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Abstract: Diagnosis of Alzheimer’s is a difficult task at its early stage. The treatment at an early stage is the only way to
delay or reduce the effect of dementia caused by Alzheimer’s disease. In this paper we have studied and implemented various
Machine learning algorithms to classify the subject as a normal cognitive and Alzheimer’s affected subjects. All the
algorithms were implemented using K-Fold Cross validation method in order to yield accurate data for the results produced
for those algorithms. Algorithms such as Gradient Boosting, K-Nearest Neighbour, Random Forest and Support Vector
Machines were implemented for the classification problem.
Keywords: Component; Alzheimer’s Disease, dementia, K-Fold Cross Validation, Gradient Boosting, K-Nearest Neighbour,
Random Forest. Support Vector Machine.
I. INTRODUCTION
Dementia is characterized by symptoms such as short-term memory loss, confusion, difficulty in concentration and
disorientation. Mild Cognitive Impairment (MCI) is a subtle memory loss which isn’t usual to the compeer of the same age.
MCI does not affect regular activities of a person. People suffering from MCI are at an increased peril for Alzheimer’s disease.
Prevention or delay of dementia in MCI affected people is a significant subject of study. Alzheimer’s disease (AD) is
considered to be the most common cause of dementia. Detection of Alzheimer’s at an early stage is a recondite topic of
research.
There were an estimated 46.8 million people worldwide living with dementia in 2015 and this number is believed to be
close to 50 million people in 2017. This number will almost double every 20 years, reaching 75 million in 2030 and 131 millio n
in 2050[1]. Hence, to reduce the risk of dementia and to enable the diagnosis and treatment of patients at risk in the future, it is
immensely important to detect Alzheimer’s disease at an early stage.
Machine learning has started to take the digital world in awe. With its wide range of applications from security to
automation applications, machine learning has emerged as an efficient solution. Adequate data is the primary requirement for
applying machine learning algorithms. Data used for implementing algorithms was provided by Alzheimer’s disease
Neuroimaging Initiative (ADNI).
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II. DATA ACQUSITION
Alzheimer’s disease is diagnosed mainly based on Magnetic Resonance Imaging (MRI) data. Although, there isn’t an

efficient and specific clinical diagnostic method to detect Alzheimer’s disease, the MRI data is coupled with other pathological
information in order to make the detection of Alzheimer substantiate. Hence to analyze, process and execute the machine learning
algorithms, a substantial and reliable data source is the primary need. Database provided by Alzheimer’s disease Neuroimaging
Initiative (ADNI) is comprehensive with a large amount of data. It consists of three databases viz. ADNI1, ADNI2 and ADNIGO.
ADNI2 database was selected for its plenary features with adequate number of baseline patients. Subjects were excluded from
analysis if any of their feature information was missing. Out of these 161 subjects with maximum available biological and
cognitive test data were short-listed for further study. This data consisted of 101 people with normal cognition and 61 patients
diagnosed positive for Alzheimer’s disease. The age of these subjects ranged from 56 years to 89 years. RAVLT forgetting
percentage of these subjects varies from -37.5% to 100%. The statistical diagrams for the input data is as follows:

Fig. 1: Average Fluorodeoxyglucose - Positron Emission Tomography (PET) for AD and NC respectively

Fig. 2: Hippocampal and Ventricular volumes for AD and NC respectively

III. LITERATURE SURVEY
Recently, researchers have dived into biological applications of machine learning. Some notable work has been done in the
field of Alzheimer’s in the past decade. Machine learning techniques have been used to identify Alzheimer patients from
various pathological and psychological data. Stefan et al., 2008 assessed how successfully SVM assigned individual diagnosis
and determined whether datasets combined from multiple scanners and different centres could be used to obtain effective
classification of data obtained from scans. Moradi et al.

[3]

predicted RAVLT scores from MRI scans from ADNI1 data set

provided by Alzheimer’s Disease Neuroimaging Initiative. Moradi et al. used Elastic Net Penalized Linear Regression (EPLR)
model to predict scores. Kernalized and non-kernalized relevance vector regression were compared. Apostolova et al.

