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Abstract 

Attention deficit hyperactivity disorder (ADHD) and autism spectrum disorder (ASD) are highly 
comorbid neurodevelopmental conditions. There is an ongoing debate regarding the nature of their 
overlap. Behavioral symptoms and cognitive profiles indicate differences between the conditions, but 
genetic studies and neuroimaging investigations suggest at least some shared etiology. The current 
study investigated if functional connectivity can be used to distinguish ADHD and ASD using a 
machine-learning approach. Towards this aim, we trained a machine learning algorithm to distinguish 
ASD and ADHD cases from each other and from comparison cases in a total sample of 805 cases, 
comprising of 243 ASD cases, 164 ADHD cases, and 398 comparison cases between 7 and 21 years 
of age. We compared the performance of the best performing machine learning algorithm (l2-
regularised support vector classification) when classifying unseen cases of ADHD, ASD, and CMP. 
The results indicated lower classification performance when distinguishing ADHD from ASD 
compared to classifying diagnostic groups vs a typical comparison group. The model trained to 
distinguish ASD and comparison cases performed equally well when tasked with classifying ADHD 
vs CMP. A Bayesian analysis gave strong evidence for similarity ADHD and ASD. The ADHD and 
ASD group showed overlap in connections of the right ventral attention network, the salience 
network, and the default mode network. In sum, these results suggest a substantial overlap in 
functional brain connectivity between ADHD and ASD. We discuss the implications of these findings 
for the quest to identify functional neuroimaging biomarkers and provide recommendation for future 
research. 
 
Keywords: Attention Deficit Hyperactivity Disorder, Autism Spectrum Disorder, machine-learning 
classification, resting-state functional connectivity 
 

