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ABSTRACT

SIMILARITY-BASED ANALYSIS OF FDG-PET IMAGES
OF ALZHEIMER’S DISEASE PATIENTS: A METHOD FOR
AUTOMATED DIAGNOSIS AND SEVERITY PREDICTION
WITH THE AIM OF THERAPY RESPONSE MONITORING

This study aimed to evaluate 18-Fluorodeoxyglucose positron emission tomog-
raphy (18F-FDG-PET) images of the brain for the computer-aided characterization
detection of Alzheimer’s disease (AD) intuitive image similarity-measure-based ap-
proach. The first objective was to diagnose AD automatically. The second objective
was to determine the association between the similarity measure and neuropsycholog-
ical assessments. Therefore, we aimed to develop a new AD evaluation algorithm that
can give an early diagnosis of the disease and define an objective severity index that
correlates with well-known neuropsychological tests. 125 patients with AD, 132 Cog-
nitively Normal (CN), and a total of 257, FDG-PET data were obtained from ADNI.
We then found a distance value indicative of the similarity between any 3D image to
available CN and AD patient images in the database using the mutual information
method. The diagnosis was based on a threshold value for the distance value. Then,
the Mini Mental State Examination (MMSE) and Clinical Dementia Rating (CDR)
results of all patients and the distance values obtained from FDG-PET were analyzed
using an analysis of variance. The algorithm achieved an AUC ROC of 0,969 using a
leave-one-out method for the original dataset (n=197) and 0,873 using the independent
testing dataset (n=60). The correlation was 0,642 between MMSE scores and imaging
scores, and for CDR global test correlation between imaging and testing was 0,677. A
simple and intuitive similarity-based algorithm can be used for the early detection of
AD using molecular imaging as well as determining an objective severity index. No

ROI and feature computations should be performed.

Keywords: Alzheimer’s disease, 18F-FDG-PET, Similarity Index, Neuropsychological

Assessments, Severity Index.



vi
OZET

ALZHEIMER HASTALIGININDA FDG-PET
GORUNTULERININ BENZERLIGE DAYALI ANALIZI:
TEDAVI YANITININ IZLENMESI AMACIYLA OTOMATIK
TANI VE SIDDET TAHMINI iCIN YONTEM

Bu cgalisma, Alzheimer hastaliginin bilgisayar destekli karakterizasyon tespiti
ile beynin Florodeoksiglukoz pozitron emisyon tomografisi (18F-FDG PET) goriintii-
lerini benzerlik 6l¢iisiine dayali yaklasim kullanarak degerlendirmeyi amaclamstir. Ilk
amag, hastalig1 otomatik olarak teshis etmekti. Ikinci amac benzerlik él¢iisii ile nérop-
sikolojik degerlendirmeler arasindaki iligkiyi belirlemekti. Boylelikle, hastaligin erken
teghisini saglayabilecek ve iyi bilinen néropsikolojik testlerle iligkili objektif bir hastalik
siddet indeksi tanmimlayabilen yeni bir alzheimer hastaligi degerlendirme algoritmasi
geligtirmeyi amagladik. ADNI'den 125 hasta, 132 saglikli ve toplam 257, FDG-PET
verisi olan yiliz yirmi beg hasta goriintiisii alindi. Daha sonra, karsilikli bilgi yontem-
ini kullanarak veritabanindaki mevcut saglikli ve hasta goriintiilerine herhangi bir 3B
goriintli arasindaki benzerligi gosteren bir mesafe degeri bulduk. Tani, mesafe degeri
icin bir esik degerine dayaniyordu. Daha sonra tiim hastalarin mini mental durum
ve klinik demans derecelendirme testi sonuclar1 ve FDG-PET ’den elde edilen mesafe
degerleri varyans analizi kullanilarak analiz edildi. Algoritma, orijinal veri seti (197
hasta) i¢in birini digarida birak yontemi kullanilarak 0,969 ve bagimsiz testing veri seti
(60 hasta) kullanilarak 0,873 AUC elde etti. MMSE ve goriintiileme skorlar1 arasinda
korelasyon 0,642, goriintiileme ve CDR global test arasindaki korelasyonu ise 0,677 idi.
Molekiiler goriintiileme ile AD’nin erken saptanmasi ve objektif 6nem indeksinin belir-
lenmesi icin basit ve gériintii benzerlik temelli bir algoritma kullanilabilir. Ilgi alan ve

ozellik hesaplamalar1 yapilmasina gerek yoktur.

