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Abstract—Alzheimer’s is progressive and irreversible type of dementia, which causes degeneration and death of cells and their

connections in the brain. ADworsens over time and greatly impacts patients’ life and affects their important mental functions, including

thinking, the ability to carry on a conversation, and judgment and response to environment. Clinically, there is no single test to effectively

diagnose Alzheimer disease. However, computed tomography (CT) andmagnetic resonance imaging (MRI) scans can be used to help in

AD diagnosis by observing critical changes in the size of different brain areas, typically parietal and temporal lobes areas. In thiswork, an

integrativemulitresolutional ensemble deep learning-based framework is proposed to achieve better predictive performance for the

diagnosis of Alzheimer disease. Unlike ResNet, DenseNet and their variants proposed pipeline utilizes PartialNet in a hierarchical design

tailored to AD detection using brainMRIs. The advantage of the proposed analysis system is that PartialNet diversified the depth and

deep supervision. Additionally, it also incorporates the properties of identity mappingswhichmakes it powerful in better learning due to

feature reuse. Besides, the proposed ensemble PartialNet is better in vanishing gradient, diminishing forward-flowwith low number of

parameters and better training time in comparison to its counter network. The proposed analysis pipeline has been tested and evaluated

on benchmark ADNI dataset collected from 379 subjects patients. Quantitative validation of the obtained results documented our

framework’s capability, outperforming state-of-the-art learning approaches for bothmulti-and binary-class AD detection.

Index Terms—Ensemble PartialNet, alzheimer disorder, dementia, early diagnosis
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1 INTRODUCTION

ALZHEIMER’S is an irreversible type of dementia, or a brain
disorder, that generally affects elder people. The major-

ity of people with Alzheimer’s disease (AD) are 65 and
older, which greatly impact the lives of the elderly. Recent
statistics showed that AD is considered as the 4th leading
cause of death followed by cardiovascular disease, cancer,
and stroke worldwide [1], [2]. Clinically, AD is a chronic
neuro-degenerative disorder caused by abnormal accumu-
lation of neurofibrillary tangles and amyloid plaques in the
brains of Alzheimer’s paitent. This gradually results in
decline and deterioration of patient’s cognition, mental and
memory, often referred to as senile dementia, which eventu-
ally lead to severe personality changes (e.g., writing, speak-
ing, reading, the ability to carry out the simplest tasks,
and other abnormal behaviour symptoms. This not only

imposes bad impacts on the daily-life tasks of patients, but
also demonstrates difficulties in the identification of their
family members.

AD progress through three stages: early, moderate cogni-
tive stage and late (see Fig. 1). Clinically those stages are
identified using a set of biomarkers, see Fig. 2. Early diagno-
sis of AD is referred as early AD onset. In 2022, about 6.5 mil-
lion Americans age 65 and older are living with AD and 55
worldwide with approximately 5% have early onset AD or
the so-called “younger onset” [4]. At this stage, mild mem-
ory, difficulties in planning, problem solving or finishing
daily tasks are the most common symptoms. Patients in the
moderate cognitive stage act very aggressively, but patients
in the late stage suffer from heart failure and death-causing
respiratory system dysfunction [5], [6]. Like other diseases
(e.g., Parkinson’s) AD has no cure. Nonetheless, there are
some treatments that can effectively change disease progres-
sion by temporarily slowing the worsening of the symptoms
and thus improve patients’ quality of life (See Table 1). Thus,
over the coming decades, AD will be a global challenge due
to the growing life expectancy of people.

Generally speaking, Alzheimer is a progressive disease
process from the onset of pathological changes to the appear-
ance of clinical symptoms. The AD diagnosis typically
include various testing methods, such as biomarker testing,
neuropsychological testing, and neuroimaging testing. The
definitive approach for AD diagnose is the postmortem
examination of the brain tissue. Nonetheless, various clinical
procedures and/or tests can be utilized to evaluate patients’
mental abilities, diagnose dementia, and to exclude other
conditions. Furthermore, specialized brain-scans, such as
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resting-state functional MRI (rs-fMRI), structural magnetic
resonance imaging (sMRI), computed tomography (CT) and
positron emission tomography (PET) are widely explored
for AD diagnosis as well as for follow-up of AD progres-
sion [8], [9], [10], [11], [12]. Those MR brain images can can
depict/capture brain structural abnormalities and abnormal
functions, see example in Fig. 3. Noninvasive neurodegener-
ative disease identification using brain images have shown
an exponential growth in recent years. Namely, computer-
aided diagnosis (CAD) systems utilizing brain images have

