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Abstract — Our society's longer lifetime is a double-edged
sword that results in a rise in people with neurocognitive
disorders, with Alzheimer's disease being the most common.
New techniques for the early diagnosis of neurocognitive
diseases with the aim of avoiding or minimizing cognitive
decline are made possible by advancements in medical
imaging and computer capability. For patients with moderate
cognitive impairment, which is occasionally a symptomatic
stage of Alzheimer's disease dementia, computer-aided
picture analysis and early identification of changes in
cognition is a potential strategy. Deep learning can be applied
to neuroimaging data in order to predict whether patients with
mild cognitive impairment might develop Alzheimer’s
disease dementia or remain stable. The datasets which is
mainly used for such studies are the OASIS database with
some exceptions. We will consider this database to generate
results for gaining prediction accuracy which can be
compared with other state of art algorithms to prove our point.
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. INTRODUCTION

Alzheimer is one of the deadly diseases that is growing in
number in patients above age of 60. The food habits and
longtime medicines intake is creating the problems of
neurogenic problems. Artificial intelligence has touched
almost all industries in one or the other way. Machine
learning in the early detection of disease can help save lives.
Approaches to detection are majorly based on symptoms,
different types of medical reports, doctor’s prescriptions and
diagnoses. Patients having minor symptoms need such
techniques to avoid major problems.

Machine learning is proved to be a useful approach
to making the healthcare field craftier. The process of early
detection of disease is explored by machine learning
specialists and explorers. Alzheimer's is one of the rapidly
growing diseases among all. There are estimated results of
Alzheimer's patients to grow over 57.4 million in 2019 to
150.8 million by 2050. These numbers may increase and
because of that its required to predict it well in advance to
minimize the risk of getting it even worse.

Alzheimer's objection is brought about by both
heritable and natural elements, which influence the mind of
an individual over the long run. The heritable changes ensure
an individual will raise this complaint. It happens to
individuals over age 65. Notwithstanding, individuals live
with this problem multiple times, and around 1 in 8
individuals old enough 65 and over have this problem.
MMSE (Scaled down Mental State Examination) score is the
fundamental boundary utilized for a prescience of the
objection. This score diminishes intermittently assuming the
individual is influenced. Those individuals having MCI have

serious difficulty developing anger and uneasiness. When the
key MCI brings about a deficiency of memory, the
circumstance hopes to develop madness because of this sort
of state. Alzheimer's damage is not reparable. When it arrives
at a higher state, inconveniences like unhealthiness,
dehydration, and different type of infection happen which
prompts death. The assessment at the MCI stage will assist
the individual with concentrating on a sound way to deal with
life, and great intention to fare thee well from cognitive
decline. It tends to be viewed as a modern presumption of the
entire series of incidents which can be specified to the
beginning and back to the type of its creativity.

A dynamic neural-based framework called a
convolutional neural network aids in the possibility
prediction of Alzheimer's disease. By grouping layers and
hidden layers, which often flows by activation layers, it helps
to reach accurate prediction goals. It is thought to be quite
similar to the human brain and is intended to anticipate
outcomes using both data and pictures. CNN procedures are
applied with data from MRI, PET, CT, and blood results after
an Alzheimer's diagnosis. Neuroimaging data is used by
recurrent neural networks, which feed the outcome back into
the network. RNN can handle both text and video data; the
best method to use for generating results relies on the type of
data that was collected and analysed.

Convolutional Neural Network is a neural based
dynamic framework that helps in predicting Alzheimer’s
possibilities. It helps to achieve accurate prediction goals by
grouping layers and hidden layers which typically flowed by
activation layers. It much likely resembling human brain
which is proposed to predict results based on data and images
both. Alzheimer’s diagnosis followed by multiple reports like
MRI, PET, CT and blood reports data are used with CNN
processes. Recurrent Neural Networks use neuroimaging data
that feeds the result back into the network. RNN works with
text and video type data, it depends on type of data collected
and processed that which technique is more applicable to
generate results To predict the ludicrously high likelihood of
certain events occurring in dynamical systems constructed, a
learning technique is suggested. However, CNN is an
expensive company. In this test, we provide fundamental Al
computations and techniques that outperform the outcomes
produced by convolutional brain organisation.

Il. PROBLEM STATEMENT

— There is a substantial difference between the rate of
control objects and that of patients.