Anahtar Kelimeler: Alzheimer hastaligi, 18F-FDG-PET, benzerlik indeksi, norop-
sikolojik degerlendirmeler, hastalik giddet indeksi
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1. INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disease that progresses over
time and eventually leads to death by destroying memory and other cognitive abilities
[1]. Even though the cause of the disease has not been understood clearly yet, it has
been viewed that it is partially characterized by the extracellular deposition of mis-
folded amyloid beta plaques and the intracellular formation of neurofibrillary tangles
in the brain [2]. Over 135 million people are expected to have Alzheimer’s disease by
the year 2050 [3]. Moreover, the annual cost of AD care is estimated to increase from
$335 billion to $1 trillion over the next 15 years [4]. Given these facts, finding a way

to halt the course of Alzheimer’s disease is critical.

Some exams to diagnose Alzheimer’s disease are performed by physicians using
tools such as neuropsychological tests, and neurological and brain imaging tests [5].
When the patient is examined by a doctor, physicians review the patient’s family and
medical history. Then, they perform physical and neurological exams. The doctor
examines the patient’s balance, and reflexes during these examinations. In addition,
clinicians use neuropsychological tests to check memory, reasoning, and rudimentary

problem-solving skills. http://www.alz.org/alzheimers-dementia/diagnosis/.

In addition, physicians carry out brain scans using MRI (Magnetic Resonance
Imaging), CT (Computerized Tomography), and PET. The loss of volume of the brain
can be seen using MRI [6]. 18-Fluorodeoxyglucose positron emission tomography
(FDG-PET) is another imaging technique. FDG-PET shows the density of glucose
uptake by tissues, it is preferred in Alzheimer’s disease, because it is very sensitive
and gives quantitative results. FDG-PET images have shown promise in revealing
Alzheimer’s disease metabolic patterns. In fact, they show metabolic alterations to the

brain. Moreover, it can be predicted the progression from cognitively normal (CN) to

Alzheimer’s disease by using FDG-PET |[7].



1.1 Computer-Aided Diagnosis of AD Using FDG-PET and Ar-

tificial Intelligence

Today, computer-aided diagnostic (CAD) systems are implemented frequently.
Numerous researchers have tried to create an automated CAD system to track the
functional changes caused by AD. These systems aim to assist doctors in making a
diagnosis. The probability of an early diagnosis of the disease increases by using these
systems [8]. Moreover, computer-aided diagnosis is used to manage a patient with a

genetic risk [9]. CAD can be considered a second opinion for physicians.

Artificial intelligence (Al) is frequently used to detect Alzheimer’s disease [10)].
In the literature, to detect Alzheimer’s disease from imaging tests, support vector ma-
chine (SVM), artificial neural network (ANN), and deep learning are used in Alzheimer’s

studies [11].

Making deep learning models more interpretable is becoming increasingly im-
portant as they gain cutting-edge performance in a variety of fields. Two primary
factors affect interpretability. First, a model with breakthrough performance might
have found data patterns that experts in the field would like to know more about.
However, if the model is a black box, this would not be possible. Second, trust de-
pends on interpretability. It’s crucial to check that a model is making conclusions based
on solid evidence and isn’t concentrating on a data artifact while making a medical
diagnosis. Physicians want to know and interpret the decision structure of artificial
intelligence, but the decision mechanism is not fully understood. In addition, artificial
intelligence is prone to error. Algorithms often result in about 5% error [12]. This

score carries risks in the clinic, so the doctor cannot fully trust artificial intelligence

[13].

The severity score of Alzheimer’s disease is very important. This way, we can
have a classification of the disease. Tracking the development of the illness and the

effectiveness of treatment can both be done with the help of an objective severity index



with an objective figure obtained from FDG-PET images [7].

Besides, artificial intelligence divides the disease into classes but does not give
an objective degree of severity [14]. In addition, since early diagnosis of the disease is
very important, we give the disease severity index by looking at the metabolic activity

of the brain with FDG-PET in this study [15].

1.2 Correlation Between Imaging Method And Neuropsycho-

logical Assessments

The regression of neuropsychological assessment and imaging tests is important
in terms of understanding the reliability of the tests. Revealing the relationship between
the FDG-PET image and the assessment results will convey the sustainability of the

test and increase the reliability of diagnosing results.

In this study, we aimed to assess FDG-PET images of the brain and we tested
whether there is a regression between brain images and neuropsychological assessments.
Additionally, we tested how strong a regression is. We first found an Alzheimer’s
Disease similarity index for diagnosing patients with mutual information (MI) method
using patients’ FDG-PET images. Then, we monitored an objective severity index by

finding the association between the similarity index and neuropsychological assessment.

This study is very important for the clinic. By using mutual information, we
increase the interpretability of disease and we give severity score for disease with dis-
tance value. Moreover, we correlate severity scores and neuropsychological test scores
to increase reliability. There is not enough effort to both increase reliability and un-

derstanding of the disease area.



