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TITLE

15061 Determination of Coronary Artery Discase Risk.

CROSS REFERENCE TO RELATED APPLICATIONS

100824 This application claims the benefit of U.S, Provisional Application No. 61/187,203,
filed June 15, 2009, and U.S. Provisional Application No. 61/245,190, filed Septeraber 23,
2009, the entire disclosures of which arc hereby mcorporated by reference in thewr entirety for
all purposes.

BACKGROUND

Field of the invention

19663] The invention relates to predictive models for determining the extent of coronary
artery disease (CAD) risk based on marker expression measurements, to their raethods of use,

and to computer systems and software for their implementation.

Deseription of the Related Arxt

16684 Mortality and morbidity from CAD and myocardial infarction (MI) are a major
global health burden. Major determinants of current CAD hikelihood are sex, age, and chest-
pain type."? Other risk factors such as diabetes, smoking, dyslipidemia, and family history
have been associated with future cardiovascular event risk.” Tn addition, atherosclerosis has a
systemic inflammatory component inchuding activation and migration of immune cells into the
vessel wall.®” I fact, since such cells are derived from and have interactions with circulating
blood, quantitative measurements of circulating blood cell gene expression reflects the extent
of CAD.®7 These observations likely reflect both changes in cell type distributions, which
have prognostic value for cardiovascular events® and gone expression changes within a specific
cell type or lineage,

[0005] The “gold standard” for detecting CAD 1s invasive coronary angiography; however,
this is costly, and can pose risk o the patient. Prior to angiography, nou-invasive diagnostic
modalitios such as myocardial perfusion imaging (MPI) and CT-angiography may be used,
however these have complications including radiation exposure, contrast agent sensitivity, and

only add moderately to obstructive CAD identification.” "
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Unmet Clinical and Scientific Need

10006} A non-invasive blood test that could rehiably identity paticnts with CAD would
have significant chinical utility. As such, a major advancement in the fight against
atherosclerosis would be the development of non-invasive diagnostic tests that can aid in the
diagnosis and assessment of the extent of CAD 1o patients. Herein the development and
validation of an algorithm using marker expression and clinical factors (e.g., age and gender}

for such a purpose is described.

SUMMARY

(8667} Disclosed herein 18 a computer-implemented method for scoring a first sample
obtained from a subject, including: obtaining a first dataset associated with the first sample,
wherein the first dataset includes quantiiative expression data {or at least one rarker set
selected from the group consisting of the marker sets i term 1, term 2, term 3, term 4, term S,
term 6, and term 7; wherein term 1 inchides marker 1, marker 2, and marker 3, wherein marker
1 includes AF161365, wherein marker 2 includes HNRPF or ACBDS3, and wherein marker 3
includes TFCP2 or DDXIE; wherein term 2 includes marker 4, marker 5, and marker 6,
wherein marker 4 includes AF289562 or CDZ248, wherein marker 5 includes HNRPF or
ACBDS, and wherein marker 6 includes TFCPZ or DDX1S; wherein term 3 includes marker 7,
marker 8, marker 9, and marker 10 wherein marker 7 includes CD79B or CD19, wherein
marker 8 includes SPIB or BLK, wherein marker 9 includes CD3D or LCK, and wherein
marker 10 includes TMCR or CCT2; wherein term 4 inclodes marker 11, marker 12, marker 13,
and marker 14, wherein marker 11 includes S160A12 or MMPS, wherein marker 12 includes
CLEC4E or ALOXSAP, wherein marker 13 includes S100A8 or NAMPT, and wherein marker
14 includes RPL2E or SSRP1; wherein term 5 includes marker 15, marker 16, marker 17,
marker 18, and marker 19, wherein marker 15 includes S100A12 or MMP9, wherein marker 16
includes CLEC4E or ALOXSAP, wherein marker 17 includes SI00AS or NAMPT, wherein
marker 18 includes AQP9 or GLTIDI, and wherein marker 19 includes NCF4 or NCF2;
wherein term 6 includes marker 28, marker 21, marker 22, marker 23, marker 24, marker 285,
and marker 26, wherein marker 20 includes CASPS or H3F3RB, wherein marker 21 includes
IL18RAP or TXN, wherein marker 22 includes TNFAIPS or PLAUR, wherein marker 23
mclodes ILSREB or BCL2A1, wherein marker 24 includes TNFREFI10C or PTAFR, wherein
marker 25 includes KONE3 or LAMP2, and wherein marker 26 includes TLR4 or TYROBP;

and wherein term 7 includes marker 27, marker 28, marker 29, and marker 30, wherein marker
5 3 4 3
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27 meludes SLAME7 or CX3CR1, wherein marker 28 includes KLRC4 or CDEA, wherein
marker 29 mncludes CD3D or LCK, and wherein marker 30 includes TMCSE or CCT2Z; and
determining, by a computer processor, a first score from the first dataset using an interpretation
function, wherein the first score is predictive of CAD in the subject.
16008 in an cmbodiment, the first datasct includes quantitative expression data for at least
two marker sets selected from the group consisting of the marker sets in term 1, term 2, term 3,
term 4, term 5, term 6, and term 7. In an embodiment, the first dataset includes quantitative
expression data for at least three marker sets selected from the group consisting of the marker
sets interm 1, term 2, term 3, term 4, term 5, term 6, and term 7. In an embodiment, the first
dataset includes quantitative expression data for at least four marker sets selected from the
group consisting of the marker sets in term 1, term 2, term 3, term 4, term 5, term 6, and term 7.
In an embodiment, the first dataset includes quantitative expression data for at least five marker
sets selected from the group consisting of the marker sets in term 1, term 2, term 3, term 4,
term 5, torm 6, and term 7. In an embodiment, the first dataset includes quantitative cxpression
data for at least six marker sets selected from the group consisting of the marker sets 1 term 1,
term 2, term 3, term 4, {erm 5, term 6, and term 7. In an embodiment, the first dataset includes
guantitative expression data for the marker sets in term 1, term 2, term 3, term 4, torm S, term
6, and term 7,
18669] In an erabodivaent, the interpretation function is based on a predictive model. Inan
embodiment, the predictive model is selected frova the group consisting of a partial least
squares model, a logistic regression model, a linear regression model, a Hnear discriminant
analysis model, a ridge regression model, and a tree-based recursive partitioning model. Inan
embodiment, the predictive model performance is characterized by an area under the curve
{AUC) ranging from 0.68 to 8.70. In an embodiment, the predictive model performance is
characterized by an AUC ranging from 0.70 t0 0.79. In an embodiment, the predictive model
performance is characterized by an AUC rangimg from 0.80 to 0.89. In an embodiment, the
predictive ruodel performance is characterized by an AUC ranging from 0.90 10 0.99,
[6018] In an embodiment, the first dataset further includes a clinical factor, In an
emabodiment, the clinical factor 1s selected frow the group consisting of! age, geunder, chest pain
type, neutrophil count, ethnicity, disease duration, diastolic blood pressure, systolic blood
pressure, a family history parameter, 8 medical history parameter, a medical symptom
parameter, height, weight, a body-mass index, resting heart rate, and smoker/non-smoker

status.

Lol
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19611 In an erabodivuent, the obtaining the fivst dataset associated with the fivst sample
inchudes obtaiming the first sample and processing the first sample to experimentally determine
the first dataset. In an embodiment, the obtaining the first dataset associated with the first
sample includes receiving the first dataset from a third party that has processed the first sample
to experimentally determine the first dataset.

16612} In an embodiment, the method includes classifying the first sample according to the
first score. In an embodiment, the classifying is predictive of the presence or absence of CAD
in the subject, In an embodiment, the classifying is predictive of the extent of CAD in the
subject. In an crabodiment, the classifying 1s predictive of the risk of CAD in the subject. In
an embodiment, the method includes rating CAD risk based on the first score,

10613} In an embodiment, the first sample mcludes peripheral blood cells, In an
emabodiment, the peripheral blood cells include lenkoeyies. In an embodiment, the fivst saraple
includes RNA extracted from peripheral blood cells.

16614 In an embodument, the quantitative expression data are derived from hybridization
data. In an embodument, the quantitative expression data are derived from polyrerase chain
reaction data. In an embodiment, the quantitative expression data are derived from an antibody
binding assay. In an embodiment, the first dataset is obtained stored on a storage memory.
16G15] in an embodiment, the subject is a human. In an embodiment, the subject has stable
chest pain. In an embodiment, the subject has typical angina or atypical angina or an anginal
equivalent. In an embodiment, the subject has no previous diagnosis of myocardial infarction
(M1}, In an embodiment, the subject has not had a revascularization procedure. I an
embodiment, the subject does not have diabetes. In an embodiment, the subject does not have
an inflamamatory condition or an infections condition. In an evaboditoent, the subject 1s not
currently taking a steroid, an ormunosuppressive agent, or a chemotherapeutic agent.

19616} Also described herein 1s a computer-implemented method for scoring a first sample
obtained from a subject, including: obtaining a first dataset associated with the first sample,
wherein the first dataset includes quantitative expresston data for at least two markers selected
from the group consisting of AF161365, HNRPF, ACBDS, TFCP2, DDX 1R, AF289562,
CD248, CD798, CD19, SPIB, BLK, CD3D, LCK, TMCE, CCTZ, S100A12, MMP9,
CLECAE, ALOXSAP, S100A8, NAMPT, RPL28, S8SRP1, AQPY, GLTIDI, NCF4, NCF2,
CASPS, H3F3B, ILISRAP, TXN, TNFAIPS, PLAUR, ILSRB, BCLZ2AL, TNFRSFI0C,
PTAFR, KONE3, LAMP2, TLR4, TYROBP, SLAMF7, CX3CR1, KLRC4, and CD8A; and
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determining, by a computer processor, a fivst score from the first dataset using an interpretation
function, wherein the first score is predictive of CAD in the subject.

186174 in an embodiment, the first dataset includes a clinical factor. In an embodiment, the
clinical factor is age and/or gender. In an embodiment, the chinical factor is selected from the
group consisting of age, gender, chest pain type, neutrophil count, ethnicity, disease duration,
diastolic blood pressure, systolic blood pressure, a family history parameter, a medical history
parameter, a medical symptom parameter, height, weight, a body-tuass index, resting heart rate,
and smoker/non-smoker status,

10018} In an embodiment, the first dataset includes guantitative expression data for at least
three markers, In an embodiment, the first dataset includes guantitative expression data for at
least four markers. In an embodiment, the first dataset includes quantitative expression data for
at least five wmarkers. o an embodiment, the first dataset includes quantitative expression data
for at Jeast six markers,

16619 in an embodiment, the interpretation function is based on a predictive model. Inan
embodiment, the predictive model is selected from the group consisting of a partial least
squares model, a logistic regression model, a linear regression model, a linear discriminant
analysis model, a ridge regression model, and a tree-based recursive partitioning model. Inan
embodiment, the predictive model performance 1s characterized by an arca under the curve
{AUC) ranging from 0.68 10 0.70. In an embodiment, the predictive model performance is
characterized by an AUC rangiog from 0.70 to 8.79. In an embodiment, the predictive model
performance is characterized by an AUC ranging from 0.80 to 8.89. Io an embodiment, the
predictive model performance is characterized by an AUC ranging from (.90 to .99

196201 In an erabodivuent, the obtaining the fivst dataset associated with the fivst sample
includes obtaining the first sample and processing the first sample to experimentally determine
the first dataset. In an embodiment, the obtaining the first dataset associated with the first
sample includes receiving the first dataset from a third party that has processed the first sample
to experimentally determine the first dataset.

