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Abstract

The prevalence of autism spectrum disorder (ASD) and
attention deficit hyperactivity disorder (ADHD) diagnoses
has increased in the past decade. Commonly diagnosed
in children during preschool, the disorders can cause be-
havioral, academic, and emotional problems for these pa-
tients. In this paper we leverage fMRI scans of patients with
typically-developing (TD), ASD, and ADHD as neural con-
nectomes. We combine structural and functional connec-
tivity information to form spatiofunctional networks across
fMRI scan time. Our paper aims to 1) investigate the neu-
rological features underlying ASD and ADHD 2) construct
predictive models that can guide clinicians in diagnosing
ASD and ADHD. We compared the performance of linear
supervised classification models and graph convolutional
networks (GCNs). We also performed temporal network
analysis to identify differences in neural circuitry across pa-
tient types.

1. Introduction
While ASD affects 1 in 68 children in the United States,

ADHD affects 1 in 10. [8]. Developmental disorders such
as ASD and ADHD can be represented as aberrant struc-
tures of functional brain networks. By regarding the brain as
a network, nodes represent specialized regions while edges
contain temporal correlations. Brain networks can thus be
visualized, and their topological properties can be explored.
Graph metrics such as clustering coefficients and commu-
nity structure analysis of brain networks can capture neu-
ral organization and behavior. This presents an avenue in
which to study the functional connectomes of ASD and
ADHD, and compare them to the networks of typically de-
veloping children. A connectome is the network represen-
tation of the brain. For instance, a resting fMRI can be rep-
resented as a graph where the nodes are regions of the brain
and the weighted edges are time-correlations. Investigat-
ing the neurobiology of ASD and ADHD can potentially
inform the structure-function relationship of the brain and
guide clinicians in diagnosing these developmental disor-

ders.

2. Related Work
Ray et al. [10] analyze the structural and functional con-

nectomes of typically developing, ASD, and ADHD pa-
tients using weighted, undirected networks. Graphs were
generated from the resting fMRI data of 20 controls, 20
children with ADHD, and 20 high-functioning ASD chil-
dren to compare the rich club organization of each patient
type. A rich-club organization is a graph structure where
highly connected nodes show a tendency to connect with
other highly connected nodes. Since current literature cor-
relates rich-club organization with a normal brain devel-
opment, the paper focuses on analyzing the rich-club con-
nectedness coefficient. The connectedness coefficient is the
product of the network’s rich-club coefficient and its con-
nectivity index. The paper discovered that the ASD group
demonstrated over-connectedness in its rich-club organiza-
tions compared to ADHD and control networks. Patients
with ADHD, however, show the fewest rich-club regions,
with under-connectivity in the structures.

However, the study is severely limited in its network
analysis methods as it focuses solely on rich-club organi-
zation. Narrowing the network analysis to a single feature
does not capture the range of motifs that may be present
across controls, ASD, and ADHD patients. Additionally,
the brain is a complex network yet Ray et al. neglects to in-
vestigate other network features, such as community struc-
ture and motifs.

While current literature characterizes the networks of pa-
tients with TD, ASD, and ADHD, these fMRI-generated
networks can also be leveraged to create a predictive model
that diagnoses ADHD. The ADHD-200 Consortium [12]
is an international competition to develop predictive mod-
els for diagnosing ADHD and to identify brain features as
ADHD biomarkers. While the previous literature compares
the network characteristics of control patients to that of
ASD patients, this paper details a range of predictive models
to differentiate ADHD patients from control patients. The
winning team for diagnosis prediction excelled in speci-
ficity, correctly classifying 94% of control patients. How-
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Figure 1. Sample scan labelled by CC200 ROI

ever, they were only able to correctly identify 21% of the
cases with ADHD. The team’s model leveraged CUR de-
composition on the fMRI scans and used a gradient boost-
ing method (GBM) for prediction. The CUR decomposition
selected voxels in the brain that are typically not correlated
with ADHD. Thus the model may have trained on biolog-
ically less relevant data. While the paper utilizes resting
fMRI data to diagnose ADHD, it does so with poor accu-
racy and with little biological bases.

