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We investigate two neuro-developmental disorders in children– Autism Spectrum Disorder (ASD) and
Attention-deficit/hyperactivity disorder (ADHD). Most works in literature have examined these disorders
separately, e.g., ASD or ADHD subjects vs healthy subjects. We base our framework on the approach
adopted by a paediatrician. We propose a one-class model for characterizing healthy subjects. Any sub-
ject with ASD/ADHD is considered an outlier by this one-class model. We adopt a Dense GAN architecture
with self-attention modules as our one-class model. Our system uses T1-weighted longitudinal structural
magnetic resonance images (sMRI) as input modalities. Further, we train our framework using longitudi-
nal data (two scans per subject over time) only, instead of the traditional approaches using cross-
sectional data (one scan per subject). Our approach is similar to paediatricians diagnosing the subject
over multiple sessions to confirm the disorder. Comprehensive experiments show that our proposed
approach performs better than competing ASD and ADHD works.
� 2022 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Autism Spectrum Disorder (ASD) and Attention Deficit Hyperac-
tivity Disorder (ADHD) are two prominent neuro-developmental
disorders that appear in early childhood. According to studies,
ASD and ADHD affect 1–2% and 5–6% of the population, respec-
tively (Hoogman et al., 2022; Mizuno et al., 2019). Persistent and
pervasive difficulties in social communication, repetitive beha-
viours, and restricted interests characterise ASD (Wang et al.,
2022; Devika and Oruganti, 2020; Devika and Oruganti, 2021;
Vijayakumar and Judy, 2016). ADHD is characterised by develop-
mentally inappropriate inattention, impulsiveness and motor
hyperactivity (Kernbach et al., 2018; Auvin et al., 2018). Both dis-
orders can have a long-term impact on brain functioning. These
two disorders exhibit a combination of symptoms such as Opposi-
tional Defiant Disorder (ODD), Conduct Disorder, Depression
(CDD), and anxiety disorder during early childhod or sooner.

To avoid the development of secondary psychiatric issues, it is
important to diagnose and treat at the earliest. Previous research
has reported that ASD and ADHD have a clinical overlap. There
has been a restriction in the dual diagnosis of ASD and ADHD post
the publication of the fifth edition of the Diagnostic and Statistical
Manual for Mental Disorders (DSM-5) (Carter, 2014; van’t
Westeinde et al., 2019). As a result, the research disciplines for
both disorders grew in isolation. However, the current DSM-5
guideline facilitates simultaneous diagnosis. 20–60% of children
with ADHD have ASD symptoms, and 30–80% of children with
ASD have ADHD symptoms (Zhang et al., 2022). Furthermore, clin-
ical aspects of both disorders reveal within-disorder heterogeneity
and cross-disorder overlap. In comparison to children afflicted
with ASD or ADHD alone, children affected by both exhibit severe
cognitive and social impairment along with delayed cognition (Rao
and Landa, 2014; Leitner, 2014). Diagnosing ASD and ADHD with
DSM-5 alone has certain drawbacks, such as a lack of standardisa-
tion in applying the practical guidelines, which leads to misdiagno-
sis, a significant time commitment for interviews, and feigning
signs of ADHD and ASD in adulthood (Eslami et al., 2020). These
children may not receive effective care for their diseases or may
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receive unnecessary medications (Danielson et al., 2018). There-
fore, treatments required by children with these disorders may
be missed (Raiker et al., 2017).

To address the above concerns, recent studies have used more
optimal measures, such as task-based or neuroimaging-based
methods. Neuroimaging, such as Magnetic Resonance Imaging
(MRI), has allowed researchers to make advances in improving
Computer-Aided Diagnosis (CAD) (Mengi and Malhotra, 2021;
Devika and Oruganti, 2020). The most commonly used MRIs are
(i) Structural MRI (sMRI) and (ii) functional MRI (fMRI) (Chaddad
et al., 2021; Devika and Oruganti, 2021). sMRI shows structural
variations from the three acquisition planes, Sagittal, Coronal and
Axial (YZ, XY and XZ planes), while fMRI shows functional brain
activations at resting state (rsfMRI) or during some tasks (Devika
and Oruganti, 2021). sMRI is preferred over fMRI mostly due to
its ability to map the spatial distribution of the anatomical brain
with high resolution, which is beneficial for identifying abnormal
structural changes (Dougherty et al., 2015).

Neuroimaging studies have mostly been dominated by cross-
sectional or longitudinal designs. In the cross-sectional design, only
a single scan is available of each subject, whereas, in a longitudinal
design, scans at multiple time-points of the same subject are avail-
able. Thus, longitudinal designs can be more accurate but require a
long time and are often very expensive. The challenge is collecting
MRI scans of the same subject at multiple time points, specifically
when the study covers a large age range, such as from birth to adult-
hood.Asa result of the lowsample size and fewerparticipants in lon-
gitudinal studies (Vân Phan et al., 2018),most neuro-developmental
research with neuroimaging uses cross-sectional samples (Song
et al., 2021). Among big data initiatives, there are two large multi-
site opendatasets for ASDandADHD, i.e., AutismBrain ImagingData
Exchange (ABIDE) and ADHD-200. ADHD-200 has cross-sectional
samples and a subset of ABIDE–II (Di Martino et al., 2017) has longi-
tudinal samples. Findings from these datasets can be generalised
sinceMRI scans are collected frommultiple siteswithdifferent scan-
ning parameters, and subjects with varied demographics (Mende
et al., 2021; Lanka et al., 2019).

Machine Learning (ML) and Deep Learning (DL) models for
detecting neuro-developmental disorders have achieved good per-
formance. However, their training needs intensive domain knowl-
edge and experience. An alternative approach involves mimicking
human examination (Baur et al., 2021). In neuroimaging, outliers
are anomalous data that require further attention. For labelled
neuroimaging datasets, outlier detection is performed via super-
vised or unsupervised methods (Ma et al., 2021). Supervised meth-
ods use labelled data including both labelled inliers and outliers,
whereas unsupervised methods use datasets that only include
inliers. As autoencoders model normalcy through reconstruction,
in medical imaging, few studies use autoencoders, adversarial
autoencoders (Generative Adversarial Model or GAN-based
encoder-decoder frameworks) for single slice reconstruction based
outlier detection (Cabreza et al., 2022; Chen and Konukoglu, 2018).

This paper uses a Dense Attentive GAN-based encoder-decoder
architecture for unsupervised outlier detection. TheDenseAttentive
GAN is trained onlywithNormal sMRI scans and then used to detect
inliers and outliers on the test dataset containing sMRI scans of Nor-
mal, ASD and ADHD subjects. Adjacent-three slices are recon-
structed via dense GAN from stacked adjacent-three input slices.
The reconstruction loss is computed by comparing the actual and
reconstructed next slices. Outliers (ASD and ADHD) have larger
reconstruction losses since the model is trained with Normal sMRI
scans. Our research contributions are summarised below:

1. We propose a Dense Attentive GAN encoder-decoder frame-
work trained to learn the spatial features and distribution of
normal subjects using sMRI. ASD and ADHD subjects are
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considered outliers to this model because of the difference in
the distribution of the spatial features. This approach reduces
the need for expertise and experience in ASD and ADHD
diagnosis.

2. We stacked adjacent three sMRI slices as input to the generator
to reconstruct the adjacent next three slices instead of using
single slice reconstruction for outlier detection.