100621 in an embodiment, the method ncludes classifying the first sample according to the
first score. In an embodiment, the classitying is predictive of the presence or absence of CAD
in the subject, In an embodiment, the classifying 1s predictive of the extent of CAD n the
subject. In an erobodiment, the classifying is predictive of the risk of CAD 1u the subject. In

an embodiment, the method includes rating CAD risk based oun the first score,
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10022} In an erabodivaent, the first sample includes peripheral blood cells. Inan
embodiment, the peripheral blood cells mmclude leukocytes. o an embodiment, the first sample
includes RNA extracted from peripheral blood cells.

196231 In an ermabodivaent, the gquantilative expression data are derived from hybridization
data. In an embodiment, the quantitative expression data are derived from polymerase chain
reaction data. In an embodiment, the quantitative expression data are derived from an antibody
binding assay. In an embodiment, the first datasct is obtained stored on a storage memory.
10024 in an embodiment, the subject is a human. In an embodiment, the subject has stable
chest pain. In an embodiment, the subject has typical angina or atypical angina or an anginal
equivaient. In an embodiment, the subject has no previous diagnosis of myocardial infarction
(MI). In an embodiment, the subject has not had a revascularization procedure, In an
emabodiment, the sabject does not have diabetes, In an embodiment, the subject does not have
an flamimatory condition or an infectious condition. In an embodiment, the subject 18 not
currently taking a steroid, an tmmunosuppressive agent, or a chemotherapeutic agent.

10025} Also described herein is a system for predicting CAD 1 a subject, the system
inchuding: a storage memory for storing a dataset associated with a sample obtained from the
subject, wherein the first dataset includes quantitative expression data for at least one marker
set selected from the group consisting of the marker sets interm 1, torm 2, term 3, term 4, term
5, term 6, and term 7; wherein term 1 includes marker 1, marker 2, and marker 3, wherein
marker | includes AF161365, wherein marker 2 includes HNRPF or ACBDS, and wherein
marker 3 includes TFCP2 or DDX1R; wherein term 2 includes marker 4, marker 5, and marker
6, wherein marker 4 includes AF2R9562 or CID248, wherein marker 5 includes HNRPF or
ACEDS, and wherein marker 6 wncludes TFCP2 or DDX1R; wheretn term 3 1ncludes marker 7,
marker 8, marker 9, and marker 10 wherein marker 7 includes CD79B or CD19, wherein
marker 8 includes SPIB or BLK, wherein marker 9 includes CI33D or LCK, and wherein
marker 10 includes TMC8 or CCT2; wherein term 4 includes marker 11, marker 12, marker 13,
and marker 14, wherein marker 11 includes S100A12 or MMPS, wherein marker 12 includes
CLEC4E or ALOXSAP, wherein marker 13 includes S100AS8 or NAMPT, and wherein marker
14 includes RPL2R or SSRP1; wherein term 5 includes marker 15, marker 16, marker 17,
marker 18, and marker 19, wherein marker 15 1ncludes S100A12 or MMPS, wherein marker 16
includes CLEC4AE or ALOXS5AP, wherein marker 17 includes S100AR or NAMPT, wherein
marker 18 includes AQPY or GLTID1, and wherein marker 19 includes NCF4 or NCF2;

wherein term 6 includes marker 20, marker 21, marker 22, marker 23, marker 24, marker 23,



WO 2010/148017 PCT/US2010/038712
and marker 26, wherein marker 20 includes CASPS or H3F3B, wherein marker 21 includes
IL18RAP or TXN, wherein marker 22 includes TNFAIPS or PLAUR, wherein marker 23
mcludes ILSRB or BCL2A1, wherein marker 24 includes TNFRSFI0C or PTAFR, wherein
marker 25 includes KONE3 or LAMP2, and wherein marker 26 includes TLR4 or TYROBP;
and wherein term 7 includes marker 27, marker 28, marker 29, and marker 30, wherein marker
27 includes SLAMF7 or CX3CR1, wherein marker 28 includes KLRC4 or CDRA, wherein
muarker 29 includes CD3D or LCK, and wherein marker 30 includes TMC8 or CCT2; and a
processor communicatively coupled to the storage memory for determining a score with an
interpretation function wherein the score is predictive of CAD in the subject.

10026} Also described herein is a computer-readable storage wedium storing computer-
executable program code, the program code including: program code for storing a dataset
associated with a samiple obtained from the subject, wherein the first dataset includes
guantitative expression data for at least one marker set selected from the group consisting of
the marker sets in term |, term 2, term 3, term 4, term 5, term 6, and term 7; wherein term |
includes marker 1, marker 2, and marker 3, wherein marker 1 includes AF161365, wherein
marker 2 includes HNRPF or ACBDS, and wherein marker 3 includes TFCP2 or DDBX18;
wherein term 2 includes marker 4, marker 5, and marker 6, wherein marker 4 includes
AFZ89562 or CD248, wherein marker S includes HNRPF or ACBIDS, and wherein marker 6
includes TFCP2 or BDX1E; wherein term 3 includes marker 7, marker &, marker 9, and marker
183 wherein marker 7 includes CD798 or CD19, wherein marker 8 includes SPIB or BLK,
wherein marker 9 includes CD3D or LCK, and wherein marker 10 includes TMCE or CCT2;
wherein term 4 includes marker 11, marker 12, marker 13, and marker 14, wherein marker 11
includes S100A12 or MMP9, wherein marker 12 includes CLEC4E or ALOXSAP, wherein
marker 13 includes S100AR or NAMPT, and wherein marker 14 mcludes RPL2R or SSRPI;
wherein term § includes marker 13, marker 16, marker 17, marker 18, and marker 19, wherein
marker 15 includes ST00A 12 or MMPY, wherein marker 16 includes CLECAE or ALOXS5AP,
wherein marker 17 includes STO0AS or NAMPT, wherein marker 18 includes AQPS or
GLTIDY, and wherein marker 19 includes NCF4 or NCF2; wherein term 6 includes marker 20,
marker 21, marker 22, marker 23, marker 24, marker 25, and marker 26, wherein marker 20
mchudes CASPS or H3F3B, wherein marker 21 includes IL18RAP or TXN, wherein marker 22
includes TNFAIPG or PLAUR, wherein marker 23 includes ILRRB or BCLZAI, wherein
marker 24 mcludes TNFRSFI0C or PTAFR, wherein marker 25 includes KCNE3 or LAMP2,

and wherein marker 26 includes TLR4 or TYROBP: and wherein term 7 includes marker 27
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marker 28, marker 29, and marker 30, wherein marker 27 includes SLAMET or CX3CR1,
wherein marker 28 includes KLRC4 or CIIBA, wherein marker 29 includes CD31D or LCK, and
wherein marker 30 includes TMCE or CCT2; and program code for determining a score with
an iterpretation function wherein the score is predictive of CAD in the subject.

100271 Also deseribed herein is a method for predicting CAD in a subject, including:
obtaining a sample from the subject, wherein the sample includes a plurality of analytes;
contacting the sample with a reagent; generating & plurality of complexes between the reagent
and the phurality of analytes; detecting the plurality of complexes to obtain a dataset associated
with the sample, wherein the first dataset includes quantitative expression data for at least one
marker set selected from the group cousisting of the warker sets 1o term 1, term 2, term 3, term
4, term 5, term 6, and term 7; wherein term 1 includes marker 1, marker 2, and marker 3,
wherein marker 1 includes AF161365, wherein marker 2 includes HNRPF or ACBDS, and
wherein marker 3 includes TFCP2 or DDX18; wherein term 2 includes marker 4, marker 5, and
marker 6, wherein marker 4 includes AF289562 or CDZ248, wherein marker 5 includes HNRPF
or ACBDS, and wherein marker 6 includes TFCP2 or DDX1&; wherein term 3 includes marker
7, marker 8, marker 9, and marker 10 wherein marker 7 includes CD79B or CD19, wherein
marker R includes SPIB or BLE, wherein marker 9 includes CD33D or LCK, and wherein
marker 10 includes TMOCE or CCTZ; wherein term 4 includes marker 11, marker 12, marker 13,
and marker 14, wherein marker 11 includes S100A12 or MMPS, wherein marker 12 includes
CLECAE or ALOXSAP, wherein marker 13 includes S100AR or NAMPT, and wherein marker
14 includes RPL2Z8 or SSRP1; wherein term 5§ includes marker 15, marker 16, marker 17,
marker 18, and marker 19, wherein marker 15 includes S100A12 or MMP9, wherein marker 16
includes CLEC4E or ALOXSAP, wherein marker 17 includes SI00AR or NAMPT, wherein
marker 18 includes AQP9 or GLTIDI, and wherein marker 19 includes NCF4 or NCF2;
wherein term 6 includes marker 20, marker 21, marker 22, marker 23, marker 24, marker 23,
and marker 26, wherein marker 20 includes CASPS or H3F3B, wherein marker 21 includes
{LIERAP or TXN, wherein marker 22 inchudes TNFAIPS or PLAUR, wherein marker 23
includes 1LE8RB or BCLZAL, wheretn marker 24 includes TNFRSF10C or PTAFR, whercin
marker 25 includes KONE3 or LAMPZ, and wherein marker 26 includes TLR4 or TYROBP;
and wherein term 7 includes marker 27, marker 28, marker 29, and marker 30, wherein marker
27 mcludes SLAMF7 or CX3CR1, wherein marker 28 includes KLRC4 or CDSA, wherein
marker 29 mncludes CD3D or LCK, and wherein marker 30 mcludes TMCRB or CCT2; and
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determining a score from the dataset using an nterpretation function, wherein the score is
predictive of CAD in the subject.