3. Data

We utilize publicly available fMRI datasets from the In-
ternational Neuroimaging Datasharing Initiative (INDI) of
control individuals, individuals with ASD, and individu-
als with ADHD. All fMRI data has been preprocessed to
account for slice timing corrections, motion realignment,
and intensity normalization using the Configurable Pipeline
for the Analysis of Connectomes (C-PAC). [3] The images
have also undergone functional parcellation (akin to seg-
mentation) into 200 anatomical regions (called the CC200
ROIs, or regions of interest) using the algorithm described
by Craddock, et al. [4] From INDI, we will leverage the
ABIDE I Preprocessed and ADHD-200 Preprocessed fMRI
data sets. ABIDE I Preprocessed contains fMRI data from
884 individuals, 408 with ASD and 476 controls; the me-
dian age of all patients is 14.7 years. While the full ADHD-
200 dataset consists of 947 individuals, we were only able
to access preprocessed data of 113 patients, 68 of which
are controls and 45 of which were diagnosed with ADHD;
their median age was 11.4 years. Each dataset is also ac-
companied by phenotypic data on age, sex, and symptom
measures.

Undirected weighted graphs are generated from each pa-
tient using time-series correlation values as weights. For
each brain, this yields a symmetric 200x200 correlation ma-
trix. Using the correlation matrices as adjacency matri-
ces, we constructed fully connected, undirected, weighted
graphs for each subject where the nodes are different

anatomical regions and weighted edges are the strength of
correlation over time of measured neural activity.

4. Methods

4.1. Preprocessing

Craddock, et al. utilizes spectral clustering with normal-
ized cut to parcellate the brain. The resulting regions are
represented as numbers but lose its neurological informa-
tion. For example, given region 200, it is unknown what
gyri it corresponds to in the cerebral cortex. Moreover,
the regions in the Craddock parcellation cross anatomical
boundaries such that a CC200 ROI may overlap multiple
adjacent anatomical regions of the brain.

To provide structural data, the CC200 ROIs were
anatomically labelled using the Harvard-Oxford, Auto-
mated Anatomical Labelling, and the Eickhoff-Zilles brain
atlases [5]. A connectivity map of brain regions was man-
ually annotated using existing brain atlases, cortical con-
nectivity atlases, and the thalamic cortex connectivty atlas.
Using this annotation, we generated a structural (spatial)
network with the CC200 ROIs. By combining this network
with the functional networks from the fMRI, we created
spatiofunctional networks for each patient.

4.2. Weighted node degree distribution

We performed non-parametric Mann-Whitney U tests
for whether the weighted degree of any given node i ∈
(1, ..., 200) (corresponding to the 200 CC200 ROIs) was
significantly different between subjects diagnosed with
ADHD versus controls, or between subjects diagnosed with
ASD versus controls. Calculated p-values were adjusted us-
ing the Bonferroni correction (multiplying each p-value by
200) to account for multiple hypothesis testing. Note that
many commonly used and less-stringent Type I error con-
trol procedures, such as the Benjamini-Hochberg FDR pro-
cedure, are not appropriate because of the required assump-
tion that each of the 200 tests be independent.

4.3. Classification

Classification models were trained separately for ADHD
and ASD datasets. Our supervised learning objective was
to accurately determine whether an input functional graph
corresponds to a subject who is typically-developing or di-
agnosed with ASD or ADHD. As baselines, we used logis-
tic regression and support vector machines (SVMs) with a
radial basis function kernel to classify nodes based on 15-
dimensional embeddings generated using node2vec [6], as
well as graphs based on their averaged node embeddings.
Data were split 67% train / 33% test; 5-fold cross validation
was performed on the train set to determine optimal regu-
larization weights.
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We also trained graph convolutional networks (GCNs),
with each node represented by its timeseries, rather than
correlation with other nodes. Timeseries for all nodes
within a given dataset were truncated to the minimum num-
ber of time points collected for any patient within that
dataset: this gave an input dimension of 78 for nodes in
graphs from the ADHD-200 dataset and an input dimen-
sion of 41 for nodes in graphs from the ABIDE dataset.
Edges were defined based on physical connectivity of ad-
jacent CC200 regions in the brain. The GCN model is de-
scribed in equation 1:

h0v = xv

hkv = σ

Wk

∑
u∈N(v)

hk−1u

|N(v)|
+Bkh
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v
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(
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)
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where σ is the ReLU function, v ∈ (1, ..., 200) denotes the
node, K is the number of hidden layers, k ∈ (1, ...,K)
denotes the layer of a hidden representation vector hkv , f
represents 2 fully-connected layers, and g is the log-softmax
function over 2 classes.

