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ABSTRACT
BACKGROUND: Autism spectrum disorder (ASD) is among the most pervasive neurodevelopmental disorders, yet
the neurobiology of ASD is still poorly understood because inconsistent findings from underpowered individual
studies preclude the identification of robust and interpretable neurobiological markers and predictors of clinical
symptoms.
METHODS: We leverage multiple brain imaging cohorts and exciting recent advances in explainable artificial intel-
ligence to develop a novel spatiotemporal deep neural network (stDNN) model, which identifies robust and inter-
pretable dynamic brain markers that distinguish ASD from neurotypical control subjects and predict clinical symptom
severity.
RESULTS: stDNN achieved consistently high classification accuracies in cross-validation analysis of data from the
multisite ABIDE (Autism Brain Imaging Data Exchange) cohort (n = 834). Crucially, stDNN also accurately classified
data from independent Stanford (n = 202) and GENDAAR (Gender Exploration of Neurogenetics and Development
to Advanced Autism Research) (n = 90) cohorts without additional training. stDNN could not distinguish attention-
deficit/hyperactivity disorder from neurotypical control subjects, highlighting the model’s specificity. Explainable
artificial intelligence revealed that brain features associated with the posterior cingulate cortex and precuneus,
dorsolateral and ventrolateral prefrontal cortex, and superior temporal sulcus, which anchor the default mode
network, cognitive control, and human voice processing systems, respectively, most clearly distinguished ASD
from neurotypical control subjects in the three cohorts. Furthermore, features associated with the posterior
cingulate cortex and precuneus nodes of the default mode network emerged as robust predictors of the severity
of core social and communication deficits but not restricted/repetitive behaviors in ASD.
CONCLUSIONS: Our findings, replicated across independent cohorts, reveal robust individualized functional brain
fingerprints of ASD psychopathology, which could lead to more objective and precise phenotypic characterization
and targeted treatments.

https://doi.org/10.1016/j.biopsych.2022.02.005
Autism spectrum disorder (ASD) is one of the most common
neurodevelopmental disorders, characterized by a range of
highly debilitating social impairments and communication dif-
ficulties (1–3). Despite decades of research, the neurobiology
of ASD is still poorly understood. The current paradigm for
investigating the neurobiology of ASD has reached a cross-
roads: inconsistent findings from individual studies fail to
address the heterogeneity in ASD, precluding the identification
of reliable and interpretable neurobiological markers and pre-
dictors of clinical symptoms, which can be used as more ac-
curate diagnostic measures and precise treatment targets (4).
Newly available “big data” and powerful explainable artificial
intelligence (XAI) techniques offer an unprecedented opportu-
nity to identify individualized and robust markers of ASD (5).
Here, we use an end-to-end data-driven XAI-based compu-
tational framework for robust identification of the
N: 0006-3223
neurobiological markers of ASD by leveraging novel deep
neural networks (DNNs) and large-scale open-source brain
imaging data acquired from multiple sites, as well as two other
independent cohorts.

Over the past few years, DNNs have revolutionized the
field of XAI with major successes in applications such as
computer vision and natural language processing (6). DNNs,
however, have had limited success in ab initio classification
and identification of neurobiological features that distinguish
psychiatric disorders using functional brain imaging data. This
is due to several challenges in applying DNNs to brain
imaging data, most notably dealing with the high dimen-
sionality of whole-brain data and noisy measurements with a
large degree of individual variability across data acquisition
sites (7). A particular challenge here is the application to ASD,
a psychiatric disorder characterized by a spectrum of
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impairments and high levels of heterogeneity in phenotypic
clinical symptoms (4).