3. We investigate extensively the proposed Dense Attentive GAN
for (a) different training and testing metrics on (b) three
anatomical planes of the brain – Sagittal, Coronal and Axial
planes of the sMRI and (c) fusion of anatomical planes.

This paper is framed as follows. Section 2 outlines relevant lit-
erature, while our methodology is proposed in Section 3. Section 4
discusses the experimental findings and Section 5 concludes the
paper with future directions.
2. Related work

2.1. sMRI for ASD and ADHD detection

A study was done by Lim et al. (2013) using Gaussian Process
Classification (GPC) on Gray Matter (GM) volumetric data to exam-
ine if ADHD subjects can be detected and correctly classified from
Normal subjects. 29 teen-aged ADHD subjects and 29 age-matched
Normal subjects and 19 ASD subjects were recruited from clinics.
Based on individual brain structural patterns, GPC was used to
develop disorder-specific predictions. In addition, standard uni-
variate group-level differences in GM were examined using
Voxel-Based Morphometry (VBM) analysis. The overall accuracy
of ADHD from normal subjects based on GM patterns was 79.3%,
with a sensitivity of 81.5% and specificity of 77.4%. With a sensitiv-
ity of 86.2% and specificity of 84.2%, the classifier also revealed
disorder-specificity for ASD.

To explore the association between motion, demographic fac-
tors and MRI-derived morphometrics in ASD, ADHD and
schizophrenia subjects, a study was done by Pardoe et al. (2016).
The analysis used whole-brain T1w sMRI and rsfMRI scans from
the ABIDE, ADHD-200, and COBRE datasets. The three datasets
yielded 2141 participants–1593 male and 547 female subjects.
The difference between the cortical sheet and inherent WM,
voxel-based measurement of GM volume with voxel-based mor-
phology, and subcortical volume estimations were among the mor-
phometric estimates. Reduced average CT, WM-GM difference and
alterations in volumetric estimations resulted in increased motion.
The subject’s motion also differed significantly between scanning
sites.

An approach for automated ADHD and ASD classification was
proposed by Ghiassian et al. (2016), focusing on Histogram of Ori-
ented Gradients (HOG) features obtained fromMRIs, as well as fea-
tures from physical distinctives. The classification of psychiatric
diseases was determined using 3D equivalents of the typical 2D
HOG characteristics, which were known for object recognition.
When trained on the ADHD-200 dataset with training set of 769
subjects and test set of 171 subjects, the proposed method could
detect ADHD and Normal subjects with hold-out accuracy of
76.6%. When trained on the ABIDE dataset with training set of
889 subjects and test set of222 subject s in the test set, the hold-
out accuracy for ASD detection was 65.0%.

A comprehensive review was presented by Rommelse et al.
(2017) to explore sMRI studies that shed insight on significant
brain regions related to ASD and ADHD. According to the findings,
most current MRI research has been cross-sectional and focused on
children and rarely on teens.Various developmental weakening
structures of the anterior cingulate cortex and associated links to
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some prefrontal regions may cause diverse developmental ASD and
ADHD subtypes. Those regions are critical for the growth of beha-
vioural and socio-emotional development, with abnormalities in
these regions being the cause of both ASD and ADHD. From early
childhood, ASD and ADHD subject’s brain maturation is altered.
Due to the limitations of longitudinal scans, few studies that eval-
uated brain features linked with ASD and ADHD presented a wide
range of results that were hard to analyse. The study also stated
that longitudinal studies are required to track ASD and ADHD signs
from early childhood to late adulthood and link these signs to
structural features that are evaluated regularly.

A new technique was suggested by Sen et al. (2018) for detect-
ing ASD and ADHD with sMRI and rsfMRI using 3D texture-based
and Independent Component Analysis (ICA). The study employed
the ADHD-200 and ABIDE databases, publically available multi-
site datasets. SMRI and rsfMRI scans were included in each dataset
for a single time point. The ADHD-200 training set included 558
subjects (279 ADHD subjects and 279 Normal subjects), and the
test set included 171 subjects (77 ADHD subjects and 94 Normal
subjects). For training and testing, 538 ASD subjects and 573 Nor-
mal subjects were chosen from the ABIDE dataset in a 70:30 ratio
(800 subjects:311 subjects). The best fivefold cross-validation
accuracy was 0.635, and test set accuracy was 0.626 for ADHD-
200. The best fivefold cross-validation accuracy of ABIDE dataset
was 0.614, with a hold-out set accuracy of 0.61.

Although both ASD and ADHD exhibit congenital defects in the
prefrontal cortex, cerebellum, and basal ganglia, no anatomical
analyses were conducted specifically on subjects with combined
ASD and ADHD. In order to examine anatomical aspects and devel-
opmental alterations in subjects with combined ASD and ADHD
Mizuno et al. (2019) conducted a study from two sites. There were
233 subjects in the study (92 with ASD and ADHD and 141 with
Normal subjects). Subjects with ASD and ADHD were selected from
the University of Fukui or Osaka University in Japan. Normal sub-
jects were selected from the locality. The DSM-5 was used to make
ASD and ADHD diagnoses. Welch’s t-test for numerical variables
and chi-square tests for categorical data were used to compare
clinical results between groups. All test statistics were two-
tailed, with a p-value of less than 0.05 indicating statistical rele-
vance. Total intracranial, Grey Matter (GM), cortical, subcortical
Grey Matter, basal ganglia, such as the nucleus accumbens, amyg-
dala, caudate, hippocampus, pallium, putamen, and thalamus, did
not differ significantly between these two groups. Subjects with
ASD and ADHD had considerably less volumes in the left postcen-
tral gyrus than Normal subjects.

Estimation of gender and age from sMRI was proposed by ??.
sMRI scans from two standard datasets, ABIDE II and ADHD-200,
which included 894 Normal subjects, 251 ASD subjects and 357
ADHD subjects, were used for the study. GM and White Matter
(WM) were used to train a 3D Convolutional Neural Network
(CNN) with a multitask learning approach to predict gender, age,
and health status. Each dataset was divided by health condition
(Normal, ASD and ADHD), shuffled, followed by ten-fold cross-
validation. Six alternative methods were used to evaluate the mod-
els–(i) All models were trained and tested with ABIDE-II. (ii) All
models were trained and tested with ADHD-200. (iii) The most
effective model for age prediction trained with ABIDE II was tested
over ADHD-200. (iv) The most effective model for gender predic-
tion trained with ABIDE-II was tested over ADHD-200. (v) The most
effective model for age prediction trained with ADHD-200 was
tested over ABIDE-II. (vi) The most effective model for gender pre-
diction trained with ADHD-200 was tested over ABIDE II. Gender
and age predictions were satisfactory. On the test set, the ADHD-
200 trained models had a mean absolute error (MAE) of 1.43
decades for age estimation and an AUC of 0.85 for identity classifi-
cation, in the ABIDE-II, the most effective ADHD-200 models
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successfully predicted age MAE 1.57 years and identity categorisa-
tion AUC of 0.89 in validation outside the sample. The ADHD-200-
trained models outperformed the ABIDE II models by a small
margin, probably due to the ADHD-200’s stronger homogeneity.
Even though this method was predictive of age and gender, it did
not characterize normal subjects.