10028} Also deseribed herein is a kit for predicting CAD in a subject, including: a set of
reagents including a plurality of reagents for determining from a sample obtained from the
subjoct quantitative cxpression data for at least one marker set selected from the group
consisting of the marker sets in term 1, term 2, term 3, term 4, term 5, term 6, and term 7;
wherein term 1 includes marker 1, marker 2, and marker 3, wherein marker 1 includes
AF161365, wherein marker 2 includes HNRPF or ACBDS, and wherein marker 3 includes
TFCP2 or BDXIE; wherein term 2 includes marker 4, marker 5, and marker 6, wherein marker
4 includes AFZE9562 or CH248, whereln marker 3 includes HNRPF or ACBDSA, and wherein
marker 6 includes TFCPZ or DDX18: wherein term 3 includes marker 7, marker 8, marker 9,
and marker 10 wherein marker 7 includes CD798B or CI3 19, wherein marker 8 includes SPIB or
BLK, wherein marker 9 includes CD3D or LCK, and wherein marker 10 includes TMCZ8 or
CCT2; wherein term 4 includes marker 11, marker 12, marker 13, and marker 14, wherein
marker 11 ncludes SI00A12 or MMP9, wherein marker 12 includes CLEC4E or ALOXSAP,
wherein marker 13 mcludes S100AR or NAMPT, and wheretn marker 14 includes RPL2R or
SSRP1: wherein term 5 includes marker 15, marker 16, marker 17, marker 18, and marker 19,
wherein marker 15 includes ST00A12 or MMP9, wherein marker 16 includes CLEC4E or
ALOXSAPR, wheretn marker 17 inchudes STOOAS or NAMPT, wherein marker 18 includes
AGPY or GLTIDI, and wheretn marker 19 includes NCF4 or NCF2; wherein term 6 includes
marker 20, marker 21, marker 22, marker 23, marker 24, marker 25, and marker 26, wherein
marker 20 includes CASPS or H3F3B, wherein marker 21 includes ILISRAP or TXN, wherein
marker 22 includes TNFAIP6 or PLAUR, wherein marker 23 includes ILERB or BCL2ATL,
wherein marker 24 includes TNFRSFI0C or PTAFR, wherein marker 25 includes KCNE3 or
LAMPZ, and wheretn marker 26 inciudes TLR4 or TYROBP; and wherein term 7 includes
marker 27, marker 28, marker 29, and marker 39, wherein marker 27 includes SLAMEF7 or
CX3CR1, wherein marker 28 includes KLRC4 or CD8A, wherein marker 29 inchudes CD3D or
LCK, and wherein marker 30 imcludes TMCE or CCT2; and 1nstractions for using the plurality
of reagents to determine quantitative data from the sample, wherein the imstructions include
instructions for determining a score from the dataset wherein the score is predictive of CAD 1n

the subject,

9
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186261 In an erabodiment, the mstructions include instructions for conducting a wmicroarray
assay. In an embodiment, the instructions nclude instructions for conducting a polymerase
chain reaction assay.,

10036} Also described herein 1s a system for predicting CAD in a subject, the syster
including: a storage memory for storing a dataset associated with a samiple obtained from the
subject, wherein the dataset includes quantitative expression data for at least two markers
selected from the group consisting of AF161365, HNRPF, ACBDS, TFCPZ, DDX18,
AF289562, CD248, CD79B, CD19, SPIB, BLK, CD3D, LCK, TMCS, CCT2, S100A12,
MMPS, CLEC4E, ALOXSAP, S100A8, NAMPT, RPL2E, SSRP1, AQP9S, GLTID1, NCF4,
NCF2, CASPS, H3F3B, IL18RAP, TXN, TNFAIPH, PLAUR, IL8RB, BCL2A1, TNFRSF10C,
PTAFR, KONE3, LAMPZ, TLR4, TYROBP, SLAMF7, CX3CR1, KLRC4, and CDBA  and a
processor communicatively coupled to the storage memory for determining a score with an
interpretation function wherein the score 1s predictive of CAD in the subject.

16631} Also described herein is a computer-readable storage medium storing computer-
executable program code, the program code including: program code for storing a dataset
associated with a sample obtained from the subject, wherein the dataset inchudes quantitative
expression data for at least two markers selected from the group consisting of AF161365,
HNRPF, ACBDS, TFCP2, DDXIS, AF289562, CD248, CD79B, CD19, SPIB, BLK, CD3D,
LCK, TMCE, CCT2, S100A 12, MMP9, CLEC4E, ALOXSAP, S100A8, NAMPT, RPL2E,
SSRPL, AQPY, GLTIDI, NCF4, NCF2, CASPS, H3F3B, IL1SRAP, TXN, TNFAIPS, PLAUR,
ILERB, BCLZAL, TNFRSFI0C, PTAFR, KONE3, LAMP2, TLR4, TYROBP, SLAMF7,
CX3CRIE, KERC4H, and CDEA; and program code for deternmining a score with an
interpretation function wherein the score is predictive of CAD in the subject.

100321 Also deseribed herein is a method for predicting CAD in a subject, including:
obtaining a sample from the subject, wherein the sample includes a plarality of analytes;
contacting the sample with a reagent; generating a plurality of complexes between the reagent
and the phurality of analytes; detecting the plurality of complexes to obtain a dataset associated
with the sample, wherein the dataset includes quantitative expression data for at least two
markers selected from the group consisting of AF161365, HNRPF, ACBDS, TFCPZ, DDX1E,
AF289562, CD248, CD79B, CD19, SPIR, BLK, CD3D, LOK, TMCS, CCT2Z, S100A12,
MMP9, CLEC4E, ALOXS5AP, S100AR, NAMPT, RPL28, SSRP1, AQPY, GLTIDI, NCF4,
NCF2, CASPS, H3F3B, ILISRAP, TXN, TNFAIP6, PLAUR, IL8RB, BCLZAT, TNFRSF10C,
PTAFR, KUNE3, LAMPZ, TLR4, TYROBP, SLAMF7, CX3CR1, KLRC4, and CDRA; and

10
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determining a score from the dataset using an nterpretation function, wherein the score is
predictive of CAD in the subject.

100331 Also deseribed herein is a kit for predicting CAD in a subject, including: a set of
reagents including a plurality of reagents for determining from a sample obtained from the
subjoct quantitative cxpression data for at least two markers selected from the group consisting
of AF161365, HNRPF, ACBDS, TFCP2, DDXIS, AF289562, CD248, CD798, CD19, SPIR,
BLK, CD3D, LCK, TMCR, CCT2, S100A12, MMP9, CLEC4E, ALOXSAP, S100A3,
NAMPT, RPL28, SSRP1, AQPY, GLTIDI, NCF4, NCF2, CASPS, H3F3B, ILI8RAP, TXN,
TNFAIPG, PLAUR, IL8RB, BCLZA1, TNFRSFI0C, PTAFR, KONE3, LAMP2, TLR4,
TYROBP, SLAMF7, CX3CR1, KLRC4, and CDEA; and instructions for using the pharahity of
reageunts to determine quantitative data from the sample, wherein the instructions include
instructions for determining a score from the dataset, wherein the score 1s predictive of CAD 1n

the subject.

BRIEF DESCRIPTION OF THE SEVERAL VIEWS OF THE DRAWINGS

00634} These and other features, aspects, and advantages of the present invention will
become better understood with regard to the following description, and accompanying
drawings, where;
18035} Figure 1 — Gene Discovery, Algorithm Developruent, and Validation Patient and
Logic Flow Schematic. Initial gene discovery (CATHGEN repository) inchuded both diabetic
and non-diabetic patients. Gene discovery from Personalized Risk Evaluation and Diaguosis in
the Coronary Tree (PREDICT) involved non-diabetic patients in a paired microarray analysis,
that yiclded 655 significant genes in common with those from the CATHGEN arrays, For RT-
PCR 113 genes were selected and tested on 640 PREDICT patient samples, from which the
final algorithm was derived and locked, followed by validation in the PREDICT validation
cohort (N=526).
16636] Figure 2 — RT-PCR Analysis of Diabetics vs Non-diabetic Significant Genes from
CATHGEN Microarray analysis, Sigutficance of mdividual genes selected from the
CATHGEN microarray cobort in non-diabetic {ND} and diabetic (I3} patients is shown. The
sex/age adjusted p values from a CAD logistic regression analysis u each subset are plotted
{log scale). Significant p values (<0.05) are indicated in red with gene symbols (upper left
quadrant and lower right quadrant}, non-significant ones in black (upper right quadrant}.
166371 Figure 3 — Venn Diagram of microarray, RT-PCR, and algorithm gene sources. A
total of 7718 genes were wdentified, 2438 and 59335, respectively, from the CATHGEN and

11
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PREDICT microarray analyses, with an intersection of 635 genes, Forthe 113 RT-PCR genes,
52 were from PREDICT, 22 from CATHGEN, and 29 from both; 10 were either normalization
genes or from previous studies.” The final algorithm contained 20 informative genes: 10 from
both microarray studies, 8 PREDICT alone, and 2 CATHGEN alone.

10038 Figure 4 — Correlation of PCR gene expression to iymphocyte fraction (y-axis) and
neutrophil fraction (x-axis) for the 113 PCR genes measured in the PREDICT algorithm
development cohort. The range of correlation 1s up to 0.6 and a total of 42 genes were
correlated with neutrophil fraction at >0.2 whereas 39 genes were correlated with lymphocyte
count at the same threshold, Genes are wdentified using the nurmbering scheme i Table 2.
16639} Figure 5 — Schematic of the Algorithm Structure and Genes.  The algorithim
consists of overlapping gene expression functions for males and fervales with a sex-specific
Huear age function for the former and a nou-linear age function for the latter. For the gene
expression components, 16/23 genes in 4 terms are gender independent: Term 1 — neutrophil
activation and apoptosis, Term 3 ~ NK cell activation to T celi ratio, Term 4, B to T cell ratio,
and Term 5 ~AF289562 expression normalized to TFCPZ and HNRPF.  In addition, Term 2
consists of 3 sex-independent neutrophil/innate immunity genes (S100AS, S100A12, CLEC4E)}
normalized to overall neutrophil gene expression (AQP9S, NCF4) for females and to RPL28
{(lymphocytes) for males. The final male specific term 1s the normalized expression of
TSPANI6. Algorithm score is defined as 1.821- .755*Term1-.406%Terma3 - 308%Term2*Sex -
A37%Termd - 548*% Terma2*(1-Sex) -.246% TermS - 481" Term6™* Sex +.851%Sex +.045%Sex™Age
+.123*%(1-8ex}*max(0,Age-53), where Sex is a {#/1 indicator of sex {J=female, 1=male) and age
is in years, and is calculated as deseribed (Methods Section below).

180461 Figure 6 — Comparison of Algorithm Performance between Cross-Validation
Estimate and Independent Validation. ROC curves of the cross-validation (dashed line} and
independent validation {solid line} of the algorithm is shown relative to an AUC of .50 (dotted
Hne). The 95% counfidence intervals are indicated by the sohid areas. The AUC values are: for
cross-validation 0.77 (93% CL, 0.73-0.81) and for the independent validation cohort 0,70 (95%
CL 0.65-0.75, p=107%.

160411 Figure 7 —Allocation of Patients from the PREDICT trial for algorithm
development and validation. From a total of 1569 subjects meeting the study
inclusion/exclusion critenia 226 were used for gene discovery. The rernaining 1343 were
divided into independent cohorts for algorithm development (694) and validation (649} as

showr; 94% of patients in these cohorts came from the same centers, For algorithm
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development a total of 640 patient samples were used; 54 were excluded due to wncomplete
data {Diamond GA, Forrester JS. Analysis of probability as an aid in the clinical diagnosis of
coronary-artery disease. N Engl J Med. 1979:300(24):1350-8.), inadequate blood volume
(Stangl V, Witzel V, Baumann G, Stangl K. Current diagnostic concepts to detect coronary
artery disease in women. Fur Hearr J. 2008;29(6).707-17.), sex mismatch between
experimaental and clinical records (Gibbons RI, Abrams J, Chatierjee K, ot al. ACC/AHA 2002
guideline update for the managernent of patients with chronic stable angina--summary article: a
report of the American College of Cardiclogy/American Heart Association Task Force on
practice guidelines (Commitice on the Management of Patients With Chronic Stable Angina). J
Am Coll Cardiol. 2003;:41(11:159-68.}, or statistical outlier assessment {Cook NR, Ridker PM.
Advances in measuring the effect of individual predictors of cardiovascular risk: the role of
reclassification measures. Ann Intern Med, 2009;150{111.795-802.). For the validation cohort
a total of 123 samples were excluded based on: inadequate blood volume or RNA vyield (43),
significant contamination with genomic DNA (78), or prespecified statistical outhier
assessment (2.