Introduction 

Attention Deficit Hyperactivity Disorder (ADHD) is the most commonly diagnosed mental disorder 
in children with a lifetime prevalence between 5 and 7%1. ADHD is characterized by inattention, 
hyperactivity, and impulsivity, which encompass difficulties to stay on task, sit still, and wait for 
one’s turn. In contrast, autism spectrum disorder (ASD) is a rarer condition with a prevalence of 
around 2%2. The behavioral characteristics of ASD are difficulties with social communication and 
interaction alongside restricted, repetitive, and/or stereotyped behaviors and narrow interests 
(RRBIs). Despite these seemingly different behavioral presentations, clinical experts have long 
recognized that there is considerable overlap between ADHD and ASD. Formal comparisons 
indicated that between 20 and 80% of children of a diagnosis of ASD also meet DSM-IV criteria for 
ADHD3,4. In fact, ADHD is the most common comorbid problem in children with ASD5. In turn, 30-
60% of those with ADHD showed clinically significant symptoms of ASD3,6. Notably, these problems 
encompass all characteristics of ASD, including problems with social interaction/communication and 
RRBIs. This overlap has been recognized in the latest revision of the Diagnostic and Statistical 
Manual of Mental Disorder (DSM). While ADHD and ASD were mutually exclusive diagnoses in 
previous iterations of the DSM, DSM-5 allows for comorbid ADHD and ASD diagnoses7. However, 
this does not settle the debate regarding the nature of the overlap. The overlap could merely reflect a 
superficial similarity in the presentation of behavioral symptoms, or it could point towards a deeper 
shared etiology of both conditions. 
Genetic studies indicate considerable overlap between ADHD and ASD. Regarding inheritance, a 
large population study indicated a higher probability to be diagnosed with ADHD for relatives of 
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individuals with ASC, which was substantially higher for monozygotic than dizygotic twins8. This 
overlap was explained by genetic effects 9. Further, a large number of known copy number variants 
(CNVs) and chromosomal abnormalities are associated with a higher likelihood for both ADHD and 
ASD, including 2q11.2 deletions, duplications of X and Y chromosomes among others (see 7 for a 
recent review). A cross-syndrome genome-wide association study (GWAS) also indicated a shared 
likelihood for ADHD and ASD 10. However, there may be partially distinct genetic influences as 
indicated by a recent study that reported a weak negative correlation between genetic factors 
associated with ADHD and ASD 11. Environmental influences indicate a similar pattern of shared 
vulnerability alongside some condition-specific effects. 
Studies of cognition indicate an overlap between ADHD and ASD in difficulties with executive 
function and social cognition. Problems in executive function have been identified in both ADHD 
and ASD in children and adults 12–14. While both ADHD and ASD show difficulties with multiple 
aspects of executive function, the executive dysfunction profiles may be partially distinct. Children 
with ASD were found to show more problems with flexibility and planning, while children with 
ADHD had more difficulties with inhibition 13–15. Problems in social cognition have also been 
identified in both ADHD and ASD. Difficulties with emotion recognition and theory of mind have 
been identified in both ADHD and ASD, but the problems are milder in ADHD and do not seem to 
be present in adults with ADHD 16. 
Studies that investigated the neural basis of ADHD and ASD suggest similarities in the brain systems 
involved. Both conditions are increasingly characterized as disorders of brain connectivity that 
involve differences in the interplay between large-scale brain systems. The most prominent 
differences in ADHD have been observed in the integration of the default mode network (DMN), the 
salience network (SN), the ventral attention network (VAN), and the frontoparietal attention network 
(FAN) 17,18. Further, the basal ganglia, particularly frontostriatal circuits, have been consistently 
implicated in ADHD 19–21. The most consistent differences in connectivity in ASD have been 
identified in the DMN 22–25. Some studies also reported hypoconnectivity in the SN 26 and connections 
between the medial and orbital prefrontal cortex (PFC) with the amygdala 27. Several attempts have 
been made to derive biomarkers that distinguish ADHD or ASD by combining functional 
neuroimaging with machine learning classification. While the initial results indicated very high 
accuracy (>80%)28,29, later studies that compared results across samples from different acquisition 
sites and employed held-out data for validation suggest that classification accuracy of around 60-70% 
is more realistic30–32. 
Two studies examined similarities and differences in ADHD and ASD in functional brain 
organization. Kernbach and colleagues identified brain-level phenotypes in the connectivity of the 
DMN, SN, and dorsal attention network (DAN) in ADHD and ASD33. The results indicated that 
ADHD was characterized by reduced connectivity between the DMN and DAN, and ASD by reduced 
DMN-SN connectivity. Di Martino et al. identified hypoconnectivity in the precuneus that is common 
to both ADHD and ASD, and showed that connectivity of the basal ganglia distinguished ASD 
participants with or without comorbid ADHD symptoms34. While these studies provided insight into 
the potential shared and unique brain connectivity in both diagnostic categories, the question remains 
if the behaviorally-defined diagnostic categories are meaningful at brain-level. If this was the case, it 
should be possible to distinguish the diagnostic categories using brain-level markers. The current 
study aimed to address this in a large sample of ADHD, ASD, and neurotypical cases (N>800).  
We employed a machine learning approach that allowed us to pinpoint the connections that together 
predict the diagnosis of unseen participants on the basis of their functional connectivity profile. This 
ensures that all reliable information for diagnostic classification that is present in functional 
connectivity profiles is utilized. Further, it provided us with a measure of classification performance 
to compare how well functional connectivity can distinguish between diagnostic and comparison 
groups and between diagnostic groups. Based on the literature that indicates a high overlap between 
ADHD and ASD at the behavioral, genetic, and neural level, we expected worse performance when 
classifying ADHD vs ASD compared to the comparisons between diagnostic and neurotypical 
groups. In the case of substantial similarity between ADHD and ASD, we expected better 
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performance when grouping both conditions together into a common atypical group. However, worse 
performance is expected if both groups had unique features that distinguished them from neurotypical 
individuals. In order to determine the probability of either of these findings, we add a Bayesian 
approach. 
 

