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Abstract
Accumulating neuroimaging evidence suggests that abnormal functional and structural brain connectivity plays a cardinal 
role in the pathophysiology of autism spectrum disorder (ASD). Here, we constructed brain networks of functional, struc-
tural, and morphological connectivity using data from functional magnetic resonance imaging (fMRI), diffusion tensor 
imaging (DTI), and structural magnetic resonance imaging (sMRI), respectively. The neuroimaging data from a cohort of 
50 individuals with ASD and 47 age-, gender- and handedness-matched TDC (age range: 5–18 years) were selected from 
the Autism Brain Image Data Exchange database. The combination of the fMRI, sMRI and DTI modalities connectivity 
features resulted in a classification accuracy of 82.69% for differentiating individuals with ASD from TDC. This accuracy 
surpassed that of any single modality or combination of fMRI and DTI modalities previously examined. Among the fMRI, 
sMRI and DTI modalities, the most distinguishing connectivity features were observed in the temporal, parietal, and 
occipital lobes from the DTI modality, the prefrontal and parietal lobes from the fMRI modality, and the temporal lobe 
from the sMRI modality. In addition, we also found that these distinguishing connectivity features can predict abnormal 
social interaction behaviours in ASD. These results highlight the complementary information provided by multimodal 
approaches, further emphasizing the pivotal role of multimodal connectivity patterns in unravelling the intricate mecha-
nisms involved in the pathophysiology of ASD.
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Introduction

Autism spectrum disorder (ASD) is a condition with a neu-
rodevelopmental origin that causes challenges in social 
communication, social reciprocity, and repetitive and ste-
reotyped behaviors and interests (Association American 
Psychiatric, 2013). Currently, the clinical recognition of 
ASD has focused on understanding its neurobiological 
foundations involved in inter-regional communication in 
the brain development process (Uddin et al., 2013). Numer-
ous functional magnetic resonance imaging (fMRI) studies 
have identified the prevailing notion that individuals with 
ASD have abnormally increased connectivity under the age 
of 12 but decreased connectivity and possibly degenerates 
in adolescence (Courchesne et al., 2007; He et al., 2020; 
Uddin et al., 2013). Diffusion tensor imaging (DTI) has 
also verified that the altered FA values in individuals with 
ASD are age-related, and further reported increased FA val-
ues in young children with ASD and decreased FA values 
in adolescents or adults with ASD (Alexander et al., 2007; 
Bashat et al., 2007; Keller et al., 2007). Additionally, struc-
tural MRI (sMRI) studies have suggested that numerous 
brain regions undergo a period of precocious growth during 
early postnatal life followed by a deceleration in age-related 
growth in autistic brains, and these regions form an inte-
grated structural network (Courchesne et al., 2003). These 
autistic studies demonstrated that abnormal brain connectiv-
ity patterns are relatively remarkable in the developmental 
period. Previous studies from our group have also shown 
that morphological connectivity abnormalities can predict 
the severity of social communication deficits in young chil-
dren with ASD, thus confirming an associational impact at 
the behavioral level (He et al., 2021). Therefore, considering 
the association of behavioral deficits with abnormal neuro-
anatomical connectivity and its functional consequences in 
developing autistic brains, measures of brain connectivity 
associated with symptom severity are promising biomarkers 
for ASD diagnosis (Jeste et al., 2015).

Recent research has verified that structural connectivity 
provides support to functional connectivity, while functional 
connectivity follows the plasticity of structural connectiv-
ity in the course of brain development (Diez et al., 2015; 
Hermundstad et al., 2013; Rasero et al., 2023). Moreover, 
many studies have demonstrated large spatial resemblances 
of the connectivities between fMRI and DTI modalities 
within the whole-brain large-scale network. Recently, the 
coupling of functional and structural connectivity networks 
has been detected to increase with age and to be disturbed in 
disease-specific states. Heretofore, the important limitations 
of solely relying on a single connectivity modality were 
always reported to investigate the neurobiological founda-
tions of ASD. For example, functional network analyses are 

known to be highly sensitive to physiological noise and head 
motion (Reid et al., 2016), which can result in an excess 
of systemic false correlations in ASD. Structural network 
analyses in ASD (Cheng et al., 2010) have very often used 
deterministic tractography algorithms to construct structural 
connectivity networks. Although such calculations can be 
performed quickly, they do not address the issue of fiber 
crossing. Morphological gray matter networks have also 
provided valuable information regarding the coordination 
of gray matter growth/ atrophy (Evans, 2013; Fox, 2018). 
Recently, Keller et al. found that the reduction in the struc-
tural integrity of white matter may underlie functional con-
nectivity alterations, which may be responsible for some of 
the social and cognitive symptoms found in ASD, including 
deficits in the ‘theory of mind’ (Baron-Cohen et al., 1985; 
Keller et al., 2007). Overall, the combination of different 
modalities of brain connectivity in autistic brains may alle-
viate their single-modality weakness and further provide 
comprehensive and complementary information (Zhao et 
al., 2020).