been extensively used as a supplement to improve brain dis-
order diagnosis [13], [14], [15]. This is coupled with recent
advances in machine learning (ML) and artificial intelligence
(AI) tools and data fusion to develop streamlined workflows
for improved diagnosis of Alzheimer and its prodromal
dementia stage, mild cognitive impairment (MCI), from the
normal controls (NC). In literature, various ML techniques
andmethods have been developed to identify neurodegener-
ative diseases, AD, based on brain imaging data diseases.
Particularly, deep learning (DL) methods, i.e., convolutional
neural networks (CNN), have been widely adopted in the
field of neurodegenerative diseases diagnosis [16], [17].
CNN has been found to be the most widely used and repre-
sented technique in most research work when it comes to
brain image processing and analysis. Practically, CNN uses
2D/3D brain images as the input and automatically learn
meaningful higher-level local and global features, thus elimi-
nating multiple measurement errors induced by the conven-
tional hand-crafted feature.

In general, the similarity of MR brain images between AD
and normal controls complicates the detection of AD.
Although several researchwork inMRI-basedAD diagnosing
exist, they focused on improving and altering multiple net-
work architectures or ensembledCNNmodels in order to pro-
vide high-accuracy AD diagnosis. Accordingly, In this paper,

Fig. 1. Graphical depiction of bio-markers as indicators of AD [3].

Fig. 2. Visual examples: Pattern of brain atrophy in different Alzheimer subtypes [7].

TABLE 1
Determining Alzheimer’s Symptoms

Early Mild Late

Alzheimer’s symptoms are mild and
characterized by general forgetfulness

Alzheimer’s symptoms are more disabling and
additional care my be required

Alzheimer’s symptoms are
significant and apparent

Symptoms
Forgets recently read material Delusions, compulsions or repetitive behaviour Significant personality and

behaviour change
Trouble organizing/planning Agitation, restlessness and anxiety Loss of ability to hold

conservatio0n
Forgets where valueables have been placed Need assistance with getting dressed Difficulty in moving and eating
Trouble in managing money Bladder and bowel issues Loss of Bladder and bowl

control
Forgets recent events, names and about own
identity

Trouble learning new things Lack of awarness of recent
activities

Trouble with challenging task at work Problem with reading and writing Highly suscepitible to
infections

Wanders and becomes lost in familiar places Sleep pattern disturbance Unable to do daily activities
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we present an integrative deep framework that possess ability
to provide robust and accurate AD diagnosis by highlighting
the structural similarity of AD image classes while maximiz-
ing the variance between classes. Particularly, the proposed
framework is based on multi-level structure that incorporates
a deep multi-resolutional ensemble PartialNet. Identity map-
pings and diversified depth properties are maintained at each
of the individual levels. For better feature representation, the
proposed architecture, integrates additional blocks, namely
deep supervision and transition blocks. Further improvement
of the gradient propagation as well as information flow, is
achieved by utilizing partial connectivity pattern by connect-
ing some (but not all) of its subsequent layers.

The major contributions of our work is five- fold: (i) an effi-
cient feature reuse for better learning by employing a Parti-
alNet architecture that limits the connection to its preceding
layers, compared with DenseNet that utilize each layer in a
CNN to all preceding layers, besides, we have created
ensemble bottleneck to force the network to learn different
level features (lower, intermediate and high level); (ii) A
multi-resolution ensemble is employed with block concept
to limit the skip connection within a block. This makes each
block behaves like a unique structure which makes it pow-
erful to contribute more to gradient magnitude compared to
its counter deep networks; (iii) To help in intermediate fea-
tures learning, the proposed architecture incorporates both
supervision as well as transition layers in each PartialNet
block; (iv) An enhancement of the gradient flow gradient
flow (in comparison to partially-dense path) by bounding
the paths in each block as well as creating bottleneck; and
(iv) Considerable gain in performance is achieved when
compared with benchmark AD diagnosis methods for both
binary, or two-level (i.e., AD-vs-MCI, MCI-vs-CN, AD-vs-
CN) and multi-class (CN, MCI, and AD) classifications
using AD neuroimaging initiative (ADNI) dataset.

This paper is organized as follows. The literature’s
related work is provided and discussed in Section 2. Sec-
tion 3.2 provides the detailed description of the proposed
analysis pipeline. This is followed by the experimental
results, system evaluation, and the comparison with state-
of-the-art methods in Section 4. In Section 5, a detailed
discussion of the presented results, observations and limita-
tions are provided. Finally, Section 6 provides concluding
remarks and suggested future directions.