A few recent studies have attempted to use DNNs by
reducing the dimensionality of brain data through explicit
feature engineering (8–16). Typically, in these approaches,
precomputed static functional brain connectivities are pro-
vided as input to DNN models consisting of multiple fully
connected networks followed by a sigmoid layer for classifi-
cation. This approach has two problems. First, the correlation
coefficients, which are used as static functional connectivity
features, assume that the functional magnetic resonance im-
aging (fMRI) time series reflect a stationary process. However,
recent studies have shown that fMRI time series are highly
nonstationary (17–19). Second, training DNN architectures with
fully connected layers is challenging, particularly in neuro-
imaging applications, because of a large number of free pa-
rameters and a limited number of labeled training data. As a
result, these architectures tend to overfit the data and exhibit
poor out-of-sample prediction (20). Critically, extant ap-
proaches do not exploit the dynamic spatiotemporal charac-
teristics of brain activity, which contain more robust features of
psychiatric disorders and are thought to inform on interindi-
vidual phenotypic differences (21–26).

To address these issues, we developed a novel spatio-
temporal DNN (stDNN) model, which directly takes as its input
fMRI time-series data from brain regions of interest and
models underlying dynamic spatiotemporal characteristics of
brain activity (dynamic connectomes) to distinguish between
ASD and neurotypical control subjects (Figures 1 and 2). A
key idea of our approach is to discover latent spatiotemporal
dynamics for classification from brain data without the need
for explicit feature engineering. Our stDNN consists of con-
volutional layers that encode latent information at different
temporal resolutions and, unlike fully connected networks,
Figure 1. Schematic overview of our multicomponent explainable artificial inte
that predict autism spectrum disorder (ASD) psychopathology and severity of clin
4, classification; steps 5 and 6, feature identification, i.e., predictive feature we
symptom severity. ADI-R, Autism Diagnostic Interview-Revised; fMRI, functional
TD, typically developing.
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has a comparatively smaller number of parameters to train
(Figure 2).

Our study addresses four key challenges. The first challenge
we address here is that fMRI data from data sharing consortia
are highly heterogenous, due to differences in scanning pro-
tocols and MRI scanners used in each site. Thus, the meth-
odology must be robust to, and be able to generalize across,
various data acquisition protocols that are not harmonized
across sites. We address this challenge by developing an
stDNN model with one-hot encoding that incorporates multi-
site heterogeneity to create a single network that handles
heterogeneous data from different imaging protocols while
learning robust representations for simultaneously classifying
and identifying robust neurobiologically meaningful features
that distinguish individuals with ASD. We applied stDNN to
resting-state fMRI data from over 800 participants and multiple
data acquisition sites that were shared through the Autism
Brain Imaging Data Exchange (ABIDE) (27,28).

The second challenge is that the DNN model and methods
should be able to accurately classify individuals from inde-
pendent untrained data. While several previous studies have
examined ASD classification accuracy in individual cohorts, to
our knowledge, no studies have then gone on to show that the
classifiers are generalizable and effective for novel data that
the classifier had not seen before (Table S1). This is a crucial
step in which most algorithms in other domains are widely
known to fail (7). We address this challenge by training our
classifier on the ABIDE dataset and testing it on two other
independent datasets, one acquired at Stanford and the other
by the GENDAAR (Gender Exploration of Neurogenetics and
Development to Advanced Autism Research) consortium,
which were not used in training of the stDNN model.

The third challenge we address here is that previous studies
using DNNs have almost exclusively focused on classification
lligence framework for discovering individualized neurobiological fingerprints
ical symptoms. Key steps include steps 1 and 2, data extraction; steps 3 and
ights (fingerprints) across brain regions; and step 7, prediction of clinical
magnetic resonance imaging; stDNN, spatiotemporal deep neural network;
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Figure 2. For each subject, the spatiotemporal deep neural network model uses regional functional magnetic resonance imaging (fMRI) time series and
covariates, including site, gender, and age, as input. The model predicts the class label (autism spectrum disorder or typically developing) of the subject using
spatiotemporal convolutions of the fMRI time series along with the covariate information. The integrated gradient of the model’s prediction to its input is used
for identifying black box brain features underlying the classification of autism spectrum disorder vs. typically developing control subjects. Avg, average; Conv,
convolutional; FC, fully connected; Max, maximum; ReLU, rectified linear unit.
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and have not paid adequate attention to identifying the
neurobiological features that underlie the classification
(Table S1). Therefore, little is currently known about brain
features that distinguish ASD without the bias of prior feature
engineering. We address this major gap in the field by devel-
oping an integrated and automated approach for simulta-
neously classifying and identifying neurobiologically
meaningful features that distinguish individuals with ASD from
neurotypical control subjects.

