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SYSTEMS AND METHODS FOR DIAGNOSING NEURODEGENERATIVE
DISEASES
CROSS REFERENCE TO RELATED APPLICATIONS
[0001] This is a PCT application that claims benefit to U.S. provisional
application serial number 63/143,616 filed on January 29, 2021, and further claims
benefit to U.S. provisional application serial number 63/250,889 filed on September

30, 2021; all of which are incorporated by reference in their entireties.

GOVERNMENT SUPPORT
[0002] This invention was made with government support under T32
AG044402 awarded by the National Institutes of Health. The government has certain

rights in the invention.

FIELD
[0003] The present disclosure generally relates to computer-
implemented methods, devices, and medical diagnosis applications; and in particular
to a computer-implemented method of diagnosing a neurodegenerative disease on
the basis of transcripts in blood, including, e.g., identification and validation of blood-
based RNA biomarkers for neurodegenerative disease to reveal alterations in

multiple fundamental cellular processes.

BACKGROUND
[0004] Diagnosis of neurodegenerative diseases is notoriously
inaccurate. Current methods for diagnosing neurodegenerative disease are either
expensive, time-consuming, or invasive. A simple inexpensive and noninvasive
method of diagnosis is clearly needed. To achieve this goal, it is important to
understand and solve different challenges in the subject technical art.
[0005] It is with these observations in mind, among others, that various

aspects of the present disclosure were conceived and developed.

SUMMARY
[0006] Aspects of the present disclosure may take the form of a
computer-implemented method for diagnosing a neurodegenerative disease. In

general, the method includes the steps of extracting data from a blood sample
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associated with a patient; and generating, by a processor, a machine learning
prediction of a diagnosis of a neurodegenerative disease afflicting the patient by
applying the data from the blood sample as input to a machine learning model in
view of a blood RNA transcript predetermined to be predictive of the
neurodegenerative disease. In some examples, the machine learning model includes
Random Forest (RF) classification and is trained, by the processor, by steps
including: accessing whole blood expression datasets associated with the
neurodegenerative disease and sample datasets, the sample datasets including
whole human blood mRNA gene expressions processed in normalized form;
analyzing a transcriptome of each of the sample datasets and ranking an ability of
the predetermined blood RNA transcript and each of a plurality of RNA blood
transcripts to classify affected samples for a diagnosis of the neurodegenerative
disease, training including: building a first plurality of classifier trees, selecting a first
set of top classifiers, building a second plurality of classifier trees using the set of top
classifiers, and selecting and saving a second set of top classifiers, the second set of
top classifiers defining selected transcripts. In some examples, the machine learning
model is trained by the processor to optimize selection of transcripts for disease
discrimination, by steps of: for each node in a binary classification tree, randomly
selecting 2/3 of samples in a test sample set and ordering them by expression of
each f randomly selected transcript features; applying a ranking measurement using
a Gini index to select a transcript with least impurity at each node to build trees and
rank transcript samples to optimize a decision tree; and generating a confusion
matrix after classification of the test sample set.

[0007] Aspects of the present disclosure may further take the form of a
system configured for diagnosing a neurodegenerative disease. In general, the
system includes a memory and a processor in operable communication with the
memory. The processor, configured with executable instructions stored in the
memory, being operable to: access a dataset from a repository, the dataset including
gene expression data; normalize the data gene expression data; train an algorithm
using machine learning as applied to samples from the dataset; select a set of
features to classify samples into disease or control groups based on RNA expression
in whole blood; select a subset of the set of features; and implement the algorithm as

trained to compute a transcript signature for a neurodegenerative disease based on
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the subset of the features, the transcript signature indicative of a diagnosis for the
neurodegenerative disease.

[0008] Aspects of the present disclosure may further take the form of a
tangible, non-transitory, computer-readable medium having instructions encoded
thereon, the instructions, when executed by a processor, being operable to: access a
dataset from a repository, the dataset including gene expression data; normalize the
data gene expression data; train an algorithm using machine learning as applied to
samples from the dataset; select a set of features to classify samples into disease or
control groups based on RNA expression in whole blood; select a subset of the set
of features; and implement the algorithm as trained to compute a transcript signature
for a neurodegenerative disease based on the subset of the features, the transcript

signature indicative of a diagnosis for the neurodegenerative disease.

BRIEF DESCRIPTION OF THE DRAWINGS

[0009] The patent or application file contains at least one drawing
executed in color. Copies of this patent or patent application publication with color
drawing(s) will be provided by the Office upon request and payment of the necessary
fee.

[0010] FIG. 1A is a simplified illustration of a computer-implemented
system and devices for diagnosing a neurodegenerative disease, according to
aspects of the present disclosure.

[0011] FIG. 1B is a simplified block diagram of a computer-
implemented process for a neurodegenerative disease, according to aspects of the
present disclosure.

[0012] FIGS. 2A-2G are graphs illustrating receiver operator curves for
functional group features in Alzheimer's disease (AD) and other neurodegenerative
diseases. ROC generated from discrimiant scores of Linear discriminant analysis
using functional group features hand-picked in previous work for each of three
functional groups: Inflammation (FIG. 2A), Epigenetics (2C), and Stress (2E). FIG.
2G shows ROC for combined analysis of all 22 trancripts of the three groups. Line
colors denote specific neurodegenerative diseases tested and line points mark LDA
selected threshold for each (FIGS. 2B, 2D, and 2F). Differential expression analysis
comparison of features across neurodegenerative diseases. Size of circle denote

magnitude of increase in expression (orange) or decrease of expression (blue) in
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disease. Expression change greater than 1.5 fold falls within the largest dots. A false
discovery rate corrected p<.017 is considered significant and marked where
applicable by a black outline. (ROC line color AD in black, HD in cyan or light blue,
FRDA in orange, PD in dark blue, ALS in pink, FTD in red, AUC-area under curve
probility for predicting classification of disease).

[0013] FIGS. 3A-3D are graphs illustrating generation of Random
Forest Transcript Sets from AD Whole-Blood Gene Expression Data. ROC
generated from discrimiant scores of Linear discriminant analysis using the top 20
transcript Random forest selections when training on (FIG. 3A) GSE63060 AD1
model #55 with sensitivity 78% (left) and training on (FIG. 3C) GSE63061 AD2
model #24 with sensitivity 87% (right). Line colors denote specific neurodegenerative
diseases tested using the AD transcripts and line points mark LDA selected
threshold for each (FIGS. 3B and 3D). Differential expression analysis between
disease and controls for each neurodegenerative disease comparison of features
across the diseases. The 20 transcripts of FIG. 3B classify AD, ALS and HD whilce
the 20 transcripts of FIG. 3D classified AD and HD. Size of circle denote magnitude
of increase in expression (orange) or decrease of expression (blue) in disease.
Expression change greater than 1.5 fold falls within the largest dots. A false
discovery rate corrected p<.017 is considered significant and marked where
applicable by a black outline. (ROC line colors AD, HD, FRDA, PD, ALS, FTD AUC-
area under curve probility for predicting classification of disease).

[0014] FIG. 4 is an illustration of a canonical pathway comparison.
Differential expression values for all transcripts were calculated within each disease
dataset using R /imma. Logz fold change of expression in disease and FDR
corrected p-values were then uploaded to IPA for core analysis. A comparison
analysis was subsequently made across all six diseases. IPA calculates a z-score
statistic for comparison of expression enrichment against IPA reference gene list.
Cutoff was set at B-H corrected p=.01. A z-score less than -2 is considered an
inhibited pathway (blue) while a z-score greater than 2 is activated (orange). List
was trimmed to include only pathways with consistent significance in AD cohorts.

[0015] FIG. 5 is an illustration of functional categorization of RF
transcripts across diseases. Transcripts selected by RF algorithm within each
neurodegenerative disease were combined and catagorized using IPA core analysis

feature. Catagories selected under IPA Disease and Functions output are combined
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using eight-way Venn diagram of overlapping catagories including immune
processes red and subset degranulation orange, apoptosis/necrosis blue,
transcription regulation green, protein synthesis purple, ubiquitin/proteasome
degradation cyan, cytoskeleton components pink, and mitochondria/metabolism
yellow. Transcript outliers not functioning in any of the eight catagories are grouped
above the Venn graph. Legend defines shapes and colors of transcript symbols
differentiating disease and type of transcript.

[0016] FIG. 6 is a boxplot analysis of Glucuronidase Beta (GUSB)
expression values for each cohort, as described herein. GUSB expression shows no
significant difference between disease and healthy controls and was used to scale
data sets prior to RF analysis. GUSB expression values for each cohort were
subjected to boxplot analysis with red line at the mean and outliers red plus for each
group of disease labeled as AD, PD, ALS, HD, FRDA, and FTD. Healthy controls
(HC) for each cohort labeled along with the last two digits of GSE dataset
identification number. Although the variation of GUSB mean expression between
cohorts is noted suggesting technical differences between data collection and
analyses efforts, the variation for disease and healthy controls within each cohort is
not significant except that of the cohort ALS76 (ALS1).

[0017] FIG. 7 is a graph illustrating receiver operating curve for
randomly selected transcripts showing poor classification of AD. The random
selection of a subset of transcript features by random number generator selecting
from the entire cohort transcript set results in classification below 70% thus
establishing a threshold for AUC probability of disease classification. Furthermore,
using all 20 random transcripts over 10 random transcripts does not change the
probability of correct disease classification.

[0018] FIGS. 8A-8D depict graphs and analyses indicating that random
forest selected transcripts distinguish Amyotrophic lateral sclerosis from healthy
controls: FIG. 8A shows receiver operator curves calculated from discriminant scores
generated by Linear discriminant analysis for Random forest selected transcript
subset model #33 with sensitivity 74% trained on GSE112676 (ALS1) and testing
GSE 112680 (ALS2). LDA midpoint cutoff indicated on curves by solid dot. FIG. 8B
shows differential expression analysis for the ALS1 top twenty transcripts for disease
samples and associated healthy controls for each disease using R limma package.

Size of dot represents magnitude of differential expression value with orange
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increased expression in disease and blue decreased. Expression greater or less
than 1.5 fold-change marked by largest darker dots. Dots with black outline show
significant p<0.01 false discovery rate corrected. FIG. 8C show the top twenty
Random forest transcript picks to select ALS2 from controls. Training on GSE112680
and tested on GSE112676. RF model #98 was selected with sensitivity 91%.
Receiver operator curves calculated from discriminant scores generated from Linear
discriminant analysis. LDA midpoint cutoff indicated on curves by solid dot. FIG. 8D
shows differential expression analysis for the ALS2 top twenty transcripts for disease
samples and associated healthy controls for each disease using R limma package.
Size of dot represents magnitude of differential expression value where orange is
increased expression in disease and blue decreased. Expression greater or less
than 1.5 fold-change marked by largest darker dots. Dots with black outline show
significant p<0.017 false discovery rate corrected.

[0019] FIGS 9A-9D depict graphs and analyses illustrating random
forest selected transcripts distinguish Parkinson’s disease from healthy controls. A)
Top twenty Random forest transcript picks to select PD1 from controls. Trained and
tested within GSE57475. Model# 71 was selected with sensitivity 94%. Receiver
operator curves calculated from discriminant scores generated by Linear
discriminant analysis. LDA midpoint cutoff indicated on curves by solid dot. B)
Differential expression analysis for the PD1 top twenty transcripts for disease
samples and associated healthy controls for each disease using R limma package.
Size of dot represents magnitude of differential expression value with orange
increased expression in disease and blue decreased. Expression greater or less
than 1.5 fold-change marked by largest darker dots. Dots with black outline show
significant p<0.01 false discovery rate corrected. C) Top twenty Random forest
transcript picks to select PD2 from controls. Trained and tested within GSE99039.
Model #74 was selected with sensitivity 60%. Receiver operator curves calculated
from discriminant scores generated from Linear discriminant analysis. LDA midpoint
cutoff indicated on curves by solid dot. D) Differential expression analysis for the
PD2 top twenty transcripts for disease samples and associated healthy controls for
each disease using R limma package. Size of dot represents magnitude of
differential expression value where orange is increased expression in disease and

blue decreased. Expression greater or less than 1.5 fold-change marked by largest
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darker dots. Dots with black outline show significant p<0.017 false discovery rate
corrected.

[0020] FIGS. 10A-10B are graphs and analysis showing random forest
selected transcripts distinguish Huntington’s disease from healthy controls. A) Top
twenty random forest transcript picks to select HD from controls. Trained and tested
within GSE99039. Model #48 was selected with sensitivity 83%. Because the
number of transcripts cannot be larger than the number of samples in the test set (18
test samples), receiver operator curves of discriminant scores generated from Linear
discriminant analysis performed on the top ten transcripts only (red font). LDA
midpoint cutoff indicated on curves by solid dot. B) Differential expression analysis
on the HD top twenty transcripts for disease samples and associated healthy
controls for each disease R limma package. Size of dot depicts magnitude of
differential expression value where orange is increased expression in disease and
blue decreased. Expression greater or less than 1.5 fold-change marked by the
largest dots. Dots with black outline show significant p<0.07 false discovery rate
corrected.