2. LITERATURE REVIEW

Machine learning algorithms that do diagnoses using information from PET
scans have been published in the literature. Moreover, in contrast to traditional ma-
chine learning techniques, deep learning algorithms are particularly effective at identi-
fying a variety of Alzheimer’s disorders. Medical images are entered into CNN models,
which then perform the classification process to produce the results, without the need
for feature engineering. For diagnosing Alzheimer’s and other dementia diseases, deep
learning models are divided into 2D and 3D image processing methods. MRI and PET
scans are frequently used in the generated models. According to certain research, [16],
in comparison to the 3D CNN that receives images of the complete brain, the 2D CNN
model that receives images of the brain’s surface perfusion performs a classification
task better. On the other hand, three-dimensional methods have also been widely em-
ployed [17],[18]. These studies use volumetric brain scans as the input and voxels as
the processing unit. Additionally, was said that the performance was enhanced by the

use of numerous imaging modalities [19].

In another recent study, it was demonstrated that our model is responsive to the
underlying metabolic processes using explainable deep neural networks. They employed
520 AC-PC aligned FDG-PET images from AD and healthy control (CN) groups from
the ADNI cohort. The deep neural network (ResNet, 3.4 million parameters) used to
classify each scan is then given these data. The average accuracy of the algorithm was

89.2 percent [20].

In a comprehensive study, using brain FDG-PET data from the ADNI, re-
searchers attempted to develop a deep learning (DL) model that could distinguish
between Alzheimer’s disease (AD) and healthy controls (CN). In order to distinguish
between individuals with dementia and those without dementia, the model was imme-
diately applied to a cohort of patients who had been prospectively enrolled. AUC-ROC
results were 0.75 [21].



Additionally, researchers developed a special method that takes into account the
diagnosis interpretability for the early detection of AD using multi-scale discriminative
regions in FDG-PET imaging. A multi-scale region localization (MSRL) module is
specifically presented in order to automatically and unsupervisedly find disease-related
discriminative regions in full-volume FDG-PET images. This information is used to
generate a confidence score that evaluates how regions should be prioritized based on
the density distribution of abnormalities. Using 146AD + 184CN FDG-PET images,
accuracy was 97.8 [22].

In a recent study that was published in 2020, the association between FDG ab-
sorption and cognitive evaluation in Alzheimer’s disease was examined. In conclusion,
brain FDG uptake in the AD population is only weakly correlated with the neuropsy-
chological evaluation, indicating a negligible influence on the statistical analysis of

brain glucose metabolism [23].

In a study published in 2021, according to research that examined the rela-
tionship between brain 18F-AV45 and 18F-FDG PET distribution characteristics and
performed a positive correlation between neuropsychological tests, the range and de-

gree of reduced FDG metabolism in different regions were proposed to be positively

correlated with the overall score of the MMSE or MOCA [24].



3. PROBLEM STATEMENT

THIS THESIS CONSISTS of 2 steps. The first one is automatically detecting
AD and CN;, the second one is finding an association between disease scores and neu-
ropsychological tests. For the first one, past studies were based mostly on machine
learning and deep learning based. However, support vector machines, artificial neu-
ral networks, convolutional neural networks, and random forests are the classification
methods most frequently utilized in AD. Black box algorithms are a term that describes
machine learning (ML) techniques. In ML learning, the computer just predicts that
the animal is a unicorn without offering any explanation [25]. Moreover, finding a cor-
relation between FDG-PET and test studies shows that there is a positive correlation.

However, couldn’t find a good correlation between them in previous studies.

In this study, we used FDG-PET because the error rate of FDG-PET is very
low because of objectiveness. FDG-PET can be used to determine whether a thera-
peutic approach, such as medication therapy, is effective or to determine whether the
disease is advancing or not. Also, we can diagnose AD automatically, and determine
the association between the similarity measure and neuropsychological assessments.
Therefore, aimed to develop a new AD evaluation algorithm that can give an early
diagnosis of the disease as well as can define an objective severity index that correlates

with well-known neuropsychological tests.



4. MATERIALS AND METHODS

4.1 Participants

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) database was utilized
to gather the information for this article. A total of 257 patients (cognitively normal =
132; Alzheimer’s patient = 125) with a mean age of 71.7 +6.7 years, were prospectively
selected based on FDG-PET images and neuropsychological assessments. ADNI is
a multicenter longitudinal study aimed at developing clinical, imaging, genetic, and
biochemical indicators for Alzheimer’s disease early diagnosis and tracking [26]. The
ADNI 1, ADNI-GO, ADNI 2, and ADNI 3 studies are all aimed at discovering the
relationships between clinical, cognitive, imaging, genetic, and biochemical biomarkers
across the Alzheimer’s disease spectrum. In this article, we used 257 patient data from

ADNI 1.