Although there is significant overlap between ASD and ADHD,
the ASD and ADHD research fields have generally grown in isola-
tion. ENIGMA-ASD and ENIGMA-ADHD working groups by
Hoogman et al. (2022) collaborated to bring neuroimaging studies
for the two disorders closer together. Cortical analyses using the
linear mixed model on 4,180 subjects (2,246 ADHD subjects and
1,934 Normal subjects) and 3222 subjects (1571 ASD subjects
and 1651 Normal subjects) showed substantial abnormalities in
each disorder but also there are significant interrelationships
between the two. In the subcortical volume study, ASD and ADHD
were very identical, with a similar decrease in the putamen, amyg-
dala, and nucleus accumbens volumes in comparison to Normal
subjects. Cortical Thickness (CT) in the temporal lobes was reduced
in both disorders. Only ASD subjects, particularly in the frontal
lobe, showed increased cortical thickness. The Surface Area (SA)
was the most significant effect of the cortical studies in ADHD sub-
jects, with a significant overall reduction compared to normal
subjects.

Review of ASD and ADHD literature reveals the relationship
between the two disorders. Whilst there are many sMRI-based studies
focusing on either ASD or ADHD, there is little research focusing on
both disorders as detailed above. Due to the lack of a combined study,
the structural and developmental features of subjects with both these
disorders are unknown. The goal of the present study is to use a one-
class Classifier (OCC) to diagnose ASD and ADHD.

2.2. Densely connected CNN models

A Dense Convolutional Network (DenseNet) connects all layers
in a feed-forward fashion et al. (Huang et al., 2017). DenseNet has
several advantages, including resolving the vanishing gradient
problem, improving feature transfer, feature reuse and reducing
the number of parameters. CIFAR-10, CIFAR-100 (50 k training
set images, and 10 k test set images), SVHN (73 k images in the
training set and 26 k images in the test set), and ImageNet (1.2 mil-
lion images in the training and 50 k images in the test set) were
used to evaluate this method. DenseNet achieved optimal perfor-
mance while requiring significantly less processing.

The most typical head and neck tumour, Nasopharyngeal
Carcinoma (NPC), can be segmented in MRI to aid treatment and
regulatory decisions. Tang et al. (2021) presented a Dual
Attention-based Dense SU-net (DA-DSUnet) for automated NPC
segmentation. For the study, T1-weighted MRI images were
obtained from 95 subjects with chemoradiotherapy at West China
Hospital. CNN features were fed into five dense blocks in sequen-
tial order.DenseNet combines feature mappings shared by different
layers, enhancing difference in the dense block’s successive layers
input. The evaluation used metrics like the Dice Similarity Coeffi-
cient (DSC), Prevent Match (PM), Correspondence Ratio (CR), and
Average Symmetric Surface Distance (ASSD). The top scores were
0.8003 (DSC), 0.7896 (PM), 0.6981 (CR), and 0.8136 (ASSD).

A deep multi-fusion framework was proposed by Zuo et al.
(2021) with classifier-based feature synthesising to combine
multi-modal clinical images automatically. It comprises a dense
connections-based autoencoder that has been pre-trained. The
study included different pairs of CT/MRI, T1/T2 MRI with sarcoma
symptoms, MR/SPECT with subacute stroke, and MR/PET imaging
with mild Alzheimer’s disease. The highest level of accuracy was
0.966. In both qualitative and quantitative tests, the proposed
strategy performed better in visualisation and quantification.



D. Kuttala, D. Mahapatra, R. Subramanian et al. Journal of King Saud University – Computer and Information Sciences 34 (2022) 10444–10458
For automatic Alzheimer’s Disease (AD) prediction, a dense con-
volutional network was proposed by Tang et al. (2021). The growth
of subjects with Mild Cognitive Impairment (MCI) over a 6 to 2-
year period was studied using ADNI follow-up data. The ADNI
dataset contained 969 subjects, including 210 Alzheimer’s disease
(AD), 274 Normal Control (NC), 183 Progressive Mild Cognitive
Impairment (pMCI), and 302 Stable Mild Cognitive Impairment
(SMCI) (sMCI). The gradient explosion problem was solved by the
dense connection. The regularisation effect of a densely connected
convolution network is high, which could decrease overfitting on
small training sets. For sMCI and pMCI, classification accuracy
was 0.826, and sensitivity was 0.796.

In summary, densely connected CNN has some advantages over the
traditional CNN. Sharing feature maps in a feed-forward manner helps
reduce a) the number of learning parameters, b) overfitting and
vanishing-gradient problems and c) feature reuse. Hence this paper
uses GAN with densely connected CNN layers.

2.3. GAN for anomaly detection

Anomaly detection is a method for detecting all abnormalities
by studying the structure of normal tissue. Variational Autoen-
coders (VAE) and GANs have been proposed for anomaly identifica-
tion. van Hespen et al. (2021) proposed a neural network-based
anomaly detection approach for detecting chronic brain infarcts
in brain MR images. SMART-MRs were used to train the network
to detect the visual appearance of 697 normal brain MRIs and
225 chronic brain infarct MRIs. The model achieved 97.5%
accuracy.

Due to the difficulties in collecting abnormal samples, super-
vised learning has found limited utility in medical imaging anom-
aly detection. Unsupervised algorithms have recently grown more
popular in anomaly detection. GANs were chosen as they can use
adversarial learning to generate abnormal samples. Xia et al.
(2022) conducted a comprehensive review to provide insight into
GAN-based anomaly detection research. The review discussed
GAN-based anomaly detection applications in industry, infrastruc-
ture, and medical disorders. In the medical field, although labelled
Fig. 1. Overview of the proposed model: (i) sMRI scans are pre-processed using Fressur
are extracted. (iii) From the extracted slices adjacent, three-slices are stacked. (iv) Only sl
threshold is calculated from the training reconstruction error. (vi) If the reconstruction
outliers.
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data are scarce, unlabeled medical data are widely accessible. In
that case, GAN used an unsupervised anomaly detection approach
that does not require any prior abnormal data. The primary
approach was to use the generator to model the distribution of
the normal image and reconstruct the generated image that looked
identical to the trained image. By analysing the probability range of
the trained images, the discriminator finds abnormalities. Any
images that did not fit within that distribution were classified as
abnormal, i.e., anomalies were identified by comparing the input
and reconstructed images.

A Deep Convolutional GAN (DCGAN) based unsupervised model
that detects anomalies in brain MRIs to diagnose AD was proposed
by Cabreza et al. (2022). The study relied on the OASIS-3 dataset.
The training set had 80% of the normal scans, whereas the test
set contained the remaining normal and anomalous scans. Only
2D Axial slices with the hippocampus, amygdala, and ventricle sig-
nificant for AD were used in the study. The average reconstruction
error per scan was used to determine the anomaly score. The
model was able to achieve an accuracy of 74.44%.

An unsupervised deep anomaly detection approach using an
advanced adversarial autoencoder with Chain of Convolutional
Block (CCB) was proposed by Zhang et al. (2022). The proposed
approach was trained only on the normal subjects to learn the
range of normal subjects and to detect abnormal subjects depend-
ing on distributional divergence from normalcy. On three different
datasets, cifar-10 (images from 10 classes), ILD (CT images) and
HAM10000 (dermatoscopic images) were used for the evaluation.
Experimental results on multiple datasets from different fields
reported superior performance to the SOA methods.