2 RELATED WORK

The diagnosis of AD at early stage is extremely important
for possible treatment to delay disease progression to

advanced stages. In literature, many research work has
been developed and introduced in recent years in an effort
to provide early-stage diagnostic tools of AD This has been
supported by the exponential advances in ML techniques,
specially those based on deep learning (DL) algorithms. In
this section, we will overview different ML and DL-based
algorithms and methods introduced by the research com-
munity for AD diagnosis and classification employed in this
direction.

In the literature, various deep learning based algorithms
have been proposed recently to recognize and detect AD.
Particularly, A hybrid multi-class framework by Bhatkoti
and Paul [19] was introduced for early diagnosis of AD
using a modified k-sparse autoencoder (KSA) classification
to locate neutrally degenerated areas of the brain. Experi-
ments were conducted using 150 images for MRI scans as
well as CSF and PET images from ADNI study. The
reported results showed that modified KSA outperformed
zero-masking strategy and traditional KSA in terms of over-
all accuracy 83.143% accuracy for boosted pair predictors
with 100 classifier combinations compared to 71.327% for 50
classifier combinations. Saman et al. [20] introduced a DL
framework for AD diagnosis using 43 patient cohort (28 AD
and 15 NC) collected from ADNI dataset. Extensive analysis
steps including skull stripping, motion correction, spatial
smoothing, image registration and noise removal are
applied as preprocessing. Then, a DL model, called Le-Net,
is fed with the processed data and achieved a 96.85% classi-
fication accuracy. A similar framework by Mathew et al.
[21] processed a 151 subset of ADNI MR images (71 NC and
87 AD) for AD diagnosis. They applied several pre-process-
ing stages, including data cropping and resize, intensity
normalization, and reorientation. Feature extraction is con-
ducted using principal component analysis (PCA) and dis-
crete Wavelet transform (DWT) and a support vector
machine (SVM) is used classification. Their pipeline
achieved 91% (84%) accuracy for MCI versus CN (AD ver-
sus CN). Another approach by Iftikhar et al. [22] introduced
an ensemble-based pipeline to classify MCI and AD patient
cohort. The ensemble classifier was fed by both volumetric
cortex and cortical thickness features. The framework ana-
lyzed a total of 180 patients (60 NC, 60 AD, and 60 MCI)
and achieved specificity, sensitivity, and classification accu-
racy of 91.66%, 92% and 89% respectively. A deep 3D CNN
for AD diagnosis by Asl et al. [23] employed convolutional
auto encoder (CAE) for local feature extraction from 3D
skull-stripped and spatially normalized brain data. Then,
fine-tuned transfer learning is utilized to identify AD
patient on ANDI from CAD Dementia data set. The pipeline
evaluation were carried out on CAD Dementia data set
using a 210 patient cohort: 70 for each CN, MCI and
AD class. The study documented that the fine tune tech-
nique demonstrated significantly better performance and
achieved a CN versus AD classification with a 97.6% accu-
racy. Farooq et al. [24] examined different DL methods for
multiclass AD classification on ADNI data sets. Particularly,
ResNet-152 and ResNet-18, and GoogLeNet architectures
are used to analyze a four-cohort patient group containing
22, 33, 45, and 449 cases for LMCI, AD, CN, and MCI,
respectively. Experimental evaluation showed that GoogLe-
Net showed marginal performance (98.8% accuracy)

Fig. 3. Examples of sMRI showing brain atrophy patterns for (a) normal
cognitive (CN); (b) mild cognitive impairment (MCI), and (c) an
Alzheimer’s disease (AD) subject. Adopted from [18].
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compared with ResNet-18 and ResNet-152 (98.01%, and
98.14% respectively). Using brain MRIs, a simple and effec-
tive method by Backstorm et al. [25] was proposed to detect
AD, which is called 3D ConvNet architecture. Their analysis
contained a series of preprocessing steps, such as cortical
reconstruction, edge trimming, data resizing, and intensity
normalization. Followed by an automated features extrac-
tion from the prepossessed images using the 3D ConvNet.
A total of 340 experimental data was gathered from ADNI
dataset, which included 1190 MRI scans of 199 AD patients
(96 female and 103 male) and 141 NC (66 female and 75
male) and achieved 98.78% AD accuracy. An fMRI-based
framework was introduced by Kazemi and Houghten [26]
to differentiate between AD patients at different disease
stages. The analysis started with preprocessing of the
images including brain extraction, spatial normalization,
slice timing correction, spatial smoothing, and high-pass fil-
tering. Finally, AlexNet architecture is utilized for classifica-
tion using a total of 197 subjects to differentiate between
five-classes patients: CN, AD, late MCI (LMCI), early MCI
(EMCI) and subjective memory complaints (SMC). A similar
data split scenario to [25] was employed during experi-
ments and the system achieved an overall accuracy of
97.63%. Moreover, the perclass accuracies for EMCI, LMCI,
AD, CN and SMC were 95.64%, 95.89%, 94.97%, 98.34% and
94.55%, respectively. A hybrid transfer leaning-based tech-
nique by Ghahnavieh et al. [27] was proposed to detect AD
using MRIs from collected from ADNI dataset. Their
method integrated both CNN and recurrent neural network
(RNN) to better consider the association between the MRI
slices. The CNN is used as a feature extractor while the
RNN is utilized to infer the relationship between slices,
which showed an overall improvement of the diagnostic
performance. Recently, Zhang et al. [1] developed a DL-
based classification framework using MR and PET brain
images. Their strategy included stacked autoencoder (SAE),