4.2 FDG-PET Data Acquisition

FDG-PET, which monitors glucose metabolism in the brain, and pilot research
employing amyloid PET, which uses radioactive compound pictures, were obtained
from specific locations and gathered at the University of Michigan’s center. All images
that are used in this article are 3D images and in DICOM format. The images are
with a maximum grey level of 32700, and have 96 slices for each patient. 185 MBq (5
mCi), dynamic 3D scan of six 5-min frames 30-60 min post-injection. The University
of Michigan is in charge of data pre-processing. Data is co-registered, averaged, stan-
dardized image and voxel size, and consistent resolution dataset after pre-processing.
Following preprocessing, post-processing is done in Utah by the Foster Group. Using
the NeuroStat package, all images were under the process named standardized to base-
line FDG. With the same package, all images are warped into Talairach space. Finally,

the image intensities are normalized once more. The ADNI website has comprehensive



information on FDG-PET capture and pre-processing.

4.3 Calculation Of 3D-mutual Information

This study used the degree of similarity between a specific image and the other
images in the database to evaluate patient similarity. We calculated the mutual in-
formation for all 96 slices of FDG-PET images using kernel density estimation with a
Gaussian kernel [27]. The mutual information concept is a method in computer-aided
diagnosis, and it is a measurement of two variables’ mutual dependency [28]. The sim-
ilarity index is calculated based on mutual information to detect similarities between

two images. The formula for calculating the mutual information is as follows:

[(X;Y) = H(X) — H(Y) = H(X) + H(Y) — H(X,Y) (4.1)
HXGY) = S50l log 50 (42)

The two random variables are X and Y, and their respective probability density
functions, P(X) and P(Y), are determined by the pixel values of the two images,
X and Y. Their distributions were discovered using the X and Y pictures’ intensity
histograms. The two images’ combined probability density function, Pxy (X,Y), was

calculated using the pixel values of the images.

To find a similarity index, we calculated mutual information of all same slices
from each pair of patients. The result, calculations from 257 patients and 96 slices, we
got 38612 x 38612 computing. After that, we found a MI score from the average of

these slice-based calculations, so we obtained a 3D-Mutual Information score.



4.4 The Distance Value

The decision index was calculated using mutual information scores, for the de-
cision algorithm of computer-aided diagnosis. The formula for calculating the distance

value is as follows:

D(Qi) = ;ZleMI(Qz’, Mi) — ;E’;zlj\/[[(@z‘, Ni) (4.3)

In the formula, M; is AD patient, and NN, is CN patient, k is the selected number
of AD and CN patients. After calculating MI for all slices, we computed distance values
for the selected (Q image compared with others. We repeated this process for every

image.

4.5 Neuropsychological Assessments

Neuropsychological assessments are tests by which memory and thinking skills
are measured. The severity and presence of cognitive dysfunction can be measured,
with these tests [29]. In this study, we used Clinical Dementia Rating Scale (CDR) and
Mini-Mental State Examination (MMSE) neuropsychological assessments. A widely
used test of cognitive performance for the elderly is the mini-mental state examination,
which includes assessments of orientation, attention, memory, language, and visual-
spatial abilities. A score of 20 to 24 indicates mild dementia, a score of 13 to 20

indicates moderate dementia, and a score of less than 12 indicates severe dementia

[30].

The Clinical Dementia Rating is based on evaluating six distinct cognitive and

behavioral domains, including memory, orientation, problem-solving and judgment
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skills, performance in communal, domestic, recreational activities, and personal care.
The CDR was initially created as a staging tool to divide dementia severity into normal,
dubious, mild, moderate, and severe categories. Clinicians conduct a semi-structured
interview with the subject as well as a trustworthy informant or collateral source be-
fore rating the severity of the symptoms across six domains. There are three functional
domains and three domains of cognition (community affairs, personal care, and home
& hobbies) (orientation, memory, judgment, and problem-solving). Five levels of im-
pairment are described by the response alternatives for each area: 0 = None, 0.5 =
Questionable (not present in the personal care domain), 1 = Mild, 2 = Moderate, and

= Severe. The dementia stage is identified by the CDR Global score, which ranges
from 0 to 3. Scores for the Sum of Boxes, which range from 0 to 18, are a continuous

indicator of dementia severity [31].

4.6 Statistical Analysis

All statistical analyses were performed with IBM SPSS (Statistical Package for
the Social Sciences, version 28.0.1) and Excel (version 2022) which is used to determine
the numerical distribution of data. Mean values, standard deviation, coefficient of
variation, and minimum, and maximum values were calculated for demographic and
test variables. An association of similarity index with neuropsychological assessment

results is investigated. Associations were investigated by correlation and analysis of

variance (ANOVA) in SPSS and Excel.