Some researchers studying ASD have recently begun to 
incorporate two or three imaging techniques. For instance, 
Rakic et al. have reported that the classification model with 
the features based on fMRI and sMRI modalities outper-
forms that with implemented individual pipelines (Rakić 
et al., 2020). Furthermore, many studies have reported that 
integrating fMRI, DTI and Electroencephalogram (EEG) 
sources helps allow a comprehensive and personalized 
computer-aided diagnostic for autistic patients (Cociu et al., 
2017; ElNakieb et al., 2018). However, they do not make 
complete use of three-modal (including fMRI, sMRI and 
DTI modalities) brain connectivity features, which can pro-
vide more communication information among brain regions. 
This study provides answers to the following two questions: 
(a) whether the biomarkers discovered via combining fMRI, 
sMRI and DTI modalities can reliably discriminate autistic 
individuals and further improve the classification accuracy 
compared with those based on the single modality (i.e., 
fMRI, sMRI, or DTI modality) or two modalities (including 
fMRI + DTI, fMRI + sMRI, or DTI + sMRI); and (b) whether 
there were any associations between symptoms severity in 
ASD and biomarkers discovered via different modalities.

Materials and methods

Participants

All data were obtained from the public dataset (Autism 
Brain Imaging Data Exchange (ABIDE II) repository, ​h​t​t​​p​
s​:​/​​/​f​c​​o​n​_​​1​0​0​0​.​p​r​o​j​e​c​t​s​.​n​i​t​r​c​.​o​r​g​/​i​n​d​i​/​a​b​i​d​e​/​) (Di Martino et 
al., 2014, 2017), based on stringent inclusion criteria. The 
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inclusion criteria were as follows: (a) high-quality images 
within sMRI, resting-state fMRI, and DTI dataset; (b) age 
ranging from 5 to 18; (c) head motion less than 3 mm trans-
lation or 3°  angular rotation in any direction; (d) scanning 
sites with more than 10 subjects. After applying these selec-
tion criteria, the final dataset for this study comprised 47 
TDC and 50 ASD individuals, collected from two research 
scanning sites (New York University Langone Medical Cen-
ter [NYU] and San Diego State University [SDSU]). Sub-
jects were also fully anonymized using the Health Insurance 
Portability and Accountability Act (HIPAA) guidelines. 
Written consent was obtained from the parents or legal rep-
resentatives. This study was approved by the institutional 
review boards of the New York University and the San 
Diego State University Institutional Review Boards.

Diagnosis and clinical assessment

Participants with ASD were diagnosed following the DSM-
IV-TR criteria, through a series of differentiated clinical 
diagnoses, including Autistic Disorder Asperger’s Disorder, 
or Pervasive Developmental Disorder Not-Otherwise-Spec-
ified, the Autism Diagnostic Observation Schedule, ADOS, 
and/or the Autism Diagnostic Interview-Revised, ADI-R 
(Detailed information is provided in ​ h​t​t​​p​s​:​/​​/​f​c​​o​n​_​​1​0​0​​0​.​p​​r​
o​j​e​​c​t​​s​.​n​i​t​r​c​.​o​r​g​/​i​n​d​i​/​a​b​i​d​e​/​a​b​i​d​e​_​I​I​.​h​t​m​l​)​. In the NYU and 
SDSU datasets, participants had no co-morbid Fragile-X or 
tuberous sclerosis. Intelligence (full scale IQ, performance 
IQ, and verbal IQ) was measured by the Wechsler Abbrevi-
ated Scale of Intelligence (WASI) or the six subtests of the 
Differential Ability Scales, Second Edition (DAS-II). TDC 
had no history of mental disorders.

Neuroimaging acquisition

Magnetic resonance imaging (MRI) data were acquired 
at the NYU Langone Medical Center using a 3 Tesla Sie-
mens Magnetom Allegra syngo MR 2004 A (Spisak et al., 
2014). Resting-state fMRI images were obtained using 
the following acquisition parameters: repetition time/echo 
time (TR/TE) = 2000/15 ms, 33 slices, 90° flip angle, voxel 
size = 3 × 3 × 4 mm3, field of view (FOV) = 240 × 192 mm2, 
and slice thickness = 4.0 mm. For each subject, the scanning 
time lasted for 6 min and 180 volumes were obtained (Guo et 
al., 2017). T1-weighted sagittal MP-RAGE structural images 
were acquired using gradient echo sequence with the follow-
ing parameters: TR/TE = 2530/3.25 ms, TI = 1100 ms, 7° flip 
angle, matrix size = 256 × 256, FOV = 256 mm, slice thick-
ness = 1.33 mm, 128 sagittal slices with 1.3 × 1.0 × 1.3 mm3 
voxels (Koyama et al., 2013). DTI scans were collected using 
a twice-refocused diffusion-weighted echo-planar image 
sequence with the following parameters: TR/TE = 5200/78 

