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SYSTEM AND METHODS FOR DETERMINING A BRAIN CONDITION GF A
PATIENT SUBJECT TO MULTIPLE DISEASE STATES

CROSS-REFERENCE TO RELATED APPLICATIONS
{0001} This application claims the benefit of, is based on, and incorporates hercin by
reference in its entirety TS, Provisional Patent Appleation Serial No. 62/192,%31 filed on
7/15/2015 and entitled “SYSTEMS AND METHODS FOR DETERMINING A BRAIN
CONDITION OF A PATIENT SUBJECT TO MULTIPLE DISEASE STATHS.”

BACKGROUND

{3083} The present disclosure relates generally to systems and methods for determining a
medical condition of a patient using imaging data and, in particular, o systems and methods for
determining the presence and progression of a brain condition for a patient suffering from, or
exhibiting signs of multiple discase states.

LI Neurodegenerative diseases and other syndromes affecting the brain commonly
exhibit distinctive symptoms and characteristies thst often become more pronounced as disease
severity increases, During diagnosis, specific signatures visible on various imaging rnodalities
are utilized to determine the presence and state of the disease. For instance, as glucose is a
primary source of energy for neuronal activity, measurersent of ghuose metabolism using
positron emission tomography ("PET™} imaging has been demonsirated to provide a sensitive
measure of neuronal activity decline in affected brain areas for a variety of neurodegenerative
diseases and syodromes, Other imaging modalities, such as functional MR, single photon
arvission computed tomography ("SPECT™), as well as early time frames of amyloid, tau, and
others tracer bomarkers, have also been used o measure brain function. Similarly, as neurons
degenerate, brain volume also decreases according to characteristic patferns, measurable using
magnetic resonance imaging ("MRI"). Additionaily, the sccumulation of abnormal entities such
as amyioid {(forming neuritic plaques), tau (forming neurofibriflary tangles}, and Lewy Bodies,
can be measured using imaging.

{B0064] For instance, a characteristic patiern for patients suffering from Alzheimer’s
Disease ("AD™) includes glucose hypo-metabolism emerging in medial temporal cortex and

nosterior cingulate, expanding to temporo-parietal regions, and gradually affecting most cortical
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tissue, while the pons, cerebellum, and motor and visual cortices are relatively preserved.
Changes are found in genetically at-risk individuals, beginning years before any symptom onset,
and correlating with clinical decline.  AD also causes structural atrophy that injtiates in
entorhinal cortex, spreads to hippocampus, and expands to paristal and most cortical and
subcortical structures, and correlates with clinical progression,

[B805] Meurodegenerative diseases are often co-morbid with other disorders, and
stgnatures exhibited on PET or MRI often reflect their combined effect. For example, a certain
percentage of patients with AD also have Lewy Body Disease or vascular dementia. Also, Down
Syndrome ("DS") patients has been shown to have neuritic plaques and neurofibrillary tangles in
nearly all D8 adults over the age 40, consistent with AD patients, Swdies in adults also found
hypometabolism in AD-relevant regions, more pronounced in demented than pos-demented
subjects. Also, Alzheimer's-like dernentia was shown to be prevalent in up to 35% of DS
individuals in their forties, and 77% over age 60. MR studies of young patients with DS were
shown to have reduced brain volume, shoriened frontal lobes, reduced cerehellum, brainstem,
hippocampus, amygdala, and white matter, and preserved parietal and subcortical regions. In
addition, studies in DS adults found lower volumes overall and in cerebellum, cingulate gyrus,
frontal lobe, superior temporal lobes and hippocampl, and an association between dementia,
regional atrophy typical of AD, and ventricular enlargement,

{80861 Meurodegenerative diseases may also coexist with neuropsychiatric conditions,
including depression, and certain conditions can increase the risk of the accelerated development
+f dementias, such as AD. For instance, Traumatic Brain Injury ("TBI™), involving a concussion
or other injury, can increase the risk of developing AD.  In particular, repeated concussions have
heen linked to the development of Chronic Traumatic Encephalopathy ("CTE"), a
neurodegenerative disease that also involves dementia along with numerous other devastating
effects. Furthermore, studies on Parkinson’s disease ("PD") have shown that at least one third of
patienis can develop dementia due to AD or other forms of disease.

{887} Typical methods for identifying and assessing disease progression involve
comparing the brains scans of a patient with reference data from prior scans or & known patient
group, which is expected to remain relatively stable for each disease type or over time. This
includes defining various regions of interest ("ROIs"), such as the posterior cingulate or medial

temporal cortex, and performing a comparison betwesn the image daia and the reference data



WO 2017/011746 PCT/US2016/042490

associated with the ROls. In determining disease progression using PET imaging, for instance,
the mean signal intensity in each defined RO! is typically divided by the intensity value
associated with a reference region, such as whole brain, pons, or cerebellum,

16808} Also, statistical parametric mapping software is often used to compare groups of
images from different patients. The images are first spatially transformed so that brain structures
are properly aligned, and then compared on a voxel-by-voxel basis using statistical analyses,
The result is a set of voxels or clusters of voxels in which statistical differences are found
hetween the groups of images. However, as described, neurodegenerative diseases are oflen co-
morbid with other disorders, and brain images capture the composite effect of all such
neurodegenerative, congenital, newropsychiatric, or other influences acting on the brain
Therefore, measuring a region, or comparing two groups of ascans, reveals only the combined
sffects of all contributing influences, distorting or confounding resulis for specific diseases or
conditions.

{0009} Atternpts to separaie the effects of different diseases or syndromes within ihe
same subject typically have involved, for instance, identifying a group of patients having a first
disease, a group having a second disease, and/or a group with both, Images from each group are
then compared to determine signatures associated with the first dissase, the second disease, and
the combination. Since subjects in each group are different, an sssumption is made that specific
diseases affect subjects in the same way. However, this approach does not identify the
contribution of each disease within the same subject, and does not identify the extent to which
each patient is expressing owme disease versus another.  Also, this approach doss not allow
tracking of individual disease progression. Similar comparative methods have also involved
non-imaging measurements, comparing measuremens obtained from different disease groups
and normal controls,

{6314} As a step beyond traditions] region of interest or statistical parametric mapping
approaches, multivariate machine learning methods have also been applied to image data to
identify patterns of affected brain regions or other parameters associated with discase. These
methods take advantage of the relationships, or correlations, between affected regions. In some
approaches, feature reduction methods, such as such as principal component analysis ("PCA™),
are applied fo extract meaningful signal from background noise. Example algorithmic

approaches include Canonical Variate Analysis ("CVA™), Support Vector Machines ("SVM"),

iad
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Relevance Vector Machines ("RVM™), and other models. However, the application of machine
learning methods and other classification technigues has focused on identifying the presence of a
specific disorder within a patient. For instance, typical discrimination algorithms are used to
match a patient to specific diagnostic classes such as, for example, AD, D5, Fronto-Temporal
Dementia ("FTD", and so forth.

{011} As may be appreciated from the above, the ability to differentiate co-morbid
diseases in a patient can be critical to the proper diagnosis and tweatment. Such differentiation
may also be essential in order 1o conduct informative pharmaceutical clinical trials in co-morbid
populations. For example, there is pharmaceutical company interest in the recruitment of DS
subjects, due to their accelerated incidence and high prevalence of AD, to provide an enviched
population in which to evaluate AD-targeted drugs. Henee, disassociation of contributions of IS
from those of AD {s highly advantageous in order to initiate therapy at a well-characterized point
in AD development and identify treatment specific to AD. Also, the ability for predicting which
PI} patients are on a path to developing dementis is highly desirable, since such prediction could
enable preventative or early stage treatment, This would require dissociating effects of PD from
those indicative of emerging AD or other dementias, which i8 not possible using present
technologies. Furthermore, among athietes, military personnel, veterans and others impacted by
brain trauma, there is a strong desire to identify whe may be progressing on a path toward
dementia, and of what type, enabling intervention and/or proper treatment.

10812} Therefore, given the above, there is a need for systems and methods capable of
separating the relative contributions of different co-morbid disease states in order to properly

diagnose and treat patients,

SUMMARY
{8613} The present disclosure overcomes the drawbacks of aforementioned technologies
by providing systems and methods for identifying the brain condition of a patient subject o a
phurality of disease states. In particular, the present disclosure describes an approach for
separating, using the imaging data, signatures associated with different disease states in order to
determine the presence and progression of at least one of the disease states. In some aspects, a
machine learning approach and pre-defined comparator classes may be utilized to dissocate and

guantify the expression of two or more different diseases or syndromes within the same set of
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scans. For example, the effects on Positron Emission tomography ("PET"} imaging due to Down
Syndrome {"DS"} may be separated from those of Alzheimer's Disease ("AD").

{014} As will be appreciated from descriptions herein, the present approach is
advantageous in properly diagnosing and treating patients suffering from, or exhibiting signs of
multiple diseases or syndromes. In this manner, different disease states may be independently
tracked over time and correlated with clinical outcomes. In addition, patients suitable for
specific clinical trials may be more accurately identified.

(8015} In accordance with one aspect of the disclosure, a method for identifying a brain
condition of a patient subject to a plurality of disease states is provided. The method includes
receiving imaging data associated with & patient's brain acquired using an imaging system, and
constructing a classifier having signatures corresponding to a pluralfity of disease states. The
method also includes applying the classifier to the imaging data to determine a degree o which
the patient cxpresses at least one of the plurslity of disease states, and determining a brain
condition of the patient using the determined degree. The method further includes generating a
report fudicative of the brain condition of the patient,

jnis} In accordance with another aspect of the disclosure, & method for identitying a
brain condition of a patient subject to a plurality of disease states is provided. The method
includes acquiring imaging data associated with a patient's brain, and applying a classifier to the
imaging data to determine a degree to which the patient expresses at least one of the plurality of
disease states. The method also includes separating the imaging datz using the determined
degres to produce datasets corresponding (o the at least one of the plurality of disease states, and
determining a brain condition of the patient using respective datasets, The method further
includes generating a report indicative of the brain condition of the patient.