[0021] FIGS. 11A-11B are graphs and analysis showing random forest
selected transcripts distinguish behavioral variant frontotemporal dementia from
healthy controls. A) Top twenty random forest transcript picks to select FTD from
controls. Trained and tested within GSE140830. Model #25 was selected with
sensitivity 71%. Receiver operator curves of discriminant scores generated from
Linear discriminant analysis. LDA midpoint cutoff indicated on curves by solid dot. B)
Differential expression analysis on the FTD top twenty transcripts for disease
samples and associated healthy controls for each disease using R limma package.
Size of dot depicts magnitude of differential expression value with orange increased
expression in disease and blue decreased. Expression greater or less than 1.5 fold-
change marked by largest darker dots. Dots with black outline show significant
p<0.01 false discovery rate corrected.

[0022] FIGS. 12A-12B are graphs and analysis showing random forest
selected transcripts distinguish Friedreich’s ataxia from healthy controls. A) Top
twenty random forest transcript picks to select FRDA from controls. Trained and
tested within GSE102008. Model #79 was selected with sensitivity 79%. Receiver
operator curves of discriminant scores generated from Linear discriminant analysis.

LDA midpoint cutoff indicated on curves by solid dot. B) Differential expression
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analysis on the FRDA top twenty transcripts for disease samples and associated
healthy controls for each disease using R limma package. Size of dot depicts
magnitude of differential expression value with orange increased expression in
disease and blue decreased. Expression greater or less than 1.5 fold-change
marked by largest darker dots. Dots with black outline show significant p<0.07 false
discovery rate corrected.

[0023] FIG. 13 is a simplified block diagram of an exemplary computing
device that may be implemented along with the device described herein to execute
functionality described herein.

[0024] In addition, a “Supplemental (Transcript) Worksheet” is being
filed with the present application and is referenced herein.

[0025] Corresponding reference characters indicate corresponding
elements among the view of the drawings. The headings used in the figures do not

limit the scope of the claims.

DETAILED DESCRIPTION

[0026] As described herein, the present disclosure relates to computer-
implemented methods for diagnosing a neurodegenerative disease and associated
systems devices. More specifically, machine learning is leveraged via one or more
computing devices or processing elements in view of transcripts present in blood to
discover sets of transcripts which perform sufficiently or are otherwise suitable for
distinguishing a number of neurodegenerative diseases in view of new samples.
Overall, the object is to select a small set of transcripts which can robustly
distinguish neurodegenerative diseases.

General Introduction:

[0027] Diagnosis of neurodegenerative diseases is often uncertain, and
many current methods are expensive, time-consuming, or invasive. These issues
have led to significant interest in blood as a potential biomarker. The present
disclosure posits that flexible machine learning analysis of the blood transcriptome
for six neurodegenerative diseases can provide useful diagnostic information. As
described herein, the affected components of the blood transcriptome represent
fundamental cell biological processes that are also affected in the brain.

[0028] Methods: For analysis, nine data expression datasets were

selected representing six neurodegenerative diseases with 3,490 samples. A



WO 2022/165205 PCT/US2022/014350

machine learning Random Forest (RF) algorithm was used to analyze the
transcriptome of each dataset. Hypothesis-based transcripts were also tested from a
previous analysis. RNA transcripts selected by RF were then classified by pathway
analysis.

[0029] Results: RF analyses ranked the blood transcript ability to
classify affected samples from healthy controls for six neurodegenerative diseases
while highlighting similarities and differences across the diseases. Classifying
transcripts selected for each disease studied can be grouped into eight cellular
processes including transcription regulation, degranulation, immune response,
protein synthesis, apoptosis, cytoskeleton components, ubiquitylation/proteasome,
and metabolomic complexes.

[0030] Discussion: In addition, the usefulness of blood RNA
transcriptomics for classification of neurodegenerative diseases was validated.
Pathway analysis of transcripts selected by machine learning reveal that
neurodegenerative diseases affect basic cellular processes in blood cells and that
these basic processes reveal common themes which after removal, bare the unique

transcripts of each disease.

1.0 System Examples

[0031] Neurodegenerative diseases, including Alzheimer's disease
(AD) are complex and typically rely upon clinical recognition of a characteristic set of
symptoms supported by diagnostic tests that are meant more to rule out mimics than
to positively confirm clinical impressions. Not surprisingly therefore, in a recent study,
it was noted that AD has a misdiagnosis rate of about one in four even at top
dementia centers. Because AD symptoms can overlap with common causes of
altered cognition, some of which are treatable or reversible (for example
polypharmacy related chronic drug intoxication), an accurate diagnosis at the earliest
time is important.

[0032] Typically, clinical assessment is supported by Magnetic
Resonance Imaging (MRI), and occasionally Positron emission tomography (PET),
such as 18F-fluorodeoxyglucose (FDG) assessment of glucose metabolism,
especially when there is a competing concern for possible frontotemporal dementia.
In research settings measurement of AR plaque burden in brain using PIB, and tau

neurofibrillary tangle burden with flortaucipir F18 can provide more direct evidence of
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AD pathology, but due to their high cost, lack of insurance coverage, and
inaccessibility these are rarely performed in a purely clinical setting. Additional
biomarker tests which are more widely utilized clinically include cerebral spinal fluid
(CSF) assessment of AR clearance, total tau levels, and phosphorylated tau. The
expense and/or invasive nature of these measures has led to increasing interest in
less invasive, less expensive biomarkers of neurodegenerative disease. Blood
biomarkers are especially interesting having low cost, minimal invasiveness, and
wide accessibility. A wide variety of blood tests have been proposed, based on
protein, RNA and other classes of potential biomarkers. Applicable AD blood-based
tests are emerging targeting relative measurements of AB related species or
accumulation of specific tau protein phosphorylation. Neurodegenerative diseases
are associated with changes in specific molecular pathways and involve
metabolomic and biological processes active in both the central nervous system
(CNS) and vascular peripheral system. A machine learning study of blood-based
changes was implemented in the entire blood transcriptome to differentiate
neurodegenerative diseases. Using the entire blood transcriptome can also provide
information for a pathophysiological relationship with disease and gives us the
advantage of using the vast knowledge of gene expression to not only distinguish
disease but also analyze the pathways affected. With expression platforms of more
than 30,000 probes covering 10,000 genes, a blood test could be constructed to not
only differentiate AD but also other diseases.

[0033] Referring to FIG. 1A, a system 100 is illustrated including a
computing device 102 configured for predicting and/or diagnosing a
neurodegenerative disease; and FIG. 1B illustrates an exemplary process 150
executable by the computing device 102 for selection of predictive transcripts that
may be made ad hoc from empirical data research, wherein a machine learning
algorithm executed by the computing device 102 generates new predictive
transcripts for classifying disease from healthy controls. In some examples, the
computing device 102 takes the form of the device indicated in FIG. 13, and includes
at least one processor or processing element, a memory of the computing device
102 (or separately implemented), a network interface (or multiple network
interfaces), and a bus (or wireless medium) for interconnecting the aforementioned
components. The network interface includes the mechanical, electrical, and signaling

circuitry for communicating data over links (e.g., wired or wireless links) associated
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with a network (e.g., the Internet, a Bluetooth connection, a local area network
(LAN), and the like). The network interface may be configured to transmit and/or
receive the signal data using a variety of different communication protocols, as will
be understood by those skilled in the art.

[0034] In general, existing data from one or more public databases 104
residing in storage, web servers, or other devise, is leveraged by the computing
device 102 during machine learning to develop and implement an algorithm 108
(aspects of the algorithm more fully detailed in FIG. 1B and described below) by one
or more processing elements of the computing device 102. A modification to various
existing machine learning (106) algorithms was made to generate small sets of
transcripts 110 that diagnose each neurodegenerative disease (see as a non-limiting
example, “Mathematical analysis techniques.” Leo Breiman, Machine Learning 45, 5-
32, 2001).

[0035] In some examples, a Random Forest algorithm is used to select
top variables to classify samples into disease or control groups based on RNA
expression in whole blood. For example, in one trial example, generating 100 models
of the top 20 transcript variables, the model with the highest sensitivity and specificity
is selected to classify the blood samples into disease or control. The random forest
algorithm is innately random and by taking advantage of this property and generating
100 models of twenty transcripts each, the top transcripts (transcript subset 112)
favored by the algorithm 108 can be captured and leveraged. By this method, a
transcript signature can be produced for each neurodegenerative disease and that
signature has utility for diagnosis.

[0036] In other words, using existing public datasets 104, a machine
learning algorithm 108 is developed for application by the computing device 102 on
transcripts 110 present in blood to identify a small sets of transcripts (transcript
subset 112) which distinguish a number of neurodegenerative diseases with high
sensitivity and specificity. Neurodegenerative diseases such as AD are associated
with changes in specific molecular pathways and signatures. Using RNA expression
as blood biomarkers can also provide information for a pathophysiological
relationship with disease and gives us the advantage of using the vast knowledge of
gene expression to not only predict disease but also analyze the pathways involved.

Chosen transcripts (transcript subset 112) reveal that neurodegenerative diseases

11
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have common themes which after removal bare the unique transcripts of each
disease.

[0037] It is contemplated that the various functions described herein
including the functions of FIG. 1B may include any number of components or
modules executed by the computing device 102 or otherwise implemented.
Accordingly, in some examples, one or more functions of FIG. 1B may be
implemented as code and/or machine-executable instructions executable by the
computing device 102 that may represent one or more of a procedure, a function, a
subprogram, a program, a routine, a subroutine, a module, an object, a software
package, a class, or any combination of instructions, data structures, or program
statements, and the like. In other words, one or more of the functions of FIG. 1B
described herein may be implemented by hardware, software, firmware, middleware,
microcode, hardware description languages, or any combination thereof. When
implemented in software, firmware, middleware or microcode, the program code or
code segments to perform the necessary tasks (e.g., a computer-program product)
may be stored in a computer-readable or machine-readable medium (e.qg., the
memory), and the processor of the computing device 102 performs the tasks defined
by the code.

[0038] Additional examples and details associated with and/or related
to the process 150 of FIG. 1B are described below. In particular, initial blood
transcriptome work associated with the present disclosure was able to distinguish
AD, PD, and control brain and was reproducible across multiple replicates and
platforms. The transcript selection was hypothesis driven and evaluated on custom
cDNA arrays and gPCR. Significant success was found using multivariate analysis
on previous transcript predictors belonging to cell stress, inflammation, and
epigenetics. Public datasets were utilized to both attempt to validate earlier transcript
picks as well as apply machine learning techniques to these same published data to
discover groups of transcripts that not only classify disease but also guide discovery
of affected pathways. Machine learning techniques based on classification of
transcriptional expression data between multiple diseases and/or non-disease have
been successfully applied to differentiate cancer types and subtypes such as that
encountered in the large group of small-blue-round-cell tumor cancers. Information
about features selected for the classification may also guide insight into possible

treatment strategies.

12



WO 2022/165205 PCT/US2022/014350

[0039] In the following text, the aim is to validate previous transcript
picks using new datasets and it was found that a complete set of these transcripts
performs equally well or better at discriminating between clinical AD and age/sex-
matched nondemented individuals than was described in earlier work providing proof
of concept of the practical use in a blood screening test. The transcript discovery
was expanded using a RF algorithm to derive supervised predictors of different
neurodegenerative diseases with the aim of generating transcriptional clusters able
to make clinical group discriminations which are unigue to each of the six diseases
studied. Machine learning selection of transcript classifiers reveal that
neurodegenerative diseases have common themes and individual differences unique
to each disease. Molecular components which overlap across diseases were
considered neurodegeneration generalities and differential components identified by

the predictor transcripts were searched.

2.0 Exemplary Methods
2.1 Data acquisition

[0040] Referring to block 152 of process 150 shown in FIG. 1B, publicly
available whole blood expression datasets of six neurodegenerative diseases were
searched for and selected from the Gene Expression Omnibus (GEQO)
(https:/iwww.ncbi.nlm.nih.gov/geo/) repository up to December 2020 for analysis
including AD, idiopathic Parkinson’s Disease (PD), Amyotrophic lateral sclerosis or
Lou Gehrig's disease (ALS), Friedreich’s ataxia (FRDA), behavioral variant
Frontotemporal dementia (FTD), and Huntington’s Disease (HD). Choices were
limited to large whole-blood transcript datasets publicly available at the time of this
study. The data sets were chosen using the following criteria: 1) RNA extracted from
whole blood collected in Paxgene tubes; 2) data set must contain at least one
hundred human subjects; and 3) data was generated on the GPL15988nulD
(NMumina HumanHT-12 V4.0 expression beadchip), GPL10558 (lllumina HumanHT-
12 V4.0 expression beadchip), GPL6947 (lllumina HumanHT-12 V3.0 expression
beadchip), or GPL570 ([HG-U133_Plus_2] Affymetrix Human Genome U133 Plus
2.0) microarray expression platforms. These platforms contain greater than 20,000
gene probes and provide overlapping transcripts to ensure comparison across
models generated. Meta-analysis was performed on ten cohorts (GEO datasets
GSE63060 (AD1), GSE63061 (AD2), GSE140829 (AD3), GSE57475 (PD1),
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GSE99039 (PD2 and HD), GSE112676 (ALS1), GSE112680 (ALS2), GSE102008
(FRDA), and GSE140830 (FTD)) with a total of 3490 samples. Cohort details are
tabulated in Table 1 below.

