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Abstract

Background: Correctly diagnosing mild cognitive impairment (MCI) and Alzheimer’s disease (AD) is important for
patient selection in drug discovery. Research outcomes on stage diagnosis using neuroimages combined with cerebro-
spinal fluid and genetic biomarkers are expensive and time-consuming. Only structural magnetic resonance imaging
(sMRI) scans from two internationally recognized datasets are employed as input as well as test and independent valid-
ation to determine the classification of dementia by the machine learning algorithm.

Objective: We extract the reduced dimensional latent feature vector from the sMRI scans using a variational autoenco-
der (VAE). The objective is to classify AD, MClI, and control (CN) using MRI and without any other information.
Methods: The extracted feature vectors from MRI scans by VAE are used as input conditions for different advanced
machine-learning classifiers. Classification of AD/CN/MCI are conducted using the output of VAE from MRI images
and different artificial intelligence/machine learning classifier models in two cohorts.

Results: Using only MRI scans, the primary goal of the study is to test the ability to classify AD from CN and MCI cases.
The current study achieved classification accuracies of AD versus CN 75.45% (Fl-score=79.52%), AD versus MCI
81.41% (FI-Score =87.06%), and autopsy-confirmed AD versus MCI 92.75% (FI-Score =95.52%) in test sets and AD
versus CN 86.16% (Fl-score =92.03%) and AD versus MCI 70.03% (FI-Score =82.1%) in validation data set.
Conclusions: By overcoming the data leakage problem, the autopsy-confirmed machine learning classification model is
tested in two independent cohorts. External validation by an independent cohort improved the quality and novelty of the
classification algorithm.
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magnetoencephalography, positron emission tomography
(PET), etc. One of the significant advantages of ML is the
ability to predict where other standard statistical models
fail. In addition, DL methods have the capabilities of quanti-
tative image analysis, region-specific segmentation, and
determining the acceptable structural changes concerning
subtle changes in pathophysiology in the brain before wide-
spread atrophy and irreversible brain damage.'™
Approximately 50 million people live with Alzheimer’s
disease (AD) worldwide, and estimates show that this
number will reach 152 million in 2050. AD, the most
common form of dementia consisting of 60-80%, is an irre-
versible, slow, but progressive neurodegenerative condition
that gives rise to structural and functional changes in the
brain, with often no sign of permanent recovery. The
disease is diagnosed from a history of cognitive decline
and clinical cognitive testing, such as the Mini-Mental
State Examination (MMSE) and the Mini-Cog test, and
exclusion criteria, which indicate an impairment in cogni-
tive abilities rather than the structural changes in the brain
that cause it. The most common early symptom of AD is
recent memory loss, as the disease impacts brain parts asso-
ciated with learning. The National Institute on Aging and
Alzheimer’s Association 2011 (NIA-AA 2011) introduced
the concept of preclinical AD, which arises before mild cog-
nitive impairment (MCI) and progresses to advanced stages
of AD.* MCl is defined as the prodromal stage of cognitive
decline that is significantly higher than expected due to
normal brain aging. The time between MCI state to AD
spans many years, but every MCI patient does not convert
to AD.> A meta-analysis found that the annual conversion
rate from MCI to dementia, AD, and vascular dementia
was 9.6%, 8.1%, and 1.9%, respectively, in specialist clin-
ical settings and 4.9%, 6.8%, and 1.6% in community
studies.” Even after ten years of follow-up, many MCI
cases do not progress to the dementia stage. However,
there is increasing evidence that neuropathological changes
begin decades before the manifestation of the symptoms.®
Accurate detection of MCI and its conversion to AD
with minimal invasion, like brain imaging, is one of the crit-
ical factors for future therapeutic intervention. A machine
learning brain imaging-based systemic review on AD
versus MCI estimates an accuracy of 75.4% by support
vector machine (SVM), and a slightly better result was
achieved (78.5%) by convolutional neural networks
(CNN).7 The study found that a combination of MRI and
PET achieved overall better classification accuracy than
studies that only used one neuroimaging technique.
However, in practice, more expensive PET might be out
of reach for most insurance companies and not readily
available geographically. A combination of CNN and
ensemble learning on the MRI approach achieved a better
result.” The binary classification produced an accuracy of
84% for AD versus healthy control (CN), 79% for
MClI-converter versus CN, and 62% for MClI-converter

versus MCI-nonconverter.? However, none were verified
by a second cohort or specifically cared to reduce biases
due to data leakage in AI/ML algorithms.

Medical context

AD therapeutic trials have failed in recent years because the
disease-modifying trials were initiated at an advanced stage
of the disease when irreversible neuronal damage had
already taken place.” AD detection at the MCI stage may
provide a crucial window of opportunity to intervene with
disease-modifying therapy. Structural MRI (sMRI) pro-
vides helpful information about the atrophy of the brain
regions by aging and AD. It is still the most used neuroima-
ging biomarker for the differentiation of dementia in normal
aging, MCI, AD, and non-AD dementias. An affected brain
is a common feature of familial and sporadic AD.'
High-resolution 3-D sMRI scans can determine the
atrophy of critical brain areas such as the parahippocampal
gyrus, hippocampus, amygdala, posterior association
cortex, and subcortical region.''™'®> However, the visual
rating of hippocampal atrophy and manual volumetric ana-
lysis of the hippocampus, several techniques for quantita-
tive assessment of brain volume and atrophy in MRI
images, such as automated whole-brain volumetry, quanti-
tative region of interest-based volumetry, the quantitative
voxel-based technique, tensor-based morphometric tech-
nique, and global atrophy quantification technique are inad-
equate to estimate the conversion of different stages of
AD-related dementia. PET and cerebrospinal fluid (CSF)
biomarkers could be better predictors of AD path progres-
sion. However, MRI has the potential to identify cortical
regions of abnormality known to be affected in AD nearly
a decade before clinical symptoms of dementia emerges,
providing necessary preclinical evidence of neurodegenera-
tion. Moreover, a recent interest in measuring Amyloid-
related imaging abnormalities by specific drug treatments
can be detected in brain MRL'* Multiple ML models
(Logistic regression, XGBoost, and Random Forest) using
only Electronic Health Records from the Stanford Health
Care data (1999-2022) predicted MCI to AD conversion
only <65% accurately'” and re-enforced the superiority of
brain imaging data for diagnosing and predicting MCI to
AD conversion.