In view of the literature survey, the focus of this study is to explore
the use of a simpler Dense GAN model to minimize the computational
complexity in training GAN-based outlier detection for ASD and ADHD
diagnoses.

3. Methodology

Fig. 1 depicts the overall workflow of the proposed model. The
proposed framework consists of the following modules: sMRI
fer’s Cross-sectional or longitudinal pipeline. (ii) 2D Sagittal, Coronal and Axial slices
ices from normal subjects are used to train Dense GAN or Dense Attentive GAN. (v) A
error is more than the threshold value, ASD and ADHD subjects are identified as
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pre-processing, 2D slice extraction, adjacent slice stacking, training
of GANmodels, calculation of threshold value and finally, detection
of ASD and ADHD. Here we are training the GAN model to recon-
struct the next three adjacent slices from adjacent three input
slices. The performance of the models in ASD and ADHD detection
is evaluated with different combinations of loss functions in train-
ing and testing. Details of different modules are explained in the
following sections.

3.1. sMRI slice extraction and stacking

As 3D MRI images result in many training parameters with
complicated networks, recent studies adopt 2D MRI images with
less computational costs (Mirzaei, 2021). Hence skull stripped 3D
sMRI images in .nii format is converted into 2D images across all
the sMRI planes. we used med2image (v.2.2.4) a Python package
for the conversion (Kavitha et al., 2020). med2image takes NIFTI
or DICOM 3D or 4D images as input and convert them to 2D Porta-
ble Network Graphics (.png) or Joint Photographic Group (.jpg) for-
mat (Sabeerali et al., 2022). We extracted all slices from all three
sMRI planes – Sagittal, Coronal and Axial and saved them in .png
format. According to the studies, the Axial plane is the most widely
used plane (Sethi et al., 2022; Ebrahimi et al., 2021), the coronal
plane covers more valuable information and can be used well with
CNN (Islam et al., 2018; Zhang et al., 2022), and the Sagittal plane
gives the most observable feature of the cortex (Sharma et al.,
2022). The use of all three planes provides more comprehensive
information. Hence, we have investigated all three sMRI planes.
The dimensions of the Axial slice are 256� 176, and the Coronal
and Sagittal slices are 256� 256. For the experiments, slices within
a range of 120–180 (60 slices from each plane) were selected from
256 slices, as it contains the most useful information (Mostafa and
Wu, 2021; Devika et al., 2022).

Table 1 provides the train–test split details for ASD experi-
ments. The training set included slices from Normal sMRI scans,
while the test set included slices from normal and ASD scans. For
ADHD experiments, Table 2 shows the train-test split for ADHD
experiments. The trained model using ABIDE II dataset is tested
with slices from Normal and ADHD scans. The learnable parame-
ters were iteratively updated using backpropagation to minimise
the reconstruction loss between the input adjacent three slices
and the reconstructed adjacent next three slices during the train-
Table 1
Train–Test details for ASD experiments.

Train Test

ABIDE II ABIDE II
longitudinal samples longitudinal samples

Count of Normal subjects = 12 Count of Normal subjects = 3
Count of Normal MRI scans = 24 Count of Normal MRI scans = 6

Count of ASD subjects = 20
Count of ASD MRI scans = 40

Total count of samples = 24 Total count of samples = 46

Table 2
Train and Test data details for ADHD experiments.

Train Test

ABIDE II ADHD-200
longitudinal samples cross-sectional samples

Count of Normal subjects = 12 Count of Normal subjects = 94
Count of Normal MRI scans = 24 Count of Normal MRI scans = 94

Count of ADHD subjects = 77
Count of ADHD MRI scans = 77

Total count of samples = 24 Total count of samples = 171
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ing phase. For the analysis, from 60 slices, we considered all the
feasible adjacent three-slice sequences (N = 55 combinations).
For instance,

For multiple slice reconstruction, we adopt the method from
(Han et al., 2019; Han et al., 2021) where the adjacent three
grayscale slices are stacked into a single three-channel image.
This is followed for all three sMRI planes. The three-three slice
combination was not chosen at random. Several experiments
with three-three, three-five, five-three, and five-five slice combi-
nations were conducted in prior work (Devika et al., 2022) to
determine the optimum number of slice combinations. The
three-three slice combination was found to have reasonable
training time and performance. As a result, for this study, we
use a three-three slice combination for the experiments. The
model can capture the distributions of Normal brain anatomy
if it is trained solely using normal scans. During test, the recon-
struction error for ASD and ADHD scans will be higher than for
normal scans.

3.2. Architecture details

The section explains the architectural details of Dense GAN and
Dense Attentive GAN.

3.2.1. Dense GAN architecture
Fig. 2 depicts the architecture of Dense GAN. A GAN network’s

main structure consists of a generator (G) and a discriminator
(D). From the input adjacent three slices, the generator recon-
structs the adjacent next three slices. The discriminator gets the
actual adjacent next three slices, reconstructs the adjacent next
three slices, and determines if the next three slices are actual or
synthetic. Finally, training the generator and discriminator yields
the optimal model parameters. Both models are being trained at
the same instance. Algorithm 1 shows the pseudo-code of a
Wasserstein GAN (WGAN) model.

Algorithm 1. Pseudo-code for WGAN model

1: Input: Generator G, Discriminator D
2: Gin = Input adjacent 3 slices
3: Gout = Reconstructed adjacent next 3 slices
4: Din = Actual adjacent next 3 slices,
5: Reconstructed adjacent next 3 slices
6: function WLoss(yactual,yreconstructed)
7: return mean([yactual[i] * yreconstructed[i]
8: for i in range(len(yactual)])
9: D.train  False
10: GAN  Input(Gin, D(Gout, Actualslices))
11: Compile GANmodel withWLoss and Adam optimizer with

a learning rate for updating the model parameters during
training.

12: return WGAN



Fig. 2. Proposed Dense GAN architecture for outlier detection. The dense block of model is indicated by the area boxed with a black dotted line.
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The generator architecture is similar to that of an autoencoder
inspired from (Zuo et al., 2021; Guo et al., 2022). We start by
extracting low-level features from the input image using one con-
volutional layer and then feed the output to a dense block with
three convolutional layers. The number of filters ranges from 3,
16, 32 and 48. The shallow feature of the first convolutional layer
helps the deeper layers use original image data to enhance contour
and quality while overcoming information loss during convolu-
tions. The features retrieved from each convolutional layer are
fed to all subsequent convolutional layers in the dense block, form-
ing a dense network. This results in a flow of data, which is then
concatenated with the output of the subsequent layer. These skip
connections help to prevent vanishing gradient problems, enhance
convergence rates and preserve depth features. The discriminator
uses a five-layer CNN network to compare the reconstructed and
actual slices. The first three layers use decoders with 64, 128,
and 256 filters. For the training, we employ 8 as batch size, opti-
miser as Adam and WGAN with Gradient penalty (WGAN-GP) as
default loss function for 1650 iterations. A computing cluster with
a 28-core NVidia V100 GPU and 1.125 TB RAM was employed in
this study as the experimental hardware. Algorithm 2 presents
the pseudo-code for computing GP. The regulariser GP is used in
WGAN-GP, a more advanced version of WGAN. This helps to keep
GAN training stable and reduces mode collapse (Zheng et al.,
2022).
Algorithm 2. Pseudo-code to compute GP