[0041]

Table 1: Characteristics of RNA expression data sets used in

this study. HC-healthy control, AD-Alzheimer’s disease, MCI-mild cognitive

impairment, PD-Parkinson’s disease, ALS- amyotrophic lateral sclerosis, MIMIC-

diseases mimicking ALS, FRDA-Friedreich’s ataxia, CARRIERS-heterozygous

unaffected carriers of FRDA, bvFTD-behavioral variant frontotemporal dementia,

nfvPPA-nonfluent variant primary progressive aphasia, PSP-progressive

Ssupranuclear palsy, svPPA-semantic variant primary progressive aphasia, CBS-

corticobasal syndrome. Dates reflect data submission to GEO and last update since
November 24, 2020.

GEO description Samples Gender platform
dataset
AD1 GSE63060 AD MCIHC 329 samples: GPL6947 lllumina
AddNeuroMed Cohort (batch 1) 104 HC 62F 42M | HumanHT-12 V3.0
Western European/Caucasian 145 AD 99F 46M | expression beadchip
Whole blood 80 MCI 39F 41M
AD2 GSE63061 AD MCIHC 382 samples: GPL10558 lllumina
AddNeuroMed Cohort (batch 2) 134 HC 81F 53M | HumanHT-12 V4.0
Western European/European mix 139 AD 85F 54M | expression beadchip
Whole blood 109 MCI 65F 44M
PD1 GSE57475 PD HC 142 samples GPL6947 lllumina
Blood a-synuclein, gene expression 49 HC 23F 26M | HumanHT-12 V3.0
and smell testing as diagnostic and 93 PD - Dopamine 31F 62M | expression beadchip
prognostic biomarkers in PD study transporter imaging
from 22 US tertiary care centers. confirmed.
Whole blood
PD2 GSE99039 PD HC HD other 558 samples: GPL570 (HG-
GENEPARK consortium 233 healthy control 142F U133_Plus_2)
Whole blood (HC) 70M Affymetrix Human
HD 205 idiopathic 21NA Genome U133 Plus
Parkinson’s Disease 90F 2.0 Array
(PD) 101M
27 Huntington’s 14NA
Disease (HD) 11F 8M
22 Genetic PD 8NA
unaffected (GENUA) 8F 11M
41 Genetic PD 3NA
affected (GPD) 19F 22M
30 MSA, PSP and 11F 12M
other 7NA
neurodegenerative
disease
ALS1 GSE112676 | ALSHC 741 samples: GPL6947 lllumina
Tertiary referral center for motor 508 HC 230F HumanHT-12 V3.0
neuron diseases University Medical 233 ALS 278M expression beadchip
Center Utrecht, The Netherlands. 143 spinal 90F
Whole blood at diagnosis 90 bulbar 143M
48F
95M
42F
48M
ALS2 GSE112680 | ALS HC MIMICS 376 samples: lllumina GPL10558
Whole blood 137 HC 58F 79M | HumanHT-12 V4.0
164 ALS 68F 96M | expression beadchip
108 spinal 31F
56 bulbar 77M
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75 MIMICS 37F
19M
17F 58M
FRDA | GSE102008 | FRDA HC CARRIERS 733 samples: lllumina GPL10558
UCLA and Children’s Hospital of 94 HC 40F 54M | HumanHT-12 V4.0
Philadelphia 411 FRDA 192F expression beadchip
Whole blood 228 CARRIERS 219M
141F
87M
FTA GSE140830 | bvFTD HC other dementia 542 samples GPL15988 lllumina
UCLA, UCSF 281 HC 156F HumanHT-12 V4.0
Whole blood 80 bvFTD 125 M expression beadchip
47 nfvPPA 35F 45M | nulD
54 PSP 28F 19M
44 svPPA 29F 25M
36 CBS 21F 23M
20F 16M
AD3 GSE140829 | AD MCIHC 587 samples GPL15988 lllumina
UCLA, UCSF 249 HC 104F HumanHT-12 V4.0
Whole blood 204 AD 100M expression beadchip
134 MCI 139F nulD
110 M
62F 72M

2.2 Data Normalization

[0042] Referring to block 154 of FIG. 1B, blood RNA expression data
sets were downloaded and processed in normalized form. Within each dataset each
sample’s respective GUSB (accession NM_000181.2) expression level was used to
ensure normalization of samples was identical to that used for normalization in
previous blood work. GUSB is commonly used in laboratory experiments to
normalize data and is found to be most consistently unchanged in
neurodegenerative disease (FIG. 6).

[0043] To standardize the transcript selection across all datasets,
transcript matching and sorting was done by specific platform probe identifier when
possible to ensure that each Random Forest (RF) analysis was conducted on
identical transcript lists. It was anticipated that platform-specific effects would be
present as well as batch-effects for each cohort. Data was analyzed from each
platform separately and integrated the individual outcomes for further functional
analysis comparison. Both LDA and RF analysis were performed on data from each
platform separately. Transcript predictors were compared across diseases to identify
biological process similarities and focus on molecular process differences. Mapping
between lllumina and Affymetrix platforms on accession number is problematic due
to multiple accession numbers for which probes only exist on one platform. For this
reason, mapping between platforms was done from different manufactures at the
gene level. Without an exact sequence match, all probes identified as one EntrezID

were then averaged.
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2.3 Microarray gene differential expression profiling

[0044] Whole human blood mRNA gene expression datasets were
subjected to R limma package adjusted by age and sex to quantify the expression
changes in disease. All data were taken as normalized by contributing lab and
verified log2 transformed before analysis. Expression differences were made using
an empirical Bayesian statistic (implemented as eBayes in the limma package with
adjusted p-value false discovery rate (FDR) in Benjamin-Hochberg style) for each
transcript and used for subsequent pathway analysis. For change in expression dot-
plots, for example FIG. 2B, the differential expression between disease and controls
is represented on a linear scale (0-0.585) by dot size for magnitude of change and
color indicating direction of change. All values, when available, were included in dot
plots regardless of significance cutoffs (significant differential expression =abs(+1.5)
log2 fold change (2abs(+0.585)); reject &, FDR p <.01). When two datasets were
available for one disease (AD, ALS, PD), the most significant differential value was
used. In the case of multiple probes, only those probes currently active under the

NCBI database were considered.

2.4 Random Forest (RF) Classification

[0045] Referring to block 156 of FIG. 1B, a random forest classifier
builds an ensemble of many classifier trees, where the final prediction for a test
sample is obtained by majority vote on the combination of predictions of all trees. A
modification on the Matlab (Mathworks, R2020b) implementation of random forests
was used, an ensemble machine learning algorithm from the work of Leo Breiman
and others. In this non-limiting example, an individual tree is built by first selecting a
training set of n random samples with replacement from N available samples
referred to as bootstrap sampling. The bootstrap sampling procedure excludes
approximately one third of the samples in the tree building training set. These out-of-
bag samples will be used as internal test predictors and an internal estimate of the

generalization error of the random forest can be calculated. A small subset { £} of
transcript features {Fi, £ = ~F, are selected at random to partition each binary
node in the tree according to the weighted Gini impurity index {1 — %, 2 ywhich

measures the likelihood of misclassification. This index also provides a method to

assess the relative importance of features in the classification. The gathered
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predictions made from the resultant collection of trees created from the bootstrap
sampling is called bagging, using the Matlab function treebagger.

[0046] One hundred classifying sessions were made in a four-step
process (FIG. 1B) of which a new random seed was generated before each session
and the top predicting session(s) were selected. In a non-limiting example: Step 1)
build 1000 trees, Step 2) select top 500 classifiers, Step 3) build 5000 trees using top
500 feature classifiers, and Step 4) select and save top 20 classifiers with test set
validation in confusion matrix format. Next repeat steps 1-4 each time with a new
random seed to ensure complete feature selection randomization. The top ranked
features with highest sensitivity selected from 100 models were combined for further
analysis. Random forest classification for single datasets was made by random
80/20 separation of a training and test set where 20% of the samples from each
class were removed prior to analysis and used for the validation step after random
forest classification and selection of transcript predictors. For the selection of AD and
ALS predictors, we were able to use whole datasets sets (i.e., GSE63060 (AD1) with
GSE63061 (AD2) and GSE112676 (ALS1) with GSE112680 (ALS2) whole blood
expression data), one set was used for training while the other set the test data and

vice versa.

2.5 Linear Discriminant Analysis (LDA)

[0047] The normalized data for the selected sets of transcript classifiers
were analyzed by multivariate discriminant analysis GB-STAT v.10 (Dynamic
Microsystems, Inc., Silver Springs, MD, USA.). Linear discriminant analysis is a
generalization of Fisher’s linear discriminant and maximizes the separability among
the two categories. A linear discriminant function (weighted sums of the transcripts)
was computed for maximum separability of the two groups where the coefficients or
discriminant scores are used to classify as disease or controls. Geometrically the
classification decision is simply a matter of which side of the hyperplane defined by a
projection vector a sample lies on. The null hypothesis is that the canonical
correlation is zero showing that there is no linear relationship between the transcript
predictors and the grouping variable. Wilks’ lambda is calculated as 1-canonical
correlation2 so one expects better separation between controls and disease when
Wilks’ lambda is close to zero. It follows that the F-ratio of two mean square values

and if the null hypothesis is true (the data are sampled from populations with the
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same mean), F should be close to 1.0 whereas a large F-ratio means that the
variation among the group means if more than you expect to happen by chance orin
the case when random sampling happened to generate large values in some groups
and small values in others. Limitations for LDA include a sensitivity to outliers and
the number of features must be less than the number of samples.
2.6 Integrated method of pathway analysis

[0048] In some examples, STRING-db version 11.0, Cytoscape
opensource network integration and visualization software may be leveraged, and
the commercial suite Ingenuity Pathway Analysis (IPA®, QIAGEN redwood City)
software to perform pathway analysis. All Random Forest selected gene names from
each disease were combined and analyzed to perform biological and molecular
approaches for grouping transcript processes and find similarities and differences
across diseases. Data set expression values were analyzed individually within each
disease rather than merge datasets with inconsistent probes and the outcome of
each subjected to comparison analysis looking for similarities and differences among
six neurodegenerative diseases. Significance of canonical pathways were selected
at Benjamin-Hochberg adjusted p <.071. The transcripts selected by machine
learning were subjected to classification testing by linear discriminant analysis (LDA)
for each disease. Rather than match transcripts exactly, a biological and molecular
approach was used to group functional processes revealed by the selected
transcripts. Using an integrative method of functional analysis on summary statistics
generated from each cohort avoids the complexities of merging datasets generated

from multiple labs on different microarray platforms.

3.0 Results
3.1 Additional Samples validate ability of literature-based transcripts to distinguish
Alzheimer’s’ disease

[0049] We previously published data indicating the ability of transcripts
or features discovered using literature survey to distinguish Alzheimer's disease in
RNA blood samples. In this work, feature selection was guided by evidence-based
empirical data and the AD literature available at that time. Twenty-two transcripts
previously selected (Table 2), representing genes from three different functionally
relevant mechanisms in AD (inflammation, epigenetics, and stress), were subjected

to linear discriminant analysis (LDA) on expression values collected from whole
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blood. Inspection of the significance and separation between the classes is
measured as Wilks’ A which is a ratio of the class variations (& = {E{/{& + E}) where

E is the determinant of a matrix of variations within classes and H the determinant of

a matrix of variations between the two classes of disease samples and controls. A

number A close to zero with a significant p-value suggests the LDA made an

excellent separation of the classes distinguishing disease samples and controls. We

found that for the groups of transcripts that were able to classify disease from

controls at greater than 70% of the time (the seven stress transcripts and all 22

transcripts together) that A was in general less than 0.8 with F-ratio significant p <

.05 in agreement with successful area under the curve (AUC) values reported. The

LDA analysis statistics across six neurodegenerative diseases tested with the three

functional groups are tabulated in Table 3.

