. mathematics

Article

Prediction of Medical Conditions Using Machine Learning
Approaches: Alzheimer’s Case Study

Georgiana Ingrid Stoleru *

check for
updates

Citation: Stoleru, G.L; Iftene, A.
Prediction of Medical Conditions
Using Machine Learning Approaches:
Alzheimer’s Case Study. Mathematics
2022,10,1767. https://doi.org/
10.3390/math10101767

Academic Editor: Catalin Stoean

Received: 14 April 2022
Accepted: 20 May 2022
Published: 22 May 2022

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Adrian Iftene *

Faculty of Computer Science, Alexandru Ioan Cuza University, 700483 Iasi, Romania
* Correspondence: ingridstoleru@gmail.com (G.1.S.); adiftene@info.uaic.ro (A.L)

Abstract: Alzheimer’s Disease (AD) is a highly prevalent condition and most of the people suffering
from it receive the diagnosis late in the process. The diagnosis is currently established following an
evaluation of the protein biomarkers in cerebrospinal fluid (CSF), brain imaging, cognitive tests, and
the medical history of the individuals. While diagnostic tools based on CSF collections are invasive,
the tools used for acquiring brain scans are expensive. Taking these into account, an early predictive
system, based on Artificial Intelligence (AI) approaches, targeting the diagnosis of this condition, as
well as the identification of lead biomarkers becomes an important research direction. In this survey,
we review the state-of-the-art research on machine learning (ML) techniques used for the detection of
AD and Mild Cognitive Impairment (MCI). We attempt to identify the most accurate and efficient
diagnostic approaches, which employ ML techniques and therefore, the ones most suitable to be used
in practice. Research is still ongoing to determine the best biomarkers for the task of AD classification.
At the beginning of this survey, after an introductory part, we enumerate several available resources,
which can be used to build ML models targeting the diagnosis and classification of AD, as well as
their main characteristics. After that, we discuss the candidate markers which were used to build Al
models with the best results in terms of diagnostic accuracy, as well as their limitations.

Keywords: Alzheimer’s disease; mild cognitive impairment; biomarkers; machine learning; deep
learning; diagnosis

MSC: 68T07

1. Introduction

Brain disorders are increasingly recognised as a significant cause of death and a global
healthcare problem. They are broadly divided into two main categories, respectively
Neurodegenerative diseases and Neuropsychiatric disorders [1].

Neurodegenerative Diseases are defined by progressive loss of neurons, which disrupts
the function of the Central Nervous System (CNS) as well as the Peripheral Nervous
System (PNS). Some common neurodegenerative diseases are Alzheimer’s Disease (AD),
Parkinson’s Disease (PD), Prion Disease and Huntington’s Disease (HD). These diseases
cause the impairment of one or several particular functions contributing to one’s daily
experiences, such as movement, speech, memory and coordination. Therefore, patients
with these conditions experience a significant reduction in social, work and day-to-day
activities [2]. These limitations raised questions about the quality of life of both patients
and caregivers. From this point of view, Clark outlined the importance of promoting
well-being, such as to “add life to years rather than years to life” [3]. Several early reviews
enumerated the risk factors associated with neurodegenerative diseases in general and
AD in particular [4-9]. Aging has been identified as the primary risk factor for most
neurodegenerative diseases [10,11]. More than one in nine individuals aged 65 and older
were living with AD in 2021, with the prevalence of this condition continuously rising with
the increasing age [12].
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Neuropsychiatric Disorders are specific conditions in which an individual’s thoughts,
perceptions, emotions and behaviour cause suffering and interfere with the individual’s
daily functioning [13]. Bray et al. [14] provide a detailed survey illustrating several attempts
of identifying susceptibility genes for neuropsychiatric disorders, enforcing the idea that
these conditions are attributable to genetic factors. Recent epidemiological studies suggest
that toxic stress converts this genetic susceptibility into actual neurological disorders [15,16].
Early-life negative events raise the risk for the development of the neuropsychiatric disorder.
Childhood traumatic events are risk factors for developing bipolar disorders [17].

Multiple brain disorders occur after other life-threatening illnesses such as Acute
Respiratory Distress Syndrome (ARDS). Sasanneja et al. [18] review pathophysiological
mechanisms, epidemiology and risk factors underlying cognitive impairment following
ARDS. In these cases, neurocognitive and neuropsychiatric problems persist for years after
the lung injury, even when a clear and defined structural brain injury appears absent.
The long-term sequelae prevent patients from regaining the quality of their lives before
the illness. Kumar et al. [19] provide a comprehensive review of the brain pathologies and
chronic neuropsychiatric sequelae associated with COVID-19 infection. In this context,
multiply studies arise regarding the early diagnosis and the prevention of brain dysfunction
in the critically ill [20-23].

Huang et al. [24] identify two highly important characteristics of the brain which
contribute to recovery from brain injury. The first of them is the redundancy, which refers to
the ability of intact brain areas to take over functions formerly performed by a damaged
area. However, redundancy is reduced in older age [25], making the brain less capable
of shifting functions from one area to another. Moreover, some functions of the brain,
such as vision, can not be fulfilled by other brain areas [26]. As a result, direct harm to
that areas may lead to permanent consequences. The second characteristic is the plasticity,
meaning the ability of some nerve cells to change so that they can perform new functions.
The level of plasticity experienced throughout life can be potentiated by genetic, cellular
and molecular factors, as well as by environmental differences [27].

Alzheimer’s Disease (AD) Overview

AD is an irreversible severe neurodegenerative disease that causes the deterioration
of brain tissue and consequently, the loss of mental function. In 2019, AD was ranked as
the sixth leading cause of death in the United States (US), accounting for 44.7% of all the
dementia cases [28]. During 2020, COVID-19 has been added as a new cause of death and
AD thus became the seventh leading cause of death in the US [29].

The causes of AD are not fully understood yet. However, significant progress is
being made in this direction. Research shows that the AD brain is characterized by the
extracellular amyloid plaques and intracellular tau tangles [30-33]. While it is not clear
what causes this process to begin, it is known that it starts several years before symptoms
occur. This is why significant efforts are being undertaken to find new biomarkers for the
early identification of AD. While there is no drug or intervention which can successfully
treat AD, the early detection of this condition involves several benefits. Firstly, the subject
is more likely to be eligible for clinical trials, which most often address people in the
early stages of AD. Secondly, Aducanumab, the first drug which attacks the underlying
pathobiology of the disease and the first one approved in the last 18 years (in 2021), has
been clinically tested on patients with early AD [34]. Therefore, if the disease was detected
before the neurological symptoms arise, its evolution could be better controlled.

Younes et al. [35] attempted to identify change-points in measures based on brain
imaging, cognitive tests and cerebrospinal fluids, in order to determine the risk of devel-
oping AD at least 10 years before the onset of the most prevalent symptoms. There have
been distinguished minor changes in cognitive test scores 11 to 15 years before the start of
cognitive impairment for the patients who later developed cognitive problems or dementia.
Furthermore, increases in the rate of change of tau protein in cerebrospinal fluid have been
discovered 34 years prior to symptom onset. An early and precise diagnosis of AD could
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also save high amounts of money invested in medical and care expenses. According to [36],
in 2020, the total amount of healthcare costs for the treatment of AD was estimated at
$305 billion. It is an interesting fact that these costs are expected to increase to more than $1
trillion as the population ages.

Until now, several factors are known to increase the risk of developing this condition.
The first and the most significant one is the age. According to [37], the probability of
developing AD doubles every 5 years after reaching 65. The inherited genes can contribute
to the risk of developing AD. It appears that this condition is one of the diseases with the
highest level of heritability (more than 70%) [38]. Other factors include cerebrovascular
diseases (the most consistently reported), diabetes, hypertension, smoking, obesity and
dyslipidemia [39]. Silva et al. [40] provide a more in detail description regarding the
association of the previous risk factors to AD development.

In the following, Section 2 enumerates several datasets and tools widely used in the
state-of-the-art research, which prove to be highly relevant towards achieving the task of
AD diagnosis. Section 3 presents the most recent findings regarding relevant biomarkers
identification. The benefits of including each category of biomarkers, as well as their
limitations are reviewed at the end of this section, next to references to the classifiers which
employed them and led to the best diagnostic accuracy. Section 4 provides a detailed com-
parison of the latest ML approaches designed to predict conversion from MCI to AD and
which had the best results in terms of diagnostic accuracy. Finally, Section 5 concludes and
presents future directions of ML in the field of AD diagnosis and biomarkers identification.

2. Relevant Resources

In machine learning algorithms, data plays an essential role in terms of the quality of
the solutions we obtain. Their size and the quality of the annotations they have are very
important and that is why they are given special attention.

2.1. OASIS Datasets

The Open Access Series of Imaging Studies (OASIS) [41] is a project that made neu-
roimaging data sets of the brain available for free to the scientific community, with the
aim to help the researchers that work in this field. Details about available OASIS datasets
are presented in Table 1. These datasets are comprised of MRI data collected from both
Cognitively Normal (CN) and AD subjects.

Table 1. OASIS Datasets [41].

. . Age & Age &
Name Dataset Type Sgb] ects Scans C.ount AD Subjects Gen%ler for Gen%ler for References
ount per Patient Count
CN AD
Cross- 18-96 years, 60-96 years,
OASIS-1 Sectional 416 3or4 100 119 male, 41 male, [42]
197 female 59 female
Longitudinal 64 at initial 60-96 years, 60-96 years,
OASIS-2 (two or more 150 3or4 visits and 14 22 male, 36 male, [43]
visits) at later visits 50 female 28 female
Longitudinal 42.5-95.6 years, 42.5-95.6 years,
OASIS-3 (two or more >1000 not specified 489 358 male, 254 male, [44]
visits) 487 female 248 female

2.2. ADNI Datasets

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) [45] is a study aimed at
developing biomarkers for the early detection and tracking of AD. It comprises four distinct
phases—ADNI1, ADNIGO, ADNI2 and ADNIS3, in each of which new participants were
recruited, while the existing ones from earlier phases continued to be monitored. A high
level overview of the categories from this study is presented in Table 2.
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Table 2. ADNI Datasets [45].

Data Type Subcategories References
.. Recruitment Data, Demographics, Physical
Clinical Data Examinations, Cognitive Assessment Data [46-53]
Genetic Data Genotyping and Sequencing Data [51,54-57]
Medical Images MRI and Positron Emission Tomography (PET) images [48,51,58-66]
Biospecimen Urine, Plasma and Serum from Blood, CSF [48,61,67]

Details regarding gender, racial and age group distribution of subjects enrolled in
ADNI studies are illustrated in Tables 3 and 4.

Table 3. Enrollment by Gender and Racial Categories.

American Black or .
Indian or Asian Hawaiian African White II\{/[ ultlflg R NOtt d S Tl(:.t al t
Alaskan American eporte eporte ubjects
Male 0 9 0 16 450 2 1 478
Female 1 5 0 23 314 1 0 344
TOTAL 1 14 0 39 764 3 1 822

Table 4. Enrollment by Age Group.

Age Group Enrolled Subjects
Less than 55 4
55-60 22
61-65 56
6670 85
71-75 244
76-80 229
81-85 137
86-90 44
91-95 1
TOTAL 822

As illustrated in Table 4, there are only 4 subjects less than 55 years old. Furthermore,
94% of male subjects and 91% of female subjects are white, which might lead to a classifier
not generalising well to a larger and more diverse population. The distribution of subjects
by diagnostic categories is represented in Table 5.

Table 5. Diagnostic Categories.

Normal MCI AD Total
Count 229 405 188 822
Percent 28% 49% 23% 100%

2.3. The Alzheimer’s Project

The Alzheimer’s Project [68] contains a detailed exploratory data analysis based on the
ADNI dataset and several predictive models for AD diagnosis [69,70]. The authors used
the ADNI1 dataset for both the cross-sectional and the longitudinal models. The choice of
using only the ADNI1 phase was due to the fact that particular predictors were entirely
missing across several phases of the ADNI study. A detailed comparison between these
experiments is illustrated in Table 6. The baseline measurements refer to the ones retrieved
at the first visit (both features and diagnosis). For each of the models, the best obtained
results in terms of accuracy are illustrated in Table 6.
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Table 6. Detailed comparison between Logistic Regression models developed in the Alzheimer’s Project.