a regression layer of softmax, and minimal labeled learning
samples. The framework is tested on a cohort of 311 ADNI
neuroimaging subjects (65 AD, 67 converter MCI, 102
non-converters MCI (ncMCI), and 77 NC). The results docu-
mented a 88.58% and 47.42% accuracies for binary for 4-
class classification, respectively. A hybrid multimodal
approach by Ju et al. [28] for diagnosing Alzheimer patient
integrated both textual and imaging (MRI) data. Textual
information include age, gender, and genomics data and
are used to find prevalence between MCI and age, gender,
and ApoE. The analysis is conducted using a patient cohort
from ADNI-2 dataset (91 MCI and 79 NC). Preprocessing of
the data is performed using the method in [29]. A similar
study using fMRI data and correlation coefficient (CC)
using various ML algorithms (e.g., SVM, KR, LDR, and AE)
demonstrated a performance gain for accuracy, sensitivity,
andspecificity. Particularly, 86.47%, /92%, /81% using
SVM. The results showed that CC could be used to enhance
the diagnostic performance. More recently, Ashraf et al. [30]
investigated multiple pre-trained CNNs backbones for the
classification of CN, MCI and AD. The performance of thir-
teen well-known architectures are assessed and compared
using augmented data of ADNI dataset. Experimental
results reported that the DensNet architectures demon-
strated the highest accuracy (99.05%) using 5-fold cross vali-
dation scenario. In this study, the the authors investigated
the freeze features of multiple CNN architectures [31].

3 PROPOSED ALZHEIMER DIAGNOSIS FRAMEWORK

A schematized diagram in Fig. 4 shows the proposed frame-
work for AD detection using MRI. The pipeline is an inte-
grative DL architecture that integrates multi-resolutional
ensemble PartialNet, which is incorporate to enhance the
predictive performance for AD diagnosis. The input or DL-
based ensemble architecture is a subset of ADNI MRI data

Fig. 4. Schematic diagram of the proposed ensemble pipeline, which consists of three blocks network of and n number of PartialNet.
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sets. Our framework include preprocessing, multi-resolu-
tional features extraction, ensemble learning, and classifica-
tion. Section 3.2 briefly describes the components of deep
partial Net architecture. The developed system has the
capability to provides both binary and multi-class classifica-
tions. Before any data analysis is performed, the input
images are preprocessed to help in targeting the region-of-
interest (ROI). This is followed by the actual stage of multi-
resolution features extraction and classification. Next, a full
description of all the stages of preprocessing sand deep
multi-resolutional ensemble learning are detailed.

3.1 Prepossessing

Before any data analysis, we applied different preprocess-
ing techniques to further enhance the input data and
improve the performance. First, the rawMR images are con-
verted into 1-channel image of different sizes followed by
resizing and and cropping of an image in order to discard
the white regions and thus enhance the quality of extracted
image. Furthermore, ROI extraction is performed which
determines the extreme points in the contours along with x,
y-coordinates. Beside, several data augmentations are per-
formed to reduce the possibility of overfitting during train-
ing. Popular augmentation including, illumination, zoom-in
and zoom-out, horizontal and vertical flipping, rotation
(900, 1800 and 2700) are employed. In total, the reprocessing
stage results in significant increase in dataset size to 37,590.

3.2 Cascaded Partial Deep Network

In general, the deeper the DenseNet, i.e., the increased
dense block, the more exponential increase in computa-
tional. This also results in large number of network parame-
ters that need complex optimization. Compared to the
DenseNet architecture that utilize each layer in CNN to all
preceding layers, a deep multi-resolutional PartialNet is
proposed. The developed architecture incorporates identity
mapping in a way that it does not impact the performance.
Besides, it also diversify the depth and deep supervision as
well; thus, it implement reuse of features, which in turns
produces better representation for the input. To further
improve the performance and converge to the expected out-
put, we limit the structure of proposed framework to blocks
assisted with supervision block and transition block fol-
lowed by ensemble of PartialNet unit in each block, which
helps the PartialNet to not only learn high level or interme-
diate level features but also low level features.