The final challenge we address here is the identification of
neurobiologically meaningful features that predict the severity
of clinical symptoms associated with the heterogenous mani-
festations of ASD; to our knowledge, no previous deep learning
classification study has investigated brain features that
robustly predict clinical symptoms without feature engineering
in independent datasets (Table S1).

We demonstrate that our stDNN model 1) accurately dis-
tinguishes ASD by modeling spatiotemporal brain dynamics
without any predefined assumptions, 2) generalizes to novel
data on which it was not trained, and 3) is specific to ASD. We
uncover brain features that most clearly distinguish ASD from
neurotypical control subjects and robustly predict the severity
of social and communication deficits. Based on our theoretical
model and empirical findings (29), we predicted that default
mode network (DMN) nodes would feature prominently in both
classification and symptom prediction.
B

METHODS AND MATERIALS

Study Cohorts

ABIDE Cohort. We leveraged neuroimaging and phenotypic
data from ABIDE (27,28) (Figure S1 and Table S2; see
Supplemental Methods for details).

Stanford Cohort. An independent cohort of participants
acquired at Stanford (30–32) was used to investigate the
generalizability of stDNN to previously unseen data (Figure S2
and Table S2; see Supplemental Methods for details).

GENDAAR Cohort. An independent cohort of participants
acquired by GENDAAR was used to further investigate the
generalizability of stDNN to previously unseen data (Figure S3
and Table S2; see Supplemental Methods for details).

ADHD200-NYU Cohort. An independent cohort of partici-
pants acquired at New York University was used to investigate
the specificity of the stDNN (Table S22; see Supplemental
Methods for details).

stDNN Model

We developed an innovative stDNN model (Figure 2) to extract
informative brain dynamics features that accurately distinguish
iological Psychiatry - -, 2022; -:-–- www.sobp.org/journal 3
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between ASD and neurotypical control subjects. A key
advantage of our approach is that it provides a novel technique
to capture latent dynamics without the need for explicit feature
engineering (33). Our stDNN model consists of two one-
dimensional convolutional block layers, a temporal averaging
operation, a dropout layer, and a sigmoid layer (Figure 2; see
Supplemental Methods for details). Preprocessed regional
fMRI time series from 246 brain regions defined in the Brain-
netome atlas (34) were given as input to the first one-
dimensional convolutional block layer (see Supplemental
Methods for details). To account for site-, gender-, and age-
related heterogeneity, site and gender information encoded
with a one-hot encoding scheme, which is the most commonly
used method for encoding categorial variables, and age were
given as an input to the final fully connected layer. stDNN
classified participants in the two groups by minimizing the
binary cross-entropy cost function.

Fivefold Cross-validation Classification Analysis of
ABIDE Cohort Data

To prevent bias and account for low variance, we conducted a
fivefold cross-validation to evaluate the performance (accu-
racy, precision, recall, F1) of our stDNN model (Figure 3; see
Supplemental Methods for details).