166171 In accordance with yet another aspect of the disclosure, g system for identifying 8
brain condition of a patient subject to a plurality of disease states is provided. The system
inchudes an input configured to receive imaging data associated with a patient's brain, and at least
one processor configured to construct s classifier having signatures corresponding to a plurality
of disease states, and apply the classifier to the imaging data to determine a degree to which the
patient expresses at least one of the plurality of disease states, The processor is also configured

to determine a brain condition of the patient using the determined degree, and generaie s repori
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indicative of the brain condition of the patient. The syster further includes an output configured
to provide the report to a user.

{6018} In accordance with vet another aspect of the disclosure, a wethod for generating a
classifier to identify a brain condition of a patient subject o a plurality of disease states is
provided. The method includes accessing data parameters acquired from a plurality of patient
groups, and assembling the data parameters into a plurality of disease state classes and disease
state sub-classes. The method also includes generating, using plurality of disease state classes
and disease state sub-classes, a classifier having signatures distinguishing the plurality of disease
states, and providing the classifier as a reference for identifying a brain condition of & patient
subject to at least one of the plurality of disease states.

19} The foregoing and other aspects and advantages of the invention will appear from
the following description. In the description, reference is made to the accompanying drawings
that form a part hereof, and in which there is shown by way of illustration a prefesred
embodiment of the invention, Such embodiment does not necessarily represent the full scope of
the invention, however, and reference is made thercfore to the claims and herein for Interpreting

the scope of the invention,

BRIEF DESCRIPTION OF THE DRAWINGS
{0028} The patent or application file contains at least one drawing executed in color,
Copigs of this patent or patent vappiication publication with color drawing(s) will be provided by
the Office upon request and payment of the necessary fee,
{6021} FIG. | is a flowchart setting forth the steps of a process in accordance with
aspecis of the present disclosure;
j22] FIG. 2A shows example axial and sagitial 18-F Fluorcdeoxyglucose ("FDIG")
Pasitron Emission Tomography ('PET™) images for 8 normal patient;
{6623} FIG. 2B shows an example patiern of hypometabolism in axial and sagittal one
FDG PET images for 2 patient with Alzheimer's Disease ("AD").
{9034} FiG, 3 is ancther flowchart setting forth the steps of a process in aceordance with
aspects of the present disclosure;
{0025} FIG, 4 is a disgram of a system in accordance with aspects of the present

disclosure;
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{8026} FIG. 5A is a graphical iHustration showing Down's Syndrome ("DS$™-specific and
AD—speciﬁc patterns derived from FDG PET images;

{6271 FIG. 5B is another graphical ilhmtration showing Down's Syndrome ("DS")-
specific and AD-specific patterns derived from FDG PET images;

{0628} FIG, 6 is & graphical illustration showing A} progression scores of DS subjects,
and correlation with age.

G629 FIG. 7A is a graphical {llustration showing correlations between CV1.2 score in
DS subjects vs cognitive and functional measures at baseline, and amyloid SUVR in DS subjects
versus cognitive and functional measures at baseline;

{00307 FIG. 78 is a graphical illustration showing correlations between CV1.2 score in
DS subjects vs cognitive and functional measures at baseline, and amyloid SUVR in DS subjests
versus cognitive and functional roeasures at baseling;

{6631 FIG, 8A is a graphical iHustration showing DS specific and AD-related structural
magnetic resonance imaging ("sMRI") patterns derived from an MRI 3-class analysis.

{0032} FIG3. 8B is another graphical Hlustration showing DS specific and AD-related
structural magnetic resonance imaging ("sMRI") patterns derived from an MRI 3-class analysis.
{6033} FIG. 9A is a graphical illustration showing correlations between functional and
siructural pattemns. '

B34} FIG. 9B is another graphical illustration showing correlations between functional
and structural patterns,

{0035} FIGi. 10 is a graphical Hlustration CV1 patierns and scoves for normal AD, and DS
patients tracked over g period of time,

HH36] FIG. 11 is a graphical llustration CV2 patterns and scores for normal AD, and DS

patienis tracked over a peried of time.

DETAILED DESCRIPTION
8037} The present disclosure introduces a novel approach for identifying brain
conditions of patients at risk for or suffering from roultiple diseases or syndromes. In particular,
using a novel classifisr, contributions of various disease states to a patient's data can be
disassocinted. This allows direct evaluation of the degres to which cach discase siate is

expressed in the dats, as well as the tracking of progression {or treatment-related modification}
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separately.  Specifically, the classifier described herein inchudes several unique features,
including the way in which classes are defined, the Rterative re-sampling approach that is used {0
optimize the discriminant patiern definition, and other techmical aspects associated with the
machine learning algorithm utilized. Further, the classifier ts indifferent to whether the inputted
data is in the form of image voxels or other pasrameters, such as cognitive or laboratory measures,
genes, single nuclestide polymorphisms, or other variables, Therefore, the present approach may
utilize a variety of data types.

{0038} Referring now to Fig. 1, steps of a process 100 in accordance with aspects of the
present disclosure are shown. In some tmplementations, the process 100 may be carried out
using a system 400 as described with reference to Fig. 4, or alternatively another suitable systern.
In particular, the process 100 may begin at process block 102 whereby imaging data, as well as
other data acquired from a patient suhiect to oue or more disease states, may be received or
accessed from a data storage, memory, or an imaging sysiem. In one example, a patient may be
suffering from Down Syndrome ("8} and have an indication of Alzheimer's Disease ("AD").
In another example, a patient may be suffering from Parkinson's Bisease ("PD") with a degree of
cognitive impairment {or a homogenous level of impairment). In yet another example, a patient
may have experienced traumatic brain injury ("TBI"), and be at risk or in the process of
developing AD.

{B39] In some aspects, imaging data may be acquired at process block 102 using a
Positron Emission Tomography ("PET") system, & Computed Tomography ("CT") system, a
Magnetic Resonance Imaging ("MRI"} system, a Single Photon Emission Computed
Tomography ("SPECT"} system, or other imaging systews. However, other data types may also
be obtained from the patient at process block 102, For example, cognitive and functional test
scores, genotype, Cerebrospinal Floid ("CSE™} levels, e.g.  Abetad?, Total tau, p-tan alpha-
synuclein, blood based biomarkers, other test scores, e.g. sense of smell, amyloid content in eye,
and so forth,

{63040} At process block 104, 8 classifier may then be constructed, the classifier including
therein various patterns or signatures associated with different disease states potentially affecting
the patient. The classifier may be constructed using a machine learning algoritbm, although
ather techniques may also be utilized, In constructing the classifier, data or parameters from

various patient groups expressing different or various syndromes or diseases, as well as normal
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controls, may be utilized. Tn one implementation, comparator data sets may include a normal
comirol group, a group having e first disease state, and a group having a second disease state, or
alternatively, two out of three of those categories. By way of example, in diseriminating the
effects of DS from those of AT, the fullowing comparator patient categories may be utitized (a)
cognitively Normal subjects without DS and without evidence of AD pathology {(NL}); {(b)
subjects confirmed to have AD dementia, with AD pathology (amyloid plaque) (ADY; and pure
DS subjects. As another exarnple, in discriminating the effects of PD from those of AD, the
ciasses could be NL. AD, and PI (PD subiects who may or may not have co-morbid emerging
AD), and/or an additional class of PD subjeets known not to bave AD pathology {amyloid
negative}. As yet ancther example, in the case of TBY, the classes could be NL, AD, and TBI,
and/or an additional class of TBI subjects known not to have amyloid pathology. It may be
readily appreciated that these are non-lmiting examples, and therefore a wide variety of patient
group data may be utilized to construct the classifier 104,

{8041} fn training the classifier at process block 104, reference data or paraeters
associated with different patient groups may be provided, or retrieved from a memory, database,
or data storage for analysis. In some aspects, a user may select or define classes o be used in
constructing the classifier, depending upon the patient{(s} to be analyzed using the classifier. For
example, in the case of the DS patients, the classifier may include imaging data from three
training classes, namely NL, AD, and D3, In some aspects, canonical variates describing the
variance across olasses may also be identified. In this example, by having a NL set and an Al
set, a patiern differentiating DS subjects from either of the two other classes (NL and AD) may
be extracted, as well as a pattern that differentistes NL from AD.  In the case that 1&-F
Fluorodeoxyglucose ("FDNGY) PET imaging data is utilized, such patterns may indicate relative
glucose hypo- and hyper-metabolism that when rathematically combined deseribe the iotal
variance across the groups. As an alternative, or coraplement, amyloid PET, tau PET may also
be used to measure the accumulation of pathological entities such as the amyloid plagues and
tangles, which are halimarks of AD. Furthermore, other imaging modalities may also be utilized,
including structural MRI data, with signatures or patterns indicating differences in tissue volume,
including tissue atrophy, that when mathematically combined describe the total variance across

the groups.
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6842} Tn addition o classes being assoclated with different disease states, the
constructed classifier may also include various sub-classes for one or more disease states. For
instance, the classifier may include patterns corresponding to Mild Cognitive Impairment
{"MCT, tater stage MCT, and so forth,  Furthermore, classes associated with other characterisiic
signatures or palierns may be used. For instance, as mentioned, relative volume strophy {or
deficit), as well as preservation {or increase} as discerned using structural MRJ, for instance, may
be utilized to determine a brain condition of a patient, Also, functional measures and cognitive
measures, which can be specific to particular domains such as short term memory, long temm
memary, or executive function, may also be used to characterize and distinguish various disease
states. Fluid biomarkers including cerebrospinal fluld levels of Abetad2, tau, and other entities,
and blood levels of various proteins, provide additional defining characteristics of disease.
Genotype information, demographics, and other parameters provide yet additional covariates and
may aid in disease identification and diserimination. Therefore, it may be appreciated that any
number and types of subject classes, based on various data and parameters from various patient
groups, may be included in constructing the classifier.