[0050] Table 2: List of original set of Alzheimer’s disease discriminating
transcripts
Name Function
Inflammation
C5 Complement C5 Component innate immune system
IL10RA Interleukin 10 receptor subunit alpha Cell surface receiptor IL10 anti-inflammatory
function
IL17RA Interleukin 17 receptor A Receptor IL17A and IL17F proinflammatory
cytokine
IL8 CXC Motif chemokine ligand 8 CXC chemokine mediator of inflammatory
response
LIF LIF Interleukin 6 family cytokine Pleiotropic cytokine
SERPINGH1 Serpin Family G member 1 Regulation of complement cascade
TNF Tumor Necrosis Factor Multifunctional proinflammatory cytokine
Epigenetics
DNMT1 DNA methyltransferase 1 Gene regulation maintains methylation
patterns
DNMT3A DNA methyltransferase 3 alpha de novo methylation
HDAC1 Histone Deacetylase 1 Gene expression regulator cell proliferation
HDAC6 Histone Deacetylase 6 Transcription repressor
MBD2 Methyl-CpG binding domain protein 2 Transcription repressor
SIRT1 Sirtuin 1 Transcription repressor
Stress
CRYAB Crystallin alpha B Stress activated chaperone-like protein
FTHA1 Ferritin Heavy chain 1 Component of Ferritin iron storage protein
FTL Ferritin Light chain Component of Ferritin iron storage protein
GAPDH Glyceraldehyde-3-Phosphate Glycosis and nuclear functions
Dehydrogenase
HSP90AB1 Heat shock protein 90 alpha class B Protein folding and degradation
member 1
HSPB1 Heat shock protein Family B (small) Stress activated chaperone protein folding
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member 1
PTGS1 Prostaglandin-Endoperoxide Synthase 1 Catalyzes conversion arachinodate to
prostaglandin — angiogenesis
PTGS2 Prostaglandin-Endoperoxide Synthase 2 Prostaglandin biosynthesis
(cyclooxygenase)
TFRC Transferrin receptor Cell surface receptor iron uptake by
endocytosis
[0051] Table 3: LDA statistics for original Alzheimer's disease
discriminating transcripts
2017 Inflamma | Epigenetic | Stress All Inflammatio | Epigenetic | Stress All
tion S n S
GSE63060 AD GSE63061 AD
Wilks’ A 0.8425 0.9069 0.8976 | 0.6957 0.9550 0.9575 0.9433 | 0.8552
DoF 7/241 6/242 9/239 | 22/226 7/265 6/266 9/263 | 22/250
p-value 1.0E-04 5.6E-04 1.9E- 1.0E- 9.1E-02 7.1E-02 7.7E- 9.1E-
03 04 02 03
Correct 66.67% 62.25% 64.26% | 74.70% 57.88% 58.97% 60.81% [ 68.13%
sensitivity 64.83% 64.83% 64.14% | 76.55% 57.55% 61.87% 59.71% | 68.35%
specificity 69.23% 58.65% 64.42% | 72.12% 58.21% 55.97% 61.94% | 67.91%
AUC 0.72 0.65 0.66 0.80 0.61 0.60 0.62 0.72
GSE11267 ALS GSE11268 ALS
6 0
Wilks’ A 0.8702 0.8547 0.7740 | 0.7443 0.9259 0.8333 0.8151 | 0.6736
DoF 7/733 5/735 6/734 | 18/722 7/293 5/295 6/294 | 18/282
p-value 1.0E-04 1.0E-04 1.0E- 1.0E- 1.9E-03 1.0E-04 1.0E- 1.0E-
04 04 04 04
Correct 67.61% 69.23% 72.87% | 73.95% 60.8% 66.78% 68.44% | 76.74%
sensitivity 55.36% 57.94% 60.94% | 63.52% 58.54% 65.85% 66.46% | 73.17%
specificity 73.23% 74.41% 78.35% | 78.74% 63.5% 67.88% 70.8% | 81.02%
AUC 0.71 0.72 0.77 0.79 0.65 0.72 0.75 0.80
GSE57475 PD GSE99039 PD
Wilks’ A 0.9396 0.9807 0.9269 | 0.8635 0.9554 0.9794 0.9347 | 0.8884
DoF 7/134 6/135 9/132 | 22/119 7/429 6/430 9/427 | 22/414
p-value 2.9E-01 8.5E-01 3.3E- 6.5E- 6.3E-03 1.7E-01 6.4E- 56E-
01 01 04 04
Correct 59.86% 59.86% 59.86% | 68.31% 60.18% 55.84% 60.64% | 62.7%
sensitivity 62.37% 63.44% 59.14% | 72.04% 61.46% 53.17% 58.05% | 60.49%
specificity 55.1% 53.06% 61.22% [ 61.22% 59.05% 58.19% 62.93% | 64.66%
AUC 0.60 0.55 0.61 0.67 0.61 0.58 0.64 0.67
GSE14083 bvFTD GSE10200 FRDA
0 8
Wilks’ A 0.9554 0.9716 0.9683 | 0.9095 0.9772 0.9766 0.9750 | 0.9284
DoF 7/353 6/354 9/351 22/338 7/497 6/498 9/495 | 22/482
p-value 2.3E-02 1.1E-01 2.5E- 6.2E- 1.2E-01 6.5E-02 1.8E- 26E-
01 02 01 02
Correct 57.62% 56.51% 59.28% | 63.16% 59.21% 59.21% 58.42% | 64.95%
sensitivity 63.75% 60.0% 57.5% | 60.0% 60.34% 59.12% 57.91% | 63.26%
specificity 55.87% 55.52% 59.79% | 64.06% 54.26% 59.57% 60.64% | 72.34%
AUC 0.63 061 0.62 0.70 0.58 0.60 0.60 0.68
GSE99039 HD GSE14082 AD
9
Wilks’ A 0.9359 0.9559 0.8791 | 0.8621 0.9574 0.9576 0.9352 | 0.8803
DoF 7/251 6/252 9/249 | 22/236 7/445 6/446 9/443 | 22/430
p-value 1.9E-02 7.5E-02 1.6E- 2.7E- 6.8E-03 3.5E-03 4 5E- 1.0E-
04 02 04 04
Correct 69.5% 62.93% 76.83% | 74.52% 5717% 56.29% 62.03% | 64.46%
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sensitivity 59.26% 66.67% 70.37% | 66.67% 56.86% 55.88% 65.69% [ 63.73%
specificity 70.69% 62.5% 77.59% | 75.43% 57.43% 56.63% 59.04% | 65.06%
AUC 0.68 0.67 0.75 0.75 -- -- -- --

DoF - degrees of freedom; AUC - area under curve; Correct - percent samples
correctly classified; AD — Alzheimer’s disease; bvFTD — behavioral variant
frontotemporal dementia; ALS — Amyotrophic lateral sclerosis; FRDA — Friedreich’s
ataxia; PD — Parkinson’s disease; HD — Huntington’s disease

[0052] Performance of the set of transcripts used in our prior work
confirmed our previous data by repeating an ability to distinguish Alzheimer's
disease from healthy controls in these two larger AD data sets (N=249 and 273) with
a probability measure of successful classification or AUC ranging from 0.60 for six
epigenetic transcripts to 0.80 for all 22 transcripts representing inflammation, cell
stress and epigenetics (FIGS. 2A, 2C, 2E, and 2G). A differential expression analysis
between disease and controls was made for the transcripts across all diseases and
arranged as a grid of dots with magnitude of change represented by size and
direction of change by color (FIG. 2B, FIG. 2D, and FIG. 2F).

3.2 Machine learning selection of transcript predictors in blood classifies AD

[0053] A machine learning algorithm was implemented to optimize
selection of transcripts to be used for disease discrimination. For each node in a
binary classification tree, the random forest classifier randomly selects 2/3 of the
samples (allowing replacement) in the training set and orders them by expression of
each f randomly selected transcript features (without replacement). A ranking
measurement called the Gini index selects a transcript with least impurity or entropy
at each node to build trees and thus ranks the transcripts by importance. After
building many trees in this way the remaining 1/3 of the training samples are used to
select the best decision tree. Finally, a confusion matrix is generated after
classification of the test sample set. We were able to use one AD blood expression
dataset for the supervised training set while another AD dataset was used to validate
and measure the predictive power of the transcripts chosen in the learning session.
To ensure the best possible scenario for feature selection overlap between the two
expression datasets, we matched and kept only feature probes that appear in both
AD1 and AD2. About 2000 unidentified gene probes were removed from both
datasets resulting in 23,240 matched transcript probes for all 717 samples (329
samples in AD1 and 388 samples in AD2) both containing a mix of AD, MCI, and HC
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cases (Table 1). Six samples were then excluded from further analysis in AD2 due to
ambiguous clinical classification.

[0054]
selecting twenty transcripts from both AD1 and AD2 using a random number

We first measured a baseline for prediction probability by

generator and subsequently analyzed with LDA. In order to establish a criterion for
AUC significance here, we calculated AUC for these twenty randomly selected
transcripts and found that a randomly selected set of transcripts classifies AD from
HC with AUC<0.70 thereby establishing that good classification should be above
70% or AUC>0.70 (FIG. 7, Table 4).

[0055]
classify Alzheimer’s disease from controls.

Table 4: L DA statistics for randomly selected transcripts to

Twenty Top ten Twenty Top ten
random random random random
transcripts | transcripts | transcripts | transcripts
GSE63060 | GSE63060 | GSE63061 | GSE63061
AD1 AD1 AD2 AD2
Wilks’ A 0.8525 0.8858 0.8800 0.9490
DoF 20/228 10/238 20/252 10/262
p-value 9.4E-03 1.1E-03 3.1E-02 1.8E-01
Correct 65.46% 64.66% 66.3% 58.97%
sensitivity 67.59% 64.83% 65.47% 56.83%
specificity 62.5% 64.42% 67.16% 61.19%
AUC 0.70 0.68 0.69 0.61

DoF - degrees of freedom; AUC - area under curve; Correct - percent samples
correctly classified

[0056]
AD data, the top twenty features with the best sensitivity score were then used as

Selecting from the one hundred models generated by RF for the

predictors for further analysis. Expression data in AD1 was used as the training set
and AD2 the test set resulting in a set of transcript disease predictors (FIG. 3B) with
AUC of 0.82 while training on data in AD2 and testing on AD1 generated a second
set of transcript disease predictors (FIG. 3D) with AUC 87%. Six transcripts
(MRPL51, NDUFA1, NDUFS5, two lllumina probes for RPL36AL, and LOC646200
(similar to 60S ribosomal protein L22, Heparin binding protein HBp15, NCBI record
removed) were selected in both training sessions of RF analysis on the AD blood
datasets. These six transcripts selected consistently for AD classification represent

the electron transport chain and ribosomal complexes.
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3.3 Ability of transcripts selected by machine learning to distinguish AD to then
distinguish other neurodegenerative diseases

[0057] We next determined the ability of the panel of RNA transcripts
selected by RF which distinguish Alzheimer's disease to distinguish the other
neurodegenerative diseases sampled. The ROC plots for AD classifying transcripts
tested on other diseases (FIG. 3A and FIG. 3C), illustrate that the selected
transcripts are better at distinguishing some diseases over others. In addition to AD,
most notable is Huntington disease which yielded a probability of successful
classification with AUC 0.80 and 0.83 (FIG. 3A and FIG. 3C) when assayed by the
panels selected for each of the two Alzheimer cohorts. Also notable, but less
consistent, was for ALS whose two cohorts yielded AUC of 0.83/0.88 and 0.71/0.71
(FIG. 3A and FIG. 3C). The filled circles in FIG. 3B and FIG. 3D, indicate that some
of the same genes, such as, MRPL51, SHFM1, ATPSI, ING3, AATF, APBB3,
CDK10, and UQCRH representing metabolomic, apoptosis, and ubiquitylation
processes, are affected in both Alzheimer’s and ALS, though not always in the same
direction.

[0058] The group of features selected when training on AD1 and
subsequently validated in AD2 successfully classified AD, ALS and HD from controls
with an ‘excellent’ (AUC>80%) rated accuracy making discriminatory AUC for AD1
test set (AUC 82%), ALS1 (AUC 83%), ALS2 (AUC 87%), and HD (AUC 83%). The
classification made in a third AD blood data set was found to be border line (AD3,
AUC 71% data not shown) while the classification within PD, FRDA, and FTD from
controls was poor having probabilities PD1 (AUC 67%), PD2 (AUC 67%), FRDA
(AUC 63%), and FTD (AUC 70%). The group of similar features selected when
training on AD2 and subsequently validated in AD1 again classified AD and HD with
excellent discriminating probability AD1 (AUC 87%), HD (AUC 80%), but in the case
of ALS, this RF transcript set picks (ALS1 and ALS2, AUC 71%) did not repeat the
excellent performance as the former transcripts selected by training on AD1. This
may be due to the different set of transcripts selected from AD2 and their ability to
discriminate ALS from controls and/or the reduced number of this second set of AD
classifying transcripts (FIG. 3D) present within the two ALS sets. Sixteen of the
former set of transcripts are present in the ALS blood datasets but only nine of the
second set of twenty transcripts are present in the ALS blood datasets. Interestingly,

in the case of HD, only eleven of this second set of AD transcripts were present but
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(FIG. 3C). These twenty features were also able to classify FTD from controls with

borderline performance (AUC 74%) while classification within PD and FRDA was
less than acceptable PD1 (AUC 62%), PD2 (AUC 68%), and FRDA (AUC 62%)
(FIG. 3C). Classification performance testing on the third AD blood expression
dataset was borderline (AD3, AUC 72%, data not shown).

[0059]

(disease and control) measured using Wilks’ A was in good agreement with the AUC

Inspection of the significance and separation between classes

data. Again, a A less than 0.8 represented good class separation combined with F-

ratio p < .05 and resulted in at least 75% of the case samples classified correctly.