Materials & Methods 

Participants 

The current analysis was based on data from the Autism Brain Imaging Data Exchange (ABIDE)35 
and the ADHD-200 dataset36. Both the ABIDE and ADHD-200 data were collected across multiple 
sites without prior harmonization of the imaging protocol. The current analysis made use of the 
publicly available preprocessed version of this dataset provided by the Preprocessed Connectome 
Project to ensure the replicability of the findings (http://preprocessed-connectomes-
project.org/datasets.html). Specifically, we used the fMRI data preprocessed through fMRIPrep 
v1.2.5 [10.1038/s41592-018-0235-4], a state-of-the-art processing pipeline for fMRI37. In order to 
reduce heterogeneity in the sample we excluded some participants. Because of the broad age-range 
and skewed distribution of age in both datasets, we first selected the 7-to-21-year age range were 
most data was available. Secondly, we excluded females, because there were far fewer female than 
male participants in the datasets. Thirdly, we excluded datasets outside the recommended range of 
image quality indices (frame-wise displacement [FD] > 0.5: n=30 [8.31%]; spatial standard deviation 
of the data [DVARS] > 5%: n=13 [3.60%])38. Lastly, we removed acquisition sites that had only one 
participant per category (ADHD, ASD, CMP) after the selection for age, gender, and quality control 
were applied (see Figure 1 for a breakdown of exclusions). The final sample consisted of 164 
participants with ADHD (age: mean=12.11, std=3.215, range [min-max]: 7.24-20.89 [all values in 
years]), 243 participants with ASD (age: mean=13.4, std=3.1, range: 7.1-20.8), 140 comparison cases 
from the ADHD-200 dataset (age: mean=12.0, std=3.0, range: 7.2-20.5), and 258 comparison cases 
from the ABIDE dataset (age: mean=13.7, std=3.2, range: 7.2-20.7). There was no significant 
difference in age between the ADHD group and their comparison group (Welch-corrected t-test: 
t(299.51)=0.42, p=0.677, d=0.04), nor between the ASD group and their comparison group 
(t(498.31)=-1.34, p=0.181, d=-0.12). The ADHD group was younger than the ASD group 
(t(342.72)=-3.91, p<0.001, d=-0.41). Please note that case-control comparisons were conducted with 
comparison cases of the same dataset, i.e. ADHD vs ADHD-CMP, ASD vs ASD-CMP. We provide 
a full list of the included participant IDs for each study in the supplementary materials. 
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Figure 1 Breakdown of exclusions that lead to the final sample size for the ABIDE dataset (left) and the ADHD-200 
dataset (right). The values in brackets show the percentage of excluded cases.  

 

fMRI processing 

3.2.1. Preprocessing 

The pre-processing of the T1-weighted and fMRI sequences was carried out using fMRIPrep v1.2.5 
(PRID:SCR_016216). The T1-weighted (T1w) image was corrected for intensity non-uniformity 
(INU) using N4BiasFieldCorrection40 (ANTs 2.2.0) and used as T1w-reference throughout the 
workflow. The T1w-reference was then skull-stripped using antsBrainExtraction.sh (ANTs 2.2.0, 
RRID:SCR_004757), using OASIS as the target template. Brain surfaces were reconstructed using 
recon-all 41(FreeSurfer 6.0.1, RRID:SCR_001847), and the brain mask estimated previously was 
refined with a custom variation of the method to reconcile ANTs-derived and FreeSurfer-derived 
segmentation of the cortical grey-matter of Mindboggle42 (RRID:SCR_002438). Spatial 
normalization to the ICBM 152 Nonlinear Asymmetrical template version 2009c43 

(RRID:SCR_008796) was performed through nonlinear registration with antsRegistration (ANTs 
2.2.0, RRID:SCR_004757), using brain-extracted versions of both T1w volume and template. Brain 
tissue segmentation of cerebrospinal fluid (CSF), white matter (WM) and grey-matter (GM) was 
performed on the brain-extracted T1w using FAST44 (FSL 5.0.9, RRID:SCR_002823). 
For each BOLD run per subject (across all sessions), the following preprocessing was performed. 
First, a reference volume and its skull-stripped version were generated using a custom methodology 
of fMRIPrep. The BOLD reference was then co-registered to the T1w reference using bbregister 
(FreeSurfer) which implements boundary-based registration45. Co-registration was configured with 
nine degrees of freedom to account for distortions remaining in the BOLD reference. Head-motion 
parameters with respect to the BOLD reference (transformation matrices, and six corresponding 
rotation and translation parameters) are estimated before any spatiotemporal filtering using mcflirt46 
(FSL v5.0.9). The BOLD time-series were resampled onto their original, native space by applying a 
single, composite transform to correct for head-motion and susceptibility distortions. These 
resampled BOLD time-series will be referred to as preprocessed BOLDpreprocessed BOLD. The 
BOLD time-series were resampled to MNI152NLin2009cAsym standard space, generating a 
preprocessed BOLD run in that space. First, a reference volume and its skull-stripped version were 
generated using a custom methodology of fMRIPrep. Several confounding time-series were 
calculated based on the preprocessed BOLD: framewise displacement (FD), DVARS and three 
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region-wise global signals. FD and DVARS were calculated for each functional run, both using their 
implementations in Nipype (following the definitions by 10.1016/j.neuroimage.2013.08.048[3]). 
Global signals were extracted within a CSF and a WM mask defined in the anatomical image for 
confound regression. Additionally, a set of physiological regressors were extracted to allow for 
component-based noise correction (CompCor47). Principal components are estimated after high-pass 
filtering the preprocessed BOLD time-series (using a discrete cosine filter with 128s cut-off) for the 
two CompCor variants: temporal (tCompCor) and anatomical (aCompCor). Six tCompCor 
components are then calculated from the top 5% variable voxels within a mask covering the 
subcortical regions. This subcortical mask is obtained by heavily eroding the brain mask, which 
ensures it does not include cortical GM regions. For aCompCor, six components are calculated within 
the intersection of the aforementioned mask and the union of CSF and WM masks calculated in T1w 
space, after their projection to the native space of each functional run (using the inverse BOLD-to-
T1w transformation). To account for movement-related and physiological artefacts, we regressed the 
CSF and WM signals and rotational and translations, their temporal derivative, squared term, and 
squared temporal derivative (36 parameters) from the time series of each voxel 39. We further 
regressed the time course of the first 5 spatial and temporal noise components identified through 
CompCorr. This regression was first carried out at the voxel level and then at the ROI level following 
the protocol described in a study that systematically compared classification accuracy in the ABIDE 
dataset30. In addition, we applied a band-pass filter (0.009-0.1Hz) and spatial smoothing (5mm 
FWHM) to the resting-state data. 
 