— The specificity and sensitivity of results over
neuroimaging data with machine learning are above
average but not satisfactory.

— Symptoms of memory loss and other cognitive
disabilities development ratio is to be measured to
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improve results time by time among Alzheimer’s
patients.

— Applying a neural network is time-consuming and costly
in comparison to other techniques of ensemble learning

I11. OBJECTIVES

To see the best Pre-Trained Architecture model with the
highest level of accuracy and with the optimal
hyperparameter state. The true challenge is to build an
automated system which equals the human ability to
recognize the disease. Humans are quite good at identifying
the disease but only after it has crossed the initial phase. The
primary focus is on developing a new approach that helps in
the early detection of Alzheimer-related behavioural
variations among patients with improvement of accuracy to
make it more human-friendly. Another objective is to apply
the proposed approach to captured data to classify the
disorder between Alzheimer's, dementia, autism and
depression.

IV. LITERATURE REVIEW

Ana G. S&nchez-Reyna et al and team. has proposed to
generate a multivariate classification model that combines
different type of features for the detection of Alzheimer. The
ADNI database is studied for measuring the progress. Genetic
algorithm is used to select the best subset of features where
kernel based SVM-is used for binary classification purpose.
The results are compared forward selection method to a
fivefold cross validation. The results are performed on 80-20
division of data in training and testing purpose. To imitate a
real-world setting, the final model's performance was
assessed using cross-validation and a blind test. The cross-
validation model was trained and tested using 80% of the
FDS dataset (see Table 4), while the blind test model was
trained using just 20% of the dataset. 80% of the FDS dataset
was used, while the remaining 20% of the unseen data was
used to validate the results. The ADvSMCI/CN-m1 SVM
model was chosen as the final model to classify AD vs. MCI
/ CN. In the blind test, the sensitivity and specificity were
both 100 percent. The importance of both validation and
verification. The model appears to be stable based on the
metrics. The ADvsMCI/CN-m1 has over 900 features.

Sivakani. R et al have contributed to the present
preprocessing of the data set, feature selection, feature
extraction with Expectation-Maximization (EM) and
classification. Preprocessing is applied to SES and MMSE
fields with missing values and generated optional values.
Feature selection techniques are used with “ best first search
algorithm” which is a greedy search algorithm. Classification
is performed with a gaussian-based linear regression model.
This combination of different techniques has inspired us to
amalgamate the best of the available algorithms to generate
better results over the same dataset.

Martinez-Murcia et al. (3) utilizes profound
convolutional autoencoders to investigate information
examination of AD. Information driven decay of MRI
pictures permits us to extricate MRI includes that address a
person's mental side effects along with the hidden
neurodegeneration process. A relapse and order examination
are then performed to look at the conveyance of the separated

highlights in a wide assortment of blends, and the impact of
each direction of the autoencoder complex on the mind is
determined. MMSE or ADAS11 scores, alongside imaging-
determined markers, can be utilized for more than 80%
precision to anticipate AD determination.

The proposed algorithm was performed on OASIS
samples and 92.5% accuracy was attained using a novel
technique named MSVM. Reddy et al.[7] using equilibrium
transformation function and biographical optimization
techniques to repossess and recognize features in MRI
features. By using a six-fold cross validation method on 64
neural photographs, they have achieved 100 per cent
precision. In AD and NC patient's data sets, Sudarshan et al.
[9] increased function recovery and collection performance.
They used the grey scale matrix and voxel based
anthropometric analysis to distinguish sets of vectors. Set of
data reliability of 92.86% is calculated in the ADNI datasets.
Support Vector Machine is effectively used to classify
distinguishable and anti-data classification. In challenging
conditions where data is inseparable in structure, it has used
kernel based SVM classifier for multi class grouping of data
where it chooses features with higher value dependencies.