Furthermore, depth (layers) does not contribute to the
propagation of gradient and act like ensembling of the same
network. Beside to DenseNet and ResNet, PartialNet consist
of path with different length, as a result PartialNet contrib-
utes more towards the gradient. To further deal with chal-
lenges mentioned earlier, in this work, the concept of block
level ensembling is added that limit the skip connection
within PartialNet by forcing it to block level i.e., we have
utilized mulit-resolution policy. Thus, every block in our
network behaves like a unique structure and contribute
more to the gradient magnitude than deeper networks.
Moreover, length of residual path plays important role to
magnitude of gradient. As we have limited the skip path in
each block, thus, we have better gradient flow in

comparison to partially DenseNet and ResNet. PartialNet is
based on DenseNet; thus PartialNet is aided with reuse of
features, which at the end able to learn better feature repre-
sentation. Fig. 4 schematizes the proposed analysis pipeline.
As readily seen, partially connectivity within each block
and bottleneck at each block improve the flow of informa-
tion. Moreover, such structure alleviates the vanishing gra-
dient problem.

Our multi-resolutional ensemble architecture consists of
three networks (Fig. 4) each of those networks consists of
four blocks. Individual blocks consist of three consecutive
layers: a partially connected dense layer, a supervision
layer, and a transition layer. Finally, we concatenated the
features from each block to create the bottleneck, which
enforces the network to learn better features. Compared
with densely connected layer, partial connectivity is intro-
duced instead. As a result, the proposed architecture tangi-
ble impact will be four fold

� network parameter reduction
� better feature learning
� reducing over fitting
� improving information flow.
The latter is achievedbydirectly connecting some of subse-

quent layers in the block and finally concatenating the feature
map after each block by creating bottleneck, i.e., feature map
received at lth layer from blockBi simply receive the informa-
tion from the earlier layers l� 1=2 from same block (Fig. 4).
Finally, features form each Partialnet are concatenated as a
output of block for input to next block.

Pj
l ¼ Hj

l ð½Pj
0;P

j
2; . . . ;P

j
l�2�Þ: (1)

Here “þþ” denotes the concatenation of different Partiale-
Net (Pj), Hj

l represents composite non-liner transformation
which consist of batch normalization, ReLU (leaky rectified
linear unit) and convolution 3� 3� 3. As discussed earlier,
we have created block of smaller size, where in each block.
each layer (li) receives the information (features) from its
preceding layers (ln). ½x0; x1; â; xl�1� represents the connec-
tivity of all previous layers (l� 1) to single tensor.

Unlike DenseNet and its varaints, the PartialNet block
consist of partial connectivity of earlier layer. The layers in
PartialNet consist of set of 1� 1� 1 and 3� 3� 3 convolu-
tion followed by bottleneck of different PartialNet though
supervision and transition layers that consist of 1� 1 and
3� 3 convolution for supervision and transition block of
BN, 1� 1 convolution and 2� 2 pooling which filters out
the information as well as forces the PartialNet to learn
intermediate features as well as low level features. Every
PartialNet component of multi-path block J process the
information with different depth and scale. We have added
the bottleneck and concatenated the features at block level.

Pi ¼ Pj
1 þþxj2 þþ � � � . . .:þþPj

n (2)

P ¼ P0 þþP1 þþP2 þþ . . .þþPn: (3)

Where P is the concatenated features from each block, Pj
i

is the output of jth PartialNet, and n is the total number of
ensemble PartialNets in each block.

In tradition DenseNet, a layer takes input from all its
earlier layers, which results in network multiplicity to 2nk,
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however, multi-residual network has far less connection.
In comparison to both ResNet and DenseNet, PartialNet
block has average skip connection (Ens ResNet < Ens
PartialNet < EnsDenseNet).

Growth rate, k, of the PartialNet architecture is an impor-
tant hyperparameter that controls the the rate at which
layer’s size in individual blocks grows. It particularly acts as
a regulator to control information flow between successive
layers. For instance, when k ¼ 16 a filter size of 16 is used at
each layer in individual block. During our experiments,
smaller k showed enhanced performance and thus more effi-
cient information transfer between layers. Additionally, the
bottleneck layer (1� 1 convolution) is introduced before
each 3� 3 convolution in each block to reduce the input fea-
ture-maps as in Lodhi et al. [32]. The ensemble of mulitreso-
lutional PartialNet is performed after each block.