3.2.2. Functional connectome construction 

We derived functional connectomes as the correlation between time series within the MSDL atlas. 
The MSDL atlas is a probabilistic atlas based on multi-subject dictionary learning (MSDL)40 that 
demonstrated superior performance in classifying cases and controls in the ABIDE dataset30. For 
greater comparability across samples and studies, the current study employed the pre-computed, 
labelled MSDL atlas that is distributed with the Nilearn package (https://nilearn.github.io/). 
Functional connectivity was calculated as the Pearson correlation between the time series of ROIs. 
The correlation values were transformed using Fisher’s r-to-z transformation. To account for 
differences between sites and changes with age, we regressed the effect of study site and age from 
the functional connectome edges. Control analyses that consisted of training machine-learning 
algorithm to predict the age or study site from the regressed data confirmed that the regression 
successfully removed the influence of age and acquisition site (see Supplementary Materials). The 
code for the analyses can be found on the Open Science Framework website (osf.io/jekbs). 
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Figure 2 Overview of the machine learning pipeline. The machine learning pipeline created a model for each binary 
comparison (ADHD vs CMP, ASD vs CMP, ATYP vs CMP, ADHD vs ASD) by identifying a decision boundary using 
support vector classification. These models were then used to predict group membership in the held-out validation data. 
The performance of the models was then evaluated and compared between the binary comparisons. The ADHD and ASD 
groups were combined to form the ATYP group in the ATYP vs CMP comparison. Please note that only two features are 
shown for the classification approach for illustration purposes. The actual classification was based on a high-dimensional 
feature space. 
 

3.2.3. Machine learning for classification 

The aim of our machine learning approach was two-fold. First, we wanted to compare the 
classification accuracy between ADHD and ASD to identify potential similarities or differences 
between the conditions. In addition, we wanted to obtain interpretable brain differences that we could 
relate to either condition or their overlap. For the machine learning, we employed the same algorithms 
that were used in a recent authoritative analysis of classification performance in ASD30, i.e. l1- and 
l2-regularised support vector classification (l1-/l2-SVC), ridge regression, random forest 
classification. For model tuning and evaluation, we split the data into a training (80%) and a validation 
set (20%). Within the training set, we used cross-validation to tune the optimal parameters in a grid 
search, i.e. regularization parameter for the SVC and ridge regression, minimum samples to split for 
the random forest. We employed a stratified shuffle split, whereby 60% of the training sample were 
randomly selected to tune the parameters and 40% was used as an internal test set to avoid overfitting. 
This procedure was repeated 10 times with different random splits. We applied stratification to 
maintain equal proportions of the diagnostic and comparison group across splits (see Figure S1 for 
an illustration). In addition, we used out-of-bag prediction for the random forest classification to 
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minimize overfitting. We further used the inverse ratio of diagnostic and comparison groups as class 
weights to account for imbalances in their relative proportion, i.e. assigning a proportionally higher 
weight to the smaller group. We used the f1-score as the objective to find the optimal balance between 
precision and recall. Finally, we evaluated the tuned model using the held-out validation set. To 
compare the prediction accuracy of the models across diagnostic groups, we used the validation set 
from another comparison, i.e., only data not used in the tuning of any model was used for model 
comparison. For this cross-prediction, we treated the new data as if it had the label that the model was 
originally trained on. For instance, we fed ASD and CMP cases into the model trained to distinguish 
ADHD and CMP and counted ASD cases classified as ADHD by this model as correct. We obtained 
confidence intervals for the prediction metrics through bootstrap resampling of the validation data 
with 100 repetitions. We compared each model’s classification performance to chance performance 
with reference to a binomial distribution using SciPy48 v1.2.1. 
 

