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Abstract
In this paper, we present a multi-region ensemble classifier approach (MRECA) using a cognitive ensemble of classifiers for
accurate identification of attention-deficit/hyperactivity disorder (ADHD) subjects. This approach is developed using the features
extracted from the structural MRIs of three different developing brain regions, viz., the amygdala, caudate, and hippocampus. For
this study, the structural magnetic resonance imaging (sMRI) data provided by the ADHD-200 consortium has been used to identify
the following three classes of ADHD, viz., ADHD-combined, ADHD-inattentive, and the TDC (typically developing control).
From the sMRIs of the amygdala, caudate, and hippocampus regions of the brain from the ADHD-200 data, multiple feature sets
were obtained using a feature-selecting genetic algorithm (FSGA), in a wraparound approach using an extreme learning machine
(ELM) basic classifier. An improved crossover operator for the FSGA has been developed for obtaining higher accuracies compared
with other existing crossover operators. From the multiple feature sets and the corresponding ELM classifiers, a classifier-selecting
genetic algorithm (CSGA) has been developed to identify the top performing feature sets and their ELM classifiers. These classifiers
are then combined using a risk-sensitive hinge loss function to form a risk-sensitive cognitive ensemble classifier resulting in a
simultaneous multiclass classification of ADHD with higher accuracies. Performance evaluation of the multi-region ensemble
classifier is presented under the following three scenarios, viz., region-based individual (best) classifier, region-based ensemble
classifier, and finally a multiple-region-based ensemble classifier. The study results clearly indicate that the proposed Bmulti-region
ensemble classification approach^ (MRECA) achieves a much higher classification accuracy of ADHD data (normally a difficult
problem because of the variations in the data) compared with other existing methods.
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Introduction

Attention-deficit/hyperactivity disorder (ADHD) [1] is an on-
going pattern of neuro-developmental disorder that is both

pervasive and prevalent. The symptoms include inattention,
hyperactivity, and impulsivity that are not consistent with a
child’s developmental age. According to Children and Adults
with Attention-Deficit/Hyperactivity Disorder (CHADD), a
non-profit organization that provides support and education
for those who are affected, ADHD affects 11% of school-age
children in the USA (around 5.1 million), resulting in severe
functional impairments such as failure in school, disruption in
family, stress, and failed relationships [2]. These disorders often
persist into adulthood for 75% of these patients [3, 4] who are
subjected to increased risks of depression, antisocial behavior,
delinquency, and employment issues and are prone to accidents
and substance abuse. The economic cost to individuals, fami-
lies, and society due to ADHD patients ranges between 143 and
266$ billion per year, incurred mainly for education, health
care, loss of income, and productivity [5].

In the current clinical view, ADHD is classified into three
behavior-based subtypes, namely, hyperactive-impulsive type

* Vasily Sachnev
bassvasys@hotmail.com

1 Department of Information, Communication and Electronics
Engineering, Catholic University of Korea, Seoul, South Korea

2 School of Computer Science and Engineering, Nanyang
Technological University, 50 Nanyang Ave, Singapore, Singapore

3 Department of Information Science and Engineering, Sri
Jayachamarajendra College of Engineering, Mysuru, India

4 Psychiatry Division, Sidra Medicine, Doha, Qatar
5 Department of Children’s Clinical Management Group, Sidra

Medicine, Doha, Qatar

Cognitive Computation (2019) 11:545–559
https://doi.org/10.1007/s12559-019-09636-0

http://crossmark.crossref.org/dialog/?doi=10.1007/s12559-019-09636-0&domain=pdf
http://orcid.org/0000-0001-7063-5069
mailto:bassvasys@hotmail.com


(ADHD-H), hyperactive-inattentive type (ADHD-I), and the
combined type (ADHD-C) [6, 7]. The hyperactive-impulsive
type is an early-onset disorder that occurs in the nursery or pri-
mary developmental age that mainly affects behavior and is pres-
ent three timesmore in boys as comparedwith girls. TheADHD-
inattentive type occurs later, at primary or high school age, and
affects boys and girls equally. The combined type is a combina-
tion of both the inattentive and hyperactive-impulsive types [6,
7]. These diagnostic categories are based on symptomatic behav-
iors and are not indicative of the underlying disorders that might
have physiological origins. Although ADHD studies have tradi-
tionally been based on clinical symptoms, more recent studies
indicate that structural and functional abnormalities in the brain
(assessed by structural and functional magnetic resonance imag-
ing, sMRI, and fMRI) may appear due to ADHD.

Recent studies show that the abnormal volumes observed
in certain brain regions can be indicative of ADHD disorder
and can help with the early evaluation of neuropsychiatric
d isorders and ear ly d iagnos is of ADHD [8, 9] .
Developmental delays and structural alterations in the brain
regions of interest (ROIs) such as the amygdala, caudate, and
hippocampus (hereafter referred to as ROI3) are thought to be
affected in ADHD children and youth [10–14]. These regions
are responsible for attention, cognition, emotion, and sensori-
motor functions. Specifically, the amygdala plays a primary
role in the processing of memory, decision-making, and emo-
tional reactions [11, 12]. The caudate nucleus plays an impor-
tant role in various motor and non-motor functions such as
procedural learning, associative learning, inhibitory control of
action, and reward system [13]. The hippocampus plays an
important role in the consolidation of information from
short-term memory, long-term memory, and spatial memory
[14]. Since research shows that both the intra-region variabil-
ity and sub-regional variability in the brain contribute to the
abnormalities in the brain of ADHD patients, they have to be
captured and studied simultaneously [10–14].

In order to study the above, in recent years, neuroscientists
are using computational methods for analyzing brain images
obtained using sMRI. These methods may help to obtain valu-
able insights into the pathological mechanisms related to
ADHD and provide possible target locations for an early inter-
vention. Morphometric analysis of brain regions using anatom-
ic MRI data indicate that ADHD subjects have differences in
volume in the right globus pallidus, anterior frontal regions, and
cerebellum and they exhibit loss of normal asymmetry in the
caudate [9, 15–19]. Extra studies focus on the similarities be-
tween Parkinson’s disease andADHD [20] and the connectivity
in between electroencephalogram and MRI for ADHD [21].

A brief review of ADHD detection using structural image-
based models that were developed using sMRI data is given
below. These models help us to classify ADHD subtypes and
differentiate patients from the normal subjects, referred to as
typically developing children (TDC) [22, 23].

