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Abstract: Alzheimer’s disease (AD) is a tenacious neurodegenerative brain disorder that adversely influences
its victims’ memory. Due to its progressive property, early detection of the disorder is crucial for regular
observation of the patient’s condition. This research concentrates towards determining an optimum classification
algorithm for an early and rapid diagnosis of AD. The proposed method constitutes for high efficiency through a
Computer visionimage enhanced MRI brain scan where brain volume features are extracted via the regional
MRI measurementtechnique, fed separately to a Linear Support Vector Machineand a Logistic Regression
classifier for result verification and method comparison. Effectiveness of the suggested method is then
computed through the accuracy, sensitivity, specificity, and precision. For 100 MRI brain scans, 30 being the
test set, results indicate 73% accuracy using the Linear Support Vector Machines method, while 50% accuracy
is achieved with Logistic Regression. However, improvement is expected upon the application of the same
technique in a larger sample set of brain scans.
Keywords: Alzheimer’s Disease, Linear SVM, Logistic Regression, Regional MRI Measurements, Computer
Visionimage Enhancement

I.

INTRODUCTION

Alzheimer’s Disease (AD) is the most customary type of dementia [1,2]. It is a progressive
neurodegenerative brain condition that brings about detrimental effects on the victim’s memory and coherence,
eventually interceding with daily activities [1,2]. The distinctive attribute of AD is the progressive accumulation
of tangles and plaques within the brain neurons [3]. Studies had declared the hippocampus and the entorhinal
cortex to be the main regions of AD development, which are mostly affected by tangles and cell loss, causing
anexplicit change in the volume of these regions [1,3,4].
Although several AD detection techniquescurrently exist, majority of such tests, such as
neuropsychological tests like the mini-mental state exam (MMSE) [5], are subjective and cannot be
scientifically proven. The conventionality of AD worldwide also manifestsnotable research importance [6,7,8].
Moreover, diagnosis research within the medical field opens opportunities for further innovation towards
medical image processing, such as extending the scope towards differential detection of dementia [9].
With early detection of AD being the main objective, this research aims for a comparison between two
major classification algorithms, the Linear Support Vector Machines (SVM)[3,10,11]and the Logistic
Regression[12,13],in order to achieve optimum efficiency in categorizing extracted features from the regional
MRI measurements from a computer visionimage enhanced MRI brain scan[14,15,16,17].It is aimed to alleviate
the difficulty of coping with the ailment through progress supervision for familiarized mitigation practices, and
to alleviate progress done in the field of AD diagnosis through a comparison and identification of the optimum
method of feature classification. However, this research solely intends to focus on the early and rapid
identification of AD, and not the other forms of dementia.
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II.

RELATED WORK AND METHOD JUSTIFICATION

Disease diagnosis through medical images normally branches into three categories, namely: Preprocessing, Feature extraction, and Feature classification. Although various techniques exist for each category,
each corresponds with particular benefits and drawbacks. In the caseof early diagnosis of AD via MRI images,
advantages in terms of time duration and accuracy are considered upon the selection of methodologies.
Pre-processing is a crucial step needed for preparing the MRI image for feature extraction. The desired
outcome of this procedure is an enhanced, feature-amplified version of the original image, making it easier to
detect and extract the desired features.Putting forward the need for feature amplification and image intensity
uniformity, pre-processing via Computer Visionimage Enhancement poses the maximum advantage
[14,15,16,17]. Such technique results in a contrast and clarity enhanced, scaled intensity image [14]. Although
other several non-biased techniques such as the Spatial Normalization and the Discrete Wavelet Transform are
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studied, such methods commence disadvantages in terms of complexity, possibility of information loss, and
prolonged completion duration[18,19].
Several methods of feature extraction were also discussed. However, techniques such as the Skull
stripping, Detrended Fluctuation analysis, and Weibull distribution for Edge detection are computationally
extensive and are vulnerable to noise[20,21,22]. However, the method of Regional MRI Measurements takes
advantage of the change in volume and thickness regions affected by AD [1,3,4], coupled with findings from
neuropsychological tests[5]. Hence, it supports the theoretical information the best. The approach is purely
mathematical, accounting for fast computation time, and uses imaging software called Freesurfer Pipeline for
completion [23,24]. However, a technique to apply the methodology without the Freesurfer software is to be
established.
Finally, a variety of feature classification techniques were taken into consideration. Nonetheless,
common drawbacks on majority of the classifier algorithms such as the Random forest classifier, Naïve bayes
classifier, and Adaboost include accuracy inferiority, biasing, and excessive inclusions of assumptions
[25,26,27]. Support Vector Machines (SVM), however, is proven to achieve high accuracies [3,10,11], while
Logistic Regression is well known for its flexibility and robustness [12,13]For these reasons, Linear SVM and
Logistic Regression classifiers are going to be compared within this paper.