Prediction Training Test Accurac
Model Type Model Name Features Accuracy Best Y Train/Test Split
Type Best Model
Model
Logistic All Baseline Baseline
Cross-Sectional S1st Diagnosis 80.6% 78.3% 75%/25%
Regression Features -
Prediction
- Baseline
Cross-Sectional LOngt}C MMSE, CDRSB Diagnosis 93.4% 92.6% 75%/25%
Regression scores -
Prediction
All Baseline Progression
Logistic Features & from
Longitudinal S5 . . Cognitively 75% 63% 80%/20%
Regression Time until last
it Normal to
vist MCI/AD
All Baseline .
Logistic Features & Progression
Longitudinal g1st . : from MCI to 76% 63% 80%/20%
Regression Time until last AD
visit

Limitations of this study:

¢ The youngest participant in the dataset is aged 55—therefore, the models can not be
used to provide early diagnosis.

¢  The dataset has a large number of male participants, white and married - therefore,
the models may not generalize well to the larger population.

Future directions concerning this study:

¢ The methodology should be extended to datasets involving younger patients.
¢  Itshould be tested whether the developed models predict well also on under-represented
groups in the ADNI dataset.

3. Current Research Directions in Biomarkers Identification

AD is a complex neurodegenerative disease which has no effect and early diagnostic
methods. The methods currently used to diagnose AD are based on cognitive tests, imaging
techniques and cerebrospinal fluid (CSF) levels of amyloid-f1-42, total tau protein and
hyperphosphorylated tau (p-tau).

3.1. Neuropsychological Tests

There is no single diagnostic test that can indicate if one has AD. However, as shown
in Table 7, there are several mental cognitive status tests, which assess memory, thinking
and simple problem-solving abilities.

Ref. [71] conducted several experiments on neuropsychological and cognitive data.
They found out that traditional ML algorithms, such as Support Vector Machine (SVM),
Random Forest (RF), Gradient Boosting (GB) and AdaBoost achieved similar classification
performances with neuropsychological or cognitive data. The neuropsychological data
gathered from participants included Mini-Mental State Examination (MMSE), Alzheimer’s
Disease Assessment Scale-Cognitive Subscale (ADAS-Cog), F-A-S Letter Verbal Fluency
(F-A-S LVF) and Logical Memory subtest of the Wechsler Memory Scale (WMS-IV) scores.
In addition, data with the Lawton Instrumental Activities of Daily Living Scale (IADL)
and Neuropsychiatric Inventory (NPI) were collected and included in this study. IADL
evaluates a person’s ability to conduct daily tasks including using a telephone, doing
laundry and handling finances. NPI consists of a brief interview with a family member
or friend who can assess several behavioural areas that are frequently impaired in AD
patients. The subjects having AD and MCI were part of the Memory Disorders Program
cohort at Georgetown University Medical Center, while the CN individuals were recruited
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from Washington DC metropolitan area. Employing all the features corresponding to nine
neuropsychological test scores, the authors obtained the best results using GB, therefore
obtaining an accuracy equal to 81.06%. Performing the same experiment, but this time
applying Synthetic Minority Oversampling Technique (SMOTE) led them to an accuracy
equal to 82.93% both with GB and RF algorithms. The Multilayer Perceptron (MLP)
approach outperformed traditional algorithms when using neuropsychological test scores,
the best result being equal to 88.46% in terms of diagnostic accuracy. Ref. [52] proposed an
MLP based approach for the task of binary classification, with the data consisting of scores
from three neuropsychological tests. More specifically, the data was retrieved from the
ADNI datasets, containing the scores for the following tests: ADAS-Cog, MMSE and FAQ.
For each of these tests, the baseline measurements were chosen (the ones from the first visit).
The MLP models were trained to perform binary classification between distinct cognitive
groups: AD vs. CN, AD vs. MCI, respectively MCI vs. CN. When using only one particular
test, the best result was obtained by employing the MMSE scores for AD vs. CN and AD
vs. MCI, with an accuracy equal to 96.92%, respectively 84.75%. In addition, for MCI vs.
CN classification, the highest accuracy was obtained for the ADAS-Cog dataset, with a
value equal to 81.54%. Finally, for AD vs. MCI vs. CN (3-way MLP) the best result was also
reached when training on the ADAS-Cog related features, with an accuracy equal to 72.75%.
The results considerably improved when the combined three tests were used as an input.
The MLP model thus obtained an accuracy equal to 99.76% for AD vs. CN, 89.64% for AD
vs. MCI, 90.81% for MCI vs. CN and 84.28% for AD vs. MCI vs. CN. Ref. [72] conducted a
study to develop a DL algorithm for identifying a few top neuropsychological tests which
could accurately classify the following groups: Early Mild Cognitive Impairment (EMCI),
Late Mild Cognitive Impairment (LMCI), AD and CN. Besides these tests, the features also
included demographics, genetic factors and blood biomarkers and were collected from
383 EMCI, 644 LMCI, 394 AD patients and 516 CN, all belonging to the ADNI dataset.
The following five feature selection methods were used to identify the most predictive
variables: Information Gain, Boruta Random Forest, Recursive Feature Elimination with
the RF Classifier, Logistic Regression (LR) with LASSO/L1 regularization, and Permutation
Importance. The neural network was an MLP with two fully connected dense layers for
classification, followed by a dropout layer and ending with a fully connected dense layer.
All five feature selection methods yielded the top classifiers to be the CDRS, LDELTOTAL,
mPACCtrailsB, mPACCdigit and MMSE.

Table 7. Neuropsychological Tests for AD Diagnosis.

Name Evaluated Skills Score Range Score Interpretation References
Mini-Mental State Orientation, Attention, . The greater the
Examination (MMSE) Memory, Language, 0-30 impairment, the lower [73-78]
Visual-Spatial Skills the score
Memory, Orientation,
Clinical Dementia Rating Scale J udgment, Problem . T.he greater the
(CDRS) Solving, Community 0-3 impairment, the greater [79-84]
Affairs, Home and the score
Hobbies Performance
Alzheimer’s Disease Memorv. Orientation The greater the
Assessment Scale-Cognitive Lan 1}1]/a o Praxis ! 0-70 impairment, the greater [85-89]
Subscale (ADAS-Cog) guage, the score
. - . The greater the
Functional Activities Everyday Functional 0-30 impairment, the greater [90-94]

Questionnaire (FAQ)

Abilities
it the score




Mathematics 2022, 10, 1767 7 of 20

Table 7. Cont.

Name Evaluated Skills Score Range Score Interpretation References

Everyday Functional The greater the

Everyday Cognition (ECog) Abilitics 14 impairment, the greater [95-100]
the score
F-A-S Letter Verbal Fluency Depends on the number . The greater the
Verbal Fluency impairment, the lower [101]
(LVF) of words created
the score
. Dep.ends on the eyaluated The greater the
Logical Memory subtest of the M . index (e.g., Visual . .
emory Functions . impairment, the lower [102-107]
Wechsler Memory Scale Memory, Auditory
the score
Memory)
Delayed total recall m?:rli:zutsnr iioifrcéd Depends on the recalled ;| jz;ierrig;rel? e llfwer [72,108,109]
(LDELTOTAL) racq amount of information P ! e
earlier the score
Modified Preclinical Alzheimer The greater the
o . . . Depends on the recalled . .
Cognitive Composite with Memory Functions amount of information impairment, the lower [72,109]
Digit test (mPACCdigit) the score
Modified Preclinical Alzheimer The greater the
Cognitive Composite with Processing Speed - impairment, the lower [72,109]
Trails test (mPACCtrailsB) the score

3.2. Neuroimaging Biomarkers

One of the most important biomarkers studied for AD diagnosis is the structural
change in the brain morphology measured from the Magnetic Resonance Imaging (MRI).
MRI offers a direct measurement of brain structure in detail, facilitating the conversion of
visible degeneration patterns into a biomarker score. This score can show how similar the
individual’s brain looks as compared to a CN brain or a clinically diagnosed AD brain.

According to [110], MRI-based measurements of atrophy are regarded reliable indica-
tors of disease state and progression. Despite its convoluted structure, the boundaries of the
hippocampus are easier to recognize by automated algorithms than amygdala, entorhinal
cortex or parahippocampal gyrus. This is due to the fact that the anatomical boundaries of the
hippocampus are distinct at high-resolution T1-weighted MRI scans. At the mild dementia
stage of AD, hippocampal volume is already reduced by 10-15% [111]. A recent study
estimated that MTA has 73% sensitivity and 81% specificity to predict whether patients
with MCI will develop dementia [112]. However, there has been little research done for the
diagnosis of AD using exclusively the hippocampal atrophy marker and machine learning
methods for classification.

In order to perform an analysis of the brain tissue, accurate automated segmentation of
brain structures needs to be done. Hippocampus segmentation in MRI is a problem in itself
due to its small size, anatomical variability, low contrast and indistinct boundary. Ref. [113]
shows that segmenting the hippocampus using conventional methods (based on the region
growing technique) does not achieve acceptable results. Ref. [114] focus on an approach
to detect AD from MRI scans using ML algorithms. In order to perform the experiments,
there have been selected 235 MRI scans from the OASIS dataset corresponding to different
AD stages. The preprocessing of the scans consists of the use of Contrast enhancement.
For the feature extraction part, the texture, area and shape features are extracted using
the Gray-Level Co-Occurrence Matrix and Moment Invariants from the hippocampus,
which is selected as the Region of Interest (ROI). In addition, there are extracted features
indicating the age, gender, education, socio-economic status and MMSE score. These are
further fed to an Artificial Neural Network (ANN), which is trained to detect AD using the
Scaled Conjugate Gradient (SCG) algorithm. The proposed system has an average accuracy
of 86.8%.

Ref. [115] proposed an ensemble of three deep convolutional neural networks with
slightly different configurations. These were fed with patches from three physical planes of
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MRI images: horizontal, frontal and median. The MRI images belong to the OASIS dataset.
As a preprocessing step, the scans are normalized (by shifting inputs to zero-mean and
unit variance). Each individual CNN model has the same architectural pattern, consisting
of convolution, batch normalization, rectified linear unit and pooling. The authors kept
these layers very narrow with 12 filters per layer. Batch normalization speeds up the
training process, by acting as a regularizer. The models were trained independently and
the output classification labels were ensembled together using a majority voting technique.
The accuracy of this model on the OASIS dataset was equal to 93.18%.

Ref. [116] proposed a CNN-based algorithm which uses MRI coronal slices covering
the medial temporal lobe to classify AD vs. CN subjects. The authors used the Inception-v4
architecture [117] with slight modifications. This model was designed to take 2D images
with three RGB channels as inputs. As a result, the gray-scale coronal slices were triplicated
into three channels for consistency. After feeding the network with a single coronal slice,
the output was a feature vector containing 1024 values. The authors added three additional
values to the end of the vector: the age of the subject (because mild MTA is observed in CN
elderly subjects), the sex and the number of coronal slices which were evaluated. The final
concatenated vector contained 1027 values and was fed to the classifier module, a fully
connected layer with 1027 input nodes and 2 output nodes. These were fed into a softmax
output layer, which predicted the probability that a particular MRI image indicated the
presence of AD. In terms of results, the accuracy of the models trained on the ADNI dataset
was equal to 89%.

Ref. [118] also used a subset of the ADNI dataset, including 302 MRI images, for the
task of AD classification. For the preprocessing step, the non-brain tissues were removed
from scans by optimizing the fractional intensity threshold and reducing image bias and
residual neck voxels. The brain-extracted images were further segmented into grey matter
(GM), white matter (WM) and cerebrospinal fluid (CSF). In addition, GM images were
registered to a standard template using linear affine transformation. Next, a convolutional
architecture consisting of a set of learnable filters was used to extract low- to mid-level
features. Feeding the obtained data to a GoogleNet classifier led to an overall accuracy rate
equal to 98.84%.

