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Abstract—Mutual information is an image similarity metric 

often used for the robust registration of multimodality images. 
The aim of this study is to investigate the use of a simple to 
implement similarity computation method based on a mutual 
information index for the automated detection of Alzheimer’s 
disease from FDG PET studies. 102 healthy and 95 Alzheimer’s 
disease FDG PET patient images from the online Alzheimer’s 
disease Neuroimaging Initiative (ADNI) database were used to 
develop and test the system. Images were preprocessed for 
enabling comparison. An index was computed for each new 
image based on its degree of similarity to images belonging to AD 
patients versus healthy control patients. Classification was made 
based on the value of this index. The leave-one-out method was 
used for performance evaluation. Performance was evaluated 
using Receiver Operating Characteristic (ROC) curves. The 
diagnostic reliability given by the area under the curve (AUC) 
was determined as 0.857±0.0261. The results suggest that a 
mutual information based image similarity method can 
potentially be useful as a second opinion computer aided 
diagnostic (CAD) system providing verification to visual and 
black box approaches. The system does not need training with 
new data and does not require the computation of image features.  
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I. INTRODUCTION 
The leading cause of dementia is known to be the 

Alzheimer’s disease (AD).  AD is now responsible for a 
growing number of deaths. Improved healthcare and education 
was found to stabilize the prevalence of dementia [1,2]. 

With Positron Emission Tomography (PET), it is possible 
to monitor metabolic and molecular processes in vivo. PET is 
therefore very effective for observing changes in cerebral 
glucose metabolism and inflammatory processes. It is also 
possible to monitor neurotransmitter systems as well as 
changes in amyloid deposits that are characteristics of AD [3]. 
Quantitative imaging of amyloid deposits and the associated 
biomarker has the potential of being used in the management of 
the disease but does not have sufficient specificity for 
diagnosis.   

Since at present it is not possible to cure Alzheimer’s 
disease, early diagnosis becomes crucial for slowing down its 

progression. Lately, quantitative methods have been developed 
in order to assist clinicians during the diagnostic process. These 
systems help in reducing the variance between readings and 
increase accuracy [4] Computer aided diagnosis (CAD) is an 
important area in medicine and aims to increase both efficiency 
and diagnostic reliability but faces important challenges. Two 
of those challenges have been reported as developing sound 
segmentation methods and developing better feature extraction 
/selection approaches. Another challenge has been reported as 
the development of standardized performance assessment [5]. 

A number of computer aided diagnosis (CAD) schemes 
have been experimented for detecting AD from PET scans. 
Some early work use comparison of regional quantitative 
values by using statistical analysis while many used classifiers 
trained with features. In [6] a database of 18F-
Fluorodeoxyglucose (FDG) PET images was used for 
statistical comparison. A study conducted by James C 
Patterson II. et. al. [7] demonstrates the evaluation of AD with 
the statistical parametric mapping (SPM) software. In [8] a 
principle component analysis (PCA) was used to compute 
eigenbrains. Then, support vector machines were used for 
classifying images. In [9] artificial neural networks (ANN) 
were used for the automated detection of AD. In [10], a method 
is described that makes use of 18F-FDG and Pittsburg 
Compound B (PiB) PET to perform analysis using association 
rules. In [11] the Mann-Withney-Wilcoxon U-Test was used. 
Gaussian Mixture models were used in [12]. In [13], brain 
images were first segmented into 116 regions of interest (ROI) 
using an atlas. Then features computed from these ROI’s were 
ranked and used for classification. In [14,15], deep learning 
methods were experimented. A support vector machine based 
algorithm was presented in [16].  

Most of the above described methods and similar other 
works cited in the literature are based on complex regional 
computational analysis and/or feature extraction. They may not 
provide an explanation of the results or may be very prone to 
errors by the operator. 

This study hypothesizes that AD can be diagnosed from 
FDG PET studies by the use of a simple mutual information 
(MI) image similarity metric often used in image registration. 
In this method, no features need to be extracted. MI and its 
versions have been previously shown to be robust with respect 
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to varying levels of noise degradations [17]. Furthermore, the 
image database does not have to be fixed and can be updated 
continuously without the need of retraining. The aim is to 
devise a system that can be used as a second opinion provider 
in addition to visual assessments or complex black box type 
CAD systems.  

