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Attention Deficit Hyperactivity Disorder (ADHD) is a brain disorder with characteristics such as lack of
concentration, excessive fidgeting, outbursts of emotions, lack of patience, difficulty in organizing tasks, increased

forgetfulness, and interrupting conversation, and it is affecting millions of people worldwide.

ADHD autoencoder classification connectivity

| 1. Introduction

Brain is considered the most intricate and mysterious organ in the human body with complexity in networks in the
spatial as well the temporal domain. Brain’s functional and physical levels consists of five major regions: Frontal,
Occipital, Parietal, Subcortical, and Temporal regions . The complexity of the human brain is related to both the
increasing age and difficulty level of the computational task. Increasing age of the person and the complicated
nature of the task make it difficult for the brain to make decisions 2l The volume of data generated by the human
brain is huge and this amount of data in just half a minute is equivalent to the data generated by the Hubble

telescope in its entire life [4, which makes analysis based on human brain data a challenging task.

Attention Deficit Hyperactivity Disorder (ADHD) is a brain disorder that is characterized with persistent lack of
attention, high impulsiveness, restlessness, and hyperactivity with numerous environmental, neurological, and
genetic factors BT, The rate of ADHD diagnosis is increasing in children and it affects 8% to 12% of the world’s
child population as indicated in the studies in B, A benchmark for the prevalence of ADHD among children using
meta-analysis based on 179 estimates of the prevalence in 175 studies is proposed in 2%, There are both genetic-
(11 and neurological-related 12 interpretations of the cause of ADHD, specifically, genes LPHN3 and CDH13 and

damage to the frontal lobe, respectively.

ADHD on the subjects is measured using a variety of modalities with each modality has peculiar characteristics.
These modalities include DTI (Diffusion Tensor Imaging), EEG (Electroencephalography), fMRI (Functional
Magnetic Resonance Imaging), PET (Positron Emission Tomography), and SPECT (Single Photon Emission
Computed Tomography). Brain structural alterations were observed in proband, alterations in brain functional
connectivity and influence of the drug in the treatment of ADHD using the DTI modality were discussed in the
studies in 1213]14] piagnostic psychiatry tests for ADHD were based on four steps using the the 17 meta-studies
and a meta-analysis based on randomized control trials on the ADHD were discussed in 1326l respectively.
A triple-blinded studies on the 275 children and adolescents to integrate the biomarkers for the diagnosis of ADHD

and a deep learning-based framework for the diagnosis of ADHD were discussed in L4128 A convolution neural
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network and a comparisons of alpha powers between the 25 patients and 22 healthy controls for the diagnosis of
ADHD using the EEG modality were discussed in 1220211 respectively. Effect of psychostimulants on the 16
youths, with modeling of the brain using the resting state of the brain with the help of Independent Component
Analysis (ICA) and A meta-analysis of 55 studies involving 55 children and adults were discussed in [22]23124]
respectively. The inter-connections and intra-connections in the brain functional regions, effect of 40 mg
methylphenidate on the 37 individuals, and effect of L-theanine (2.5 mg) and caffeine (2.0 mg) on the patients with
ADHD using fMRI modality were studied in [22128127] respectively. PET-related studies have also shown promising
results on the ADHD subjects and the biology of this disorder [28. A significant increase in Dopamine Transporter
(DAT) binding was observed in 22l conducted on 47 subjects with matched control. In B9, alterations in the cortical
thickness were found between the ADHD and the healthy controls. One multimodal study 21l using PET and
genetic data on the 20 ADHD and matched healthy controls and another machine learning-based study 22! on 16
ADHD subjects and 22 healthy controls found promising results in the diagnosis of this disorder. SPECT-based
studies were conducted in B2l to distinguish sub-types of ADHD. A meta-analysis 24! involving 51 studies on 53
ADHD subjects found 13 promising genes for the diagnosis of ADHD using the SPECT-based image scans on the
patients. A study on ADHD and other disorders using the SPECT modality showed alterations in some of the brain
regions 23, A genetic SPECT study [2€l found a decrease in DAT on the 20 adolescents. A use of SPECT as to how

it is aiding the medical treatment of the ADHD subject is discussed in the study EZ.