{8043} At process block 106, the comsiructed classifier may then be applisd to the
imaging data, and other data, obtained {rom the patient to determine a degree to which the patient
expresses different disesse states. In addition, each patiern may be associated with a canonical
varigte score, which quantifies the degree to which each subject expressed the particular pattern,
In some aspects, applying the classifier may Include comparing the frmaging data associated with
selected regions of interest ("ROIs™) to signatures or patierns associated with each of the
different disease states to determine the degree to which the patient expresses at least one of the
disease staies, A classification confidence for the degree to which the patient expresses the
discase states may also be computed at process block 106.

RS S By way of example, Figs, 2A-B illustraies patterns of metabolism of 2 normal
patient (Fig. 24) compared to a patient with AD (Fig. 2B) as viewed on axial and sagittal FDG
PET images. As may be appreciated from the figures, neuronal activity in patients with AD is
reduced in certain brain regions, even very ear! v in disease, pradually expanding to include much
of the brain and with proncunced loss in the posterior cingulated, precuneus, and inferior parietal
regions, as indicated by arrows in Fig. 2B, Such characteristic disease patterns may be utilized

in determining a brain condition of a patient. For instance, in disassociating the effects of DS

-10-
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and AD, for example, characteristic patterns of relative hypo- and hyper-metabolism as discerned
on FDG PET imaging may be utilized,

36451 In some implemeniations, imaging data and other data may be separaled at
process block 106, according to the degree to which the patient expresses each disease state, 1o
produce datasets that can be analyzed, and optionaily displayed, separaiely. As such, each
produced dataset may include data reprosentstive of a disease state that is disassociated from
other, co-muorbid, disease states. Using such datasets, the extent to which a subject expresses a
certain patiern, such as a DS pattern for example, can be characterized or monitored separately
from the extent to which they express a different patiern, such as an AD-like patiern for example.
{00406} A brain condition of the patient may then be determined using the degree to which
the patient expresses one or more discase states, as indicated by process block 108, In
determining the brajn condition, a reference or database may be used, the reference including
various information correlating various disease states, and degree of expression with various
brain conditions, as well as other information. In determining the brain condition, information
speeific to the patient may also be used, such as age, gender, medical condition, physiclogical
parameters, and so forth, In some aspecets, the determined brain condition may then be yilized to
identify, for instance, a disease progression, or an effectiveness of an administered medication or
freatiment. To this end, the brain condition may be tracked over a period of time. In other
aspects, the determined brain condition may be used to identify a future disease state or a risk for
developing a future disease state. As such, baseline or reference data or information previously
acquired from the patient, or a patient population, may be utilized.

{00471 A report may then be generated, as indicated by process block 116, the report
belng provided to a user via an output, such as g display. In some aspects, the report may
indicate a degree to which the patient expresses one or more disease states, the presence and/or
progression of the brain condition, a projected clinical cutcome, a rate of clinical worsening, and
so forth, The report may also include a classification confidence or accuracy for the degree to
which the patient expresses the disease states.

{6048} Referring now to Fig. 3, steps of another process 300 in accordance with aspects
of the present disclosure are shown, In some implementations, the process 300 may be caried
out using a system 400 as described with reference to Fig. 4, or slternatively another suitable

systern, The process 300 may begin at process block 302 where imaging data, and other data,

11
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associated with a patient subject io a plurality of disease states is acquired, At provess block
304, a classifier may then be applied to the imaging data to determine a degree to which the
patient expresses at least one of the disease states. The classifier may be constructed at process
block 304, as described, for jnstance using a machine learning slgorithyu, or may be retrieved or
accessed from a memory, database, or other storage medium. As mentioned, the classifier may
include signatures, and other information, indicative of various disease stales.

{1049} At process block 308, the imaging data, and other data, may be separated to
produce datasets corresponding to each of the expressed discase states, in accordance with the
determined degree. A brain condition of the patient may then be determined using respective
datasets, and a report is generated, as indicated by process block 308 and 310, respectively. As
described, the report may indicate a degree to which the patient expresses one or more disease
states, the presence and/or progression of the brain condition, a projecied clinical outcome, a rate
of clinical worsening, and so forth,

IR Turning now to Fig. 4, a block diagram of a system 400 in accordance with
aspects of the present disclosure is shown, In some configurations, the sysiem 400 can include a
mrocessor 402, a memory 404, an input 406, an ouiput 408, and may be configured to carry out
steps, in accordance with methods deseribed herein, Including identifying a brain condition of a
patient subject 1o 8 plurality of disease states using imaging data, and other data.

{081} In general, the system 400 may be any device, apparstus or system configured for
carrying out instructions for, and roay operate as part of, or in collaboration with a computer,
system, device, machine, mainframe, or server. In this regard, the system 400 may be a systers
that is designed to integrate with a variety of software and hardware capabilities and
functionalities, and may be capable of operating autonomously,  1u some aspects, the system 400
may be portable, such as a mobile device, tablet, or other portable device or apparatus.

1B0582] As shown in FIG. 4, in some implementations, the systern 400 may be in
communication with an imaging system 410 allowing access to imaging, and other information
obtained from one or more patients, via input 406 by way of wired or wireless connection, For
example, the imaging system 410 may include Positron Emission Tomogreaphy ("PET") system,
a Computed Tomography ("CT") system, a Magnetic Resonance Imaging ("MRI")} system, a
Single Photon Emission Computed Tomography ("SPECT"} system, and the like. The system

400 ray also be in communication with an external data storage 412 that may include a database
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414, 3 server 416, or a cloud 418, and so forth. In some configurations, the input 406 may also
include a flashedrive, a USB, a CDV/DVD drive, or other input device configured for
accessing/retrieving computer-readable media, as well as other functionalities. In this manner,
imaging data, such as PET and MRI data, as well as other data, may be retrieved and processed,
in accordance with aspects of the disclosure, Non-limiting examples of other data include
performance data, cognitive and functions! test scoves, genotype, Cercbrospinal Fluid ("CSF™)
levels, e.g. Abetad2, Total tan, p-iau alpba~synuciein, blood based biomarkers, other test scores,
e.g. sense of smell, amyloid content in eye, and so forth, as well as patient characteristics,
medical history, and so forth. In addition, in some aspects, the input 4036 may also be in the form
of a mouse, kevboard, touch screen or other device capable of receiving user input. Non-lirniting
example user input may iuclode selection of operational modes and parsmeters, regions of
interest, classes for constructing a classifier, and others, in accordance with aspects of the present
diselosure,

{8833} In addition to being configured o carry out steps for operating the systemn 400
using instructions stored in the memory 404, the processor 402 may also be configured to
receive, access and process imaging data, and other data, in accordance with aspects of the
present disclosure.  Specifically, as shown in FIG. 4, the processor 402 may execute non-
transitory instructions 420, stored in memory 404 in the form of non-transitory computer-
readable media. In some aspects, the processor 402 may be configured to construct a classifier
using accessed or retrieved data in order 1o produce various signatures or patterns corresponding
to difforent disease states, as described. Example discase states can include DS, AD, P, TBL,
depression, and others, As described, signatures may include glucose metabolism patierns
associated with specific ROIs in the brain, as well as other signatures. In particular, the
processor 402 may process data {rom various patient groups in order to construct the classifier,
the data being retrieved from the external data storage 412, the braging sysiem 410, the memory
404, or other location. In some aspects, the processor 402 may be configured to apply machine
learning algorithin to construct the classifier. To this end, the processor 402 carry oul 2 number
of processing steps, as detailed below. Alternatively, the processor 402 may access a classifier
stored in memory 404, data storage 412, or another storage location.

{B034] The processor 402 may also be configured to apply the construeted or accessed

classifier to imaging data, and other data obtained from a patient, to determine a degree to which
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the patient expresses various disease states. The processor 402 may also compute a classification
confidence or accuracy for the degree to which the patient expresses varipus disease states.
Using the degree of expression of various disease states, the processor 402 may determine a
brain condition of 8 patient, & severity of a brain condition, or a change in brain condition. In
some aspects, the processor 402 may utilize the determined degree to separate the data, including
imaging data, obtained from the patient in order to disassociate coniributions from individual
disease states,  Specifically, the processor 402 may produce different datasets each
corresponding to an expressed disease state. The produced datasets may then be used by the
processor 402 to identify and track individual disease states over time, as well as correlate
individual disease state with clinical outcomes.

