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Alzheimer’s disease classification using MR Brain images based on SVM Algorithm
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Abstract

Introduction: Nowadays, Alzheimer's disease (AD) is one of the worldwide health issues. Clinicians utilize Magnetic
Resonance Brain imaging as one of the key biomarkers for AD diagnosis. Early-stage detection could prevent the high
progression of the disease. The study aimed to create a machine learning model for predicting patients who are under an
early stage of Alzheimer’s disease (AD) which were consisting of late mild cognitive impairment (LMCI), early mild cognitive
impairment (EMCI), and cognitive normal (CN) for patient aged 65-75 using 3DT1-weighted MR Brain imaging based on
Support Vector Machine (SVM) classification. Methods: The imaging data were acquired from the Alzheimer’s Disease
Neuroimaging Initiative consisted of 61 LMCI patients, 95 EMCI patients, 92 cognitive normal subjects. There were three
main steps of this work including 1) data preprocessing, 2) features extraction, and 3) algorithm classification. The first two
steps were performed using FreeSurfer software to normalize the imaging data and extract features of interest. The final
step was algorithm classification and algorithm training with three binary classification groups (CN vs. LMCI, CN vs. EMCI,
and EMCI vs. LMCI) with feature selection training methodology based on F1-score, three classification models in total.
Results: The CN vs. LMCI classifier achieved a 0.79 AUC value with 73.86% of accuracy. Meanwhile, the CN vs. EMCI
classifier achieved a 0.64 AUC value with 59.89% of accuracy, and the EMCI vs. LMCI classifier achieved a 0.67 AUC
value with 66.67% of accuracy. Conclusion: Our findings indicated that the proposed SVM classification models
succeeded to classify and predict Alzheimer’s disease progression for CN vs. LMCI, EMCI vs. LMCI, and CN vs. EMCI
ordered by its prediction performance from high to low, respectively. Importantly, we emphasized that MR Brain imaging

might be a potential biomarker for an early-stage Alzheimer’s disease diagnosis.

Keywords: Alzheimer’s Disease, Mild Cognitive Impairment, SVM Algorithm, T1-weighted MR image

Introduction is trending to be more severe proportion in the
According to the journal of the Alzheimer’s future global population.
association 202 1 reportm, population aging is a Alzheimer's disease is one of the various types
global phenomenon. Every country is experiencing of neurodegenerative disease. It is mainly one of
a high growth rate of elderly in its population. the symptoms of Dementia syndrome. The signs of
There were 6.2 million persons aged 65-year-old or Alzheimer’s disease are similar to overall signs of
older in United State. The problem is an increase of Dementia syndrome such as memory loss,
prevalence in the counting and proportion of uncontrol emotional expression, some physical
patients under Alzheimer's disease to normal ability, language problem, etc. Alzheimer’s disease
cognitive condition people, especially with people is also a degenerative disease which means that
aged older than 65-year-old. The percentage of the progression of the symptoms becomes worse
people with Alzheimer's dementia is increasing over time. It is thought to begin 20 years or more
when compared with the report in 201 9l by age: before symptoms arise'' ). The Alzheimer’s disease
3.0% becomes 5.3% in 2021 of people aged 65-74, is caused by non-effective synapses and
17.0% reduces to 13.8 percentages of people aged uncommunicable synapses between neurons in the
75-84, and 32.0% becomes 34.6% of people age human brain®’. The accumulation of the abnormal
more than 85 have Alzheimer’s dementia condition protein fragment called ‘Beta-amyloid’ and protein
which means the prevalence of Alzheimer’s disease tau (tau tangles) happened in various areas in the
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brain to induce abnormal synapsem.

The level of
beta-amyloid and protein tau on some areas of the
brain and neurons was significantly increased

starting around 20 vyears before noticeable
symptoms were expected to developm. Glucose
metabolism of those areas began to decrease up to
18 years before expected symptom onset, and
brain morphological atrophy began with a period up
to 13 years before expected symptom onset'”.

There are three overall stages of Alzheimer’s

disease consisted of preclinical Alzheimer’s
disease, mild cognitive impairment (MCI), and
Alzheimer’s dementia stagem].