ms, acquisition matrix = 64 × 64, FOV = 192 × 192 mm2, 50 
slices with 3 × 3 × 3 mm3 voxel, b = 0 and 1000 s/mm2 along 
64 non-collinear directions (Yoncheva et al., 2016).

MRI data at SDSU were acquired on a 3 Tesla GE MR750 
scanner using an echo-planar imaging (EPI) sequence with 
whole-brain coverage. Resting-state fMRI images were 
obtained using the following acquisition parameters: TR/
TE = 2000/30 ms, 42 slices with 3.4 × 3.4 × 3.4 mm3, 90° 
flip angle, FOV = 220 × 220 mm2, slice thickness = 3.4 mm. 
For each subject, 180 volumes were collected over an fMRI 
scanning time of 6 min and 10  s (Fishman et al., 2015). 
T1-weighted structural images were obtained using a stan-
dard fast spoiled gradient echo T1-weighted sequence 
with the following parameters: TR/TE = 11.08/4.3 ms, 
TI = 1100 ms, 45° flip angle, 128 sagittal slices, matrix 
size = 256 × 256, FOV = 256 mm (Abbott et al., 2016). DTI 
scans were collected using an echo-planar pulse sequence 
with the following parameters: TR/TE = 8500/84.9 ms, 
acquisition matrix = 128 × 128, FOV = 240 mm, acquisition 
voxel size = 1.88 × 1.88 × 2 mm3, 61 non-collinear direc-
tions at b = 1000 s/mm2, and 1 at b = 0 s/mm2 (Fishman et 
al., 2015).

Image preprocessing

T1-weighted imaging

To obtain voxel-wise gray matter volumes of each sub-
ject, the T1-weighted images were preprocessed using the 
voxel-based morphometry (VBM) analysis implemented 
in Statistical Parametric Mapping 12 (SPM12; Wellcome 
Department of Cognitive Neurology, University of London) 
and Computation Anatomy Toolbox with default param-
eters (CAT 12; Christian Gaser; Department of Psychia-
try, University of Jena). All images were first corrected for 
magnetic field inhomogeneities, then segmented into gray 
matter (GM), white matter (WM), and cerebrospinal fluid 
(CSF) (Ashburner & Friston, 2005). The segmentation pro-
cess was further enhanced by controlling for partial volume 
effects using a hidden Markov Random Field model (Tohka 
et al., 2004). All segmented images were spatially normal-
ized using the DARTEL algorithm (Ashburner, 2007). Fur-
thermore, the resulting GM segments were smoothed with 
a Gaussian kernel of 8 mm (full width at height maximum, 
FWHM). Finally, total intracranial volume was calculated 
as the sum of GM, WM, and CSF volumes, and further used 
as a covariate for the following analyses.

Diffusion tensor imaging

DTI data preprocessing was conducted with a similar pro-
cedure to previous work (Bonifazi et al., 2018; He et al., 
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density function. Subsequently, the KL divergence between 
any pair of ROIs was defined as:

DKL(P, Q) =
∑ n

i=1

(
P (i) log

P (i)
Q (i)

+ Q (i) log
Q (i)
P (i)

)
� (1)

Where n is the total number of sample points (n = 27 was uti-
lized in the current study, as the same in (Wang et al., 2016). 
P and Q were two PDFs. Finally, the KLS was calculated as:

KLS (P , Q) = e−DKL(P,Q)� (2)

The value of KLS ranges from 0 to 1, where 1 represents 
the identical distributions between the GM P and Q density 
distributions, and 0 represents the maximum separability.

Structural connectivity networks (SCNs)

The SCN was constructed by using the FA map of each 
subject. The nodes of SCN were determined by the defined 
ROIs in the native diffusion space. Accordingly, diffusion 
imaging of each subject was first coregistered into the cor-
responding non-diffusion-weighted (b = 0) images in the 
native diffusion space through a linear transformation. 
The coregistered structural images were then mapped to 
the same stereotactic space as the customized template by 
using an affine transformation with 12 degrees of freedom 
accompanied by a series of nonlinear warps. Afterwards, 
the AAL template was registered into the individual DTI 
space of each subject through inverse transformation, these 
90 ROIs served as the nodes of SCN of each subject. In the 
native diffusion space, the edge of SCN was defined as the 
mean FA values of fibers along all fibers connecting the two 
nodes. SCN is a symmetric matrix, where the connectivity 
from node i to node j is equal to that from j to i.

