split into four after 
correcting for global effects. Both methods identified 
a significant difference in IQ between subgroups in the 
global dataset, again with small effect sizes. In addition, 
the k-medoids derived subgroups showed significant dif-
ferences in age and IQ in the regional uncorrected data-
set, and differences in IQ and diagnostic in the regional 
corrected dataset. In this last case, although all subgroups 
contained participants from both diagnoses, subgroup 4 
had a reduced ratio of ADHD to autistic participants and 
also a significantly increased IQ with respect to two other 
subgroups. The differences in diagnostic group, IQ and 
site across the combined dataset all appear to be linked 
as the ADHD participants had overall lower IQ and came 
from different sites than the autism participants. Thus, 
it is difficult to disentangle these results and understand 
which one was driving the clustering.

Itahashi et al. [29] used HYDRA to cluster a cohort of 
male ADHD and autistic individuals using regional meas-
ures of cortical thickness and surface area. They found a 
2-class solution across both cortical thickness and sur-
face area and two different atlases. Each class represents 
an inverse pattern with respect to controls, one shows an 
increase and the other a decrease. This is the case for both 
solutions clustered using CT and SA separately. For the 
equivalent dataset in our study (the combined regional 
datasets clustered using HYDRA) we instead find 3 clus-
ters as the optimal solution. In our case, the three clus-
ters show overall the same pattern, with decreased SA 
and GMV, but no significant differences in CT.

Differences in these results could be due to multiple 
factors. Firstly, there are differences in dataset charac-
teristics: we are working with a larger number of indi-
viduals, across multiple sites, including both men and 
women, whereas they focused on a smaller cohort of only 
males. Secondly, they clustered using raw measurements 
of surface area and cortical thickness, obtained for both 
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Schaefer and Destrieux’ atlases. We instead used centile 
scores obtained for the Desikan-Killiany atlas. Their find-
ings do however support the hypothesis that HYDRA is 
sensitive to differences between subgroups and a ‘typical’ 
cluster might be unlikely.

Clinical and demographic differences between subgroups
IQ was the clinical feature with data available for most 
participants, which likely contributed to its higher sta-
tistical power relative to the other features and made the 
detection of significant differences more feasible. These 
results suggest that IQ may be a useful clinical feature 
but show that having sufficient data is key in obtaining 
adequate statistical power. In other studies with more 
extensive clinical data — either focusing on autism sub-
groups [23, 34] or using transdiagnostic datasets [51] — 
significant differences in clinical features were identified 
between subgroups, suggesting that these features could 
serve as potential markers for subgrouping.

Apart from the clinical features, all adjusted regional 
k-medoids solutions had significant differences across 
subgroups for both FSQC and site. Strict quality control 
was carried out to select participants for this study, there-
fore all the participants chosen had high quality scans. In 
addition, when plotting the individuals along the UMAP 
embeddings and visualising the distribution of sites, 
there were no clear differences or clusters observed (Fig-
ure S8). The site difference could again be linked to the 
fact that participants with different diagnoses were over-
represented in certain sites.

Comparison between algorithms
The stark differences across methods may stem from 
their distinct approaches to clustering. In addition to 
differences in the underlying algorithms, HYDRA clus-
ters individuals directly against the controls, while the 
k-medoids method only clusters within the diagnos-
tic group. As a result, k-medoids is able to capture dif-
ferences in the subgroups that are inherent to the entire 
population. This could explain why effect sizes were over-
all higher in the k-medoids solutions than for HYDRA, 
specifically in the regional cases, as it could be capturing 
wider variations in the population. As HYDRA is actively 
looking for differences against the controls, it may also 
handle site or FSQC more effectively, which had sig-
nificant effects for some of the k-medoids derived sub-
groups, but not for HYDRA.

It is also a challenge to compare across clustering 
methods that use different evaluation metrics, such as 
the ARI and the silhouette score. The ARI measures how 
reproducible a clustering solution is across trials. On the 
other hand, the silhouette score is a measure of how well 

separated clusters are. Thus, a direct comparison between 
both is not easily interpretable. We observed low silhou-
ette scores, which may indicate some underlying struc-
ture in the data, but also suggest that the clusters are not 
well-defined or distinct. In this case, the ARI score could 
be high if cluster assignments were consistent across tri-
als even though the clusters are not well separated.