According to the Alzheimer's Association

report, there is no single test for Alzheimer’s
dementia detection". In current practice, obtaining
a medical and family history from the individual,
asking family members, conducting cognitive tests
or neurologic examinations are part of the clinical
examinations for diagnosis. Whereas one of the
biomarkers for diagnosis and advancing research is
using radiological modalities for detecting the
changing of brain morphology using Magnetic
Resonance Imaging (MRI)[Z]. Nowadays, the term
“Big data” and Artificial Intelligence (Al) is trending.
The large storage of medical information can be
beneficially used and analyzed with the help of Al
In the medical imaging field, there is a term of
‘Computer-Aided Diagnostic’ (CAD)m that brings
the concept of Machine learning model which is a
sub-type algorithm in Al to use for computer-based
diagnostic on the medical imaging information'”.
There are related works using the concept of
machine learning and deep learning for Alzheimer’s
disease staging prediction that provided a great
disease

performance on the  Alzheimer’s

prediction[gw.

This study aimed to create classification models
based on a machine learning algorithm which was
focusing on the early stage of Alzheimer's disease
progression. Moreover, we brought the concept of
feature selection in order to improve our reliability
of training features, and to maximize the model
prediction performance. Thus, this study aimed to

create a machine learning model for supporting a

Msa1sSIdmaiia
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prediction of patients under an early stage of
Alzheimer’s disease (AD) which were consisting of
late mild cognitive impairment (LMCI), early mild
cognitive impairment (EMCI), and cognitive normal
(CN) for patient aged 65-75 yrs using T1-weighted
MR  Brain
Machine (SVM) classification algorithm.

imaging based on Support Vector

Methods

In this work, the overall study and algorithm
training was divided into three main steps for
machine learning model building including 1) Data
acquisition, 2) Computer-Aided diagnostic for
LMCI, EMCI, CN classification and 3) Output and
model performance evaluation. The details were
described as follows.

Data acquisition

With an inclusion criterion, this study acquired
clinical imaging from the patients aged 65 to 75-
year-old who had T1-weighted MR Brain Imaging.
Data obtained from The Alzheimer's Disease
Neuroimaging Initiative' *' — an online database of a
longitudinal multicenter study including imaging
to AD
researchers around the world. The details of data

which has made major contributions
selection have details as shown in Table 1.

Moreover, with an exclusion criterion, we
excluded the image with poor image quality such as
the appearance of the artifact on T1-weighted MR
Brain image, for the instant, wrap-around artifact,
poor signal from magnetic field (By) susceptibility,
and non-uniformity images.

In addition, the MRI protocol scanning with a
repetition time (TR) was 2300ms, echo time (TE)
time (TlI) 900ms.

dimensions were 1.200 mm x1.015 mm x 1.015mm.

3ms, and inversion Voxel

All images were acquired using 8-channel head

array receiver coils. MRI feature extraction and

normalization
[14

atlas were performed on all

images | The example of data collections based

on disease progression showed in Figure 1.
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Table 1. The demographic of datasets from ADNI in this work.

Demographics of ADNI Datasets

Clinical Number of Patients Average Age (year)
Diagnosis Male Female Total Male Female P-value
LMCI 29 32
61 70.75 70.85 0.82
(47.54%) (52.46%)
EMCI 48 47
95 70.91 69.37 0.01*
(50.53%) (49.47%)
CN 31 61
92 71.00 70.357 0.30
(33.70%) (66.30%)

Note: 1) Range of all patients in this work were 65-75 years-old, 2) Independence sample T-test was used with alpha 0.05 as the

statistical analysis tool

Table 2. T1-weighted MR Brain images extracted features by FreeSurfer.

T1-weighted MR Brain images: 38 extracted features by FreeSurfer

1. Left lateral ventricle

6. Left Caudate

2. Left Inferior

Lateral ventricle
7. Left Putamen

3. Left Cerebellum
White matter
8. Left Pallidum

4. Left Cerebellum 5. Left Thalamus
cortex proper
9. Third Ventricle 10. Fourth Ventricle

11. Brain Stem 12. Left Hippocampus 13. Left Amygdala 14. CSF 15. Left Accumbens
area
16. Left Ventral 17. Left Vessel 18. Left Choroid plexus  19. Right Lateral 20. Right Inferior
diencephalon ventricle Lateral ventricle
21. Right Cerebellum 22. Right Cerebellum 23. Right Thalamus 24. Right Caudate 25. Right Putamen
White matter cortex proper
26. Right Pallidum 27. Right 28. Right Amygdala 29. Right Accumbens 30. Right Ventral
Hippocampus area Diencephalon
31. Right vessel 32. Right choroid 33. Optic Chiasm 34. Corpus Callosum 35. Corpus Callosum
plexus posterior Mid posterior
36. Corpus Callosum 37. Corpus Callosum 38. Corpus Callosum

central

mid anterior

anterior

Process of computer-aided diagnostic (CAD)
There are three main steps to create the

machine learning models including 1)

and 3)

Classification for T1-weighted MR Brain images.