3.2.4 Comparison of SVC distances 

To further characterize the ability of each model to distinguish the groups, we assessed the distance 
of each data point from the decision boundary identified by the SVC. To this end, we used the decision 
boundaries identified in each training set and calculated the distance from this boundary for the whole 
dataset. We compared differences in this distance using an analysis of variance (ANOVA) model 
with group (ADHD, ASD, CMP) as a fixed factor. For follow-up comparisons, we employed Tukey’s 
Honest Significance Test (HSD). In addition, we applied a Bayesian ANOVA to assess if any absence 
of a significant difference in the frequentist analysis is indicative of equivalence between the groups. 
We used the null model as a reference for the Bayesian analysis and report log-scaled Bayes factor in 
support of the alternative hypothesis, i.e., log(BF10). We used the Jeffreys scale for interpreting the 
Bayes factors, i.e. log(BF10) >2: decisive, >1.5-2: very strong, 1-1.5: strong, 0.5-1: substantial, 0-
1/2: barely worth mentioning, <0: supports alternative hypothesis and the descriptors for alternative 
hypothesis [log(BF01)] are used). For the follow-up contrasts, we report log-scaled posterior odds 
that were adjusted for multiple comparisons49 by fixing the prior probability to 0.5. These statistical 
analyses were carried out using JASP v0.150. 
 

Results 

Differences in classification performance between ADHD, ASD, and CMP 

The comparison of the classification algorithms showed that support vector classification (SVC) with l2-regularisation performed best 
(see  

Table 1). Using this algorithm, we examined if the trained models could predict other classes. The 
model trained to distinguish ADHD and CMP performed significantly above chance when 
predicting unseen cases ADHD or CMP cases (see   
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Table 2). The ADHD vs CMP model also performed above chance when entering cases from the 
combined ADHD/ASD group (ATYP). The ASD vs CMP model performed above chance for all 
classifications, i.e. when classifying ‘ADHD vs CMP’, ‘ASD vs CMP’, and ‘ATYP vs CMP’ (see 
Table 2). The model trained to distinguish the combined ADHD/ASD group (ATYP) and the CMP 
group also performed above chance for all classification, i.e. ‘ADHD vs CMP’, ‘ASD vs CMP’, 
‘ATYP vs CMP’.  
To further characterize the separation between classes indicated by the SVC model, we calculated the 
distance of all data points from the decision boundary identified in the training data and compared 
the distances between the groups (ADHD, ASD, CMP). For the model trained to distinguish ADHD 
and CMP, there was a significant difference in these distances between the groups. Post-hoc 
comparisons indicated significant differences between all groups with an ordering of ADHD < ASD 
< CMP (see Figure 3). The distances indicated by the model trained to distinguish ASD and CMP 
also showed a significant difference between groups. Follow-up contrasts indicated differences 
between all three groups with an order of ASD < ADHD < CMP. There was no significant group 
effect for the model trained to distinguish ASD and ADHD. Further, there was very strong evidence 
for no difference between the groups according to the Bayesian analysis.  
 