[4]

analysed 1.5T MRI from a total of 122 Normally Cognitive (NC), Mild Cognitive Impairment (MCI) and Alzheimer’s Disease
(AD) subjects. Hippocampal and Ventricular analysis was conducted with two semi-automated segmentation approaches
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followed by Radial Distance Mapping Technique. Multiple Logistic Regression was used to access effects age and diagnosis on
hippocampal and ventricular volumes and radial distances. Javier et al.

[5]

, 2013 proposed a ‘leave one out approach’. The

system was made to operate in two modes: minimization of numbers or cost of biomarkers. Classical logistic regression was
applied for the classification purpose.
IV. METHODOLOGY
The refined dataset was then divided into Classification algorithms were implemented in Python using libraries such as
matplotlib, pandas, scikit-learn, NIlearn and NumPy.
The various parameters used to compare the efficiencies of the algorithms were as follows:
i. Precision: Generally, for classification and pattern recognition problems, precision is calculated as a measure of
performance. Precision is also called as the positive predictive value. It basically measures the relevant instances
retrieved over the actual number of relevant instances. Here, the number of subjects diagnosed as AD patients are the
relevant instances whereas, the number of actually detected AD patients is the retrieved relevant patients. It is given by:

Alternatively, precision is also given by:

ii. Recall: Recall is also used for classification problems.

It is defined as the fraction of the relevant documents

successfully retrieved. It is also called sensitivity. Recall is mostly close to 100% and hence is not enough to measure
the performance of a given statement. Here, the number of subjects diagnosed with AD that are successfully retrieved
is the recall value. It is given by:

Alternatively, recall is also given by:

iii. F1-score: F1-score is defined as the weighted average of recall and precision. It considers both, the false positives as
well as the false negatives. F1-score is generally considered to be more useful than accuracy if the classes in the
problem are uneven.
F1-score is given by:

iv. Support: Support is defined as the frequency of appearance of an item in the corresponding database. The support value
is given by:

v. Accuracy: Accuracy is defined as the number of correct predictions made. It is a commonly used performance
measuring criterion in a wide range of application. It is the best performance measurement criterion for symmetric
datasets i.e. datasets with same number of false positives and false negatives.
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It is given by:

Here, the implemented algorithms’ accuracy was measured using K-Fold Cross Validation.
vi. K-Fold Cross Validation: A machine learning problem usually consists of two types of data sets. These data sets are the
training data set i.e. the data whose outputs are already known and the test data set whose outputs are unknown. Cross
validation is used to check the performance of the data in the training phase itself. Here, cross validation is performed
multiple times using various training sets and cross validation testing sets and then the results from each iteration is
taken into account and averaged in order to obtain the actual results.
K-Fold Cross validation is a unique type of cross validation. Here, the data set is divided into k equal parts called folds.
The dataset of 160 patients was divided into 10 folds of 16 subjects each. These folds were named as f1, f2, f3,…, f10.
For the first iteration, f1 is selected as the validation set whereas all the other data folds are labelled as Cross validation
training set. The machine learning model is then trained for these data sets and the results are calculated and stored.
This process is repeated for each subsequent fold and the result is calculated for each fold. Ultimately, the final result is
calculated by calculating the average value of result for each performance measurement criterion.
Each algorithm was implemented and the values of precision, recall, support and accuracy was calculated for each
algorithm over 10 folds.
A. GRADIENT BOOSTING ALGORITHM
Gradient boosting is used for both, regression and classification problems. As the detection of Alzheimer’s disease is a
classification, we use this algorithm as a classifier. Functional gradients descend iteratively and optimize a cost function by
choosing a weak hypothesis which generally points in the negative direction. Gradient boosting uses multiple weak learners
to synthesize a single strong learner as a result of multiple iterations.
Gradient boosting considers a real value y and an approximation function (say ) is the sum of weighted sum of weak
features.
F(x) = ∑
Where, F(x) minimizes the loss to find the approximate weight for each weak learner.
TABLE I Scores for Gradient Boosting Algorithm
CLASS
CN
AD