Ref. [119] proposed a multistage classifier consisting of several CNN models, with the
purpose of identifying subjects with MCI or AD using MRIs, as it follows: classification
between AD and HC (Healthy Cognition), MClc (MCI patients who will convert to AD) and
HC, respectively MClc and MClInc (MCI patients who will not convert to AD). For each of
these binary classification tasks, multiple CNN models were trained using a set of sagittal,
coronal and transverse MRI slices. These CNN models were further integrated into a single
ensemble. Each base classifier based on 2D CNN models was trained using each set of the
sagittal, coronal, or transverse MRI slices.

After building these base classifiers, the first five with the best generalization perfor-
mance for each slice orientation were chosen. This resulted in three classifier ensembles
based on single-axis slices, each of them containing the 5 best base classifiers. The output of
an individual classifier ensemble was generated by combining the outputs of these 5 base
classifiers. Finally, a majority vote scheme was used to combine the predictions of these
three classifier ensembles. When tested on the ADNI dataset, the average classification
accuracies were 84% for AD vs. HC, 79% for MClc vs. HC, and 62% for MClc vs. MClInc.

Table 8 summarizes the above-presented ML approaches, the employed preprocessing
and classification algorithms, the used datasets and the accuracies of the best obtained models.
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Table 8. Machine Learning Approaches using Neurolmaging Biomarkers.
Dataset . g Classification
Authors Name Data Type Preprocessing Classifier Accuracy
Raut et al., 2017 [114] OASIS MRI Data Contrast enhancement ANN 86.8%
Islam et al., 2018 [115] OASIS MRI Data Image normalization Ensemble of CNNs 93.18%
Bae etal, 2020 [116] ~ ADNI MRIData ~ Crayscale coronal slices were Inception-v4 89%
triplicated into 3 channels
Removal of non-brain tissues
Sarraf et al from scans, Image
2017 [11 8]., ADNI MRI Data Segmentation, Image GoogleNet 98.84%
Registration using Linear
Affine Transformation
Skull Extraction, Registration,
Image Smoothing, Voxel-Based =~ Multistage classifier o
Pan et al., 2020 [119] ADNI MRI Data MRI Signal Intensity based on CNN 84.5%
Normalization

3.3. Genome, Blood and Cerebrospinal Fluid Biomarkers
3.3.1. CSF Biomarkers

Methods relying on CSF biomarkers are both costly and invasive. In addition, the
sensitivity and specificity of CSF amyloid-31-42 and p-tau biomarkers have raised concerns
in several studies about their clinical implications [120-122]. According to [120], CSF
biomarkers are based on a quantitative interpretation. Even if standardization efforts are
more advanced for CSF biomarkers than for other categories of biomarkers, their practical
use must follow specific best-practice guidelines. Ref. [123] states that the sensitivity of
CSF ApB42 is between 0.69 and 0.81 and specificity between 0.44 and 0.89. These values
imply a great risk of either overdiagnosis or underdiagnosed, misattributed or ignored
symptoms. As a result, patients are frequently diagnosed late, placing a burden on the
health systems. Ref. [124] proposed a classification model for AD diagnosis employing CSF
biomarkers and the J48 algorithm, which led to an accuracy equal to 98.82%. The dataset
was acquired from Kaggle and comprised 91 MCI patients and 242 CN subjects. The data
consisted of protein level of amyloid—A 42, native Tau protein, phosphorylated form of
Tau and Apolipoprotein E genotype. The feature selection step was accomplished using
InfoGainAttributeEval from Weka (a data platform for ML tasks consisting of tools for data
pre-processing, classification, and clustering).

Ref. [125] developed an ensemble model using a combination of CSF protein biomark-
ers to predict AD with an accuracy equal to 95.52%. The dataset employed in this approach
was generated by Craig Schapiro et al. [126], comprising both demographic and CSF protein
biomarkers. After applying Recursive Feature Elimination (RFE), three biomarkers proved
to be the most informative: Cystatin C, Matrix metalloproteinases (MMP10) and tau protein.
The classification model used a weighted average of an LR model and a linear SVM.

3.3.2. Genome Biomarkers

Several studies evaluated the potential of genetic biomarkers in AD diagnosis. Ac-
cording to [127], the following genes have been significantly involved in Early Onset
AD (EOAD): Amyloid-g precursor protein (ABPP), presenilin 1 (PSEN1) and presenilin 2
(PSEN2). Meanwhile, late-onset AD (LOAD) has been associated with other genes, includ-
ing: apolipoprotein E-e4 (APOE €4), bridging integrator 1 (BIN1) region, clusterin (CLU),
phosphatidylinositol clathrin assembly lymphoid-myeloid (PICALM), and complement
receptor 1, identified in Genome-Wide Association Studies (GWAS) [128]. Among these
associated genes for LOAD, the APOE ¢4 allele proves to be a promising biomarker for
AD diagnosis.

Booij et al. [129] used 1239 genes as features for a Partial Least Square Regression
classifier to identify the presence or absence of AD. Data was collected from different health
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institutions in the Oslo area of Norway between 2004 and 2005. The algorithm had an
accuracy of 87% and managed to also discriminate AD from Parkinson’s with an accuracy
of 89%.

Lunnon et al. [130] used 48 genes, many of which were mitochondrial genes (asso-
ciated with oxidative phosphorylation, mirroring changes known to occur in the brains
of AD patients), together with an RF classifier to diagnose AD with an accuracy equal to
75%. Subjects employed in the experiment were from AddNeuroMed, a cross-European
biomarker study.

Perera et al. [131] proposed a machine learning framework which identified 14 new
candidate biomarker genes for AD, some of which are validated by biological research.
The authors used GSE5281 [132] brain dataset, which contains 161 subjects and 24,438
unique gene symbols. After using feature selection algorithms such as RF, Extra Tree Clas-
sifier and Co-relation Matrix, the selected gene symbols are AC004951.6, MAFF, SLC39A12,
PCYOXIL, CTD3092A11.2, RP11-271C24.3, PRO1804, PRR34-AS1, SST, CHGB, MT1M, JPX,
APLNR, and PPEF1. Out of these, 4 genes have already been discovered as AD-related in
the GeneCards [133], respectively: SST, CHGB, SLC39A12 and MT1M. In addition, using
these 14 genes as features for an SVM classifier with a linear kernel led to an accuracy of
91.84% for the task of AD classification.

Sekaran et al. [134] identified 24 novel gene biomarkers using Rhinoceros Search
Algorithm applied on the GSE1297 dataset retrieved from Gene Expression Omnibus
(GEO). In addition, the authors applied an MLP classifier to these most informative features
thus obtaining an accuracy equal to 100% in identifying the distinction between AD and
normal genes. The data used for this experiment was extracted from the hippocampal
region of the brain and contained 31 samples.

Sharma et al. [135] employed an ensemble of RF and LASSO to AD-associated gene
expression datasets corresponding to four brain regions—Prefrontal Cortex (PC), Middle
Temporal Gyrus (MTG), Hippocampus (H), and Entorhinal Cortex (EC), in order to identify
new genetic biomarkers. The data was extracted from the GEO database. Few gene
candidates were commonly identified by both feature selection methods. In addition, there
were common gene candidates within different brain regions, such as e ZNF621, SLC25A46,
RAE1, and ANKIB1, found in both H and EC regions. When using ElasticNet for the
classification task, with both feature selection algorithms applied for the H and PC region
data, the obtained prediction accuracy was 100%.

However, it is more difficult to collect genetic data from the patients, making this
approach a more exclusive one.

3.4. Potential Novel Biomarkers

An important research direction in this field is represented by the identification and
validation of novel biomarkers. From this point of view, Ref. [136] investigated how ML
and novel biomarkers can be used for the diagnosis of AD. The authors studied the AD spe-
cialized journals and in addition to AB and tau-related biomarkers, they investigated other
mechanisms of AD pathology, such as neurofiliament light (NFL), synaptic dysfunction
and neuroinflammation.

NFL is a biomarker indicating neurodegeneration. Ref. [137] showed that blood NFL
and CSF NFL concentrations correlate well, while NFL levels correlate inversely with
MMSE scores. In addition, other CSF biomarkers including t-tau, p-tau, neurogranin and
YLK-40 positively correlate with NFL.

Synaptic dysfunction is one of the earliest detected changes in AD. Nilsson et al. [138]
investigated 17 synaptic proteins which might indicate synapse degeneration in AD. The re-
sults showed that beta-synuclein, gamma-synuclein, neurogranin, phosphatidylethano-
lamine-binding protein 1, 14-3-3 proteins and neuronal pentraxins are altered in AD com-
pared to healthy controls, therefore acting as potential early indicators of the disease.

According to [123], biomarkers of neuroinflammation include sTREM2 and YKL-
40, their elevated levels within the CSF indicating AD pathology. Gaetani et al. [139]
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conducted research in order to identify protein biomarkers reflecting neuroinflammation
in AD using multiplex proximity extension assay (PEA) testing. In addition, they applied
ML approaches to identify biomarkers which discriminate between AD-MCI and other
neurological diseases (OND). CSF samples belonging to the patients with AD-MCI and
OND were collected over an 8-year period and further provided by the Laboratory of
Clinical Neurochemistry, Department of Medicine and Surgery, University of Perugia.
After performing a univariate analysis of the z-scores relative to the measured proteins, the
most discriminatory proteins between AD-MCI and OND included SIRT2, HGF and MMP-
10 and CXCL5. These tested proteins were also present after applying LASSO, showing
promising performance in differentiating AD-MCI and OND.

Table 9 summarizes the benefits of including each category of biomarkers, as well as
their limitations, providing references to the classifiers which employed them and led to
the best diagnostic accuracy.

Table 9. Benefits and Limitations of Different Biomarker Categories.

Biomarker e ey Best Classifier e Best Classifier Best Classifier
Limitations Best Classifier
Category References Dataset Accuracy
Lot xponaive, Thereisno
Wi(li?el ! single test MLP for AD vs.
Cognitive ey which can [52] CN ADNI 99.76%
available, .. cpe s
. . indicate a classification
Noninvasive, diaenostic
Lack of pain &
Decreased
hippocampal
Less expensive volume is not
Widely i?l-tsoprﬁ 21tf11cc, GoogleNet for
MRI Data available, . [118] ADvs. CN ADNI 98.84%
. ) segmentation of o
Noninvasive, . classification
Lack of pain scans 18
challenging,
Need expensive
infrastructure
Advanced stan-
dardization, Expensive, o
CSF High diagnostic Invasive [124] J48 Kaggle 98.82%
performance
Can help assess e
Genetic Data the risk of Difficult to [134,135] MLP/ElasticNet GEO 100%
. collect
developing AD

4. Predicting Progression from MCI to AD with Machine Learning Approaches

Mild Cognitive Impairment (MCI) is an intermediate phase between healthy and AD.
It is critical to identify MCI subjects who will convert to AD at an early stage to slow down
the cognitive deterioration of AD patients. Conversion usually occurs in the first three years
after being diagnosed with MCI and the conversion rate lowers considerably in the years
that follow.

As seen above, several cross-section structural MRI-based methods were proposed to
distinguish between healthy controls and AD patients, some of which report an average
classification accuracy higher than 98% [118]. Even if these approaches do diagnose
Alzheimer’s, it is often too late for treatment, as most drugs approved by the Food and
Drug Administration (FDA) seem to have a greater impact in the early stages of the disease.
Moreover, anatomical development in the brain is due to both normal ageing as well as to
AD progression, so it is difficult to discriminate between HC/MCI and AD at a single scan.
Older subjects are more similar to AD, so to avoid such a bias, several approaches started
to use longitudinal image information.
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From this point of view, Ref. [140] provide a new way to discriminate between MCI
patients that either convert to AD or remain stable, using longitudinal MRI. The dataset
used in the paper is obtained from the ADNI collection. The scans are pre-processed
by ADNI as follows: images from the Philips machine are intensity corrected by the N3
method [141], while images from Siemens or GE machines are grad-warped, followed
by B1 bias field correction and N3 intensity non-uniformity correction. The anatomical
development within the brain is represented by the Stationary Velocity Field (SVF) from
registration between the baseline and follow-up images. A linear SVM is employed as
a classifier. Using 36-month follow-up data and 10-fold cross-validation, this approach
led to an accuracy equal to 92%. The authors also performed experiments on 6, 12 and
24-month follow-up images and concluded that similar classification performance can
be obtained with each time interval, but 12 and 24-month follow-up provides slightly
improved classification performance than 6 month follow-up.