First, all statistical tests were based on a significance level of p <0.05. Demo-
graphic and clinical characteristics were analyzed using the correlation test for differ-

ences between CN and AD patients.

Second, the receiver operating characteristic (ROC) curve and the area under
the ROC curve (AUC) are analyses for discrimination between CN and AD. The ability
of a model to discriminate between classes can be determined and informed by using

the AUC-ROC statistic.
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The ROC curve, also known as a probability curve, and AUC, which stand for
the level of measurement of separability, respectively, show how well the model can
vary across classes [32]. In a ROC curve, when two curves completely avoid each other,
the model’s separability is at its maximum. It can tell the difference between a positive
class and a negative class perfectly. The ROC curve shows the progression of the true
positive rate against the false positive rate at various threshold values. On the ROC

curve, TPR is plotted against FPR with FPR on the x-axis and TPR on the y-axis.

A table called a confusion matrix is used to describe how well the ROC mea-
surement method, calculates the False Negative (FN) and False Positive (FP) ratios on
the image of the segmentation by comparing the results of the test image segmentation
on the original image, to ensure that a segmentation application has a sufficient level of
accuracy. TN is a true negative (truth-value between pictures of detected segmentation
as non-background) with a background in the reference image), and TP is a true posi-
tive (truth-value between image result of segmentation identified as a foreground with
reference image foreground). False Positive (FP) stands for false positive, and False
Negative (FN) for false negative [33]. The formula for calculating the true positive

rate, false negative rate, true negative rate, and false negative rate is given as follows:

TP TP

TPk = Actual Position TP+ FN (44)
FNE= ActuafP]\(isition - TP}:-NF N (4:5)
INE= Actuaf]:’]\;sition B TNT—I{VFN (4.6)
FPR = ki I (4.7)

Actual Position - TN +FP
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4.7 Computation Time

The complexity of computing mutual information and its high computational
time for large datasets led us to implement a GPU-based method using PyTorch (an
open-source machine learning framework that accelerates the path from research proto-
typing to production deployment). To compute histograms, our implementation uses
kernel density estimation with a Gaussian kernel. This implementation uses kernel
density estimation with a Gaussian kernel to compute histograms. It decomposes the
multivariate kernel into the product of each univariate kernel using the diagonal band-
width matrix [34],[35],[36]. Based on the dataset size we need to compute 100x100x96
mutual information for training the model, so we were able to reduce the computation
time of each mutual information from 63 seconds to 0.018 seconds on a computer with
a Corei7 GenlOth processor. RTX206 VGA card (1920 CUDA cores with 240 tensors)
and 16 GB DDR5 RAM.



5.1 Demographic

5. RESULTS
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Table 5.1 provides the mini-mental state examination scores and demographic

information for the datasets utilized in this investigation, as well as the training and

testing set distributions. The dataset included 257 cases including 125 AD and 132

CN from ADNI. The average age of the patients was 75,368 +7,224, and total average
MMSE score is 26,17 +3,629.

5.2

Table 5.1

Demographics and mini-mental state examination scores of the datasets.

Clinical diagnosis || No. cases | Male/Female | Age (mean £SD) | MMSE score
Total Data Set:

AD 125 74/51 75,244 +7,012 24,36 £3,56
CN 132 58,74 75,492 46,874 | 28,95 +1,124
Total 257 132/125 75,368 £7,224 26,17 +3,629
training Set:

AD 95 57/38 76,795 £7,693 23,431 £2,142
CN 102 62/40 77,328 £4,849 28,941 £1,115
Total 197 119/78 77,061 £6,974 26,28 +3,23
testing Set:

AD 30 17/13 73,693 £8,053 | 22,66 +1,174
CN 30 18/12 73,656 £7,203 29 £4,808
Total 60 35/25 73,675 £7,174 25,83 £4,71
Histogram

The histogram graph of the disease severity index (distance value) of both AD

and CN patients calculated in the study is given in Figure 5.1 as can be seen from

the histogram graph, the disease severity index of 98.7% of healthy patients has below

zero disease severity index. 88,5% of AD patients have distance value scores above

0. The most optimal threshold value separating CN and AD images turned out to be
-0.000402052.
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Figure 5.1 Histogram of disease severity index of AD and CN patients.

5.3 Evaluations

The ROC curve is a two-dimensional representation of the performance of a
classifier. A common method used to calculate a classifier’s performance values is the

area under the ROC curve, called AUC [37].

