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Brain functional connectivity has shown promise for developing objective biomarkers for autism spectrum disorder (ASD). Although many imag-
ing studies have demonstrated its potential, most have focused on static measurements. In this study, we explored the dynamic changes in function-
al connectivity over time to uncover potential temporal dependencies. These dynamic patterns were abstracted into high-level representations and
used as predictors to identify individuals at risk of ASD. To achieve this, we employed a deep learning framework that combines attention mecha-
nism with long short-term memory (LSTM) neural network. Experiments were conducted using heterogeneous resting-state functional magnetic
resonance imaging (rs-fMRI) data from the Autism Brain Imaging Data Exchange (ABIDE) database. The resulting classification achieved an accu-
racy of 74.9% and precision of 75.5% under intra-site cross-validation, outperforming traditional classifiers such as support vector machines (SVM),
random forests (RF), and single LSTM network. Further analyses demonstrated the robustness and generalizability of our model, with classification
performance less affected by subjects gender or age. The optimal models weights revealed atypical temporal dependencies in the brain functional
connectivity of individuals with ASD, highlighting the potential for these patterns to serve as biomarkers. Our findings underscore the importance

of dynamic functional connectivity in understanding ASD and suggest that our deep learning framework could aid in the development of more ac-

curate and reliable diagnostic tools for this disorder.
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INTRODUCTION

Autism spectrum disorder (ASD) is a common developmental
disorder characterized by significant deficits in social interaction
and communication [1]. Currently, the clinical diagnosis of ASD
relies predominantly on the observations of behavioral symptoms
using standardized measures such as the autism behavior check-
list (ABC) [2] and the childhood autism rating scale (CARS) [3].
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However, these diagnostic methods can be subjective, with results
varying based on clinicians experience, and the process is often
time-consuming. Given these limitations, there is a pressing need
for more objective and precise diagnostic tools. Data-driven meth-
ods, which leverage advanced analytical techniques to identify
potential patterns in large datasets, offer a promising avenue for
improving the accuracy and efficiency of ASD diagnosis. By pro-
viding clinicians with additional, objective insights, these methods
could enhance the precision of diagnostic outcomes and stream-
line the diagnostic process, ultimately benefiting individuals with
ASD and their families.

In recent years, brain imaging techniques have advanced rapidly,
prompting increasing interest in developing diagnostic methods
for ASD based on brain imaging data [4-6]. One popular approach
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involves extracting brain connectivity information from resting-
state functional magnetic resonance imaging (rs-fMRI) data to
use as inputs for classifiers. For instance, Kong et al. [7] achieved
a classification accuracy of 90.39% between typically developing
(TD) individuals and patients with ASD by modeling preselected
features of functional connectivity. Similarly, Guo et al. [8] ex-
plored low-dimensional representations of whole-brain connec-
tivity, attaining a classification accuracy of 86.36%. And Chen et
al. [9] demonstrated the potential of using functional connectivity
at specific frequency bands, reporting a classification accuracy of
79.19%. Collectively, these studies have shown promising results in
characterizing the pathophysiology of ASD through brain imaging
data.

While imaging studies on brain connectivity have reported
good accuracy in identifying individuals with ASD, they typically
employ static measurements of functional connectivity. These
static approaches, however, fail to adequately capture the temporal
dependencies inherent in connectivity patterns. Recognizing that
these temporal dependencies might contribute to the development
of objective biomarkers for ASD and enhance our understanding
of its underlying causes, we propose a novel method. This method
focuses on the dynamic changes in connectivity over time to un-
cover potential temporal dependencies, thereby enabling more ac-
curate distinction between TD individuals and patients with ASD.