0055] In some aspects, processor 402 may be configured to determine a visk for the
patient to develop a disease state using the determined brain condition. The processor may also
be eonfigured to determine an effectiveness of a treatment, or a progression of the brain
condition using baseline or reference dats acquired previously. The processor 402 may be
further configured to generate g report provided via output 408, As described, the report may
include a variety of information, including a determined brain condition, a degree to which the
patient expresses one or more disease states, the presence and/or progression of the brain
condition, a projected clinical outcome, 8 rate of clinical worsening, and so forth,

{056} In another implementation, a method In accordance with aspects of the present
disclosure is provided. The method includes obtaining or acquiring image data from a number of
individual types. By way of example, a first set of images may be associated with cognitively
and pathologically normal patients, a second set may include patients with a known disorder,
such as a neurodegenerative, neuropsychiatrie, or otherwise abuormal condition, and a third set
may include patients with another known disorder that has not been characterized with regard to
signature. [n some aspects, a portion or all patients in the third set have the same disease or
disorder as the second set in varying degrees. In general, any number of image sels
corresponding to different disease states may be obtained,

{8057} Using the images obtained, & number of image processing technigues may be
applied to any or all images. For instance, the images may be geometrically transformed to
achieve a specific spatial orientation and dimensicns. The images reay also be warped onto the

same template brain map — aliowing respective anatomical regions to spatiaily overlsp for
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comparison, Alternatively, pre-defined regions of interest may be utilized instead of entire
images, such as, for example, hippocampus, posterior cingulate, frontal cortex, pons, cerebebiurn,
and so forth, In some aspects, images may be smoothed fo compensate for differences in
acquisition conditions, such as scanner resolution. Also, image intensities may be normalized,
for instance, by dividing by an average, or other mathematically computed value assoclated with
a particular reference region, or each voxel z-scored to the subject image mean value. In some
sspects, an image mean may opticnally be removed from each image, or similarly an image
group mean may be optionally removed from each image. Other noise filtering approaches may
be applied 1o the images.

{0038} Processed images may then be analyzed to derive patterns that explain the
varignce across the subjects. 1o some implementations, images may underge an image
decomposition or “feature reduction” through a process such as Frincipal Component Analysis
("PCA"). This approach finds a set of patterns ("PCs"} that when combined account for all
variance across subjects. The degree to which a subject expresses each pattern is associsted with
a numeric score, or PC score. This helps to extract patterns that describe an actual signal of
interest and to differentiate from those that capture noise related variability {such as inter-subject
differences that do not pertain to disease, or technical signal variability due to different
scanners) Patterns that best describe the dats of interest can then be selected,

{0659} Generated PCs may be mathematically combined inte Canonical Variates
{("CVs"™), which are also patterns that account for the variance across subjects, An optimal
number of PCs that represent the signal of interest and help to eliminate unwanted/nolsy signal
may be selected as the “ingredionts” for the UV analysis ("CVA"), Mot that CVA is one
approach, but other approaches to identify patterns of data include Support Vector Machines
("SVM™), Relevance Vector Machines ("RVM"), nonlivear approaches (.8, Cuadratic), and
Partial Least Squares ("PLS™). Feature reduction using PCA may or may not be applied.

{G8580] A mathematicsl process to determine a numeric seore for each subject in the data
set associated with cach pattern may be applied. This may be accomplished in the case of whole-
image comparison by multiplying the intensities (and dircction, positive or negative) against
gach CV pattern, and sununing the product of the intensity of the subject scan and the infensity

of the CV patiern in each voxel to create a total score. Alternatively, other mathematical
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approaches can be used 1o compare a subject’s scan to the ('Y pattern, or if diserete variables are
used, to mmpé.re the subject’s variables to the CV pattern of variables.

18061} T some aspects, a mathermatical provess can be optionally applied to invrease the
robusiness of the classifier, in which the training set of N different groups of subjecis is
repeatedly divided into training halves and test halves. Other ways of splitting the data van also
be used. Specifically, one portion of the data may be used to generate the training patterns, and
the ather portion ray be tested as an independent test set against the training patterns. The
correlation between the portions may be used to generate a metric of reproducibility, The
classification accuracy of selecting the proper group for each subject roay be used to generate a
prediction metric, Also, the reproducibility and/or prediction metrics may be used to optimize
the number of principal components used and other parameters, and to finalize the set of
patterns,

H062] Tn this manner, a number of signature Images may be generated. As deseribed,
image data from independent subjects may be compared against generated signature fmages in
order to determine their respective brain conditions, clinical prognosts, and so forth,  In
particular, such signature images may be representative of differences between normal patients
and patients suffering from one or more other disease states, in varicus combinations, For
example, when comparing DS AD, and normal patients using an analysis of FDG PET images,
generated signsture images may be representative of a difference between AD and normal
patients, In addition, signature images may also be representative of a difference between DS and
both NL and AD patients, As may be appreciated, such approach would not be possible using
conventional comparison techniques. In some aspects, the degree to which each subject
expresses cach distinet patiern may be quantified, for instance, using CV scores.

180631 As another example, signature images representing differences between one or
more other discase states may also be generated by analyzing MRI fmages. For example, one
signature may represent a difference between a first disease state or cognitive condition, such as
73S, and two other disease states, but may also distinguish, in full or in part, a second and third
disease state, such as NL and AD. Another signature may then distinguish the second and third
condition (NL and AD), such that it is the combination of scores for these patterns that best
distinguishes NL and AD. These scores may be utilized to track the disorders separaiely. Yet

another permuiation may isclude using data from NL, AD, and DS patients with mized AD
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progression, using data from DS patients who do not have amyloid, NL, and AD, or else DS
patients who do not have amyloid, DS patients who do have amyloid, DS patienis who have
amvloid and dementia, and AD to obtain at these various patterns. This approach enables
extraction imporiant information without need for knowing the amyloid status.

jBi64] The above approach may be applied to 2 number of imaging modalities including
measurement of glucose metabolism with FDG PET, measurement of amyloid burden and/or
hicod flow (in early frames) with amyloid PET, measurement of tau burden with tav PET, other
PET tracers, measurement of brain structure {and atrophy} with structural MRI, measurement of
bload flow with Arterial Spin Labeling ("ASL") MRY, measurement of neuronal activation using
BOLD ("Blood Oxygenation Level Dependent™) MRIL or Functional MRI (fMRI} — with or
without an activation task used, Single Photon Emission Tomography ("SPECT"), or other
imaging modalities. As described, the present approach may also implement a number of other
data types including cognitive and functional test scores, genotype, blood-based biomarkers, and
others.

[B8865] Non-limiting examples of disease states include Alzheimer's Disease ("AD") and
variants, such as Posterior Cortical Atrophy ("PCA"} Logopenic Progressive Aphasia ("LPA'),
Early Onset AD, Autosomal Dominant AD, Down's Syndrome ("DS™), Traumatic Brian Injury
{("TBIM, Chronic Traumatic Encephalopathy ("CTE™), Post-Traumatic Stress Disorder ("PTSD',
depression, hypothyroidism, Psychosis, Lewy Body Disease, vascular disease, Parkingon’s
disease {"PD"), Parkinson’s disease with dementia ("PDID™), Frountotemporal Bementia ("FTD"},
including Frontal variant, Semantic dementia ("SD™), Nonfluent Progressive Aphasia {("INFPA™),
Corticobasal  Syndrome  ("CBS"), Prion  Disease, Creutzfekit-Jakob Disease ("vCID"),
Huntingtons Disease ("HD"), motor neuron disease, Amyotrophic Lateral Sclerosis (FALS"),
Mormal Pressure Hyvdrocephalus ("NPH™), Multiple Sclerosis ("MS"), Alcoholism, Wernicke—
Korsakoff svndrome, narcotic syndromes, and other diseases, syndromes or deficiencies,
including vitamin related, sleep deprivation deficiencies, as well a5 various combinations thereof.
19066} As may be appreciated from descriptions here, the present approach may be
advantageously applied to identify discase state co-morbidities and to {a) discover “pure”
patterns using “messy” or at least partially co-morbid data sets whose subjects may have a

known disease and g disease or disorder whose characteristics have not vet been defined, (b)
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enable tracking of those dissociated patierns, and (¢} identify the degree to which subject
expresses each syndrome or disease separately.

{80671 In some implersentations, it may be advantageous fo resolve disease contributions
in pairs or triplets. That is, if a subject appears to have strongest indications of AD and LBD, for
example, based upon a multi-class comparison, then further comparison using a NL, AD, LBD
classifier, for example, may be performed to determine where they score on each of the disease
specific signatures for those prirsary drivers, Another approsch is to obtain subjects with known
relative coniributions of pathology, for instance as determined from sutopsy, and generate a
spectrum of classes with varying contributions io find the best maich.

{3068] The sbove-described systems and methods may be further understood by way of
examples.  These examples are offered for illustrative purposes onldy, and are not intendad 1o
limit the scope of the present invention in any way. Indeed, various modifications of the
invention in addition to thoss shown and described herein will become apparent to those skilled
int the art from the foregoing deseription and the following examples and fall within the scope of

the appended claims,

EXAMPLE]

{3691 Down Syndrome ("T38"} is associated with an increased rate of Alzheimer’s-like
dementia, prevalent in up to 55% in individuals in their forties and 77% over age 60. Neuritic
plaques and newrofibrillary tangles consistent with Alzheimer’s disease ("AD") have been
identified in nearly all DS adults examined over age 40. Beoguse of this, D3 adults may provide
a naturally enriched population in which to evaluate the potential of pharmacological candidates
to prevent AT progression. Ideally, trials would initiate treatment at a common, well-defined
point prior to AD dementia, This would require characterization within each subject of the
degree of AD-related pathology and seuwrodegenerstion distinet from the effects of DS,
Detection of disease-modifying effects would require distingunishing treatment jmpact on AD-
related pathology from that on underlying DS,

184701 The present work was divected to dissociating, within DS subjects, signature
affects atiributable to DS vs, those associated with AD, and to quantifying the degree of AD
progression. To achieve this, baseline 18-F ﬁuomﬂeuxygluwse (FDGY PET imaging and

structural MR biomarkers were analyzed, and relationships with amyloid burden and clinical

218
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endpoints were examined. It was hypothesized that non-demented DS subjects with emerging
ATy would exhibit a pattern of neurodegeneration characteristic of subjects with prodromal AD.
It was also postulated that standard methods of image analysis could not fully dissociate effects
atiributable to DS va, AD within subjects, and that application of advanced multivariate methods
capable of identifying different networks, or contributing patterns to overall effect, could enable
jsolation of DS and AD components.