Validation of clusters and algorithm selection
As noted above, while there was some agreement, in 
some cases the two algorithms resulted in drastically dif-
ferent clustering solutions. This raises important impli-
cations about the generalisability and validity of findings 
of data-driven subtypes in clinical conditions in the cur-
rent literature, in particular in the absence of a ground 
truth. Critically, we also lacked consistent clinical meas-
ures across datasets to properly examine whether these 
brain-based subgroups map onto distinct clinical profiles 
or have tangible clinical utility. We observed only very 
minimal clinical differences between subgroups, though 
it is difficult to know to what extent this is attributable 
to insufficient data and statistical power. Given that this 
exploration of clusters was purely data-driven and there 
is no ground truth regarding the existence of specific 
subgroups, it is difficult to conclude which clustering 
approach is best. HYDRA has the advantage of clustering 
the data directly against the controls and therefore should 
account for inter-individual variability. HYDRA may be 
especially well-suited to study a condition with a distinct 
boundary with neurotypical individuals. The ARI scores 
we obtained, however, were not as high as those obtained 
in previous studies with fewer participants, all of which 
were from a single site [29]. In that study, individuals 
were clustered twice, one based on CT, and one based 
on SA measurements. As we clustered based on all CT, 
SA, GMV features simultaneously, the dataset may have 
contained more noise. Therefore, handling great amounts 
of data coming from different sites may still be a limita-
tion of these clustering algorithms. Behaviour-based 
subgroups may be more clinically relevant and more 
reproducible [52–54]. Therefore, exploring neuroana-
tomical differences within a diagnosis should be guided 
by clinical differences to enhance clinical translation. 
This study highlights the fact that this kind of algorithms 
are highly sensitive to the input data and the param-
eters used, and thus researchers should ensure they are 
implementing validation methods to ensure robustness 
when identifying subgroups. An example of this could be 
implementing multiple clustering algorithms like in this 
study and then measuring the agreement in the solution 
across methods.
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Future directions
Our study exemplifies the many considerations that 
need to be taken into account when carrying out clus-
tering. Firstly, the datasets and features used to carry 
out the clustering, and how they are preprocessed, mat-
ter. We found different numbers of clusters depending 
on whether we used the global or the regional features. 
Although using regional features might capture more 
information about a given participant, it can also intro-
duce more noise given the higher number of dimen-
sions. This could explain why the ARI scores for HYDRA 
were much higher in the global dataset. When using 
k-medoids, we projected the data onto two dimensions 
using UMAP for both global and regional datasets, and 
we did not observe the same drop in silhouette score. 
Therefore, it is clear that the dimensionality of the data 
can impact the result. However, with the increasing avail-
ability of large-scale data both in terms of sample sizes 
as well in the number of phenotypes measured, it will 
become more important to find ways to reduce the data 
dimensionality while retaining interpretability and signal. 
While we have outlined several permutations of this here, 
these are by no means exhaustive, and we encourage 
future work to explore multiple approaches for identify-
ing meaningful subgroups given the variable impact the 
chosen method can have on the outcome.

In addition, another consideration would be the fea-
tures and modalities used during clustering. We incor-
porated measures of regional and global grey matter 
volume, cortical thickness, surface area, as well as global 
white matter volume, subcortical grey matter volume and 
ventricular volume, together in the clustering, although 
previous studies have used these measures separately 
[29]. Although this implementation was part of our 
purely data-driven approach, future studies could iden-
tify which features are the most informative and poten-
tially use only those for clustering to decrease noise in 
the dataset and improve the robustness of the findings. 
This would be more challenging in transdiagnostic stud-
ies but could be particularly useful in studies on a single 
condition, in which feature selection could be guided by 
previously reported case–control differences to identify 
participants which do and do not fit these neuroanatomi-
cal profiles of difference. Previous studies have also suc-
cessfully identified subgroups of autism based on clinical 
or behavioural data [20, 21, 51] or employed methods to 
combine these and other multimodal features for cluster-
ing [55, 56]. In our study, given the reduced availability of 
clinical data, we clustered solely based on the neuroana-
tomical centiles and then investigated differences in clini-
cal data between subgroups post hoc. For future studies, 
where clinical data is available, it would be interest-
ing to explore combining it with the neuroimaging data 

to develop multimodal approaches to clustering. Such 
methods may better capture individual differences and 
help unravel heterogeneity across domains.