Classification Analysis of Stanford, GENDAAR, and
ADHD-NYU Cohort Data Using Fivefold ABIDE
Cohort Models

Similar to the fivefold cross-validation process used for ABIDE,
for reporting the performance of our stDNN for Stanford,
Figure 3. Fivefold cross-validation (CV) procedures for testing and validation of
the ABIDE (Autism Brain Imaging Data Exchange) cohort. The five models are th
cohort and the GENDAAR (Gender Exploration of Neurogenetics and Developm
trained on the Stanford cohort and the GENDAAR cohort. ADI-R, Autism Diagno
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GENDAAR, and ADHD-NYU cohorts, we used each of the five
stDNN models trained on different subsets of ABIDE. Using the
five different models, we evaluate each model’s performance
on the cohort data independently (Figure 3; see Supplemental
Methods for details) and report the mean and standard devi-
ation values of the key performance metrics for each of the
three cohorts.

Identifying Brain Features Underlying Classification

We used an integrated gradients (IG)–based feature attribution
approach (35–39) (see Supplemental Methods for details) to
identify brain features that discriminated between the ASD and
typically developing (TD) groups.

Fingerprint Analysis of Brain Features Underlying
ASD Classification

We examined whether IG-based individual fingerprints of
predictive brain features cluster differently in individuals with
ASD than in TD control subjects. The Pearson correlation be-
tween individuals’ IG-derived brain feature maps was used to
calculate the distance between them, and these distances
were compared between individuals in the ASD and TD groups
(see Supplemental Methods for details).

Clinical Symptom Prediction in ASD

We investigated the relationship between stDNN-identified
neurobiological features with the severity of clinical symp-
toms in individuals with ASD. Spearman correlations between
the Autism Diagnostic Interview-Revised (ADI-R) domain
scores and the brain features derived from each of the five
autism spectrum disorder (ASD) vs. typically developing (TD) classification in
en used for independently testing ASD vs. TD classification in the Stanford
ent to Advanced Autism Research) cohort. Note that these models are not
stic Interview-Revised; Avg, average.
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stDNN models were computed (see Supplemental Methods for
details).

Control Analyses

We performed several control analyses to demonstrate that
our findings are robust to brain atlas selection and head
motion–related confounds and to show that stDNN out-
performs extant classification algorithms and approaches (see
Supplemental Methods for details).

RESULTS

Classification of ASD Versus Control Subjects in the
ABIDE Cohort

We first trained our stDNN on the multisite ABIDE cohort (n =
834) of individuals with ASD and TD individuals as control
subjects (Table S2). To assess the performance of our stDNN
model, we used a fivefold cross-validation procedure in which
80% of the sample was used for training while the other 20%
of the sample was used for validation (Figure 3). stDNN ach-
ieved an average accuracy of 78.2 6 2.84% across the five
folds and an average precision of 0.76 6 0.03, recall of 0.82 6
0.03, and F1 score of 0.79 6 0.03 (Table S3). stDNN achieved
comparable accuracies using other commonly used brain
atlases instead of the Brainnetome atlas (Table S4), as well as
across sites and genders (see Supplemental Results for de-
tails). Notably, stDNN outperformed conventional approaches
that used 1) static functional connectivity, 2) amplitude of low-
frequency fluctuation, 3) blood oxygen level–dependent signal
variability, 4) sliding-window functional connectivity variability,
and 5) fMRI time series as features, which achieved average
accuracies ranging from 50% to 63% (Tables S5–S9; see
Supplemental Results for details), further highlighting the
strength of our approach. Additional analyses confirmed that
the observed results were robust to potential confounds such
as head motion (see Supplemental Results for details). These
results demonstrate that stDNN can accurately distinguish
individuals with ASD from TD control subjects in a multisite
cohort and, furthermore, does so in a robust and consistent
manner across cross-validation folds.