The LDA statistics for AD transcript predictors selected by RF are documented in

Table 5.
[0060] Table 5: LDA statistics for Random Forest selected transcripts
AD GSE63060 and GSE63061
Random Training on | Training on | Training on | Training on
Forest GSE63060 GSE63061 GSE63060 GSE63061
GSE63060 AD GSE63061 AD
Wilks’ A 0.5509 0.6732
DoF 20/228 20/252
p-value 1.0E-04 1.0E-04
Correct 83.13% 75.09%
sensitivity 84.83% 71.22%
specificity 80.77% 79.1%
AUC 0.87 0.82
GSE112676 ALS GSE112680 ALS
Wilks’ A 0.7218 0.8680 0.5715 0.8667
DoF 16/724 9/731 16/284 9/291
p-value 1.0E-04 1.0E-04 1.0E-04 1.0E-04
Correct 75.44% 66.4% 81.4% 68.11%
sensitivity 76.82% 63.09% 84.76% 67.07%
specificity 74.8% 67.91% 77.37% 69.34
AUC 0.83 0.71 0.88 0.71
GSE57475 PD GSE99039 PD
Wilks’ A 0.8751 0.9111 0.9140 0.9070
DoF 20/121 15/126 18/418 12/424
p-value 6.3E-01 6.5E-01 3.6E-03 1.0E-04
Correct 69.01% 61.97% 63.84% 64.53%
sensitivity 74.19% 63.44% 61.46% 61.95%
specificity 59.18% 59.18% 65.95% 66.81%
AUC 0.67 0.62 0.67 0.68
GSE140830 bvFTD GSE102008 FRDA
Wilks’ A 0.9041 0.8836 0.9518 | 0.9465
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DoF 20/340 20/340 19/485 17/487
p-value 1.9E-02 1.9E-03 1.8E-01 5.5E-02
Correct 64.27% 64.54% 61.58% 60.4%
sensitivity 65.0% 71.25% 62.04% 61.56%
specificity 64.04% 62.63% 59.57% 55.32%
AUC 0.70 0.74 0.63 0.62
GSE99039 HD GSE140829 AD

Wilks’ A 0.806 0.9072 0.8522 0.8484
DoF 18/240 11/247 20/432 20/432
p-value 1.0E-04 11E-02 1.0E-04 1.0E-04
Correct 79.15% 76.06% 66.45% 68.6%5
sensitivity 62.96% 74.07% 69.61% 71.08%
specificity 81.03% 76.29% 63.86% 66.67%
AUC 0.83 0.80 0.71 0.72

DoF - degrees of freedom; AUC - area under curve; Correct - percent
samples correctly classified; AD — Alzheimer’s disease; bvFTD — behavioral
variant frontotemporal dementia; ALS — Amyotrophic lateral sclerosis; FRDA —
Friedreich’s ataxia; PD — Parkinson’s disease; HD — Huntington’s disease

[0061] A differential expression analysis was made between disease
and controls for each neurodegenerative disease using these two sets of RF
selected transcripts. The {«g, differential expression values are presented in a grid
format represented by dots where size indicates magnitude and directional
expression change by the color (FIG. 3B and FIG. 3D). While the AD and ALS
expression data contained some differences in disease for these AD transcript
disease predictors, the HD and FTD dataset which can also be classified using these
twenty transcripts did not have large change magnitudes suggesting that significant
differential expression values are important for distinguishing diseases but not

necessary when selected by a RF algorithm and subsequently analyzed using LDA.

3.4 Machine learning selection of blood transcripts to distinguish neurodegenerative
diseases other than AD

[0062] We further sought to select unique sets of RF classifiers for
each of the other neurodegenerative diseases. We acquired two datasets each of
ALS and PD, however, the PD datasets were collected and generated on different
manufacturer platforms by different research groups and we found it difficult to match
transcripts due to inconsistencies in lengths and binding sites of oligomer probes
between the two cohorts and subsequently chose to treat the two PD sets
individually. The RF classifier method was applied to the blood RNA expression

datasets to distinguish between disease and healthy controls. In the case of ALS, the
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expression datasets were first matched and sorted against each other to ensure
each contained the same set of features. Training on ALS1 and test data ALS2
resulted in a set of twenty transcripts with sensitivity 74% while training on ALS2 and
testing ALS1 generated a set of twenty transcripts with disease prediction
performance in the test set of 91% sensitivity (FIG. 8).

[0063] The PD data cohorts were treated individually by first separating
out 20% test samples and the resultant RF selected twenty predictive transcripts
from each. PD1 picks resulted in 94% sensitivity and PD2 the top set of predictors
only performed with sensitivity 60% (FIG. 9, Supplemental Worksheet). There is only
one cohort each of HD, FTD, and FRDA expression data and each where divided
into training and test sets. For HD, which is a cohort within PD2 dataset
(GSE99039), the twenty classifying transcripts selected on the training data set and
validated in the test set measured an excellent performance of the best model at
83% sensitivity (FIG. 10, Supplemental worksheet). The RF selection on FTD and
FRDA generated twenty transcript classifiers with 71% sensitivity and 79% sensitivity
respectively (supplemental FIGS. 11-12, Supplemental worksheet of selected
transcripts).

[0064] For each disease cohort dataset, the respective group of twenty
transcripts selected by RF to discriminate between disease and controls were further
analyzed using our LDA method using the test sets removed for the validation step
of RF. The results for AD groups are plotted together in FIG. 3 with excellent
discrimination for both RF transcript sets AD1 picks (AUC 82%) and AD2 picks (AUC
87%). The group of features selected for each of the ALS cohorts classified disease
and control samples with excellent accuracy (AUC 91%/AUC 90%). The
distinguishing transcripts with significant differential expression for ALS were
ABCA1, SLC40A1, QPCT, and CAPZA2 representing apoptosis and inflammation
processes (FIG. 8B and FIG. 8D, Supplemental Worksheet).

[0065] Similarly, features selected on the two training sets with PD
cohort datasets and validated using the isolated test sets generated exceptionally
accurate classification with AUC 97%/AUC 83% (FIGS. 9A and 9C). A population of
transcripts distinguishing PD from healthy controls involved in apoptosis and
inflammation processes with significant pvalues were PTGDS, SLC35A2, KIR3DL3,
CIRBP, DAPK2, and LILRB1 (FIGS. 9B and 9D, supplemental worksheet). In the

case of HD, training generated twenty transcripts, however, for LDA the number of
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samples in the test set must be less than the size of the disease cohort, so only ten
of the twenty transcripts picks could be used for LDA. The RF algorithm classifies
each transcript contribution importance to accurate classification. A selection of the
top ten ranked features were used in the LDA analysis on the test set and regardless
of the reduced number of transcripts, had excellent classification (AUC 89%). Of the
ten transcripts, four with involvement in inflammation, apoptosis, and ubiquitylation
showed significant differential expression FBXL20, CRK, FANCD2, and DCBLD2
(FIG. 10, supplemental worksheet). The results for FTD and FRDA analysis can be
found in FIGS. 11-12 and the Supplemental Worksheet of transcript annotations.
Inspection of the separation statistics for the RF generated transcripts on other
neurodegenerative diseases (Table 6) suggests that although the discriminant
analysis of PD (Wilks’ A = 0.13), HD (Wilks’ A = 0.49), FTD (Wilks’ A = 0.70), and
FRDA (Wilks’ A = 0.55) implied good classification separation by LDA for small
Wilks’ A, the F-ratio p > .05 for each indicates LDA separation may be due to chance
only. Additional testing of the selected transcripts will be required for validation.
[0066]

within each of the other neurodegenerative diseases.

Table 6: LDA statistics for Random forest selected transcripts

Train on | Train on Training set 80% and set 20%
Test
Random | GSE112 | GSE112 | GSE574 | GSE990 | GSE990 | GSE140 | GSE102
forest 676 ALS | 680 ALS | 75PD 39 PD 39 HD 830 008
bvFTD FRDA

Wilks’ A 0.5011 0.5757 0.1297 0.5983 0.4884 0.6958 0.5483
DoF 20/280 20/720 20/7 20/69 10/7 20/22 20/37
p-value 1.0E-04 1.0E-04 1.3E-01 5.4E-03 6.8E-01 9.5E-01 1.3E-01
Correct 84.39% 84.08% 100% 78.89% 88.89% 69.77% 82.76%
sensitivi | 84.76% 82.4% 100% 77.5% 83.33% 64.71% 84.62%
ty
specifici | 83.94% 84.84% 100% 80.0% 91.67% 73.08% 78.95%
ty
AUC 0.91 0.90 0.97 0.83 0.89 0.75 0.80

DoF - degrees of freedom; AUC - area under curve; Correct - percent samples
correctly classified; bvFTD — behavioral variant frontotemporal dementia; ALS —
Amyotrophic lateral sclerosis; FRDA — Friedreich’s ataxia; PD — Parkinson’s disease;
HD — Huntington’s disease

3.5 Expression analysis and canonical pathway analysis
[0067]
analysis for each disease cohort utilizing differential expression values for all RNA

We next conducted Ingenuity Pathway Analysis (IPA) core
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species available in the datasets and generated a heat map comparing activation or
inactivation in canonical pathways across the six diseases (FIG. 4). Within the core
IPA analysis, z-scores are calculated for each enriched pathway to predict whether
the pathway is activated (orange) or inhibited (blue). A comparison analysis places
these predictions side-by-side in heatmap format to help visualize differences and
similarities across diseases. Displayed are only those canonical pathways which
were significant in the AD datasets next to the corresponding information comparing
the other neurodegenerative diseases (FIG. 4). There are multiple activated
pathways in AD but only four inactivated pathways including PPAR signaling, EIF2
signaling, assembly of RNA Polymerase Il Complex, and oxidative phosphorylation.
Peroxisome proliferator-activating receptors (PPAR) do not actually induce
peroxisome proliferation in humans, but are master regulators involved in lipid
homeostasis and metabolic control activated by ligand binding and alter gene
expression at the level of DNA. Insufficiencies have been linked to many
neurodegenerative diseases while inactivation of EIF2 has indeed been found in
patients suffering from AD and PD. The three AD cohorts analyzed by different labs
at different times, are exceptionally similar. There are multiple pathways activated
across all six diseases including IL-6 signaling, production of nitric oxide and reactive
oxygen species in macrophages, and activation of neuroinflammation signaling
pathway except that of FTD which seems to have contradicting activation information
here. For example, the neuroinflammation pathway is marked as inactivated in FTD
but has been reported to be activated. Furthermore, the overall data for FTD seems
to show massive downregulation for majority of transcripts raising questions
including the data deposited to GEO (GSE140830).

3.6 Molecular functional similarities and differences across diseases

[0068] The top twenty ranked RF selected genes were combined for all
disease cohorts and subjected to analysis by STRING v.11b database for protein-
protein interaction network construction. The threshold score was set at 0.7 (70%
confidence) querying all interaction sources. The networks of non-directed edges
were then visualized in Cytoscape software v. 3.4.0. The same 180 transcript gene
symbols were uploaded to IPA where the disease and biological functions output
generated by a core analysis in IPA guided our selection for the eight functional or

compartmental categories of mitochondrial/metabolism (p=5.1E-03), protein
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synthesis (p=1.9E-04), ubiquitylation/proteasome (p=1.0E-4), cytoskeleton
components (p=1.0E-4), immune processes (p=1.0E-04) including a subset of
degranulation transcripts (p=7.8E-08), apoptosis/necrosis (p=1.4E-06), and
transcriptional regulation (p=3.0E-06). We find that the diseases analyzed here
occupy eight categories highlighting similarities across the diseases that may not be
obvious from isolated standard analysis (FIG. 5). Blood and brain have common
differentially expressed genes in AD implicating that parallel dysfunctional processes
occurring in the brain are reflected in blood. Subsets of blood cells interact directly
with brain cells and familial traits are universal. Separation was made using a novel
Venn diagram resulting in all diseases appearing in six of the eight categories
although represented by a variety of transcripts (FIG. 5). For these transcripts
selected by RF on each disease, the cytoskeleton group does not include FTD, HD,
or FRDA and additionally FTD is not represented in the protein synthesis group for
the top twenty transcripts selected by RF here. This does not suggest that these
select diseases do not have affected transcripts falling into these categories, but
from the transcripts available in each of the blood datasets, the top RF transcripts
selected here did not include members for cytoskeleton and protein synthesis.
[0069] There were several transcripts from each of the six diseases
that failed to fit into any of the eight categories after inspection of current functional
characterization information available to us (FIG. 5). While additional information
may be needed to place these transcripts into one of the eight categories, perhaps
these outliers represent unique dysfunctional features for each disease. Five
transcripts were left uncategorized for PD include FAM102A, GEMING, OR51S1,
ENTPD4, and lastly DHRS4L2, which is an unspecified short chain
dehydrogenase/reductase. Early estrogen-induced gene 1 (FAM102A) is a target for
osteoclast regulation and ENTPD4 is a Golgi protein involved in UDP nucleotide
recycling. A common early PD symptom is that of olfactory dysfunction which may be
related to downregulation of overturning olfactory receptors in brain and olfactory
lobe. One PD transcript selected to differentiate disease from controls OR51S1 an
olfactory receptor which can detect geosmin in infected water. The final
uncategorized PD transcript GEMING is associated with the spliceosome as is also
the one AD transcript left outstanding KHDC4 predicted to be involved in splice site
selection. Additionally, three of the outliers for HD (LONP2 (peroxisome), MCM3

(DNA replication), DCBLD2 (coagulation)) maintain interactions with members
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assigned to the eight categories marked by nondirected edges generated by
STRING v.11b database text mining. However, an interaction prediction made using
text mining does not necessarily mean there is an interaction. Further experimental
evidence will be needed to validate the assignment of edges between transcripts.
Another outlier for Huntington’s disease is SEPSECS which is involved in
selenoprotein synthesis and has been found to be significant in HD. For ALS, the
one outlier (HNRNPULZ2 - heterogeneous Nuclear Ribonucleoprotein U Like 2
associated with a readthrough transcript) was assigned a nondirected edge with a
member of the categorized transcripts belonging to apoptosis and immune
processes. Behavioral variant FTD had two ambiguous transcripts remaining
UPKC3BL (readthrough transcript Gene: ENSG00000205236, ENSG00000279168,
ENSG00000267645) and RUFY1 which is predicted to be involved in endosomal
trafficking. Finally, RF selected transcript outliers for FRDA include SULTA1A1
(sulfotransferase of catecholamines, phenolic drugs, neurotransmitters) and
NUDT18 or MTH1 (nucleoside diphosphate linked moiety X linked to toxic nucleotide

removal).