Contributions

Other existing approaches of MRI image analysis require
reducing variations by intricate multi-step, often manual
preprocessing pipelines, such as segmentation, cortical
reconstruction, and outlining region-of-interest. The poten-
tial of variational autoencoder (VAE) as a promising alter-
native to predict early AD progression was first
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demonstrated for distinguishing healthy/diseased (diseased
class includes both MCI and AD patients) states.'® A
second study used a convolutional adversarial autoenco-
der.!” Both studies reported comparable classification
accuracies. However, neither study tested for gold-standard
autopsy-confirmed cases or validated by a separate cohort.
VAE-based data augmentation helps resolve high dimen-
sion, low sample size problems in healthcare where practi-
tioners must deal most of the time with (very) low sample
sizes along with very high dimensional data (e.g., 3-D neu-
roimaging data). VAE-based data augmentation to address
class imbalance has recently been used.'® A conditional
VAE algorithm has been reported to identify brain dysfunc-
tion in AD.'**° In a non-brain imaging segment, VAE has
been employed to distinguish dementia and non-dementia
using a clock drawing test.?! VAE has been used for AD
detection in a variety of cases, including genome-wide
single nucleotide polymorphisms,?* tau Flortaupir-PET,*
and in the identification of white matter macro and micro-
structural abnormalities.>* Autoencoder systems have been
used to diagnose other psychiatric disorders.>> >’ The
model we propose comprises two sections: the first part is
VAE, which does feature extraction from MRI scans. The
extracted latent representation is fed into a discriminative
deep-learning machine algorithm. The output gives different
structural features that enable the diagnosis of CN/MCI/AD.
In this study, we used only 3D sMRI scans from two inter-
nationally recognized datasets [Alzheimer’s Disease
Neuroimaging Initiative (ADNI) and Open Access Series
of Imaging Studies (OASIS)] as input and determined the
current stage of dementia (CN/MCI/AD). It is a methodology
that leverages the power of VAEs to extract latent distribu-
tions and input that to specific machine learning classification
to enable us to determine the optimal model parameters for
the classification of AD versus CN, AD versus MCI, and
MCT versus CN. More specific contributions are: 1) The
VAE model outputs latent representations of subject MRIs
which are fed into ML classifiers to classify AD/MCI/CN;
2) It is the first successful validated attempt to use VAE in
MRI brain imaging processing to classify and validate by a
separate cohort. The outcomes of other studies that used
VAE were not validated by an independent cohort; and 3)
The algorithm we developed is validated with National
Institutes of Health (NIH) ‘Gold Standard’ autopsy-
confirmed AD cases and can differentiate AD from MCI
patients.

Related work: sMRI and ML for the study of AD
diagnosis

ML and DL techniques, such as SVM, artificial neural
network, CNN, etc., are very useful for diagnosing

AD.?*? The accuracy of classification, however, depends
on the type of problem (CN versus AD/CN versus MCI/

MCI versus AD).*® According to several reports, the best
classifiers can discriminate between CN and AD subjects
with accuracies in the ~90% range but have considerably
lower accuracies when discriminating between control
and MCI subjects. However, some of the studies need to
be reproducible due to the lack of defined published frame-
works and implementation details not reported.®' Lastly,
some of these papers may report a biased performance
due to inadequate or unclear validation or model selection
procedures. Some classification studies must be validated
with multiple data sets.” Region-specific information is
required for several classification studies.*” The best classi-
fiers combine optimum features from different modalities,
including CSF biomarkers, MRI, fluorodeoxyglucose
(FDG)-PET, cognitive measures, and factors such as age
and APOE4 allele status.” Implementing such models in
clinics and other applicability will be expensive because
PET imaging is costly and not readily available, and CSF
sample collection is very invasive. The objective is to clas-
sify AD, MCI, and CN using MRI and without any other
information (e.g., age >60, sex, educational background,
no psychometric test) in heterogeneous populations (e.g.,
a combination of Hispanic, Black, and Caucasian ethnicity).
Several AI/ML classification studies have been published
where only MRI scans were used.>>™' Those studies have
limitations like not taking care of data leakages, not being
validated with secondary data sets, and AD versus MCI
classification accuracy for most of them was below 80%.
Moreover, most of them were not tested in autopsy-
validated sample sets. Only one such kind of study,
autopsy-validated, needed to be more accurate to classify
AD versus MCI cases.*?

A significant challenge of using MRI scans is high-
dimensional images. To address this, in this study, we
extract the reduced dimensional latent feature vector from
the sMRI scans using a VAE. The objective is to classify
AD, MCI, and CN using MRI and without any other infor-
mation (e.g., age >60, sex, educational background, no psy-
chometric test) in heterogeneous populations (e.g., a
combination of Hispanic, Black, and Caucasian ethnicity).
The extracted feature vectors from MRI scans are used as
input conditions for different advanced AI/ML classifiers.
Classification of AD versus CN, AD versus MCI, and
autopsy-AD versus MCI are conducted using the output
of VAE from MRI images and different AI/ML classifier
models in two different cohorts. Data leakage is an invari-
able problem in AI/ML image classification. To overcome
it, we split ADNI data into training and test sets at the
very beginning and later used it to test the algorithm and
validated the algorithm again in a different independent
cohort (OASIS). Using only MRI scans, the primary goal
of the study is to test the ability to classify AD from CN
and MCI cases. The current ML classification is tested
with patients of NIH ‘Gold Standard’ autopsy-validated,
and it is the first successful attempt to classify AD versus
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CN/MCI patients using a combined algorithm consisting of
VAE and other ML classifiers. External validation is
required to improve the quality and novelty of the classifi-
cation algorithm. The ML classification model is also
tested in an independent cohort (OASIS).

Methods
Study population

All neuroimaging, clinical, and autopsy diagnostic infor-
mation used in this study were in a deidentified format
and obtained upon external request. Sources ensured com-
pliance with ethical issues. Therefore, this study was
exempted from local institutional review (IRB).** This
work used state-of-the-art data from the ADNI (Table 1)
and OASIS study population (Table 2). The data set was
properly labeled collections of MRI images. Each data
set has three groups of patients (CN, MCI, and AD) with
no difference in age (p-value >0.05). For the study, we
use a standard database released by ADNI named the
TADPOLE Challenge. We used all the MRI scans and
their corresponding subjects from subsets D1 and D2 for
the current study. We follow the exact instructions mentioned
in the challenge and download the standard data sets from the
LONI. After logging in, we go to Download — Study Data
— Test Data — Data for Challenges and download
‘Tadpole Challenge Data’. However, since this is study data,
it does not include the MRI scans, so we leverage the scripts
available in the challenge to find all MRI scan IDs and down-
load them separately.

The ADNI (adni.loni.usc.edu) was launched in 2003
as a public-private partnership, led by Principal
Investigator Michael W. Weiner, MD. The original
goal of ADNI was to test whether serial MRI, PET,

Table |. Data source: Alzheimer’s Disease Neuroimaging
Initiative (ADNI).