Table 1 Overview of the performance of alternative machine learning pipelines. Abbreviations: l1-SVC – l1-regularised 
support vector classification, l2-SVC – l2-regularised support vector classification 

 
 

  

ADHD vs CMP ASD vs CMP ADHD vs ASD ATYP vs CMP
l1-SVC 0.56±0.006 0.60±0.005 0.58±0.006 0.62±0.006
l2-SVC 0.66±0.005 0.67±0.007 0.66±0.006 0.66±0.006
Ridge Regression 0.61±0.006 0.61±0.006 0.59±0.006 0.62±0.006
Random Forest 0.60±0.006 0.59±0.005 0.48±0.007 0.52±0.008

l1-SVC 0.58±0.007 0.63±0.006 0.61±0.006 0.64±0.006
l2-SVC 0.70±0.005 0.70±0.007 0.68±0.007 0.69±0.006
Ridge Regression 0.57±0.007 0.56±0.008 0.55±0.008 0.58±0.008
Random Forest 0.44±0.010 0.50±0.007 0.14±0.008 0.33±0.010

l1-SVC 0.52±0.008 0.55±0.007 0.53±0.008 0.57±0.008
l2-SVC 0.60±0.007 0.61±0.008 0.59±0.008 0.60±0.008
Ridge Regression 0.57±0.008 0.56±0.010 0.55±0.009 0.58±0.010
Random Forest 0.61±0.011 0.55±0.008 0.29±0.016 0.47±0.014

l1-SVC 0.67±0.008 0.75±0.008 0.75±0.007 0.75±0.008
l2-SVC 0.86±0.006 0.83±0.008 0.82±0.008 0.82±0.007
Ridge Regression 0.58±0.009 0.58±0.010 0.55±0.009 0.59±0.010
Random Forest 0.35±0.010 0.47±0.009 0.10±0.006 0.26±0.009

accuracy

f1

precision

recall
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Table 2 Cross-prediction performance. The left column indicates what the model was trained on, i.e. the ‘adhd’ model 
was trained to distinguish ADHD and CMP, the ‘asd’ model to distinguish ASD and CMP, the ‘atyp’ model to distinguish 
ASD + ADHD and CMP, and the ‘adhd-asd’ model to distinguish ADHD and ASD. The group columns show the data 
that were entered for cross-prediction. The mean ± standard deviation (SD) of classification performance metrics across 
500 bootstrap permutations are shown. The p-value is based on comparison of the correct classification to a binomial 
distribution. Classification performance significantly above chance is marked with an asterisk.  

 

model group1 group2 accuracy f1 precision recall p
adhd ADHD CMP 0.68±0.075 0.66±0.061 0.58±0.075 0.67±0.058 <0.001 *

ASD CMP 0.56±0.063 0.55±0.058 0.55±0.063 0.57±0.057 0.137
ATYP CMP 0.63±0.039 0.62±0.033 0.58±0.039 0.63±0.032 0.001 *

asd ADHD CMP 0.57±0.066 0.57±0.053 0.51±0.066 0.57±0.053 0.027 *
ASD CMP 0.59±0.062 0.59±0.053 0.57±0.062 0.59±0.053 0.045 *
ATYP CMP 0.75±0.050 0.75±0.040 0.69±0.050 0.75±0.040 <0.001 *

atyp ADHD CMP 0.87±0.071 0.87±0.040 0.78±0.071 0.87±0.040 <0.001 *
ASD CMP 0.80±0.061 0.80±0.045 0.74±0.061 0.81±0.044 <0.001 *
ATYP CMP 0.58±0.049 0.58±0.039 0.54±0.049 0.58±0.039 0.011 *

asd-adhd ADHD ASD 0.47±0.064 0.49±0.065 0.58±0.064 0.50±0.064 0.953
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Figure 3 Comparison of the SVC distances indicated by each model for each group. A) Model trained to distinguish 
ADHD and CMP cases, B) Model trained to distinguish ASD and CMP cases, c) Model trained to distinguish ADHD and 
ASD cases. The x-axis shows the label of the cases that were fed into the model for prediction. The y-axis shows the 
distance of cases from the decision boundary in the model.  The annotation underneath each plot indicates the group effect 
according indicated by a frequentist (Cohens’ d) and a Bayesian ANOVA (po). The null model was used as a reference 
for the Bayesian ANOVA. The annotations show the results of post-hoc contrasts. For the frequentist analysis, Cohen’s 
d is shown. The asterisks indicate a p-value < 0.001 (Tukey HSD). For the Bayesian analysis, the log(posterior odds) (po) 
adjusted for multiple comparisons are shown.  
 