4.0 Discussion

[0070] It is believed that the present disclosure and associated data
accomplishes two things: 1) it indicates that multivariate analysis of RNA species in
blood can serve as a valuable biomarker of Alzheimer's disease and selected
additional neurodegenerative diseases and 2) it reveals that whole blood RNA
profiles of the neurodegenerative diseases studied show that these diseases
modulate the expression of basic cell biological processes that are imperative to the
proper functioning of all cells.

[0071] The use of RNA in biomarker studies offers multiple advantages.
The ability to amplify RNA/cDNA samples makes it possible to not only start with
small sample sizes but also to detect changes in the expression of minimally
expressed, but important, RNA species and detect biomarkers in an unbiased
manner. Perhaps, most importantly, the ability to examine the entire transcriptome in
an unbiased fashion offers the opportunity to detect unanticipated and potentially
important aspects of disease pathophysiology — as exemplified by our conclusions of
disease effects on fundamental cellular mechanisms in blood. This is best illustrated

in our Figure 5 which leads to the conclusion that there are eight fundamental cell
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biological functions that are altered in blood samples from six neurodegenerative
diseases: transcription regulation, degranulation, immune response, protein
synthesis, apoptosis, cytoskeleton components, ubiquitylation/proteasome, and
metabolomic complexes. None of these eight are surprising, for various studies have
shown these processes to be affected in the brain. For example: transcription
regulation, degranulation, immune response, protein synthesis, apoptosis,
cytoskeleton components, ubiquitylation/proteasome, and metabolomic complexes.
[0072] The finding that basic cellular processes are affected in both
blood and brain during neurodegenerative disease suggests certain inferences about
potential mechanism(s) responsible for this relationship. With respect to Alzheimer’s
disease, for example, it is notable that these basic cellular processes are affected in
blood cells in the absence of plaques or neurofibrillary tangles. However, both AR
oligomers and phospho-tau have been found in blood plasma. Although the fact that
AR oligomers and phospho-tau are concurrent with these eight fundamental changes
in blood transcripts is suggestive of a causative relationship, this concurrence is by
no means formal proof of causation. This important issue is deserving of resolution.
[0073] Data such as presented here relate to a number of issues,
among them applicability to clinical practice. Do sensitivities and specificities in the
range of 75-80% presented here indicate suitability for clinical practice? Certainly,
what we have presented here is not sufficient to establish a place in clinical practice,
but this is a question appropriate for future developments of RNA, as well as other
classes of biomarkers. What should be the criteria for use in clinical practice? Will
blood biomarkers, in conjunction with other current diagnostic practice, improve the
accuracy of diagnoses and will any improvement in diagnostic accuracy be sufficient
to justify whatever the cost may be of a blood biomarker test? What level of accuracy
is necessary to serve as a screening tool and will it offer sufficient societal benefit to
offset the added costs of further testing of false positive cases? These questions
suggest future study designs to explore the possibility of preclinical detection, there
already exist data bases of RNA profiles of “normal” people that it would be useful to
ascertain the current status of those who contributed samples ten or more years ago.
Alternately, efforts should be made to collect data on “normal” people whose status
is followed for future use in determining accuracy of preclinical disease detection.
[0074] Finally, we opted to work with publicly available data for our

analysis in order to create multiple sizable datasets. This resulted in struggles with
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heterogeneities of multiple datasets curated by laboratories around the world on
different microarray platforms from two separate manufacturers. Machine learning
algorithms such as RF can handle large numbers of features, are inherently
insensitive to outliers, and do not require a normal distribution, but can prove
sensitive to microarray technical variation between datasets resultant from laboratory
collection, compilation, and normalization of data. While the method of whole blood
expression collection can affect the transcriptomic profile, we selected datasets
reporting similar protocols for collection of the whole blood as described in methods.
Additionally, many conditions are often difficult to distinguish from Alzheimer's
disease, and autopsy confirmation of diagnoses were generally lacking. Some
common conditions such as multi infarct dementia, were not available in the current
selection of public data. Finally, many or even most patients with a clinical diagnosis
of Alzheimer’s disease prove to have mixed pathologies at autopsy examination
most frequently including Lewy bodies, vascular lesions, and other proteinopathies
further making clear cut distinctions between clinically diagnosed degenerative
disease syndromes difficult. Nonetheless, transcriptomic profiles of
neurodegeneration generally and individual diseases specifically hold great promise
as a diagnostic tool providing the clinician with positive evidence of a suspected
diagnosis and not simply another means for “ruling out” brain tumors or other

nondegenerative causes of cognitive decline.

5.0 Additional Considerations

[0075] In developing the present inventive concept, a meta-analysis
with nine microarray datasets was performed for multiple neurodegenerative
diseases searching for a small group of transcripts that may select diseased blood
samples from controls for each of the six diseases studied. We then used the
transcripts chosen by machine learning techniques to further study differential
expression and canonical gene pathways affected in disease. Our analyses show
that blood RNA can be used to distinguish multiple neurodegenerative diseases from
healthy controls and found that the diseases tested here harbor dysfunctions
converging onto a group of cellular processes including inflammation, ubiquitylation,
apoptosis, metabolism, transcription, protein synthesis, and cytoskeleton
components. However, our findings remain incomplete in parallel with lacking

definitive current knowledge to identify what transcript products are doing in the cell
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and pathways. This incomplete information becomes more complex when we
consider the pleiotropy of casual gene regulation and complexity of gene networks
where transcript products may maintain alternative functional activities depending
upon the cell type, tissue region, or context of activity in disease. We also
encountered inconsistencies in analytical data preparation across cohorts which
might explain the small overlap of transcript selection by RF to differentiate disease.
For example, two of the three cohorts AD1 and AD2 were collected and analyzed by
one research group but the third AD3 data set was assembled by another unrelated
laboratory. Regardless, the two sets of selected transcripts for AD were able to
differentiate disease from controls across all three cohorts with acceptable statistics.
These inconsistencies might not be entirely the result of differences in laboratory
instrumentation or protocols but could be explained by substantial preanalytical
variations among research cohorts. It is also likely that AD and other diseases have
inherent heterogeneity that may even be dynamic during the long preclinical phase
of accumulating pathologies before clinical symptoms begin to develop.

[0076] In summary we report evidence for developing a noninvasive
and inexpensive blood RNA test platform that can rule-out neurodegenerative
disease or provide quick evidence for enroliment of subjects in clinical trials.
Although the scientific community has a long way to go to understand the
complexities of cellular processes in human, blood transcript changes can provide
information for dysfunctional pathways in disease and further comparative analysis
of blood and brain tissue will be key for the understanding of similarities and
differences across multiple neurodegenerative disease. Successful approaches
include standardization of protocols for collecting and analyzing shared cohort data
and the inclusion of experimental hypotheses to explore temporal factors of disease
where transcript expression may be different not only depending on cell type or
tissue region but also may be dynamic as disease progresses.

[0077] Referring to FIG. 13, a computing device 1200 is illustrated
which may be configured, via one or more of an application 1211 or computer-
executable instructions, to execute functionality associated with diagnosing a
neurodegenerative disease, as described herein. More particularly, in some
examples, aspects of the methods herein may be translated to software or machine-
level code, which may be installed to and/or executed by the computing device 1200

such that the computing device 1200 is configured for medical diagnosis, and other
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functionality described herein. It is contemplated that the computing device 1200
may include any number of devices, such as personal computers, server computers,
hand-held or laptop devices, tablet devices, multiprocessor systems,
microprocessor-based systems, set top boxes, programmable consumer electronic
devices, network PCs, minicomputers, mainframe computers, digital signal
processors, state machines, logic circuitries, distributed computing environments,
and the like.

[0078] The computing device 1200 may include various hardware
components, such as a processor 1202, a main memory 1204 (e.g., a system
memory), and a system bus 1201 that couples various components of the computing
device 1200 to the processor 1202. The system bus 1201 may be any of several
types of bus structures including a memory bus or memory controller, a peripheral
bus, and a local bus using any of a variety of bus architectures. For example, such
architectures may include Industry Standard Architecture (ISA) bus, Micro Channel
Architecture (MCA) bus, Enhanced ISA (EISA) bus, Video Electronics Standards
Association (VESA) local bus, and Peripheral Component Interconnect (PCI) bus
also known as Mezzanine bus.

[0079] The computing device 1200 may further include a variety of
memory devices and computer-readable media 1207 that includes removable/non-
removable media and volatile/nonvolatile media and/or tangible media, but excludes
transitory propagated signals. Computer-readable media 1207 may also include
computer storage media and communication media. Computer storage media
includes removable/non-removable media and volatile/nonvolatile media
implemented in any method or technology for storage of information, such as
computer-readable instructions, data structures, program modules or other data,
such as RAM, ROM, EEPROM, flash memory or other memory technology, CD-
ROM, digital versatile disks (DVD) or other optical disk storage, magnetic cassettes,
magnetic tape, magnetic disk storage or other magnetic storage devices, or any
other medium that may be used to store the desired information/data and which may
be accessed by the computing device 1200. Communication media includes
computer-readable instructions, data structures, program modules, or other data in a
modulated data signal such as a carrier wave or other transport mechanism and
includes any information delivery media. The term "modulated data signal" means a

signal that has one or more of its characteristics set or changed in such a manner as
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to encode information in the signal. For example, communication media may include
wired media such as a wired network or direct-wired connection and wireless media
such as acoustic, RF, infrared, and/or other wireless media, or some combination
thereof. Computer-readable media may be embodied as a computer program
product, such as software stored on computer storage media.

[0080] The main memory 1204 includes computer storage media in the
form of volatile/nonvolatile memory such as read only memory (ROM) and random
access memory (RAM). A basic input/output system (BIOS), containing the basic
routines that help to transfer information between elements within the computing
device 1200 (e.g., during start-up) is typically stored in ROM. RAM typically contains
data and/or program modules that are immediately accessible to and/or presently
being operated on by processor 1202. Further, data storage 1206 in the form of
Read-Only Memory (ROM) or otherwise may store an operating system, application
programs, and other program modules and program data.

[0081] The data storage 1206 may also include other removable/non-
removable, volatile/nonvolatile computer storage media. For example, the data
storage 1206 may be: a hard disk drive that reads from or writes to non-removable,
nonvolatile magnetic media; a magnetic disk drive that reads from or writes to a
removable, nonvolatile magnetic disk; a solid state drive; and/or an optical disk drive
that reads from or writes to a removable, nonvolatile optical disk such as a CD-ROM
or other optical media. Other removable/non-removable, volatile/nonvolatile
computer storage media may include magnetic tape cassettes, flash memory cards,
digital versatile disks, digital video tape, solid state RAM, solid state ROM, and the
like. The drives and their associated computer storage media provide storage of
computer-readable instructions, data structures, program modules, and other data
for the computing device 1200.

[0082] A user may enter commands and information through a user
interface 1240 (displayed via a monitor 1260) by engaging input devices 1245 such
as a tablet, electronic digitizer, a microphone, keyboard, and/or pointing device,
commonly referred to as mouse, trackball or touch pad. Other input devices 1245
may include a joystick, game pad, satellite dish, scanner, or the like. Additionally,
voice inputs, gesture inputs (e.q., via hands or fingers), or other natural user input
methods may also be used with the appropriate input devices, such as a

microphone, camera, tablet, touch pad, glove, or other sensor. These and other input
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devices 1245 are in operative connection to the processor 1202 and may be coupled
to the system bus 1201, but may be connected by other interface and bus structures,
such as a parallel port, game port or a universal serial bus (USB). The monitor 1260
or other type of display device may also be connected to the system bus 1201. The
monitor 1260 may also be integrated with a touch-screen panel or the like.

[0083] The computing device 1200 may be implemented in a
networked or cloud-computing environment using logical connections of a network
interface 1203 to one or more remote devices, such as a remote computer. The
remote computer may be a personal computer, a server, a router, a network PC, a
peer device or other common network node, and typically includes many or all of the
elements described above relative to the computing device 1200. The logical
connection may include one or more local area networks (LAN) and one or more
wide area networks (WAN), but may also include other networks. Such networking
environments are commonplace in offices, enterprise-wide computer networks,
intranets and the Internet.