10042} Figure 8 — The net benefit curve for g diagnostic as a function of py, a threshold
probability that represents the tradeott between false positives and false negatives. The curve
guantifies the net benefit to following the decision rule of score>p, = positive, over a range of
possible value for p,. The reference lines reflect the net benefit of a) all subjects positive (lower
curve} or b) all subjects negative (line at net benefit = (). The net benefit curve for the gene
expression algorithm is shown as the top curve, and is greater than either reference line over
clinically relevant range for pr.

100434 Figure % — ROC analysis of Validation Cohort Performance For Algorithm and
Clinical Variables. Algorithm performance adds to Clinical Factors by Diamond-Forrester.
Comparison of the combination of D-F score and algorithm score (heavy solid hine) to D-F
score alone (-} in ROC analysis is shown, The AUC=0.50 line (light solid line} is shown for
reference. A total of 525 of the 526 validation cohort patients had information available to
calculate D-F scores. The AUCS for the two ROC curves are 6.721 £ 0.023 and 0.663 £0.025,
p = 0,003,

10044} Figure 10 — Dependence of Algorithm Score on % Maxinum Stenosis 1o the
Vahdation Cohort. The extent of discase {or cach patient was quantified by QCA maximum %

stenosis and grouped into 5 categories: no measurable disease, 1-24%, 25-49% in 21 vessel, 1
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vessel >50%, and >1 vessel >50%, The average algorithm score for each group 1s illustrated;

error bars correspond to 95% confidence intervals.
DBETAILED DESCRIPTION

Definitions

[6045] {n general, terms used in the claims and the specification are intended to be
construed as having the plain meaning understood by a person of ordinary skill in the art.
Certain terms arc defined below to provide additional clarity. In case of conflict between the
plain meaning and the provided definitions, the provided definitions arc to be used.

[6046] The term “acute coronary syndrome” encompasses all forms of unstable coronary
artery disease.

166471 The term “coronary artery disease” or “CAD” encompasses all forms of
atherosclerotic disease affecting the coronary arleries,

[60G48] The term “Ct"” refers to cycle threshold and is defined as the PCR cyele number
where the fluorescent value 1s above a set threshold, Therefore, a low Ct value corresponds to
a high level of expression, and a high Ct value corresponds to a low level of expression.
[8049] The term “Cp” refers to the crossing point and 1s defined as the intersection of the
best {it of the log-linear portion of a standard’s amplification curve in a real time PCR
wstrument such as, e.g., a LightCycler, and the noise band (set according to background
fluorescence measurements).

186501 The term “FDR” means to false discovery rate. FDR can be estimated by analyzing
randomly-perouted datasets and tabulating the average number of genes at a given p-value
threshold.

10051 The terms “GL” “GM” and “GU” respectively refer to 1st percentile, median, and
96th percentile of Cp for that gene in the Algorithm Development data set.

186521 The terms “marker” or “markers” encompass, without timitation, lipids,
lipoproteins, proteins, cytokines, chemokines, growth factors, peptides, nucleic acids, genes,
and oligonucleotides, together with their related complexes, metabolites, mutations, variants,
polymorphisms, modifications, fragments, subuntis, degradation products, clerments, and other
analytes or sample-derived measures. A marker can also include mutated proteins, nutated
nucleic acids, variations in copy numbers, and/or transcript vanants, n circumstances in which

such mutations, variations in copy number and/or transcuipt variants are useful for generating a
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predictive model, or are useful 1o predictive models developed using related markers (e.g., nou-
nmutated versions of the proteins or nucleic acids, alternative transcripts, ete.).

186531 The terms “highly correlated gene expression” or “highly correlated marker
expression” refer to gene or marker expression values that have a sufficient degree of
correlation to allow their interchangeable use in a predictive mode!l of coronary artery disease.
For example, if gene x having expression value X is used to construct a predictive model,
highly correlated genc y having expression value Y can be substituted into the predictive model
in a straightforward way readily apparent to those having ordinary skill in the art and the
benefit of the instant disclosure. Assuming an approximately linear relationship between the
expression values of genes x and v such that Y = a + bX, then X can be substituted into the
predictive model with {Y-a)/b. For non-linear correlations, similar mathematical
transformations can be used that effectively convert the expression value of gene v into the
corresponding expression value for gene x. The terms “highly correlated marker” or “highly
correlated substitute marker” refer to markers that can be substituted into and/or added to a
predictive model based on, ¢.g., the above criteria. A highly correlated marker can be used in
at least two ways: (1} by substitution of the highly correlated marker{s} for the original
wmarker(s) and generation of a new model for predicting CAD risk; or (2) by substitution of the
highly correlated marker(s) for the original marker{s} in the existing model for predicting CAD
risk.

186541 The term “mammal” encompasses both humans and non-humans and inchudes but is
not Hontted to humans, non-human primates, canines, felines, murinegs, bovines, equines, and
porcines.

13055] The term “metagene” refers to a set of genes whose expression values are combined
to generate a single vakue that can be used as a component in a predictive model. (Brunet, 1.P.,
¢t al. Proc. Natl. Acad. Sciences 2004;101{123:4164-9)

16056] The term “myocardial infarction” refers to an ischemic myocardial necrosis, This is
usually the result of abrupt reduction in coronary blood flow to a segment of the myocardium,
the muscular tissue of the heart. Myocardial infarction can be classified into ST-elevation and
non-57T clevation MI (also referred to as unstable angina). Myocardial necrosis results in either
classification. Myocardial infarction, of either ST-clevation or non-8T elevation classification,
is an unstable form of atherosclerotic cardiovascular disease.

16657} The term “sample” can include a single cell or muidtiple cells or fragments of cells or

an aliquot of body {luid, taken from a subject, by means including venipuncture, excretion,

—
(o]



WO 2010/148017 PCT/US2010/038712
giaculation, massage, biopsy, needle aspirate, lavage sample, scrapiong, surgical incision, or
intervention or other means known in the art.

13058 The terms “subject” encompasses a cell, tissue, or organism, human or non-human,
whether in vivo, ex vivg, or in vitro, male or female.

15059] The termy “obtaining a dataset associated with a sample” encompasses obtaining a
set of data determined from at least one sample. Obtaining a dataset encompasses obtaining a
sample, and processing the sample to experimentally determine the data. The phrase also
encompasses receiving a set of data, e.g., from a third party that has processed the sample to
experimaentally deterrmne the dataset. Additionally, the phrase encompasses nuning data from
at least onc database or at least one publication or a combination of databascs and publications.
A dataset can be obtained by one of skill in the art via a variety of known ways including
stored on a storage roemory.

(6068 The term “chinical factor” refers to a measure of a condition of a sabject, e.g.,
disease activity or severity. “Clinical factor” encompasses all markers of a subject’s health
status, including non-sample markers, and/or other characteristics of a subject, such as, without
fimitation, age and gender. A clinical factor can be a score, a value, or a set of values that can
be obtained from evaluation of a sample {or population of samples} from a subject or a subject
under a determined condition. A chinical factor can also be predicted by markers and/or other
parameters such as gene expression swrogates.

10061] It must be noted that, as used in the specification and the appended clairus, the
singular forms “a,” “an,” and “the” include phlural referents unless the context clearly dictates

otherwise,

Methods

Markers gnd Clinical Factors

16362} The quantity of one or more markers of the invention can be indicated as a value, A
value can be one or more numerical values resulting from cvahluation of a sample under a
condition. The values can be obtained, for example, by experimentally obtaining measures
from a sample by an assay performed in a laboratory, or alternatively, obtaining a dataset from
a service provider such as a laboratory, or from a database or a server on which the dataset has
been stored, e.g., on a storage memory.

[6063] In an embodiment, the quantity of one or more markers can be one or more

numertical vahues associated with expression levels oft AF161363, HNRPF, ACRDS, TFCP2,
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DBDXIE, AF289562, CD248, HNRPF, ACBDS, TFCPZ, DDXIR, D798, CD19, SPIB, BLK,
CD3D, LCK, TMCE, CCT2Z, S100A12, MMPS, CLEC4E, ALOXSAP, STO0AE, NAMPT,
RPL2E, SSRPI, S100A12, MMPS, CLEC4AE, ALOX3AF, STO0AR, NAMPT, AQP9, GLTIDI,
NCF4, NCF2, CASPS, H3F3B, IL1SRAP, TXN, TNFAIP6, PLAUR, IL8RB, BCLZAT,
TNFRSF10C, PTAFR, KONE3, LAMP2, TLR4, TYROBP, SLAMF7, CX3CR1, KLRC4,
CDEA, CD3D, LCK, TMCS, or CCTZ; resulting from evaluation of a sample under a
condition. This nomenclature is used to refer to human genes in accordance with guidelines
provided by the Human Genome Organisation (HUGO) Gene Nomenclature Commutiee
{(HGNC). Farther information about each human geune, such as accession number(s) and
aliases, can be found by entering the gene name into the search page on the HGNC Search
genenames.org website. For example, entering the term “CD3D” into the Simple Search field
of the HGNC website on June 1, 2010 returns the approved gene name of CD3D (CD3d
molecule, delta (CD3-TCR complex)), the sequence accession 1Ds of CD3D (X01451;

NM_ 000732), and the previous symbols of CD3D (T3D). Further human gene names are
provided in the Exarples section below.

[8064] In an ernbodiruent, a condition can include once clinical factor or a plurality of
clinical factors, In an embodiment, a climcal factor can be included within a dataset, A dataset
can include one or more, two or more, three or more, four or more, {ive or more, six or more,
seven or more, eight or more, nine or more, ten or more, eleven or more, twelve or more,
thirteen or more, fourteen or more, fifteen or more, sixteen or more, seventeen of More,
eighteen or more, nincteen or more, twenty or more, tweonty-one or more, twenty-two or more,
twenty-three or more, twenty-four or more, twenty-five or more, twenty-six or more, twenty-
scven or more, twenty-cight or more, twenty-nine or more, or thirty or more overlapping or
distinet clinical factor(s), A clinical {actor can be, for example, the condition of a subject in the
presence of a disease or in the absence of a disease. Alernatively, or in addition, a clinical
factor can be the health status of a subject. Alternatively, or in addition, a clinical factor can be
age, gender, chest pain type, neutrophil count, ethnicity, disease duration, diastolic blood
pressure, systolic blood pressure, a family history parameter, a medical history parameter, a
medical symptom parameter, height, weight, a body-mass index, resting heart rate, and
smoker/non-smoker status. Clinical factors can include whether the subject has stable chest
pain, whether the subject has typical angina, whether the subject has atypical angina, whether
the subject has an anginal cquivalent, whether the subject has been previously diagnosed with

M1, whether the subject has bad a revascularization procedure, whether the subject has
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diabetes, whether the subject has an inflammatory condition, whether the subject has an
infectious condition, whether the subject is taking a steroid, whether the subject s taking an
immunosuppressive agent, and/or whether the subject is taking a chemotherapeutic agent.
Other examples of clinical factors are listed in the Tables and Figures.