Classification of ASD Versus Control Subjects in
Independent Stanford and GENDAAR Cohorts

We then evaluated the performance of our stDNN model on
two independent cohorts of individuals with ASD and TD
control subjects, one acquired at Stanford (n = 202) and the
other from the GENDAAR consortium (n = 90) (Table S2).
stDNN was not trained on the Stanford and GENDAAR cohort
data. We evaluated five models corresponding to each of the
folds in the cross-validation as described above (Figure 3). In
the Stanford cohort, stDNN achieved an average accuracy of
72.66 2.11% across the five folds and an average precision of
0.70 6 0.03, recall of 0.81 6 0.06, and F1 score of 0.75 6 0.02
(Table S10). In the GENDAAR cohort, stDNN achieved an
average accuracy of 75.11 6 2.86% across the five folds and
an average precision of 0.76 6 0.03, recall of 0.80 6 0.03, and
F1 score of 0.78 6 0.02 (Table S16). Notably, in both cohorts,
stDNN outperformed conventional approaches, which ach-
ieved average accuracies ranging from 55% to 63% in the
B

Stanford cohort (Tables S11–S15; see Supplemental Results
for details) and from 49% to 60% in the GENDAAR cohort
(Tables S17–S21; see Supplemental Results for details), further
highlighting the strength of our approach. These results
demonstrate that stDNN can accurately classify individuals
with ASD from TD control subjects in a robust and consistent
manner across cross-validation folds in two independent co-
horts without additional training.

Classification of Attention-Deficit/Hyperactivity
Disorder Versus Control Subjects

To examine the specificity of our stDNN ASD classification
model, we investigated whether the stDNN model trained to
distinguish between ASD and TD participants can distinguish
between attention-deficit/hyperactivity disorder (ADHD) and
TD participants (n = 221) (Table S22). For ADHD versus TD
classification, the stDNN model trained on the ABIDE data
achieved around chance level accuracy of 56.0 6 1.84%
across the five folds and an average precision of 0.69 6 0.01,
recall of 0.39 6 0.07, and F1 score of 0.49 6 0.06 (Table S23),
highlighting the specificity of our stDNN model for ASD
classification.

Identification of Brain Features Underlying ASD
Classification in the ABIDE Cohort

We then used an IG procedure (35–39) to compute the feature
attributes underlying the ASD class label in the ABIDE cohort.
This analysis yields a measure of feature strength associated
with ASD versus TD classification in each brain region and at
each time point. This procedure also identifies an individual
fingerprint of predictive features in each participant (Figure 4).
We first examined whether these fingerprints cluster differently
in individuals with ASD than TD control subjects and found that
intra-ASD group distance metrics were significantly shorter
than distances with the TD group (p , .0001). These results
demonstrate that individualized brain fingerprints mirrored the
broader diagnostic discrimination of ASD.

To identify brain areas that contributed the most to classi-
fication, we computed the median of feature scores across the
five folds and thresholded them—top 5% of features—based
on the feature scores distribution across all time points and
regions. This resulted in the identification of a distributed set of
brain areas including the posterior cingulate cortex (PCC),
precuneus, ventromedial prefrontal cortex, dorsolateral and
ventrolateral prefrontal cortex, and superior temporal sulcus,
that contributed most significantly to predicting the ASD class
label (Figure 5 and Table S24). Additional analyses confirmed
that the observed results were robust to potential confounds
such as head motion (see Supplemental Results for details).
These results demonstrate that stDNN, together with IG pro-
cedures, automatically identifies discriminating features
without the need for ad hoc feature engineering.

Identification of Brain Features Underlying ASD
Classification in Independent Stanford and
GENDAAR Cohorts