III.

METHODOLOGY

3.1 Pre-processing
The MRI images used for this research work are sets of 3-plane localized axial MRI brain scans of 10
mm slice thickness because of the high perceptibility of the prominent regions of AD [4,28]. The set of images
are also segregated into AD and non-AD patients, through the results of the MMSE (Mini Mental State Exam)
given upon downloading the images.Such divergence among data sets is an important component for the feature
extraction technique, and is also an important requirement for testing the efficiency of the proposed method.
The MRI images are to be utilized in a DICOM (Digital Imaging and Communications in Medicine)
format, which conserves theimage quality, a mandatory factor for medical purposes [29]. This format, however,
is to be translated into matrix form in order to be processed in MATLAB.
In order to pre-process the image for the preparation of feature extraction, the method of Computer
Visionimage Enhancement is utilized [14,15,16,17]. This method branches out into Colour translation into
grayscale, which is achieved via adjusting every intensity of the image to a scale of 0 to 1 based on the
maximum value[15]; and a contrast and clarity enhancement, which is achieved via contrast stretch limit rather
than the original method of Histogram equalization for a faster result[30,31]. A summary of the pre-processing
method is observed in Figure 1.
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Figure 1: Refined Computer Visionimage Enhancement
As observed, the visual output is a brighter, more clarified version of the original image, with
intensities scaled to 0 to 1, making calculation of the brain voxels and volume for feature extraction easier.
3.2 Feature Extraction
For the reason that the main priorities of early Alzheimer’s detection are accuracy and time duration,
the Regional MRI measurements feature extraction method was selected to conduct feature extraction. This
method concentrates on brain volume, which supports the theoretical information provided about AD, which
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states that the change in the brain upon AD can be perceived from its volume [4,28]. However, instead of the
norm methodology of extracting Regional MRI measurements via Freesurfer [23,24],this research aims to
conduct this through MATLAB, with the use of image processing and mathematical calculations. A summary of
the methodology can be observed in Figure 2.

Figure 2: Regional MRI Measurements via MATLAB
The set of features to be extracted composes of four parameters, according to the brain image’s white
matter and gray matter. The following features are: the white voxel, gray voxel, white volume, and gray volume.
The volumes are obtained via the formulas defined in Eq. 1 and 2 [32].
𝐺𝑟𝑒𝑦 𝑉𝑜𝑙𝑢𝑚𝑒 = 𝐺𝑟𝑎𝑦 𝑣𝑜𝑥𝑒𝑙𝑠 ∗

𝑃𝑟𝑜𝑑𝑢𝑐𝑡 𝑜𝑓 𝑉𝑜𝑥𝑒𝑙 𝑆𝑖𝑧𝑒𝑠 𝑜𝑓 𝐼𝑚𝑎𝑔𝑒𝑠

𝑊𝑖𝑡𝑒 𝑉𝑜𝑙𝑢𝑚𝑒 = 𝑊𝑖𝑡𝑒 𝑣𝑜𝑥𝑒𝑙𝑠 ∗

𝑒6
𝑃𝑟𝑜𝑑𝑢𝑐𝑡 𝑜𝑓 𝑉𝑜𝑥𝑒𝑙 𝑆𝑖𝑧𝑒𝑠 𝑜𝑓 𝐼𝑚𝑎𝑔𝑒𝑠
𝑒6

(Eq. 1)
(Eq. 2)

3.3 Feature Classification
3.3.1 Linear Support Vector Machines
The Linear Support Vector Machine works by ensuring that the classification error is kept as low as
possible, while keeping the distance of two vectors belonging in different classes at a maximum [3,10,11],
Operation starts from generating a linear kernel matrix via the multiplication of MRI voxels for the
interpretation of the matrix in proportion to the resemblance measures of every feature [33]. The most
favourable choice for the linear hyper plane between two classes is the provision of the utmost margin from both
of the classes [34,35].
In MATLAB, Linear SVM is performed by creating an SVM model by training the classifier according
to the 60 MRI data set’s four features defined by the Regional MRI measurements, initially categorized by the
corresponding MMSE score. This model is then utilized to categorize any set of new data having the same four
features.
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3.3.2 Logistic Regression Classifier
The Logistic Regression Classifier, known for its robustness and flexibility, fundamentally functions by
extracting a set of features, followed by the application of the exponential function, and linear
integration[12,13]. This therefore implieseach feature to be multiplied to acertain weight, while beinggathered
accordingly. Note that the weights are extracted via gradient ascents, which begins with zero and then advances
towards the positioning of the partial derivative of the gradient and the objective function[12,13].
The Logistic Regression Classifier is implemented in MATLAB via the Classification Learner
Application, where data is uploaded defining both the features and the initial classification and selecting the
predictors and response columns. A function must then be generated accordingly, which can be retrained and
utilized for categorization.
3.4 Testing
Four performance parameters are calculated upon gathering the results of the experiment in order to
ensure the efficiency of the designed methodology. Accuracy, or precision, considers the correctly identified
classes against the entire sample set. Sensitivity, regards to theamenability of the methodeven to lower levels of
AD. Finally, the specificity and the positive predictive value measure the methodology’s efficiency in detecting
affected patients[36]. The formulas for these parameters are observed in Eq. 3 to 6 [36]:

www.ijlret.com

92 | Page

International Journal of Latest Research in Engineering and Technology (IJLRET)
ISSN: 2454-5031
www.ijlret.com || Volume 03 - Issue 04 || April 2017 || PP. 90-96
𝑎𝑐𝑐 =
𝑝𝑝𝑣 =

𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
𝑇𝑃
𝑇𝑃+𝐹𝑃

(Eq. 3)

𝑠𝑒𝑛𝑠 =
𝑠𝑝𝑐 =

(Eq. 5)

𝑇𝑃
𝑇𝑃+𝐹𝑁
𝑇𝑁

𝑇𝑁+𝐹𝑃

(Eq. 4)
(Eq. 6)

Such that:
TP – True Positive (correctly detected AD carrier)
TN – True Negative (correctly detected non-AD carrier)
FP – False Positive (incorrectly detected AD carrier)
FN – False Negative (incorrectly detected non-AD carrier)

IV.

RESULTS

A total of 100 MRI brain scans were subjected to the proposed methodology, with 70 being the training
dataset, and 30 being the test set, 15 of which are AD-positive, and the remaining 15 being AD-negative. The
MRI data is to be collected from ADNI (Alzheimer’s Disease Neuroimaging Initiative), an online database of
medical related images available for researchers [37]. Following the Computer visionimage enhancement preprocessing, feature extraction through Regional MRI measurements, and the two feature classification
techniques, results of the performance measurements for both the Linear SVM classifier and the Logistic
Regression classifier is reported in summary in the form of Table 1.
Table 1: Performance Measurements Results
Performance Measurement
Linear SVM Classifier
Logistic Regression Classifier
Accuracy

73%

Sensitivity

67%

0%

Specificity

89%

50%

93%

0%
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Positive Predictive Value

50%

As observed, for a 70 MRI training data set, the Linear SVM classifier performs significantly better in
all four of the performance measurements. Such difference in values are mostly accustomed to the findings that
the Logistic Regression classifier requires a large number of training data in order to expect meaningful
results[38]. Since the training data used is merely 70, the high accuracy property of the Linear SVM is mostly
observed. The 0% result for the sensitivity and positive predictive value of the Linear Regression Classifier
implies that it fails to correctly identify positive AD carriers among the 30 test subjects. Testing to a larger test
set may be able to improve percentage on this matter.
Aiming to increase the accuracy of the Linear SVM classifier, it is aimed to improve that an increase in
training data set would improve the efficiency of the overall technique. To prove this, the pattern of percentage
decrease was observed upon the decrease of the training set, as observed in Figure 3. Hence, similarly, it can be
deduced that an increase in the number of training data would also increase the percentage of performance
measurements.
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Figure 3: Linear SVM Efficiency Chart

V.

CONCLUSION

In conclusion, it was extrapolated that fabricating on the upheaval AD detection permits constant
monitoring of the disorder’s progress. Taking into consideration the pros and cons of every technique of preprocessing, feature extraction, and feature classification, it has been finalized that both the Linear SVM
classifier [3,10,11], and the Logistic Regression classifier[12,13]make reasonable choiceswhen it comes to
feature classification.Thus, a comparison between these two methods is put forward, concluding with a better
method of feature classification. For pre-processing, Computer visionimage enhancement is selected due to its
clarity enhancement and intensity adjustment characteristics minus biasing and information loss[14,15,16,17].
While for feature extraction, Regional MRI measurementwas chosen due to its alignment to the theoretical
information of AD and its minimal time consumption[23,24].
For a sample set of 100, 70 being the training set, and 30 being the test set, experimental results state
73% accuracy for the Linear SVM classifier, while 50% is achieved via Logistic Regression. Linear SVM
classifier also significantly leads the latter in all four of the performance parameters. However, a continual
increase in the training data set is proven to be directly proportional to the performance measurements, which
therefore increases them accordingly. Once optimum performance is achieved, innovation of the proposed
methodology can be deviatedto the advancement of the technique’s rapidness and complexity reduction, as well
as fathoming outothertechniques to be implementedalong with the current algorithms. Moreover, the proposed
methodology can be developed into differential diagnosis of Dementia through further research[9].
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