Chang et al. [24] have used structural image-based models
to distinguish ADHD patients from typically developing chil-
dren (TDC). They used isotropic local binary patterns on three
orthogonal planes (LBP-TOP) to extract features and have
used support vector machines (SVM) to classify the ADHD
types. Kobel et al. [25] have applied structural imaging tech-
niques such as voxel-based morphometry (VBM), diffusion
tensor imaging (DTI), and magnetization transfer imaging
(MTI) that showed anatomical differences in brain regions
of ADHD patients. Cao et al. [26] implemented a graphical
analysis of large-scale brain systems for searching biomarkers
responsible for ADHD using structural MRI. Rangarajan et al.
[27] discovered potential biomarkers in the hippocampus area
using a projection-based learning algorithm for a meta-
cognitive radial basis function network (PBL-McRBFN) for
ADHD vs. TDC diagnosis. Sabuncu [28] exploited multi-
variate pattern analysis (MVPA) for the diagnosis of
Alzheimer’s, schizophrenia, autism, and ADHD using struc-
tural MRI. Iannaccone et al. [23] proposed anADHD vs. TDC
classifier based on SVM implemented for structural MRI.
Mahanand et al. [29] have proposed a meta-cognitive radial
basis function network (PBL-McRBFN) for the diagnosis of
ADHD and its subtypes. Sato et al. [30] used three feature
extraction techniques and ten different pattern recognition
techniques for the diagnosis of ADHD vs. TDC and ADHD-
I vs. combined ADHD. Eloyan et al. [31] exploited singular
value decompositions (SVDs), CUR decompositions, random
forest, gradient boosting, bagging, voxel-based morphometry,
and support vector machines (SVM) for ADHD vs. TDC di-
agnosis. Colby et al. [32] proposed multiple support vector
machine recursive feature elimination (SVM-RFE) algorithm
and feature subset selection by optimizing the expected gen-
eralization performance of a radial basis function kernel SVM
(RBF-SVM) for ADHD vs. TDC by using structural MRI.
Peng et al. [33] exploited the extreme learning machine
(ELM) with F score and SFS feature selection methods for
ADHD vs. TDC diagnosis. Sachnev et al. [34] used a binary-
coded genetic algorithm (BCGA) with Meta-Cognitive
Neuro-Fuzzy Inference System (McFIS) in the hippocampal
area for classifying TDC and 3 subtypes of ADHD.

Based on the review of the above existing studies on
ADHD, it may be seen that many studies have been con-
ducted in classifying ADHD patients vs. normal persons
(TDC). It is seen that such problems have been treated main-
ly as a two-class classification problem. Only a few studies
exist in the literature that focusses on classifying TDC and
three subtypes of ADHD (ADHD-H, ADHD-I, and ADHD-
C). The problem of classifying ADHD subtypes is much
more complex in nature and requires more sophisticated
machine learning tools to build an efficient classifier. MRI
data, available for the classification of ADHD and its sub-
types, is sparse and unbalanced, making the problem more
difficult for the machine learning methods.
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To overcome the above difficulties, in this paper, we present
a multiple-region ensemble classification approach (MRECA)
for an accurate diagnosis of ADHD and its subtypes using the
sMRI of the three most affected brain regions viz., the amyg-
dala, the caudate, and the hippocampus. Regions of interest
(ROIs) for these regions are defined using the Wake Forest
University Pick-atlas [35]. MRECA efficiently classifies the
TDC and its two subtypes, ADHD-I and ADHD-C (ADHD-
H type has been excluded in this study due to the availability of
only a small number of samples). A specially tailored Bfeature-
selecting genetic algorithm (FSGA),^ based on binary selec-
tions procedures [36], is used for the feature selection process.
FSGA is then coupled with an ELM classifier in a wraparound
scheme for identifying the TDC and two ADHD subtypes
ADHD-C and ADHD-I. ELM has been used to evaluate the
importance of the chosen features. Better features would create
a better ELM classifier that can result in higher training and
testing accuracies. In this study, extreme learning machine
was chosen as the base learner because of its fast training
(learning) scheme compared with other existing machine learn-
ing classifiers [37–40]. Each ELM classifier that is obtained
using the unique feature set chosen by the FSGA is referred
to as the Bregion-based individual classifier.^

The proposed FSGA-ELM generates three sets of ELM
classifiers, viz., HipC, AmyC, and CauC for the hippocampus,
amygdala, and caudate regions, respectively. In the next step,
a risk-sensitive cognitive ensemble classifier is used to select a
set of ELM classifiers with higher classification accuracies to
construct an ensembler, which is a fusion of the selected ELM
classifiers. Such a selection is processed using the HipC,
AmyC, and CauC separately to build what is referred to as

the region-based cognitive ensemble classifiers: hippocampus
ensemble classifier HipEC = ξ (HipC), the amygdala ensem-
ble classifier AmyEC = ξ (AmyC), and the caudate ensemble
classifier CauEC = ξ (CauC). The risk-sensitive cognitive en-
semble classifier is denoted with the symbol ξ (see Fig. 1). The
union of several ELM classifiers utilizes the benefits of mul-
tiple sets of features and covers more relevant data needed for
an accurate classification of ADHD.

Selection of ELM classifiers for the ensemble is made by
another classifier-selecting genetic algorithm (CSGA); the fu-
sion is accomplished by a modified version of the earlier en-
semble approach proposed in Sachnev [41] using a risk-
sensitive hinge loss function. In this paper, the risk-sensitive
cognitive ensemble classifier has been developed under two
different scenarios. They are as follows: (1) to build a region-
based ensemble classifier and (2) to build a multiple-region-
based ensemble classifier. The Multiple-region ensemble
classifier approach or MRECA processes all ELM classifiers
from HipC, AmyC, and CauC and builds a fusion of all the
ELM classifiers from the three regions (see Fig. 1). Detailed
performance evaluation of MRECA clearly shows its superior
performance compared with existing methods that are current-
ly available for ADHD diagnosis.

This paper is organized as follows. The BData Set
Description^ section gives the details of the ADHD-200
dataset used in this study. The BMethod^ section presents
the Bmultiple-region ensemble classifier approach for diagno-
sis TDC, ADHD-C, and ADHD-I.^ It contains the description
of ROI (region of interest)–based feature extraction, feature-
selecting genetic algorithm (FSGA), classifier-selecting genet-
ic algorithm (CSGA), and the risk-sensitive cognitive
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ensemble of ELM Classifiers. The BResults^ section presents
the results of the MRECA performance evaluation. It includes
the performance results for (1) the region-based individual
classifier, (2) the region-based ensemble classifier and, (3)
the multiple-region ensemble classifier. These results have
been compared with existing methods. A preliminary ap-
proach to search for voxels responsible for ADHD is present-
ed in this section. The BConclusions^ section summarizes the
conclusions from this study.