V. METHODOLOGY

In this article, we present a CNN-based approach to
categorise AD patients and CN controls using MRI coronal
slices covering the medial temporal lobe. On two independent
populations with various ethnic backgrounds and educational
levels, we trained and verified our algorithm. No matter the
racial or demographic makeup of the individuals,

experimental findings show that our algorithm is quick and
capable of high accuracy.
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Fig. 1: MRI sequences from which the longitudinal dataset

VI. DATASET

Dataset is used from longitudinal MRI data from Open
Access Series of Imaging Studies. OASIS-2 is the latest
release in the Open Access Series of Imaging Studies
(OASIS) that is aimed at making neuroimaging datasets
freely available to the scientific community. This data set
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comprises of a longitudinal assortment of 150 subjects
matured 60 to 96. Each subject was filtered on at least two
visits, isolated by no less than one year for a sum of 373
imaging meetings. For each subject, 3 or 4 individual T1-
weighted MRI examines got in single sweep meetings are
incorporated. The subjects are OK given and incorporate all
kinds of people. 72 of the subjects were portrayed as
nondemented all through the review. 64 of the included
subjects were portrayed as crazy at the hour of their
underlying visits and remained so for ensuing sweeps,
incorporating 51 people with gentle to direct Alzheimer's
sickness. One more 14 subjects were portrayed as
nondemented at the hour of their underlying visit and were in
this manner described as deranged at a later visit. Clinical
Dementia Rating (CDR) is observed where = 0 represents
cognitively healthy population.

Age Age at time of image acquisition (years).

Gender Gender (M or F)
Education Years of education
Socioeconomic status as assessed by the
Hollingshead Index of Social Position and
SES classified into categories from 1 (highest
status) to 5 (lowest status) (Hollingshead,
1957)
Mini-Mental State Examination score (range
MMSE is from O [worst] to 30 [best]) (Folstein,
Folstein, & McHugh, 1975)
Clinical Dementia Rating. (0 = no dementia,
CDR 0.5 = very mild AD, 1 = mild AD, 2. =

moderate AD) (Morris, 1993)

Atlas scaling factor (unitless). Computed

scaling factor that transforms native-space

ASF brain and skull to the atlas target (i.e. the

determinant of the transform matrix)
(Buckner et al., 2004)

Estimated total intracranial volume (cm®)

eTiv (Buckner et al., 2004)
Normalized whole brain volume, expressed
as a percent of all voxels in the atlas-masked
nwWBV image that are labeled as gray or white

matter by the automated tissue segmentation
process (Fotenos et al., 2005)

Table 1: Measures included in the data set.

CDRO CDR 0.5 CDR 1
Number 86 51 13
Female/male 60/26 21/30 7/6
Age 758+82 | 748+6.3 | 75.7+8.7
ge.y (60-93) | (62-90) | (61-96)
Education, y 152+27 | 13.6+28 | 14.0+3.2
' (8-23) (6-20) (8-20)
29.1+£0.8 26 £3.1 23.0+£3.3
MMSE (27-30) | (17-30) | (19-30)
- 29+2.1 32124 25124
Prescriptions, n (0-9) (0-11) (0-7)
Systolic BP 1355+ 1435+ 1434 +
mmHg : 20.3 (98- | 19.4(118- | 24.9 (90—
192) 188) 188)
Diastolic BP, 1322'?510_ 77.1+£10.1 | 76.9+9.2
mmHg '100) (58-98) (60-88)

Repo”;f HBP, 54.6 46.0 53.3
Diabetes, % 9.3 14.0 13.3

Table 2: Sample characteristics of subjects.

VIl. EXPLANATION OF PROPOSED FLOW

In the proposed flow, the Oasis data is first observed and
cleaned. Alzheimer's disease is thought to be caused by the
abnormal build-up of proteins in and around brain cells. One
of the proteins involved is called amyloid, deposits of which
form plaques around brain cells. The other protein is called
tau, deposits of which form tangles within brain cells.

A. Data Pre-processing

Python library is used for exploratory visualization of missing
data. The first step was the identification of missing values.
Very few values missing in SSE and MMSE columns in
OASIS longitudinal dataset. So those records are filled with
median value to ease the classification task of this dataset.

B. Label encoder

The process of encoding is required to convert text data into
machine readable format which is mostly numeric. It’s an
important preprocessing stage that ensures proper data
processing in supervised learning.

C. CNN-LSTM approach

Input

CNN
Model

A 4

LST
Model

Output

CNN is specifically designed for sequence predictions. It is
hybrid approach that is built by mixing different systems of
deep learning. In this design, feature extraction from input
data is done using Convolutional Neural Network (CNN)
layers, and sequence prediction is done using LSTMs on the
feature vectors. In essence, CNN LSTMs are a subset of deep
models that straddle the fields of computer vision and natural
language processing. They are both geographically and
temporally deep. These models have a tonne of promise and
are being utilised more frequently for a variety of challenging
tasks, including text categorization, video conversion, and
other similar ones. Here is a general CNN LSTM model
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architecture. Followed by feature extraction, this proposed
model gives comparatively better results.