16065] in an cmbodiment, a marker’s associated value can be included in a dataset
associated with a sample obtained from a subject. A dataset can include the marker expression
value of two or more, three or more, four or more, five or more, SIX OF mMOre, Seven or more,
eight or more, nine or more, ten or more, eleven or more, twelve or more, thirieen or more,
fourteen or more, fifleen or more, sixteen or more, sevenieen or more, eighteen or more,
nineteen or more, twenty or more, twenty-one or more, twenty~-two or more, twenty-three or
more, twenty-four or more, twenty-five or more, twenty-six or more, twenty-seven or more,
twenty-eight or more, twenty-nine or more, or thirty or more marker{(s}. For example, a dataset
can include the expression values for AF161365, HNRPY, ACBDS; AF161365, HNRPF; or
AF161365, ACBDS. Other combinations are described in more detail in the Examples section
below.

[6066] in an embodiment, one or more markers can be divided into terms. Terms can
mchude one marker, but generally inchude three or more markers. Terms can be included ina
datasct associated with a sample obtained from & subject. The datasct can include one or more
terms, two or more terms, three or more terms, four or more terms, five or more terms, six or
more terms, seven or more terms, eight or more (erms, nine or More terms, or fen or more
terms. In an embodiment, a term can include one or more, two or more, three or more, four or
more, {tve or more, six or more, seven or more, eight or more, nine or more, ten or more,
eleven or more, twelve or more, thirteen or more, fourteen or more, fiftcen or more, sixteen or
more, scvenieen or more, eighteen or more, nincteen or more, twenty or more, twenty-one or
more, twenty-two or more, twenty-three or roore, twenty-four or more, twenty-five or more,
twenty-six or more, twenty-seven or more, twenty-eight or more, twenty-ning or more, or thirty
or more marker(s}. In an erabodiment, the markers are divided 1uto seven distinct terms: terw
1, term 2, term 3, term 4, term 5, lerm 6, and term 7. In an embodiment, term 1 can include
marker 1, marker 2, and marker 3, where marker 1 includes AF161365, where marker 2
mcludes HNRPF or ACBDS, and where marker 3 includes TFCPZ or DDXI18. Inan
embodiment, term 2 can include marker 4, marker 5, and marker 6, where marker 4 includes
AF289562 or CD24E&, where marker 5 includes HNRPF or ACBDS, and where marker 6

mncludes TFCPZ or DDXIR. In an embodiment, term 3 can include marker 7, marker 8, marker
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9, and marker 10 where marker 7 includes CD79B or CI39, where marker § includes SPIB or
BLK, where marker 9 includes CD31 or LCK, and where marker 10 includes TMCE or CCT2.
In an embodiment, term 4 can include marker 11, marker 12, marker 13, and marker 14, where
marker 1 includes S100A12 or MMP9, where marker 12 includes CLEC4E or ALOXSAP,
where marker 13 includes ST100AR or NAMPT, and where marker 14 includes RPL2E8 or
SSRP!L. In an embodiment, term 5 can include marker 15, marker 16, marker 17, marker 18,
and marker 19, where marker 15 includes S100A12 or MMP9, where marker 16 includes
CLEC4E or ALOXSAP, where marker 17 includes SIO0AS or NAMPT, where marker 18
includes AQP9 or GLTID1, and where marker 19 includes NCF4 or NCF2. Inan
embodiment, term 6 can include marker 20, marker 21, marker 22, marker 23, marker 24,
marker 25, and marker 26, where marker 20 includes CASPS or H3F3B, where marker 21
mchudes ILIBRAP or TXN, where marker 22 inchudes TNFAIPS or PLAUR, where marker 23
mchudes ILERB or BCL2A 1, where marker 24 includes TNFRSFI10C or PTAFR, where marker
25 mecludes KCNE3 or LAMP2, and where marker 26 includes TLR4 or TYROBP. Inan
embodiment, term 7 can include marker 27, marker 28, marker 29, and marker 30, where
marker 27 tncludes SEAMET or CX3CR1, where marker 28 includes KLRCA or CIIRA, where
marker 29 includes CD3D or LCK, and where marker 30 mncludes TMCR or CCT2,
180671 In another embodiment, the invention includes oblaming a sample associated with a
subject, where the sample includes one or more markers. The sample can be obtained by the
subject or by a third party, e.g., a medical professional. Hxamples of medical professionals
include physicians, emergency medical technicians, nurses, first responders, psychologists,
medical physics personnel, nurse practitioners, surgeons, dentists, and any other obvious
medical professional as would be known to one skilled in the art. A sample can inchude
peripheral blood cells, 1solated leukocyies, or RNA extracted from peripheral blood cclis or
isolated leukocytes. The sample can be obtained from any bodily fluid, for example, aroniotic
fluid, agueous humor, bile, lymph, breast mulk, interstitial fluid, blood, blood plasma, cerumen
{carwax), Cowper’s fluid (pre-ejaculatory fluid), chyle, chyme, female ejaculate, menses,
mucus, saltva, urine, vomit, tears, vaginal lubrication, sweat, scrum, semen, sebum, pus, pleural
fluid, cerebrospinal fluid, synovial fluid, intracellular thuid, and vitreous humour. Inan
example, the sample is obtained by a blood draw, where the medical professional draws blood
from a subject, such as by a syringe. The bodily fluid can then be tested to determine the value

of one or more markers using an assay. The value of the one or more markers can then be
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evaluated by the same party that performed the assay using the methods of the faveution or sent

to a third party for evaluation using the methods of the invention.

fnterpretation Funciions

16068 In an embodument, au interpretation function can be a function produced by a
predictive ruodel. Au interpretation function cau also be produced by a plurality of predictive
models. In an embodiment, an interpretation function can include terms Normy, Norni, NKp,
Teott, Beett, Newt, Nug, Naows, SCA1, AF,, TSPAN, SEX, and INTERCEPT. In a related
embodiment, Norm; = RPL2E, Norm: = {5*HNRPF + S*TFCP2), NK,,, = {. 5*SLAMF7 +
SERLRCE), Teay = (57CD3D + SYTMCB), Beey = (2/3 *CD79B + 1/3 * SPIB), Neut =
{3FAQPY + 5¥NCF4), Ny, = (1/3 * CASPS + 1/3*IL1SRAP + 1/3*TNFAIPG), Nugwn =
(25%ILERB + 25¥TNFRSFI0C + 25¥TLR4 + 25*KCNE3), SCA, = (1/3*S100A12 +
3*CLECAE + 1/3*S100A8), AF, = AF289562 TSPAN = 1 if (AF161365-Norm2 > 6.27 or
AF161365=NoCall}, 0 otherwise, SEX = | for Males, 0 for Females. In a related embodiment,
for Males, INTERCEPT = Intercept + SEX + MAGE *Age, with Age in years, and for
Females, INTERCEPT = Intercept + OFAGEZ *max{0,Age-60), with Age in years. Ina
related embodiment, coefficients Intercept = 1.82120871, SEX = 0851181, OFAGE2 =
0.123283, MAGE = 0.044868, TSPAN = -0.48182, AF2 = --0.24592, Beell = -0.13717,
SCAIM = -0.30754, NewtF = -0.54778, Nupdown = -0,75514, and NK = -0.40579, In a related
embodiment, a score 18 determined according to INTERCEPT — Nupdown *( Ny - Nugwa) -
NEA NKyp - Toa) - SCAIM *SEX*( SCA - Normy ) - Beell * ( Beoy Tean) - NewtF *(1-SEX)*(
SCA 1~ Neut) - TSPANcoel *SEX*(TSPAN) - AF2 *( AF,- Norny). In an embodiment, an
interpretation function can include any Hinear combination of age, gender (i.e., sex}, and one or
more terms.

16669 in an embodiment, a predictive model can inchude a partial least squares model, a
fogistic regression model, a linear regression model, a linear discriminant analysis model, a
ridge regression model, and a tree-based recursive partitioning model. In an embodiment, a
predictive model can also include Support Vector Machines, guadratic discriminant analysis, or
a LASSO regression model. See Elements of Statistical Learning, Springer 2003, Hastie,
Tibshirani, Friedman; which is herein incorporated by reference in its entivety for all purposes.
Predictive model performance cau be characterized by an area under the curve (AUC). loan
embodiment, predictive model performance 1s characterized by an AUC ranging from 0.638 to
0.70. In an embodiment, predictive model performance is characterized by an AUC ranging

from .70 to .79, In an embodiment, predictive model performance is characterized by an
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AUC ranging from 0.80 10 0.89. In an embodument, predictive model performance is

characterized by an AUC ranging from 0.90 to 8.99.

Assays
16679] Examples of assays for one or more markers include DNA assays, microarrays,
polymerase chain reaction {PCR), RT-PCR, Southern blots, Northern blots, antibody-binding
assays, enzyme-linked immunosorbent assays {ELISAs), flow cytometry, protein assays,
Western blots, nephelometry, turbidimetry, chromatography, mass spectrometry,
immunoassays, including, by way of example, but not limitation, RIA, imnunofluorescence,
immunochemiluminescence, immunoclectrochemiluminescence, or competiive IMNINCAssays,
immunoprocipitation, and the assays described in the Examples section below, The
mformation from the assay can be quantitative and sent to a computer system of the mvention.
The information can also be qualitative, such as observing patterns ot fluorescence, which can
be translated into a quantitative measure by a user ot automatically by a reader or coraputer
system. In an embodiment, the subject can also provide information other than assay
information to a computer system, such as race, height, weight, age, gender, eye color, hair
color, family medical history and any other information that may be useful to a user, such as a

clinical factor described above.

Informative marker proups

16671 In addition to the specific, exemplary markers identified in this application by
name, accession number, or sequence, included within the scope of the invention are all
operable predictive models of CAD and methods for their use to score and optionally classify
samples using expression values of variant sequences having at least 90% or at least 95% or at
fcast 97% or greater identity to the exemplified sequences or that encode proteins having
sequences with at least 90% or at least 95% or at least 97% or greater identity to those encoded
by the exemplified genes or sequences. The percentage of sequence identity may be
determined using algorithms well known to those of ordinary skill 1o the art, including, e.g.,
BLASTn, and BLASTD, as described in Stephen F. Altschul et al,, J. Mol Biol. 215:403-410
(1990} and available at the National Center for Biotechnology Information website maintained
by the National Institutes of Health. As described below, in accordance with an embodiment of
the present invention, are all operable predictive models and methods for their use in scoring
and optionally classifying saraples that use a marker cxpression measurcrnent that 18 now

known or later discovered to be highly correlated with the expression of an exemplary marker
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expression value in addition to or 1n lisu of that exemplary marker expression value. For the
purposes of the present invention, such highly correlated genes are conteniplated either to be
within the literal scope of the claimed inventions or alternatively encompassed as equivalents
to the exemplary markers. Identification of markers having expression values that are highly
correlated to those of the exemplary markers, and their use as a component of a predictive
model is well within the level of ordinary skill in the art. The Examples section below
provides numerous examples of methods for identifying highly correlated markers and
substituting them for algorithm warkers in predictive models of CAD and methods for their use

to score and optionally classify saraples.