Data Set Description

ADHD-200 Consortium is a collaborative effort to get a better
understanding of the neural basis of ADHD and it invites ideas
in neuroscience that are related to ADHD diagnosis [42],
(http://fcon1000.projects.nitrc.org/indi/adhd200/results.html),
[19]. It provides a single source of functional MRI (fMRI) and
sMRI data from ADHD patients and normal TDC subjects.
This data helps one to investigate multiple brain regions and to
understand the relationships underlying the pathophysiology
of ADHD. sMRI has a high spatial resolution and can detect
minute abnormalities in the shapes and sizes of the brain re-
gions. Brain functions are highly dependent on the integrity of
the brain structures. Morphometric techniques provide data on
the volume or shape of gray matter structures in ADHD-
affected brain regions. Research based on structural informa-
tion can help to study the brain morphological differences in
ADHD compared with typically developing children. Hence,
in this study, we use ADHD-200 sMRI data to implement our
machine learning algorithm in classifying ADHD under three
classes, viz., TDC, ADHD-C, and ADHD-I.

In this study, sMRI images were used to extract 6072,
1050, and 3904 features (voxels, ROI3), from the hippocam-
pus, amygdala, and caudate, respectively (see the BMulti-
Region Ensemble Classifier Approach for Diagnosis of
ADHD-C and ADHD-I^ section for method of extraction).
The ADHD-200 dataset includes 776 subjects in the training
set and 197 in the test set. Among the 776 in the training set,
only 770 subjects were used in this study and the rest were
excluded since they did not pass the quality check. Among the
197 in the test set, only 171 subjects were used in this study as
the remaining 26 subjects were fromBrown University, which
never released their labels.

Thus, the ADHD-200 dataset contains sMRI of 941 sam-
ples consisting of 581 TDC subjects and 360 ADHD subjects.
Among the ADHD subjects, 13 are ADHD-H, 137 are
ADHD-I, and 210 are ADHD-C. It is to be noted that there
are a huge imbalance and sparsity between the number of
samples available for TDC and each of the ADHD subtypes
(especially ADHD-H), making accurate classification very
difficult. Hence, we excluded the ADHD-H subtypes from

this study and used only TDC, ADHD-I, and ADHD-C sub-
types to obtain 759 training samples and 169 testing samples.

Method

Multi-Region Ensemble Classifier Approach
for Diagnosis of ADHD-C and ADHD-I

Most of the current ADHD studies solve the following two-
class problem viz., classifying whether a person is normal
(TDC) or is affected by ADHD. Very few studies have fo-
cused on the more complex three-class problem of simulta-
neously classifying the two ADHD subtypes, ADHD-C and
ADHD-I and TDC. With this objective, we present the multi-
region ensemble classifier approach named as MRECA, a
machine learning algorithm that can simultaneously and effi-
ciently solve the abovementioned three-class classification
problem. MRECA broadly consists of four major steps as
shown in Fig. 1 and explained below.

& Step 1: Region of interest–based feature extraction. In this
step, using voxel-based morphometry and sMRI images,
we obtain the corresponding sets of features referred to as
fhip, famy, and fcau, from the hippocampus, amygdala, and
caudate regions, respectively.

& Step 2: Feature selection. From the features obtained in
step 1, we select a smaller set of features using a specially
tailored feature-selecting genetic algorithm (FSGA).
FSGA uses an extreme learning machine (ELM) classifier
in a wraparound method and the corresponding classifiers
are called as HipC, AmyC, and CauC.

& Step 3: In this step, a region-based ensemble classifier is
built using a Bclassifier-selecting genetic algorithm^
(CSGA). Using a risk-sensitive hinge loss function and
the three sets of features and the corresponding classifiers
obtained from step 2, the classifiers are combined to build
three risk-sensitive cognitive ensemble classifiers: ξ
(HipC), ξ (AmyC), and ξ (CauC). These ensemble classi-
fiers are referred to as region-based ensemble classifiers.

& Step 4: Finally, in a similar fashion, the three region-based
risk-sensitive cognitive ensemble classifiers obtained in
step 3 are combined to develop the final multiple-region
ensemble classifier. These four steps are explained in de-
tail below.

Region of Interest–Based Feature Extraction

For the initial preprocessing of sMRI data, we refer to the
Neuro Bureau initiative [36] that provides preprocessed ver-
sions of the ADHD-200 data. Among the different pipelines
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supported by the Neuro Bureau initiative, we focused on the
data computed by the Burner pipeline (http://www.nitrc.org/
plugins/mwiki/index.php/neurobureau:BurnerPipeline). The
Burner pipeline was managed by Carlton Chu using the
Diffeomorphic Anatomical Registrat ion Through
Exponentiated Lie Algebra (DARTEL) toolbox from statisti-
cal parametric mapping (SPM). The Burner pipeline includes
modulated and normalized gray matter maps. There are three
steps in the Burner pipeline. In the first step, structural images
were segmented into gray matter and white matter probability
maps using SPM8’s unified segmentation procedure [43].
Next, gray matter and white matter probability maps are rig-
idly aligned (translation and rotation) and an inter-subject nor-
malization is performed using the DARTEL approach [44].
Images are then iteratively registered to the group average
(population template) and the template is iteratively updated.
Lastly, the registration parameters were applied to each gray
matter probability map to transform them into the space of
population averages. Modulation is then applied to conserve
the global tissue volumes after the normalization. The
resulting gray matter probability maps were used in our study.

A feature extraction method based on ROI is employed in
this study [29]. The amygdala, caudate, and hippocampus
ROIs were defined using the Wake Forest University Pick-
atlas [35]. Graymatter tissue probability values were extracted
as features from the probability maps using the generated ROI
masks. Spatial information of each feature is preserved and
then ordered in the feature vector. A total of 1050, 3904, and
6072 features for the amygdala, caudate, and hippocampus
were extracted and used in selecting the ROI3 features.