fMRI studies based on functional connectivity on the ADHD are becoming, of late, very popular due the the
noninvasive nature of fMRI and interpretable regions found from the extraction of functional connectivity matrix.
In this regard, ADHD diagnosis using personal characteristics (age, 1Q, and handedness) 28 showed promising
results. Independent Component Analysis (ICA) with the combination of functional connectivity matrix found neural
network dysregulation in ADHD 2. Fusion 29 of non-imaging data with the imaging data also showed promising
results in the study. fMRI study also found functional connectivity alterations 41l in the right inferior frontal cortex of
the adolescents. A study using Convolution Neural Network (CNN) #2 on the multi-site resting state fMRI data
showed promising results in the classification of the ADHD.

| 2. Structural Information Based Approaches

In (431 the authors used morphological information to classify 210 ADHD subjects from the 226 healthy controls.
They used isotropic local binary patterns on three orthogonal planes to extract features from the high-resolution
MRI scan data on the subjects resulting in 69% accuracy. In the study 4! high-resolution 3-D scans of 55 ADHD
subjects and matched healthy controls were acquired using MRI machine. After processing them with the
FreeSurfer 43 software, 340 features such as cortical thickness, curvature, volume, etc. were measured for each
type of subjects resulting in maximum accuracy of 90.18% when given to Extreme Learning Machine classifier.
Gaussian Process Classification was applied in 28! to the brain gray matter volumetric data including 29 ADHD and
matched control subjects resulting in overall accuracy of 79.3%. Structural as well as functional features were used
in (471481 to classify the ADHD subjects resulting in 76% accuracy in the multi-class setting and 92.8% accuracy in

the binary class setting in the first study and 67% accuracy in the second study. A study 2 on 508 individuals
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containing ADHD subjects and healthy control using the source based morphometry of the brain scans showed

alterations in bilateral Crusl and bilateral insula between the two conditions among subjects.

| 3. Functional Connectivity Based Approaches

In BY decreased functional connectivity was observed in dorsal anterior cingulate cortex and regions of default
mode network between the 21 ADHD patients and 21 matched healthy controls. In study B, 20 medication-naive
ADHD children with 20 age- and gender-matched healthy controls were investigated for the alterations in functional
connectivity and found delayed maturation in two functional networks. In 22, functional connectivity alterations in
the brain areas related to motor circuitry which contribute to the functioning of motor and attention were exhibited in
children. A Fully Connected Cascade (FCC) neural network was proposed in 23 to discriminate ADHD from the
healthy controls, and directional and non-directional based connectivity features were given to the classifier
resulting in 90% accuracy. In B4l involving 20 ADHD patients and 27 healthy controls, increased connectivity in the
brain Default Model Network (DMN) was found both between and among the functional connectivity networks. In
B33, from the data on 95 ADHD subjects and 90 healthy controls, the authors selected five subcortical regions. Their
analysis showed significant difference in resting state functional connectivity in caudate nucleus. In B8, the authors
formed two cohorts: a child cohort consisting of 34 ADHD and 28 health controls and an adult cohort consisting of
112 ADHD and 77 healthy controls. Functional connectivity alterations were found both in the children cohort and in
the adult cohort. A multi-objective scheme using Support Vector Machine (SVM) was used in B2 to first tackle the
task of imbalanced dataset and then classifying the ADHD subjects from the healthy controls with promising
results. The dual subspace method was observed in 28] by first making two subspaces corresponding to ADHD and

healthy control and then using them based on the energy principle to classify ADHD from the healthy controls.

| 4. Deep Learning-Based Approaches

Deep learning is a computational model using which we learn multilevel abstraction of the input data and learn the
intricate pattern from the data by training layer wise feed forward neural network with back-propagation algorithm
B9 Deep learning is closely associated to machine learning which has applications in various practical domains
such as loT, renewable energy, medicine, and agriculture [BABLB2IE3]  Of |ate, deep learning is being used
increasingly more in the medical image analysis domain to replace handcrafted features with automatic extracted
features (641831 |n [88] the authors discussed scenarios where the subdomains of deep learning including computer
vision, natural language processing and reinforcement learning can be applied in the healthcare setups. A 4D-
CNN-based algorithm was proposed in 7 with data augmentation for balancing to extract both spatial and
temporal features from the ADHD subjects and healthy controls resulting in 71.3% accuracy. DeepFMRI was
proposed in 8] three networks—a feature extractor network, a functional connectivity network, and a classification
network—were all combined into one big network to form an End-To-End approach with promising results across
three ADHD sites. In [ a Convolution Denoising Autoencoder (CDAE) was used to extract the discriminating
features between the ADHD subjects and healthy control and then the Adaptive boosting Decision Trees (AdaDt)

was used for classification using the extracted Features.
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