To achieve accurate classification of individuals with ASD, we
employed deep learning technology [10] in this study. As a cur-
rently popular and powerful approach, deep learning can auto-
matically learn hierarchical representations of input data, which
has led to promising results in identifying individuals with ASD.
For instance, Deng et al. [11] developed a deep learning framework
called the spatial-temporal transformer to investigate the spatial
and temporal representations of rs-fMRI data, achieving a classi-
fication accuracy of 71.0%. Similarly, Heinsfeld et al. [12] utilized a
deep neural network classifier based on autoencoders to discover

Table 1. MRI hardware and demographic data for selected sites

inherent features in functional connectivity, reporting a classifica-
tion accuracy of 70%. Eslami et al. [13] further demonstrated the
potential of deep learning by characterizing rs-fMRI data using a
joint learning procedure of autoencoder and perceptron, achiev-
ing an accuracy of 70.3%. These studies collectively highlight the
significant potential of deep learning technology for screening
individuals at risk of ASD.

In this study, we implemented an attention learning framework
based on the long short-term memory (LSTM) neural network to
model the temporal dependencies in brain functional connectivity.
This approach aims to accurately differentiate between TD indi-
viduals and patients with ASD. To demonstrate the reproducibility
and generalizability of our proposed classification model, we con-
ducted experiments using heterogeneous rs-fMRI data from the
Autism Brain Imaging Data Exchange (ABIDE) database.

MATERIALS AND METHODS

Data preprocessing

The ABIDE is an open-access repository that aggregates neuro-
imaging data from 1,112 subjects across 17 independent sites [14].
Of these, 1,102 subjects have complete labeling information. To
standardize the sampling interval of the rs-fMRI data, we selected
634 valid subjects from 9 sites for our experiments, ensuring that
each site had a repetition time (TR) of 2 seconds. These subjects
span a broad spectrum of ages, symptom severities, and other rele-
vant factors, which ensures that our dataset is representative of the
broader ASD population. The inclusion of multiple sites helps to
minimize site-specific biases and enhances the generalizability of
our findings across different demographic and clinical subgroups.
Table 1 provides detailed MRI hardware information for these
sites, as well as key demographic information for the valid subjects.
This information was compiled from the publicly available meta-
data and documentation of the ABIDE dataset. Among the se-

MRI hardware information ASD TD

SN Vendor Model slt\r{:gg: 1:1 E:Tt::i:) Ageavg(std)  Gender Age avg (std)  Gender
CALTECH Siemens Prisma 30 22.8(6.8) M5,F2 283(11.2) M10,F4
CMU Siemens Prisma 30 26.3(4.9) M5,F1 26.4(4.3) M7F1
NYU Siemens Trio Tim 30 14.5(7.0) M68,F11 15.6 (6.1) M78,F25
SDSU Siemens Prisma 30 14.6(1.7) M10,F1 13.9(1.8) M12,F6
STANFORD Philips Achieva 30 10.0 (1.6) M 16,F 4 10.0 (1.6) M 16,F 4
TRINITY Siemens Prisma 30 17.3(3.6) M24,F0 17.1(3.9) M23,F0
UM Siemens Prisma 30 13.8(2.0) M58,F 10 15.3(3.5) M59,F18
USM Siemens Trio Tim 30 22.6(7.7) M58,F0 21.4(7.6) M43,F0
YALE GE Signa HDxt 30 12.6 (3.0) M19,F8 127 (2.8) M20,E$

M, male; E female; avg, average; std, standard deviation.
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lected subjects, there are 334 TD individuals and 300 patients with
ASD. Notably, the number of male individuals with ASD exceeds
that of females, which is consistent with established findings [15].

In this study, we utilized rs-fMRI data based on the Craddock
200 (CC200) atlas [16], which provides a functional parcellation
of the brain into regions of interest (ROIs) with anatomical ho-
mology. This atlas enhances the interpretability of functional con-
nectivity analyses by aligning them with well-defined anatomical
regions and is widely used in ASD research, providing a standard-
ized framework for comparing results across datasets. To address
potential site variability and ensure consistency across sites, the rs-
fMRI data were preprocessed using the configurable pipeline for
the analysis of connectomes (CPAC) [17], a standardized prepro-
cessing pipeline. The pipeline mainly included the following steps:
(1) Slice time correction using AFNTIs 3dTshift to account for the
interleaved acquisition order of slices; (2) Motion correction using
AFNTs 3dvolreg (two iterations) to correct for head movements
during scanning; (3) Skull-stripping using AFNI's 3d Automask to
remove non-brain tissue; (4) Global mean intensity normalization
to 10,000; (5) Nuisance regression to remove motion parameters,
global mean signal, white matter signal, and cerebrospinal fluid
signal; and (6) Band-pass filtering (0.01~0.1 Hz) to remove low-
frequency drift and high-frequency physiological noise. More
detailed information on the preprocessing pipeline and specific
parameter settings are available in http://preprocessed-connec-
tomes-project.org/.