Preprocessing, 2) Feature extraction,
The steps of CAD in this study are described as
follows.

The first step, preprocessing, is the most
important. It started from the input for training the
algorithm by the normalized data collection and
provided a proper image quality, great positioning
for the patient’s brain (no rotation), and no artifact
affected on the image. Acquired T1-weighted MR
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Brain images which included the scanner non-
uniformity correction, at this point of preprocessing
the volumetric analysis performed using freely
available FreeSurfer software!'”. We may have to
correct the effect from the B1 bias field from
conventional MRI scanners which mostly included
this effect. In the process of FreeSurfer software
pipeline , the intensity normalization was performed
after B1 bias field correction by the ‘mri_normalize’
function which converts the original brain volume
into normalized white matter volume, Then, the
correction of  gradient

inhomogeneity  was

performed afterward which related to the different

Volume 46, No.1:2021
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techniques of scanning in each institute (slick

thickness or length of scan dependent), non-
uniformity correction for different region-pixel of
signal in the image, bias field correction happened
with the old MRI instrument that has large magnetic
field susceptibility!'”".

The second step was the feature extraction
using FreeSurfer. This step of work was registering
the obtained T1-weighted MR Brain images with the
MNI  Average (305 MRI)
Registration Model or ‘MNI305’ template“s]. Then,
the B1 the bias field will be

processed. The output of the estimated field will

Brain Stereotaxic

estimating for

show the intensity for the overall voxel on the

imaging plane. After that, the intensity of each
voxel will be automatically divided individually by
MNI305
The
system detected the skull plane and surrounded

estimating edge from the previous

template with B1 estimating calculation.
structure to remove the skull out of the imaging
plane. Afterward, the voxel of the classified ‘White
matter’ area in the brain was defined. Finally, the
intensity gradient between the area of grey matter
and the cerebrovascular fluid (CSF) were defined
to focus on the structure of interest to be
extracted. The illustrated mentioned MR Brain

feature extraction steps are shown in Figure 2.

Figure 1. Example of T1-weighted MR Brain images collection in this work with CN subject, EMCI patient, LMCI patient

image from left to right.

 Show n o pane

v

Volume registered with the MNI305

v

The B1 bias field is estimated

v

The intensity at each voxel is divided

v

The skull is stripped

v

Voxel are classified as WM

v

Follow the intensity gradients
between the gray matter and CSF

Figure 2. The result of cortical surface extraction of T1-weighted MR Brain image (left) and step of features extraction by

using FreeSurfer.

The list of T1-weighted MR Brain
extracted features from FreeSurfer, 38 features in

images

total which were considered as the relative volume

Msa1sSIdmaiia
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of structure based on the individual intracranial
volume (ICV) of a subject, are shown in Table 2.
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The final step was the classification. This
study used the concept of binary classification for
the supervised learning technique as suggested by
current literature that preferred the effectiveness
of using binary classification over multiclass
classification approaches. Besides, the Support
vector machine (SVM) is suitable to a binary
than

problems”a'm. The features were selected by using

classification scenario rather multiclass
F1-score for feature selection methodologym]. The
top-ten features which have the highest ranking F1-
score were used for iterative training”m. Then, the
group of selected features which provided the
highest  prediction  performance in  each
classification group were used to train the binary
classification model individually (CN vs. LMCI, CN
vs. EMCI, and EMCI vs. LMCI). By the way, each
feature was calculated the relative volume of

structure based on the individual intracranial
volume (ICV) of a subject before passing through
the classification process.

In this work, the MATLAB R2020a was used
with  classification

machine learning algorithms including the SVM

learners provided various
algorithm which was the proposed method in this
study. The setting parameter for all classifiers in
this 10-fold

automatically optimized

study was cross-validation,
regularization (C)
parameter,  automatically ~ optimized = gamma
parameter, and grid-search technique applied using
linear, medium

quadratic, cubic, fine gaussian,

gaussian, and coarse gaussian kernel.