4 EXPERIMENTAL RESULTS

The proposed architecture has been evaluated on MRI brain
data obtained from the ADNI database. [33] ADNI is multi-
site longitudinal study with the main purpose to support
active research for the diagnosis of AD at the early stage of
MCI through the integration of various biomarkers. Particu-
larly, clinical, imaging (e.g., MRI and PET), genetic, and bio
specimen biomarkers are collected for that purpose. The
datasets (ADNI, ADNI 2, ADNI 3, and ADNI GO) includes
1800 females and males subjects. In our work, we collected
T1-weighted structural MR images for a cohort of 379 sub-
jects (197 male and 182 female). The collected subjects con-
tained 146 NC, 138 MCI, and 95 AD. Since each subject in
the ADNI database has multiple MR scans collected at

different times, in this study the minimum and maximum
scan number for the selected subjects are 3 and 15, respec-
tively. Summary of study cohort statistics is given in
Table 2.

The proposed pipeline is implemented using MATLAB
programming environment. All experiments of the pro-
posed PartialNet architecture were conducted on a
machine with NVIDIA RTX5000 GPU. Various experiments
were performed using different system parameter, i.e.,
block sizes, multiresolution networks, and growth rates.
The network is trained from input data for 70 epochs with
each epoch consisting of 32 batches. We employed the sto-
chastic gradient descent (SGD) optimization method for
training and a 10-fold cross strategy has been utilized in
our experiments.

In this work, several known classificationmetrics are used
for the performance evaluation. The first is the accuracy,
which is a basic evaluation metric, which calculates how
much an instance class is correctly predicted by a given
model in the validation set. Additional metrics are used, such
as sensitivity and specificity, and are defined respectively as

ACC ¼ TN + TP

TN+TP+FN+FP

SEN ¼ TP

TP+FP

SPE ¼ TN

TN+FP
; (4)

where TN, TP, FP, and FN represent true positive, true neg-
ative, false negative, and false-positive, respectively. In
addition to quantitative metrics, network performance is
qualitatively evaluated using accuracy/loss graphs against
the number of epochs. In the training phase, loss of training
and testing and also the loss of validation data.

Another quantitative evaluation is performed using the
confusion matrix. The confusion matrix is very helpful to
examine which classes, if any, were being misclassified
more. Confusion matrices are not just useful in model eval-
uation but also model monitoring and model management.
Additional indices can be measure from the generated con-
fusion matrix that includes the precision, F1-score, and
recall. Generally, both confusion matrix and related metrics
are used together for the assessment/evaluation of classifi-
cation models. Furthermore, the ablation study of proposed
pipeline is also performed using similar multi-DenseNet
fusion with partially and fully connected blocks for fair
comparison.

Evaluation was performed on the publicly available
ADNI dataset, using the multi-resolutional ensemble archi-
tecture. The advantage of the proposed multi-resolutional
ensemble architecture is highlighted by comparing it
against other networks for AD diagnosis. For all networks’
training, the SGD method is used and other network hyper-
parameters, including the learning rate, weight decay, and
Nesterov moment are set to 0.1, 10�4 and 0.9, respectively.
Additionally, the learning rate is reduced by 10% factor at
both 50% and 75% of the training epochs. Finally, we set the
number of ensemble PartialNet are set to 3 (3x3, 5,5, 7x7)
and the number of blocks to 4.

Framework evaluation is performed for both both binary
classification and multiclass classification. First, binary

TABLE 2
Study Dataset Details

Class Number of
Cases/M/F)

# Scans

Alzheimer’s disease (AD) 95/44 m/51f 1,425
Mild cognitive impairment (MCI) 138/66 m/72f 1,021
Cognitive normal (CN) 146/87 m/59f 1,479

Multiresolution Architecture

Class DenseNetPartialNet Ensemble
PartialNet

MCI versus AD versus
CN

AD 96.77 97.87 98.06
MCI 97.43 98.74 99.13
CN 94.43 97.31 98.01
Overall 96.72 98.23 98.65

CV versus AD AD 76.43 85.11 85.44
CN 83.22 88.65 88.57
Overall 80.11 87.11 87.92

MCI versus AD AD 95.98 98.43 99.29
MCI 97.23 99.87 99.86
Overall 96.65 99.26 99.47

MCI versus CN CN 95.23 100 100
MCI 97.43 100 100
Overall 96.77 100 100

“M” and “F” stand for male and female, respectively
MCI: mild cognitive impairment; AD: Alzheimer’s disease, and CN: cogni-
tive normal
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classification is considered to differentiate subjects among
different categories (i.e., MCI versus CN, AD versus CN,
and MC versus AD). The summary of obtained results are
given in Tables 3 and 4. As readily seen in the Tables 5 and
4, our proposed framework showed significantly higher
performance in comparison to its counter network. Beside
the accuracy, we can also observe that proposed framework
has significantly less computational and space complexity.