Functional connectivity networks (FCNs)

For the preprocessing image of each subject, the AAL was 
utilized to divide the brain into 90 ROIs. The time series 
of each ROI was generated by averaging the time series of 
all voxels within it, and the Pearson correlation coefficient 
between any pair of ROIs was computed as the edge of 
FCN. The correlation coefficients were normalized by the 
Fisher’s transformation:

Z = 1
2

√
n − 3 × ln(1 + r

1 − r
)� (3)

Where n denotes the number of time points and r denotes 
the correlation coefficients between ROIs.

2020), where FSL (FMRIB Software Library v5.0.9, ​h​t​t​p​
:​/​/​w​w​w​.​f​m​r​i​b​.​o​x​.​a​c​.​u​k​/​f​s​l​​​​​) and the diffusion toolkit were 
adopted. First, an eddy current correction was employed 
to correct the artifacts introduced by head motion or varia-
tion in the direction of the gradient fields of the MR scanner 
(Yamada et al., 2014). Subsequently, the diffusion ten-
sor models were built using the linear least-squares fitting 
technique at each voxel in Diffusion Toolkit (Wang et al., 
2007). For each participant, whole-brain fiber tracking was 
implemented in native space by using the Fiber Assignment 
by Continuous Tracking algorithm. Path tracing termination 
criteria included fractional anisotropy (FA) values less than 
0.2 or angular threshold larger than 60°.

Functional imaging

Resting-state functional data were preprocessed using the 
advanced edition of Data Processing Assistant for Resting-
State fMRI (DPARSF A v6.1, http://rfmri.org/DPARSF) 
(Yan et al., 2016). Image preprocessing steps included dis-
carding the first ten volumes, slice-timing correction, spatial 
realignment (subjects with translational or rotational head 
motion larger than 3 mm or 3° were excluded), normaliza-
tion to the Montreal Neurological Institute (MNI) stereo-
taxic space and then resampling to 3 × 3 × 3 mm3, nuisance 
covariates regression (Friston 24 motion parameters, the 
signals from white matter and cerebrospinal fluid), spatial 
smoothing with a 6 mm full-width at half-maximum Gauss-
ian kernel, the linear detrending and band-pass filtering 
(0.01–0.08 Hz), and data scrubbing by cubic spline interpo-
lation to fit the motion “spikes” (volumes with frame-wise 
displacement > 0.5 mm together with the preceding volume 
and the two succeeding volumes, a conservative strategy 
ensuring the maximum sample size while accounting for the 
effects of head motion on our findings) (Power et al., 2012).

Network construction

Morphometry similarity networks (MSNs)

MSNs were constructed by using the GM volume image for 
each subject. Herein, network nodes were quantified by the 
90 (45 for each hemisphere) cortical and subcortical regions 
of interest (ROIs) from the Automated Anatomical Labeling 
atlas (AAL) (Tzourio-Mazoyer et al., 2002), and network 
edges were defined by the symmetric KL divergence-based 
similarity (KLS) (Wang et al., 2016). For each subject, the 
GM volume values of all voxels in each ROI were extracted 
to estimate their probability density function based on the 
kernel density estimation. Then, the probability distribu-
tion function (PDF) was computed to obtain the probability 

1 3

http://www.fmrib.ox.ac.uk/fsl
http://www.fmrib.ox.ac.uk/fsl
http://rfmri.org/DPARSF


Brain Imaging and Behavior

Where TP, FP, TN, and FN denote the number of true posi-
tives, false positives, true negatives, and false negatives, 
respectively (Son et al., 2010).

The statistical significance of classification accuracy 
was examined using permutation tests. In each permuta-
tion, the group labels were shuffled and the same classifi-
cation procedure was repeated to acquire an Accperm value. 
This permutation process was repeated 5000 times, and 
the final P value was obtained by calculating the propor-
tion of the number of times that Accperm is greater or equal 
to the actual Acc-value in total permutation times (Mu et 
al., 2020). Classification model with single modes (includ-
ing fMRI, DTI, or sMRI) and different modal combinations 
(including fMRI + DTI, fMRI + sMRI, DTI + sMRI, and 
fMRI + DTI + sMRI) (Fig. 1) (Zhao et al., 2020).

Relationship with autistic symptoms

A linear support vector regression (SVR) was conducted to 
evaluate autistic patients’ symptom severity scores based on 
the top 10% connections after ranking the weight in SVM. 
Leave-one-out validation (LOOCV) strategy was employed 
to assess the performance of the evaluation. For LOOCV, 
the evaluated values from “left-out” participants were gen-
erated by taking the training data from all other partici-
pants and repeating this process until all participants had an 
evaluated value. The correlation coefficient was computed 
between the actual symptom scores and their corresponding 
evaluated score. A permutation test with 10,000 times was 
employed to consider the statistical significance of these 
correlation coefficients.