Peixin et al. [142] proposed a two-stage classification model based on transfer learning
and contrast learning for the prediction of development from MCI to AD. The authors
used MRI scans from the ADNI dataset, which was further processed following the next
three steps: bias field correction using N4 algorithm [143], affine linear alignment of scans
onto the MIN152 atlas and skull stripping of each image for 129 x 145 x 129 voxels. This
study used the Med3D network [144] to initialize the model parameters and obtain general
imaging features. In addition, training on unlabeled target datasets using contrastive
learning (MoCo) was done to get target imaging features. Finally, the network was fine-
tuned using the labelled target dataset, leading to a classification accuracy equal to 82%.

Gao et al. [145] also explored the use of transfer learning for the task of predicting
conversion from MCI to AD. From this point of view, they proposed AD-NET (Age-adjust
neural network), for which the pre-training model transfers not only features, but also
an age prediction. The age-related information and the extracted features are further
transferred in the fine-tuning model, where the risk of the subject converting to AD is
predicted. The data used for this study is obtained from two sources: the ADNI dataset and
the Information eXtraction from Images (IXI) public dataset, the second of which provides
information about 581 cognitively normal subjects. In addition, the data used for MCI
conversion prediction is obtained from ADNIL During the preprocessing step, the authors
conducted rigid registration to the MNI152 atlas. This experiment led to a prediction
accuracy equal to 83% for subjects with the age range between 75 and 90 years old and 79%
for subjects with the age range between 55 and 75 years old.

Abrol et al. [146] conducted an investigation which evaluated the suitability of using
ResNets with neuroimaging data for the task of predicting progression from MCI to AD.
The input structural MRI images are part of the ADNI study. In the preprocessing step,
they are segmented to identify the grey matter brain areas, which are further spatially
normalized. Finally, they are smoothed using a 3D Gaussian kernel. The smoothed grey
matter maps are fed to a ResNet model, which led to a prediction accuracy equal to 82.7%.

Table 10 summarizes the above-presented research, with a focus on the preprocessing
and classification algorithms employed, as well as on the best results achieved. It is
noticeable that the approach of Sun et al. [140] which used a linear SVM classifier performed
best to distinguish progression from MCI to AD as compared to deep learning methods.
While the dataset was common for all the mentioned approaches, we believe that this result
was due to the preprocessing procedures employed.
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Table 10. Comparison of studies on prediction of conversion from MCI to AD using MRI scans.

Dataset . o g Classification
Authors Name Data Type Preprocessing Classifier Accuracy
Sun et al,, . o
2017 [140] ADNI MRI Data ADNI own preprocessings SVM 92%
Peixin et al Bias Field Correction, Affline
26022 [i 4;‘]" ADNI  MRIData  Linear Alignment onto MIN152  Med3D + MoCo 82%
atlas, Skull Stripping
ADNI & . . . 3D CNN + 83% for age 75-90,
Gao et al. [145] IXI MRI Data  Rigid Registration to MNI152 atlas Transfer Learning 79% for age 55-75
Segmentation, Spatial
Abrol et al. [146] ADNI MRI Data Normalization, Gaussian ResNet 82.7%
Smoothing

5. Conclusions and Outlook

This research article comprehensively examined the application of machine learning
including deep learning to biomarker discovery and disease prediction in Alzheimer’s
disease. While there are significant improvements concerning biomarkers identification
and early detection of AD, these subjects remain open to future enhancements.

The paper begins by defining the keywords most used in the paper. Afterwards,
the most important datasets are detailed, respectively OASIS and ADNI, which contain
data that can be fed to ML and DL algorithms to identify AD. The most consistent part of
the paper is devoted to the presentation of the most important biomarkers and how they
can be used to predict AD. Lately, we witnessed significant progress in research regarding
new biomarkers for AD. MRI-based measures are among the most clinically validated
biomarkers for the detection of AD, with [112] estimating that medial temporal atrophy
(MTA) has 73% sensitivity and 81% specificity for predicting the conversion of patients
with MCI to dementia. On the other hand, the results obtained by [134,135] emphasize the
potential of genetic biomarkers in AD diagnosis. However, it is more difficult to collect
genetic data from patients, as compared to clinical data and MRI based measurements.
Meanwhile, collecting cognitive data about subjects using neurocognitive tests represents
a convenient approach for retrieving possible indicators of AD. While there is no single
diagnostic test which can identify if a person has this condition, several mental cognitive
tests evaluate memory, as well as thinking and problem-solving abilities. Ref. [52] obtained
an accuracy of 99.76% for AD diagnosis, using three MLP neural networks, trained using
the results of the following cognitive tests: ADAS-Cog, MMSE and FAQ, with the data
belonging to the ADNI dataset.

Some of the best-performing scientific works using these biomarkers have used neural
networks such as ElasticNet (with an accuracy equal to 100%), MLP (with an accuracy equal
t0 99.76%), respectively GoogleNet (with an accuracy equal to 98.84%). These architectures
were analyzed and detailed in the paper.

Future work will continue to be based on the resources and architectures presented in
the paper, with a focus on identifying the most representative biomarkers and using them
for the diagnosis of AD.
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Abbreviations

The following abbreviations are used in this manuscript:

AD
ADAS-Cog
ADIMO
ADNI
Al

ANN
ARDS
CDR
CDRSB
CNN
CNS
CSF
CSFOP
DL
ECog

EL
EMCI
EOAD
FAQ
FDA
GEO
HC

HD
IADL
IXI
LDELTOTAL
LMCI
LVF
MCI

ML
MLP
MMP10
MMSE
mPACCdigit
mPACCtrailsB
MRI
NPI
OND
PD

PEA
PET
PNS
RFE

ROI
SCG
SVF
WMS
WMS-IV
SVM

RF

Alzheimer’s Disease

Alzheimer’s Disease Assessment Scale-Cognitive Subscale
Alzheimer’s Disease In My Opinion

Alzheimer’s Disease Neuroimaging Initiative
Artificial Intelligence

Artificial Neural Network

Acute Respiratory Distress Syndrome

Clinical Dementia Rating

Clinical Dementia Rating Scale - Sum of Boxes
Convolutional Neural Networks

Central Nervous System

Cerebrospinal Fluid

Cerebrospinal Fluid Original Poster

Deep Learning

Everyday Cognition

Ensemble Learning

Early Mild Cognitive Impairment

Early Onset Alzheimer’s Disease

Functional Activities Questionnaire

Food and Drug Administration

Gene Expression Omnibus

Healthy Cognition

Huntington’s Disease

Lawton Instrumental Activities of Daily Living Scale
Information eXtraction from Images

Delayed total recall

Late Mild Cognitive Impairment

Letter Verbal Fluency

Mild Cognitive Impairment

Machine Learning

Multilayer Perceptron

Matrix metalloproteinases

Mini-Mental State Examination

Modified Preclinical Alzheimer Cognitive Composite with Digit test
Modified Preclinical Alzheimer Cognitive Composite with Trails test
Magnetic Resonance Imaging

Neuropsychiatric Inventory

Other Neurological Diseases

Parkinson’s Disease

Proximity Extension Assay

Positron Emission Tomography

Peripheral Nervous System

Recursive Feature Elimination

Region of Interest

Scaled Conjugate Gradient

Stationary Velocity Field

Logical Memory subtest of the Wechsler Memory Scale
WMS - fourth edition

Support Vector Machine

Random Forest
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GB Gradient Boosting
MTA medial temporal atrophy

References

1. Naz, E; Siddique, Y.H. Human Brain Disorders: A Review. Open Biol. ]. 2020, 8, 6-21. [CrossRef]

2. Maresova, P; Hruska, J.; Klimova, B.F.; Barakovic, S.; Krejcar, O. Activities of Daily Living and Associated Costs in the Most
Widespread Neurodegenerative Diseases: A Systematic Review. Clin. Interv. Aging 2020, 15, 1841-1862. [CrossRef] [PubMed]

3. Clark, P.G. Quality of life, values, and teamwork in geriatric care: Do we communicate what we mean? Gerontologist 1995,
35,402-411. [CrossRef] [PubMed]

4. Helgason, T. Epidemiology of mental disorders in Iceland. Acta Psychiatr. Scand. 1964, 40, 1-258.

5. Henderson, A.S. The risk factors for Alzheimer’s disease: A review and a hypothesis. Acta Psychiatr. Scand. 1988, 78, 257-275.
[CrossRef]

6. Heyman, A.; William, E.; Hurwitz, B.; Schmechel, D.; Sigmon, A.; Weinberg, T.; Helms, M.].; Swift, M. Alzheimer’s disease:
Genetic aspects and associated clinical disorders. Ann. Neurol. 1983, 14, 507-515. [CrossRef]

7. Heyman, A.; Wilkinson, W.E,; Stafford, ].A.; Helms, M.].; Sigmon, A.; Weinberg, T. Alzheimer’s disease: A study of epidemiologi-
cal aspects. Ann. Neurol. 1984, 15, 335-341. [CrossRef]

8.  Kalmus, H.; Larsson, T.; Sjogren, T.; Jacobson, G. Senile Dementia. A Clinical, Sociomedical and Genetic Study. Popul. Stud. A J.
Demogr. 1964, 17, 334. [CrossRef]

9.  Khanahmadi, M.; Farhud, D.D.; Malmir, M. Genetic of Alzheimer’s Disease: A Narrative Review Article. Iran. . Public Health
2015, 44, 892-901.

10. Armstrong, R.A. What causes neurodegenerative disease? Folia Neuropathol. 2020, 58, 93-112. [CrossRef]

11. Hou, Y;; Dan, X.; Babbar, M.; Wei, Y.; Hasselbalch, S.G.; Croteau, D.L.; Bohr, V.A. Ageing as a risk factor for neurodegenerative
disease. Nat. Rev. Neurol. 2019, 15, 565-581. [CrossRef] [PubMed]

12.  Rajan, K.B.; Weuve, J.; Barnes, L.L.; McAninch, E.A.; Wilson, R.S.; Evans, D.A. Population estimate of people with clinical
Alzheimer’s disease and mild cognitive impairment in the United States (2020-2060). Alzheimer’s Dement. 2021, 17, 1966-1975.
[CrossRef] [PubMed]

13. Blumenfeld, R.; Carducci, B.; Nave, C.; Mio, J.; Riggio, R. Neuropsychiatric Disorders; Wiley Online Library: Hoboken, NJ, USA,
2020; pp. 145-150. [CrossRef]

14. Bray, N.J.; O’'Donovan, M.C. The genetics of neuropsychiatric disorders. Brain Neurosci. Adv. 2019, 2, 2398212818799271.
[CrossRef] [PubMed]

15. Cannon, M,; Clarke, M.C.; Cotter, D.R. Priming the brain for psychosis: Maternal inflammation during fetal development and the
risk of later psychiatric disorder. Am. . Psychiatry 2014, 171, 901-905. [CrossRef]

16. Hagberg, H.; Gressens, P.; Mallard, C. Inflammation during fetal and neonatal life: Implications for neurologic and neuropsychi-
atric disease in children and adults. Ann. Neurol. 2012, 71, 444-457. [CrossRef]

17.  Aas, M.; Henry, C.; Andreassen, O.A.; Bellivier, F.; Melle, I; Etain, B. The role of childhood trauma in bipolar disorders. Int. J.
Bipolar Disord. 2016, 4, 1-10. [CrossRef]

18. Sasannejad, C.; Ely, E.W,; Lahiri, S. Long-term cognitive impairment after acute respiratory distress syndrome: A review of
clinical impact and pathophysiological mechanisms. Crit. Care 2019, 23, 1-12. [CrossRef]

19. Kumar, S.; te Veldhuis, A.H.; Malhotra, T. Neuropsychiatric and Cognitive Sequelae of COVID-19. Front. Psychol. 2021, 12, 553.
[CrossRef]

20. Strem, T.; Pande-Rolfsen, G.; Hagen, C.; Toft, P. Delirium in the critically ill. Ugeskr. Laeger 2009, 171, 3094-3097.