1: Input: Gr, Gf ns, k, Dmodel

2: a  rand([ns,1]) . ns total No.of samples from l 0;1ð Þ
3: ID  Gf + a�(Gr - Gf) . Interpolated image
4: G  gradientID(D(ID)) . Gradient of D wrt ID

5: n  
ffiffiffiffiffiffiffiffiffiffiffiPns

i¼1
q

G i; :½ �2
� �

. Gradient norm

6: GP  mean((n-1)2) . Gradient penalty
7: return k �GP
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3.2.2. Dense attentive GAN

Fig. 3 depicts the architecture of Dense GAN and the SA module
architecture is shown in Fig. 4. In Dense Attentive GAN, Self Atten-
tion (SA) modules are added to both Generator and Discriminator.
The generator and discriminator contain three SA modules. The SA
mechanism in GAN is a complement to normal convolution opera-
tion. We use SA modules to obtain global information or long-
range and multilevel dependencies from distant feature maps for
better MRI reconstruction. SA module pays attention to all the
pixel locations in the same manner (Peng et al., 2021). The gener-
ator adapts to the contour of the input image due to the SA mod-
ules rather than directly employing the particular region. This
ensures rationality and global coherence of the generated image
(Lan et al., 2020).

For an input image Im with dimensions h�w� c, the SA module
first flattens each channel to a 2D matrix. Initially, convolution ker-
nels of size 1�1 is applied to first two channels of c/8 to obtain fea-
ture space f(Im) and g(Im) as in Eqn. (1). Im,i and Im,j are the feature
maps of regions i and j.

f Im;i
� � ¼ wf Im;i; g Im;j

� � ¼ wgIm;j ð1Þ
f(Im) and g(Im) are then used to compute attention map bj,i of

different regions of the image as in Eqn. (2).

bj;i ¼
exp Si;jð ÞXN

i¼1
exp Si;jð Þ

; Si;jÞ ¼ f Im;i
� �Tg Im;j

� �
ð2Þ

The models attention to the region i when generating the region j is
represented by bj,i. In different regions, the output of the attention
layer is represented as saj in Eqn.(3).

saj ¼
XN
i¼1

bj;ih Im;i
� �

; h Im;i
� � ¼ whIm;i ð3Þ



Fig. 3. Proposed Dense Attentive GAN architecture for outlier detection. There are six SA modules including both Generator and Discriminator.

Fig. 4. The graphical view of SA module in Dense Attentive GAN. The input image is represented by the first layer. The output of the SA module is generated by combining the
similarity of the each pair of convolution layer output with the input image.
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h(Im,i) is the feature space from third channel–c after 1�1 con-
volution. Here wf, wg and wh are the weight matrices. To allow
the generator to learn local dependencies and long-range global
dependencies the saj is multiplied by c (weight coefficient) and
added with Im,i (input feature) to get the final feature map of SA
module Imout as in Eqn. (4). Fig. 4 shows the structure of the SA
module.

Imout ¼ csaj þ Im;i ð4Þ
Identical parameters are used for training Dense Attentive GAN and
Dense GAN.

4. Results and discussion

4.1. Dataset description

Our dataset is obtained from ABIDE-II and ADHD-200. Both
these datasets include sMRI, and rsfMRI in Neuroimaging Informat-
ics Technology Initiative–NIFTI (.nii) format and the corresponding
phenotype information as described below.

4.1.1. ABIDE II
The ABIDE database is a multi-site, large-scale project, and

involves two editions. ABIDE-I (Di Martino et al., 2014) was
10450
released in 2014 and included data from 17 different sites. The
scanner and its parameters are diverse since the data is acquired
from multiple sites. In 2017, ABIDE-II (Di Martino et al., 2017)
was released, having samples from 521 ASD and 593 normal
subjects collected from 19 sites. In ABIDE-II, the two sites pro-
vide 38 subjects’ (23 ASD and 15 normal subjects) longitudinal
data. The median age of subjects at the baseline scan was
12 years, and the median age at the follow-up scan was 15. This
study uses only longitudinal T1-weighted (T1w) sMRI scans.
Fig. 5 depicts a sample of an ASD subject’s input sMRI scan on
three anatomical planes, with the most discriminative brain
regions highlighted.
4.1.2. ADHD-200
The ADHD-200 is a cross-sectional dataset released in 2011. The

dataset includes 973 subjects (397 Normal and 576 ADHD sub-
jects) collected from 8 different sites. For the ADHD-200 interna-
tional contest, the whole dataset was subdivided into two: (i) a
training set–776 subjects(491 Normal and 297 ADHD subjects)
(ii) a test set of 171 subjects (94 Normal and 77 ADHD subjects)
and 26 subjects without any annotations (Zou et al., 2017). This
study uses only a test set of 171 T1w sMRI scans. Fig. 6 depicts a
sample of an ADHD subject’s input sMRI scan on three anatomical
planes, with the most discriminative brain regions highlighted.



Fig. 6. Major anatomical differences shown by ADHD subject.

Fig. 5. Major anatomical differences shown by ASD subject.
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4.2. Data pre-processing

We performed pre-processing pipeline (Dekhil et al., 2020;
Rakić et al., 2020) as in most literature, including omitting the
inter-site differences. We used the Freesurfer(v.6.0) cross-
sectional and longitudinal pipelines to preprocess cross-sectional
T1w sMRI images from ADHD-200 and longitudinal T1w sMRI
images from ABIDE II. Details of these pipelines are given below.
4.2.1. Cross-sectional pipeline
The standard ”recon-all–all” command from the cross-sectional

pipeline is used to pre-process all the T1w cross-sectional scans
from the ADHD-200 dataset which registers each subject’s data
to a template. The fully automated pipeline includes a few process-
ing steps including Talairach registration, bias field correction,
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skull stripping, separation of non-brain cells, intensity normalisa-
tion, white matter segmentation, cortical surface reconstruction
and parcellation. For cross-sectional analysis, every subject’s scans
at each time point are processed individually. All subjects went
through the standard pipeline without any reconstruction errors
(Hedges et al., 2022).
4.2.2. Longitudinal pipeline
A major challenge in longitudinal studies is within-subject

heterogeneity. Using a longitudinal-specific method can help to
reduce this heterogeneity. As a result, images from baseline and
follow-up from ABIDE dataset were processed using Freesurfer lon-
gitudinal pipeline (Srinivasan et al., 2020; Dale et al., 1999). The
longitudinal pipeline generates an unbiased within-subject tem-
plate (Seiger et al., 2021; Johansson et al., 2022). The outputs from
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the cross-sectional pipeline of the two-time points were used to
develop an unbiased within-subject template containing common
information (recon-all–base) (Zahid et al., 2022). The longitudinal
step (recon-all–long) then uses the within-subject processed out-
put as the input. This step involved aligning each time point to
the correct pattern and processing the images using common
knowledge inferred from the within-subject pattern. Compared
to the cross-sectional pipeline, this three-step longitudinal pipeline
improves robustness and statistical power (Brown et al., 2020). We
discarded longitudinal scans from three ASD subjects as they had
major cortical reconstruction errors.