Hyperparameters were tuned across the following
ranges: 1-3 (K) hidden layers of 5-15 (d) dimensions, with
a learning rate between 0.1 and 0.001. Training was per-
formed to minimize negative log likelihood loss; a dropout
ratio of 0.5 was enforced during training to limit overfitting.
Models were trained on 45% of the data; optimal hyperpa-
rameters were selected based on performance on a valida-
tion set consisting of 22% of the original data. The same
testing set as used for the baselines was used for final GCN
model evaluation. All model evaluation was performed us-
ing the binary F1 score.

4.4. Temporal Network Analysis

Spatiofunctional temporal networks were generated for
each patient by combining the structural and functional net-
works. A undirected, unweighted graph was generated such
that nodes are the 200 Craddock anatomical regions, edges
denote interactions between the regions based on the mea-
sured BOLD signal by fMRI, and each edge has a feature
vector of times when the edge exists.

Given region Ri at time tn, if Ri has a positive BOLD
signal, then at time tn+1, edge (Ri, Rn) is an activating
edge if Rn ∈ N(Ri), where N(Ri) is the set of all neigh-
bors of Ri from the manually annotated structural edges in

Preprocessing (Section 4.1). IfRi has a negative BOLD sig-
nal, then an edge is labelled as an inhibiting interaction. The
type of edge, activating or inhibiting, denotes the functional
characteristic of the network. Time tn is then appended to
the temporal feature vector of the edge.

The changes in activating and inhibiting interactions
across patients with ASD, ADHD, and TD were analyzed
over fMRI scan time. Activated and inhibited anatomical
regions were compared across patient types.

5. Results
5.1. Degree distribution

We first considered the weighted degree distribution of
graphs within each dataset. We plotted the average degree
distribution taken over all graphs (Figure 2). We do not see
a significant difference between the degree distribution of
subjects diagnosed with ADHD versus controls, or between
that of subjects diagnosed with autism versus controls.

Mann-Whitney U tests for the differences between the
weighted degree of ROIs from subjects diagnosed with
ADHD versus controls, or between subjects diagnosed with
ASD versus control, did not reveal any statistically signifi-
cant ROIs (Table 1).

Dataset Most significant ROI padj

ADHD-200 44 - Right Calcarine Gyrus 0.46
ABIDE 123 - Right Medial Frontal Gyrus 0.17

Table 1. Most significant ROIs, based on Mann-Whitney U test
of weighted degree, between subjects diagnosed with ADHD and
typically-developing individuals, and between subjects diagnosed
with ASD and typically-developing individuals. padj: Bonferroni-
adjusted p-value. The calcarine sulcus contains the primary visual
cortex. The right medial frontal gyrus is though to be important in
executive decision-making [11].

5.2. Classification

To visually understand the relationship between nodes in
a graph and nodes in other graphs, we plotted the first two
principal components for all nodes (Figure 3). We see that
nodes cluster based on human subjects rather than the corre-
sponding CC200 ROI, suggesting that either functional de-
pendencies in the brain are highly individual, or there may
be confounding variables leading to observed batch effects.
Without paired controls (e.g., same subject measured at dif-
ferent labs, etc.), we are unable to distinguish between the
two possibilities. However, this suggested that using node
aggregation (e.g., mean) methods to generate graph repre-
sentations are reasonable. While there is no clear separa-
tion between controls and ADHD/ASD subjects in the PCA
plots, non-linear methods proved useful.

Classification results are shown in Table 2. A simple lin-
ear logistic regression model achieves mediocre F1-scores,
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Figure 2. Average weighted degree distribution. The peak at a weighted degree of 0 in the ABIDE dataset is an artifact due to missing
values in the data. Abbreviations: DX = diagnosis.