The database from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI) project was used for the project. In the 
following, in the methods section, a description of data is 
presented. Then the classification method based on image 
similarity is presented. The results are then presented.  Finally, 
the results are discussed and conclusions are drawn in the 
context of recent work in the literature. 

II. METHODS 

A. FDG PET images and their preprocessing 
Data used in the preparation of this article were obtained 

from the Alzheimer’s Disease. Neuroimaging Initiative 
(ADNI) database [18]. ADNI was launched in 2003 as a 
public-private partnership, led by Principal Investigator 
Michael W. Weiner, MD. The primary goal of ADNI has been 
to test whether serial magnetic resonance imaging (MRI), PET, 
other biological markers, and clinical and neuropsychological 
assessment can be combined to measure the progression of 
mild cognitive impairment (MCI) and early AD.  

This study uses images provided by Utah Foster Group and 
consisting of ADNI1 FDG-PET images. The 197 128 x 128 x 
60 PET images used were in DICOM format and included 102 
normal and 95 AD patients.  

For the automated diagnosis algorithm to function properly, 
it is important to have properly processed FDG images that are 
adequate for similarity computation. ADNI has established 
guidelines [18] for the quality assurance and standardization of 
image acquisition, equipment control and processing routines 
that aim to homogenize data from different sites, equipment 
and patients. These include co-registering and averaging of 
images to obtain a single frame, standardizing image and voxel 
sizes, normalizing intensity values, making the resolution 
uniform and warping different patient’s images to a brain atlas 
for spatial normalization.  

B. AD Detection Methodology 
The overall method used for AD detection is as follows: A 

new image is compared with all the FDG PET images in the 
database, and an image similarity is computed each time based 
on MI. Then a decision index value is determined using the 
computed similarity values with the images in the database. 
The detection of AD is performed by comparing this decision 
index to a threshold. The higher the index value, the higher the 
likelihood of AD.  

C. Mutual Information as an Image Similarity Metric 
The scheme adopted by this work is based on mutual 

information (MI) which is used as a measure of dependence 

between images. It has widespread use in registration methods 
[17] and has been shown to be robust with respect to image 
degradations. Other measures exist which show the dependence 
between two random variables. Pearson correlation for instance 
shows the degree of linearity for a statistical dependence. 
Another measure used is rank correlation, which measures the 
monotonicity of a statistical dependency. But there are many 
dependencies which cannot be detected by the use of these 
measures. There are cases when these two measures are zero 
whereas mutual information shows dependence. 

MI is based on Kullback-Leibler distance between the joint 
distribution of grey values in two images PXY(x,y) and the 
product of individual distributions PX(x).PY(y) which reflects 
the joint distribution in case the two images are independent 
and is given by    

IXY = ΣxΣy PXY(x,y).log2(PXY(x,y) /PX(x).PY(y)) (1) 

The mutual information is a measure of predictability of an 
image by the values of another image (Fig. 1). The joint 
histogram of grey levels for two images can reveal clusters of 
grey level correspondences that indicate similarity. 

The decision of assigning each patient as healthy or AD is 
based on a decision index, which averages the distances 
between the query image Q and the images for each group:  

d(Q) = (1/k1)Σi=1..k1 I(Q,Mi) – (1/k2).Σj=1..k2 I(Q,Nj) (2) 

where Mi represent the AD patient images, Nj represent 
healthy patient images, k1 and k2 are the number of healthy and 
AD patient images. Similarity indices for template matching 
purposes are discussed in [19]. 

The first term gives the average distance between the query 
patient image and the AD patient’s images while likewise the 
second term gives the average distance between the query 
image and the healthy patient’s images. 

In order to test the algorithm, the leave one out method was 
used. One image was selected and compared with all other 
images in the database in order to compute a d value. The 
procedure was repeated for all images of each class of patients.   

The query for a new image involves the computation of the 
decision index (2). In this study, the decision index defined in 
(2) was used to discriminate between healthy and AD subjects. 
All computations were performed using Matlab R2020a which 
served as a prototype development platform for the proof of 
concept. 