A. Training data set

Diagnosis Number of subjects Number of MRI scans
CN 380 1895
MCI 361 1880
AD 280 851
B. Testing data set
Number of Number of MRI

Diagnosis subjects scans
CN 33 155
MCI 42 233
AD 41 122
Autopsy-confirmed 14 44

AD

AD, Alzheimer’s disease; MCI, mild cognitive impairment;
CN, age-matched control.

other biological markers, and clinical and neuropsycho-
logical assessment can be combined to measure the pro-
gression of MCI and early AD. The current goals include
validating biomarkers for clinical trials, improving the
generalizability of ADNI data by increasing diversity
in the participant cohort, and to provide data concerning
the diagnosis and progression of Alzheimer’s disease to
the scientific community. For up-to-date information,
see adni.loni.usc.edu.

We further investigated the performance of our model on
autopsy-confirmed patients’ MRI scans (ADNI data set).
The inclusion of patients in this cohort is based on the
values of NP_THAL and NP_BRAAK being greater than
2 and III, respectively. As an external validation cohort,
we used the OASIS-1 data set.** We downloaded the
MRI scans of all 416 subjects and classified them based
on Clinical dementia rating (CDR) scores, as given
below. Since all the subjects do not have valid CDR
scores, being ‘NA’, we removed them from our test
dataset. CDR-Value: 0.0 corresponds to CN, 0.5 corre-
sponds to MCI, 1.0 and 2.0 correspond to AD.

To avoid data leakage during training and validation, the
ADNI data was split into training and test data sets.
Table 1A data was used for training, and Table 1B was
used for the testing. For further validation, we tested the
classification models using Table 2 (data from OASIS-1).
The number of images from the TADPOLE dataset used
in the model training is CN=1895, MCI=1880, and
AD =898 (including autopsy-confirmed: 44). There is a
slight imbalance by the reduced number of AD images.
However, such a slight imbalance will not affect results.

ADNI data

The ADNI dataset contains several collections of MRI
irnages.43 In order to benchmark the current algorithm, we
selected a standardized subset of data created by ADNI in
the form of a challenge TADPOLE and used all the modalities
of MRI images for all the subjects included in the challenge.
Clinical diagnosis of CN, MCI and AD are made as follows.

Diagnostic criteria of ADNI TADPOLE Data (https:/
tadpole.grand-challenge.org/Data/): Neuropsychological

Table 2. Open Access Series of Imaging Studies (OASIS) study
population.

Clinical Dementia Rating (CDR)

Diagnosis Number of subjects Number of MRI scans
CN 135 526
MCI 70 270
AD 30 17

CN: CDR=0.0, MCl: CDR=0.5; AD: CDR=1 and 2.
AD, Alzheimer’s disease; MCI, mild cognitive impairment; CN,
age-matched control.
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Figure 1. lllustration of an example of a preprocessing pipeline on typical sSMRI scans. (A) Space normalization ensures that the spatial
structure of all the images of the dataset is as similar as possible with each scan resampled to a (I X | x 1) mm? of voxel space. (B)
Registration adapts the sMRI scan to another reference image, which is called an atlas (we use T| weighted MNII52), seeking that the
same regions of both represent the same anatomical structure. (C) Skull stripping removes the information from the skull that appears
on structural MRl images. (D) Min-max normalization reduces the pixel values varying between 0-1 to maintain similar pixel variation

among the sMRI scans.

tests: CDR, Sum of Boxes, Alzheimer’s Disease Assessment
Scale (ADAS)11, ADASI13, MMSE, Rey Auditory Verbal
Learning Test (RAVLT), Montreal Cognitive Assessment
(MoCA), Everyday Cognition (ECog).

MRI ROIs (Freesurfer): Measures of brain structural
integrity, volumes, cortical thicknesses surface areas.

FDG PET: Region-of-interest (ROI) averages:
Measures of cell metabolism, AV45 PET ROI averages:
measures amyloid-beta load in the brain, AV1451 PET
ROI averages — measures tau load in the brain, diffusion
tensor imaging (DTI)-ROI measures microstructural para-
meters related to cells and axons (cell radial diffusivity,
axonal diffusivity, mean diffusivity, axial diffusivity,
radial diffusivity, etc.).

CSF biomarkers: Amyloid and tau levels.

APOE status: APOE4 levels

Demographic information: age, gender, education,
etc.

Autopsy-confirmed AD: Antemortem clinical demen-
tia and two main neuropathologic abnormalities of amyloid
plaques and the neurofibrillary tangles in the brain at post-
mortem autopsy plus the above criteria of AD.

OASIS data

The Open Access Series of Imaging Studies (OASIS) is a
publicly available series of neuroimaging data sets widely
recognized and readily available for study and analysis.44
It is a project specifically aimed at making neuroimaging
data sets of the brain freely available to the scientific com-
munity without any obligation. The OASIS data set used
only CDR to diagnose AD/MCI/CN clinically. Therefore,
there are considerable risks of using only the CDR score
for diagnosis as it has been performed in the OASIS com-
pared to the ADNI TADPOLE data set, where numerous
factors have been used for the clinical diagnosis of AD/
MCI/CN. CDR is an estimation of the clinical judgment
of the clinicians that consists of six cognitive and behavioral
domains (memory, judgment and problem-solving, orienta-
tion, community affairs, home and hobbies performance,
and personal care). There are several limitations of CDR
cores to use in the clinical diagnosis of AD/MCI/CN. A
CDR score of 0.5 may not be accurate for diagnosing
MCI cases. A multi-center trial observed that interrater reli-
ability of CDR scores performed moderately to high nut
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found limitations in detecting early dementia.*> Therefore,
there is still a risk of using the CDR score for diagnosis
that has been used in the OASIS dataset.

Description of the distribution of the demographics in
the different groups

A detailed description of demographics information com-
prising of sex, race & ethnicity and education levels have
been described in the Supplemental File 3. There is no
bias in sex, race & ethnicity and education levels between
training and testing groups.

Data inclusion criteria

The data set of patients considered for the study is a subset
of the data set provided under ‘The Alzheimer’s Disease
Prediction Of Longitudinal Evolution (TADPOLE)
Challenge’. The subset of the patients belongs under the
TADPOLE-provided ‘standard’ datasets D1, D2, and D3.
However, in this study, our analysis is based only on the struc-
tural MRI scans with the ADNI-provided labels CN, MCI, and
AD. The reason for using MCI labels is to create an adversary
that makes the classification task difficult for AD patients. The
MRI scans were filtered to match to be T1 scans.

When multiple scans per subject were available, they
were added to increase the training ability. However, clas-
sification of train and test subsets were performed at the
subject level. Both ADNI and OASIS have multiple scans
per subject. We used ADNI for training the VAE model.
OASIS data was used only for validation.