4.3. Performance evaluation

After the model has been trained, it’s tested with unseen normal
and anomalous scans to see if it can accurately identify the input
scans. As the model is trained on Normal slices, we assume Normal
slices can be reconstructed from anomalous slices in a better way,
resulting in higher reconstruction loss for abnormal regions. For
threshold-based outlier detection, we explored two loss functions–
(i) L2 loss and (ii) cosine loss. The pixel-wise L2 loss between the

actual slice–Y and reconstructed slice–bY is defined in Eqn. (5).
The L2 loss values vary from 0 to 1.

L2 m;nð Þ ¼ Y m;nð Þ � bY m; nð Þ
��� ���

2
ð5Þ

We also use the cosine loss (Felfeliyan et al., 2021; Fanchiang and
Kuo, 2022) to calculate the pixel-wise anomaly score for the original

and reconstructed slice stacks (Y, bY ) (Eqn. (6)). The cosine loss
ensures that the reconstructed and actual slices are highly similar
(Yue et al., 2021; Wang et al., 2019). The cosine loss ranges from
0–1(Normal–Anomalous),i.e., anomalous slices have larger cosine
loss.

Cos m;nð Þ ¼ 1� Y m;nð Þ � bY m; nð Þ
Y m;nð Þk k2 bY m; nð Þ

��� ���
2

ð6Þ

A threshold value savg
� �

is computed from training data as:

savg ¼ 1
N

XN
i¼1

1
n

Xn
j¼1

Lossij

 ! !
ð7Þ

where n is the set of three-slice combinations for a scan. The num-
ber of subjects in the training set is denoted as N. The reconstruc-
tion loss between the reconstructed and actual slices is referred
to as Loss. Outliers can be addressed by tuning savg

� �
from training
Table 3
Dense GAN ABIDE-II longitudinal dataset results.

S.No Distance Metric Axial

Acc (%) AUC

Objective metric– 100 L
1 L2 loss 78.26 0.59
2 Cosine loss 80.43 0.67
3 L2 loss + Cosine loss 80.43 0.67

Objective metric– 100 L1 lo
4 L2 loss 76.08 0.65
5 Cosine loss 80.43 0.67
6 L2 loss + Cosine loss 91.30 0.80

Objective metric–100 L1 loss
7 L2 loss 80.43 0.67
8 Cosine loss 82.60 0.69
9 L2 loss + Cosine loss 84.78 0.77

Objective metric–100 L1 loss + L2
10 L2 loss 80.43 0.67
11 Cosine loss 80.43 0.67
12 L2 loss + Cosine loss 73.91 0.63
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scans; when the pixel-wise loss of the test scan is higher than or
equal to savg , its an outlier (abnormal scan). In other words, if L2
(i,j)/ cos(i,j) Psavg is treated as an outlier–ASD/ADHD subject else
as inlier–Normal subject. We choose savg as the threshold metric
since it minimizes the number of False Positives and Negatives
(FP and FN), resulting in high sensitivity and specificity (Devika
and Oruganti, 2021). Accuracy and AUC scores were used to evalu-
ate model performance. Parameters to calculate accuracy and AUC
are defined as:

� TP– Number of scans correctly classified as outliers (TOut)
� TN– Number of scans correctly classified as inliers (TIn)
� FP– Number of scans incorrectly deemed outliers (FOut)
� FN– Number of scans incorrectly deemed inliers (FIn)

Accuracy ¼ TOut þ TIn

TOut þ TIn þ FOut þ FIn
� 100 ð8Þ

Accuracy is calculated as in Eqn. (8). AUC is the area under the ROC
curve, where a larger value signifies better performance. AUC repre-
sents the model’s performance at each threshold value. An AUC of 1
denotes as an ideal classifier, whereas 0.5 denotes random
prediction.

4.4. Results

This section presents sMRI slice-based ASD and ADHD detection
results using the Dense GAN and Dense Attentive GAN architec-
tures on the Axial, Coronal, and Sagittal slices. In all two architec-
tures, the adjacent next three slices are reconstructed from the
input adjacent three slices. For a stacked slice from the test set,
the adjacent next three slices are reconstructed using the above-
described architectures. The average reconstruction loss per scan
is compared to the threshold value defined in Eqn. (7). This thresh-
old determines whether the sample is an inlier (normal– if recon-
struction loss < savg) or an outlier (ASD/ADHD–if reconstruction
loss > savg), providing ASD and ADHD detection in an unsupervised
way.

We used a set of metrics to train the Dense GAN and Dense
Attentive GAN models, as well as to measure the difference
between the actual and reconstructed slices from the test set.
The training loss function falls under these four categories:

1. 100 L1 loss+WGAN-GP
2. 100 L1 loss+L2 loss +WGAN-GP
3. 100 L1 loss+Cosine loss+WGAN-GP
Coronal Sagittal

Acc (%) AUC Acc (%) AUC

1 loss + WGAN-GP
76.08 0.59 60.86 0.56
78.26 0.66 65.21 0.58
78.26 0.66 65.21 0.58

ss + L2 loss + WGAN-GP
82.60 0.69 71.73 0.62
80.43 0.67 73.91 0.71
91.30 0.88 78.26 0.73

+ Cosine loss + WGAN-GP
80.3 0.74 67.39 0.6
84.78 0.77 69.56 0.61
84.78 0.77 69.56 0.61

loss + Cosine loss + WGAN-GP
76.08 0.65 65.21 0.58
82.60 0.69 67.39 0.6
82.60 0.69 67.39 0.6



Table 4
Dense GAN ADHD dataset results.

S.No Distance Metric Axial Coronal Sagittal

Acc (%) AUC Acc (%) AUC Acc (%) AUC

Objective metric–100 L1 loss + WGAN-GP
1 L2 loss 71.76 0.72 70.15 0.70 56.14 0.56
2 Cosine loss 73.68 0.74 71.34 0.72 60.81 0.61
3 L2 loss + Cosine loss 75.43 0.76 73.09 0.74 61.98 0.62

Objective metric–100 L1 loss + L2 loss + WGAN-GP
4 L2 loss 76.60 0.77 76.60 0.77 63.15 0.63
5 Cosine loss 78.36 0.78 78.94 0.79 64.32 0.64
6 L2 loss + Cosine loss 79.53 0.79 81.87 0.82 73.09 0.73

Objective metric–100 L1 loss + Cosine loss + WGAN-GP
7 L2 loss 65.49 0.65 71.92 0.72 63.15 0.63
8 Cosine loss 67.83 0.67 73.09 0.73 63.74 0.64
9 L2 loss + Cosine loss 71.34 0.72 74.85 0.75 67.25 0.67

Objective metric–100 L1 loss + L2 loss + Cosine loss + WGAN-GP
10 L2 loss 64.32 0.64 65.49 0.65 62.57 0.62
11 Cosine loss 66.66 0.66 67.25 0.67 64.91 0.65
12 L2 loss + Cosine loss 66.66 0.66 67.25 0.67 64.91 0.65

Table 6
Dense Attentive GAN results.

Objective metric–100 L1 loss + L2 loss + WGAN-GP
Distance metric–L2 loss + Cosine loss

S.No SMRI Plane ABIDE II ADHD-200

Acc (%) AUC Acc (%) AUC

1 Axial 93.47 0.82 81.28 0.81
2 Coronal 93.47 0.89 83.04 0.83
3 Sagittal 82.60 0.75 74.85 0.75

Fusion
4 Axial + Coronal 97.82 0.91 85.38 0.85
5 Axial + Sagittal 93.47 0.82 82.45 0.82
6 Coronal + Sagittal 93.47 0.89 83.04 0.83
7 Axial + Coronal + Sagittal 97.82 0.91 85.38 0.85

Table 5
Dense GAN fusion results.