G071} In AD, a characteristic pattern of glucose hypometabolism emerges in medial
temporal cortex and posterior cingulate, expands to temporo-parietal regions, and gradually
affects most cortical tissue while pons, cerebelium, and motor and visual cortices are relatively
preserved. Changes are found in genetically at-risk individuals, begin years before symptom
onset, and correlate with clinical decline. In DS, FDG PET studies have yielded mixed results.
Some studies in young adults (<25 years) have found no differences or only hypermetabolism
compared to normals, Studies in DS adults have found hypometabolism in AD-relevant regions,
more pronounced in demented then non-demented subjects. Findings have not dissociated the
impact of DS from the effects of AD within-subject, nor quantified the degree of AD
progression,

{8072 AD also csuses structural atrophy that initiates in entorhinal cortex, spreads to
hippocampus, and expands to pariets] and most cortical and subcortical structures, and that
correlates with clinical progression. In young persons with DS (ages § to 23} MRI studies have
shown reduced brain vohume, shortened frontal lobes, reductions in cerebellum and brainstem,
hippocampus, amvgdala, and white matter, and preservation of parietal and subcortical regions,
Studigs in DS adults have found lower volumes overall and in cerebellum, cingulate gyrus,
fromtal lobe, superior temporal lobes, and hippocampi, and association between dementia,
regional atrophy typical of AD, and ventricular enlargement. However, the structural effects of
13S have not been dissociated within-subject from those attributable to AD, Consistent with
post-mortem findings, amyloid imaging studies in DS adults have found a high prevalence of
AD-like amyloid associated with age and dementia,

{86731 The present work builds upon these findings by differentiating, at the subject
fevel, the effects atiributable to DS from those associated with emerging AD, and further,
provides a quantitative measure of the degree of AD progression. Herein, it is also demonsirated

that these measures correlate with amyloid status and clinical endpoints at baselineg,
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Table. 1 Subiect demographies.
o DS | NL EMCE | LMCL AD 1 AENL
Number Y 12 12 12 2 i2
- Age {(Mean | 45 (8.5} 63 (2.5} §7 2.1y 57332} 38 (2.5 45 {8.5}
{8.D.% T N T T ——
 Gender (%6F) 83 % 8% 33% 42% 8% 75%
Education {yrs} 13 (5.1} 17320 1520671 1725 16¢2.7) 1a
ApoE ed carrier 5% 7% 92% 87% 67% w/a
%
Amyloid pos S8t 0% 100% 100% 100% 0%

Receptive 12.58 (3.65) | Expressive 12.83 (3.74)
Written 15.73 (5.00) | Personal 14,58 (4.08)
Domestic i 18.09 {3435} | Communily 15.67 (4,40}
fnterpersonal 1550 (3.63) | Play and Leisure Time 12.67 (5.48)
Refationships

- Coping Skills 17.33(3.23)

*D8 amvloid burden as measured during analysis; negarive includes one sulject gt ov just below
threshold depending upon the veference region applied

Subicet Selection

Twelve non-demented adult individuals diagnosed with DS, age 32-61 years, were
enrolied in the study, Exclusion of & diagnosis of dementia was based on absence of evidence of
recent deterioration in cognitive function found not secondary to medical ilness (e.g
hypothyroidism, sleep apnea) or menial iliness (¢.g. dopression), In conjunction with absence of
a significant decline in function over a period of six months or more. The diagnosing neurclogist
was experienced with premorbid deficits in DS and incorporated dementia diagnosis
recommendations from the MNational Task Group on Intellectual Disabilities and Dementia
Practices. Ten subjects were female and six wers ApoE ed cariers. All assessments were
conducted by UCSD in collaboration with the ADCS under [RB-approved prolocols with patient
informed consent. Subject demographics are shown in Table 1, including comparator subjects

described below.

Image Data Acquisition, Processing, and Analvsis
{00741 All subiects received FDG PET, florbetapir {(amyloid} PET, and structural MRI

{sMRI)} scans, acquired and processed as described in supplemental material, Image snalysis
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consisted of three parallel, complementary approaches as described below. All FDG PET and
MRI analyses were performed while blinded to amyloid, ApoE e4, and clinical status.  Each DS
FDG PET scan was scored using a pre-defined AD Progression Classifier. This classifier,
previously developed using machine learning and 166 subjects from the Alzheimer’s Disease
Neuroimaging Initiative characterized by clinical diagnosis, amyloid siatus, and longitudinal
outcome, assigned a numeric canonical variate ("CV™) score reflecting the degree to which the
aubject’s scan expresses a pattern of relative hypo- and hyper-metabolism associated with AD
progression. DS CV scores were then compared to mean scores previously derived from ADNI
subjects at stages from amyloid negative ("Am-"} normal ('NL"} to amyloid positive ("Am+")
AD.

{88751 Separately, voxel-based, multivariate analysis software was applied to identify
patterns fn FDG PET and T1-weighted sMRI characterizing similaritics and differences betweoen
the DS group and pre-defined comparator groups. Four sets of 12 subjects each from the ADNI
database {for balanced N} were identified o priori based on ADNI clinical diagnosts, amyloid
status, and age: (1) Am- NL, 2) Amt AD, (33 Amvt earty MCT ("EMCIEY), and (4) Am-t late MCI
"LMCT. Since the DS FDG and MRI scans were acquired using ADNI protocols, it was
possible to use ADNI subjects whose scans we had previously processed. Subjects were
considered Am- if cerebrospinal fluid ("CSF"y Abetad2 was >209 or thelr amyloid scan was
negative (11C-PiB threshold 1.47, florbetapir standardized uptake value ratios ("SUVY™) < 1,11},
and Am+ if their CSF Abetad?2 was <192 or their florbetapir SUVr was 2111, Given the
relatively voung age of the DS subjects, the youngest ADNI subjects meeting diagnostic and
amyloid criteria were selected.

{B076] For analysis, the NPAIRS sofiware package was applied, which uses principal
component analysis, canonical variates analysis, and the NPAIRS iterative resarnpling method to
produce an optimized, robust consensus classifier, or set of spatial paiterns, that, when
mathematically combined, optimally discriminate the classes. Three models (sets of classes)
were explored using FDG PET, and the first was also explored using MRE (1) DS, NL, AD; (33
DS, NL, AD, EMCI LMCE and (3) DS, NL. For each model of N classes, N-1 patterns and CV
scores were produced to quantify expression of each paitern.

8771 Because ADNI subjects were older than maost DS subjects, twelve closely age-

matched, Am-, cognitively Normal subjects ("AE-NL") with FBG PET scans were selected for
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sdditional comparison in 3 model of DS, NL, AD, and NL-AE. The purpose was {o determine
whether differences between DS and NL were consistent with that between DS and AE-NL,
Asquisition parameters for these subjocts were consistent with ADNL, and their processing
parameters were sufficiently similar to enable confirmatory comparison. Due to other processing
differences, they were not used as primary comparators.

{6078} A priovi AD-relevant reglons of interest ("ROI"} were measured on the FDO
scans, and SUVRs were calculated. Regions included inferior parietal cortex ("IPL"), posterior
cingulate-precuneus ("PCCY), hippocampus ("HIP"), medial temporal gyrus ("MTL"; including
hippocampus), lateral temporal cortex ("LTL™), middle frontal gyrus ("MFG"), prefrontal cortex
("PFC™), pons as reference region, and gray corebellum. SUVRS were compared to those for the
same regions previcusly measured on the ADNI comparator subjects.

879} Once unblinded o amyvloid data, cach DS subject’s amyloid corlical average
SUVR was messured by averaging anterior cingulate, posterior cingulate, precuneus, lateral

temporal, frontal, and inferior parietal regions, referenced to whole cerebellum.

Statistical Analyses

{086} Fach NPAIRS analysis, through iterative resampling, generated measures of
reproducibility and predictive power indicating whether results were generalizable. Descriptive
statistics were generated for CV score comparisons, FDG PET ROI values were compared using
{-test statistics, with and without age correction, between Am- DS, Am+ DS, NL, AD, and AE-
NL {divided intc younger {("AEy") and older ("AEo"} halves),  Correlation coefficients
{Pearsons R} were measured for FDG AD Progression scores, FRXG-CV scores, and sMRI-CV
scores vs. age, amyloid SUVR, and baseline clinical measures; amyloid SUVRs vs. baseline
clinical measures; and sMRI-CV2 scores vs, FDG AD Progression seores and FDG CV1A

SCOLES.