To address potential site-related biases in our preprocessed data,
we employed the ComBat method [18] for data harmonization.
This method adjusts for systematic biases that may arise from
variations in MRI scanners and protocols, ensuring that the data
from different sites are comparable while preserving the biologi-
cal signals of interest. Specifically, we used site information as the
batch variable and included relevant covariates (i.e., age, gender,
and diagnostic status) in the harmonization process. By doing so,
we were able to mitigate the impact of site-specific differences on
our analysis, thereby enhancing the robustness and generalizability
of our findings.

Finally, we performed data segmentation using a sliding window
approach [19], so as to capture the dynamic changes in functional
connectivity over time. Specifically, we employed a window size
of 30 seconds and a step size of 1 second. These parameters were
chosen based on previous studies that have demonstrated their
effectiveness in capturing temporal dependencies in rs-fMRI data
while balancing temporal resolution and computational efficiency
[20, 21]. This approach divided the preprocessed rs-fMRI data
from each subject into a sequence of segments, with the length of
each segment determined by the width of the sliding window. As
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a result, each segment reflects data acquisition over approximately
60 seconds, and the regular interval between two consecutive
segments from the same subject is 10 seconds. Given the shortest
duration of the preprocessed rs-fMRI data, a total of 24 segments,
each of size WxM, were extracted for each subject. Here, W de-
notes the width of the sliding window, and M represents the num-
ber of ROIs derived from the CC200 atlas.

Model implementation

In the present study, we deployed an attention learning frame-
work to accomplish the desired classification task. The framework
primarily consists of two parts: feature extraction and attention
learning. The feature extraction component focuses on character-
izing the dynamic changes in brain functional connectivity over
time, while the attention learning component emphasizes identify-
ing discriminative connectivity patterns for accurate classification.

LSTM network is a special type of recurrent neural network
(RNN) characterized by a chain structure of repetitive neural net-
work modules [22]. Compared to traditional RNN, LSTM is capa-
ble of capturing intricate dependencies hidden in time series data.
With this in mind, we utilized LSTM network for feature extrac-
tion and taken G ={G,,G,,...,G,} as inputs to the network. Here,
symbol N represents the number of samples or subjects (i.e., 634).
Let S = {S,f }Zl denotes the sequence of segments derived from the
ith subject, G, € G could be considered as a mapping of S;, achieved

according to the following rules:

. cOV(S;;’S;)
" a(s))o(s) (l)
G,-/- = (p:" )MxM (2)
Gi = {ﬂm‘u (Gif )}i‘ (3)

where 5! and s} are time series belonging to segment §; = {S',‘}:;
cov (sy,s;) indicates the covariance between Sj and S, o(S;) and
G(Si]". ) imply the standard deviation of S; and §; respectively, and
N (G, ) € R™2 denotes a vector constructed with the upper
triangular elements (excluding diagonal elements) of matrix G;.
Each module of LSTM network consists of four interactive com-
ponents: the cell state, the forget gate, the input gate, and the output
gate. Among these components, the cell state is the core of the net-
work, responsible for storing important information, while the
gates focus on filtering information. For the jth module, all three
gates (forget, input, and output) perform operations using the cur-
rent input vector 7,,, (G, ) € G, and the output from the previous
module %y as inputs. Specifically, the forget gate ; is calculated
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as follows:

7= "(W.f Lo (6))] +bf) @

Here, parameters W, b and o refer to the weight matrix, bias vec-
tor, and activation function of the current layer, respectively. The
forget gate aims to determine what information needs to be dis-
carded from the previous cell state Cy;;-. Meanwhile, the input gate
7y decides what new information from the input vector should be
written to the current cell state C;. In other words, the information
in the cell state is explicitly updated by the forget gate and the input
gate. The corresponding formulations for the input gate and the
current cell state are as follows:

ry = O'(Wr '[hi(i—l)’m"'“ (Gi/ )]‘— b') ®)
Cy=J* C:(H) +1; *tanh(WL‘ '[hf(/fl)’n"fu (Gil ):| +b€) ©)

The output gate 0, makes a decision about the information to be
exported from C;,which is considered as the output of the current
module, ie., s, € R*. Symbol L here refers to the number of neurons
in the LSTM network. The related formulations are as follows:

0, = O'(WO ~[h,(,,,)>77»-m (G, )}+bu) (7)
hij =0, *tanh(C!.].) (8)

Thus, the output of the network could be generated by aggregat-
ing the outputs from various modules and is denoted as #, = {s,}" .
It represents the feature map of the sample G, based on the LSTM
network. Considering the potential redundancy of information in
the feature map, we deployed an autoencoder network layer above
the LSTM for attention learning. This autoencoder contains one
hidden layer and takes #, as input. The goal of the autoencoder
network is to produce an attention distribution 4 -{,}” , which in-
dicates the contribution of the feature maps information to accu-
rate classification. The detailed formulation of 4, is shown as fol-

lows:
A, = sofimax(W, -y (H,)+b,) 9)

where 7 represents the projection from the input layer to the hid-
den layer in the autoencoder network.

Subsequently, an operation as following formula was performed
between #, and 4, both of which have the same size. The resulting
vector, which integrates the most informative features weighted by

the attention distribution, was then fed into a softmax layer to pre-
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dict the class label of the sample G.. The possible values of this label
are 0 or 1, corresponding to a patient with ASD or a TD individual,
respectively. In summary, the attention learning framework essen-
tially establishes a non-linear mapping process from input samples
to predicted labels. The samples are represented as a sequence of
segments, allowing the model to capture both static functional
connectivity within local segments and dynamic changes across
the global sequence.

atti = zzl a!fhi/ (10)

Fig. 1 illustrates the architecture of the proposed attention learn-
ing model, which encompasses several key phases: data acquisition
and segmentation, measurement of functional connectivity, vec-
torization, and training/testing. Initially, rs-fMRI data are acquired
and segmented into a sequence of time windows to capture dy-
namic changes in brain activity over time. Functional connectivity
is then measured within each segment, generating connectivity
matrices that are subsequently transformed into feature vectors.
These vectors serve as inputs for the attention learning model,
which is trained and tested using intra-site cross-validation to
assess its performance. This validation method could effectively
reduce site-related variability, providing a robust measure of the
models generalization ability [23]. The training-to-testing sample
ratio is set at 4:1, with five runs conducted to determine the experi-
mental results.

The attention learning model was implemented and evaluated
using the Keras library in Python. To ensure efficient training and
convergence, we utilized the Adam optimizer with its default set-
tings and employed binary cross-entropy as the loss function. To
optimize the models hyperparameters, including batch size, num-
ber of epochs, and number of neurons, we conducted a grid search
over a range of values. Specifically, we explored learning rates of
0.001, 0.01, and 0.1; batch sizes of 16, 32, and 64; and numbers of
epochs of 50, 100, and 200. The optimal combination was deter-
mined based on cross-validation performance, resulting in a batch
size of 32,200 epochs, and 50 neurons. Additionally, a dropout
layer with a rate of 0.3 was introduced between the input layer and
the LSTM network layer to enhance the models generalization
and robustness. Training involved multiple epochs with early stop-
ping to prevent overfitting. The performance metrics used during
training and validation included accuracy, sensitivity, specificity,
and precision, ensuring a comprehensive evaluation of the models
effectiveness. Among these indicators, precision is particularly
important for models taking samples with imbalanced classes as
inputs.

https://doi.org/10.5607/en24028
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Fig. 1. A graphical representation of steps involved in the proposed classification model.