Feature Selection Using a Wraparound Approach

In the second step, a specially tailored Bfeature-selecting ge-
netic algorithm (FSGA)^ is used to select the best set of

features that produce higher classification accuracies, using
an ELM classifier for classifying the subtypes TDC, ADHD-
C, and ADHD-I (Fig. 1). HipC, AmyC, and CauC are the sets
of all ELM classifiers generated by the FSGA as explained
below. These classifiers are referred to as the Bregion-based
individual (best) ELM classifier .̂

Feature Selection Using FSGA

FSGA is based on the well-known standard genetic algo-
rithm (GA) [45] that is widely used to solve complex
feature selection problems. A wrapper method for feature
selection is used where ELM evaluates the selected fea-
tures [46]. Using iterative random search techniques, GA
improves the fittest members of a population (solution
strings) by using genetic operators such as crossover and
mutation. A problem specific fitness function is used to
evaluate each string, which in this case is the classifica-
tion accuracy. GA starts with an initial generation of p =
200 random strings. It iteratively updates this set of 200
solutions by using a modified single-point crossover (70%
of current solutions) and binary mutation (30%) operators.
Each generated solution is then used with an ELM classi-
fier and is evaluated by the fitness g, which in this case is
the overall testing accuracy of that ELM classifier (Fig.
2). GA generates new solutions until the maximum num-
ber of generations (termination criteria) is reached (300
for FSGA). This set of 200 solutions are processed using
a selection procedure based on the well-known geometric
ranking method [47], where the population is arranged in
descending order of its fitness values (g). The probability
of the selected solution j is calculated as follows:

Psj ¼ q
0
1−qð Þ r j−1ð Þ ð1Þ

Fig. 2 Feature selection using
FSGA coupled with ELM
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where q′ = q/(1 − (1 − q)p) is the selection probability, rj is
the rank of the jth solution in the partially ordered set, and
p is the population size (http://neurobureau.projects.nitrc.
org/ADHD200/Introduction.html) (p = 200 for FSGA and
CSGA). In this work, the parameter q is set as 10−3 for
BFSGA^ (see Fig. 1). (For more details, refer to [47].)

FSGA String Representation

The solution string is an array of binary values F where the
binary digits represent either the presence or absence of that
feature. A value of B1^ means that the particular feature is
participating and B0^ means that feature is absent. A typical
string representing 6072 features of the hippocampus is shown
in Fig. 2. The choice of the string representation depends on
the optimization problem, the GA framework, and the genetic
operators used.

Modified Single-Point Crossover Operators

Performance of a genetic algorithm depends heavily based on
the particular optimization problem being solved, the given
data, and the choice of a proper crossover operator. Choice
of crossover operators for binary strings that exist in the liter-
ature [45] is very limited. Most of these operators use only
simple binary logical operations. In our studies, the binary
string should represent a relatively smaller number of chosen
features (around 20–200 features from a set of 1050, 3904,
and 6072 features for the three regions). Thus, the crossovers
based on simple binary logical operations will significantly
modify the new solutions and, in some cases, may generate
solutions with all zeros, which is unacceptable. As a result, the

performance of GA could be significantly affected. To over-
come this problem, we developed a modified single-point
crossover method to efficiently solve the ADHD feature se-
lection problem (Fig. 3).

The proposed single-point crossover operator uses two solu-
tions from the generation i (parent 1: p1 and parent 2: p2) as inputs
and produces two new solutions for the next generation i + 1
(offspring of1 and of2). This operator analyzes both the parents
p1 and p2 and collects all the Bcommon^ features as C=p1U p2
and Bnon-common^ features as C ¼ p1∪p2−p1∩p2. The
Bcommon^ features C are then moved to both the offspring

solutions without modifications. The Bnon-common^ features C
are then divided randomly into 2 parts c1 andc2. The random
split is limited to the range of 0.25–0.75.

Finally, the first offspring solution of1 (Fig. 3) is the
combination of the Bcommon^ features C and the Bnon-
common^ features from Bpart 1^ c1 or of 1 ¼ C∪c1; the sec-
ond offspring solution of2 is the combination of the
Bcommon^ featuresC and the Bnon-common^ features from
Bpart 2^ c2 or of 2 ¼ C∪c2 (Fig. 3).

Illustrating this with an example, assume that the sets of
chosen features from the first and second solution are p1 = {2,
3, 4, 6, 7, 10, 11, 12} and p2 = {1, 2, 3, 5, 6, 9, 10, 12},
respectively. The random split is chosen as 0.333. The number
of chosen features from the first and second solutions is 8. The
Bcommon^ features set is C = p1 U p2 = {2, 3, 6, 10, 12}; the

Bnon-common^ set is C = {1, 4, 5, 7, 9, 11}. The number of
elements in Bnon-common^ set is 6. Then, the number of
randomly selected features in Bpart 1^ is floor (6 × 0.333) =
2; the number of features in Bpart 2^ is 6–2 = 4. The Bpart 1^
set of randomly selected 2 features among 6 from the Bnon-
common^ set is c1 = {1, 7}; Bpart 2^ is a set of remaining

Fig. 3 Modified single-point crossover for binary data
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features from the Bnon-common^ set or c2 = {4, 5, 9, 11}.
Features for offspring 1 of1 is a combination of features from
the Bcommon^ set C = {2, 3, 6, 10, 12} and Bpart 1^ c1 = {1,
7} or of 1 ¼ C∪c1 = {1, 2, 3, 6, 7, 10, 12}. Features for
offspring 2 of2 is a combination of features from the
Bcommon^ set C = {2, 3, 6, 10, 12} and Bpart 2^ c2 = {4, 5,
9, 11} or of 2 ¼ C∪c2 = {2, 3, 4, 5, 6, 9, 10, 11, 12}.

When both the parent solutions do not have any common
features, all the features belonging to the parents will be in the
Bnon-common^ set. Then, the offspring solutions will be cre-
ated only from the set of the Bnon-common^ features. The
modification for both the offspring solutions compared with
the original parent features will be very significant.
Alternatively, when most of the features belong to the
Bcommon^ set, the modifications in the offspring solutions
will be minor. During the first iteration, when most of the
features are different, the search will be chaotic and random.
Near the end of the iterations, when most of the features are
common, the search will be focused on finding the optimal set
of features.

Modified Binary Mutation Operator

For solving the ADHD problem, a modified version of the
standard binary mutation operator has been integrated into
the FSGA. Most of the formal binary mutations operators
presented in the literature keep a normal distribution of bina-
ries 1 and 0 in the offspring solutions. This creates a signifi-
cant number of binary coefficient 1 in the offspring. A larger
set of selected features used to train the ELM classifier causes
significant performance loss compared with using a smaller
set. The proposed modified binary mutation operator picks
one parent solution randomly from the current generation i,
counts the number of binary coefficients of B1^ (N), and gen-
erates a new offspring solution with randomly allocated N
binary coefficients B1.^ Thus, the number of features in the
new offspring solution for the next generation remains the
same as compared with the parent solution.

Based on our studies, a combination of the proposed mod-
ified single-point crossover and binary mutation operators
shows better performance for ADHD classification compared
with other methods in the literature.