Results

Demographic variables and clinical measures

47 TDC and 50 ASD individuals were selected from ABIDE 
II in this manuscript. The two-sample t-test showed that the 
distribution of age, gender, MeanFD, and the proportion of 
scrubbed time points (number of “bad” time points/total 
time points, PST) in ASD were not significantly different 
from that of TDC, but the FIQ was significantly lower in the 
ASD group than that in the TDC group. Detailed informa-
tion of enrolled subjects is shown in Table 1.

Classification accuracy

In this study, we found a classification accuracy of 82.69% 
(85.71% sensitivity, 79.19% for specificity, permutation 
test p < 0.001, 5000 loops) after combining the network fea-
tures of fMRI, sMRI and DTI modalities (Fig. 2; Table 2). 

Classification analysis

Feature selection

In the current study, the NYU, which is considered as an 
independent dataset, was employed in the feature selection. 
From the original connectivity matrix from fMRI, DTI, and 
sMRI for each participant, three different classes of features 
were respectively generated: functional connectivity (FC) 
from FCN, structural connectivity (SC) from SCN, and 
morphological connectivity (MC) from MSN. Given that 
90 ROIs were applied in these networks, each participant 
had 12,015 features ([90*(90 − 1)/2] * 3 [MC, SC, and FC]). 
After the combination of the three classes of features and 
normalization, the feature matrix had N * 12,015 dimensions 
(N number of individuals times 12015 features). To avoid 
redundant features and reduce the matrix dimension, recur-
sive feature elimination with cross-validation (RFECV) 
was conducted (Guyon et al., 2002). In addition, all features 
were controlled for the nuisance covariates including the 
age, gender, full-scale IQ (FIQ), and mean frame-wise dis-
placement (meanFD).

Support vector machine classifier

In the current study, a support vector machine (SVM) model 
was adopted for classification in the SDSU dataset. SVM 
performs well despite that the size of the sample is small 
while the total number of features is large. SVM classifica-
tion is a supervised learning method and commonly used 
in prior studies. To estimate the robustness of classification 
from the SVM models, the leave-one-out cross-validation 
(LOOCV) strategy was performed. In each LOOCV trail, 
the SVM model was built based on n-1 training samples 
and then predicted a new label (i.e., 1 represents ASD and 
− 1 represents TDC) in the remaining one. This process was 
repeated until all participants had their new label. To obtain 
summary classification performance, the statistics includ-
ing accuracy, sensitivity, specificity, and receiver operat-
ing characteristic (ROC) were calculated, and then the area 
under the curve was estimated to illustrate the overall per-
formance of the method. That is,

Sensitivity = TP

TP + FN
� (4)

Specificity = TN

TN + FP
� (5)

Accuracy = (TP + TN)
TP + TN + FP + FN

� (6)
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supporting the classification performance. Please refer to 
Fig. 2; Table 2 for further details.

Feature selection in high-classification performance

485 connections were selected using the REFCV technique 
based on the NYU dataset (Fig. S1) and then were used in 
the SVM for ASD vs. DTC classification of participants 
from the SDSU dataset. After weight ranking in the opti-
mal SVM, we identified the top 10% connections with the 
highest ranks, resulting in a total of 49 connections. Among 

The classification accuracy achieved by combining all 
three modalities (including fMRI + DTI + sMRI) was sig-
nificantly higher compared to that using any combination 
of two modalities (including fMRI + DTI, fMRI + sMRI, 
or DTI + sMRI). Moreover, the accuracy obtained using 
two modalities (including fMRI + DTI, fMRI + sMRI, or 
DTI + sMRI) was significantly greater than that achieved 
using a single modality (i.e., fMRI, sMRI or DTI, P < 0.05 
for all comparisons, permutation test). These results sug-
gest that each modality plays a crucial synergistic role in 

Fig. 1  Methodological sketch. a) Network construction based on AAL 
90 ROIs. Individual functional (FC, fMRI), structural (SC, DTI), and 
morphological (MC, T1) connectivity matrices were built for each 
participant after image preprocessing. b) Features obtained from MC, 
SC, and FC were used to perform classification. c) Feature selection: 
removing the redundant features using the RFECV and eliminating the 
effect of age, gender, FIQ, and meanFD. d) Classification model con-
struction: The SVM model and LOOCV were applied in classifying the 