We then used the same procedures as described in the pre-
vious section to determine predictive feature attributes in each
ASD participant in the Stanford and GENDAAR cohorts. These
iological Psychiatry - -, 2022; -:-–- www.sobp.org/journal 5
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Figure 4. (A) t-distributed stochastic neighbor embedding (tSNE) plot of spatiotemporal deep neural network (stDNN)–derived individual feature attribution
maps/fingerprints of 60 representative individuals with autism spectrum disorder (ASD) and typically developing (TD) participants randomly selected from the
ABIDE (Autism Brain Imaging Data Exchange) cohort, demonstrating clustering of ASD and TD individuals. (B) stDNN-derived individual feature attribution
maps/fingerprints in three ASD participants from the ABIDE cohort. (C) tSNE plot of stDNN-derived individual feature attribution maps/fingerprints of 60
representative individuals with ASD and TD participants randomly selected from the Stanford cohort, demonstrating clustering of ASD and TD individuals.
(D) stDNN-derived individual feature attribution maps/fingerprints in 3 ASD participants randomly selected from the Stanford cohort. (E) tSNE plot of stDNN-
derived individual feature attribution maps/fingerprints of 60 representative individuals with ASD and TD participants randomly selected from the GENDAAR
(Gender Exploration of Neurogenetics and Development to Advanced Autism Research) cohort, demonstrating clustering of ASD and TD individuals.
(F) stDNN-derived individual feature attribution maps/fingerprints in 3 ASD participants randomly selected from the GENDAAR cohort.
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Figure 5. (A) Feature attribution map showing the
top 5% of features that underlie autism spectrum
disorder vs. typically developing classification in the
ABIDE (Autism Brain Imaging Data Exchange)
cohort. The spatiotemporal deep neural network with
integrated gradients identified brain features that
distinguish individuals with autism spectrum disorder
from typically developing control subjects. The al-
gorithm automatically identified distinguishing fea-
tures in the posterior cingulate cortex, precuneus,
ventromedial prefrontal cortex, dorsolateral and
ventrolateral prefrontal cortex, and superior temporal
sulcus, which anchor the default mode network,
cognitive control, and human voice processing sys-
tems, respectively (Table S24 for a detailed listing of
brain areas and predictive feature weights).
(B) Visualization of (unthresholded) feature weights
across the whole brain in the ABIDE cohort.
(C) Feature attribution maps showing the top 5% of
features showing replication of the predictive default
mode network, dorsolateral and ventrolateral pre-
frontal cortex, and superior temporal sulcus features
in the Stanford cohort (Table S25 for a detailed listing
of brain areas and predictive feature weights).
(D) Visualization of (unthresholded) feature weights
across the whole brain in the Stanford cohort.
(E) Feature attribution maps showing the top 5% of
features showing replication of the predictive default
mode network, dorsolateral and ventrolateral pre-
frontal cortex, and superior temporal sulcus features
in the GENDAAR (Gender Exploration of Neuro-
genetics and Development to Advanced Autism
Research) cohort (see Table S26 for a detailed listing
of brain areas and predictive feature weights).
(F) Visualization of (unthresholded) feature weights
across the whole brain in the GENDAAR cohort.
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cohortwise analyses revealed individualized brain fingerprints
that mirrored the broader diagnostic discrimination of ASD (p
, .0001) (Figure 4) and identified the PCC, precuneus,
dorsolateral and ventrolateral prefrontal cortex, and superior
temporal sulcus as the brain areas that contributed most
significantly to predicting the ASD class label (Figure 5,
Tables S25–S26) in both cohorts. These results demonstrate
that stDNN, together with IG procedures, automatically iden-
tifies similar discriminating features as in the ABIDE cohort,
again without the need for ad hoc feature engineering.

Predicting Clinical Symptoms Using Brain Features

We investigated whether our stDNN-identified brain features
could predict the severity of clinical symptoms in individuals
with ASD in the combined cohort (n_ASD = 417). The PCC,
precuneus, and ventrolateral prefrontal cortex were the only
B

brain regions whose features predicted ADI-R social scores
(p , .001; FDR-corrected) in each of the five cross-validation
folds. The PCC, precuneus, and dorsolateral prefrontal cor-
tex were the only brain regions whose features predicted ADI-
R communication scores (p , .001; FDR-corrected) in each of
the five cross-validation folds. These features did not predict
ADI-R restricted and repetitive behavior scores (all p values
. .30), demonstrating the specificity of the findings related to
core social and communication phenotypic features associ-
ated with ASD.
DISCUSSION