[0084] When used in a networked or cloud-computing environment, the
computing device 1200 may be connected to a public and/or private network through
the network interface 1203. In such examples, a modem or other means for
establishing communications over the network is connected to the system bus 1201
via the network interface 1203 or other appropriate mechanism. A wireless
networking component including an interface and antenna may be coupled through a
suitable device such as an access point or peer computer to a network. In a
networked environment, program modules depicted relative to the computing device
1200, or portions thereof, may be stored in the remote memory storage device.

[0085] Certain examples are described herein as including one or more
modules. Such modules are hardware-implemented, and thus include at least one
tangible unit capable of performing certain operations and may be configured or
arranged in a certain manner. For example, a hardware-implemented module may
comprise dedicated circuitry that is permanently configured (e.g., as a special-
purpose processor, such as a field-programmable gate array (FPGA) or an
application-specific integrated circuit (ASIC)) to perform certain operations. A
hardware-implemented module may also comprise programmable circuitry (e.g., as
encompassed within a general-purpose processor or other programmable processor)

that is temporarily configured by software or firmware to perform certain operations.
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In some example examples, one or more computer systems (e.g., a standalone
system, a client and/or server computer system, or a peer-to-peer computer system)
or one or more processors may be configured by software (e.g., an application or
application portion) as a hardware-implemented module that operates to perform
certain operations as described herein.

[0086] Accordingly, the term “hardware-implemented module”
encompasses a tangible entity, be that an entity that is physically constructed,
permanently configured (e.g., hardwired), or temporarily configured (e.q.,
programmed) to operate in a certain manner and/or to perform certain operations
described herein. Considering examples in which hardware-implemented modules
are temporarily configured (e.g., programmed), each of the hardware-implemented
modules need not be configured or instantiated at any one instance in time. For
example, where the hardware-implemented modules comprise a general-purpose
processor configured using software, the general-purpose processor may be
configured as respective different hardware-implemented modules at different times.
Software may accordingly configure the processor 1202, for example, to constitute a
particular hardware-implemented module at one instance of time and to constitute a
different hardware-implemented module at a different instance of time.

[0087] Hardware-implemented modules may provide information to,
and/or receive information from, other hardware-implemented modules. Accordingly,
the described hardware-implemented modules may be regarded as being
communicatively coupled. Where multiple of such hardware-implemented modules
exist contemporaneously, communications may be achieved through signal
transmission (e.g., over appropriate circuits and buses) that connect the hardware-
implemented modules. In examples in which multiple hardware-implemented
modules are configured or instantiated at different times, communications between
such hardware-implemented modules may be achieved, for example, through the
storage and retrieval of information in memory structures to which the multiple
hardware-implemented modules have access. For example, one hardware-
implemented module may perform an operation, and may store the output of that
operation in a memory device to which it is communicatively coupled. A further
hardware-implemented module may then, at a later time, access the memory device
to retrieve and process the stored output. Hardware-implemented modules may also

initiate communications with input or output devices.
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[0088] Computing systems or devices referenced herein may include
desktop computers, laptops, tablets e-readers, personal digital assistants,
smartphones, gaming devices, servers, and the like. The computing devices may
access computer-readable media that include computer-readable storage media and
data transmission media. In some examples, the computer-readable storage media
are tangible storage devices that do not include a transitory propagating signal.
Examples include memory such as primary memory, cache memory, and secondary
memory (e.g., DVD) and other storage devices. The computer-readable storage
media may have instructions recorded on them or may be encoded with computer-
executable instructions or logic that implements aspects of the functionality
described herein. The data transmission media may be used for transmitting data via
transitory, propagating signals or carrier waves (e.g., electromagnetism) via a wired
or wireless connection.

[0089] It should be understood from the foregoing that, while particular
examples have been illustrated and described, various modifications can be made
thereto without departing from the spirit and scope of the invention as will be
apparent to those skilled in the art. Such changes and modifications are within the

scope and teachings of this invention as defined in the claims appended hereto.
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CLAIMS

What is claimed is:

1. A method for computer-implemented diagnosis of a neurodegenerative
disease, comprising:
extracting data from a blood sample associated with a patient; and
generating, by a processor, a machine learning prediction of a
diagnosis of a neurodegenerative disease afflicting the patient by applying the
data from the blood sample as input to a machine learning model in view of a
blood RNA transcript predetermined to be predictive of the neurodegenerative
disease.

2. The method of claim 1, wherein the machine learning model includes Random
Forest (RF) classification and is trained, by the processor, by steps including:
accessing whole blood expression datasets associated with the

neurodegenerative disease and sample datasets, the sample
datasets including whole human blood mRNA gene expressions
processed in normalized form; and
analyzing a transcriptome of each of the sample datasets and ranking
an ability of the blood RNA transcript and each of a plurality of
RNA blood transcripts to classify affected samples for a
diagnosis of the neurodegenerative disease, training including:
building a first plurality of classifier trees,
selecting a first set of top classifiers,
building a second plurality of classifier trees using the set
of top classifiers,
selecting and saving a second set of top classifiers, the
second set of top classifiers defining selected transcripts, and
performing multiple times (models) to select the best set

of top classifiers.
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3.

The method of claim 1, wherein the machine learning model is trained by the
processor to optimize selection of transcripts for disease discrimination, by
steps of:

Randomly selecting 2/3 of samples in sample set with replacement, for
each node in a binary classification tree, building trees by
expression of each f randomly selected transcript features;

applying a ranking measurement using a Gini index to select a
transcript with least impurity at each node to build trees and rank
transcript samples to optimize a decision tree,

ranking them by importance after classification of the remaining 1/3
samples, and

generating a confusion matrix after classification of the test sample set.

The method of claim 2, further comprising applying by the processor
multivariant discriminant analysis to normalized data associated with the best

model of second set of top classifiers.

The method of claim 2, further comprising applying by the processor pathway

analysis to group functional processes revealed by the selected transcripts.

The method of claim 2, further comprising, within each of the whole blood
expression datasets, utilizing each sample’s respective Glucuronidase Beta

(GUSB) expression level for normalization of samples.

The method of claim 2 wherein the Random Forest classification includes an
implementation of Random Forests with a modification where an individual
tree is built by first selecting a training set of n samples with replacement from

N samples referred to as bootstrap sampling.

The method of claim 7, wherein the bootstrap sampling excludes a portion of

samples in a tree building training set.
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10.

11.

12.

13.

14.

15.

The method of claim 8, wherein the portion of samples excluded are utilized
as internal test predictors to provide an internal estimate of generalization

error of the Random Forest classification.

The method of claim 7, further comprising selecting a small subset |} of
transcript features {F3, ¥ = ~«F, at random to partition each binary node in
the tree according to the weighted Gini impurity index {1 — £, p7 ) which

measures the likelihood of misclassification.

The method of claim 2, further comprising subjecting the sample datasets to R
limma package adjusted by age and sex to quantify an expression change in

the neurodegenerative disease.

The method of claim 1, further comprising generating by the processor an RF
algorithm that derives supervised predictors for different neurodegenerative
diseases.

The method of claim 12, further comprising generating transcriptional clusters
to make clinical group discriminations unique to each of the different

neurodegenerative diseases.

The method of claim 1, further comprising generating, by the processor, a
plurality of transcript predictors and comparing the predictors across diseases
to identify biological process similarities and focus on molecular process
differences.

The method of claim 2, wherein the Random Forest classification includes
building an ensemble of a plurality of classifier trees, where the final prediction
for a test sample is obtained by majority vote on the combination of

predictions of all of the plurality of classifier trees.

41



PCT/US2022/014350

WO 2022/165205

1/28

{Z11)
138808
LAIMOSNYL

Vi Old

{614}

S1dIMOSNYYL

{g01)

WHLROOTY
300N

{901}
ONINEYET ANIHOY

{zoi}
I2IA30 ONLLNGROD

{pot}
I8vaviva
a8nd

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205

2/28

PCT/US2022/014350

152

Doty dowsdoad

154

—t Eata normalization

156

Random Forest on

training sample

158

Salect top 500
features

160 —

Randony Forest on
training sampie

Select top 20
features

170

Pravious set of
informative genes

164 —-

Random Forest
validation on test
sampies

Analysis of

Linear msc.ﬁmmas&i‘ '

sejected features

in test samples

""""""""" - Evaiiate sitcsmmes

FIG. 1B

SUBSTITUTE SHEET (RULE 26)



PCT/US2022/014350

WO 2022/165205

3/28

12338

LONIdYAS

41

R

YHii

Yool i

3

»

AN

N

a¢ "ol

2

e o © QO

SW

R

)

»

»

VN

3

vz 'Ol
FEY SANIS0 B8R

.

20 90

feun
fray
R Rk LR - J—
g2 oy

v

Cef DL

@,
[t

o

SUBSTITUTE SHEET (RULE 26)



PCT/US2022/014350

WO 2022/165205

4/28

LLYIS

cOav

9ovaH

FOVaH

YELMNG

FLANG

%
&

ac ol

©O o o & o O

sV

¥

V¥

N

3¢ 9Ol

b g0 g0 v o

Z0

BV ZEF o monss s

»F el

S

g
7

5
7

4
S

7
&

3

%) wwﬁwm&m

a0

H

by

SAd

RN

SUBSTITUTE SHEET (RULE 26)



PCT/US2022/014350
5/28

WO 2022/165205

4¢ 'Ol quE
FBM BALE0 BRIE 4

ouit )

Z891Ld

% %

e

- O % 0o 0% o x

50id %

%
%

N

b

o s F,
I IETY

VHdSH % %

LEY0BSH 2 % ¢ w
HOdYS & @ 5 v
U4 = @ ¢ = O

»
B

iHid ) =

HYAHD % % o 7 :
S * SR R T ; B -
N~ O T B

w3

>

SUBSTITUTE SHEET (RULE 26)

SN DAINSO BN



PCT/US2022/014350

g

A

6/28

WO 2022/165205

9¢ "Old

R FAPRO DR

¢ g0 90 Yo A 0

[ k1 ’ £

mmvw. Mw WNMMWAM N.N.M.‘m RS SS 000,
MW@ Mw w\wﬁmw& w%\ mmw SRR

DGOV 400 s
RO MIIETY o o o
02 BRIV s

ARG A | —

W8 oo Y

o ~ o4 3 D
W”\A\ ﬂ o Yot
o o

SS3YLS NOILVINIWNVTANI SOILIN3OIdS

SUBSTITUTE SHEET (RULE 26)

DIBN SARIBO BN



PCT/US2022/014350

WO 2022/165205

7/28

ot
W
@
©
Lh
&=

&7
«

oot
&

A

S
R

: g k4
3 2 »w ’
: %
: : >
R & % -
3 2 ] »
e % k m w % >
4 = g e 7 mm 2
3 i Z: oy -
%z Z g v
: z Z n R :
3 \\\\\\ % ”. )
3 Z - %
: %z %, - 7 7
: 3 % 7
: 7z, » 7
4 } 7
: Z 3 7
: ; 7
: : ‘ Z
: . 7
: 7
: P 7
: 7
: ‘ 7
: 7
. . 5
: 7
» . 7
; 7
4 3 7
: . 7 m
-
: .
] ) <
3 X .
. o &
: % g
3 S m 4
: 3 e
: % 4
: % \ % -
3 \&ﬂ Z .
: ; 7 .
» % . w\\\ PN ?}.\\\\ .
4 %, A -
: 3 3 .
: ] \\\Q\&m‘ “.{.{xxx.c o
: % \\ R
m 4
3 %
2 AR
3 %
: %
3 7
3 s

s

Gnne ..\\\. 5
e %
s T gy,

e,

. WG

g \\Q\\\\\\.v
i Ly,

Dy,
T sl
o,

180 BIL

yoN

i

o5

o

53
ok

rpr
i,

P
B

0.8

0.8

0.4

02

3

& Hate

Hy

§

s Pos

W47

3;\

¥
B

FIG. 3A

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350

8/28
§ A
§\§ & E \\}\\s. m \\}
= i W A . X
& N N MRPLD
NDUFA1

%
®t % O

b3

%%

S N RPL3IBAL

8 =N M NDUFSS
s N SHFMY

e @ N TFOP
& ¥ CETN2
N ATPSI

« ) iNG3

ST

Y
%
%

s ) SNTB2

© 0
© O 0 0o QO © () %

& & & # AATF
= i = S MED18
a & N APBE3

& DDIT4

G
%

S TPM3

e O O O
%
&
Y
#

N N GRAP

Y
%

CMTM2

@

© 0O 0 o
O
O

S COK0

%

s M LOCE46200

®

FIG. 3B

SUBSTITUTE SHEET (RULE 26)



PCT/US2022/014350

WO 2022/165205

9/28

o
-
&
©
O

S

R

2

% b
\\N\\\\. § "

m
m
%

i

Gy P

“\\\\\\\\*W &\Y
\\\\\\\“.“

o

s

e
Z
v

sy, \\&,\\\\\\\\ \N&N\\ s

iy,

Yo
.
%
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
Z
%
%

EELT .
o

4

L3

FIG. 3C

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350

10/28
8
N ® B 9 @ N
N . . < § &S o
& 8 MO8 a RPL3IBAL
o8y s @ MSaAY
DT S JEE S MRPLSY
R = = ~ RPS25P6
- S R LOCe46208
N I RPL36AL
g o8 8 ® 9  coru
S R ~ RN RPS23IPE

%
Y
%

S Ci8orfi2

N ® ® N ®  RPS2S

Y
y
r'e

s % yFCH

%
.