{ompaier implemeniafion

19672} In one embodiment, a computer comprises at least one processor coupled to a
chipset. Also coupled to the chipset are a memory, a storage device, a keyboard, a graphics
adapter, a pointing device, and a network adapter. A display is coupled to the graphics adapter.
In one embodiment, the functionality of the chipset is provided by a memory controller hub
and an VO controller hub. In another embodiment, the memory is coupled directly to the
processor instead of the chipset.

186731 The storage device s any device capable of holding data, like a hard drive, compact
disk read-only memory {CD-ROM}, DVD, or a solid-state memory device. The memory holds
instructions and data used by the processor. The pointing device may be a mouse, track ball, or
other type of pointing device, and s used in combination with the kevboard to input data mto
the computer system. The graphics adapter displays images and other information on the
display. The network adapter couples the computer syster to a local or wide area network.
16674} As is known in the art, a coraputer can have different and/or other components than
those described previously. In addition, the computer can lack ceriain components, Moreover,
the storage device can be local and/or remote from the computer (such as embodied withina
storage area network (SAN)).

[6G75] As is known in the art, the computer is adapted to execute computer program
modules for providing functionality deseribed herein. As used herein, the term “module” refers
to computer program logic utilized to provide the specified functionality. Thus, a module can
be implemented in hardware, firntware, and/or software. In one embodiment, program
modules are stored oun the storage device, loaded into the memory, and executed by the

Procossor,
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10076} The term percent “identity,” 1u the context of two or more nucleic acid or
polypeptide sequences, refer to two or raore sequences or subsequences that have a specified
percentage of nucleotides or amino actd residues that are the same, when compared and aligned
for maximum correspondence, as measured using one of the sequence comparison algorithms
described below (e.g., BLASTP and BLASTN or other algorithims available to persons of skill}
or by visual inspection. Depending on the application, the percent "identity” can oxist over a
region of the sequence being compared, ¢.g., over a functional domain, or, aliernatively, exist
over the full length of the two sequences to be compared.

18677} For sequence comparison, typically one sequence acts as a reference sequence to
which test sequences are compared. When using a scquence comparison algorithim, tost and
reference sequences are input wto a compuier, subsequence coordinates are designated, if
necessary, and sequence algorithm program parameters are designated. The sequence
comparison algorithm then calculates the percent sequence identity for the test sequence(s)
relative to the reference sequence, based on the designated program parameters.

16G78] Optimal alignment of sequences for comparison can be conducted, e.g., by the local
homology algorithm of Smith & Waterman, Adv. Appl. Math. 2:482 (1981}, by the homology
alignment algorithm of Needleman & Wunsch, 1. Mol. Biol. 48:443 (1970}, by the search for
stmilarity method of Pearson & Lipman, Proc. Nat'l, Acad. Sci. USA 85:2444 (1988}, by
computerized implementations of these algorithms (GAP, BESTFIT, FASTA, and TFASTA in
the Wisconsin Genetics Software Package, Genetics Computer Group, 575 Science Dy,
Madison, Wis.), or by visual inspection (see generally Ausubel et al, infra).

196791 One example of an algorithm that 1s suitable for deterrmining percent sequence
wdentity and sequence siroilarity is the BLAST algorithr, which 1s descrbed in Altschul et al.,
J. Mol. Biol. 215:403-410G (1990). Software for performing BLAST analyses is publicly
available through the National Center for Biotechnology Information.

1B0R] Embodiments of the entitics described herein can include other and/or different
modules than the ones described here. In addition, the functionality attributed to the modules
can be performed by other or different modules in other embodiments. Moreover, this

description occasionally omits the term “module” for purposes of clarity and conventence.

EXAMPLES
10081} Below are examples of specific embodiments for carrving out the present invention.

The examples are offered for lustrative purposes ounly, and are not intended to lumit the scope
of the present invention in any way. Efforts have been made to ensure accuracy with respect to
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numbers used (e.g., aroounts, teraperatures, ete.), but some experiroental error and deviation
should, of course, be allowed for.
1D0KR2] The practice of the present invention will employ, unless otherwise indicated,
conventional methods of protein chemistry, biochemistry, recombinant DNA techniques and
pharmacology, within the skill of the art. Such techniques are explained fully in the literature.
See, e.g., T.E. Creighton, Profeins: Structures and Molecular Properties (W . H. Freeman and
Company, 1993}, A L. Lehninger, Biochemistry {Worth Publishers, Inc., current addition);
Sambrook, ¢t al., Molecular Cloning: A Laboratory Manual (2nd Edition, 1989); Methods In
Enzymology (S. Colowick and N, Kaplan eds., Acadernice Press, Inc. ) Remington's
Pharmaceutical Sciences, 18th Edition (Easton, Pennsylvania: Mack Publishing Company,
1990, Carey and Sundberg Advanced Organic Chemistry 37 Ed. (Plenum Press) Vols A and

B(1992).

Materials and Methods

General Study Desien

100834 The overall study design is shown in Figure |, This study had four distinct,
consccutive phases. The PREDICT clinical trial registration information is available on the

chinicaltrials.gov website at NCT00500617 on May 28, 2010

Phase I - CATHGEN DISCOVERY,

[66G84] Phase 1 was Initial Gene Discovery from the Duke University CATHGEN registry,
a retrospective blood repository.'' Briefly, 198 subjects (88 cases, |10 controls) from this
repository were enrolled between August 2004 and November, 2005, Clinical inclusion and
exclusion eriteria were described previously and included both digbetic and non-diabetic
patients.” All CATHGEN patienis gave writien informed consent and the study protocol was
approved by the Buke University IRB.  Microarrays were performed to identity CAD sensitive
genes, and a subset of genes was selected for RT-PUR replication. Given the phase | findings,

only non-diabetic subjects were included subsequently.

Phase {§ — PREDICT DISCOVERY,

10085} Phase 2 was a prospective gene discovery phase with subjects from the PREDICT
study, where 198 patients (99 case: countrol paivs, matched for age and sex) underwent

microarray analysis to identify differentially expressed genes.
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Phase HI - PREDICT DEVELOPMENT.,

16086 Phase 3 was prospective algorithm development with 640 patients (210 cases, 430
controls) to determine the inter-relationships between clinical factors, blood cell counts, gene

expression, and CALY.

Phase §V — PREDICT VALIDATION,

[0687] After Phase I was completed the locked algorithm was prospectively validated i
an independent cohort of 526 patients (192 cases, 334 controls).

10088} Subjects frova PREDICT were eligible if they had a story of chest pain, suspected
anginal-equivalent symptoms, or a high risk of CAD with no known prior Mi,
revascularization, or CAD. Detailed inclusion/exclusion criteria have been described.”
Diabetic status was defined by clinical identification, blood glucose (non-fasting 2204 or
fasting >126), rorhemoglobin Ale, (26.5), or diabetic medication prescription. Complete
blood counts with differentials were obtained for all patients. PREDICT patients gave written
informed consent, and the study protocol was approved by the Western Institutional Review

Board.

Blood Collection, RNA Purification, and RT-PCR

6689] Whole blood samiples were collected in PAXgene® tubes prior to coronary
angiography, according to the manufacturer’s instructions, and then frozen at -20°C. For the
CATHGEN samples RNA was purified as described (PreAnalytix, Franklin Lakes, NJ),
followed by quantitative analysis (Ribogreen, Molecular Probes, Eugene, OR), For the
PREDICT samples an automated method using the Agencourt RNAdvance system was
employed. Microarray samples were labeled and hybridized to 41K Human Whole Genome
Arrays {Agilent, PN #G4112A) usting the manufacturer’s protocol. For PREDICT microarrays
all matched pairs were Iabeled and hybridized together to nmunimize microarray batch effects.
Microarray data sets have been deposited in GEO (GSE 20086).

18080} Amplicon design, cBNA synthesis, and RT-PCR were performed as previously
described.” ¥ All PCR reactions were run in triplicate and median valucs used for analysis.
The primers and probes are shown in the Informal Sequence Listing below. The primers and
probe for marker CD3D were obtained commercially from Applied Biosystems, Inc. (Assay

ID: Hef0174158 ml; Part No. 4331182).

N2
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Fractionation of Whele Blood Cells for Cell-type Specific Gene Expression
Measurements

18091} Cell fractionation was performed on fresh blood collected in EDTA tubes. 120 mi
blood pooled from 4 different donors was 1:1 diluted with IX PBS. 15% of the blood was used
for granulocyte isolation by density centrifugation and 85% of the blood was used for PBMC

isolation prior to T cells, B cells, NK cells, and monocytes fractionation.

Periphergl Blood Mononaciear Cell {PBMC) isplation

16692} PBMC was tsolated by density centrifugation. 20 mi diluted blood was layered on
20ml Histopaque 1077 (Sigma Cat No. 18771} in 50m! conical tubes and was centrifuged at
room temperature for 30 min at 400Xg. The PBMC layer was carcfully aspirated into new
tubes and washed with 1X phosphate-buffered saline (PBS) twice and centrifuged at 200X g for
10 min. The washed PBMC was re-suspended in cold bufferl (1 XPBS, 0.1%BSA and
2raMEDTA) and stored on ice. 5% of the cells were lysed in RLT buffer (Qiagen RNeasy Mint

kit, Cat No. 74104} for pre-selection RNA isolation.

Granulocyie isolation

10093} Granulocytes (neutrophils, cosinophils, basophils) were purified by density
centrifugation using two different density mediums, In [5ml conical tube, 3ml Hisopague 1077
was layered on 3ml Histopague 1119 (Sigma Cat No. 11191} and 6ml of the diluted blood was
then layered on Histopague 1077, The tube was ceuntrifuged at room temperature (RT) for
30min at 700X g. The granulocyte layer was then aspirated into a new tube and washed twice.

The pellet was re-suspended in RLT buffer for granulocyte RNA isolation.

Lasitive cel] isplation with magnetic beads

10094} The subsequent cell types (T cells, B cells, natural killer (NK) cells, monocytes)
were positively selected fromn PBMC used the {ollowing reagents and the recommended
procedures,

18095] CD8+ T cells — Dynal® CD8 positive isolation kit (Invitrogen Cat. No.113.33D)
18696] CD3+ T cells — Dynabeads™ CD3 (nvitrogen Cat. No.111.5103)

186971 CD19+ B cells — Dynabeads® CD19 pan B (Invitrogen Cat. No.111.43D)
10098]
No.111.49D)

18699] CD36+ NK cells— Dynabeads”™ Pan Mouse IgG (Invitrogen Cat. No.110.41) eross-

CD14+ Monocytes — Dynabeads® CD14 (raonocyies/macrophasges) (Qovitrogen Cat,
3 ¥ { 3 pnag g

finked with mouse anti-human CD56 antibodies (BD bioscience Cat No.556325)
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[96160]  Bricfly, PBMC were incubated with antibody-coupled magnetic beads at 4°C for 20
win and washed 3 times with buffer 1 on the magoet. The selected cells were then re-
suspended in RLT buffer for RNA isolation,

BNA isolation
106101} The RNA samples in RLT buffer were purified using the Qiagen RINeasy Mint kit

following the manufacturer’s instructions.