Figure 3. 15-dimensional node embeddings generated using node2vec, then plotted along the primary principal components.

which is not surprising as we were unable to identify any
linear plane of separation in the PCA plots. The nonlin-
ear RBF-based SVMs perform significantly better. On the
ADHD-200 dataset, the SVM is able to perfectly classify
all nodes in both the training and test set. An SVM trained
on graph embeddings does not perform as well for graph
classification, which is surprising because we observed ear-
lier that graph embeddings (computed as the mean of the
node embeddings) are fairly representative summaries of
the nodes. A possible explanation is that the 200x larger
size of the node embeddings dataset (relative to the graph
embeddings dataset) allows for better training; this expla-
nation is supported by the result that using the SVM trained
on node embeddings accurate classifies graph embeddings.
We do not see the same level of performance on the ABIDE
dataset, which we anticipated given the larger variability ob-
served in the node embeddings in Figure 3b.

Notably, the baseline models perform as well as the
hyperparameter-optimized GCN models on the test set (Ta-
ble 3). It is unclear why this is the case: for example, the
similar validation and test F1 scores for the GCN model
trained on the ADHD-200 dataset suggest that the models
are generalizing with similar performance to that achieved
on the validation set. However, we see dramatically reduced

performance on the test F1 score for GCN model trained on
the ABIDE dataset relative to the validation F1 score. Fig-
ure 4 provides a possible insight: the highly variable val-
idation performance of the GCN models over 200 epochs
suggests that the model predictions are not the most robust
to small changes in the model parameters throughout train-
ing (Figure 4). This variability may be due to lack of clear
decision boundaries and/or the relatively small size of the
dataset.

5.3. Temporal Network Analysis

Networks were generated at each timepoint for each sub-
ject in the ASD and TD datasets. Degree distributions taken
of subjects across the fMRI scan time showed no significant
difference between patients with ASD and TD. Moreover,
comparison of adjacency matrices across time revealed no
significant difference in structural connectivity (Figure 5).
The sharp change in mean activations and inhibitions in the
respective graph is attributed to the differences in fMRI scan
time. The number of timepoints varies across patients from
174 to 336. As the number of patients decreases with time,
the variation between ASD and TD increases.

Because of the similar network topology across patient
types, we analyzed the functional connectivity of each net-
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Figure 4. Training performance of GCN models over 200 epochs. Left: negative log likelihood loss on the validation set. Right: F1 scores
on the validation set. The hyperparameters for these models can be found in Table 3.

Model Dataset Training type Train F1 Test type Test F1
SVM ADHD-200 nodes 1.0 nodes 1.0
SVM* ADHD-200 nodes 1.0 graphs 1.0
SVM ADHD-200 graphs 0.87 graphs 0.43
Logistic regression ADHD-200 nodes 0.60 nodes 0.60
Logistic regression* ADHD-200 nodes 0.60 graphs 0.44
Logistic regression ADHD-200 graphs 0.64 graphs 0.26
SVM ABIDE nodes 0.60 nodes 0.60
SVM* ABIDE nodes 0.60 graphs 0.61
SVM ABIDE graphs 0.35 graphs 0.27
Logistic regression ABIDE nodes 0.54 nodes 0.54
Logistic regression* ABIDE nodes 0.54 graphs 0.49
Logistic regression ABIDE graphs 0.56 graphs 0.49

Table 2. Baseline supervised learning results evaluated using the binary F1-score. *The Train F1 and Test F1 scores for these models are
obtained by applying the corresponding trained model one row up in the table on the training and testing graph datasets.

work and compared the mean number of activating and in-
hibiting interactions between regions in each patient over
time. Patients with ASD and TD show no significant dif-
ference in quantities of activation and inhibition (Figure 6).
While the number of activation and inhibitions show no sig-
nificant variation, we investigated the spatiofunctional net-
works of the patients to identify which regions of the brain
are undergoing such interactions.

We found that 30 regions were differentially activated in
patients with TD and 3 regions were differentially inhibited
in patients with TD. Meanwhile, 17 regions were differen-
tially activated in patients with ASD and 19 regions were
differentially inhibited in patients with ASD. Most notably,
the left and right superior frontal gyri were activated in pa-
tients with TD, but inhibited in patients with ASD. Patients
with ASD, however, showed a significant activation of mid-
dle and inferior occipital gyri, which are associated with

the visual cortex. This aligns with current literature, which
suggests that patient with ASD have an overactive occipital
cortex [14].