MRI preprocessing and harmonization

The images from ADNI have considerable variability within
the database because MRI scans were obtained from a multi-
centered project. The database had been preprocessed before-
hand with multiple techniques. Therefore, images need to be
resampled to a joint isotropic resolution and registered to a
standard atlas. Image registration consists of adapting a specific
image to another reference image, which is called an atlas,
seeking that the same regions of both represent the same ana-
tomical structures.*® This study took the T1 weighted
MNI152 template as a reference image. A schematic presenta-
tion of MRI image processing steps is illustrated in Figure 1.
Before image registration, we performed the spatial normaliza-
tion preprocessing step to ensure that the spatial structure of all
the dataset’s images was as similar as possible (Figure 1). Thus,
in the first step, images and the atlas were resampled to an iso-
tropic resolution of 2 mm®. For example, in a preprocessing
pipeline on typical sMRI scans, the space normalization
ensured that the spatial structure of all the images of the

dataset was as similar as possible, with each scan resampled
to a (I x 1x1) mm’ of voxel space (Figure 1A). Registration
adapted the sMRI scan to another reference image atlas in T1
weighted MNI152, seeking that the same regions of both
represent the same anatomical structure (Figure 1B). Skull
stripping removed the information from the skull that appears
on structural MRI images (Figure 1C). Min-max normalization
reduced the pixel values varying between (01 to maintain
similar pixel variation among the sMRI scans (Figure 1D).
The primary goal is to obtain an image containing only the
information relevant to the task. It is established that none of
the most relevant biomarkers are found in the skull in the
case of AD. Thus, different techniques are used to extract the
skull and other non-brain regions*** or directly use an
image data set with the skull already stripped.*® Here, we
have stripped the skull part from images of the dataset using
the Brain Extraction Tool from the FSL package [https:/fsl.
fmrib.ox.ac.uk/fsl/fslwiki/].50 Since not all MRI data is
obtained and preprocessed in the same way before being
stored in the database, finding the ideal fractional intensity
threshold that measures the aggressiveness of the algorithm
in removing image components that do not represent the
brain tissue would not be feasible. So, after multiple tests, a
threshold of 0.2 was used since it could keep a correct
balance for most images without being perfect for all. We
perform intensity normalization beyond these two procedures
specific to medical images (Figure 1). In this study, we used
the min-max normalization technique to reduce the pixel
values between 0 and 1. All those operations helped the auto-
encoder identify the regions of interest (Figure 2).

Model design

To find the characteristics of the disease state and capture the
probabilities, we approach the problem from a discriminative
perspective. As shown in Figure 2, the model is comprised of
two sections, (A) a schematic representation of the flowchart
of the study, (B) the detailed description of the VAE, which
simultaneously extracts a latent representation and reduces
the dimension of a 3D sMRI scan. The extracted latent
representation is then inputted to a different machine-learning
classifier. Given an initial representation of an MRI scan, the
final output constitutes the probabilities of possible diagnosis.

Feature extraction from MRI scans using variational
autoencoder

Extracting relevant features from the vast amount of com-
plicated information in MRI scans is an important step.>”
We approached the problem from a discriminative perspec-
tive of modeling, which is one type of unsupervised learn-
ing that deals with complicated data distributions. It could
be interpreted as learning a discriminating process by
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Figure 2. A schematic illustration of the flow diagram illustrating a process for diagnosing Alzheimer’s disease (AD) versus mild cognitive
impairment (MClI), AD versus non-demented control (CN), and MClI versus CN. (A) MRI 3-dimensional scans are registered as input, followed by
skull stripped, convolutional neural network (CNN)-based segmentation, and normalized. Inside the dotted box, in the first step, processed MRI
scans are used as input in the Variational Autoencoder (VAE) to produce the output of latent feature vectors. In the second step, the latent
feature vectors are used in different machine learning (ML) models to classify AD versus MCI, AD versus CN, and MCI versus CN using MRI
scans. (B) lllustration of VAE image processing steps consisting of an encoder and a decoder in a latent Gaussian model where all are parametrized
by a discriminating CNN with the computer architecture of a variational autoencoder and decoder utilized. ReLU: rectified linear unit.
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which the observation data arose.’’ Feature extraction from
MRI scans using VAE for this study has been presented in
Figure 2B. Mathematical derivation of the use of VAE for
MRI image processing consisting of an encoder and a
decoder in a latent Gaussian model where all are parame-
trized by a discriminative CNN has been derived in the
Supplemental File 1.

Encoder part. The encoder part uses ResNet blocks, where
each block consists of two convolutions with normalization and
ReLLU, followed by additive identity skip connection.”* For nor-
malization, we use Group Normalization,53 which shows better
than BatchNorm performance when the batch size is small
(batch size is 1 in our case). We followed a common CNN
approach to progressively downsize image dimensions by 2
and increase feature size by 2. For downsizing, we use stride
convolutions. All convolutions are 3 X3 x 3, with the initial
number of filters equal to 32. The encoder endpoint has size
512 (256 for mean and 256 for variance) and is 4096 times spa-
tially smaller than the input image.

Decoder part. Starting from the encoder endpoint output,
we first reduce the input to a low dimensional space of 256
(128 to represent mean and 128 to represent standard devi-
ation). Then, a sample is drawn from the Gaussian distribu-
tion N (zludp, X¢). The sample is fed as input to the
decoder structure like the encoder. Each decoder level
begins with upsizing: reducing the number of features by a
factor of 2 (using 1 X 1 X1 convolutions) and doubling the
spatial dimension (using 3D bilinear sampling). The deco-
der’s end has the same spatial size as the original image.

Computational methods

The code for the framework is developed using Python
(version 3.10.x). The VAE framework uses the PyTorch
library, and the machine learning classifiers are utilized
from PyCaret. We make use of the PyCaret library for cross-
validation and fine-tuning the classifiers. For preprocessing
the MRI scans, we use the FSL library and its BET tool,
while the normalization is done in Python. The data from
ADNI has been collected in NIfTI format and read and ana-
lyzed in Python using the nibabel library and its dependen-
cies. Furthermore, we use the sci-kit-learn library to
generate t-SNE embeddings and matplotlib to visualize the
same. The computer codes are available to interested
readers upon request. Multiple ML models were explored
using PyCaret on the embeddings generated by the VAE
model. In this study, we report the best-performing models.
To tune the model, a 3-fold cross-validation on the image
embeddings from the training subjects was employed to
select the optimal hyperparameters. The details of hyperpara-
meter spaces, which were used to find the optimal hyperpara-
meters as well as the finally chosen hyperparameters, are
incorporated in the Supplemental File 4. The Bayesian
search algorithm from the scikit-optimize library was used

for this purpose. ADNI data from Table 1B and OASIS
data from Table 2 were used for validation purposes. ML
classifiers used in this study are ExtraTree, Light Gradient
Boosting Machine (LGBM), SVM-Linear Kernel, eXtreme
Gradient Boosting (XGB), and Random Forest.