Coropary Anviosraphic Analvsis and Case:Control Definition

(061021 Al patients were clinically referred for angiography and angiograms were
performed based on local, institutional protocols. For CATHGEN patients, clinical
angiographic interpretation defined cases as >75% maximum stenosis in one major vessel or
>50% in two vessels and controls as <25% stenosis i all major vessels,

106103} For PREDICT patients, core laboratory QCA reads {Cardiovascular Research
Foundation New York) were used for case: control classification. Cases had >50% stenosis in

at least one major coronary vessel and controls <50% stenosis n all major vessels.

Correlation between Gene Expression and Cell Tvpe Distributions

100104]  Corrclations with complete blood counts and database gene expression analysis
(SymAtlas) were used to wdentify highly cell-type selective genes, In addition, whole blood
cell fractionation by density centrifugation or through positive antibody selection followed by

RT-PCR was performed on specific cell fractions.

Statistical Methods

[06105] Al statistical methods were performed using the R software package. The

statistical moethods used are described and referenced in greater detail below.

Arrayv Normalization

1001061  Agilent processed signal values for array normalization were scaled to a trimmed
mean of 100 and then log? transformed. Standard array QC metrics {(percent present, pairwise
correlation, and signal intensity} were used for quality assessment, resulting in 3 of 198

CATHGEN and 12 of 210 PREDICT samples being excluded.

Arrav Analvsis

1661071 For the CATHGEN array, logistic regression (unadjusted and sex/age adjusted) was

used to assess gene expression association with case: control status. For the PREDICT array,

N2
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given the paired design, conditiounal logistic regression was used. False discovery rates were
used to account for multiple comparisons. GOEAST was used to determine over-

representation of Gene Ontology (GO) terms. ™

{ene Selection

10G188]  Geues for RT-PCR were selected based on significance, fold-change, pathway
analysis, and lterature support. Hierarchical clustering based on gene: gene correlations
ensured that RT-PCR genes represented muitiple clusters. Normalization genes were selected
based on low variance, moderate to high expression, and no significant association with case:

control status, sex, age, or cell counts,

POR Statistical Analvsis

100169]  Chimcal/demographic factors were assessed for CAD association using univariate
and multivariate logistic regression. (Gene expression association with CAIDY and other
clinical/demographic factors was assessed by robust logistic regression (unadjusted and sex/age

adjusted).”

Algorithm Development and Validation

166118}  Hierarchical clustering was used to group genes using a correlation cutoff, Clusters
were reduced Lo weta-genes  and vormalization genes based ou correlation stracture, known
biology, and cell count correlation. For meta-gene pairs with high correlation and opposite
disease regulation, ratio terms (differences on the log scale) were defined. Meta-genes
independently associated with outcome were selected by the LASSO method, with sex by
meta-gene interactions allowed during variable selection.

- o~ . ~ R - .16 .
[6611¥] The final algorithm was fit using Ridge regression ', where the outcome variable
was case:control status and the predictors the LASSO-selected meta-genes and sex-specific age
terms, Sex was a binary predictor, and age a lincar predictor with separate slopes for males,
females >60, and females <60. Gene expression term penalization was based on cross-
validation and prior evidence. Model performance was estimated using leave-one-out cross-
validation. Algorithm performance was validated in an 1odependeunt patient cobort with ROC

analysis as primary endpoint.

Algorithm Calenlation and Transformation

Bata Preprocessing and QU Sitens

1) Compute median of triplicate wells for cach algorithm gene/sampic
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a. I one well has a no call, take the median of the two remaiming wells
b, Iftwo or three wells have a no ¢all, the algorithm gene receives ano
call for that sample

2y IWAF161365 (TSPAN16G) receives a no call, impute the value of 38 as the
median value for that gene.

3} If any algorithm gene other than AFI61365 receives a no call, the sample
fails for Missing Gene Cp. None of the 640 samples in Algorithm
Development would fail this metric.

4y Compute the median of the algorithm gene 8I¥s, excluding AF161365. If
this value is greater than .15, the sawple faus for High Replicate §D.

5y For each algorithm gene i, floor the Cp value by replacing values less than
GL; with GL; This value represents the 1% percentile of Cp for that gene in
the Algorithm Development set.

63 For cach algorithm gene 1, ceiling the Cp value by replacing values greater
than GU; with GU;. This value represents the 99" percentile of Cp for that
gene in the Algorithm Development set.

7} For cach algonithm geue 1, corapute the absolute value of the difference
between its Cp value and GM;, where GM; represents the median Cp for that
gene in the Algorithma Development set. Sum this value across the
algorithm genes (excluding AF161365). I the sum 1s greater than 27.17, the
sample fails for Expression Profile Out of Range. 27.17 represents the
largest value of this metric within the Algorithm Development set.

[6G112]  In certain cases, an algorithm score will not be calculated for a subject. Reasons for
this include low PAXgene® tube biood volume, lab QC fatlure, ete. The freguency of

occurrence of these failures will be tabulated, though these subjects will not be included in the
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analysis set. Subjects with missing Diamond Forrester scores will not be included in the

analysis set.

Alvorithm Coleulation

1) Define Norm,; = RPL2§
2} Befine Novp = (5¥HNRPF + S5*TFCP2)
3y Define NKy, = (. S*SLAMF7 + 5*KLRC4)
4y Define Ty = (5*CD3D + 5*TMCE)
5} Define Bey = (2/3 *CD79B + 1/3 * §PIB)
61 Define Neut = ((5¥AQPY + S*NCF4)
7y Define Ny = (1/3 * CASPS + 1/3*IL18RAP + 1/3*TNFAIPS)
81 Define Nyown = (25%HL8RB + ZS¥INFRSFI0C + 25*TLR4 + 25*KUONE3)
9} Define SCA; = (1/3*S100A12 + 1/3*CLECAE + 1/3*S100A8)
10 Define AF, = AF289562
11} Detine TSPAN = 1 it (AF161365-Norm2 > 6,27 or AF1613653=NoCall}, §
otherwise
12} Define SEX= 1 for Malecs, 0 for Females
13} Define Intercept
a. For Males, INTERCEPT = 2.672 + 0.0449*Age
b. For Females, INTERCEPT = 1.821 + 0.123%(Age-60), if negative
setio O
14} Define Score = INTERCEPT — 0,755 *( Nyp - Naown} — 0,406 NE.p - Tean)
—0.308 *SEX*( SCA - Normy - 0.137% { Bee- Toen)- 0.548 *(1-SEX)H*{

SCA - Neut)- 0.482 *SEX*{TSPAN)- (.246 *{ AF»- Normg)
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Score Transiormation

106113} The endpoiut analyses defived were performed using raw algorithma scores. For
chnical reporting purposes, as well as case of presentation, raw scores may be transformed inio
a transformed score with a scale designed for ease of chinical use as follows:

Input is Raw Score

It Raw Score< 2,95, set RawScore = -2.95

I Raw Score> 1.57, set RawScore = 1.537
Raw Score = 2.95 + RawScore
Final Score = RawScore®40/4.52
Round Final Score up to nearest integer
If Final Score is greater than 40, set to 40
If Final Score is less than |, setto |

Value obtained is the Final Transformed Score

Estimation of Score Variability

106114} A total of 41 replicate samples were tested from a large PAXgene® blood pool.
The standard deviation of the raw score for these replicates was .13, The confidence 1nterval
around a given raw score was then the raw score plus or minus 1.96% 13, The upper and lower
bounds of this confidence interval were Huearly transformed to the 0 to 40 scale, and then
transformed to a confidence interval around the Likelthood using the score to likelihood

function described above,

Fxample 1: Demographic Data

106115]  Baseline demographic charactenstics of the CATHGEN registry and PREDICT
study patient cohorts are shown ju Table 1. In general, CAD cases were more frequently men,

older, had higher SBP, and more dyslipidemia.

Examuple 2: Phase I; Initial Gene Discoverv {CATHGEM)

106116} A total of 2438 genes showed significant CAD association (p <0.05) ina 195
subject case:control analysis (Figure 1). Clinical and demographic factor analysis of gene
expression showed diabetes as the wost significant (p=0.0006, Table 3). Based on statistical
significance and biological velevance, 88 geues (Table 4) were selected for RT-PCR analysis
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on these same samples. CAD-gene expression analysis 1o nou-diabetic and diabetic subsets (N
= 124 and 71, respectively}, showed 42 and 12 significant genes, respectively {(p<0.05}, with no
intersection (Figure 2}, Further work was thus limited to non-diabetics.
I00117]  We observed a strong diabetes-gene expression interaction effect on CAD risk in
the CATHGEN cohort, and thus restricted algorithm development to PREDICT non-diabetics.
The CATHGEN diabetic subjects encompassed a range of disease severity and a variety of

medications, some of which modulate gene expression and affect cardiovascular disease,

Example 3: Phase I Non-Diabetic Gene Discoverv (PREDICT)

[66118]  Microarray CAD gene discovery on 210 PREDICT patient samples used a paired
case:control experimental design, to reduce confounding effects of age, sex, and microarray
batch processing. CAD analysis on the 99 caseicontrol pairs after QC exclusions yielded 5935
significant genes (p <0.05) with 655 genes in common with the CATHGEN resuits (Figure 3,

Table 5),

Pathwav Analvsis of Discovery Genes

100119} Gene Ontology {GO) analysis of these 655 genes identified 189 significant

biological process terms (p<0.05, Table 6), largely reflecting inflammation, celhular and stress
response, cell death, and apoptosis. The cellular and molecular ontologies showed enrichment
of 32 and 49 terrus respectively, including mitochondrial function, apoptotic protease activator

activity, and antigen binding.

Gene Selection

166120} A total of 113 genes (Table 2) were selected by statistical significance,
biological relevance, and prior association with CAD and gene expression measured by RT-
PCR in the PREDICT development cohort. Known cell-type specific markers, those correlated

with cell counts in PREDICT, and candidate normalization genes, were also represented.

Example 4: Phase 1 Prospective Alvorithm Development (PREDICT)

166121 The algorithm was derived using the RT-PCR and clinical data from the
PREDICT development cohort. The most signiticant clinical factors for CAD:gene expression
association were age, scx, chest pain type, and neutrophil count. Age and sex were
independent risk factors for CAD (Table 1) and showed significant gene expression
correlation. Chest pain type was also a significant independent risk factor (p=0.005), but was

gene expression independent. Neutrophil count was significantly correlated {positively or
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negatively) to expression of 93 of 113 RT-PCR genes, and was significantly assocated with
CAD in males (p=0.049), but not females (p=0.77). Gene expression correlations for all genes
to neutrophil and lymphocyte fraction were computed (Figure 4}, A correlation cut-off of >0.2
yielded 39 genes as lymphocyte-associated and 42 genes as neutrophil-associated. Neutrophil-
associated genes showed both up and down regulation with CAD status, whereas tymphocyte-
associated genes were generally down-regulated. There was significant gender-specific
regulation of neutrophil correlated genes (males 40/42 genes up-regulated, females, 41/42
down-regulated) whereas lymphocyte gene down~regulation was gender independent.