Interpretation of model performance

All model's performance (CN vs. LMCI, CN vs.
EMCI, and EMCI vs. LMCI classification model)
were evaluated by interpretation tools of diagnostic
ability for a binary model classification. The main

tool for evaluation was the receiver operation
characteristic (ROC) curve by integrating the area
under the ROC curve or AUC™”. Other tools were
used for interpretation consisted of the accuracy,

and the Matthews
21]

sensitivity, specificity,

correlation coefficient (MCC)[

The Thai Journal of Radiological Technology
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Results

The
algorithms was evaluated for predicting the patient
with
progression from CN, EMCI,

results of three SVM classification

Alzheimer's  disease
and LMCI with
mentioned interpretation tools. The results of each

diagnosed early

model and discussion were represented as
following. To get the top three classification
algorithms for each group in this work, we designed
a process of features selection from all of 38 T1-
weighted MR Brain image features to obtain the
most predictive performance list of features of
group. The

features’ was used to define the group of high

each classification term  ‘ranked
prediction performance features for each group.
The prediction performance based on F1-score was
listed by the first ten ranked features which are
shown in Table 3.

Each classification was trained using iterative
training with adding one more feature for the next
iteration in order. The performance of iterative
feature selection training with the first 10-rank T1-
weighted MR Brain features were shown in Figure
3. The results from iterative T1-weighted MR Brain
the best
performance of each classification with AUC
values: 0.79 (73.8% of accuracy), 0.64 (569.9% of
accuracy), 0.67 (66.7% of accuracy) for CN vs.
LMCI, CN vs. EMCI, and EMCI vs. LMCI,
The plots of the AUC of the ROC
curve (false positive rate: x-axis, true positive rate:

feature selection training provided

respectively.

y-axis) were shown in Figure 4.
Additional
interpretation

additional
in Table 4.
According to Table 4, the data was sorted from

performance  with

tools were shown

highest to lowest classifier performance based on
AUC, accuracy, and sensitivity ranging from CN vs.
LMCI classifier, EMCI vs. LMCI, to CN vs. EMCI,
respectively. It could be referred to the complexity
of the challenge of each classification group.
Meanwhile, CN vs. EMCI classifier had a higher
LMCI
specificity. The reliability of the model (MCC) went

performance than EMCI vs. classifier in

in a similar direction with AUC. Hence, we achieved
the best classification model with a 0.79 AUC value
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for CN vs. LMCI prediction, the first runner-up with
0.67 AUC value for EMCI vs. LMCI prediction, and
the second runner-up with 0.64 AUC value for CN
vs. EMCI prediction. The details of each trained
model were described as follows.

The model for CN vs. LMCI prediction (0.79
AUC value) was trained with 8 extracted features
of T1-weighted MR Brain images which consist of
Left inferior lateral ventricle, Right hippocampus,
Right amygdala, Right inferior lateral ventricle, Left

lateral ventricle, Left amygdala, Left hippocampus,
and Right lateral ventricle. The model for EMCI vs.
LMCI (0.67 AUC value) was trained with 3
extracted features from T1-weighted MR Brain
images which were Right amygdala, Right
hippocampus, and Left hippocampus. The model for
CN vs. EMCI (0.64 AUC value) was trained with
only one extracted feature from T1-weighted MR
Brain images which was the Left inferior lateral
ventricle.

Table 3. F1-score of features in each classification group of T1-weighted MR Brain features.

T1-weighted MR Brain image: First 10-rank features based on F,-Score

Feature Classification groups
Rank CN vs, LMCI CN vs. EMCI EMCI vs. LMCI
Left Inferior Lateral Ventricle Left Inferior Lateral Ventricles Right Amygdala
1 (0.781) (0.672) (0.759)
Right Hippocampus Right Inferior Lateral Ventricle Right Hippocampus
2 (0.780) (0.651) (0.755)
3 Right Amygdala Left Hippocampus Left Hippocampus
(0.774) (0.609) (0.751)
Right Inferior Lateral Ventricle 3" Ventricle Right Inferior Lateral Ventricle
4 (0.770) (0.591) (0.741)
Left Lateral Ventricle Left Amygdala Left Inferior Lateral Ventricle
° (0.765) (0.564) (0.741)
Left Amygdala Right Hippocampus Right Accumbens area
° (0.761) (0.537) (0.732)
. Left Hippocampus Left Choroid Plexus Left Putamen
(0.757) (0.516) (0.718)
Right Lateral Ventricle Left Accumbens area CSF
8 (0.750) (0.453) (0.713)
Left Accumbens area Left Thalamus Proper Right Cerebellum Cortex
° (0.738) (0.402) (0.713)
. 3" Ventricle Corpus Callosum Central Right Pallidum
(0.734) (0.229) (0.685)
Table 4. Classifier performance with interpretation tools.
Trained models Sensitivity Specificity
AUC Accuracy (%) MCC
(Classifiers) (%) (%)
CN vs. LMCI 0.79 73.86 73.64 74.42 0.44
CN vs. EMCI 0.64 59.89 56.20 70.00 0.23
EMCI vs. LMCI 0.67 66.67 69.72 59.57 0.27
1MsaEssIAInAtaA 75 Uil 46 aufuii 1
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Discussion