The ROC curves of distance values of AD and CN are shown in Figure 5.2
the highest accuracy of 96,9% was achieved with 197 samples, and the accuracy was
computed by not including the remaining 60 samples of the training set. In the testing
results, the ROC curve turned out to be similar to the training data shown in Figure

5.2 The accuracy for CN and AD testing data was 87,3% output.

An excellent model has an AUC close to 1, indicating that it has a high level of
separability [38]. In this study, our AUC for the prediction of AD, and CN was 0,969
and 0.873 for the testing and training data. This means that it has a good measure of

separability.
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Figure 5.2 ROC Curve of training and testing data.

5.4 MMSE Assessment

One method used in cognitive neurology for Alzheimer’s Disease screening is
the Mini-Mental State Examination. The MMSE is designed to assess overall cogni-
tive functioning and is frequently used in clinical settings, particularly for Alzheimer’s
disease screening [39]. Alzheimer’s identification with the MMSE rating between 0 and
30. A normal cognitive result is obtained when the MMSE score is 25 and above and
all CN patients in this study turned out to be 25 and over as expected in the training
data, in AD patients, 62.5% had an MMSE score between 0 and 24, and the remaining
by 37.5% had an MMSE score, 25 and over. Moreover, when we looked at the results
in the testing data, 66.7% of AD patients had an MMSE score between 0 and 24, while

all CN patients had a score of 25 and above.

To investigate the relationship between the MMSE scores and the disease sever-

ity index (distance value), Pearson correlation coefficients (PCCs) and ANOVA were
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computed. Data has a normal distribution. Estimated regression coefficients, their
corresponding 95% Confidence Intervals (Cls), standard error, and p-values were sum-

marized in Table 5.2.

Table 5.2
Regression coefficients, standard error, corresponding 95% Cls and p-values of MMSE scores and
distance value.

Coefficients | Standard Error | P-value | Lower 95 (%) | Upper 95 (%)
Tntercept 262,000,122 | 0,178244849 | 4.26E-197 | 258,574,543 | 265,605,702
X Variable 1 || 5,857,185 | 5,034,581,484 | 4.76E-20 | -68,501,714 | -48,641,985
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Figure 5.3 MMSE Scores of training and testing data. (A) MMSE Scores of the training. (B)
MMSE Scores of the testing.

Table 5.3
ANOVA Analysis of MMSE score and distance value.

df SS MS F Significance F
Regression 1 8,380,940,717 | 8,380,940,717 | 135,347,778 4.76E-20
Residual || 196 | 1,195,085,415 | 6,192,152,412
Total 197 | 2,033,179,487

The statistical difference PCCs for each severity index and the MMSE domain
scores for testing and training data were also investigated by employing the identical
statistical tests used in the correlation analyses described above (Figure 5.3A, 5.3B)
Also, the regression coefficient (r) is 0,642 for training data and 0,38 for testing data as
shown in Figure 5.4. Moreover, the statistical model used in this work is based on an
analysis of variance (ANOVA) to assess the association between each disease severity
index and the MMSE scores. The relative comparisons among degrees of freedom (df),
sum-of-squares (SS), mean squares (MS), F value, and significance F were also included

in ANOVA analyses (Table 5.3).
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Figure 5.4 Regression plots representing the relationship between MMSE and Distance Value. (A)
Relationship between MMSE and Distance Value of training data (r = 0.642, p < 0.05). (B) Rela-
tionship between MMSE and Distance Value of testing data (r = 0.38, p < 0.05).

5.5 CDR Assessment

The CDR domains in this study are CDR Global, CDR-SOB, CDR-Orient, and
CDR-Memory tests. The CDR rates only impairments due to cognitive deficits rather
than physical disabilities. CDR Global score is about the severity of the illness scale,
so it is an important parameter in the detection of early diagnosis [40]. It is based on
assessments of how well the patient functions in six areas that are frequently impacted
by Alzheimer’s disease. CDR Global Test gave good results are shown in Figure 5.5A,
all CN patient has a ’0’ score (None) as expected, and Alzheimer’s patients have shown

varying scores between 0 and 1 [41].

Moreover, Pearson correlation coefficients were obtained to examine the relation-
ship between the disease severity index (distance value) and the CDR Global scores.
Estimated regression coefficients, their corresponding 95% ClIs, standard error, and

p-values were summarized in Table 5.4.

Table 5.4
Regression coefficients, standard error, corresponding 95% Cls and p-values of CDR Global and
distance value.