Table 2. Experimental results of different classification models

Accuracy Sensitivity Specificity Precision

Classifier (%) (%) (%) (%)
SVM 68.9 57.1 79.6 71.6
RF 69.0 63.0 74.3 68.8
LSTM 73.6 70.0 76.9 73.2
ATT 74.9 70.0 79.3 75.5

ATT, attention learning.

RESULTS AND DISCUSSION

Classification performance

Based on intra-site cross-validation, the attention learning model
achieved a classification accuracy of 74.9%, sensitivity of 70%,
specificity of 79.3%, and precision of 75.5%. Notably, the specificity
score was higher than the sensitivity score, which aligns with de-
sired outcomes in clinical practice. This is because, in the general
population, most individuals are not at risk of ASD, making the
minimization of false positives crucial. These results demonstrate
the potential of the proposed approach for identifying individuals
with ASD.

To further validate the effectiveness of the attention learning
model, we compared it with two traditional machine learning
models—support vector machine (SVM) and random forest

(RF)—and one deep learning model, a single LSTM network,

https://doi.org/10.5607/en24028

serving as baseline classifiers. The traditional models utilized the
feature vector derived from the upper triangle values of the func-
tional connectivity matrix, excluding the diagonal values, with
each element representing the Pearson correlation coefficient [13]
between two ROIs in the brain. The LSTM network used the same
samples as the attention learning model. To optimize performance,
the parameters of these baseline classifiers were determined using
a grid-based search strategy [24].

Table 2 presents the results of the experiments based on the three
baseline classifiers and the attention learning model. Visual inspec-
tion reveals that the attention learning model outperformed the
baseline classifiers, achieving the highest scores in accuracy, sen-
sitivity, and precision. However, it scored lower in specificity com-
pared to the SVM classifier, despite demonstrating superior overall
classification performance. These comparison results confirm that
our attention learning model is a feasible and effective method for
identifying individuals at risk of ASD. In essence, the brain func-
tional connectivity may manifest atypical temporal dependencies
in patients with ASD, which our model is capable of capturing.

To further analyze the experimental results, we utilized the re-
ceiver operating characteristic (ROC) curve, with the area under
the curve (AUC) serving as a metric for assessing the classifier’s
ability to accurately differentiate between TD individuals and pa-
tients with ASD. A higher AUC value indicates better classification
performance. As depicted in Fig. 2a, the AUC values for the four

81
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Fig. 2. Classification performance of proposed model.

classifiers were 0.752 (95% CI: 0.701~0.803) for SVM, 0.73 (95%
CI: 0.678~0.782) for RE 0.742 (95% CI: 0.691~0.793) for LSTM,
and 0.762 (95% CI: 0.712~0.812) for the attention learning model.
The CI denotes the confidence interval, which was calculated
using the DeLong method [25]. This method provides a more
comprehensive representation of the classification performance.
Among these classifiers, the attention learning model achieved the
highest AUC value, highlighting its potential utility in aiding the
diagnosis of ASD.

While our models accuracy is lower than that reported in some
recent studies (e.g., Kong et al. [7]’s 90.39% and Guo et al. [8]s
86.36%), it is important to note that these studies employed static
functional connectivity methods with smaller sample sizes (172
and 110, respectively). In contrast, our study utilizes a dynamic
functional connectivity approach with a larger sample size of 634
subjects. This larger sample size enhances the robustness and
generalizability of our findings, allowing us to better capture the
variability within the ASD population. And our dynamic approach
could capture the temporal variability in brain connectivity pat-
terns, whereas static methods assume a constant connectivity
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(d) Distribution of site-based scores on indicators

pattern over time and thus only provide a static snapshot of brain
connectivity.