ASD and TDC labels. ASD, autism spectrum disorder; TDC, typically 
developing control; FIQ, full-scale IQ; Mean FD, mean frame-wise 
displacement; KLS, KL divergence-based similarity; SVM, support 
vector machine; LOOCV, leave-one-out cross-validation; RFECV, 
recursive feature elimination with cross-validation; MC, morphologi-
cal connectivity; SC, structural connectivity; FC, functional connectiv-
ity; AAL, Automated Anatomical Labeling atlas
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of brain connectivity in individuals with ASD. The results 
can be summarized as follows: (1) A discriminant accuracy 
of 82.69% for ASD classification was accomplished after 
integrating the connectivity patterns from fMRI, sMRI and 
DTI modalities, and this accuracy was higher than that using 
one modality (i.e., fMRI, sMRI, or DTI) or two-modalities 
(including fMRI + DTI, fMRI + sMRI, or DTI + sMRI) 
classes; (2) the relatively high classification accuracy was 
contributed by those connectivity features mainly involv-
ing in the temporal, occipital and parietal networks from 
the DTI modality, prefrontal and parietal networks from 
the fMRI modality, and temporal networks from the sMRI 
modality; (3) the connectivity pattern of the fMRI, sMRI 
and DTI modalities predicted the severity of social interac-
tion deficits in individuals with ASD. The results highlight 
the critical role of a multimodal connectivity biomarker 
(i.e., connectivity patterns derived from the fMRI, sMRI 
and DTI modalities) in the pathophysiology of ASD.

In the current study, the individual MSN was constructed 
based on KL divergence to measure similarities in the dis-
tribution of gray matter volume. Such methods were first 
utilized by Kong et al. (Kong et al., 2014) and further devel-
oped by Wang et al. (Wang et al., 2016). These authors 
discovered that MSN analysis at the individual level is a 
significant and reliable method for characterizing human 
brain organization and structure. Our results indicate that 
this method attained an accuracy of 73.08%, whereby the 
connections majorly involved were part of the social brain 
network including the amygdala, fusiform, thalamus, heschl 
gyrus, caudate, and middle frontal gyrus. Previous studies 
have reported that the social brain network is responsible 
for processing social information and is impaired in autistic 
patients (Sato et al., 2012, 2017). Our findings further sup-
port the relevance of this MSN for the diagnosis of ASD.

these connections, 24 were derived from the SCN, 21 from 
the FCN, and 4 from the MSN. Specifically, the structural 
connections primarily involved the temporal, parietal, and 
occipital lobes. The functional connections were predomi-
nantly observed in the prefrontal and occipital lobes, while 
the morphological connections primarily involved the tem-
poral lobe (Fig. 3).

Classification multimodal connectivity features 
(including fMRI + DTI + sMRI) predict symptom 
severity in ASD

After performing an SVR method, the top 10% connections 
after weight-ranking were found to predict social interaction 
deficits (r = 0.66, permutation test p < 0.001, 10000 times, 
Fig. 4)(DiCiccio & Romano, 2017).

Reproducibility and replicability analysis

To investigate the robustness of our findings, we made use 
of the SDSU dataset for feature selection (see Figure S2), 
while the NYU dataset was employed for the SVM analysis. 
Remarkably, when combining all three modalities (includ-
ing fMRI + DTI + sMRI) for classification, we achieved an 
accuracy of 80%, along with a sensitivity of 81.82% and 
specificity of 78.26% (permutation test, p < 0.001, 5000 iter-
ations, table S1 and Figure S3).

Discussion

The current study makes use of brain neuroimaging data 
from fMRI, sMRI and DTI modalities to construct FCN, 
MSN, and SCN for each participant, to identify biomarkers 

Table 1  Participant demographics
SDSU NYU

Variables ASD
(n = 28)

TDC
(n = 24)

P-value ASD
(n = 22)

TDC
(n = 23)