Extreme Learning Machine Classifier

ADHD diagnosis using ROI3 data is a three-class problem
involving thousands of features in a high-dimensional feature
space. The objective of any classifier is to approximate the
functional relationship between the features to their corre-
sponding class labels. In this study, a Gaussian activation
function is used in the hidden layer of an ELM classifier to
approximate the classification decision boundary. Selection of
ELM is mainly based on its training speed compared with

other classifiers. ELM is a single hidden layer feed-forward
neural network where the input weights are randomly
assigned and output weights are analytically estimated
[38–40]. The hidden neurons have randomly assigned bias
values and input weights. ELM provides a unified framework
to solve both regression and classification problems. The clas-
sification problem is defined as follows:

Given a training dataset with N samples, {(X1, c1),…, (Xt,
ct), …, (XN, cN)}, where Xt ∈ Rm are the m-dimensional input
features of t sample and ct∈ {1, 2, …, K} is it tth class label.
The coded class label yt is obtained using:

ytk ¼ 1; if ct ¼ k
−1; otherwise k ¼ 1; 2; :::;K

�
ð2Þ

The classification problem is that of approximating the de-
cision function (FELM) that maps the input features to the
coded class labels, i.e., FELM : x→ y. The neurons in the out-
ermost layers are linear, while the hidden layer neurons use the
Gaussian activation functions. ELM is used to solve the prob-
lem withm input neurons and K output neurons. However, the
performance of the ELM is dependent on the randomly chosen
centers and hidden neuron’s bias values, especially in an ap-
plication like the ADHD classification problem, where the
input feature dimension is large [37].

Single ELM and ensemble of ELM have been widely studied
recently [48–52]. Ensemble unifies a set of classifiers by using
either votes [52] or weights [50, 51]. Authors usually have to
solve two problems: (1) pick the best set of classifiers for ensem-
ble and (2) assign appropriateweights for ensemble. In this paper,
a classifier-selecting genetic algorithm is used to pick the best set
of classifiers for further ensemble and risk-sensitive cognitive
ensemble classifier approach to assign weights.

Next, we describe the region-based ensemble classifier.

Region-Based Ensemble Classifier

In a particular region, a union or ensemble of individual clas-
sifiers may produce a better classification performance com-
pared with a single individual classifier. Each classifier uses a
unique reduced set of features for training. It has been shown
in [41] that a combination (ensemble) of many base learners
trained using different sets of features results in better classi-
fication accuracies. The classification of the different subtypes
of ADHD and TDC needs more discriminative features for
accurate classification. Hence, in this section, we describe a
methodology for forming the region-based ensemble classifi-
er, which is an ensemble of ELM classifiers with their corre-
sponding selected features. The CSGA is used for selecting
the classifiers from a big pool, along with their discriminant
features. The ensemble of classifiers is formed using a risk-
sensitive loss function. In the following sections, both these
approaches are explained in more detail.

Cogn Comput (2019) 11:545–559 551



Classifier-Selecting Genetic Algorithm

The framework of CSGA is similar to that of FSGA. Instead
of the features that are used in FSGA, the CSGA uses a pool of
ELM classifiers (referred to an ensemble pool in Fig. 1) gen-
erated by HipC, AmyC, and CauC in the previous stage. All
generated ELM classifiers were unified together and ranked
based on their training accuracies. It was noted that the ELM
classifiers generated by HipC and AmyC have similar training
accuracies, whereas the accuracies obtained for CauC are rel-
atively lower. Next, all those ELM classifiers generated by
HipC, AmyC, and CauC producing accuracies in the range
of 55–62% are collected to form the ensemble pool of classi-
fiers. Thus, the Bensemble pool^ consists of 2148 ELM clas-
sifiers (see Fig. 1) and this includes 1045 ELM classifiers
generated by HipC (H = 1045), 1000 ELM classifiers gener-
ated by AmyC (A = 1000), and 103 ELM classifiers generated
by CauC (C = 103). These sets of ELM classifiers are then
used for each three of the region-based ensemble classifiers
for the hippocampus, amygdala, and caudate. For the final
fusion, the total ensemble pool of 2148 selected ELM classi-
fiers is used by the multiple-region ensemble classification
approach (MRECA).

Each of the three region-based ensemble classifiers uses its
own CSGA for searching for the best set of ELM classifiers
for further fusion. CSGA for HipEC creates a binary vector F
with 1045 binary coefficients, where binary coefficients B1^
indicate the chosen ELM classifier (similarly for the other two
classifiers). The selected ELM classifiers are then processed
and combined using a risk-sensitive ensemble classifier ap-
proach described below.

Region-based ensemble classifier selected 52, 45, and 41
ELM classifiers to build BHipEC,^ BAmyEC,^ and BCauEC,^
respectively. Fifty-two selected ELM classifiers of BHipEC^ use
922 features from the 6072 features of the hippocampus.
Similarly, 45 and 41 ELM classifiers of BAmyEC^ and
BCauEC^ use 766 and 823 features of the amygdala and caudate,
respectively. This is summarized in Table 2. Note that each ELM
classifier uses its own features set and some of the same features
may appear in the features sets of other ELM classifiers.

Risk-Sensitive Cognitive Ensemble Classifier Approach

The risk-sensitive cognitive ensemble classifier approach is
used to build a fusion of the ELM classifiers for the three
region-based ensemble classifiers (i.e., BHipEC,^ BAmyEC,^
and BCauEC^). This ensemble approach is using a modified
version of the approach proposed earlier by Sachnev et al. (see
[41]). A modified RSHL designed for multiclass classification
problems is presented below.

Risk-sensitive hinge loss (RSHL) error function enables an
efficient fusion of individual classifiers into one ensemble
group that yields improved classification performance. RSHL

for an ensemble classifier was earlier used in [41] for solving
complex classification problems where the traditional machine
learning techniques failed to correctly classify the data due to a
large number of features, sparsity, and imbalances in the data.
This problem arises in the case of ADHD data too.

In this paper, a modified version of the cognitive ensemble
approach developed earlier in [41] and herein referred to as the
risk-sensitive cognitive ensemble classifier, is used to diag-
nose ADHD accurately (Fig. 1).

In the ensemble part, each chosen ELM classifier is penal-
ized by the corresponding weight a (Eq. (5)). The sum of all
the penalized outputs of the chosen ELM classifiers is the final
output of the proposed risk-sensitive ensemble. The method
for computing the corresponding weights a is a key compo-
nent of any ensemble technique [41]. RSHL is used to com-
pute these weights in this study and a brief description of the
same is given below.

All the ELM classifiers in a pool contain the outputs ŷ,
which is a matrix with size 3 ×N, where N is the number of
training samples. H, A, and C are the number of ELM classi-
fiers for the three regions.