This temporal variability is essential for understanding the dy-
namic nature of brain function and its role in cognitive and behav-
ioral processes. For instance, the decreased variability observed in
the default-mode network (DMN) of individuals with ASD may
reflect reduced flexibility in brain network dynamics, which is a
hallmark of the disorder [26]. This reduced flexibility can impact
the brains ability to efficiently switch between different cognitive
tasks and adapt to changing environmental demands. A recent
study has demonstrated that certain dynamic states are linked
to better executive functioning, such as cognitive flexibility and
adaptability, which are often impaired in ASD [27]. These findings
suggest that dynamic functional connectivity can reveal unique
patterns of brain activity that are not apparent in static connectiv-
ity. Our positive experimental results, particularly in the context of
a larger and more diverse dataset, further demonstrate the poten-
tial of our approach for identifying individuals with ASD.

https://doi.org/10.5607/en24028
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Reproduction performance

Heterogeneity poses a significant challenge to the reproducibility
of classification models, often manifesting in data acquisition pro-
tocols (e.g., scanner type), participant instructions (e.g., eyes open
or closed), and subject recruitment strategies (e.g., age-range) [28].
To assess our models robustness and reproducibility across differ-
ent demographic groups, we conducted detailed analysis to deter-
mine whether our classification model is sensitive to variations in
gender and age. It is important to note that we employed stratified
sampling during the training process. Stratified sampling ensures
that each batch of training data contains a representative distribu-
tion of samples, thereby reducing the impact of gender and age
imbalance on model performance. This approach helps the model
generalize better to diverse populations by ensuring it is trained on
amore balanced dataset.

As shown in Fig. 2b, our attention learning model achieved
a classification accuracy of over 74% in both male and female
subjects. Notably, specificity scores were higher than sensitivity
scores, aligning with clinical expectations. Precision was higher
in the classification of male subjects compared to female subjects,
which may be attributed to the greater number of male samples in
the training procedure. Increasing the number of female training
samples could potentially improve precision.

The results of age-grouped classification are presented in Fig,
2c. Consistent with a previous imaging study [5], we categorized
subjects into adolescent (age<18) and adult (age>=18) groups.
Our model performed well in classifying both groups, with ac-
curacy, specificity, and precision scores all above 72%. Adolescents
exhibited higher sensitivity scores compared to adults, suggesting
that brain functional connectivity may exhibit more pronounced
temporal dependencies in adolescent individuals with ASD.

From this analysis, we conclude that the current model dem-
onstrates good reproducibility and robustness. Its classification
performance appears to be less affected by the gender or age of
subjects, indicating that the model is not overly sensitive to demo-
graphic variations and can generalize well to diverse populations.
These findings further support the representativeness of our data-

set and the applicability of our results to broader populations.

Generalization performance

To investigate the generalization performance of the proposed
approach, we conducted an analysis of site-based classification
results, focusing on three key indicators: accuracy, sensitivity,
and specificity. The precision indicator was excluded due to the
limited number of samples from individual sites (e.g., 14 samples
from CMU). As shown in Table 3, the attention learning model

demonstrated promising classification performance across most

https://doi.org/10.5607/en24028

sites. Except for CALTECH and SDSU, all sites achieved good ac-
curacy above 70% and sensitivity above 60%. For specificity, scores
exceeded 75% at all sites except STANFORD.

Notably, the highest accuracy (82.3%) and specificity (86.1%)
were achieved by the USM-based classification, while STAN-
FORD achieved the best sensitivity at 85%. The average scores for
accuracy, sensitivity, and specificity were 73.0%, 61.7%, and 79.1%,
respectively. Fig. 2d illustrates the distribution of site-based scores
for these indicators. Both accuracy and specificity show a relatively
narrow range of scores, with standard deviations of 5.8% and 6.3%,
respectively. In contrast, sensitivity scores ranged from 20% to 85%,
indicating greater variability. This dispersion may be attributed to
the small number of subjects at some sites, such as CALTECH and
SDSU. Increasing the number of subjects at these sites could im-
prove classification performance. Overall, our proposed approach
demonstrates robust generalization performance and holds prom-
ise for broader applications. This supports the notion that our
findings are applicable across different clinical and demographic
settings.

Discriminative functional connectomes

Based on heterogeneous rs-fMRI data, our proposed model ac-
curately differentiated between TD individuals and patients with
ASD. A key challenge in the modeling process was identifying
discriminative features that not only contribute to accurate classi-
fication but also hold promise for identifying objective biomarkers
of ASD. To address this, we analyzed the weights of the optimal
model to discover discriminative functional connectomes. It is im-
portant to note that the sign of the weights is not significant; only
the magnitude is considered. Specifically, weights with magnitudes
more than 2 standard deviations away from the mean are deemed
significant.