Because patients with ASD are typically reported to
have difficulty with phonological and grammatical language
skills, we investigated the differences in activation of the
corresponding brain regions across time. The functional
patterns of the left and right posterior and anterior cingu-
late cortex, the superior frontal gyri, and the middle frontal
gyri were investigated. We found that the patterns of activa-
tion across patients with ASD were not significantly differ-
ent than those of patients with TD (p = 0.11, two-sample
t-test).

Networks were also generated at each timepoint for each
subject in the ADHD and TD datasets. Similarly, com-
paring degree distributions and adjacency matrices showed
no significant difference in structural connectivity between
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Hyperparameters Dataset Train Loss Val F1 Test F1
NL = 3, HD = 10, LR = 0.1 ADHD-200 0.29 0.73 0.80
NL = 2, HD = 15, LR = 0.1 ABIDE 0.70 1.00 0.40
Table 3. GCN model supervised learning results evaluated using the binary F1-score.

Figure 5. Network of Patient Stanford 0051162 with ASD (left)
and Patient Stanford 0051196 with TD (right) at timepoint 66. Red
edges indicate an activating interaction. Blue edges indicate an
inhibiting interaction.

patients with ADHD and TD (Figure 7). We then com-
pared the functional connectivity and spatiofunctional con-
nectivity of the networks across patient types. Patients
with ADHD have an increased mean number of activations
across time, compared to patients with TD (Figure 8).

While patients with TD exhibit differential inhibition in
15 regions, patients with ADHD exhibit differential activa-
tion in 11 regions over time. Most notably, the precuneus
– which is responsible for processing sensory information –
and rolandic operculum – which is responsible for impulse
control and halting motion – were activated. The other ac-
tivated regions play roles in auditory information process-
ing, emotional formation, and learning. Patients with TD
exhibited inhibition of the precentral and postcentral gyri,
which control the motor cortex and the somatosensory cor-
tex, respectively. Moreover, the cerebellum, which regu-

Figure 6. Mean number of activated and inhibited regions in pa-
tients with ASD (left) vs patients with TD (right)

lates motor movement, is differentially inhibited in patients
with TD.

We compared the activation patterns of regions responsi-
ble for motor control between patients with ADHD and pa-
tients with TD. The relevant regions included the postcen-
tral and precentral gyri, the fusiform gyri, the lingual gyri,
the superior frontal gyri, the and the precuneus. Neuronal
activation patterns of these regions showed a significant dif-
ference between the two patient types (p = 4.19 ∗ 10−5,
two-sample t-test).

The spatiofunctional networks of patients with ADHD
and TD were searched for a temporal motifM(V,E) where
V = {1, 2, 3, 4} and E = {(1, 2), (2, 3), (3, 4)}. Given the
complexity of identifying temporal motifs, we imposed a
spatial limit on the search to only the motor cortex. This 4-
node motif was chosen to mimic the neurological network
of the limbic system, which is formed by the hippocam-
pus, amgydala, hypothalamus, and thalamus. No significant
difference in temporal motif distribution was observed be-
tween patients with ADHD and patients with TD (p = 0.81,
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Figure 7. Network of Patient 3767334 with ADHD (left) and Pa-
tient 3494778 with TD (right) at timepoint 66. Red edges indicate
an activating interaction. Blue edges indicate an inhibiting inter-
action.

two-sample t-test).

6. Discussion
While we achieved good classification performance on

the ADHD-200 dataset, there is clearly room for improve-
ment on the ABIDE dataset. For example, for the GCN
models, further hyperparameter tuning could be performed
on the number of fully connected layers, type of activation
function (e.g., sigmoid instead of ReLU), and loss func-
tion, among others. Additionally, further work could be
done to interpret the models to identify what features of the
functional brain networks are contributing to model predic-
tions. Other node representations could also be explored.
We chose to feed the raw timeseries data (as opposed to
node embeddings derived from correlation matrices) into
our GCN models because we hypothesized that GCNs were
sufficiently expressive to benefit from the temporal infor-
mation. Further work could look into alternative node rep-
resentations, including node embeddings methods for brain
regions proposed by You et al. [15].