Coefficients | Standard Error | P-value | Lower 95 (%) | Upper 95 (%)
Intercept 0,39415085 0,022998265 9.13E-37 0,34879358 0,43950813
X Variable 1 || 839,410,996 | 6,525,949,415 | 8.11E-24 | 710,705,957 968,116,034

Disease severity indexes were highly correlated with CDR scores ranging from



18

A B
12 1,2
@« [ofe ol (tic cxticoe) @« @ 1 @ Y 1<}
g g
] ]
8 0,8 8 0,8
38 0,6 3 0,6
2 D@D @ © 2 e o [ec e o}
. 0,4 © 04
e« £ -4 4
=} =}
o 0,2 - 0,2
COBTH 00 (()!
0,01 -0,005 0 0,005 0,01 0,015 0,02 0,025 -0,02 -0,01 0 0,01 0,02 0,03
Distance Value Scores Distance Value Scores
@AD @CN @AD @CN

Figure 5.5 CDR Global scores of training and testing data. (A) CDR Global Scores of the training.

(B) CDR Global Scores of the testing.
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Figure 5.6 Regression plots representing the relationship between CDR Global Scores and Distance
Value. (A) Relationship between CDR Global Scores and Distance Value of training data (r = 0.677,
p < 0.05). (B) Relationship between CDR Global Scores and Distance Value of testing data (r = 0.51,
p < 0.05).

0 to 1. The regression coefficient (r) is 0,677 for training and 0,51 for testing data. As
shown in Figure 5.6 and Table 5.5, has a normal distribution and there was a strong
positive correlation between disease severity index, assessed with the CDR Global score.
Moreover, we performed an analysis of variance analyses to evaluate the association
between each disease severity index and the CDR Global Score. ANOVA results are

given in Table 5.5.

The Sum of Boxes score is a continuous measure of dementia severity and ranges
from 0-18 [40]. Pearson correlation coefficient is 0,672. As a result, the CDR-SOB test is
a total of tests that gave a good correlation with the disease severity index. Estimated
regression coefficients, their corresponding 95% ClIs, standard error, and p-values of

CDR-SOB were summarized in Table 5.6.
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Table 5.5
ANOVA of CDR Global.

df SS MS F Significance F
Regression 1 | 1,723,255,937 | 172,325,594 | 165,448,145 8.11E-24

Residual 196 | 2,031,058,784 | 0,10415686
Total 197 | 3,754,314,721

Table 5.6
Regression coefficients, standard error, corresponding 95% Cls and p-values of CDR-SOB and
distance value.

Coefficients | Standard Error | P-value | Lower 95 (%) | Upper 95 (%)
Intercept 217,644,416 0,127276059 1.19E-36 19,254,298 242,745,852
X Variable 1 || 45,780,336 3,611,564,319 | 2.99E-23 | 386,575,942 529,030,777

Moreover, we performed ANOVA analyses to assess the association between
each disease severity index and the CDR-SOB Score. The relative comparisons among
degrees of freedom, sum-of-squares, mean squares, F value, and significance F were

also included in ANOVA analyses (Table 5.7).

Table 5.7
ANOVA of CDR-SOB.

df SS MS F Significance F
Regression 1 512,576,187 | 512,576,187 | 160,682,005 2.99E-23

Residual || 196 | 622,050,716 | 319,000,367
Total 197 | 11,346,269

Moreover, the CDR Memory score has a high correlation solely (rtraining=
0,70217454 and rtesting= 0,512) as seen in Figure 5.8. The correlation studies were then
carried out with a population of participants with CDR Memory scores ranging from 0
to 1 (mild dementia) in order to acquire insight into the initial stages of cognitive decline
[42]. Disease severity index scores in these two subject groups were still significantly
correlated with cognitive status, with a confidence interval of 0.446-0.559 (Table 5.8
and Figure 5.7).

Furthermore, the CDR Orient score has also a good correlation solely (rtrain-
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ing= 0,643 and rtesting= 0.501) as shown in Figure 5.10.
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Figure 5.7 CDR-Memory Scores of training and testing data. (A) CDR Memory Scores of the
training. (B) CDR Memory Scores of the testing.
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Figure 5.8 Regression plots representing the relationship between CDR Memory Scores and Distance
Value. (A) Relationship between CDR Memory Scores and Distance Value of training data (r = 0.702,
p < 0.05). (B) Relationship between CDR Memory Scores and Distance Value of testing data (r =
0.512, p < 0.05).
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Table 5.8
ANOVA of CDR-~-Memory.

df SS MS F Significance F
Regression | 1 | 3,081,306,481 | 308,130,648 | 189,652,622 |  1.39E-25
Residual 196 | 3,168,185,905 | 0,16247107

Total 197 | 6,249,492,386
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Figure 5.9 CDR-Orient Scores of training and testing data. (A) CDR Orient Scores of the training.
(B) CDR Orient Scores of the testing.
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Figure 5.10 Regression plots representing the relationship between CDR, Orient Score and Distance
Value. (A) Relationship between CDR Orient Score and Distance Value of training data (r = 0.643, p
< 0.05). (B) Relationship between CDR Orient Score and Distance Value of testing data (r = 0.501,

p < 0.05).
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6. DISCUSSION

Alzheimer’s disease is one of our most unknown diseases, and many studies are
still in the experimental stage. Currently, available drugs specifically, that target AD,
elicit low response rates [43]. The mechanisms through which AD escapes AD-targeted
approaches remain unclear. However, the majority of patient trials result in death
[44]. Tmproving the interpretability and monitoring response for AD treatments will

facilitate the development of novel therapies.