® R NDUFSS

%
%
%

»

%

RP&27A

F 8 ¥ 0y N HLA-H

N\ CD72
Sy QO R UOCRH
N T . NDUFAY
& = 8 0y % B woaD
@ ® O ® N ¥ qaaze
sy oy Q8§ kHDOY
FIG. 3D

SUBSTITUTE SHEET (RULE 26)



PCT/US2022/014350
11/28

WO 2022/165205

{1
Wiikd
{1} 404
§0d
AN
P
814
s g
2434

-
59

bes ¥ i
Al vl

FIG. 4



PCT/US2022/014350

WO 2022/165205

12/28

FIG. 5



PCT/US2022/014350

WO 2022/165205

13/28

800

80

9 'Ol

08 9.

Ad9.O0H S.Ad6¢OH 62AV LSOH 15AV09OH 09aV

0€JH ¢ald 80oHvVay4 OH
S

6€0H 08OH g7y 9.0H g7y 6EJH 6¢€
! T ¥ ; ¥ 7

H 3 H % H H § H § H i
e 2 e
j 7 %
o 5 2 % wed
; % %> 4
k % Z
- e ey “+ -
k . l ’
] : % : 4
| . 4 : o
- YA A A A A m g A IS IS A “ - o o
k 5 B 4
iy ; u ) ; ? - 222 R v
o 7 . | . % 7 i e g b ’ P
el Z o - - o % - o ; : e -
k . . . : 3 ey . % s assssss H
P : ’ g § . - ? # Yoooo s
k s f: g " M A IIIIE 5 . o,
. : % A ” e m : ot : b C
k i - M - e 0 M
el 4 . \\w\\\» , H S S i
| M\\\\\\w rrorssd) ; e ; “ W
i ensond 4 B % ; ;
ol < : T i =
k - e .
| S 3 1 i 1 ¥ i § b £ % } % i $ } § } i $

S3ANTVA NOISSTudX3 9SNO

) ©
e}

[Te)
(X =]

1D 00 O M~
o0

N~
NOISS3¥dX3

o vo
T o

G0l

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350
14/28

Random selected transcripts
AD and controis

i

- HHransoripts ADT{AUC 088
W 20 ransoriphs ARV AUC AT
10 transonpts ADR2 (AU R8N
& SO transornipds ADZ (AUC .68

¥ 0.8 0.4 3.8 0.8 i

FIG. 7

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350
15/28

Ranmm Fmest GSEH?S?‘G ALS'!

1! S r——

24
o

081

Yrue Positive Falte

ALSZ (ALIC D EY

& 0.2 a4 a8 0.8 1
False Posilive Rae

<38 & 5

FIG. 8A

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205
16/28

AD

Oo0o00Q00  ns
O

I R\ &
N § & &
© & N s
I L

e O O ©

%
#
B

%

%
%

© 0000000

s> *2000-000200

£3

N

Y

L

PRFIREA
ATRW
BRI3
ABCAY
VRS13C
Vim
SLC40A1
RRiP
cne2
QPCT
CHARY
CNPY3
CHKB
ARF4
£LTS8L
CAPZAZ
CREBRP
CHORFSS

RORA

HNRNPULZ

SUBSTITUTE SHEET (RULE 26)

PCT/US2022/014350



WO 2022/165205 PCT/US2022/014350
17/28

Random Forest GSE112680 ALS2

ST (ALID O By

False Posttive Rate

FIG. 8C

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205

FRDA
FiD

e 0O + © 0 00 0 0000000 OCOC O 0O O AaAs

o7 %
% B

&
e

O 0 o
%
Y

%
Y

U
Y

i

Y
%

Y
&
Y

18/28

{8

Hi3

FIG. 8D

PCT/US2022/014350

I8G1E
ACAAL
THEMEN
ARHGAPIQ
BRMSHY
FPRPIRY
S100A4
RPS18A
MRLCZ
NIN
HISTIHSG
CXICRY
ZRHIE
SFPIBLE
P
ATPZIB4
RNF44
&F1
HLADRA

CYTSASPECCIL

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350
19/28

Ranéom Farest GSES?4?5 PD1

14

3 =
o oo

True Positive Rale
E 44 ]
§ <

PD1 test (AUC 097)

B e R

0 0.2 {§ «i% 08 0.8 1

& 3‘*“3

FIG. 9A

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350

20/28
<

2 B 3¢ ¢
L A - R DHR34L2
s s v N O TsCc2DM
S © & '  NSUNY
s & % €@ = @ bR
2 ® & & O R CHORF128
« 0 » © & ) wpse
# 8 & & 8 R MEAFBICIORF149
© = & o~ @8 @ GEMING
« s o % » ) oPrRy
Q@ & & © © & DAPK2
S N R T B SiAHZ
& © S - TR T ELOVIA

Y & @ S T/ ORE181

© S s 0y 8 R QVCAZ

@ & & & ) @ LECRY
g & & & 9§ w8 MFN2
N S & o & @ PPPIR13L

# & 08 & % ¥ CENFVIPRRE
& 8 ENTPIM

o
2 $ N e @ & THRA

FIG. 9B

SUBSTITUTE SHEET (RULE 26)



Truw Positive Rale

WO 2022/165205

21/28

PCT/US2022/014350

R&r}dam Forest GS&%Q’&S PD2

S \ ....................................................................

False Positive Rate

FIG. 9C

SUBSTITUTE SHEET (RULE 26)

\ ------------------------------------------------------------------------------

PO fast AUC Q8




WO 2022/165205

O % 0 O a

N

%

%

®x o

2

FROA

%

¥

»

X

b

Y

»

% FID

%

%

®
0O O %X % O % O X X 0 % X O

Y

7

N

Y

Y

22/28
¥
wd N
<L [
. 0

b 4

%

O

o

o
o

N

FIG. 9D

253

i

PCT/US2022/014350

PRIC28S
UBEIA
BHLHE4D
FTGDS
EPB4LZ
PTGRS

HaHG

FTKZB
SLCIBAR
FAMTOZA
KIR3DLS
LACHGH10080
MRV

SiIK3

CIRBP

PTGRS
LOGHIOR3TY
LILRBY

ASXLA

MRPS1{S

SUBSTITUTE SHEET (RULE 26)



True Positive Rale

WO 2022/165205 PCT/US2022/014350
23/28

Random Forest GSE99039 HD

o
o

&
oy

a2 i

MO test {AUG 0.89)

0 0.2 0.4 0.8 0.8 1
False Posilive Rale

Logy Tovt ohangs

o

0 1.5

i

&A%

FIG. 10A

SUBSTITUTE SHEET (RULE 26)



PCT/US2022/014350

WO 2022/165205

24/28

8y
aid
VQud

av

P

¥

¥

B

¥

g
7
%
%2
“\\\\
77
7
W

iy,

it

&

N

2
%
\\\\“
%
%
4%

R

Z

.
R N
NN

B

©

R

R

AR
N

B

Q

t

B

o

R

8

24
G
ngt
7

z K4
%4
Y

Q

R

CENPK

SOCSs

S

8

uBEZDI

&

MCM3

@.

N

®

&

SESN3

%

&

2

CLPTIMM

S5

L

o

N

©

FECH

*

i\

2

FYN

%

FNDCH

&

FIG. 10B

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350
25/28

T

ol

& |
- S
X g8
& k

04

0.2}

FTO test RUC 078}

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

0 0.2 0.4 0.6 08 1
False Fositive Rale

Lag; Tort changs . _

4

FIG. 11A

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205 PCT/US2022/014350
26/28

R EEEE

O B s & B METRNL
O = § © = &  KLFs
© ¢« © Q) ° - msar
s e o8 e PRDXE
‘B N DEFA1B
N T T NGFRAPY

%
)
E
Y
%

o
N
&
8  POLRID
% SNURF
O xur
@ FRP1
s M DEFA3
O awre
O ouse

#N RUFY1

%
W
w
%
n
%

UPLP
S O N @ @ Loz
PPM1F

& @ NI PTORA

©@ - o0
B
7
&
%
%

B &~ B X R PET100
€N ® s N N FYN

FIG. 11B

SUBSTITUTE SHEET (RULE 26)



WO 2022/165205
27/28

% FRDA

&
#

#
3

Random Forest GSE1T02008 FRDA o ©

2 &
w Q@
« &
s
£ I
e 0
I
S &
2 =
& B
& =
& =3
& =
Y E:S
o $

FIG. 12

SUBSTITUTE SHEET (RULE 26)

ALE

¢ X

¢ ¢ o O =

PCT/US2022/014350

g &

g %  TAPBP

< W HLA-DRBA
s ) sassy
€ i  OSCAR

s W FKBPIA

> ) NOUFAF3
@ () wese

e &3 VETMH

$ N RARRESY

) asca

§ & OSCar

N SERPINES
B & NUDTIS
#0005 SULTIAY
S & VARS2

% & MRPLE

& N TUBBY

N N RUDTS

s 8 IFPSLE
N % IGFBP3



PCT/US2022/014350

WO 2022/165205

28/28

APOALIN LISNYHL HOONY LuQdENY Y

vErT
L¥Gd O4

EUET
L0
NOLLYOINORNGD

VoLh
MO D Y

HOSSIOOUD

FAZC
ADYHOLS SSYH

u\; wm Mw\mm \\\\\\\\\\\\\\\\ v

gust
AOWROLBYIVO

MO ddY

AMOPIN NIWIH

A
FUAZC ONLLNGHOD

gy
YIS
FOYHOLE
FBYAOHIZY

SUBSTITUTE SHEET (RULE 26)



INTERNATIONAL SEARCH REPORT

International application No.

PCT/US22/14350

A. CLASSIFICATION OF SUBJECT MATTER
IPC - GO1N 33/68; GO1N 33/50; GOSN 3/08 (2021.01)
cPC GO1N 33/6896; GO1N 33/50; GO6N 3/08; GO6K 9/6282; C12Q 2600/118

According to International Patent Classification (IPC) or to both national classification and IPC

B.

FIELDS SFARCHED

Minimum documentation searched (classification system followed by classification symbols)

See Search History document

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched
See Search History document

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

See Search History document

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate; of the relevant passages Relevant to claim No.
X US 2014/0378439 A1 (DEZSO et al.) 25 December 2014; paragraphs {0055], [0059], {0099], 1

- [0102], [0104], [0105], [0108], [0110]. ---

Y 3,12-14
A 2,4-11, 15
Y US 2020/0309795 A1 (ROWAN UNIVERSITY) 01 October 2020; paragraphs [007 1], [0072], 3
- [0099], [0103], [0104]; Tables 6, 11. -
A 2,4-11, 15
Y WO 2011/109503 A1 (THE TRUSTEES OF THE UNIVERSITY OF PENNSYLVANIA) 09 12-13

September 2011; pages 4, 13-14.

Y US 2020/0027557 A1 (HUMAN LONGEVITY, INC.) 23 January 2020; paragraphs [0080], 14

{0101}, [0108], [0114], [0152].

D Further documents are listed in the continuation of Box C.

D See patent family annex.

*

“p”

«p”
N

“L»

“O”
«p»

Special categories of cited documents: .

document defining the general state of the art which is not considered
to be of particular relevance

document cited by the applicant in the international application

earlier application or patent but published on or after the international
filing date

document which maK throw doubts on priority claim(s) or which
is cited to establish t G;A)ubllcanon date of another citation or other
special reason (as specified)

documentreferring toan oral disclosure, use, exhibition or other means
document published prior to the international filing date but later than
the priority date claimed

e

“E&”

later document published after the international filing date or priority
date and not in conflict with the apgllg:anon but cited to understand
the principle or theory underlying the invention

document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive step
when the document is taken alone

* document of particular relevance; the claimed invention cannot

be considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

document member of the same patent family

Date of the actual completion of the international search

18 April 2022 (19.04.2027?)

Date of mailing of the international search report

MAY 04 2022

Name and mailing address of the ISA/US

Mail Stop PCT, Attn: ISA/US, Commissioner for Patents
P.O. Box 1450, Alexandria, Virginia 22313-1450

Facsimile No. 571-273-8300

Authorized officer

Shane Thomas

Telephone No. PCT Helpdesk: §71-272-4300

Form PCT/ISA/210 (second sheet) (July 2019)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - claims
	Page 42 - claims
	Page 43 - claims
	Page 44 - drawings
	Page 45 - drawings
	Page 46 - drawings
	Page 47 - drawings
	Page 48 - drawings
	Page 49 - drawings
	Page 50 - drawings
	Page 51 - drawings
	Page 52 - drawings
	Page 53 - drawings
	Page 54 - drawings
	Page 55 - drawings
	Page 56 - drawings
	Page 57 - drawings
	Page 58 - drawings
	Page 59 - drawings
	Page 60 - drawings
	Page 61 - drawings
	Page 62 - drawings
	Page 63 - drawings
	Page 64 - drawings
	Page 65 - drawings
	Page 66 - drawings
	Page 67 - drawings
	Page 68 - drawings
	Page 69 - drawings
	Page 70 - drawings
	Page 71 - drawings
	Page 72 - wo-search-report