Computer specification

The training, testing, and code development of the model
were run on a computer with an Intel Core 17—12700KF pro-
cessor running at 3.6 gigahertz frequency using 16 giga-
bytes of DDR4 SDRAM with a speed of 3000 megahertz.
The system was equipped with a dedicated 8 gigabytes of
NVDIA Geforce RTX-3070 GPU video memory (RAM),
running Ubuntu (a Linux distribution) version 22.04.

Results

Cluster identification by t-distributed stochastic
neighborhood embedding

The testing and assessing of feature extraction from MRI
scans using VAE was conducted on t-distributed stochastic
neighborhood embedding (t-SNE) of the latent vectors
from the VAE generator of all classes. We found complete
image harmonization in the t-SNE embeddings of different
classes from three overlapping clusters: CN, AD, and MCI
(Figure 3, Supplemental Figure 1). Clustering results on
the t-SNE plots indicate the samples were generated from a
normal distribution (Feature [1]: t-SNE embedded dimension
1 and Feature [2]: t-SNE embedded dimension 2; AD, CN,
MCI). We identified three different diagnoses from the
latent features encoded by VAE with a hierarchical presenta-
tion. Thereby, we could bring class balance among training
samples of CN, MCI, and AD classes. The reduced dimen-
sional latent representation of MRI scans generated using
VAE is further reduced to two dimensions to visualize the
class-wise embeddings and clusters. 2-dimensional t-SNE
embedding plots assessed the confounding relationship
between the diagnostic status and a specific form of meta-
data. There was no apparent distant cluster formation of
metadata after the post-processing of MRI embodiments in
both cohorts (ADNI and OASIS) (Supplemental Figure 1).

Control/mild cognitive impairment/Alzheimer’s
disease classification

The algorithm we developed is a combination of VAE and
the addition of one of the different advanced ML classifiers
(ExtraTree, LGBM, SVM-Linear Kernel, XGB, and
Random Forest. First, the machine was trained with
ADNI data presented in Table 1A. After the training, the
algorithm was tested using the ADNI data presented in
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Figure 3. A schematic view of cluster identification by t-distributed stochastic neighborhood embedding (t-SNE) of the latent vectors.
It shows the projection of variational autoencoder (VAE) latent dimensions. The reduced dimensional latent representation of MRI

scans generated using VAE is further reduced to two dimensions to visualize the class-wise embeddings and clusters. Individual points
depict projection of MRI scans from a single patient. t-SNE plot is derived from training samples from ADNI cohort. (Feature [1]: t-SNE
embedded dimension | and Feature [2]: t-SNE embedded dimension 2; AD, Alzheimer’s disease; CN, control; MClI, late mild cognitive

Impairment.

Table 1B. The data from the OASIS (Table 2) were used to
validate the algorithm independently. The performance of
different machine learning models is presented in terms of
accuracy, precision, recall, and F1 score for the ADNI test
data set (Tables 3 and 4). The classification validation
results are presented in Table 5 using OASIS data. The
receiver operating characteristic (ROC) is traced from the
true positive rate and false positive rate of prediction. The
study presents each case’s diagnostic ability in terms of
classification performance (Figures 4-6; Tables 3-5). The
most important finding is a classification of MCI with
autopsy-confirmed patients. Figure 6 and Table 3 depict
the classification performance of autopsy-confirmed AD
(Autopsy-AD) versus MCI. XGB classier performed best
(Accuracy =92.78%; Precision =91.42%, Recall=100%,
F1-Score =95.52%), and other classifiers always performed
with an accuracy of >70%. The model we generated has
been validated with the OASIS cohort (Table 5). Several
published studies comprising volumetric measures, cortical
thickness, and gray matter (Table 6) did not validate their

classification in a separate cohort. In the case of AD
versus MCI, the current algorithm outperformed existing
published data (Table 6). Autopsy-confirmed AD patients
with serial MRI scans are not readily available. The
highest accuracy value in the autopsy-AD versus MCI
case confirmed the algorithm’s genuine power. The perfor-
mances of some ML models are slightly less accurate
(Table 3). Which is also reflected in ROC traces (Figures
4-6). Some of the MRI scans are not perfectly aligned in
the case of the CN data set of the TADPOLE data format.
Abnormality may cause a drop in accuracy in the case of
AD versus CN classification.

Two interesting characteristics of the current algorithm
are that it is the best performing autopsy-confirmed AD
cases and less accurate for MCI cases. The algorithm has
been validated in a well-recognized separate cohort. In
general, autopsy-confirmed AD cases are the ‘Gold
Standard’ of AD diagnosis by NIH and Alzheimer’s
Association. However, the most uncertain case is MCIL
Results from the present algorithm confirm the diagnostic
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Table 3. Summarized classification by the current algorithm using three machine learning models in combination with variational

autoencoder in ADNI data set.

Classification Model Accuracy (%) Recall (%) Precision (%) Fl-Score (%)
CN versus AD LGBM - Classifier 75.45 85.16 74.58 79.52
SVM - Linear Kernel 75.45 83.87 75.14 79.27
XGB - Classifier 74.01 86.45 72.43 78.82
ExtraTree — Classifier 67.51 81.94 67.2 73.84
MCI versus AD LGBM - Classifier 81.41 95.28 80.14 87.06
ExtraTree — Classifier 80.85 93.56 80.44 86.51
XGB - Classifier 78.31 92.7 78.26 84.87
Random Forest — Classifier 78.03 92.7 77.98 84.71
MCI versus Autopsy AD XGB — Classifier 92.78 91.42 100 95.52
ExtraTree — Classifier 77.26 85.41 87.28 86.33
LGBM - Classifier 73.65 81.97 86.04 83.96
Random Forest — Classifier 73.65 83.69 84.78 84.23

LGBM, light gradient boosting machine; SVM, support vector machines; XGB, extreme gradient boosting.

Table 4. Best Algorithm for specific classification of Alzheimer’s
disease (AD).

Accuracy (%);

Patient combination F1-Score (%) Classifier

AD versus CN 75.45; 79.52 LGBM

Autopsy-confirmed AD 92.75; 95.52 XGB
versus MCI

AD versus MCI 81.41; 87.06 LGBM

criteria of the NIH-AA 2011 (Working Group: New guide-
lines for the diagnosis of Alzheimer’s disease4; and IGW-2
2014 (International Working Group 2: New guidelines for
the diagnosis of Alzheimer’s disease®).