The data is read from image database with pillow
library into a data vectors. The new data frame than further
analysed to display size and type of image. To understand the
data clearly, a plot is displayed which classifies values of
demented (suffering of dementia) and non-demented (not
suffering from dementia) with images with patient’s name or
gender. This first level analysis is important to decide the next
phase of processing of data. Next the images are added to
deep learning process. Two convolutional layers, each with
64 filters, are used to create the 1D CNN model. The kernel
size is set to 3, which specifies the length of the 1D
convolution window and the length of the stride as 1. The
max-pooling layer down samples the feature maps of the
convolution layers with a window size of 2 for the max-
pooling layer. The outputs of the max-pooling layer are
flattened before being fed into a fully linked layer with a soft-
max layer that is followed by a dense layer with a ReLU

activation function.
architecture.

Figure 3 depicts the 1D CNN's

VIIl. RESULTS

The loss and accuracy for LSTM approach trained on OASIS
dataset is achieving 80% accuracy even though at some point
it is overfitting. Further accuracy can be achieved if applied
with Principal Component Analysis or other regularization
method Matplotlib is used to plot data in graphs. Assessment
of early detection of Alzheimer's infection (AD) is a key to
its counteraction or easing back the movement of the
sickness. Previous reports on risk factors for AD normally
uses measurable correlation tests or stepwise choice with
relapse models. For the best accomplishment (eg. accuracy of
analysis), particularly when the possibility factors are
enormous, complexity is realized of AD improvement.
Evaluating method of Alzheimer’s disease is done by using
the metrics below:
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Classification of gender-based patient data to analyse it for Alzheimer’s Alzheimer’s
affected demented rate and non-demented rate Alzheimer’s Disease - Disease -
Sensitivity = TP/ TP + FN (Number of true positive Disease Cognitively Alzheimer’s
assessment)/(Number of all positive assessment) Normal (FP) Disease (TN)

Specifcity = TN/TN + FP (Number of true negative
assessment)/(Number of all negative assessment)
Accuracy = TN+ TP /TN + TP + FN + FP (Number of correct

assessments)/Number of all assessments).

Cognitively Alzheimer’s

normal Disease
Cognitively Cognitively

Cognitively Normal - Normal -
normal Cognitively Alzheimer’s
Normal (TP) Disease (FN)

f1-scor support

All rights reserved by www.ijsrd.com 181



Primitive Identification of Alzheimer’s Disease Using Machine Learning: A Generalized Approach with Deep CNN-LSTM Network

(IJSRD/Vol. 11/Issue 4/2023/040)

Pradictad label

Result of confusion matrix generated for CNN classification
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Result of confusion matrix generated for SVM classification

The same learning-based models have been also
used with the OASIS dataset. For classification, we compare
the results provided by the selected machine learning models
using OASIS dataset. As it is illustrated in the above table,
the best accuracy values have been provided by the logistic
regression classifier and Kk-nearest neighbours with
respectively, 93.00% and 93.83%. Whereas, the lowest
accuracy value has been given by the SVM classifier with
90.91%. Considering both Parametric and non-parametric
approach by comparing logistic regression with k-NN we
have considered both advantages and disadvantages of these
approaches. Being strong assumption of data the
disadvantage of logistic regression algorithm and k-NN could
be more complex to assume k sometimes, we have received
stable results in both the approaches with the proposed
approach.

IX. CONCLUSION

The proposed research is aimed to detect early stage of
Alzheimer’s. Multiple factors like age, gender, medical
conditions are considered to reach to the decision. This
research has measured conditions mentioned in table 3 to
make decisions about Alzheimer’s stage. If the result is near
1, there are less chances of Alzheimer’s where the results
nearby 0 are having major risk of having Alzheimer’s. For
performance measurement we have applied confusion matrix.
Accuracy of the given model is 93% approx. which is found
to be promising while comparing with state of the art
techniques. Where there are three classes with CDR values as
0.0, 0.5 and 1.0 is evaluated for predicting results. In future
we are planning to apply neural network classification with
convolutional neural network (CNN) to compare the results.
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