21.  Wilcox, M.E,; Girard, T.D.; Hough, C.L. Delirium and long term cognition in critically ill patients. BM]J 2021, 373, 1-18. [CrossRef]

22. Czempik, PF; Pluta, M.P; Krzych, L.J. Sepsis-Associated Brain Dysfunction: A Review of Current Literature. Int. ]. Environ. Res.
Public Health 2020, 17, 5852. [CrossRef] [PubMed]

23. Stollings, J.L.; Kotfis, K.; Chanques, G.; Pun, B.T.; Pandharipande, P.P; Ely, E.W. Delirium in critical illness: Clinical manifestations,
outcomes, and management. Intensive Care Med. 2021, 47, 1089-1103. [CrossRef] [PubMed]

24. Huang, J. Overview of Cerebral Function. 2021. Available online: https://www.msdmanuals.com/professional /neurologic-
disorders/function-and-dysfunction-of-the-cerebral-lobes /overview-of-cerebral-function (accessed on 10 February 2022).

25. Lord, S.R; Delbaere, K.; Sturnieks, D.L. Chapter 10—Aging. Balance, Gait, and Falls. In Handbook of Clinical Neurology; Day, B.L.,
Lord, S.R., Eds.; Elsevier: Amsterdam, The Netherlands, 2018; Volume 159, pp. 157-171.: 10.1016/ B978-0-444-63916-5.00010-0.
[CrossRef]

26. O’Brien, E. Psychology, Human Growth and Development for Social Work: A Comprehensive Guide; Bloomsbury Publishing: London,
UK, 2020.

27.  Voss, P; Thomas, M.E.; Cisneros-Franco, ].M.; de Villers-Sidani, E. Dynamic Brains and the Changing Rules of Neuroplasticity:
Implications for Learning and Recovery. Front. Psychol. 2017, 8, 1657. [CrossRef]

28. Xu,J.; Murphy, S.L.; Kochanek, K.D.; Arias, E. Deaths: Final Data for 2019. Natl. Vital Stat. Rep. 2021, 70, 12.

29.  Murphy, S.L.; Kochanek, K.D.; Xu, J.; Arias, E. Mortality in the United States, 2020. Nchs Data Brief 2021, 427, 1-8.

30. d’Errico, P.; Meyer-Luehmann, M. Mechanisms of Pathogenic Tau and A Protein Spreading in Alzheimer’s Disease. Front.

Aging Neurosci. 2020, 12, 265. [CrossRef]


http://doi.org/10.2174/1874196702008010006
http://dx.doi.org/10.2147/CIA.S264688
http://www.ncbi.nlm.nih.gov/pubmed/33061334
http://dx.doi.org/10.1093/geront/35.3.402
http://www.ncbi.nlm.nih.gov/pubmed/7622093
http://dx.doi.org/10.1111/j.1600-0447.1988.tb06336.x
http://dx.doi.org/10.1002/ana.410140503
http://dx.doi.org/10.1002/ana.410150406
http://dx.doi.org/10.2307/2172595
http://dx.doi.org/10.5114/fn.2020.96707
http://dx.doi.org/10.1038/s41582-019-0244-7
http://www.ncbi.nlm.nih.gov/pubmed/31501588
http://dx.doi.org/10.1002/alz.12362
http://www.ncbi.nlm.nih.gov/pubmed/34043283
http://dx.doi.org/10.1002/9781118970843.ch288
http://dx.doi.org/10.1177/2398212818799271
http://www.ncbi.nlm.nih.gov/pubmed/31179400
http://dx.doi.org/10.1176/appi.ajp.2014.14060749
http://dx.doi.org/10.1002/ana.22620
http://dx.doi.org/10.1186/s40345-015-0042-0
http://dx.doi.org/10.1186/s13054-019-2626-z
http://dx.doi.org/10.3389/fpsyg.2021.577529
http://dx.doi.org/10.1136/bmj.n1007
http://dx.doi.org/10.3390/ijerph17165852
http://www.ncbi.nlm.nih.gov/pubmed/32806705
http://dx.doi.org/10.1007/s00134-021-06503-1
http://www.ncbi.nlm.nih.gov/pubmed/34401939
https://www.msdmanuals.com/professional/neurologic-disorders/function-and-dysfunction-of-the-cerebral-lobes/overview-of-cerebral-function
https://www.msdmanuals.com/professional/neurologic-disorders/function-and-dysfunction-of-the-cerebral-lobes/overview-of-cerebral-function
http://dx.doi.org/10.1016/ B978-0-444-63916-5.00010-0
http://dx.doi.org/10.3389/fpsyg.2017.01657
http://dx.doi.org/10.3389/fnagi.2020.00265

Mathematics 2022, 10, 1767 16 of 20

31.

32.

33.

34.

35.

36.

37.

38.

39.
40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Busche, M.A.; Hyman, B.T. Synergy between amyloid-f and tau in Alzheimer’s disease. Nat. Neurosci. 2020, 23, 1183-1193.
[CrossRef] [PubMed]

Kametani, F; Hasegawa, M. Reconsideration of Amyloid Hypothesis and Tau Hypothesis in Alzheimer’s Disease. Front. Neurosci.
2018, 12, 25. [CrossRef]

Kuznetsov, I.A.; Kuznetsov, A.V. How the formation of amyloid plaques and neurofibrillary tangles may be related: A
mathematical modelling study. Proc. R. Soc. A Math. Phys. Eng. Sci. 2018, 474, 20170777. [CrossRef]

Haeberlein, S.L.B.; von Hehn, C.A.A.; Tian, Y.; Chalkias, S.; Muralidharan, K.K.; Chen, T.; Wu, S.; Skordos, L.; Nisenbaum,
L.K.; Rajagovindan, R.; et al. Emerge and Engage topline results: Phase 3 studies of aducanumab in early Alzheimer’s disease.
Alzheimer’s Dement. 2020, 16, €047259. [CrossRef]

Younes, L.; Albert, M.S.; Moghekar, A.; Soldan, A.; Pettigrew, C.; Miller, M.I. Identifying Changepoints in Biomarkers During the
Preclinical Phase of Alzheimer’s Disease. Front. Aging Neurosci. 2019, 11, 74. [CrossRef] [PubMed]

Wong, W. Economic burden of Alzheimer disease and managed care considerations. Am. J. Manag. Care 2020, 26, S177-S183.
[CrossRef]

Causes. Alzheimer’s Disease. 2021. Available online: https://www.nhs.uk/conditions/alzheimers-disease/causes/ (accessed
on 10 February 2022).

Gatz, M.; Reynolds, C.A.; Fratiglioni, L.; Johansson, B.; Mortimer, ].A.; Berg, S.; Fiske, A.; Pedersen, N.L. Role of genes and
environments for explaining Alzheimer disease. Arch. Gen. Psychiatry 2006, 63, 168-174. [CrossRef] [PubMed]

Reitz, C.; Brayne, C.; Mayeux, R.P. Epidemiology of Alzheimer disease. Nat. Rev. Neurol. 2011, 7, 137-152. [CrossRef] [PubMed]
Silva, M.V.E,; Loures, C.M.G.; Alves, L.C.V.; de Souza, L.C.; Borges, K.B.G.; das Gragas Carvalho, M. Alzheimer’s disease: Risk
factors and potentially protective measures. J. Biomed. Sci. 2019, 26, 1-11. [CrossRef]

OASIS (Open Access Series Of Imaging Studies). Available online: https:/ /www.oasis-brains.org/ (accessed on 17 March 2022).
Marcus, D.S.; Wang, T.H.; Parker, J.; Csernansky, J.G.; Morris, J.C.; Buckner, RL. Open Access Series of Imaging Studies
(OASIS): Cross-sectional MRI Data in Young, Middle Aged, Nondemented, and Demented Older Adults. J. Cogn. Neurosci. 2007,
19, 1498-1507. [CrossRef]

Marcus, D.S.; Fotenos, A.E,; Csernansky, ].G.; Morris, ].C.; Buckner, R.L. Open Access Series of Imaging Studies: Longitudinal
MRI Data in Nondemented and Demented Older Adults. J. Cogn. Neurosci. 2010, 22, 2677-2684. [CrossRef]

LaMontagne, PJ.; Benzinger, T.L.; Morris, ].C.; Keefe, S.; Hornbeck, R.; Xiong, C.; Grant, E.; Hassenstab, J.; Moulder, K.; Vlassenko,
A.G,; et al. OASIS-3: Longitudinal Neuroimaging, Clinical, and Cognitive Dataset for Normal Aging and Alzheimer Disease.
medRxiv 2019. [CrossRef]

ADNI (Alzheimer’s Disease Neuroimaging Initiative Datasets). Available online: http://adni.loni.usc.edu/ (accessed on 31
March 2022).

Petersen, R.; Aisen, P; Beckett, L.; Donohue, M.; Gamst, A.; Harvey, D.; Jack, C.].; Jagust, W.; Shaw, L.; Toga, A.; et al. Alzheimer’s
Disease Neuroimaging Initiative (ADNI): Clinical characterization. Neurology 2010, 74, 201-209. [CrossRef]

Lin, C.Y,; Chen, C.H.; Tom, S.E.; Kuo, S.H. Cerebellar Volume Is Associated with Cognitive Decline in Mild Cognitive Impairment:
Results from ADNI. Cerebellum 2020, 19, 217-225. [CrossRef]

Steenland, K.; Zhao, L.; Goldstein, E.C.; Cellar, ].S.; Lah, J.J. Biomarkers for predicting cognitive decline in those with normal
cognition. J. Alzheimer’s Dis. Jad 2014, 40, 587-594. [CrossRef] [PubMed]

Hendrix, S.B.; Wells, B.M. Time Course of Cognitive Decline in Subjects With Mild Alzheimer’s Disease Based on ADAS-cog
Subscales and Neuropsychological Tests Measured in ADNI. Alzheimer’s Dement. 2010, 6, €50. [CrossRef]

Mofrad, S.A.; Lundervold, A J.; Vik, A.; Lundervold, A.S. Cognitive and MRI trajectories for prediction of Alzheimer’s disease.
Sci. Rep. 2021, 11, 2122. [CrossRef] [PubMed]

Tam, A.; Laurent, C.; Gauthier, S.; Dansereau, C. Prediction of cognitive decline for enrichment of Alzheimer’s disease clinical
trials. arXiv 2021, arxiv.2111.04174.

Almubark, I; Alsegehy, S.; Jiang, X.; Chang, L.C. Classification of Alzheimer’s Disease, Mild Cognitive Impairment, and Normal
Controls with Multilayer Perceptron Neural Network and Neuropsychological Test Data. In Proceedings of the 12th International
Joint Conference on Computational Intelligence, IJCCI 2020, Budapest, Hungary, 2—4 November 2020. [CrossRef]

Almubark, I.; Alsegehy, S.; Jiang, X.; Chang, L.C. Early Detection of Mild Cognitive Impairment using Neuropsychological
Data and Machine Learning Techniques. In Proceedings of the 2020 IEEE Conference on Big Data and Analytics (ICBDA), Kota
Kinabalu, Malaysia, 17-19 November 2020; pp. 32-37. [CrossRef]

Li, C.; Loewenstein, D.A.; Duara, R.; Cabrerizo, M.; Barker, W.; Adjouadi, M. The Relationship of Brain Amyloid Load and APOE
Status to Regional Cortical Thinning and Cognition in the ADNI Cohort. . Alzheimer’s Dis. Jad 2017, 59, 1269-1282. [CrossRef]
[PubMed]

Li, B.; Shi, J.; Gutman, B.A.; Baxter, L.C.; Thompson, PM.; Caselli, R.J.; Wang, Y. Influence of APOE Genotype on Hippocampal
Atrophy over Time - An N=1925 Surface-Based ADNI Study. PLoS ONE 2016, 11, e0152901. [CrossRef] [PubMed]

Saykin, A.J.; Shen, L.; Yao, X.; Kim, S.; Nho, K.; Risacher, S.L.; Ramanan, V.K.; Foroud, T.M.; Faber, KM.; Sarwar, N.; et al.
Genetic studies of quantitative MCI and AD phenotypes in ADNI: Progress, opportunities, and plans. Alzheimer’s Dement. 2015,
11, 792-814. [CrossRef]