We identified dynamic brain features that distinguish in-
dividuals with ASD from neurotypical control subjects and
predict clinical symptom severity using a novel stDNN. Our
iological Psychiatry - -, 2022; -:-–- www.sobp.org/journal 7
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model learned latent dynamic interactions among distributed
brain areas without ad hoc feature engineering, achieving high
classification accuracies in cross-validation analysis of data
from the multisite ABIDE cohort. Crucially, the stDNN model
also accurately classified data from two independent cohorts
without any additional training. stDNN could not accurately
distinguish individuals with ADHD from neurotypical control
subjects, highlighting the specificity of the model. Feature
identification using an IG approach revealed that brain features
associated with the key nodes of the DMN, human voice
processing, and cognitive control systems (31,40–43) most
clearly distinguished ASD from neurotypical control subjects in
the three cohorts, and the posterior DMN nodes predicted core
social and communication, but not restricted and repetitive
behavior, phenotypic features associated with ASD.

stDNN overcomes the key limitations of commonly used
DNN-based methods for classification of brain imaging data
(see Supplemental Discussion for details) and addresses
several challenges associated with developing robust neuro-
biological markers of ASD using large-scale open-source brain
imaging data.

The first challenge we addressed was to develop a robust
classifier that distinguishes individuals with ASD from neuro-
typical control subjects. stDNN with site harmonization ach-
ieved a cross-validation classification accuracy of 78.2 6
2.84% in the multisite ABIDE cohort, outperforming previously
published studies (Table S1). The cross-validation sensitivity
and specificity values achieved by our stDNN model are
comparable to the gold standard Autism Diagnostic Obser-
vation Schedule evaluation for the diagnosis of verbally fluent
individuals with ASD (44,45). Furthermore, stDNN significantly
outperformed conventional approaches that use static func-
tional connectivity features and regional time series features
for ASD classification (Tables S5–S9). Our findings suggest
that atypical intrinsic spatiotemporal brain dynamics, captured
by our stDNN model, is a more robust feature of ASD than
conventional functional brain connectivity and regional brain
activity.

The second challenge we addressed was whether the
stDNN model trained on the ABIDE data could accurately
classify participants from a completely left-out dataset. stDNN
achieved a high classification accuracy in both the indepen-
dent Stanford and GENDAAR cohorts, demonstrating that
stDNN can accurately classify individuals with ASD from TD
control subjects in a consistent manner in independent cohorts
without additional training. Notably, the stDNN model achieved
high accuracy in spite of differences in age and severity of ASD
symptoms between the cohorts, and the accuracy levels were
considerably higher than those obtained using conventional
methods (Tables S11–S15 and S17–S21). Another aspect that
has not been addressed in previous ASD classification studies
is determining the specificity of the classification model, which
is crucial for demonstrating the usefulness of such models in
clinical settings. The fact that our stDNN model, which was
trained to distinguish between ASD and TD groups, was un-
able to distinguish between ADHD—one of the most common
co-occurring disorders with ASD (46)—and TD groups, illus-
trates the model’s specificity.

The third challenge we addressed was to uncover neuro-
biologically interpretable features associated with ASD.
8 Biological Psychiatry - -, 2022; -:-–- www.sobp.org/journal
Conventional DNN approaches, especially those applied to
time-series data, are black box models that lack interpretability
in terms of the underlying neurobiological features (7). A model
might achieve high levels of classification accuracy but provide
no insight into which features are important for classification or
whether the features are neurobiologically interpretable in the
context of previous systems neuroscience models of ASD.
Here, our deep learning model allowed us to identify and rank
features that distinguish ASD from control subjects using an IG
approach (Figure 2). Furthermore, our predictive features
identify the brain fingerprints, which index the differential
contribution of different brain areas to the broader clinical
diagnostic discrimination of ASD and is an important feature of
our model.