P-value

Age 13.5 ± 3.07 13.4 ± 3.02 0.87a 8.4 ± 2.98 9.2 ± 1.91 0.28a

Gender (M/F) 22/6 22/2 0.19b 21/1 23/0 0.30b

FIQ 99.4 ± 14.7 102.8 ± 11.9 0.36a 103.3 ± 18.2 116.0 ± 15 P = 0.01a

MeanFD 0.16 ± 0.09 0.16 ± 0.12 0.95a 0.22 ± 0.11 0.20 ± 0.13 0.58a

PST 0.09 ± 0.11 0.10 ± 0.19 0.68 a 0.17 ± 0.16 0.15 ± 0.18 0.67 a

ADI-R
Social interaction 18.93 ± 4.18 -- -- 17.5 ± 7.31 -- --
Communication 13.6 ± 4.6 -- -- 15.68 ± 5.11 -- --
RRB 5.75 ± 2.38 -- -- 5.09 ± 3.22 -- --
ASD, autism spectrum disorder; TDC, typically developing control; FIQ, full-scale IQ; Mean FD, mean framewise displacement; PST, propor-
tion of scrubbed time-points (number of “bad” time points/total time points); Mean ± Standard deviation; M, male; F, female; ADI-R, Autism 
Diagnostic Interview-Revised; RRB, restricted, repetitive, and stereotyped behaviors. “Bad” time points denote time points with frame-wise 
displacement > 0.5 mm, including the preceding time point and the two succeeding time points
a The P value was obtained by a two-sample t-test, two-tailed
b The P value was obtained by the Kruskal–Wallis test
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matter integrity revealed similar atypical connectivity pat-
terns in individuals with developing autistic brains (Spurgin, 
2007). A recent theory that attempts to reconcile the conflict-
ing results in the literature suggests that hyperconnectivity 

The classification accuracy of the SCNs reached 67.31%. 
In addition, these DTI connections using the SVM classifier 
were primarily distributed in temporal, parietal, and occipi-
tal lobes. Diffusion tensor imaging (DTI) studies of white 

Fig. 2  Classification performance using different modality features 
in the SDSU dataset. (a) Performance of classifying ASD and TDC 
labels based on structural connectivity features (i.e., DTI). The left 
panel shows the ROC curve of the classifier and the right panel shows 
the frequency distribution of accuracy using 5000 permutation tests. 
The vertical dashed line on the x-axis is the actual classification accu-

racy. (b-g) Similar to (a) but for functional connectivity features (i.e., 
fMRI), morphological connectivity features (i.e., sMRI), DTI + fMRI, 
DTI + sMRI, fMRI + sMRI, and DTI + fMRI + sMRI, respectively. 
ROC, receiver operating characteristic. ASD, autism spectrum disor-
der; TDC, typically developing control
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After combining the network connections from the 
fMRI, sMRI and DTI modalities, we have built connec-
tivity features for a diagnostic accuracy higher than that 
obtained using any single modality (Fig. 2 and Figure S3). 
Brain networks constructed via different modalities may 
reflect different aspects of brain architecture. Indeed, some 
authors showed specifically that MSNs using cortex thick-
ness correlations differed significantly from white matter 
networks constructed using DTI (Gong et al., 2012). More-
over, although some previous studies have shown that a 
combination of different brain network modalities did not 
increase classification performance (Reid et al., 2016), our 
study shows a high synergistic power to predict ASD by 
the combination of the top 10% connections after weight-
ranking from fMRI, sMRI, and DTI modalities and further 
demonstrated that these connections were closely related to 
social-interaction symptoms of ASD. Such differences may 
be related to the influence of genetic risk factors on differ-
ent brain tissues in different manners or at different stages 
in autistic brain development (Shi et al., 2012) and suggest 
that the combination of multimodal features provided com-
plementary information carried by different biomarkers. In 
addition to achieving excellent performance in ASD clas-
sification, the integrated set of connections from the fMRI, 
sMRI and DTI modalities also showed a good performance 
in predicting the severity of the social interaction deficits. 
This finding may indicate that these connections might be 
relevant for explaining abnormal social behavior in ASD 
and further reflect the severity of ASD. This brain-behavior 
association also underscores the potential importance of 
brain networks from the fMRI, sMRI and DTI modalities 
to distinguish individuals with ASD and may contribute to 
developing an objective biomarker of ASD.

Limitations

Several limitations of the current study should be noted. 
First, the sample size was relatively modest owing to the 
age range (5–18 years) and the brain connectivity network 
generated using fMRI, sMRI, and DTI in ASD. Larger sam-
ple sizes are required to replicate and confirm our results. 
Second, we employed simple combination methods and 
ignored the relationships between the different modalities. 
This is beyond the scope of the present work and should be 
addressed in future studies. Third, the morphological con-
nectivity in the current study was generated from the prob-
ability distributions of morphological variables acquired 
from structural neuroimaging. Such distributions require an 
accurate assessment. In this study, ROIs have been quanti-
fied by the AAL atlas widely used for brain network con-
structions (Gong et al., 2009; Zhang et al., 2011). This atlas 
displayed sufficiently large observations for each brain area 

of brain networks may be more characteristic in young chil-
dren with ASD, whereas hypoconnectivity is more preva-
lent in adolescents and adults with the disorder compared 
with individuals with typical development (TD) (He et al., 
2020; Nomi & Uddin, 2015). Furthermore, two pathways of 
the temporal-occipital cortex and temporal-parietal junction 
in ASD were investigated to play an important role in social 
cognition. Ameis et al. have investigated that the temporal-
occipital circuit was involved in social-emotional process-
ing in children with ASD (Ameis et al., 2011) and David et 
al. have reported that the disruption in the temporal-parietal 
junction was positively correlated with social motion per-
ception in ASD (David et al., 2014). Here, following previ-
ous works (Di Martino et al., 2014; Supekar et al., 2013), 
SCN patterns related to abnormal social behavior at the net-
work level may be regarded as a significant marker for the 
diagnosis of ASD.