Shared and distinct functional connectivity in ADHD and ASD 

In an additional exploratory analysis, we investigated the functional connections that distinguish the 
groups. To that end, we fitted the l2-SVC model to the whole dataset with the optimized parameters 
indicated in the training set. The l2-SVC algorithm assigns a coefficient to each feature, in this case 
functional connectivity edge. To make the results more interpretable, we introduced sparsity through 
a bootstrap procedure. The sparse solution suggested that the ADHD vs CMP model loaded most 
strongly on connections between the cingulo-insular network (Cing-Ins) and default mode network 
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(DMN), the salience network and right ventral attention network (R V Att), and the auditory (Aud) 
and secondary visual network (Vis Sec, see Figure 4).  
The model that was trained to distinguish ASD and CMP had the highest coefficients for connections 
between the auditory (Aud) and salience network, the DMN and the dorsal posterior cingulate cortex 
(Dors PCC), the right dorsal attention network (D Att) and the salience network, and the left ventral 
attention network (L V Att) and the language network (Lang, see Figure 4).  
The model that was trained to distinguish the ADHD and ASD group for connections between the 
secondary visual network (Vis Sec) and the default mode network (DMN), between Vis Sec and the 
language network, the dorsal attention network (D Att) and the language network, and between the 
left ventral attention network (L V Att) and the language network.  
The coefficients of some connections were included across models. The ‘ADHD vs CMP’ and the 
‘ASD vs CMP model both loaded on connections between the ventral anterior cingulate cortex (V 
ACC) and the posterior occipital cortex (Occ post), the right posterior temporal cortex (R Post Temp) 
and the left DMN, and between the left DMN and the right temporo-parietal junction (R TPJ). The 
‘ADHD vs CMP’ and the ‘ADHD vs ASD’ model between the right anterior intra parietal sulcus (R 
Ant IPS) and the right DMN. The ‘ASD vs CMP’ and the ‘ADHD vs ASD’ model both loaded on 
connections between the left lateral occipital complex (LOC) and the left auditory cortex, and 
between the left LOC and the parietal region of the left ventral attention network (L Par).  
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Figure 4 Comparison of the SVC solution for the different models. The model trained to distinguish ADHD and CMP is shown at the 
top, the ASD vs CMP model in the middle, and the ADHD vs ASD model at the bottom. The left panel shows the full SVC coefficient 
matrix. The colour bar at the right of each matrix indicates the canonical functional network for each ROI. The boundaries between 
canonical networks are marked with white lines in the matrix. Warmer colours indicate a more positive coefficient, while cooler colours 
indicate a more negative coefficient. The middle panel shows the edges that were significant at p<0.05 compared to a null model with 
scrambled diagnoses. Only positive coefficients are shown because only positive coefficients were indicated to be significant. Darker 
red colour indicates a higher coefficient. The diagrams on the right show the unique connections in each model and the shared 
connections. The Venn diagrams indicate which unique and shared connections are shown. Please note that the whole sample was used 
to generate these plots, i.e., training and validation set. 