Data leakage

Data leakage is an invariable problem in AI/ML image classifi-
cation.>"> To address this issue, we have taken the following
precautions as mentioned by Wen et al.*' The data (ADNI)
was split into training and test sets at the very beginning at
the subject level. The training set was used to train the model,
and the test data set was used for testing the model. A separate
cohort data set (OASIS) was used to validate the model.
Splitting between training and test sets is performed at the
subject level (see Table 1A and 1B, Table 2). Splitting at the
subject level is essential because, otherwise, the results are
biased due to data leakage.

Class imbalances in classification results

There is a slight imbalance to a reduced number of AD
images. However, such a slight imbalance will not affect
results. We intend to distinguish MCI versus autopsy AD
during the test only, not in training. However, since we

only use the autopsy-confirmed AD cases in the testing
subset, we do not induce any class imbalance while training
the model. Moreover, the 2-components of the tSNE
embeddings do not show any formation of clusters specific
to a class. We see smaller clusters formed by the images
from the same subject (Figure 3 and Supplemental
Figure 1). This suggests that latent encodings generated
by the VAE model are not biased toward a specific class
of images. Thus, the imbalance in the count of images
does not affect the encoding model during training.

Discussion

The non-invasive sSMRI has been used extensively in volu-
metric atrophy measurement, and it does not require radio-
activity exposure like PET, can easily be repeated in the
same subjects with no harm, are relatively inexpensive,
and can be operated with scanner machines available in
almost any clinics. The European Medicine Agency has
been approved as a biomarker for AD clinical trials.
There is ample scope for ML/DL to be used for sMRI ana-
lysis platform support to detect the different stages of
dementia in the AD continuum, from non-demented
control to preclinical AD to MCI and AD. There are
several attempts to classify AD and MCI using only an
MRI scan by a deep neural network without NIH ‘Gold
Standard’ autopsy validation.>*™' A systemic review of
ML of neuroimaging found that the accuracy was highest
for differentiating AD versus healthy controls and poor
for differentiating MCI versus AD.** Most of them do not
have NIH ‘Gold Standard’ autopsy validation. Only one
published autopsy-validated study showed that the accuracy
of classifying AD versus MCI cases was not adequate.**
The current study with autopsy-validated produced MCI
versus autopsy-confirmed AD 92.78% accuracy with very
high precision, Fl-score, and recall value (Precision=
100%; F1-score =95.52%; Recall=91.42%). The study
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Table 5. Validation of the Algorithm in a separate cohort (OASIS).

Classification Model Accuracy (%) Recall (%) Precision (%) Fl-Score (%)
CN versus AD ExtraTree — Classifier 86.16 97.72 86.97 92.03
XGB - Classifier 85.85 95.44 88.22 91.69
LGBM - Classifier 85.54 92.21 90.32 91.25
SVM - Linear Kernel 84.14 90.49 90.15 90.32
MCI versus AD XGB - Classifier 70.03 98.52 70.37 82.1
ExtraTree — Classifier 69.25 98.89 69.71 81.78
LGBM - Classifier 69.25 98.85 69.92 81.66
RandomForest — Classifier 68.73 9741 69.76 81.3
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Figure 4. Performance of classification of Alzheimer’s disease (AD) versus non-demented control (CN). The receiver operating
characteristic (ROC) is traced from the true positive rate and false positive rate of prediction.

found that the CN versus AD classification performance is
less accurate than the classification between CN versus MCI
and MCI versus AD. ADNI clinical diagnoses of CN/MCI/
AD were made based on neuropsychological tests (e.g.,
CDR, Sum of Boxes, ADASI11, ADAS13, MMSE,
RAVLT, MoCA, ECog), MRI ROIs (measures of brain
structural integrity, volumes, cortical thicknesses surface
areas), FDG-PET, DTI-ROI measures, and CSF biomar-
kers. The VAE may have overestimated the brain features
as AD in some of CN cases. On the other hand, it has

been well established that pathological AD features
started much before the clinical manifestation of AD.
Approximately 30% of cognitively normal older indivi-
duals have plaques and tangles in their brains. Some of
the AD underlying pathological features in the brain may
be detected in CN cases by VAE. As a result, the study
found a less accurate classification of CN cases compared
to MCI and AD cases. AD-related feature extraction by
VAE may be more precise in cases of MCI and AD cases
than CN. As a result, the study found better accuracy in
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Figure 5. Performance of classification of Alzheimer’s disease (AD) versus mild cognitive impairment (MCI). The receiver operating
characteristic (ROC) is traced from the true positive rate and false positive rate of prediction.

classifying MCI and AD cases. It is to be noted that invasive
CSF biomarkers are also not very accurate, particularly
amyloid-f4,. The conversion rate of MCI to AD is 10-15%
per year, and 80% of MCI will eventually be converted to
AD.*® The diagnosis of MCI versus AD and CN is always
tricky. Some of the MCI cases can be reversed back to
normal cognitive condition, and several may convert to
non-AD dementia cases.

The encoder in VAE, consisting of 3D CNN blocks,
plays a pivotal role in compressing the input MRI data
into a lower-dimensional representation commonly known
as a latent space. Its primary objective is to discern and
encapsulate the critical features and intricate patterns inher-
ent in MRI brain images. This encoding process is the foun-
dation for various downstream tasks such as data
compression, feature extraction, and denoising. To ensure
that the model effectively captures the underlying structures
in MRI brain images, various data augmentation techni-
ques, including translation, scaling, rotation, flipping the
3D image around an axis, and adding Gaussian noise,

were applied with specific probabilities. The decoder in
the current MRI autoencoder, mirroring the encoder, contains
3D CNN blocks and aims to reconstruct the compressed
latent space back into the original MRI data format. It
employs a symmetrical architecture to the encoder, reversing
the encoding process to generate output images that closely
resemble the non-augmented original MRI data. The loss
function incorporates the mean squared error (MSE) and
Kullback-Leibler (KL) divergence terms. The MSE term is
calculated within the masked region (the region where the
brain tissue is present in the original image) of both the
model’s output and the original image, measuring pixel-wise
reconstruction fidelity. Simultaneously, the KL divergence
term is instrumental in regularizing the latent space represen-
tations. It encourages them to follow a standard Gaussian dis-
tribution with a mean of zero and a standard deviation of one.
This dual-loss approach ensures accurate reconstruction and
effective latent space regularization, contributing to the
overall model’s robustness and performance in handling
MRI brain data. Our novel approach using a VAE excels
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Figure 6. Performance of classification of autopsy-confirmed Alzheimer’s disease (Autopsy-AD) versus mild cognitive impairment

(MCI). The receiver operating characteristic (ROC) is traced from

at extracting crucial features from MRI brain images self-
supervised. By incorporating the VAE framework, the
model learns to capture the data’s inherent structure and
salient features without the need for explicit feature labeling
or supervision. This self-supervised learning process is espe-
cially advantageous in MRI data, where identifying crucial
features can be complex and multifaceted. The VAE’s
ability to implicitly discover and represent these features
within the latent space not only streamlines the modeling
process but also opens the door to finding previously
unknown or subtle patterns and information within the
MRI data, ultimately enhancing our understanding of the
underlying neurobiology.