The choice of algorithm can also lead to different 
results. Using k-medoids requires using an additional 
dimensionality reduction technique, which introduces 
further preprocessing steps that can affect final results. 
On the other hand, HYDRA is deployed end-to-end, 
eliminating the need for separate dimensionality reduc-
tion before clustering the data. The second main dif-
ference between these implementations is the fact that 
HYDRA clusters the data against the controls. This can 
also be a trade-off to consider in future studies as it also 
requires collecting comparison/control participants data 
and involves more complex methods and longer process-
ing time.

One ultimate goal of subgrouping is, of course, to 
inform clinical practice and support of autistic individu-
als and those with ADHD. For this to be possible, better 
characterised samples with more consistent clinical data 
will be necessary, either to validate and identify the clini-
cal significance of subgroups, or as inputs to cluster on, 
as mentioned above. For example, being able to iden-
tify support needs and/or functional outcomes could be 
hugely valuable given the high phenotypic heterogene-
ity and variability in clinical support needed observed 
in neurodevelopmental conditions. Future work should 
explore the most informative and clinically significant 
features to this end.

Limitations
Further limitations to this study include other difficulties 
that arise from combining data from multiple sources. 
Here, we chose to capitalise on the use of available data 
and the undeniable benefits that come with large sample 
sizes that allow for robust data driven approaches, and 
which would be impossible to recruit and collect from 
a single site. While this of course comes with downsides 
of multi-site data acquisition, we have taken extensive 
methods to minimise the impact of site, harmonising 
data using a two-step procedure involving ComBat [42] 
and population modelling [19, 33]. Using a multi-site 
dataset allows us to leverage all available data and avoid 
issues associated with small sample sizes. To ensure the 
robustness of our results, we implemented cross-fold val-
idation in HYDRA and calculated ARI scores to measure 
agreement between solutions. We also calculated silhou-
ette scores for the k-medoids results to assess how well-
separated the clusters were. Additionally, we evaluated 
the agreement across methods by calculating the NMI 
score between HYDRA and k-medoids, allowing us to 
assess the consistency of results across different cluster-
ing implementations, as a further robustness test.
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However, some site-related differences will no doubt 
remain, in particular in demographic characteristics. For 
example, the age ranges of the autism and ADHD sam-
ples differed, and the proportion of diagnostic group was 
uneven between sites.

A restricted clinical characterization also likely resulted 
in a lack of statistical power, potentially explaining why 
very few significant differences were observed in clinical 
measures between subgroups, and further complicating 
comparisons to other studies with more complete clinical 
data. We were also unable to examine the effect of clini-
cal factors such as co-occurring conditions, substance 
use, or medication status, due to lack of consistent avail-
ability of this data. In addition, given the relatively low 
number of female individuals with ADHD or autism in 
the dataset, we were not able to systematically examine 
sex differences across subgroups or conduct clustering 
separately by sex; of note, we did not find any differences 
in sex distribution across clusters. Gender identity data 
were also not available in these datasets, hence could 
not be accounted for. This highlights the importance of 
recruiting diverse participants across sites and measuring 
consistent features.

Conclusion
Our results highlight the high heterogeneity in autism 
and ADHD, and the importance of understanding dif-
ferences within clinical categorical cohorts rather than 
relying solely on case–control comparison, as well as 
demonstrating that population modelling is a useful tool 
in facilitating this. However, our results also demonstrate 
that individuals have diverse neuroanatomical profiles 
that cannot be consistently clustered. Finally, and per-
haps most importantly, we demonstrate that algorithm 
and feature selection significantly impact the subgroups 
identified, often giving starkly different solutions between 
methods and datasets. This has important implications 
for comparing results between studies in the current lit-
erature and highlights the care that must be taken when 
designing studies investigating subgroups. Based on 
these results, we encourage future studies to use multi-
ple clustering approaches and report on the parameters 
and feature selection as well as using different forms of 
evaluation.
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