PRECISION
0.97
0.98

RECALL
0.98
0.96

F1-SCORE
0.97
0.97

SUPPORT
82
48

Average accuracy for 10 folds: 0.975
Average deviation for 10 folds: 0.075
B. K-NEAREST NEIGHBOR (KNN)
K-nearest neighbor algorithm is used for pattern recognition. It is a non-parametric method used in machine learning for
problems related to regression as well as classification.
In classification, KNN yields the classified membership as the output. In KNN, the object is provided a class membership
based on the votes by its neighbors. It is a very simple machine learning algorithm where the decision making is done
locally.
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The implementation of KNN was executed using a leaf size of 30. Leaf size decides the number of samples at which an
object makes the classifier connection strong. The metric used was ‘minikowski’. ‘Minikowski’ is a vector in vector space
that is normed by the generalized version of Euclidean and Manhattan distance. The number of neighbors selected was three
and uniform weights were assigned.

CLASS
CN
AD

TABLE 2 Scores for K-Nearest neighbors Algorithm
PRECISION RECALL F1-SCORE SUPPORT
0.99
0.96
0.98
38
0.95
0.99
0.97
27

Average accuracy for 10 folds: 0.980
Average deviation for 10 folds: 0.030
C. RANDOM FOREST
Random forest algorithm is the most flexible machine learning algorithm that does not require hyper-parametering and still
produces great results most of the times. It makes the use of decision trees to make classification. It creates multiple nodes
based on the training data set and strengthens the decision tree accordingly. The hyper-parameters can be used to make the
model robust or to increase the accuracy of the model. The problem of overfitting can be easily tackled by using random
forest as the existence of enough trees in the model won’t let the classifier over fit the model.
TABLE 3 Scores for Random Forest Algorithm
PRECISION RECALL F1-SCORE SUPPORT
0.91
1.00
0.95
10
0.95
0.94
0.94
17

CLASS
CN
AD
Average accuracy for 10 folds: 0.980
Average deviation for 10 folds: 0.020

D. SUPPORT VECTOR MACHINE CLASSIFIER
Stefan et al., applied SVM classification to examine various sets of data samples of AD patients and elderly normal subjects.
A Support Vector Machine (SVM) separates the data into isolated planes by a hyperplane. The new input data is then
categorized in a 2D space divided by the hyperplane. The SVM algorithms were implemented using the following kernels:
i. Linear Kernel
For linear kernel, the prediction equation for a data sample is calculated as:

Where, x is the input and y is the support vector.
TABLE 4 Scores for SVM Classifier (Linear kernel)
CLASS PRECISION RECALL F1-SCORE SUPPORT
CN
0.99
0.96
0.98
81
AD
0.94
0.99
0.97
49
Average accuracy for 10 folds: 0.975
Average deviation for 10 folds: 0.075

ii. Radial Basis Function (RBF) Kernel
For radial basis function, the prediction equation for a data sample is given by:
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∑(

)

TABLE 5 Scores for SVM Classifier (RBF kernel)
CLASS PRECISION RECALL F1-SCORE SUPPORT
CN
0.99
0.98
0.99
44
AD
0.95
1.00
0.98
21
Average accuracy for 10 folds: 0.979
Average deviation for 10 folds: 0.042
iii. Sigmoid Kernel
The prediction equation for sigmoid kernel is given by:

Where, r, d and

are kernel parameters.
TABLE 6 Scores for SVM Classifier (Sigmoid kernel)
CLASS PRECISION RECALL F1-SCORE SUPPORT
CN
0.99
0.99
0.99
84
AD
0.98
1.00
0.99
46



Average accuracy for 10 folds: 0.967



Average deviation for 10 folds: 0.100
V. RESULTS AND CONCLUSION

The implementation results of the algorithms clearly state that K-Nearest Neighbor and Support vector machine used by
implementing a radial basis function produce the best results. Random forest produces good results but the support value for the
output is low which can be improved at the cost of computation expenses. Gradient boosting also proves to be an efficient
algorithm for the classification problem.
The subjects in the data set were baseline patients. With an improved routine data for the subjects in the data set, the early
onset of Alzheimer can be detected and can be treated at an early stage thereby, reducing the risk of further complications of
diagnosis and treatment at a critically latter stage.
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