We conduct a set of comprehensive experiments on
ADNI. The results demonstrate that the use of VAE can
achieve robust classification. In the data augmentation pro-
cedure, VAE exploits the features from 3-D MRI scans and
encodes the images into 2-D latent space. It compresses the
data, but at the same time, it concentrates on the latent fea-
tures of the MRI scans. Unlike principal component ana-
lysis or independent component analysis, VAE encodes
3-D input into a form Gaussian distribution, not like a
point or regular distinct entity. Data augmentation is the
art of increasing the size of a given data set by creating

the true positive rate and false positive rate of prediction.

synthetic labeled data. Using VAE, the study achieved a
better or comparable accurate classification with much
better F-1 scores than one of the best and most recent
DL-based AD/MCI dementia classification studies.
Multimodal deep learning has achieved a better
classification.”®

The current algorithm outcomes perfectly found that
diagnosis of MCI is less accurate than autopsy-confirmed
AD. It is obvious that almost all MCI patients will not be
converted to AD eventually. In fact, there are reports that
some of the MCI cases may come back to the non-dementia
phase. A study found that ~16% of MCI cases went reverse
back to normal or near-normal cognition approximately
1-year later.”” (MCI can also be divided into two categories:
amnestic MCI and multimodal MCI or non-amnestic MCIL.
MCI with primarily memory deficits is called amnestic
MCI. Multimodal MCI includes MCI with problems in
thinking skills, inability to make sound decisions and judg-
ments, and failure to take the sequential steps needed to
perform relatively complex tasks. In general, individuals
with amnestic MCI eventually develop AD, and those
with multimodal MCI develop non-AD dementia. MCI
also has been divided into two categories based on clinical
criteria, such as MMSE and Clinical CDR, late MCI, and
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Table 6. Comparison of results with other published MRI-based machine learning models.

Feature inputs

Data and Results

Remarks

References

MRI: unprocessed

MRI: Whole brain
volume measures

MRI: GM volumes

MRI: 3D hippocampal
morphometric measures

MRI: Hippocampal volume
Other information:
Demographic, APOE,
genotypes, CSF biomarkers

MRI: 3D brain volumes

MRI: 3D brain volumes

MRI: cortical thickness

MRI: cortical thickness
Other information:
demographic variables, and
APOE4 genotype

MRI: cortical thickness

Data source: ADNI and OASIS
ML Classifier: XGB
Results: AUC Accuracy =0.93
(MCI versus Autopsy-confirmed
AD)
ML Classifier: LGBM
Results: AUC Accuracy =0.81
(MCI versus AD)

Data source: Sample collected on
site for study.
ML classifier: SVM Result: AUC
ROC=N/A
Accuracy =0.50 (pMClI versus
sMCl)

Data source: ADNI
ML classifier: SVM
Results: AUC ROC =0.74
Accuracy = N/A (pMCl versus
cMCl)

Data source AddNeuroMed;
ML classifier: SVM with
RBF kernel
Results: AUC ROC =N/A
Accuracy =0.80 (pMClI versus
cMCl)

Data source: ADNI
ML classifier: SVM
Results: AUC ROC=0.68
Accuracy =0.68 (pMClI versus
cMCl)

Data source: ADNI
ML classifier: SVM
Results: AUC ROC = Accuracy =
0.97 (pMClI versus sMClI)

Data source: ADNI
ML classifier: SVM
Results: AUC ROC =0.87
Accuracy =0.79 (pMClI versus
sMCl)

Data source: ADNI
ML classifier: SVM
Results: Results: AUC ROC =N/
A
Accuracy =0.68 (pMCl versus
cMCl)

Data source: ADNI
ML classifier: RF
Results: AUC ROC=0.83
Accuracy =0.82 (pMClI versus
sMCl)

Data source: ADNI
ML classifier: Graph neural
network
Results: AUC ROC =N/A
Accuracy: Conversion from:
eMCl to AD: 0.79
IMCI to AD: 0.65

External validation of the model by an
independent cohort improved the
quality and novelty of the classification
algorithm.

Model was not verified with other data sets.

Model was not verified with other data sets.

Model was not verified with other data sets.

Model was not verified with other data sets.

The model will not be practical because
need genetic testing plus invasive CSF
collection.

Model was not verified with other data sets.

Model was not verified with other data sets.

Model was not verified with other data sets.

Model was not verified with other data sets.

Model was not verified with other data sets.

Current study

Plant et al.
(2010)*

Chincarini et al.
(2011)**

Costafreda et al.
(2011)*

Apostolova
et al.,
(2014)'°

Guerrero et al.
(2014)%¢

Zhang et al.
(2021)*"

Cho et al.
(2012)%®

Lebedev et al.
(2014)*°

Wee et al.
(2019)*°

(continued)
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Table 6. Continued.

Feature inputs Data and Results Remarks References
MRI: GM density Data source: ADNI Model was not verified with other data sets. Wen et al.
ML classifier: SVM (2021)*

Results: AUC ROC=N/A

Accuracy =0.80 (pMClI versus

sMCl)

AD, Alzheimer’s disease; ADNI, Alzheimer’s Disease Neuroimaging Initiative; APOE, Apoliprotein; AUC, area under the curve; cMCl, converting MCl;
CSF, cerebrospinal fluid; eMClI, early MCI; GM, gray matter; LGBM, Light Gradient Boosting Machine; IMCI, late MCI; MCI, mild cognitive impairment; ML,
machine learing; MRI, magnetic resonance imaging; N/A, not available; OASIS, Open Access Series of Imaging Studies; pMClI, progressive MCI; RBF, radial
basis function; RF, random forest; ROC, receiver operating characteristic; sMCl, stable MCI; SVM, support vector machine; XGB, eXtreme Gradient

Boosting.

early MCL>® MCI proceeds to AD with an annual rate of 10—
12%,% and an individual with MCI is expected to convert to
AD within five years (about 5-25% per year).”® Another
study found a slightly higher conversion rate (10-25%)
from MCI to AD.®' Patients with MCI who are progressing
to AD have converting-MCI, and those who continue to stay
at the MCI stage have stable MCI Individuals with
converting-MCI might be better candidates for inclusion in
clinical studies of AD drugs to test their efficacy in
slowing progression to moderate and severe AD.