To obtain better network and parameters, several experi-
ments have been performed. Table 5 describes the ablation
studies for both binary and multi-class problem of the pro-
posed architecture and compare with DensNet and other
state of the art network. We can observe that performance of
proposed framework is degraded if we add the supervision
and transition block within PartialNet, thus we have added
during bottleneck. We can observe that our framework
showed better performance in comparision to DenseNet,
ResNet and our earlier network [36]. It may be due to the bot-
tleneck after each block and ensemble of different PartialNet,
besides, DenseNet and ResNet have path of different length,
while we enforces the limitation of skip paths i.e., we not
only enforces the skip connections in each block but also cre-
ated bottleneckwhich results in better gradient flow.

5 DISCUSSION

Alzheimer’s disease (AD) is the most common cause of
dementia and it is a slowly progressive brain disease, which
starts many years before the emergence of the associated
symptoms. Recent statistical data showed that an estimated

6.2 million Americans age 65+ are living with AD today [45].
Like other fatal diseases, early detection of the onset of AD
can be help in the diagnosis, evaluation, and the develop-
ment of treatments that slow or stop its the progression.
Thus, automated systems that utilize patient data (including
imaging, clinical, genetic, etc) could be valuable decision
support tools for AD detection and could give significant
downstream follow-up/treatment implications.

For that reason, we have developed a deep learning (DL)
system for the detection of AD. The proposed DL has been
validated experimentally on benchmark dataset of brain
MR images, which contains three classes: NC, MCI, and
AD. The proposed analysis system utilized a novel multi-
resolutional ensemble PartialNet model, which possesses
multiple advantages over dense networks, including (1) effi-
cient feature reuse for better learning, (2) utilized the block
concept to limit the skip connection within a block, which
makes each block not only behaves like a unique structure
but also contributes more to gradient magnitude than
deeper architectures; and (3) incorporate supervision and
transition blocks in each PartialNet block.

Developing an architecture for AD detection with high
detection accuracy is our ultimate goal. Thus, in this study
we have conducted several experiments in order to thor-
oughly evaluate our system’s performance. This has been
performed using various widely-used classification metrics,
such as precision, recall, accuracy and F1-Score, area under
the ROC. Additionally, data augmentation (i.e., rotation,
zoomming, flipping) has been applied before being fed into
the proposed architecture to prevent overfitting during net-
work training. This results in an increase of the overall num-
ber of database images to 37,590.

As the results demonstrate, the proposed multi-resolu-
tion ensemble PartialNet structure documented a consider-
able gain in classification performance in comparison with
benchmark approaches for both binary, or the two-level
(e.g., AD-MCI) and multitclass (AD versus MCI versus CN)
classifications using Alzheimer’s disease neuroimaging ini-
tiative (ADNI) dataset. Further, our results showed higher
detection performance in comparison to state-of-the-art
(SOTA) DL-based methods. Particularly, results’ evaluation

TABLE 3
Comparison With SOTA DNN-Based Literature Systems for the Identification of AD Using ADNI Dataset

Study Tehnique Modality Classification Accuracy (%)

Backstrom et al. [25] 3D-ConvNet MRI 2 way 98.41
DenseNet Multiresolution Ensemble MRI 2 way 97.45
Gorji et al. [34] pseudo Zernike moments MRI 2 way 95.69
Hon et al. [35] Transfer Learning MRI 2 way 96
PartialNet [36] Multiresolution Ensemble MRI 2 way 98.82
Ensemble PartialNet Multiresolution PartialNet Ensemble MRI 2 way 99.05
Tong et al. [37] NGF PET+MRI+CSF 3 way (NC, MCI, AD) 60.2
Suk et al. [38] DW-S MTL PET+MRI+CSF 3 way (NC, MCI, AD) 62.93
Gupta et al. [39] SAE MRI 3 way (NC, MCI, AD) 85
Hosseni et al. [23], [40] DSA-3DCNN MRI 3way (NC, MCI, AD) 94.8
Lui et al. [41] SAE-Zeromask MRI+PET 4 way (NC, AD, cMCI, and neMCI) 53.8
Farooq et al. [24] GoogleNet MRI 4 way (NC, AD,MCI, and LMCI) 98.88
Farooq et al. [24] ResNet-152 MRI 4 way (ANC, D,MCI, and LMCI) 98.14
Kazemi et al. [26] AlexNet MRI 4 way (CN, AD,SMC, EMCI, and LMCI) 97.63
PartialNet [36] Multiresolution Ensemble MRI 3 way (MCI,AD and CN) 98.23
Ensemble PartialNet Multiresolution PartialNet Ensemble MRI 3 way (MCI, AD, and CN) 98.46