III. RESULTS 
The histogram of decision indices calculated from (2) is 

shown in Fig. 2. Receiver Operator Characteristic (ROC) 
analysis and area under the ROC curve were used to evaluate 
the systems performance. The ROC Curve obtained from the 
histogram is given in Fig. 3. The ROC analysis for this case 
resulted in an area under the curve of 0.857±0.0261. 
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Fig. 1. (a) Joint histogram of grey levels for an AD patient with another 
AD patient using 64 grey levels. (b) Same plot for of an AD patient with a 
normal patient (b).  If two images are completely identical then the joint 
histogram of grey levels has a diagonal line. As the similitude diminishes, this 
line starts spreading. 

Fig. 2. Histogram of decision index values for the leave one out method of 
evaluation 

The number of grey levels was decreased, and decision 
indices were calculated with decreased number of grey levels. 

Experimentation showed that an acceptable AUC value was 
obtained when resolution was full (128x128x60) and number 
of grey levels was 64. In this study, experimentation also 
showed that the highest AUC was obtained when variables k1 
and k2 in equation (2) were set to the total number of available 
images in each class. 

The more images are used; the better results can potentially 
be obtained if the images are ranked.  However, this requires 
finding the best k matches each time. Since no overall 
advantage was detected by using optimized smaller sets of 
images, all the images were used in this study.  

It should be noticed that since the decision on a new case is 
based on the decision index given by (2), a threshold will be 
needed to be selected. The threshold will change the sensitivity 
and specificity of the CAD system and is therefore adjustable. 
For instance, a threshold of d=-0.014 gives sensitivity, 
specificity and accuracy levels of 84±3%, 75±4% and 80±3% 
respectively.  

By defining a rejection region where the confidence on the 
decision is not high, the total reliability can be made to 
approach or match the reliability of a more elaborate system.  

Experimentation conducted with these parameters resulted 
in a computational time between 2 and 84 seconds for 64 grey 
levels and resolution changing from 32x32x15 to 128x128x60 

using a standard laptop and the Matlab platform. The system 
compares a query image to approximately 200 images. Much 
lower figures should be expected with conventional 
programming platforms and multiple powerful parallel 
processors for practical applications. This work was a proof-of-
concept study and computational optimization was not 
addressed. 

IV. DISCUSSION 
The results obtained from image similarity alone without 

extracting features using online FDG PET images 
demonstrated a diagnostic performance that is defined by an 
AUC of 0.85.  

A. Comparison with other algorithms 
Recent studies [12,13,14] presented  ROC AUC values 

greater than 0.94 while the study [16] yielded an AUC of 0.87. 
A recent implementation of deep learning was shown to result 
in a high performance close to 0.98 [15]. Although deep 
learning algorithms are likely to produce an excellent 
performance using a large number of images, they represent 
black boxes which cannot be explained and depend on the 
datasets chosen for training. The present method gives an index 
of similarity which is a continuous variable representing the 
degree to which a given image is similar to AD patient images 
and is dissimilar to healthy patient images. It can therefore be 
used as an adjunct algorithm to verify a deep learning based 
system output and complement it with an explainable index. 
Optimum reject regions can also be determined to design 
regions that increase AUC to higher than 0.85 by designating 
intervals where results are abstained and by matching specified 
sensitivity and specificity levels interactively [20]. 

B. Clinical significance and future work 
In a stressful clinical environment, it is important to obtain 

high diagnostic performance while maintaining simplicity and 
minimum user interaction. The scheme presented allows to 
obtain an additional index that indicates the degree of similarity 
to AD patient’s images. No re-training is necessary with new 
databases or as the database size increases. In these cases, the 
accuracy of classification may change depending on the 
homogeneity of used scanner hardware and acquisition 
protocols. 

 
Fig. 3. ROC Curve obtained using 64 grey level full resolution images 
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Further work should investigate the effect of ensemble 
techniques, pre-filtering, growing databases and 
standardization on classification accuracy and computational 
time.  

Improvement of computational time is also possible by the 
use of efficient programming platforms. The decision function 
defined above should be also investigated for its use as a 
severity index.  

V. CONCLUSIONS 
In this study, an alternative AD automated detection 

method was given that eliminates the disadvantages of 
performing complex tasks such as feature extraction. The 
method is easy to implement and use. The similarity decision 
index gives an indication of the image being more similar to 
AD patient’s images than to healthy patient’s images. The 
system can be useful as a tool for verification of results 
obtained from visual and black box approaches. It also raises a 
number of new questions to investigate in the future. These 
may include to establish the utility of this index in sequential 
image analysis for monitoring progression and therapy 
response as well as discerning mild MCI from AD. 
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