Let ŷ ¼ ŷhip∪ŷamy∪ŷcau is the set of ELM classifiers’ out-

puts selected byCSGA,where ŷhip = [ŷhip1 , ŷhip2 ,…, ŷhipH1
], ŷamy

= [ŷamy1 , ŷamy2 ,…,̂yamyA1
], and ŷcau = [ŷcau1 , ŷcau2 ,…, ŷcauC1

] are the

sets ofH1, A1, and C1 chosen ELM classifiers trained by using
features from ROI3. Assume that M1 = H1 + A1 + C1 then
a= [a1, a2,…, aM1 ] are the weights to penalize ELM models.

& Initialization:

& Generate initial weights randomly: a0 = [a01, a
0
2, …,a0M1

]

& Compute first initial ensemble classifier output as follows:

ŷ0 ¼ a01 ŷ01 þ :::þ a0l ŷ0l þ :::þ a0M1
ŷ0M1

ð3Þ

& Update weights:

& Update the weights using risk-sensitive hinge loss error
function (RSHL) as follows:

al ¼ a
0
l þ η∑3

i¼1e ið Þl ŷ ið Þl þ βδ ð4Þ

where

δ ¼ η∑3
i¼1e

0
ið Þl ŷ ið Þl þ βδ

0 ð5Þ

Here, η = 10−6 and δ = 10−7 are the learning rate constants, δ is
the adaptive factor for the current iteration, δ′ is the adaptive
factor counted in the previous iteration, a′ is the weights counted
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in the previous iteration, al is the weight of the lth classifier for
the current iteration and e(i)l is the error of the lth classifier for the
current iteration, i= 1, 2, 3 is the class counter, and ŷ ið Þl is the
output of the lth classifier in respect of the class counter.

& Compute the ensemble classifier output using updated
weights.

ŷs ¼ as1 ŷs1 þ :::þ asl ŷsl þ :::þ asM1
ŷsM1

ð6Þ

& Compute the overall training efficiency.
& Repeat step Bupdate weights^ until there is no perfor-

mance improvement during the last 100 iterations.

Thus, the ensemble of ELM classifiers realized as above is
our region ensemble classifiers BHipEC,^ BAmyEC,^ and
BCauEC^ which are better than each individual ELM classifier.

Multi-Region Ensemble Classifier Approach

Multi-region ensemble classifier approach (MRECA) is the in-
tegration of all the three region-based ensemble classifiers, where
all the available 2148 ELM classifiers are processed together in a
wraparound approach. Note thatMRECA does not use the ELM
classifiers chosen by the region-based ensemble classifiers
HipEC, AmyEC, and CauEC. The CSGA is again used in the
MRECA framework. It contains a binary string representation
vector F with 2148 binary coefficients, where binary coefficient
B1^ highlights the chosen ELM classifiers. Selected ELM clas-
sifiers are fused together by using the risk-sensitive cognitive
ensemble classifier approach. MRECA searches for the best set
of the ELM classifiers with the best overall testing and training
accuracies. The experimental results and performance evaluation
for MRECA are given in the next section.

Results

Performance Evaluation of MRECA and Discussion

In this section, the performance evaluation of the MRECA
approach for the diagnosis of ADHD and its subtypes is pre-
sented under three scenarios that were previously discussed.
In addition, we try to identify voxels in these three regions,
which might be responsible for affecting ADHD patients.

Scenario 1: Performance of Region-Based Individual Classifier
Region-Based Individual (Best) Classifiers Performance of
region-based individual (best) classifiers was arrived at for
each of three regions separately. The best possible single
ELM classifier results are shown in (Fig. 1) and Table 1.
The best ELM classifiers *ELMhip, *ELMamy, and

*ELMcau were trained based on selected best features *fship,
*fsamy, and *fscau that gave the highest classification perfor-
mance in that region. Table 1 presents these experimental
results and contains the confusion matrices along with the
overall testing and training accuracies for these classifiers.

ELM classifier for the caudate shows the lowest overall
classification accuracies of 57.05% for training and 50.88%
for testing. The best overall training and testing accuracy of
62.18% and 57.39%, respectively, is obtained for the hippo-
campus. Experiments involving the amygdala show an overall
training accuracy of 58.49% and testing accuracy of 56.8%.
Confusion matrices for all the three experiments show signif-
icant misclassification in all the three classes (Table 1). The
study in the hippocampus shows slightly better results com-
pared with the experiments in the amygdala and caudate.

Based on this study, it may be inferred that a single stand-
alone ELM classifier is not sufficient to classify ADHD sub-
types with higher accuracy.

Scenario 2: Performance of Region-Based Ensemble Classifiers
FSGA and a risk-sensitive hinge loss function (RSHL) were
used to build an ensemble of ELM classifiers for each of the
three regions (Fig. 1). Table 2 shows the experimental results
of Bregion-based ensemble classifiers^ for the hippocampus
(HipEC), amygdala (AmyEC), and caudate (CauEC) and in-
cludes confusion matrices along with their overall training and
testing accuracies.

Organization of Table 2 is similar to that of Table 1. For the
three regions considered in this study, the region-based ensemble
classifiers improve the overall training and testing performances
of ADHD classification by 12.52%, 14.06%, and 14.49% for
training and by 13.61%, 20.12%, and 17.16% for testing (com-
pared with the region-based individual best classifier),
respectively.

With the region-based classifiers, the confusion matrices
display significant improvements compared with the previous
experiments donewith individual classifiers.Misclassification
between classes is significantly reduced. Misclassification be-
tween TDC, ADHD-C, and ADHD-I is still significant in each
experiment. Similar to the region-based individual classifiers,
region-based ensemble classifier for the hippocampus
(HipEC) shows higher training and testing accuracies com-
pared with others. However, misclassification between classes
is still significant and needs further improvement.

Scenario 3: Performance of MRECA In this study, a fusion of all
the three brain regions-based classifiers is studied. Multiple
regions ensemble classifier is the combination of FSGA and
the ensemble classifier approach based on the risk-sensitive
hinge loss function (Fig. 1) for all of the three regions put
together. In this experiment, 2148 ELM classifiers have been
selected from the set of the single ELM classifiers generated
from scenario 1 for arriving at the ensemble.
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MRECA selected 39 ELM classifiers from the hippo-
campus, 25 ELM classifiers from the amygdala, and 10
ELM classifiers from the caudate to build an ensemble
classifier resulting in maximum training and testing over-
all accuracies.