Imnaee Data Acguisition

{6081} FD3G PET images were acquired for all DS subjects on a 2041 Siemens BCAT

Exact HR+ scanner (CT1, Knoxville, TN} having a 15.5 om field of view and 4 mm in-plane
spat. The ADNI-2 FDG protocol (ADNI-2 PET Technical Procedures Mamual, v1.0, 2011} was

followed for data acquisition and reconstruction. For FDG PET, subjects’ blood glucose was
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checked prior to scanning to ensure < 180 mg/dL. After the Injection of § mCi of 18F-FDG,
subjects were kept in a guiet, dimly it room with eyes and ears wnoccluded for 30 min, sfter
which they were placed in the PET scanner. Data was acquired in six 5 minute frames, 3D
mode, in 63 slices, followed by a 7 minute transmission scan. A soft headrest was used during
scanning to sllow accurate positioning using a low-power neon laser, Reconsiruction was
performed for all PET scans using OSEM [128x12R8 matrix, 4116s, zoom factor of 2, nox ory
offsets, brain mode On, Filter all pass, and smoothing Kernel 5.0mm FWHM, no Axial filtering,
Scatter Correction On, A 7 min transmission scan was used for stienuation correction,

{B081] For florbetapir data acquisition, subjects received IV injections of 10 mCi of
Flotbetapir F 18 and, after 40 minuies of uptske, 10 minutes of emission data were coliected by
the Siemens EXACT HR+ 961 PET tomograph (CT1, Knexville, TN}, which yielded 63
transverse sections spaced 2.43 3.5 mm apart with g 18.5-em field of view (FOV} in 3D mode,
with 4-mm in-plane spatial resolution (FWHM), Each subject was placed in a headholder during
seanning to allow accurate positioning using 8 low-power neon laser. Images were acquired at an
angle parallel to the cantho-meatal plane and reconstructed using s Hann {ilter (cut-off frequency
= (1.5 gycles/pixel) Into 128x128 pixel images.

{8083} The MRI protocol included series to assess for structural pathology (T2-weighted
fluid attenuated inversion recovery, T2%-weighted gradient recalled echo, and diffusion weighted
imaging) along with a series modeled on the non-accelerated Th-weighted sequence from ADNI
for volumetric processing (3D Inversion recovery prepared spoiled gradient recalled imaging;
inversion time 500, flip angle 10, 1.25mmX1.25mm in-plane resolution, 156 sagittal slices with
P.2mm spacing). Scanning was performed on g 1.5 Tesla GE Signa HDxt scanner, and
radiclogist overread was performed on all scans to identify any clinically significant incidental
findings. All scans were uploaded to the ADCS study data portal, The ADCS Imaging Core

reviewed review each uploaded scan and confirmed whether any re-processing was needed.

Image Data Processing
{B084] The FDG PET and MR images and age and gender information for each of the 12

subjects were provided to ADM Diagnostics LLC (ADMdx) for analysis blinded to amyloid
status, Apol e4 genotype, clinical, or other measures. In order to apply the AD Progression

Classifier and also to enable comparison to ADNI images, the FDG PET images were co-
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registered to 8 PET-derived template that had been co-registered to a fully pre-processed
exemplar from ADNI to ensure correet orieniation, slice thickness, and bounding box
dimensions. A whole brain binary mask was derived from this modified template, which was
applied to intensity normalize {scale) each image to a mean value of 1.0, Scans were smoothed
to the ADNI standard resolution. The DS subject and ADNI comparator images were then
spatially normalized to a customized FDG-PET template in MNI space using AIR.

{085} The subjects’ amylotd PET scans, provided to ADMdx after the blinded analysis
of FDG PET data, were co-registered with their respective MRI scans, which were segmented
into gray, white, and CSF tissue using SPM8 {The Welleome Trust Centre for Neuroimaging,
UK), A set of pre-defined template volumes of interest ("VOIs"} including frontal, anterior
cinguiate, posterior cingulate, precuneus, lateral temporal, parietal cortex, and whole cerebelium
was transformed using to the native sean of each subject through application of the spatial
transformation. Cortical regions were masked using the thresholded gray segment of each
subject’s co-registered MRI A cortical average SUVR was calculated as the sverage of the six
target regions divided by the whole cerebellum value., Amyold status was slso examined by
visua! inspection. The FDG PET and ADNI comparable seans were processed in the same
manner to enable measurement of VOIs in native space, For FDG, measured ROIs included
posterior cingulate, precuneus, anterior cingulate, prefrontal cortex, hippocampus, medial
temporal cortex (including hippocampus), cerebeltum, and pons. Image processing was
performed using PETMAX™ software (ADM Diagnostics LLC, Chicago, Blinois), a software
platform optimized for clinical trials that enables extensive visual and aviomated quality conirol
and automaied processing with audit trail.

886} In addition, the MRIs were spatially normalized to a common template using
VBMS. Modulated gray segments were produced with application of Jacobian modulation to
restore absolute gray matter volumes and normalized to total intracranial volume, and smoothed

by a three dimensional Gaussian filter of 8mm kernel size.

NPAIRS Multivariate Analvsis

{087] Machine learning approaches that employ multivariate approaches can far
outperform univariate methods because they take juto account relationships between voxels,

which are highly correlated in diseases such as AD. In addition, they enable identification of the
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relative contributions of different, uncorrelated networks fo the overall variance across classes.
However, multivariate machine learning classifiers can be prone o overfitting, reducing
generalizability, Herein, stable, generatizable results were accomplished by applying canonical
variates analysis (CVA; a linear discriminant method) after dimensionality reduction using
principal component analysis ("PCA™.  The model was developed within the NPAIRS
(Nouparametric, Prediction, Activation, Influence, Reproducibility, reSamnpling) analysis
framework, which uses split-half resampling for simultaneous determination and optimization of
prediction and reproducibility. Data sets were rcpéatediy subdivided into training and validation
gets, by which NPAIRS produced a robust consensus classifier with prediction and
reproducibility metrics of the discriminant pattern for optimization. The resulting classifier
included a set of mathematically related spatial patterns that together describe the variance across
classes. A numeric CV score quantified the degree to which each subject exprevses each given

patiern relative to other subjects,

Amyloid status

{B08E} Three DS subjects were Am- as measured using forbetapir PET, one was at
threshold, and eight were Amt., Of Arn- or threshold DS subjects, three were ApoE 3/3, and one
was 2/4. Five (62%) of the Am+ subjects were heterozygous (3/4) ApoE e carriers and three

WEre non-carriers,

FDG AD Progression Classifier Scores

{B08%] DS AD Progression scores (Fig. 6A) ranged from values typical of Am- NL
subjects to those of subjects with ADY as established through previous independent testing of
ADNI subiects of known clinical diagnosis and amyloid status. AD Progression scores increased
with increasing age (R* = 0.39, p<0.05) and with amyloid burden. All Am- or threshold subjects

had scores reflecting less AD-like pattern expression than that typical of late MCI or AD,

FiXG NPAIRS comparisons
180561 Resulis of the NPAIRS 3-class comparison of DS, NL, and AD are shown in Fig.

5. Two distinet glucose metabolism paiterns with partial overlap were identified, each having
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reproducibility and prediction metrics indicating generalizability to a brosder population {(as did
all patterns discussed). The fivst pattern (Fig. 5A, CVL1) differentiated DS from NL and AD
{p<0.00001), whereas the second (Fig. 5B, CV1.2) separated NL from AD (p<0.00001}. Pattern
features are relative to brain mean; therefore hypermetabolism or volume increases can also be
interpreted as relative preservation.

{6091} In the DS-associated pattern CV1.1, hypometabolism was observed in posterior
cingulate, anterior cingulate, precuneus {particularly anterior), paraceniral lobule, postcentral
gyrus/supplementary motor cortex, superior temporal cortex, hippocampus, siriatum, insula, and
inferior frontal cortex. Relative hypermetabolism was found in frontal cortex, superior temporal
gyrus, and occipital cortex. There was no separation between Am-~ and Am+ DS subjects (CV1]
plot, Fig. 5A). This pattern did not correlate with age.

10692] The second pattern (CV1.2, Fig. 58) distinguished NL from AD (p<0.00001),
characterized by hypometabolism in posterior cingulate, posterior precunsus, inferior parietal
cortex, lateral temporal cortex, and prefrontal cortex. Relative hypermetabolism was found in
cercbellum, pons, paracentral lobule, putamen, thalamus, and occipital subregions, DS scores
distributed across the range from NL o AD. All Am- or threshold subjects had CV1.2 scores in
the range of NL. CV1.2 correlated with age in DS subjects (=028, p<0.07).

{80931 In Figures 6B and 6D the CV1.2 scores correlated with FDG AD Progression
scores {R? = (.89, p<0.00001), and the pattern was highly similar to the apriori AD Progression
pattern {Fig. 6C, 6D), dominated by hypometabolism in posterior cingulate, precuneus, and
inferior parietal cortices with preservation in cerebellum, pons, paraceniral lobule, thalamus, and
striatum.

18394} Results of the S-class NPAIRS analvsis of DS, NL, EMCL LMCL and AD
subjects provided a finer resolution comparison of DS subjects to the AD progression spectrum,
The 5-class CV1 pattern was similar to V1.1, differentiating D8 from all other groups
{(p<0.00001), and with no differentiation between non-DS groups,  An AD-like CV2 patlern
showed cascade-like progression from NL to EMCT to LMCI to AD as found in the apriorl AD
Progression classifier, with DS subjects scoring across the spectrum from NL to AD as in the 3-
class comparison.

{8095} Providing confirmation that the DS-associated patiern CV 1.1 was not attributable
to DS vs. ADNI subject age differences, the NPAIRS analysis of B8, NL, AD, and AE-NL

-6 -
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subjects produced a V1 pattern differentiating DS similarly fromn NL and AE-NL, and highly
similar to CV1.1.