Objective metric–100 L1 loss + L2 loss + WGAN-GP
Distance metric–L2 loss + Cosine loss

S.No Fusion ABIDE II ADHD-200

Acc (%) AUC Acc (%) AUC

1 Axial + Coronal 93.47 0.89 84.21 0.84
2 Axial + Sagittal 91.30 0.80 80.11 0.80
3 Coronal + Sagittal 91.30 0.88 81.87 0.82
4 Axial + Coronal + Sagittal 93.47 0.89 84.21 0.84
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4. 100 L1 loss+L2 loss+Cosine loss+WGAN-GP

The objective metric in Tables 3–6 are the loss function used in
model training, whereas the distance metric is the measure used
to determine the difference between actual and reconstructed slice
stacks. The test set was evaluated using the L2 and cosine distance
loss defined in Eqns. 5 and 6. The results from each category for
Dense GAN and Dense Attentive GAN are discussed in detail below.

4.4.1. Dense GAN
The classification results for Dense GAN for normal vs ASD and

normal vs ADHD for Sagittal, Coronal and Axial slices are tabulated
in Tables 3 and 4. The accuracy and AUC values for different com-
binations of train and reconstruction losses are included in Tables 3
and 4. Dense GAN achieves the highest classification accuracy and
AUC scores of 91.30%, 0.88–ASD detection and 81.87%, 0.82–ADHD
detection. Coronal slices with WGAN-GP+100 L1 loss+L2 loss as the
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training loss and a combination of L2 and cosine loss as the recon-
struction loss yield the best classification result. Axial and Coronal
slices have the same accuracy of 91.30% for ASD identification,
although the AUC score of Coronal slices is �8 higher than the
AUC score of Axial slices. It is observed that ASD and ADHD detec-
tion training with 100 L1 loss+L2+WGAN-GP loss and outlier detec-
tion with L2 loss+cosine loss present the best results for all three
sMRI planes. Training using 100 L1 loss+L2 loss+WGAN-GP and
outlier detection with L2 loss+cosine loss produces the best results
for all three sMRI planes compared to other training and recon-
struction loss combinations. In contrast, compared to Axial and
Coronal slices, the Sagittal slice showed lower accuracy and AUC
scores. The lowest scores reported by Dense GAN are 60.86%,
0.56(accuracy, AUC)–ASD detection, 56.14%, and 0.56(Accuracy,
AUC)–ADHD detection. On all the three sMRI planes, the objective
metric—WGAN-GP+100 L1 loss had the highest misclassification
for ASD and ADHD. The use of L1 loss in training allows for precise
reconstruction. Minimising the combination of losses–WGAN-GP,
L1, L2 during the training increases the structural similarities as
error rates decrease. As the reconstruction losses vary from L2 loss
alone to a combination of L2 and cosine loss, the model’s sensitiv-
ity steadily increases. Compared to L2 loss alone, the cosine loss
alone is more sensitive to outliers, and combining both further
improves the performance.
4.4.2. Dense GAN fusion
Rather than using unimodal slices, we also aimed to study the

utilization of multimodal slices for ASD and ADHD detection. Deci-
sion level fusion is applied for all the combinations of unimodal
slices with the best objective metric and distance metric, and the
results are presented in Table 5. The final decision is made by com-
bining predictions from unimodal slices with the MAXIMUM
probabilities.

Among different multimodal slice fusion combinations, the
fusion of Axial and Coronal slices achieved the highest detection
accuracy/AUC score for both disorders. The lowest detection accu-
racy was obtained for the fusion of Axial and Sagittal slices. Fusion
of Sagital slices with Axial slices (Axial+Sagittal) and Coronal slices
(Coronal+Sagittal) improved the detection accuracies, AUC scores
for about 8–13% and 0.07–0.15. However, there was little improve-
ment with a fusion of all their three sMRI planes (Axial+Coronal
+Sagittal). The accuracy and AUC score remains the same as that
of Axial+Coronal. The overall fusion results show that the
decision-level fusion outperformed the decisions made by individ-
ual unimodal slices in terms of prediction accuracy and AUC scores.



Fig. 7. Coronal slice feature map output from the first convolutional layer of Dense Attentive GAN for Normal, ASD and ADHD subjects.
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4.4.3. Dense attentive GAN
Table 6 summarizes the accuracy and AUC scores obtained by

the Dense Attentive GAN network using the best objective and dis-
tance metrics for unimodal and multimodal slice combinations.
The corresponding training loss and accuracy curves are plotted
in Fig. 8 and 9 respectively. As shown in the Table, Dense Attentive
GAN outperforms Dense GAN by adding SA modules. The accuracy/
AUC trends for Dense Attentive GAN are also consistent with Dense
GAN for unimodal and multimodal slices. In unimodal, the Coronal
slices have the best accuracy and AUC of 93.47%, 0.89 (ASD),
83.04%, and 0.83 (ADHD). The fusion of Axial and Coronal slices
reports the highest detection scores for both ASD and ADHD
detection.
Fig. 8. Training loss of Dense Attentive GAN on best objective metric.

Fig. 9. Training accuracy of Dense Attentive GAN on best objective metric.
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The densely connected CNN captures high local and non-local
dependent features. On the other hand, the SA module can provide
more detailed feature information, resulting in higher model
detection rates. The primary reason for this is that throughout
the encoding–decoding process, the attention module can success-
fully filter out the noise and other distracting features, and it
employs salient bottleneck features to reconstruct better images
within the range of attention. Additionally, the SA module can also
help to eliminate overlapping features. Thus the results demon-
strate the effectiveness of capturing local and global features based
on the SA module and densely connected convolutions. Thus the
results show that using the SA module with densely connected
convolutions to capture local and global information is effective.
4.4.4. GRAD-CAM visualization
We visualized the first convolutional layer output for Normal,

ASD, and ADHD subjects to understand what is learned by the con-
volutional filters.

The distributed feature representation of the input image after
the first convolution operation is shown in Fig. 7. We observed that
there are fewer learned features in the first convolutional layer.
Compared to the input image, the output of the first convolution
layer did not change significantly. While overcoming information
loss during dense convolutions, the first convolutional layer main-
tains the shape and clarity of the input image. There are some
visual differences between the heatmaps for Normal, ASD, and
ADHD.

Gradient-weighted class activation map (Grad-CAM) is a CAM-
based (Zhou et al., 2016) extension that uses gradients for visuali-
sation. Grad-CAM generates a coarse localisation map highlighting
the most important brain regions contributing to the predictions.
Grad-CAM was visualised using the Python package ELI5 (Raju
and Das, 2021). By default, the last convolution layer is used for
generating an activation map. Fig. 10 presents the Grad-CAM visu-
alisation from the third SA layer for adjacent three Coronal slice
reconstruction that discriminates Normal, ASD and ADHD subjects.
The emphasised regions in the heatmaps are discriminative fea-
tures for distinguishing between Normal, ASD, and ADHD subjects.
The highlighted images depict the SA layer’s Region of Interests
(ROI) at the prediction time.