According to the overall steps and results of
this study, there were some limitations of work that
could be improved. The details of each aspect were
In this work, the dataset had
imaging data for algorithm

described as follows.
been acquired the
training from a single database, ADNI. The model
was trained by the morphological or structural of
the northern American patients (the USA and
Canada). So, the input images for the feature
extraction process may take a discrepancy of
transforming the imaging data dimension into the
volumetric data dimension because the original
template of FreeSurfer, MNI305, was established
with the western patients (European were the most
proportion of dataset)m].

The age length of designed study (65 to 75-
years-old, 70.80 years of average) could be one of
the performance reducing points because they
were unmatched with the MNI305 atlas design
(23.4+4.1 =,
subjects in this work was limited and not large

years-old) The number of training

enough to achieve desired SVM prediction
performance because we obtained patient data
who aged 65-75 with 92 cognitive normal subjects,
95 early mild cognitive impairment patients, and 61
late mild cognitive patients, 248 subjects in total.
This  study
unbalanced number of labeled data in each group

recruited data with a small and
especially the group of late mild cognitive patients.

To improve the machine learning algorithm
performance, labeled data should be at least 80 to
560 to achieve mean average and root mean
squared error below 0.01%.

In this study design, the SVM algorithms with
grid search technigue may not provide the best
prediction performance for the overall three binary
classification problems due to the fuzziness of data
dimension across each binary classification. To
handle this problem and improve the efficiency of
the models, the multi-SVM fuzzy classification
model™ should be applied in future studies
because it might improve the models to be more
robust overall

and generalized for training

datasets' ™.
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Importantly, another point of interest was the
corresponding T1-weighted MR Brain structures
which were picked up for training in each
classification group. Based on the F1l-score for
feature selection, most of the extracted features
(organs) in the limbic system and nearby structures
were selected for algorithm training which
both
hemispheres, Right amygdala for CN vs. LMCI and
EMCI vs. LMCI

inferior lateral ventricle was the interest area for

consisted of the Hippocampus in

classification groups. The left

investigation because it was picked up for CN vs.
LMCI and CN vs. EMCI classification groups. Based
on our study, possible features for early-stage of
Alzheimer’'s disease prediction were the Lateral
ventricle of both hemispheres, Right inferior lateral
ventricle, Left amygdala. The selected features for
training which based on the feature selection

"l Wwhich were

method related to other studies'”
picking up the features for model training by
clinical relation (Hippocampus, Amygdala,
Entorhinal cortex thickness). There was a study
investigated that the morphological changes of
presenile dementia (Alzheimer’s dementia) patients
notably associated with the Hippocampus and

Amygdala regionmll

Conclusions

This study achieved three classifiers based on
the SVM algorithm that were trained to classify the
binary classification for elderly subjects aged 65 to
75-year-old with cognitive normal (CN), early mild
(EMCI),
cognitive impairment (LMCI) condition. Our findings

cognitive  impairment and late mild
indicated that the proposed SVM classification

models succeeded to classify and predict
Alzheimer’s disease progression for CN vs. LMCI,
EMCI vs. LMCI, and CN vs. EMCI from high to
lower prediction performance with 0.79, 0.67, and
0.64 of AUC value, respectively.

Importantly, we emphasized that the T1-
weighted MR Brain image may be a potential
biomarker for an early stage of Alzheimer’s disease
diagnosis, and the organs and nearby organs of the

limbic system which are Hippocampus, Amygdala,

Volume 46, No.1:2021
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Lateral ventricle, and Inferior lateral ventricle, were
potential features to investigate the progression of

early-stage of mild cognitive impairment before the
late stage of Alzheimer’s disease.
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Figure 4. The result of the trained classifier with ranked T1-weighted MR Brain feature in different classification groups.
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