 
Discussion 

The current analysis investigated similarities and differences in functional brain organization between 
ADHD and ASD. Towards this end, we trained machine learning models to distinguish each 
diagnostic group from a typical comparison group, and another model to distinguish the diagnostic 
groups from each other. The results suggested that a model trained to distinguish ASD from 
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neurotypical cases also performed well when classifying ADHD and comparison cases, but a model 
trained to distinguish ADHD and comparison cases did not perform well when classifying ASD and 
comparison cases. A model trained to distinguish atypical cases (ADHD, ASD) from comparison 
cases performed well when classifying unseen cases from either diagnostic group. In contrast, the 
model trained to distinguish the groups from each other performed substantially less well when tasked 
with distinguishing the groups from typical comparison cases. A Bayesian analysis suggested strong 
evidence that the model comparing the diagnostic groups could not distinguish between them. The 
functional connectivity profiles showed overlap between ADHD and ASD in connections of the right 
ventral attention network, the salience network, and the default mode network. 
The results of the current analysis agree with previous empirical studies and theoretical work that 
suggests a substantial overlap between ADHD and ASD. Specifically, our finding of low performance 
when trying to distinguish ADHD and ASD and the strong Bayesian evidence for similarity suggest 
that functional brain connectivity is either too similar between both groups, or too variable within 
each group for reliable classification using functional connectivity. The modest performance that can 
be achieved when distinguishing individuals with a diagnosis from comparison individuals30 may 
suggest that it is the latter. An alternative view is that ADHD and ASD form a continuum with typical 
and autistic individuals at the extreme and ADHD in the middle 51,52. If this were the case, one would 
expect that it is easier to distinguish autistic from neurotypical individuals compared to ADHD vs 
neurotypical, because autistic and neurotypical individuals are more dissimilar according to this 
dimensional account. However, the current analysis indicated similar performance for both 
comparisons. In other words, autistic individuals are not more dissimilar from neurotypical 
individuals than ADHD individuals, at least in functional brain connectivity. Further, one would 
expect lower performance when combining ADHD and ASD in the atypical vs typical comparison if 
the dimensional account would hold. That is because the supposed intermediate ADHD group is 
included in this comparison. However, the current analysis indicated even better performance in the 
combined comparisons, i.e. atypical vs comparison, as in the separate comparisons, i.e. ADHD vs 
CMP, ASD vs CMP. Further, the comparison of model weights suggest that ADHD is closer to ASD 
rather than in the middle between CMP and ASD. However, the cross-prediction indicated that the 
model trained to distinguish ADHD and CMP cases did not generalize when tasked to classify ASD 
vs CMP, while the ASD vs CMP model performed well when classifying ADHD cases. This could 
suggest a dimensional ordering that makes it easier to create a classification model from the more 
extreme exemplars. However, the ADHD model was also trained with fewer cases which might 
hamper its generalizability.  
Arguably, the results of the current analysis are most consistent with a theoretical account that 
suggests a high degree of overlap between condition categories without assuming a dimensional 
order. According to this view, all dimensions of psychopathology load onto a common factor p 53, 
akin to the general intelligence factor g in cognition. The dominant p factor would produce a high 
degree of overlap between the diagnostic categories and would distinguish them from the typical 
comparison group. Any condition-specific contribution is assumed to be much smaller and, therefore, 
harder to distinguish. This is consistent with the low performance of the model that was trained to 
distinguish the diagnostic groups relative to the other comparisons. 
 
It is important to keep in mind some limitations of the current analysis. This type of analysis requires 
a large data set to produce robust and meaningful results and had to rely on large, publicly available 
datasets to reach a sufficient sample size. Even though these datasets are unprecedented in their 
ambition and contribution to the science of neurodevelopmental disorder, they are also limited. 
Firstly, there was no previous harmonization between the sites which resulted in differences in sample 
recruitment, diagnosis, behavioral assessment, and neuroimaging. Our attempt to remove this 
variation by regressing sample site as a confounding factor and comparing cases and control within 
each sample was probably not sufficient to fully account for these differences. Large-scale studies 
with comprehensive harmonization between participating acquisition sites are already underway and 
will pave the way for more in-depth characterization of neurodevelopment. Secondly, there were no 
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behavioral measures that were common across the ADHD and ASD groups. Future studies that 
incorporate detailed measures of brain, behavior, and cognition will need to investigate how the brain-
level differences relate to behavioral and cognitive similarities in ASD and ADHD. Thirdly, the 
current analysis relied on data collected with case-control comparisons in mind. However, the 
behavioral and cognitive traits associated with ASD and ADHD may be continuously distributed 
across the population54. The differences identified with the data used in the current analysis may 
appear more extreme because individuals with intermediate phenotypes were not well represented in 
the comparison group. Future studies that measure ADHD and ASD traits in broader samples that 
span the typical and atypical spectrum will be better able to identify these associations. 
 
The results of the current analysis highlight the challenges of identifying brain-level markers of 
behaviorally-defined diagnostic groups. A growing body of literature employs ever-more 
sophisticated machine learning approaches to distinguished diagnostic groups like ASD or ADHD 
from typical comparison groups. The modest performance of 60-70% accuracy that can be achieved 
demonstrates that functional or structural neuroimaging markers are of limited utility for clinical 
purposes. Furthermore, as the current study demonstrates, classifying separate clinical groups is even 
more challenging resulting in close-to-chance performance even with large datasets and state-of-the-
art machine learning algorithms. This provides an important note of caution for studies that aim to 
identify biomarkers from case-control comparison studies. The markers identified in these studies are 
likely to reflect general markers of “atypicality” but cannot be regarded as true biomarkers of the 
condition if they cannot distinguish the diagnostic group from their common comorbid conditions, as 
shown here for ADHD and ASD. Future studies are likely to be of more clinical utility if they focused 
on the neurobiological correlates of specific symptom dimensions across the population or if 
comorbid diagnostic groups are included to establish the specificity of functional neuroimaging 
biomarkers.  
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