Grad-CAM often displays a few regions in red patches, indicat-
ing the locations of the most descriptive categorisation features,
while yellow-green (high–low) regions also represent extracted
feature maps that contribute to the model’s prediction. There is
cerebral enlargement in ASD and ADHD participants compared to
Normal subjects. The most discriminative features were found in
the Cortex, Cerebellum, Lateral ventricle, Nucleus and



Fig. 10. Adjacent three Coronal slices, Grad-CAM visualizations.
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Hippocampus. These regions were affected by ASD and ADHD
(Stephenson et al., 2021).
4.5. Comparison with existing works

Tables 7, 8 compares the proposed method’s classification
results with those of existing methods for ASD and ADHD detec-
tion. The tables include the proposed method, the number of ASD
or ADHD subjects, the number of healthy subjects and the classifi-
cation accuracy.
Table 7
Comparison with existing cross-sectional and longitudinal ASD works.

S.No Method

1 Morphological brain network (Soussia and Rekik, 2018)
2 Cortical brain network (Kong et al., 2019)
3 Structural covariance network (Gao et al., 2021)
4 Morphological feature based classification (Ali et al., 2021)
5 Surface morphometric feature based classification (Mishra and Pati, 202
6 Morphological feature based classification (Sharif and Khan, 2021)
7 Morphological feature based classification (Fu et al., 2021)
8 3D-CNN based classification (Shahamat and Abadeh, 2020)

Encoder-decoder based methods
9 Convolutional Autoencoder (CAE) (Mostafa and Wu, 2021)
10 UNet (Devika et al., 2022)
11 GAN (Devika et al., 2022; Han et al., 2019)
12 SAGAN (Devika et al., 2022; Han et al., 2021)
13 Proposed Dense Attentive GAN
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4.5.1. ASD detection
To show the utility of using longitudinal sMRI scans for ASD

detection, we compare our findings to those of others who use
ABIDE I (Di Martino et al., 2014) or ABIDE II (Di Martino et al.,
2017) cross-sectional and longitudinal sMRI scans. The compar-
isons are grouped into two categories: (i) morphological based
methods and (ii) Encoder-decoder based methods. From Table 7,
it was apparent that the proposed Dense Attentive GAN achieves
a classification accuracy of 97.82% for ASD detection, which is com-
paratively higher than the other SOA work like morphological
feature-based classification, CAE, surface covariance networks
and 3D CNN based classification.

The majority of SOA research uses morphological features for
model training, such as Cortical Thickness (CT) (Soussia and
Rekik, 2018; Ali et al., 2021) Cortical Gray Matter Volume (CGMV)
(Kong et al., 2019; Ali et al., 2021), Cerebrospinal Fluid (CSF), White
Matter (WM), GM (Gao et al., 2021), Surface Area (SA) (Fu et al.,
2021), Cortical Curvature (CC), Folding Index (FI) (Ali et al.,
2021), corpus callosum and intracranial brain volume (Sharif and
Khan, 2021; Mostafa and Wu, 2021) used the Genetic Algorithm
(GA) to highlight important brain regions using 3D CNN to detect
ASD. In encoder-decoder based methods (Mostafa and Wu, 2021)
employed CAE to reconstruct single axial sMRI slices, while,
(Devika et al., 2022; Han et al., 2019; Han et al., 2021) used UNet,
GAN and SAGAN for multi-slice reconstruction and diagnosis of
ASD. We also compared the proposed model parameters to those
of other encoder-decoder architectures in Table 9. The computa-
tional complexities of the Dense GAN and Dense Attentive GAN
are lower as they have fewer parameters.
4.5.2. ADHD detection
There are only a few studies that have used sMRI data alone to

detect ADHD. In order to evaluate the effectiveness of the proposed
method, we compared the proposed method to many SOA ADHD
detection methods based on the ADHD-200 dataset. The compar-
ison of quantitative performance is presented in Table 8. For ADHD
detection Histogram of Oriented Gradients (HOG) and personal
characteristic (Ghiassian et al., 2016), 3D low-level features from
3D-CNN (Zou et al., 2017), Hausdorff fractal dimension of GM den-
sity extracted from sMRI (Wang and ichiro Kamata, 2019), 3D Mul-
tiscale View Convolutional Neural Network with Attention (3D
MVA-CNN) (Wang et al., 2021) were used as feature representa-
tions. Compared to SOA methods, our method produces fair out-
comes when trained with ABIDE II dataset and tested with the
ADHD-200 hold-out set. The performance of the proposed method
has a 7% improvement compared to the best reported SOA (Wang
et al., 2021). The following conclusions can be drawn from these
comparisons (i) feature reuse in a feed-forward fashion can
ASD Test Subjects Normal Test Subjects Accuracy (%)

16 19 62.39%
8 10 90.39%
52 57 71.81%
126 132 82.00%

1) 7 8 86.00%
108 115 79.21%
36 38 83.00%
100 100 70.00%

81 94 96.60%
20 (longitudinal) 3 (longitudinal) 36.95%
20 (longitudinal) 3 (longitudinal) 65.21%
20 (longitudinal) 3 (longitudinal) 95.65%
20 (longitudinal) 3 (longitudinal) 97.82%



Table 8
Comparison with existing cross-sectional ADHD works.

S.No Method # ADHD # Normal Accuracy
Test Subjects Test Subjects (%)

1 MRI HOG-feature-based patient classification (MHPC) (Ghiassian et al., 2016) 77 94 76.60%
2 3D-CNN (Zou et al., 2017) 77 94 65.90%
3 3D fractal dimension complexity map (FDCM) (Wang and ichiro Kamata, 2019) 77 94 69.01%
4 3D MVA-CNN (Wang et al., 2021) 77 94 78.80%
5 Proposed Dense Attentive GAN 77 94 85.38%

Table 9
Learnable parameters of Encoder-decoder based architectures.

S.
No

Model Total No of
parameterss

1 UNet (Devika et al., 2022) 2,164,627
2 GAN (Devika et al., 2022; Han et al., 2019) 11,091,087
3 SAGAN (Devika et al., 2022; Han et al.,

2021)
23,923,023

4 Proposed Dense GAN 108,727
5 Proposed Dense Attentive GAN 110,414
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improve the model’s performance. (ii) Additional SA layers can
highlight the important regions useful for the predictions.

5. Conclusion and future work

In the present study, we addressed a novel OCC approach with
Dense GAN and Dense Attentive GAN frameworks to detect ASD
and ADHD disorders as outliers. We validated our framework using
2D Sagittal, Coronal and Axial slices from a 3D sMRI plane. Using
the advantages of local and global feature representations, the
Dense Attentive GAN could detect ASD and ADHD subjects with
the least misclassification. Experiments revealed that the proposed
method performs better SOA methods for detecting ASD and
ADHD. In unimodal, Coronal slices and in multimodal, the combi-
nation of Axial and Coronal slices was found to have the most
impact on the overall performance. We also take into account the
fact that the multi-site sMRI scans from ABIDE and ADHD-200
included with this investigation are heterogeneous and have been
produced using multiple scanner setups. Scans from different scan-
ner settings may show considerable changes in clinical practice.
According to the results of the experiment, the developed method
is resilient to such variations and may be employed in realistic con-
ditions in which standardising scanning setups are challenging. We
will extend our framework in the near future so that we can diag-
nose Schizophrenia as well.
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