{609a] Demonstrating the limitations of a 2-class analysis, as well as its relationship to
the multi-pattern models, the comparison of DS and NL subjects-only produced g single pattern
differentiating D8 and NL. The pattern incorporaied elements from both CVI1 and OVI2
patterns, but similar to published studies, the contributing effects of DS and AD could not be

dissociated,

Table. 2 Region of interest value comparisons, referenced to pons,

pevalues ®L PCC MIP 0 MTL LR PEC MIEG
a INL < AM-NL 0.1 1.5, 8.15 < .0001 n.s. n.S.. n.s.
b AD < NL < 30001 < Q0001 0.01 0008 < 0.0001 $.003 (L0003
¢ IAD < Am- DS < 0.0001 002 n.&. mn.s. .001 0.02 0.001
g {AD < Ame DS 1.3, £1.3, .10 .5, 1.5, n.s. n.s.
e {Am- DS < NL .5, 0.06 {001 0.02 n.s. ns. ns.
fiam- D% < AMy-NL .03 8.02 ¢.01 $.0008 .8, .12 0.06
g {Am+ DS < NL 3.002 0.0004 < 3.0001 0.001 0001 0.002 0.008
h A DS < AMo-NL 0.004 0.002 < 3.0001 < §3,0001 0.04 0.02 0.03
P AmeDS<Am-BS L 002 0.05 0.04 0.05 0.07 0.02 0.03

FDG Region of Interest Analysis Resulis

[6097] NL and AE-NL groups differed only o MTL, with trend differences in HIP and IPL
{Table 2a). Glucose metsbolism relative to pons was lower in AD vs. NL in all regions
evaluated. There were no significant differences between the Am+ DS subjects vs. Al 1o any
region except HIP, where Am+ DS had more-pronounced hypometabolism than AD (trend).
Although the group alze of Am- or threshold DS subjects (N=4} was below that needed for g
conclusive i-test, an exploratory non-parametric i-test suggested that AD subjects had lower
metabolism than Ame- DS in IPL, PCC, LTL, PFC, and MFEG, but similar in HIP and MTL, Am-
DS had iower metabolism in HIP, MTL, and PCC relative to NL, and in IPL relative to AEy-NL,
Am+ I8 were hypometabolic in all regions compared to NL and AEo-NL groups and Am- IS,
Am- and Am+ DS had lower cerebellar metabolism than NL; Amt DS were lower than NL, Am-

DS, and AD (p<0.0001}. Age-corrected and uncorrected results were similar.

Corvelation between FING and Anyloid PET mavkers and Cognitive/Functionsd Measures
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[30598] in Fig. 7 correlations between CV1.2 score in Downs subjects vs cognitive and
functional measures at baseline, and amyloid SUVR in Downs subjects versus cognitive and
functional measures at baseline are shown., CV1.2 score correlated with several baseline clinical
measures in D8 subjects, including Total Memory {(p<{0.01)}, Language {p<(.02}, Atention
{p<.001), Total Score 2 {composite of COrientation, Language, Remote Memory, Recent Memory,
Attention, Abstraction, Perception, p<0.004), Daily Living Skills (p<.01}, and Observer Memory
Guestionnaire-Parent Form (OMG-PF; p<0D) (Fig. 7A).  In contrast, while Am- siatus
corresponded (o better cognitive and functional scores than Amt status, there was no correlation

between amyloid SUVR and clinical endpoints within the Am+ subset (Fig. 7B).

Structural MR MR Results

{B099] In Fig. 8 results from the 3-class NPAIRS analysis of the modulated gray MRI
segments of DY, NL, and AD are shown, which produced two CVs. The first OV (sMRI-CV1)
differentiated DS from NL (p<0.00001) and AD (p<0.00001), and less so discriminated NL and
AD (Fig. 8A). This patiern showed DS volume reductions in cersbellum, occipital cortex,
hippocampus, mid-cingulate, anterior cingulate, and temporal coriex. Preserved or increased
volume was found in DS in cavdate, putamen, thalamus, inferior lateral temporal cortex, inferior
parietal cortex, and prefrontal cortex compared to NL and AD. AD scores were lower than NL,
o interpret in combination with sMRI-CVZ, The second CV (sMRI-CV2) differentiated AD and
NL {(p<0.0003), whereas DS scores distributed across the range from NL to AD. This patiern
showed volume rveductions in posterior cingulste, precunsus, parigtal corlex, hippocampus,
temporal cortex, frontal coriex, and caudate, with preserved or increased volume in putamen,
thalamus, and midbrain, Volume reductions were consistent with AD-like strophy, As in FDG
CV 11, there was no association between sMRI-CVI score and amyloid status or age in DS
subjects. As in FDG CV1.2, four of six subjects with the lowest sSMRI-CVZ scores were Am- or
threshold,

{B0160] Noteworthy, some scans had motion artifacts that jatroduced noise into the
analyses. One scan was excluded from analyses in Fig. 8 and Fig. 9 due to blurring effects,
Three Am+ DS subjects showed notable ventricular enlargement.

{08161} The DS sMRI OV scores showed weaker relationships with clinical measures than

FDG CV scores.  The sMRI-CV1 scores correlated (p<0.05) with Delayed Memory, Daily
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Living 8kills, and Socialization; sMRI-CVZ correlated (p<0.05} with Delayed Memory, Total
Score 1, Daily Living Skills, Socialization, and OMQ-PF. The sMRI-CV2 score correlated with
FDG CV1.2 (R = 0.89, p<0.00002) and AD Progression Score (R* = (.76, p<0.0007) (Fig. 9).

Conjunciion of Functional and Structural Results

{00142} Structural pattern sMRI-CV2 correlated with FDG CV1.2 and AD Progression
scores {RY = 0.88, 0.76; Fig. 9). Comumon regions between FDG CVL.1 and sMRI-CVI included
relative hypometgbolism and volume reduction in mid-cingulate, anterior cingulate, paracentral
lobule, and hippocampus; relative hypermetsbolism and volume preservation in prefrontal
cortex; and relative hypermetabolism but volume reduction in occipital cortex. Common regions
between FDG CV1.2 and sMRI-CV?2 included relative hypometabolism and reduced volume in
posterior cingulate, precuneus, inferior parietal cortex, and hippocampus; and relative
hypermetabolism and volume preservation in putamen and thalgmus,

{31183] There were some differences between the FDNG and sMRI findings, Cerebellar volume
reduction was seen in DS compared to NL and AD, but metabolic differonces were subtle,
YVolume preservation in thalamus, strigtum, and fateral inferior temporal cortex were found in DS
compared to NL, but metabolic differences were not observed within €V, Medial frontal

hypermetabolism was found in DS relative to NL and AD, but without volumetric preservation.

Discussion

(60104} in this study, within-subject dissociation of functional and structural effects of DS
from those due (o progressing AD were demonstrated . Results showed that the degree of
Alzheimer’s-type neurodegenerstion, reflected in FBG and MRI biomarkers, can be quantified in
not-demented DS subjects. The findings show that AD pattern expression varies greatly within
Am+ DS subjects, as do clinical symptoms, consistent with variability found among Amt
persons without DS, and underscoring the lmportance of characterization. It was found that both
functional and structural CV scores correlated with cognitive and functional endpoints,

(00165} The DS-specific FDG CVLI pattern hypometabolism partially overlapped but
was distinct from the AD-like CV1.2 pattern. Shared posterior cingulate hypometabolism was
consistent with that found in non-demented DS and to a grester extent in demented DS

previously, Hypometabolism in paracentral jobule and striatum and the prominent anterior
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cingulate and inferior frontal regions (less dominant in the AD pattern), differed from core AD
features. The mid- and anterior cingulate regions of CV1.1 have been associated with motor
activation, error detection, and emotion, It was unclesr whether the hypometabolism in posterior
cingulate and hippocampus in CV1.1 reflected sarly, “baseling” predisposition to AD as found in
young, presymptomatic ApoE e4 carrjers. Regardless, these alterations were present even in
Am- 2§ subjects in this study, distinot from amyloid burden. In the S-class analysis, DS subjects
differed equally in the Down-specific CV from all classes along the AD progression path. This
differs from findings that Am+ NL {at earlest stages of disease) position between Am- NL and
Am+ BEMCT in AD-like pattern expression, and supports a D28, rather than AD, effect.

{8106} The relative frontal hypermetabolism within CV 1.1 was consistent with reports of
regional hypermetabolisrn in young DS subjects, Tn such studies, compensatory activity in
response to deficient neural networks was hypothesized, and/or a lower effectiveness of
giveolysis related to downregulation of phosphoglucose isomerase, elevating ghicose-6-
phosphate.

{08107} The Allike FDG pattern {CV1.2} was consistent with present FDG AD
Progression pattern and AD literature, supporting AD-relevance and robustness despite small
sample size. As in ADNI subjects, the AD-like pattern in DS subjects correlated with clinical
endpoints. Medial temporal hypometabolism was present in CV 1.2 at lower thresholds, HIP and
POC RO hypometabolism were identified in Am- and Am+ DS subjects compared to NL {more
prominent in Am+ DSy This suggests an additive effect in these regions as DS beeomes
confounded by AD. The presence of AD-like sffects in non-demented DS was consistent with
previous findings of an AD-Hke patters in older non-demented DS,

{0108} DS-specific pattern sMRI-CV was consistent with reports of reduced cerebellar,
cingulate, and hippocampal volume but preserved or inereased subcortical volume, while sMRI-
CV2 was consistent with AD-related atrophy,

{80109} FDG and sMRI findings showed similarities and differences in the patterns
differentigting DS from Normal patients. Of note is the cerebellum, which is involved in motor
and postural control, affected in DS, Despite reduced cerebellar volurme in DS compared to NL,
cerebeliar hypometabolism was subile, significant only in Am+ DS, Relevant DS mouse model
work found that despite reduced volume and cell density, there were no synaptic plasticity

deficits to which motor deficits could be attributed. The present findings show that information

Z 30
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provided by structural and functional imaging may be complementary.  Limitations  included
small sample size and motion artifact in some scans; however, results demonstrated a strength of
the present approach in handling subject-related noise. Although age effect was not observed in
the DS-specific patterns, studying younger adulis may help to resolve the conirast between
hypometabolism ohserved in subjects studied herein, and the hypermetabolism-only findings of
some studies in young subjects,

{00114 As appreciated from above, the ability to dissociate functional and structural
effects arising from AD vs. DS, and to quantify degres of AD progression, has potentiaily
profound value for clinical irials of AD-targeted theraples in DS adults, including enabling
identification of subjects Hkely to progress within a trial, and detection of disease-specific

treatment response,

EXAMPLE I

LN Using methods as described hersin, a five class nultivariate NPAIRS analysis
was performed to evsluate possible difference in volumetric effects for patients with Down
Syndrome ("3S"} versus those of Alzheimer's Discase ("AD"} using longitudinal MRI and 2-
vear Tau tmage data. The groups included 12 Nowrnal Ame- subjects from ADNE 12 AD Amt
subjects from ADNI (12 subjects), 9 DS subjocts at baseline {Year 0}, as well as Year 1 and Year
2 from baseline, DP04 did not have longitudinal follow up and was excluded. DP0O3 had
excessive motion and blur, and was excluded. DP12 has ring artifact suggesting motion and was
excluded.