Fig. 3 illustrates the most discriminative connectomes grouped
by layers of cell state and output gate, which together determine

Table 3. Site-based classification performance

Accuracy Sensitivity Specificity

SITE_ID Count

(%) (%) (%)
CALTECH 21 62.0 20.0 833
CMU 14 76.7 60.0 80.0
NYU 182 73.6 60.7 835
SDSU 29 66.0 36.7 85.0
STANFORD 40 75.0 85.0 65.0
TRINITY 47 70.2 67.0 75.0
UM 145 76.8 76.8 75.0
USM 101 823 79.5 86.1
YALE 55 74.5 69.3 78.7
AVERAGE -- 73.0 61.7 79.1

Values in count column stands for number of involved subjects in site.
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(a) Cell state

Fig. 3. Discriminative functional connectomes.

the output of each module in the LSTM network. The thickness of
the lines in the figure indicates the magnitude of the weights, with
thicker lines representing greater weights and stronger discrimina-
tive ability. Compared to TD individuals, patients with ASD may
exhibit atypical temporal dependencies in these connectomes,
which could manifest as dynamic changes over time. Importantly,
the cell state layer highlights connectomes (Fig. 3a) that may reflect
long-term variations, while the output gate emphasizes connec-
tomes (Fig. 3b) that may reflect short-term variations.

CONCLUSION

In this study, we investigated the temporal dependencies of brain
functional connectivity to differentiate between TD individuals
and patients with ASD. We employed an attention learning frame-
work based on the LSTM network, which processes sequences of
segments as inputs. This approach enables the model to capture
both the static characteristics of functional connectivity within
segments and the dynamic changes over time from the global
sequence. Using heterogeneous rs-fMRI data, our attention learn-
ing model achieved an accuracy of 74.9% and precision of 75.5%,
outperforming baseline classifiers, including traditional machine
learning models (SVM and RF) and a single LSTM network. The
higher AUC value (0.762) turther supports the models effective-
ness. Our analysis of group-based and site-based classification re-
sults demonstrated the models reproducibility and generalizability.
Notably, the models performance appears to be less affected by the
subjects’ gender or age. The optimal models weights highlighted
discriminative functional connectomes that may reflect atypical
temporal dependencies in individuals with ASD.

Our study has several limitations that will guide future research.
One critical limitation is the variability in sample sizes across sites,
with some sites having as few as 14 subjects (i.e., CMU). This can
introduce significant variability in site-based results and limit the
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(b) Output gate

generalizability of our findings. To address this, we have outlined
future research directions, including the potential for expanding
our sample size by incorporating additional datasets or using more
inclusive preprocessing methods. This would allow for a more di-
verse and representative sample, thereby improving the generaliz-
ability of future studies. Additionally, advanced statistical methods
or machine learning techniques that can explicitly model inter-
site variability should be considered to improve the robustness
and generalizability of the results. It is important to note that our
study’s design primarily focused on validating the methodology
rather than its clinical implementation. Future studies will address
the models clinical utility using separate training and testing data-
sets from independent cohorts.

Another limitation is the lack of detailed biological interpreta-
tion of the discriminative functional connectomes identified.
While our model captures atypical temporal dependencies in
brain connectivity, translating these findings into specific biologi-
cal mechanisms requires additional neurobiological data and anal-
yses. Future work should focus on integrating our findings with
other imaging modalities (e.g., structural MRI, diffusion tensor
imaging) and clinical assessments to provide a more comprehen-
sive understanding of ASD pathophysiology. Collaborations with
neurobiologists and clinicians could help bridge the gap between
functional connectivity patterns and their biological significance.

In addition, the comparative analysis was based only on tra-
ditional classifiers (SVM, RF) and a single LSTM network. To
provide a more comprehensive evaluation of our models perfor-
mance, future work will include more advanced deep learning
architectures, such as 3D convolutional neural networks (CNNs)
and graph neural networks (GNNs), which have shown promise
in recent ASD classification studies. This will further validate the
superiority of our approach over existing methods.
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