The study results are presented in Table 3. Organization of
Table 3 is similar to that of Tables 1 and 2 except that it
presents the results only for the best multiple regions ensemble
classifier. MRECA significantly outperforms Bregion-based
individual classifier^ and the Bregion-based ensemble
classifier^ for the ADHD diagnosis. MRECA achieves a max-
imum overall training accuracy of 82.74% and a maximum
overall testing accuracy of 81.24%. MRECA obtains better
results compared with the Bregion-based single classifier^ by
25.25%, 25.69%, and 20.56% in terms of overall training
accuracies and by 24.44%, 30.36%, and 23.85% in terms of
overall testing accuracies for the three regions ROI3. MRECA
shows better results compared with Bregion-based ensemble
classifier^ by 11.73%, 11.63%, and 6.07% in terms of overall

training accuracies and by 10.83%, 10.24%, and 6.69% in
terms of overall testing accuracies for ROI3.

The confusion matrices generated with MRECA are shown
in Table 3. Misclassification between subtypes of ADHD
(ADHD-C and ADHD-I) is negligible. Only 7 ADHD-C
among 161 were classified as ADHD-I (see Table 3 BTraining
confusion matrix^). However, TDC samples are still
misclassified. Fifty-five TDC samples were classified as
ADHD-C and 64 samples were classified as ADHD-I.
Besides, 4 ADHD-C samples and 1 ADHD-I sample were clas-
sified as TDC samples. Similar observations can be made about
the experiment with testing samples. Misclassification between
all 3 classes for testing samples is slightly higher compared with
the experiments with training samples. BTesting confusion
matrix^ shows a similar imbalance between all classes.

Next, a study was undertaken to evaluate the improvements
obtained by the modified crossover and mutation operators in
CSGA along with that of a risk-sensitive ensemble classifier.
The results of the study are summarized in the next section.

Table 1 Experimental results for the best region-based individual classifiers

Brain region/best
classifier

ADHD
subtypes

Training confusion matrix Testing confusion matrix Training
accuracy (%)

Testing
accuracy (%)

Selected
features/all features

TDC ADHD-C ADHD-I TDC ADHD-C ADHD-I

Amygdala (*ELMamy) TDC 251 110 126 61 17 16 58 56.8 122/1050
ADHD-C 31 104 26 12 21 16

ADHD-I 11 11 89 5 7 14

Caudate (*ELMcau) TDC 252 129 106 53 25 16 57 50.9 101/3904
ADHD-C 26 106 29 19 19 11

ADHD-I 22 14 75 9 3 14

Hippocampus(*ELM) TDC 281 104 102 62 17 15 62 57.4 98/6072
ADHD-C 30 110 21 14 24 11

ADHD-I 20 10 81 10 5 11

The numbers marked in italics highlight the number of correctly classified samples for TDC, ADHD-I and ADHD-C

The '*' symbol indicates that the 'best' classifiers were trained based on selected best features

Table 2 Experimental results for the Region-based ensemble classifiers

Brain region/best
classifier

ADHD
subtypes

Training confusion matrix Testing confusion matrix Training
accuracy (%)

Testing
accuracy (%)

Selected features/all
features

TDC ADHD-C ADHD-I TDC ADHD-C ADHD-I

Amygdala (AmyEC) TDC 317 81 89 76 8 10 71 70.4 766*/1050
ADHD-C 9 123 29 14 27 8

ADHD-I 5 7 99 7 3 16

Caudate (CauEC) TDC 292 95 100 74 13 7 71.1 71 823*/3904
ADHD-C 8 142 11 10 32 7

ADHD-I 3 2 106 9 3 14

Hippocampus (HipEC) TDC 341 70 76 72 7 15 76.7 74.6 922*/6072
ADHD-C 10 137 14 6 38 5

ADHD-I 4 3 104 7 3 16

The numbers marked in italics highlight the number of correctly classified samples for TDC, ADHD-I and ADHD-C

The '*' symbol indicates that the 'best' classifiers were trained based on selected best features
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Effect of Risk-Sensitive Cognitive Ensemble Classifier
and Modified Operators in CSGA

For the CSGA, the maximum and average testing accu-
racies are expected to increase from one generation to
the next until the maximum is reached as illustrated in
Fig. 4 a. Results for a classifier-selecting genetic algo-
rithm with classical binary crossover (uniform cross-
overs) and bit inversion mutation is given in Fig. 4 b.
This shows minor improvement in the accuracies for
subsequent generations. CSGA, which is based on the
proposed modified single-point crossover and modified
binary mutation operator (Fig. 4 a). shows significant
improvement when compared with CSGA with the clas-
sical operators.

Performance evaluation of the risk-sensitive ensemble
classifier is given in Fig. 4 c. In this figure, the fusion
of the best MRECA, which are 39 ELM classifiers from
the hippocampus, 25 ELM classifiers from the amygda-
la, and 10 ELM classifiers from the caudate, is present-
ed. Risk-sensitive cognitive ensemble classifier starts
from a very low testing accuracy of 35% and steadily
and significantly improves until it reaches the maximum
accuracy of 81.24%. Overall training accuracy shows a
similar trend.

Performance Comparison with Other Existing
Methods

Many of the findings that use MRI data come from studies that
use a variety of data sets for different brain regions and apply a
wide range of analytical tools. This makes it difficult to analyze
and compare the results and draw meaningful conclusions
[53–55].

Only one study in the literature that uses ADHD-200 hippo-
campus data for a four-class classification problem has been
reported by Sachnev et al. (see [34]). In this work, the authors
combined the binary-coded genetic algorithm with a Meta-
Cognitive Neuro-Fuzzy Inference System (McFIS) to classify
TDC, ADHD-C, ADHD-H, and ADHD-I with a testing accura-
cy of 56%. Mahanand et al. classified 3 subtypes of ADHD
(ADHD-C, ADHD-H, ADHD-I) using a meta-cognitive radial
basis function network (PBL-McRBFN) coupled with chi2 fea-
ture selection technique [23]. Their method deals with the amyg-
dala and the cerebellar vermis brain areas. The authors reported
an overall testing accuracy of around 62%. Qureshi et al. [56]
proposed an ELM based classifier for three classes (ADHD-C,
ADHD-H, ADHD-I) with a reduced number of ADHD patients
(159 patients). The authors reported about 60.78% of testing
accuracy. Dai et al. [57] classified 3 subtypes of ADHD using
multi-kernel learning (MKL) with accuracy 54.1%.