TABLE 4
Comparative Analysis (Accuracy) of Various SOTA on ADNI
(Baseline) With 813 (187 AD, 228 NC, and 398 MCI) Subjects

– CN versus AD MCI versus AD

Hon and Khan [35] 84.14 82.26
Wang et al. [42] 79.93 76.86
Snapshot Ensemble [43] 54.93 68.02
Ensemble Transfer [44] 85.27 83.11
PartialNet [36] 87.11 99.26
Ensemble PartialNet 87.92 99.38
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of PartialNet and DenseNet are summarized in Table 5. As
shown in the Table, our system compared with DenseNet
achieved a binary-classification accuracy of 100%, 99.38%,
and 85.32% for MCI versus CN, MCI versus AD, and NC
versus AD, respectively. While DenseNet showed 96.72 %,
80.11 %, and 96.65/97.76%, respectively, for the same binary
tasks. We can also notice that Ensemble PartialNet multi-
classification results (NC versus MCI versus AD) is 98.46%
accuracy (both system sensitivity and specificity are 98+) in
comparison with a 96.72% obtained using the DenseNet
ensemble. It is worth mentioning that, the comparison of
the proposed system with its counterpart DenseNet used
same set of parameter and ensemble framework.

Furthermore, comparison with SOTA benchmark
approaches on ADNI data sets are given in Tables 3 and 4.
As evident from the presented results, the proposed ensem-
ble PartialNet considerably outperformed all compared
approaches. As readily seen, our system using ensemble
PartialNet showed higher performance for both binary and
multi-class classification for AD diagnosis. We can observe
the gain in performance in terms of all parameters (accu-
racy, specificity, and sensitivity). Our proposed framework
showed 99.11/99.23/97.54 sensitivity in comparison to Arfa
et al. [24], Gupta et al. [46], and Hossein et al. [40] 98/97/
97, 96/74/88, 100/80/47 sensitivity, for (AD/MC/NC)
respectively. We can observe from the results that proposed
framework has shown promising and consistent behaviour
by achieving the sensitivity, specificity and accuracy above
98.24%, 98.02% and 98.46%, respectively. The higher perfor-
mance can be explained in part by the fact that our ensemble
PartialNet architecture follows a simple connectivity and
forces the network to extract low, middle and high level fea-
tures of features.

To this end, we can summarize the advantage of ensem-
ble PartialNet framwork as: it showed considerably better
generalization than its counter/parent networks; it incorpo-
rate the properties of identity mappings and diversified the
depth through bottleneck after each block that forcest the
network to extract low, mid and high level features, besides,
it help the network to considers the feature reuse; the partial
connectivity in each block help to deal with vanishing gradi-
ent and diminishing the forward flow with better training
time as well as much lower number of parameters. Experi-
ment on ADNI dataset showed considerable improvement
in diagnostic performance both multiclass and binary class
problem. Based on our experiments, we have the following
key observations:

� the concept of block followed by bottleneck forces
the network to extract low, mid and high level fea-
tures and contributes more to gradient magnitude.

� The size of PartialNet and number of blocks depends
upon the problem. For large datasets consisting of
complex image may requires larger PartialNet blocks
and more number of blocks.

6 CONCLUSION

In sum, we have presented a mulit-resolutional ensemble
architecture tailored to AD detection using brain MRIs.
By observing the reported experimental results, we can
conclude that an the proposed multi-resolution ensembel

PartialNet network showed considerably better generali-
zation than DenseNet, the parent network. Our future
pan is to explore group equivariant PartialNet to aid
translations, reflections and rotations capability. Beside,
we also plan to explore diver prediction to understand
biological relevance that will help to observe the disease
progression. Further, multi-input data fusion including
other imaging types (i.e., PET) and clinical markers is
another venue for our future work. This multi-input data
system will help in providing more comprehensive
markers (images as well as clinical) that can help physi-
cians for more appropriate personalized treatment. In
addition, to highlight our model, we will try to test our
model with different and more diverse data sets.
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