{0112} The analysis produced two Canonical Varlate {CV) patterns, as in previous
analysis of baseline scans, The first (CV1) was assoclated with DS independent of amyloid
status, and this pattern was longitudinally stable, as iHustrated in FIG. 10. The higher a subject’s
score, the more they expressed the pattern of reduced volume relative to low scoring subjects, In
FIG. 10, unfilled circles represent amyloid negative or threshold, and unfilled triangles represent
amyloid positive but tau negative. For the DS subjects, filled circles represent Am+ and Taut,
AD filled circles represent Amvt and likely Taut.

801131 The second (CV2) was associated with the differentiation of NL Am- vs. AD
Amt and progressed in some DS subjects, notably those who were A+ Taut, as illustrated in

FIG. 11, Specifically, CV1 differentiated NL subjects AD, and DS subjects showed scores
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across the spectrum from NL to AD levels. Am+ DS subjects had greater scores than Am- DS
subjects and one Am+ Tau- DS subject. While the majority of Am- subjects did not progress,
Am+ Tawt subjects showed progression with regard to this pattern st varying mates. In FIG. 1,
unfilled circles represent amyloid negative or threshold, unfilled triangle represent amyloid
positive but tau negative. For DS subjects, filled circles represent Am+ and Taut, AD filled
circles represent Am+ and likely Taut,

{00114} Patterns differentiating adult DS subjects from NL or AD subiects are shown to
be disassociated from patterns of AD progression using a wultivariate machine learning. In
addition, the DS specific patiern (CV 1) was stable longitudinally (2 vear period).  The AD-like
pattern {CV2) was progressive to different extents in Am+ DS subjects, and in general did not
show progression in Am- DS subjects or the Am+ Tau- DS subject, '
{B0115] As appreciated from these results, patierns of structural change attributable o
progressive ALY in comparison to DS may enable svaluation of longitudinal disease progression
and disease-specific drug effect. In particular, it was shown that an MRI DS patiern can remain
stable over time whereas an MRI AD pattern showed progression {an increase in numsrie score
corresponding to Alzheimer’s disease pattern expression) specifically in those subjects who had

accurnulated amyloid plague and tau

{00116} In summary, ihe present disclosure describes systems and methods for identifying
the brain condition of a patient subject to a plurality of disease siates. Although applied in the
context o brain disorders, it is envisioned that the present approach can be extended o a wide
range of applications. In addition, the present approach can be applied to any set of conditions,
where each condition is associated with a “signature pattern” of image and/or other data, which
may be a set of cognitive, lab, demographic, genotype or other performance data. By identifving
a population that may have one or more disorders, and comparing to known disorders, a new
patiern or signature of data that characterizes the “unknown” disorder may be identified, as well
as the ability to identify and track the contribution of each disorder.

{66117} For example, marketing and product/service companies aim to characterize
specific product or service targets. These may range from food providers to hair/cosmetic
produsts to recreationsl items 1o hotel snd vacation serviees, They may have a set of data {which

may include demographics, buying history, personal preferences, income, or other daia)
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characterizing a population that is atiracted to A and B, and data characterizing a population that
is attracted specifically to B. However, they may not know what characterizes the population
specifically ativacted to &, Alternatively, in the context of insurance and risk assessment, they
may have a set of data characterizing people who develop one problem (“problem B”), a set of
data characterizing people who do not develop any problems, and a set of data characterizing
people who develop a combination of two problems (“problems A and B”). They wish to
identify who is likely to develop problem A, specifically. In all of these broader cases, the
approach described herein could be readily applied.

{B3118] The present invention has been described in terms of one or more preferred
embodiments, and it should be appreciated that many equivalents, alternatives, variations, and
modifications, aside from those expressly stated, are possible and within the scope of the

invention,
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CLAIMS

i A method for identifying a brain condition of g patient subject 1o g plurality of

disease states, the method comprising:

a} receiving imaging data associated with a patient's brain acquired using an imagiag
systemy

b} constructing a classifier having signatures corresponding to a plurality of disease
states;

¢} applving the classifier to the imaging data to determine a degree io which the

patient expresses at least one of the plurality of disease states;

dy determining a brain condition of the patient using the determined degree; and
e} generating a report indicative of the brain condition of the patient,
2. The method of claim {, the method further comprising constructing the classifier

using a machineg learning algorithm,
3. The method of claim |, wherein applying the classifier includes comparing the
imaging data to at least one signature {o delermine the degree o which the patient expresses at

least one of the plurality of disease states.

4. The method of claim I, the method further comprising separating the imaging
data according to the degree to which the patient expresses the at least one of the plurality of

disegse states.

3. The method of claim 1, the method further comprising determining a future

discase state of the patient using the brain condition determined at step d).

6. The method of claim 1, the method further comprising determining an

effectiveness of a treatment using the brain condition determined at step ).
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7. A method for identifying a brain condition of a patient subject to a plurality of

disease states, the method comprising:

&y acquiring imaging data associated with a patient's brain;
b} applying a classifier to the imaging data to determine a degree to which the

patient expresses at least one of the plurality of disease states;
c) separating the imaging data using the determined degree to produce datasets

corresponding o the at least one of the plurality of discase states;

&) determining a brain condition of the patient using respective datasets; and
e} genergting a report indicative of the brain condition of the patient.
8. The method of claim 7, wherein the imaging data includes at least one of a

Positron Emission Tomography ("PET") data, a Computed Tomography ("CT™) data, a Magnetic

Resonance Imaging ("MRI") data, or a Single Photon Emission Computed Tomography

{"SPECT™) data.

. The method of claim 7, the method further comprising constructing, using data
from one or more patient groups, a classifier having signatures corresponding multiple disease

states,

1. The method of claim 9, the method further comprising constructing the classifier
using a machine learning algorithm.

7
{

11, The method of claim 7, the method further comprising determining 2 future

disease state of the patient using the brain condition determined at step d}.

12, The method of claim 7, the method further comprising determining s progression

of the brain condition using reference data.

13, The method of claim 12, wherein the reference data is acquired from the patient at

a time point prior to the imaging data.
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P4, A system for identifying a brain condition of a patient subject to g plurality of
discase states, the system comprising:
an input configured 1o receive irnaging data associated with a patisnt's brain;
a processor configured to:
i} construct a classifier having signatures corresponding to a plurality of disease
states;
ity apply the classifier to the imaging data to determine a degree to which the
patient expresses gt feast one of the plurality of disease states;
i} determine g brain condition of the patient using the determined degree;
v} generating a report indicative of the brain condition of the patient;

an ouiput configured to provide the report 0 3 user.

i3, The systemn of claim i4, wherein the imaging data includes Positron Emission
Tomography ("PET™ dats, a Computed Tomography {"CT"} data, a Magnetic Kesonance

imaging ("MRI"} data, or g Single Photon Emission Computed Tomography ("SPECT") data.

16.  The system of claim 14, wherein the processor is further configured to construet
the classifier using a machine learning algorithm and dats from one or more patient groups, the

classifier baving signatures corresponding muliiple disgase states.

17.  The system of claim 14, wherein the processor is further configured {0 separaie
the imaging data using the determined degree to produce datasets corresponding (o each of the at

least one of the plurality of disease states.

18, The system of claim 14, wherein the processor is further configured to determine

a risk for the patient to develop a disease state using the determined brain condition,

19, The system of claim 14, wherein the processor is further configured o determine

an effectiveness of a treatment using the brain condition,
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20.  The system of clairo 14, wherein the processor is further configured to determine
a progression of the brain condition using reference data acquired at a time polnt prior o the

mnaging data.

21, A method for generating a classifier to ddentify a brain condition of a patient
subject to a plurality of disease states, the method comprising:

a) accessing daia parameters acquired from a plurality of patient groups;

)] assemnbling the data parameters info a phurality of disease state classes and discase
state sub-classes;

9 generating, using plurality of disease state classes and disease state sub-classes, 3
classifier having signatures distinguishing the plurality of disease states;

4} providing the classifier as a reference for identifying a brain condition of g patient

subject to ai least one of the plurality of disease states,

22, The method of claim 22, wherein the data parameters comprise imaging data
inchuding at least one of a Positron Emission Tomography ("PET™) data, ¢ Coroputed
Tomography ("CT"} data, a2 Magnetic Resonance Imaging ("MRI") data, or a Single Photon

Eroission Computed Tomography ("SPECT"} data.

23, The method of claim 21, the method further comprising constructing the classifier

using a machine learning algorithm.
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