Our analysis of the spatiofunctional networks of patients
with ASD and TD focused on regions of the brain that con-
trol the motor movements for speech production. However,

Figure 8. Mean number of activated and inhibited regions in pa-
tients with ADHD (left) vs patients with TD (right)

current research shows that children and adults exhibit dif-
ficulties with language due to differences in auditory infor-
mation processing, integrating information storage and re-
trieval, and perceptions of human speech [14]. Children and
adults with ASD, for instance, show different patterns of
temporal lobe activation, which is responsible for analyz-
ing complex auditory information like speech. The linguis-
tic symptoms exhibited by patient with ASD are associated
with higher-order cognitive functions, rather than the motor
control of speaking itself. This may explain why no dif-
ferences in activation patterns were observed. Future work
should compare regions of the brain responsible for cogni-
tive functions, such as Wernicke’s area in the superior tem-
poral gyrus, which controls speech comprehension. Similar
comparisons of the motor cortex of patients with ADHD
and TD revealed significant differences in activation pat-
terns. Patients in ADHD have heightened activity of the
right superior frontal gyrus, which is negatively correlated
with motor movement termination and impulse control [7].
Our findings agree with the symptoms presented by patients
with ADHD, such as fidgeting and other hyperactive move-
ments. Moreover, further fMRI studies show dysfunction in
the circuitry of the lateral prefrontal cortex, which includes
the precentral and postcentral gyrus [1]. Altered functional
connectivity of the precuneus is also supported by existing
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research [2][13]. However, there is currently no evidence
that the lingual gyri, fusiform gyri, and superior frontal gyri
exhibit different behavior between patients with ADHD and
TD. Though patients with ADHD have a smaller volume of
superior frontal gyri, further investigations on its functional
patterns must be undertaken [9]. Our analysis was also lim-
ited to the motor symptoms associated with ADHD. How-
ever, we did not consider other phenotypes, such as lack of
focus, self-interested behavior, and emotional turmoil.

Across both datasets of patients with ASD and ADHD,
we limited our functional analyses of brain regions. The
fusiform gyri, for instance, are involved in motor skills but
also social behavior. However, we investigated only the
interactions of fusiform gyri with other nodes involved in
movement. Given the interconnected nature of the brain,
analyzing how a node interacts with its functionally distinct
neighborhoods can reveal differential patterns of activation.
Moreover, such patterns can guide future investigations into
the neural circuitry of patients with ASD, ADHD, and TD.

7. Conclusion
In this paper, we aimed to leverage network analy-

sis methods to better understand the biological basis of
ASD and ADHD and to create a predictive model to di-
agnose developmental disorders based on neural connec-
tomes. We combined structural and functional information
to create spatiofunctional networks of each patient across
time. Analyses of these networks demonstrate significant
differential activation of the motor cortex between patients
with ADHD and TD. Failure to identify significant differ-
ences in the speech cortex of patients with ASD, however,
suggest that regions correlated with high-order cognitive
functions should be investigated.

While our baseline and GCN models exhibit similar per-
formance, this variability may be due to the limited dataset
size. Additionally, all edges between the CC200 ROIs were
hand-annotated. Increasing the number of annotations to
create a more robust network may improve performance.
Increasing the parcellation resolution from 200 ROIs to 400
ROIs using Craddock 400 may also improve model perfor-
mance. For example, ROI 8 of CC200 corresponds to the
left postcentral and left precentral gyri.

Future directions include comparing the neural regions
that control different symptoms in patients with ADHD and
ASD with the same regions in patients with TD. For in-
stance, patients with ADHD and patients with ASD often
demonstrate impaired social skills, which are controlled by
the fusiform gyri. Additionally, given our initial analy-
ses of resting fMRI, we believe that analyzing fMRI data
taken during task performance can further emphasize dif-
ferences in neurological behavior. For instance, the fMRI
scans taken during listening comprehension can be investi-
gated to show how linguistic processing differs between pa-

tients with ASD vs TD. Lastly, current fMRI studies look at
autism and ADHD separately. Little is known regarding the
co-occurrence of the two disorders, although the two dis-
orders share many similar neuropsychological and behav-
ioral symptoms. Studies show that two-thirds of individuals
with ADHD show features of ASD while 50% of individu-
als with ASD manifest symptoms of ADHD [8]. Thus, di-
rectly comparing the spatiofunctional networks of patients
with ASD and ADHD can identify shared differences in
neural circuitry. This can inform the scientific community
on the biological bases of the two developmental disorders,
and guide future predictive models in diagnosing the two.
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