Our stDNN-based feature detection analysis identified the
PCC and precuneus, which anchor the DMN, as brain areas
whose dynamic properties most clearly distinguished the ASD
group from control subjects. Crucially, these features not only
were observed in the ABIDE cohort but also were replicated in
the independent Stanford and GENDAAR cohorts, further
attesting to the robustness and generalizability of our findings.
Aberrancies in DMN nodes and their dynamic functional in-
teractions contribute to the atypical integration of information
about the self in relation to other, as well as impairments in the
ability to flexibly attend to socially relevant stimuli (47–51).
Altered structural and functional organization of the DMN and
its atypical developmental trajectory are prominent neurobio-
logical features of ASD (29,32,52–57). Together, our findings
point to evidence for DMN dysfunction in the context of spe-
cific components of social cognitive dysfunction in ASD: self-
referential processing and theory of mind.

Our stDNN-based feature detection analysis also identified
the superior temporal sulcus and the dorsolateral and ventro-
lateral prefrontal cortex, which anchor the human voice pro-
cessing and cognitive control systems, respectively, as brain
areas whose dynamic properties distinguished the ASD and
control groups in three different cohorts. The human voice is a
key social stimulus, and engaging with it is important for lan-
guage and social-emotional learning during typical develop-
ment (30,31,58–60). Notably, individuals with ASD are often
not responsive to human voice (1,61), and core deficits in
processing biologically and emotionally salient vocal cues
contribute to pronounced social communication difficulties in
ASD (2,30,31,58). Impairments in prefrontal cortex areas
associated with cognitive control are a prominent defining
feature of ASD. Cognitive control systems anchored in the
dorsolateral and ventrolateral prefrontal cortex facilitate com-
plex goal-directed behaviors, including attention allocation,
task-switching, and other adaptive flexible behaviors, pro-
cesses known to be impaired in ASD (62–64).

Given the heterogeneity of ASD, the fourth and final chal-
lenge we addressed here was to uncover neurobiologically
interpretable features associated with the severity of social and
communication deficits, a core defining characteristic of the
disorder. Across the five folds of a cross-validation analysis,
the PCC and precuneus were the only brain areas whose
features predicted the heterogeneity of both social and
communication deficits, but not restricted and repetitive be-
haviors, in individuals with ASD. Postmortem histological
studies of brain tissue have demonstrated altered laminar
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patterns and increased density of white matter neurons in the
superficial layers of the PCC and precuneus, owing to
disruption of neuronal migration from the germinal zone to the
cortical plate in affected individuals (65). Furthermore, disrup-
tions to the PCC and precuneus occur between the 16th and
20th weeks of gestation (65), and the presence of such early
developmental aberrations may underpin the common profile of
deficits observed in the three cohorts across a wide age range.
Thus, an early and variable profile of insults to the cellular or-
ganization of the PCC and precuneus may adversely impact
brain development and contribute to the ASD phenotype by
virtue of focused and early disruption of core brain hubs.

Conclusions

Despite the considerable heterogeneity of phenotypic fea-
tures in ASD and study limitations (see Supplemental
Discussion for details), our stDNN model distinguished in-
dividuals with ASD from neurotypical controls with a high
accuracy in multisite data. Our stDNN ASD model could not
accurately distinguish individuals with ADHD from neuro-
typical controls, highlighting the specificity of the model. Our
model together with an integrated feature identification
approach successfully uncovered the neurobiological fea-
tures associated with ASD. Notwithstanding the wide range in
symptom profiles, age, and data acquisition protocols, our
model accurately distinguished ASD from control subjects
and uncovered similar distinguishing neurobiological features
associated with ASD in two other independent cohorts. Our
findings also yielded a unique predictive fingerprint in each
individual that robustly predicted the severity of social and
communication deficits in ASD. Our discovery of robust
individualized functional brain biomarkers of ASD psychopa-
thology could transform our understanding of the etiology,
diagnosis, and treatment of the disorder. More generally, our
approach provides new XAI-based tools for probing the
robust and interpretable neurobiological bases of psychiatric
disorders and the underlying clinical symptoms, with the
potential to inform precision psychiatry.
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