Shi, J.; Lepore, N.; Gutman, B.A.; Thompson, PM.; Baxter, L.C.; Caselli, R.; Wang, Y. Genetic influence of apoe4 genotype on
hippocampal morphometry—An n = 725 surface-based adni study. Hum. Brain Mapp. 2014, 35, 3903. [CrossRef]


http://dx.doi.org/10.1038/s41593-020-0687-6
http://www.ncbi.nlm.nih.gov/pubmed/32778792
http://dx.doi.org/10.3389/fnins.2018.00025
http://dx.doi.org/10.1098/rspa.2017.0777
http://dx.doi.org/10.1002/alz.047259
http://dx.doi.org/10.3389/fnagi.2019.00074
http://www.ncbi.nlm.nih.gov/pubmed/31001108
http://dx.doi.org/10.37765/ajmc.2020.88482
https://www.nhs.uk/conditions/alzheimers-disease/causes/
http://dx.doi.org/10.1001/archpsyc.63.2.168
http://www.ncbi.nlm.nih.gov/pubmed/16461860
http://dx.doi.org/10.1038/nrneurol.2011.2
http://www.ncbi.nlm.nih.gov/pubmed/21304480
http://dx.doi.org/10.1186/s12929-019-0524-y
https://www.oasis-brains.org/
http://dx.doi.org/10.1162/jocn.2007.19.9.1498
http://dx.doi.org/10.1162/jocn.2009.21407
http://dx.doi.org/10.1101/2019.12.13.19014902
http://adni.loni.usc.edu/
http://dx.doi.org/10.1212/WNL.0b013e3181cb3e25
http://dx.doi.org/10.1007/s12311-019-01099-1
http://dx.doi.org/10.3233/JAD-2014-131343
http://www.ncbi.nlm.nih.gov/pubmed/24496071
http://dx.doi.org/10.1016/j.jalz.2010.08.154
http://dx.doi.org/10.1038/s41598-020-78095-7
http://www.ncbi.nlm.nih.gov/pubmed/33483535
http://dx.doi.org/10.5220/0010143304390446
http://dx.doi.org/10.1109/ICBDA50157.2020.9289741
http://dx.doi.org/10.3233/JAD-170286
http://www.ncbi.nlm.nih.gov/pubmed/28731444
http://dx.doi.org/10.1371/journal.pone.0152901
http://www.ncbi.nlm.nih.gov/pubmed/27065111
http://dx.doi.org/10.1016/j.jalz.2015.05.009
http://dx.doi.org/10.1002/hbm.22447

Mathematics 2022, 10, 1767 17 of 20

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.
80.

81.

Ezzati, A.; Zammit, A.R.; Habeck, C.G.; Hall, C.B.; Lipton, R.B. Detecting biological heterogeneity patterns in ADNI amnestic
mild cognitive impairment based on volumetric MRI. Brain Imaging Behav. 2019, 14, 1792-1804. [CrossRef]

Okyay, S.; Adar, N. Parallel 3D brain modeling & feature extraction: ADNI dataset case study. In Proceedings of the 2018 14th
International Conference on Advanced Trends in Radioelecrtronics, Telecommunications and Computer Engineering (TCSET),
Lviv-Slavske, Ukraine, 20-24 February 2018; pp. 133-138. [CrossRef]

Dimitriadis, S.I.; Liparas, D.; Tsolaki, M. Random forest feature selection, fusion and ensemble strategy: Combining multiple
morphological MRI measures to discriminate among healhy elderly, MCI, cMCI and alzheimer’s disease patients: From the
alzheimer’s disease neuroimaging initiative (ADNI) database. J. Neurosci. Methods 2018, 302, 14-23. [CrossRef]

Bouallegue, EB.; Mariano-Goulart, D.; Payoux, P. Comparison of CSF markers and semi-quantitative amyloid PET in Alzheimer’s
disease diagnosis and in cognitive impairment prognosis using the ADNI-2 database. Alzheimer’s Res. Ther. 2017, 9, 1-13.
[CrossRef] [PubMed]

Manning, E.N.; Leung, K.K.; Nicholas, ].M.; Malone, I.B.; Cardoso, M.].; Schott, ].M.; Fox, N.C.; Barnes, ]. A Comparison of
Accelerated and Non-accelerated MRI Scans for Brain Volume and Boundary Shift Integral Measures of Volume Change: Evidence
from the ADNI Dataset. Neuroinformatics 2017, 15, 215-226. [CrossRef] [PubMed]

Aderghal, K.; Boissenin, M.; Benois-Pineau, J.; Catheline, G.; Afdel, K. Classification of sMRI for AD Diagnosis with Convolutional
Neuronal Networks: A Pilot 2-D+€ Study on ADNI. In Proceedings of the MMM, Reykjavik, Iceland, 4-6 January 2017. [CrossRef]
Wang, X.; Nan, B.; Zhu, J.; Koeppe, R.; Frey, K.A. Classification of ADNI PET images via regularized 3D functional data analysis.
Biostat. Epidemiol. 2017, 1, 19-23. [CrossRef] [PubMed]

Jack, C.R.; Bernstein, M.A.; Fox, N.C.; Thompson, PM.; Alexander, G.E.; Harvey, D.].; Borowski, B.].; Britson, P.J.; Whitwell, J.L.;
Ward, C.P; et al. The Alzheimer’s disease neuroimaging initiative (ADNI): MRI methods. . Magn. Reson. Imaging 2008, 27,
685-691. [CrossRef] [PubMed]

Hua, X.; Ching, C.R K.; Mezher, A.; Gutman, B.A.; Hibar, D.P; Bhatt, P.; Leow, A.D.; Jack, C.R.; Bernstein, M. A.; Weiner, M.W.;
et al. MRI-based brain atrophy rates in ADNI phase 2: Acceleration and enrichment considerations for clinical trials. Neurobiol.
Aging 2016, 37, 26-37. [CrossRef]

Li, J.; Zhang, Q.; Chen, F;; Meng, X.; Liu, W.; Chen, D.; Yan, J.; Kim, S.; Wang, L.; Feng, W.; et al. Genome-wide association and
interaction studies of CSF T-tau/Ap42 ratio in ADNI cohort. Neurobiol. Aging 2017, 57, 247 .€1-247.e8. [CrossRef]

Introduction | Alzheimer’s Project. Available online: https://ac209a-alzheimersproject.github.io/alzheimers-project/ (accessed
on 31 March 2022).

Matthews, K.A.; Xu, W.; Gaglioti, A.H.; Holt, ].B.; Croft, ].B.; Mack, D.; McGuire, L.C. Racial and ethnic estimates of Alzheimer’s
disease and related dementias in the United States (2015-2060) in adults aged >65 years. Alzheimers Dement. 2019, 15, 17-24.
[CrossRef]

Small, G.W. Early diagnosis of Alzheimer’s disease: Update on combining genetic and brain-imaging measures. Dialogues Clin.
Neurosci. 2000, 2, 241-246. [CrossRef]

Almubark, I.; Chang, L.C.; Shattuck, K.F,; Nguyen, T.; Turner, R.S.; Jiang, X. A 5-min Cognitive Task With Deep Learning
Accurately Detects Early Alzheimer’s Disease. Front. Aging Neurosci. 2020, 12, 450. [CrossRef]

Nagaraj, S.; Duong, T.Q. Deep Learning and Risk Score Classification of Mild Cognitive Impairment and Alzheimer’s Disease.
J. Alzheimer’s Dis. Jad 2021, 80, 1079-1090. [CrossRef]

Folstein, M.F; Folstein, S.E.B.; McHugh, PR. “Mini-mental state”. A practical method for grading the cognitive state of patients
for the clinician. J. Psychiatr. Res. 1975, 12, 189-198. [CrossRef]

Arévalo-Rodriguez, I.; Smailagic, N.; Figuls, M.R.I.; Ciapponi, A.; Sanchez-Perez, E.; Giannakou, A.; Pedraza, O.L.; Cosp, X.B.;
Cullum, S. Mini-Mental State Examination (MMSE) for the detection of Alzheimer’s disease and other dementias in people with
mild cognitive impairment (MCI). Cochrane Database Syst. Rev. 2015, 3, 1-67. [CrossRef]

Creavin, S.T.; Wisniewski, S.; Noel-Storr, A.; Trevelyan, C.M.; Hampton, T.; Rayment, D.; Thom, V.M.; Nash, K.J.E.; Elhamoui, H,;
Milligan, R.; et al. Mini-Mental State Examination (MMSE) for the detection of dementia in clinically unevaluated people aged 65
and over in community and primary care populations. Cochrane Database Syst. Rev. 2016, 1, 1-34. [CrossRef] [PubMed]
Mitchell, A.J. The Mini-Mental State Examination (MMSE): Update on Its Diagnostic Accuracy and Clinical Utility for Cognitive
Disorders. In Cognitive Screening Instruments; Springer: Cham, Switzerland, 2017. [CrossRef]

Arévalo-Rodriguez, I.; Smailagic, N.; Roqué-Figuls, M.; Ciapponi, A.; Sanchez-Perez, E.; Giannakou, A.; Pedraza, O.L.; Cosp, X.B.;
Cullum, S. Mini-Mental State Examination (MMSE) for the early detection of dementia in people with mild cognitive impairment
(MCI). Cochrane Database Syst. Rev. 2021, 7, 1-25. [CrossRef]

Mini Mental State Examination (MMSE). Available online: https:/ /oxfordmedicaleducation.com/wp-content/uploads/2016/1
0/MMSE-printable-mini-mental-state-examination.pdf (accessed on 11 February 2022).

Morris, ].C. The Clinical Dementia Rating (CDR). Neurology 1993, 43, 2412-2414. [CrossRef]

Morris, J.C. Clinical dementia rating: A reliable and valid diagnostic and staging measure for dementia of the Alzheimer type.
Int. Psychogeriatr. 1997, 9 (Suppl. 1), 173-178. [CrossRef]

Woolf, C.; Slavin, M.].; Draper, B.; Thomassen, E; Kochan, N.A.; Reppermund, S.; Crawford, J.D.; Trollor, ].N.; Brodaty, H.;
Sachdev, P.S. Can the Clinical Dementia Rating Scale Identify Mild Cognitive Impairment and Predict Cognitive and Functional
Decline? Dement. Geriatr. Cogn. Disord. 2016, 41, 292-302. [CrossRef]


http://dx.doi.org/10.1007/s11682-019-00115-6
http://dx.doi.org/10.1109/TCSET.2018.8336172
http://dx.doi.org/10.1016/j.jneumeth.2017.12.010
http://dx.doi.org/10.1186/s13195-017-0260-z
http://www.ncbi.nlm.nih.gov/pubmed/28441967
http://dx.doi.org/10.1007/s12021-017-9326-0
http://www.ncbi.nlm.nih.gov/pubmed/28316055
http://dx.doi.org/10.1007/978-3-319-51811-4_56
http://dx.doi.org/10.1080/24709360.2017.1280213
http://www.ncbi.nlm.nih.gov/pubmed/30221242
http://dx.doi.org/10.1002/jmri.21049
http://www.ncbi.nlm.nih.gov/pubmed/18302232
http://dx.doi.org/10.1016/j.neurobiolaging.2015.09.018
http://dx.doi.org/10.1016/j.neurobiolaging.2017.05.007
https://ac209a-alzheimersproject.github.io/alzheimers-project/
http://dx.doi.org/10.1016/j.jalz.2018.06.3063
http://dx.doi.org/10.31887/DCNS.2000.2.3/gsmall
http://dx.doi.org/10.3389/fnagi.2020.603179
http://dx.doi.org/10.3233/JAD-201438
http://dx.doi.org/10.1016/0022-3956(75)90026-6
http://dx.doi.org/10.1002/14651858.CD010783.pub2
http://dx.doi.org/10.1002/14651858.CD011145.pub2
http://www.ncbi.nlm.nih.gov/pubmed/26760674
http://dx.doi.org/10.1007/978-3-319-44775-9_3
http://dx.doi.org/10.1002/14651858.CD010783.pub3
https://oxfordmedicaleducation.com/wp-content/uploads/2016/10/MMSE-printable-mini-mental-state-examination.pdf
https://oxfordmedicaleducation.com/wp-content/uploads/2016/10/MMSE-printable-mini-mental-state-examination.pdf
http://dx.doi.org/10.1212/WNL.43.11.2412-a
http://dx.doi.org/10.1017/S1041610297004870
http://dx.doi.org/10.1159/000447057

Mathematics 2022, 10, 1767 18 of 20

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.
102.