FCNs have been constructed using resting-state fMRI, 
in which brain connections of the prefrontal and occipital 
lobes have been mainly used as features for classification, 
yielding a diagnostic accuracy of approximately 61.54%. 
Recently, fMRI studies have reported connectivity of the 
frontoparietal network, a circuitry central to the comple-
tion of social coordination (Dumas et al., 2020), shown rel-
evant for autism symptomatology (Lin et al., 2019). In line 
with previous studies, we found that the functional connec-
tions more relevant for classification (with higher weights 
in the performed classifier) were related to the prefrontal 
and parietal networks. Although the connections were not 
coincident with those detected by the DTI modalities, the 
performance of the FCN was lower than the one achieved 
by the structural network, in agreement with previous work 
(Roland et al., 2017). Functional connections can also be 
observed between regions with few structural connections 
or no connections, which suggests the indirect connections 
mediating functional association through third-common 
neighbors during brain development (Honey et al., 2009). 
Thus, the information acquired from FCN cannot be ignored 
in studying the development of the autistic brain.

Table 2  Results of the ASD classification using different modality fea-
tures in the SDSU dataset

Accuracy (%) Sensitivity 
(%)

Spec-
ificity 
(%)

DTI 67.31 67.86 66.67
fMRI 61.54 82.13 37.5
sMRI 73.08 64.29 83.33
DTI + fMRI 73.07 67.86 79.17
DTI + sMRI 75 78.57 70.83
fMRI + sMRI 63.46 85.71 37.5
DTI + fMRI + sMRI 82.69 85.71 79.17
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Conclusion

We found relative accuracy in classifying ASD and TDC 
using connectivity features combining three different brain 
imaging modalities (i.e., functional, structural, and mor-
phological connectivities), which was superior to using any 
single modality (i.e., fMRI, sMRI or DTI) or combinations 
of two modalities (including fMRI + DTI, fMRI + sMRI, 
or DTI + sMRI). Furthermore, we also found a significant 
association of the connectivity features from fMRI, sMRI 
and DTI modalities with abnormal social behavior in ASD. 
These results suggest that the combination of multiple 
modalities could be effectively utilized to obtain comple-
mentary information regarding brain connectivity networks 
and may be helpful to offer clinically relevant biomarkers of 
neurological syndromes in ASD.
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(larger than 120) and enabled the accurate evaluation of 
regional morphological distributions. However, previous 
fMRI or diffusion MRI studies have reported that structural 
and functional templates do not correspond to the same 
physical and physiological mechanisms (Diez et al., 2015). 
A comparison of the current results with those based on dif-
ferent templates is vital to provide comprehensive insights 
into the effect of different brain parcellation schemes on the 
coherent organization of brain networks within the fMRI, 
sMRI and DTI modalities. Fourth, although a reliable ROI-
wise morphological connectivity has been generated by 
using the KLS technique (Kong et al., 2015; Wang et al., 
2016; Zhao et al., 2020), further research is still required 
to identify the extent of how morphological connectivity 
in the brain can reflect its structural or functional connec-
tivity. Finally, to our knowledge, the prevalence of ASD is 
higher among boys, and it is hard to recruit female subjects 
with ASD. Only including male subjects limits our ability 
to investigate the potential impact of gender factors on our 
findings. In future research, larger datasets including female 
subjects are needed.

Fig. 3  Distribution of the top 10% highest-weight connections in the 
optimal SVM solution. (A) 24 structural connections represented by 
red lines in the glass brains and the wheel-graph connectivity plot. The 
different ROIs were grouped in six different networks, depicted with a 
different color in the wheel brain plots. For each region, the total node 
degree is represented in the histogram. Blue-colored rectangles rep-
resent values of total node degrees larger than 50% of the same value 
but across all different networks. (B-C) Similar to (A) but for the 21 
functional connections and 4 morphological connections. MC, mor-
phological connectivity; SC, structural connectivity; FC, functional 
connectivity; AAL, anatomical automatic labeling atlas. SVM, support 
vector machine; ROI, region of interest; L, left; R, right

Fig. 4   Correlation between predicted and observed values in the 
ADI-R social interaction sub-score in autistic participants. Solid and 
dashed lines denote respectively the best-fitted line and 95% confi-
dence interval of Pearson’s correlation analysis. ASD, autism spectrum 
disorder, ADI-R, Autism Diagnostic Interview-Revised
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