Our first major finding is to improve the interpretability and monitoring and
response of AD. In recent studies, artificial intelligence is frequently used in the de-
tection of Alzheimer’s disease, however, it is a black box. Besides, promising results
of medical Al systems in diagnosing and predicting are not completely fully trusted
by physicians. Medical experts want to know and interpret the decision structure of
the mechanism. Moreover, the severity score of the disease is very important. It can
be understood whether the disease is mild or severe, with the severity score. Artifi-
cial intelligence divides the disease into classes but does not give an objective degree
of severity [45]. With this study, by computing mutual information between AD and
CN patients we find a similarity index, whereupon we calculated the distance value,
which gives severity index through a distance value of FDG-PET data and enhances

interpretability and monitoring of AD with two simple formulas.

Our second major finding is increasing the reliability of diagnostic results of
CDR and MMSE tests. We found a correlation between the similarity index and
the neuropsychological assessment scores. It shows that FDG-PET can be a well-
performed biomarker to validate CDR and MMSE tests. In addition, we increased the
reliability of diagnosing by test results. In [46], a similar result has been reported. So,
given the correlated results of FDG-PET with CDR and MMSE tests, this method
can be used to increase the reliability of the diagnosis and the severity as assessed by

neuropsychological tests by making use of objective imaging results.
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Previous studies demonstrated that rates of decline in CDR were also signifi-
cantly correlated with whole brain atrophy and/or ventricular enlargement by using
MRI [47]. Another study demonstrates that mice exhibit serious neuronal loss, cogni-
tive deficits, and an age-dependent decline in glucose metabolism. Young mice have
already shown an early decline in FDG uptake, similar to AD patients [48]. When we
analyze the previous studies in the literature, our method has several advantages: We
offer some interpretability of results by relying on image similarity. At the same time,
we confirm the CDR and MMSE test results by using the similarity index. This index
can be potentially used to monitor the progress of the patient in time while allowing a

more objective and earlier diagnosis of AD [49].

This study we have done can be important for clinical applications. We can
use FDG-PET to investigate whether a treatment method, such as drug treatment, is
working or see if the disease is progressing. It is probably possible to see the progression
of the disease within weeks with FDG-PET because it shows a metabolic reduction in
the brain. Future work should tackle the diagnostic performance of the method for
other stages of AD such as MCI and the classification accuracy for distinguishing AD
from MCI. There is also a likelihood that this method can better distinguish severity
between healthy and MCI patients with respect to MMSE tests. The sensitivity of the

similarity index to changes in a patient’s status may also be investigated.

For limitations, although significant advances in prediction, diagnosis, and prog-
nosis have been made in recent years using various approaches, such as similarity index,
MI, and Deep learning, there are challenges and limitations in terms of standards in
image acquisition and reproducibility [50]. In addition, one of the serious problems is
that environmental conditions are important when taking a PET image, factors that
can cause artifacts or noise in the environment can cause major changes. At the same

time, device quality is one of the important parameters during shooting [51].

For future works, The relationship of CDR and MMSE test questions and the
different parts of the brain will be explored. For example, the MMSE was related to

the cerebral cortex, accumbens, cerebral white matter, inferior lateral ventricles, and
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hippocampus [52]. Since we used the whole brain image in the study, the correlation
in the MMSE, CDR tests, and distance value in AD patients was relatively lower and
there were some overlaps in different values. With this method, accuracy will increase,
the noise will be reduced, and we will possibly get higher reliability results. Moreover,
we will easily detect earlier (MCI) with FDG-PET, since it is diagnosed from brain
metabolic activity, and will be able to assess disease severity that should correspond

to neuropsychological assessment.

In conclusion, given the importance of diagnosing AD and monitoring its sever-
ity, we were able to improve the interpretability and monitor the response to therapy
by using the severity index from an FDG-PET study as a complement of CDR and
MMSE. Extracting the region of interests (ROIs) and investigating the relationship
between them and neuropsychological evaluations using the proposed method can be

conducted as a future study.
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