103.
104.

105.
106.
107.
108.

109.

Kim, ] W.,; Byun, M.S.; Sohn, BK.; Yi, D.; Seo, E.H.; Choe, YM.; Kim, S.G.; Choi, H.].; Lee, ] H.; Chee, LS,; et al. Clinical Dementia
Rating Orientation Score as an Excellent Predictor of the Progression to Alzheimer’s Disease in Mild Cognitive Impairment.
Psychiatry Investig. 2017, 14, 420-426. [CrossRef]

Tan, J.E.; Strauss, E.H.; Sherman, EIM.S. Clinical Dementia Rating. In Encyclopedia of Clinical Neuropsychology; Springer:
Berlin/Heidelberg, Germany, 2018. [CrossRef]

Huang, H.C.; Tseng, Y.; Chen, Y.C.; Chen, PY.; Chiu, H.Y. Diagnostic accuracy of the Clinical Dementia Rating Scale for detecting
mild cognitive impairment and dementia: A bivariate meta-analysis. Int. |. Geriatr. Psychiatry 2020, 36, 239-251. [CrossRef]
Rosen, W.G.; Mohs, R.C.; Davis, K.L. A new rating scale for Alzheimer’s disease. Am. ]. Psychiatry 1984, 141, 1356-1364.
[CrossRef]

Graham, D.P; Cully, J.A.; Snow, A.L.; Massman, P.J.; Doody, R. The Alzheimer’s Disease Assessment Scale—Cognitive Subscale:
Normative Data for Older Adult Controls. Alzheimer Dis. Assoc. Disord. 2004, 18, 236-240. [PubMed]

Verma, N.; Beretvas, S.N.; Pascual, B.; Masdeu, J.C.; Markey, M.K. New scoring methodology improves the sensitivity of the
Alzheimer’s Disease Assessment Scale-Cognitive subscale (ADAS-Cog) in clinical trials. Alzheimer’s Res. Ther. 2015, 7, 1-17.
[CrossRef] [PubMed]

Podhorn4, J.; Krahnke, T.; Shear, M.; Harrison, J.E. Alzheimer’s Disease Assessment Scale-Cognitive subscale variants in mild
cognitive impairment and mild Alzheimer’s disease: Change over time and the effect of enrichment strategies. Alzheimer’s Res.
Ther. 2016, 8, 8. [CrossRef] [PubMed]

Kueper, J.K.; Speechley, M.; Montero-Odasso, M. The Alzheimer’s Disease Assessment Scale-Cognitive Subscale (ADAS-Cog):
Modifications and Responsiveness in Pre-Dementia Populations. A Narrative Review. . Alzheimer’s Dis. 2018, 63, 423—-444.
[CrossRef] [PubMed]

Pfeffer, R.I.; Kurosaki, T.T.; Harrah, C.H.; Chance, J.M.; Filos, S. Measurement of functional activities in older adults in the
community. J. Gerontol. 1982, 37, 323-329. [CrossRef] [PubMed]

Marshall, G.A.; Zoller, A.S.; Lorius, N.; Amariglio, R.E.; Locascio, ].].; Johnson, K.A.; Sperling, R.A.; Rentz, D.M. Functional Activ-
ities Questionnaire Items that Best Discriminate and Predict Progression from Clinically Normal to Mild Cognitive Impairment.
Curr. Alzheimer Res. 2015, 12, 493-502. [CrossRef]

Gonzalez, D.A.; Gonzales, M.M.; Resch, Z.].; Sullivan, A.C.; Soble, ].R. Comprehensive Evaluation of the Functional Activities
Questionnaire (FAQ) and Its Reliability and Validity. Assessment 2021, 29, 748-763. [CrossRef]

Bezdicek, O. The functional activities questionnaire. In Assessments, Treatments and Modeling in Aging and Neurological Disease;
Academic Press: Cambridge, MA, USA, 2021; pp. 293-303. [CrossRef]

Use of the Functional Activities Questionnaire in Older Adults with Dementia. Available online: https://www.alz.org/
careplanning/downloads/functional-activities-questionnaire.pdf (accessed on 24 February 2022).

Farias, S.E.T.; Mungas, D.; Reed, B.R.; Cahn-Weiner, D.A.; Jagust, W.J.; Baynes, K.; DeCarli, C. The measurement of everyday
cognition (ECog): Scale development and psychometric properties. Neuropsychology 2008, 22, 531-544. [CrossRef]

Farias, S.E.T.; Mungas, D.; Harvey, D.J.; Simmons, A.; Reed, B.R.; Decarli, C. The measurement of everyday cognition:
Development and validation of a short form of the Everyday Cognition scales. Alzheimer’s Dement. 2011, 7, 593-601. [CrossRef]
Marshall, G.A.; Zoller, A.S.; Kelly, K.E.; Amariglio, R.E.; Locascio, J.J.; Johnson, K.A.; Sperling, R.A.; Rentz, D.M.; For The
Alzheimer’s Disease Neuroimaging Initiative. Everyday cognition scale items that best discriminate between and predict
progression from clinically normal to mild cognitive impairment. Curr. Alzheimer Res. 2014, 11, 853-861. [CrossRef]

Hsu, J.L.; Hsu, W.C,; Chang, C.C.; Lin, K.J.; Hsiao, L.T.; Fan, Y.C.; Bai, C.H. Everyday cognition scales are related to cognitive
function in the early stage of probable Alzheimer’s disease and FDG-PET findings. Sci. Rep. 2017, 7, 1719. [CrossRef] [PubMed]
Farias, S.E.T.; Huss, O.; Chan, M.L.; Ruiz, R.C. Revisions and updates to the Everyday Cognition (ECog) scales. Alzheimer’s
Dement. 2020, 16, e043263. [CrossRef]

Farias, S.E.T.; Weakley, A.; Harvey, D.J.; Chandler, ].M.; Huss, O.; Mungas, D. The Measurement of Everyday Cognition (ECog).
Alzheimer Dis. Assoc. Disord. 2021, 35, 258-264. [CrossRef] [PubMed]

Patterson, ].P. F-A-S Test. In Encyclopedia of Clinical Neuropsychology; Springer: Berlin/Heidelberg, Germany, 2017. [CrossRef]
Drozdick, L.; Holdnack, J. Wechsler Memory scale. In The SAGE Encyclopedia of Abnormal and Clinical Psychology; SAGE
Publications: Thousand Oaks, CA, USA, 2017; Volume 1, pp. 3724-3726. [CrossRef]

Reynolds, C.R.; Powel, J. Wechsler memory scale-revised. Arch. Clin. Neuropsychol. 1988, 3, 397—403. [CrossRef]

Chelune, G.; Bornstein, R.A; Prifitera, A. The Wechsler Memory Scale—Revised. In Advances in Psychological Assessment; Springer:
Boston, MA, USA, 1990; Volume 7, pp. 65-99. [CrossRef]

Kent, P. The Wechsler Memory Scale. A Guide for Clinicians and Researchers; Routledge: London, UK, 2020. [CrossRef]

Dzikon, C. The Wechsler Memory Scale (WMS-1V); Wiley Online Library: Hoboken, NJ, USA, 2020. [CrossRef]

Hoover, K.L. Divergent Validity of the Wechsler Memory Scale-Fourth Edition (WMS-IV) and the Delis-Kaplan Executive
Function System (D-KEFS). Ph.D. Thesis, Ball State University, Muncie, IN, USA, 2018.

Fokuoh, E.; Xiao, D.; Fang, W.; Liu, Y; Lu, Y.; Wang, K. Longitudinal analysis of APOE-e4 genotype with the logical memory
delayed recall score in Alzheimer’s disease. J. Genet. 2021, 100, 1-9. [CrossRef]

Nagaraj, S.; Duong, T.Q. Risk Score Stratification of Alzheimer’s Disease and Mild Cognitive Impairment using Deep Learning.
medRxiv 2020. [CrossRef]


http://dx.doi.org/10.4306/pi.2017.14.4.420
http://dx.doi.org/10.1007/978-3-319-56782-2_533-2
http://dx.doi.org/10.1002/gps.5436
http://dx.doi.org/10.1176/AJP.141.11.1356
http://www.ncbi.nlm.nih.gov/pubmed/15592137
http://dx.doi.org/10.1186/s13195-015-0151-0
http://www.ncbi.nlm.nih.gov/pubmed/26560146
http://dx.doi.org/10.1186/s13195-016-0170-5
http://www.ncbi.nlm.nih.gov/pubmed/26868820
http://dx.doi.org/10.3233/JAD-170991
http://www.ncbi.nlm.nih.gov/pubmed/29660938
http://dx.doi.org/10.1093/geronj/37.3.323
http://www.ncbi.nlm.nih.gov/pubmed/7069156
http://dx.doi.org/10.2174/156720501205150526115003
http://dx.doi.org/10.1177/1073191121991215
http://dx.doi.org/10.1016/B978-0-12-818000-6.00027-5
https://www.alz.org/careplanning/downloads/functional-activities-questionnaire.pdf
https://www.alz.org/careplanning/downloads/functional-activities-questionnaire.pdf
http://dx.doi.org/10.1037/0894-4105.22.4.531
http://dx.doi.org/10.1016/j.jalz.2011.02.007
http://dx.doi.org/10.2174/1567205011666141001120903
http://dx.doi.org/10.1038/s41598-017-01193-6
http://www.ncbi.nlm.nih.gov/pubmed/28496183
http://dx.doi.org/10.1002/alz.043263
http://dx.doi.org/10.1097/WAD.0000000000000450
http://www.ncbi.nlm.nih.gov/pubmed/33901047
http://dx.doi.org/10.1007/978-3-319-56782-2_886-3
https://dx.doi.org/10.4135/9781483365817.n1483
http://dx.doi.org/10.1093/arclin/3.4.397
http://dx.doi.org/10.1007/978-1-4613-0555-2_3
http://dx.doi.org/10.4324/ 9781003027348
http://dx.doi.org/10.1002/ 9781118970843.ch159
http://dx.doi.org/10.1007/s12041-021-01309-y
http://dx.doi.org/10.1101/2020.11.09.20226746

Mathematics 2022, 10, 1767 19 of 20

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

Frisoni, G.B.; Fox, N.C.; Jack, C.R.; Scheltens, P.; Thompson, PM. The clinical use of structural MRI in Alzheimer disease. Nat.
Rev. Neurol. 2010, 6, 67-77. [CrossRef]

Shi, F; Liu, B.; Zhou, Y.; Yu, C,; Jiang, T. Hippocampal volume and asymmetry in mild cognitive impairment and Alzheimer’s
disease: Meta-analyses of MRI studies. Hippocampus 2009, 19, 1055-1064. [CrossRef]

Yuan, Y.; Xiang Gu, Z.; Wei, W. Fluorodeoxyglucose-Positron-Emission Tomography, Single-Photon Emission Tomography, and
Structural MR Imaging for Prediction of Rapid Conversion to Alzheimer Disease in Patients with Mild Cognitive Impairment: A
Meta-Analysis. Am. ]. Neuroradiol. 2009, 30, 404—410. [CrossRef]

Claude, I; Daire, J.L.; Sebag, G. Fetal brain MRI: Segmentation and biometric analysis of the posterior fossa. IEEE Trans. Biomed.
Eng. 2004, 51, 617-626. [CrossRef]

Raut, A.; Dalal, V. A Machine Learning Based Approach for Early Detection of Alzheimer’s Disease by Extracting Texture and
Shape Features of the Hippocampus Region from MRI Scans. Int. |. Adv. Res. Comput. Commun. Eng. 2017, 6, 320-325. [CrossRef]
Islam, J.; Zhang, Y. Brain MRI analysis for Alzheimer’s disease diagnosis using an ensemble system of deep convolutional neural
networks. Brain Inform. 2018, 5, 1-14. [CrossRef] [PubMed]

Bae, ].B.; Lee, S.; Jung, W,; Park, S.; Kim, W.; uk Oh, H.; Han, ].W,; Kim, G.E.; Kim, ].S.; Kim, J.H.; et al. Identification of
Alzheimer’s disease using a convolutional neural network model based on T1-weighted magnetic resonance imaging. Sci. Rep.
2020, 10, 1-10. [CrossRef] [PubMed]

Szegedy, C.; loffe, S.; Vanhoucke, V.; Alemi, A.A. Inception-v4, Inception-ResNet and the Impact of Residual Connections on
Learning. In Proceedings of the Thirty-First AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4-9 February
2017.