Table 3 Experimental results for MRECA

Brain region/ensemble classifier ADHD
subtypes

Training confusion matrix Testing confusion matrix Training
accuracy
(%)

Testing
accuracy
(%)

Selected
features/all
featuresTDC ADHD-C ADHD-I TDC ADHD-C ADHD-I

Fusion of the amygdala, caudate, and
hippocampus (MRECA)

TDC 368 55 64 83 5 6 82.74 81.2 3498*/11026
ADHD-C 4 150 7 5 39 5
ADHD-I 1 0 110 6 3 17

The numbers marked in italics highlight the number of correctly classified samples for TDC, ADHD-I and ADHD-C

The '*' symbol indicates that the 'best' classifiers were trained based on selected best features

Fig. 4 a (left), b (middle) Generalization performance of the CSGA and c (right) generalization performance of risk-sensitive ensemble classifier
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The proposed MRECA has been tested using 3 classes
(TDC, ADHD-C, and ADHD-I) which is different com-
pared with other work done with ADHD data. Hence, a
direct comparison of our results with other projects in
literature is not possible. However, some comparative
results are shown in Table 4.

Statistical Analysis

In this section, we performed statistical tests with the
seven proposed ADHD diagnosis methods in this paper:
(1) 3 region-based individual classifiers for ELMhip,
ELMamy, and ELMcau, (2) 3 region-based ensemble clas-
sifier for HipEC, AmyEC, and CauEC, and 3) the mul-
tiple regions ensemble classifier MRECA. Results of the
t test are shown in Table 5.

t tests show a significant advantage of the multiple-region
ensemble classifier (MRECA) compared with the other six
methods. Pairwise t test measures the similarity in a couple
of classification methods. t test MRECA vs. other methods
show numbers close to 0, which indicates a significant differ-
ence in terms of classification performance, i.e., MRECA can
correctly classifymore samples comparedwith other methods.

Finally, t test indicates the importance of the ensemble hippo-
campus, amygdala, and caudate for more accurate ADHD
diagnosis.

Search for Voxels (Regions) Responsible for ADHD

As a continuation of the above studies, an attempt to evaluate
the impact of the individual voxels (the locations in the regions)
from the MRI images for the ADHD diagnosis is presented.

In general, ADHD research is based on a statistical analysis
of the MRIs of the subjects under study. Researchers try to
develop techniques which can identify the micro-regions of
the human brain (voxels) responsible for ADHD. In this study,
machine learning has been used for such an analysis. During
the training procedure, machine learning techniques accumu-
late the hidden knowledge about ADHD-200 in their network
structures. Thus, machine learning may efficiently classify
three types of ADHD patients and TDC. However, machine
learning techniques can not directly evaluate the importance
of features (voxels) used for training. Hence, a new machine
learning technique with the ability to evaluate the impact of
different features (voxels) is needed.

In this paper, MRECA has provided such a mechanism for
combining the feature selection technique and the machine
learning method (classifier) together. Such a combination
searches for an optimal set of features (voxels) for accurate
classification. This combination of feature selection and ma-
chine learning classifier can be a very efficient approach to
evaluate the impact of individual voxels for ADHD diagnosis.
In this new approach, ten multiple regions ensemble classifiers
with efficiencies closer to the maximum that can be achieved

Table 4 Summary of comparison of our performance with existing techniques

No. of classes Classifier Features Overall accuracies

Description No. of features Training (%) Testing (%)

PBL-McRBFN [29] ROI over the amygdala + the cerebellar vermis 7412 65.00 62.00

Three-class H-ELM [56] RFE-SVM over the whole brain 320 – 60.78

MKL [57] The whole brain – – 53.2

Three*-class MRECA FSGA over the hippocampus + the amygdala + the caudate 11,026/3498** 82.74 81.24

The 3-class classification includes ADHD-C, ADHD-H, and ADHD-I

The 3*-class classification includes TDC, ADHD-C, and ADHD-I

**features chosen by MRECA

Table 5 Pairwise t test for the
seven examined ADHD diagnosis
methods

ELMhip ELMamy ELMcau HipEC AmyEC CauEC MRECA

ELMhip x 0.2413 0.3522 0.777 0.3513 0.1784 0.052

ELMamy – 0.75 0.11 0.0141* 0.0138* 0.019*

ELMcau – 0.2398 0.0532 0.021* 0.0026*

HipEC – 0.3993 0.2452 0.0159*

AmyEC – 0.7075 0.3112

CauEC – 0.6547

MRECA –

*t test rejects the null hypothesis at the default 5% significance level
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have been used for a voxels impact analysis. Note that each
ELM classifier has been trained using an individual set of
voxels chosen by the FSGA.

TOP-10 classifiers unify the 39 ELM classifiers from the
hippocampus, 306 ELM classifiers from the amygdala, and 64
ELM classifiers from the caudate area. Voxels analysis is
based on counting the number of times when each voxel
was chosen by the FSGA in the set of 393 ELM classifiers.

Figure 5 maps back the more frequently occurring
voxels to the brain regions (1529 voxels from the hippo-
campus, 864 voxels from the amygdala, and 1098 voxels
from the caudate). The regions selected are responsible
for the attention, cognition, emotion, and sensorimotor
functions. Specifically, voxels from the amygdala play a
primary role in the processing of memory, decision-mak-
ing, and emotional reactions. Voxels from caudate nucleus

play an important role in various motor and non-motor
functions such as procedural learning, associative learn-
ing, inhibitory control of action, and reward system.
Voxels from the hippocampus play an important role in
the consolidation of information from short-term memory,
long-term memory, and spatial memory.

Conclusions

Currently, clinical diagnosis for early identification of ADHD
subtypes poses real challenges when the clinical criteria do not
fully meet or when there are comorbid conditions complicat-
ing the picture. In this paper, a multiple-region ensemble clas-
sification approach (MRECA) for an accurate ADHD diagno-
sis is presented. To improve the classification accuracy, two

Fig. 5 Discovered voxels responsible for ADHD in a the amygdala (green), b caudate (blue), c hippocampus (red), and d the consolidated view of voxels
marked for all three regions
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new methods for feature selection referred to as a feature-
selecting GA and a classifier-selecting GAwhich are used to
select the higher performing one from a collection of classi-
fiers have been developed. The feature-selecting GA has been
modified with an improved crossover operator and the muta-
tion operator to specifically handle the ADHD sub-
classification issues. For selecting the classifiers, a risk-
sensitive hinge loss function is used to form the cognitive
ensemble of classifiers. Performance of the proposed
MRECA approach is evaluated using the ADHD-200 consor-
tium data under seven different scenarios. Based on the stud-
ies, it is seen that the proposed multiple-region ensemble clas-
sification approach for ADHD diagnosis shows higher train-
ing (82.74%) and testing (81.24%) accuracies. The statistical
tests performed on the results show that MRECA does better
than other methods. Based on the selected features, the brain
regions most affected by ADHD have been identified indicat-
ing their importance for the early identification of ADHD. Our
studies clearly indicate that sMRI data from the three brain
regions, namely, the amygdala, caudate, and hippocampus,
can be used in unison to diagnose ADHD subtypes.
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