More than 99% of AD drug trials failed previously.
Three primary reasons for failure are the selection of
wrong targets, biological heterogeneity of disease mechan-
ism, and poor patient selection. An ideal trial design should
have a placebo-AD arm with a measurable cognitive decline
due to AD-related brain pathology changes faster than the
treatment arm. The successful completion of this project
will help patient stratification in AD clinical trials. Two
major marketing segments will benefit from this research
work: the clinical facilities and the AD drug development
companies. The clinical facilities include radiologists, neu-
rologists, and geriatric psychologists’ medical centers with
MRI facilities. They will benefit from early detection of AD
converted from MCI using only MRI scans. Expected con-
firmed results would help the caregiver with the right plan.
We deliberately selected early AD patients by considering
the subset of scans for which the date of study/visit is
under 18 months from the baseline. By focusing on accurate
diagnosis of AD at an earlier stage would help better patient
stratification in AD clinical trials. The second beneficiary is
development industries to stratify the suitable MCI cases to
convert to AD. The early-stage AD patient selection before
widespread neuronal loss is a key for AD drug development
using MRI data. The proposed project has the potential to
disrupt the targeted market segments. NIA and AA have
incorporated MRI as one of the AD biomarkers to detect
AD for research and clinical trial purposes in 2011.* The
European Medicines Agency has introduced MRI data as
the primary biomarker data for patient stratification.
Moreover, U.S. Food and Drug Administration clearance
is not necessary for this marketing segment.

An estimated 47 million Americans (1 in 5 above the age
of 50 years) have preclinical AD and are at risk of develop-
ing cognitive impairment in the future. There is a scope for
improvement of this ML algorithm by using the region-
specific difference between AD and control brain MRI
images as inputs. We intend to improve the ML algorithm
to capture subtle changes in brain structure that occur
before widespread neuronal loss. Such characteristics of
an algorithm will enable us to predict the predementia
phase before the onset of AD in the preclinical stage of
the disease.

The study has not demonstrated how AD can be distin-
guished from other non-AD dementias (e.g., multi-infarct
dementia, dementia due to Parkinson’s disease, Lewy
body dementia, frontotemporal dementia, etc.). The study
will continue to work to formulate new algorithms to distin-
guish AD from other non-AD dementias using region-
specific MRI scans. Moreover, brain autopsy studies
found more than 50% of cases of AD pathologies remain
co-morbid with other forms of neurodegeneration. In the
future, we plan to introduce more specific argument base
and brain-region-specific differentiating parameters for
how AD pathology can be distinguished in the presence
of another dementia. In a future study, the present algorithm
will apply other factors that are risk factors for AD path-
ology, for example, predisposition of AD risk factors
genes (APOE4, BINI, CLU, ABCA7, CRI, PICALM,
CD33, MS4A, SORLI, etc.), demography (education, sex,
ethnicity) and PET scan data. The multimodal algorithm
model will be able to improve the diagnosis of CN versus
MCI versus AD and can be able to diagnose AD from
other non-AD dementia cases. The goal is to extend the cap-
ability of the algorithm to predict the pre-clinical stage of
AD. This is the first complete study where VAE has been
employed to classify CN/MCI/AD. However, in a recent
report, VAE has been utilized to explore multimodal AD
progression modeling.'® In our ongoing study, we are util-
izing VAE for predicting dementia state in combination
with other ML modalities. In the future to improve classifi-
cation of AD, MCI, and CN we intend to add multimodal
approach, e.g., MRI with other variables (e.g., age >60,
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sex, educational background, and psychometric test) in het-
erogeneous populations (e.g., a combination of Hispanic,
Black, and Caucasian ethnicity).

Only MRI-based ML models are included.

Limitations

Only the CDR score for the clinical diagnosis has been per-
formed in the OASIS dataset compared to the ADNI
TADPOLE data set, where numerous factors have been
employed to diagnose AD/MCI/CN clinically. Therefore,
the OASIS data set may be less accurate than the clinical
diagnosis of the ADNI TADPOLE data set. One of the
important aspects of the study is to examine the performance
in ‘gold standard’ autopsy-confirmed AD cases. The study
has only 14 autopsy-confirmed cases in a single cohort
(ADNI TADPOLE). There were no autopsy-confirmed
cases in the OASIS cohort. Therefore, the capability of the
classifiers has not been tested in the data set obtained from
multi-cohorts. We are now planning to validate and generate
more data by testing the algorithm in a third cohort, National
Alzheimer’s Coordination Committee (NACC) patients.
NACC functions as the centralized data repository and col-
laboration and communication hub for the NIA’s
Alzheimer’s Disease Research Centers program, which cur-
rently includes 33 centers and 4 exploratory centers across
the US. NACC cohorts have non-AD dementia data. The
algorithm has not been tested for non-AD dementia cases
and predictivity of conversion of MClI-converter and non-
converter cases. We are now working in this direction.

Conclusion

The study concluded that 3-D MRI scans could successfully
diagnose the course of AD-related dementia after feature
extraction of images by VAE and using AI/ML algorithms.
The model comprises two sections, and the first part is
VAE, which features extraction from MRI scans. The
extracted latent representation is then fed into a discriminative
ML model. We propose a methodology that leverages the
power of VAE:s to extract latent distributions and the discrim-
inating power of different machine learnings. The current
study achieved classification AD versus CN with an accuracy
of 75.45% (F1-score=79.52%), AD versus MCI with an
accuracy of 81.41% (F1-Score=_87.06%), and autopsy-
confirmed AD versus MCI with an accuracy of 92.75%
(F1-Score =95.52) using ADNI data set. By overcoming the
data leakage problem, the ML classification model is tested
in two independent cohorts. When tested in an independent
cohort (OASIS), the study achieved the classification of AD
versus CN with an accuracy of 86.16% (F1-score =92.03%)
and AD versus MCI with an accuracy of 70.03% (F1-Score
=82.1%). External validation has improved the quality and

novelty of the classification algorithm. The current study has
three novelties: 1) The study is ‘gold standard’ autopsy vali-
dated. The algorithm is tested in autopsy-confirmed cases
which is very rare in AI/ML AD imaging studies; 2) The algo-
rithm is validated by a separate independent cohort; and 3) The
study has taken care of data leakage by separating training and
testing data sets at subject level before training.

In the future, predictions of the current and future state of
a patient’s AD can be computed from our model by gener-
ating latent representations of the patient’s sMRI scan
(current) using VAE. Sampling from the generated condi-
tional distribution helps augment the dataset. The ability
to sample from any conditional distribution is one advan-
tage a modeling framework based on VAE and machine
learning has over alternative nongenerative models.
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