Sarraf, S.; DeSouza, D.D.; Anderson, J.A.E.; Tofighi, G. DeepAD: Alzheimer’s Disease Classification via Deep Convolutional
Neural Networks using MRI and fMRI. bioRxiv 2017. [CrossRef]

Pan, D.; Zeng, A,; Jia, L.; Huang, Y.; Frizzell, T.; Song, X. Early Detection of Alzheimer’s Disease Using Magnetic Resonance
Imaging: A Novel Approach Combining Convolutional Neural Networks and Ensemble Learning. Front. Neurosci. 2020, 14, 259.
[CrossRef]

Mckhann, G.; Knopman, D.S.; Chertkow, H.; Hyman, B.T.; Jack, C.R.; Kawas, C.H.; Klunk, W.E.; Koroshetz, W.J.; Manly, J.].;
Mayeux, R.P; et al. The diagnosis of dementia due to Alzheimer’s disease: Recommendations from the National Institute
on Aging-Alzheimer’s Association workgroups on diagnostic guidelines for Alzheimer’s disease. Alzheimer’s Dement. 2011,
7,263-269. [CrossRef]

Jack, C.R.; Albert, M.S.; Knopman, D.S.; Mckhann, G.; Sperling, R.A.; Carrillo, M.C.; Thies, B.; Phelps, C.H. Introduction to
the recommendations from the National Institute on Aging-Alzheimer’s Association workgroups on diagnostic guidelines for
Alzheimer’s disease. Alzheimer’s Dement. 2011, 7, 257-262. [CrossRef]

Hampel, H.; Biirger, K.; Teipel, S.J.; Bokde, A.L.W.; Zetterberg, H.; Blennow, K. Core candidate neurochemical and imaging
biomarkers of Alzheimer’s disease. Alzheimers Dement. 2008, 4, 38—48. [CrossRef]

Bélasa, A.F; Chircov, C.; Grumezescu, A.M. Body Fluid Biomarkers for Alzheimer’s Disease—An Up-To-Date Overview.
Biomedicines 2020, 8, 421. [CrossRef]

Hassan, S.A.; Khan, T. A Machine Learning Model to Predict the Onset of Alzheimer Disease using Potential Cerebrospinal Fluid
(CSF) Biomarkers. Int. ]. Adv. Comput. Sci. Appl. 2017, 8, 124-131. [CrossRef]

Syed, A.H.; Khan, T.; Hassan, A.; Alromema, N.; Binsawad, M.H.; Alsayed, A.O. An Ensemble-Learning Based Application to
Predict the Earlier Stages of Alzheimer’s Disease (AD). IEEE Access 2020, 8, 222126-222143. [CrossRef]

Craig-Schapiro, R.; Kuhn, M.; Xiong, C.; Pickering, E.H.; Liu, J.; Misko, T.P,; Perrin, R.J.; Bales, K.R; Soares, H.D.; Fagan, A.M.;
et al. Multiplexed Immunoassay Panel Identifies Novel CSF Biomarkers for Alzheimer’s Disease Diagnosis and Prognosis. PLoS
ONE 2011, 6, €18850. [CrossRef] [PubMed]

Panegyres, PK.; Chen, H.Y. Differences between early and late onset Alzheimer’s disease. Am. ]. Neurodegener. Dis. 2013,
2,300-306. [PubMed]

ALZGENE—TField Synopsis of Genetic Association Studies in AD. Available online: http:/ /www.alzgene.org/ (accessed on 31
March 2022).

Booij, B.B.; Lindahl, T.; Wetterberg, P.; Skaane, N.V.; Seebg, S.; Feten, G.; Rye, P.D.; Kristiansen, L.; Hagen, N.; Jensen, M.; et al.
A gene expression pattern in blood for the early detection of Alzheimer’s disease. ]. Alzheimer’s Dis. JAD 2011, 23, 109-119.
[CrossRef] [PubMed]

Lunnon, K.; Sattlecker, M.; Furney, S.J.; Coppola, G.; Simmons, A.; Proitsi, P.; Lupton, M.K.; Lourdusamy, A.; Johnston, C.;
Soininen, H.; et al. A blood gene expression marker of early Alzheimer’s disease. ]. Alzheimer’s Dis. JAD 2013, 33, 737-753.
[CrossRef] [PubMed]

Perera, S.; Hewage, K.; Gunarathne, C.; Navarathna, R.; Herath, D.; Ragel, R.G. Detection of Novel Biomarker Genes of
Alzheimer’s Disease Using Gene Expression Data. In Proceedings of the 2020 Moratuwa Engineering Research Conference
(MERCon), Moratuwa, Sri Lanka, 28-30 July 2020; pp. 1-6. [CrossRef]

GEO Accession Viewer. 2006. Available online: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE5281 (accessed on
13 April 2022).

GeneCards: The Human Gene Database. Available online: https://www.genecards.org/ (accessed on 13 April 2022).


http://dx.doi.org/10.1038/nrneurol.2009.215
http://dx.doi.org/10.1002/hipo.20573
http://dx.doi.org/10.3174/ajnr.A1357
http://dx.doi.org/10.1109/TBME.2003.821032
http://dx.doi.org/10.17148/IJARCCE.2017.6656
http://dx.doi.org/10.1186/s40708-018-0080-3
http://www.ncbi.nlm.nih.gov/pubmed/29881892
http://dx.doi.org/10.1038/s41598-020-79243-9
http://www.ncbi.nlm.nih.gov/pubmed/33335244
http://dx.doi.org/10.1101/070441
http://dx.doi.org/10.3389/fnins.2020.00259
http://dx.doi.org/10.1016/j.jalz.2011.03.005
http://dx.doi.org/10.1016/j.jalz.2011.03.004
http://dx.doi.org/10.1016/j.jalz.2007.08.006
http://dx.doi.org/10.3390/biomedicines8100421
http://dx.doi.org/10.14569/IJACSA.2017.081216
http://dx.doi.org/10.1109/ACCESS.2020.3043715
http://dx.doi.org/10.1371/journal.pone.0018850
http://www.ncbi.nlm.nih.gov/pubmed/21526197
http://www.ncbi.nlm.nih.gov/pubmed/24319647
http://www.alzgene.org/
http://dx.doi.org/10.3233/JAD-2010-101518
http://www.ncbi.nlm.nih.gov/pubmed/20930264
http://dx.doi.org/10.3233/JAD-2012-121363
http://www.ncbi.nlm.nih.gov/pubmed/23042217
http://dx.doi.org/10.1109/MERCon50084.2020.9185336
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE5281
https://www.genecards.org/

Mathematics 2022, 10, 1767 20 of 20

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.
145.

146.

Sekaran, K.; M, S. Diagnostic Gene Biomarker Selection for Alzheimer’s Classification using Machine Learning. Int. |. Innov.
Technol. Explor. Eng. 2019, 8, 12. [CrossRef]

Sharma, A.; Dey, P. A Machine Learning Approach to Unmask Novel Gene Signatures and Prediction of Alzheimer’s Disease
Within Different Brain Regions. bioRxiv 2021. [CrossRef] [PubMed]

Chang, C; Lin, C.H.; Lane, H.Y. Machine Learning and Novel Biomarkers for the Diagnosis of Alzheimer’s Disease. Int. . Mol.
Sci. 2021, 22, 2761. [CrossRef]

Jin, M,; Cao, L.; Ping Dai, Y. Role of Neurofilament Light Chain as a Potential Biomarker for Alzheimer’s Disease: A Correlative
Meta-Analysis. Front. Aging Neurosci. 2019, 11, 254. [CrossRef]

Nilsson, J.; Gobom, J.; Sjodin, S.; Brinkmalm, G.; Ashton, N.J.; Svensson, ].; Johansson, PM.; Portelius, E.; Zetterberg, H.; Blennow,
K.; et al. Cerebrospinal fluid biomarker panel for synaptic dysfunction in Alzheimer’s disease. Alzheimer’s Dement. Diagn. Assess.
Dis. Monit. 2021, 13, €12179. [CrossRef]

Gaetani, L.; Bellomo, G.; Parnetti, L.; Blennow, K.; Zetterberg, H.; Filippo, M.D. Neuroinflammation and Alzheimer’s Disease: A
Machine Learning Approach to CSF Proteomics. Cells 2021, 10, 1930. [CrossRef] [PubMed]

Sun, Z.; van de Giessen, M.; Lelieveldt, B.P.F,; Staring, M. Detection of Conversion from Mild Cognitive Impairment to Alzheimer’s
Disease Using Longitudinal Brain MRI. Front. Neuroinformatics 2017, 11, 16. [CrossRef] [PubMed]

Sled, ].G.; Zijdenbos, A.P.,; Evans, A.C. A nonparametric method for automatic correction of intensity nonuniformity in MRI data.
IEEE Trans. Med. Imaging 1998, 17, 87-97. [CrossRef] [PubMed]

Lu, P; Hu, L.; Zhang, N.; Liang, H.; Tian, T,; Lu, L. A Two-Stage Model for Predicting Mild Cognitive Impairment to Alzheimer’s
Disease Conversion. Front. Aging Neurosci. 2022, 14, 1-10. [CrossRef] [PubMed]

Tustison, N.; Avants, B.B.; Cook, P.A.; Zheng, Y.; Egan, A.; Yushkevich, P.A.; Gee, ].C. N4ITK: Improved N3 Bias Correction. IEEE
Trans. Med. Imaging 2010, 29, 1310-1320. [CrossRef]

Chen, S.; Ma, K,; Zheng, Y. Med3D: Transfer Learning for 3D Medical Image Analysis. arXiv 2019, arXiv:1904.00625.

Gao, F; Yoon, H.; Xu, Y,; Goradia, D.; Luo, J.; Wu, T,; Su, Y. AD-NET: Age-adjust neural network for improved MCI to AD
conversion prediction. medRxiv 2020. [CrossRef]

Abrol, A.; Bhattarai, M.; Fedorov, A.; Du, Y,; Plis, S.; Calhoun, V.D. Deep Residual Learning for Neuroimaging: An application to
Predict Progression to Alzheimer’s Disease. bioRxiv 2018. [CrossRef]


http://dx.doi.org/10.35940/ijitee.l3372.1081219
http://dx.doi.org/10.1016/j.ygeno.2021.04.028
http://www.ncbi.nlm.nih.gov/pubmed/33878365
http://dx.doi.org/10.3390/ijms22052761
http://dx.doi.org/10.3389/fnagi.2019.00254
http://dx.doi.org/10.1002/dad2.12179
http://dx.doi.org/10.3390/cells10081930
http://www.ncbi.nlm.nih.gov/pubmed/34440700
http://dx.doi.org/10.3389/fninf.2017.00016
http://www.ncbi.nlm.nih.gov/pubmed/28286479
http://dx.doi.org/10.1109/42.668698
http://www.ncbi.nlm.nih.gov/pubmed/9617910
http://dx.doi.org/10.3389/fnagi.2022.826622
http://www.ncbi.nlm.nih.gov/pubmed/35386114
http://dx.doi.org/10.1109/TMI.2010.2046908
http://dx.doi.org/10.1016/j.nicl.2020.102290
http://dx.doi.org/10.1016/j.jneumeth.2020.108701

	Introduction
	Relevant Resources
	OASIS Datasets
	ADNI Datasets
	The Alzheimer's Project

	Current Research Directions in Biomarkers Identification
	Neuropsychological Tests
	Neuroimaging Biomarkers
	Genome, Blood and Cerebrospinal Fluid Biomarkers
	CSF Biomarkers
	Genome Biomarkers

	Potential Novel Biomarkers

	Predicting Progression from MCI to AD with Machine Learning Approaches
	Conclusions and Outlook
	References