106122} Hierarchical clustering of the 113 PCR genes resulted in 18 correlated clusters
{Table 2), with finer correlation subsiructure within the lymphocyte and neutrophil associated
genes. There were 3 lymphocyte subgroups representing T-celis (clusters 1,2,3), B-cells
{cluster 3}, and NK cells {cluster 12}, Three neutrophil subgroups were also identified:
previously described neutrophil genes (1L8RB, S100A8, S100A 12, TXN, BCL2AL; cluster 13,
16} newly identified up-regulated neutrophil genes (CLEC4E, CASPS, TNFAIPG; cluster 16)
and down-regulated neutrophil genes (KCNE3, TLR4, TNFRSF10C; clusters 13, 14). The 29

genes n clusters 4-11 did not have clear cell-type association.

Alporithm Derivation

100123} Based on the correlation and cell-type analyses, 15 meta-genes and 3
normalization genes were defined as inputs for model variable selection. Selection by the
LASSO method, and weight penalization by Ridge regression resulted i the final, locked
algorithm, comprising 20 CAD-associated genes and 3 normalization genes in 6 meta-genes

{Figure 5). The algorithru score was defined as the predicted regression roodel value,

Summary
106124} The PCR algorithm development set was sutficiently powered to investigate the
relationship between CAD, clinical factors, and gene cxpression.  The most significant
independent clinical visk factors for CAD were age, gender, and chest pain type, the
components of the Diamond-Forrester risk rodel for CAD likelihood,' supporting its use as a
reference to assess algorithm performance.’”
196125} The relationships between age, gender, CAD, aund gene expression are complex.
Increasing age and male gender are well-known risk-factors for CAD which affects gene
expression in circulating cells.'® " The majority of genes measured by RT-PCR in this study

correlated with lymphocyte or neutrophil fraction {(Figure 4; 1 >0.2 for 39 and 42 genes
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respectively). Genes 1u the neutrophil-associated group include many we previously identified
(clusters 6,13,14; Table 2}, Lymphocyte group genes include those known to be expressed in
T-cells {CD3, TMCR), B-cells (SPIB, CI¥798), and NK-cells (SLAMF7, KLRC4) (Clusters
1,3, and 12, respectively). Lymphocyte-associated gene expression decreases with CAD ina
gender-independent fashion, consistent with decreased lymphocyte counts being correlated
with incroased cardiovascular risk.” In contrast, neutrophil-associated genes display
signtficant sex-specific expression differences with CAD: m males 95% of the neutrophil genes
were up-regulated whereas 98% were down-regulated 1o fermales, counsistent with increased
granulocyie counts in wales being associated with higher CAD nisk, with smaller effects 1o

females,™

Biologicel Sionificance of Aloorithm Terms

100126} The use of correlated meta-genes as building blocks for the algorithm is
significantly reflective of gene expression cell-type specificity. The algorithm genes are
expressed selectively in multiple types of circulating cells including neutrophils, NK cells, B
and T-lymphocytes *' supporting roles for both adaptive and innate immune responses in
atherosclerosis.*

180127} Algorithm term | genes (Figure 3) preferentially expressed in neutrophils, may
reflect neutrophil apoptosis, as caspase-3 is increased with CAD, whereas TNFRSFIOC, an
anti-apoptotic decoy receptor of TRAIL, is decreased.™ Term 2 genes up-regulated with CAD
likely reflect both innate immune activation (S100AR and S100A12),” and a collular necrosis
response (CLECAE).”! S100A8 and S100A12 are up-regulated in chronic inflammatory
conditions, perhaps reflecting a more general pathophysiological signal, consistent with
increased CAD in disorders such as rheumatoid arthritis, > %

166128} Term 2 is normalized 10 a geonder specific manner. In males normalization to
RPLZ8, which is strongly expressed in lymphocytes, reflects the neutrophil to lymphocyte
ratio, which is prognostic for death or M1 in a CAD population.® In females normalization to
AQPS and NCF4, two CAD insensitive neutrophil genes, permits assessment of neutrophil up-
regulation of the S100s and CLEC4E.

166129 Term 3 consists of 2 NK cell receptors, SLAMFE7 and KLRC4, normalized to T-
cell specific genes (TMCE and CD3D). SLAMFE7 may specifically activate NK celi function,
while inhibiting B and T cells.”’ KLRC4 is also likely involved in NK cell activation. NK
cells have been associated with atherosclerosis in both mouse models and humans, and reduced

: : . 8.29
tvmphocyte counts associated with cardiac events.™ *
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196136} Term 4 is a gene expression based measure of the B/T-cell ratio. Therole of T

: . 1)
cells 1s complex, whereas B cells have been shown i mouse models to be athero-protective.™

! n this study apparent up-regulation of B-cell specific genes is correlated with CAD, perhaps
indicating an immunological response to disease. The last two terms, based on AF289562

{AF2} and TSPANI6 are genes of unknown function,

Fxample 5: Phase IV: Prospective Aloorithm Validation {(PREDICT)

166131} The estimated cross-validated algorithm AUC w ROC analysis in the PREDICT
developmeunt set was .77 (95% (1 0.73 to 0.81); prospective validation in the independent
PREDICT validation set of 526 patients (192 cases, 334 controls) yielded an AUC of .70
{95% CI=0.65 10 0.75) (Figure 6).

[66132]  For algorithm development in Phases I and 1V, we used a robust approach, which
minimized the effect of any single gene, by using meta-genes as building blocks.'*
Penalized stepwise logistic regression {LASSO) selected significant meta-genes from a 640
patient data set which greatly exceeded the number of candidate variables (15 meta-genes),
reducing the likelithood of over-fitting, Further, 1o order to minimize over-weighting of
individual terms, weta-gene coefficients were penalized using Ridge regression.

(86133} The cross-validated model AUC was 0.77 (95% CI0.73 to 0.81), suggesting the
algorithm score was a significant CAD predictor, and the validation cohort AUC was (.70,
with overlapping confidence 1atervals (895% CL=0.65 t0 8.75).  This modest decrease may
reflect an over-optinuistic cross-validation estimate, as we did not re-select terms during each
iteration.

100134f Thus, using a series of microarray and RT-PCR data sets, comprising more than
1,500 patients, we have derived and validated an algorithm, consisting of the expression levels
of 23 genes, scx, and age, which assesses the likelihood of obstructive CAD in non-diabetic

patients,

Example 6 Summarv of above examples

[66135]  This study presents the development and validation of a whole blood derived RT-
PCR based gene-expression algorithm for assessment of obstractive CAD likelihood in non-
diabetic patients, and includes several key findings. First, gene cxpression patterns that
differentiate diabetic patients with and without CAD were very different from those for study
patients without diabetes. In the mitial Gene Discovery Cohort, 2438 genes were differcutially

expressed in cases versus controls. In the second, PREDICT gene discovery cohort in non-

J¥S)
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diabetic patients, 5935 genes were differentially expressed and 655 overlapped with the inttial
gene discovery genes. Based on gverall correlations and biological significance, 113 of these
655 genes, were selected for RT-PCR analysis in the independent algorithm development
cohort (Phase I}, which also identified relationships between clinical factors, cell counts, and
gene cxpression. The algorithim, including 23 gene expression levels, age, and sex, was
derived from these data and locked. It was then prospectively shown to have significant
diagnostic accuracy in Phasc IV, the prospective PREDICT validation cohort, with an AUC of
0,70 (95% CI = 0.65 1o 0.75; p=10""%),

163136} We consider our results robust, due to at least two {actors. First, we used a
carctully designed, senal, four-phase study comprising > 1,500 patients, with inttial nacroarray-
based gene discovery confinmed by quantitative RT-PCR measurements in independent
patients. Second, we used QCA to define CAD cases and controls, vielding a more accurate

gold standard.

Example 7: Removal of one ferm from the aleorithm,

1001371 In the following series of examples (7-47), we examined the sensitivity of the
algorithm and the algorithra developmeut process to differcuces in terms, markers, and
statistical methods, Each example follows the same general procedure: 1) identify a plausible
alternative model approach {e.g., fewer terms, alternate markers, etc.}; 2) rebuild the algorithm
based on that alternative approach, including re-weighting the terms and/or markers as
appropriate; and 3) assess whether the new model retains significant predictive accuracy.
106138] The ability of the algorithm to determine the likelihood of CAD in the absence of
one out of the seven terms was assessed. A single term was removed sequentially from the
algorithm while maintaining the other terms and the clinical factors of age and gender. For
example, term 1 was removed from the algorithm while terms 2-7 and the chnical {actors {(age
and gender) remained in the algorithm. The markers 1o terms 1-7 are shown 1 the table below,
Two statistical methods were used for the assessment: logistic regression and ridge regression,
For all analyses, the area under the ROC curve (AUC) was the primary accuracy metric used.
AUC was computed using cross validation. For example, when term 1 was removed from the

algorithm the altered algorithm was as follows:

Alporithm Calculation (Ridoe Reoresvion: removal of Term 1)

1y Define Norm; = RPL2S
2y Define Normy = ((5*HNRPF + S*TFCP2)
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3) Define NKy = (3*SLAMET + 5*KLRC4)

4y Define Teey = (5*CD3D + 5*TMCE)
5y Define Boay = {(2/3 *CD79B + 1/3 * SPIB)
6) Define Neut = ((5*AQP9 + 5*NCF4)
7y Define Ny, = (1/3 * CASPS + 1/3*IL1SRAP + [/3*TNFAIP6)
8} Define Nagwn = (25FILERB + 25%TNFRSFI0C + 25%TLR4 + 25¥KCNE3)
9y Define SCA; = (1/3*MMPY + 1/3*CLEC4E + 1/3*8100A%)
10) Define AF, = AF289562
11} Define SEX= 1 for Males, 0 for Females
12) Define Intercept
a. For Males, INTERCEPT = 0.70 + 0.044%Age
b, For Females, INTERCEPT = 0.38 + 0. 126%(Age-60), if negative set
to {3
13} Befine Score = INTERCEPT — .39 *{ Nyp = Naown} — 0.26%( NKp - Toan) —
(.33 *SEX*{ S8CA;- Normy - 0.06* { Bea~ Tear)- 0.07 *(1-SEXH)* SCA-
Neut}- 8.26 *{ AF,~ Norni)

186139} A similar algorithm development procedure was used for the sequential removal of
the other termus 1o this example as well as examples below. Summary statistics for each of the
calculations as well as the mean and standard deviation of the results are shown in Table 7.
AUC’s greater than the upper bound of the confidence interval for the AUC of Diamond
Forrester {DF} were considered significantly better than the DF model. See Table 8. All six-
term scts tested were significantly better than the DF model indicating that the algorithm

rematns predictive of the likelihood of CAD even after rernoval of one term.

Term dMarkers

Term 1 AF161365, HNRPF, TFCP2

Term 2 AF289562, HNRPF, TFCP2

Term 3 CDh79B, SPIB, CD3D, TMCS

Term 4 S100A12, CLECAE, S100A8, RPL2S
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Term Markers
Term 5 S100A12, CLECAE, S100A8, AQPY, NCF4
CASPS | IL1ISRAP, TNFAIPG, ILERB, TNFRSF10C, KCNE3,
Term & TLR4
Term 7 SLAMF7, KLRC4, CD3D, TMCS

Example 8: Removal of two terms from the alporithm,

186148} The ability of the algorithm to determine the likelihood of CAD in the absence of
two out of the seven terms was assessed. Two distinet terms were removed from the algorithm
while maintaining the other terms and the clinical factors of age and gender. For example,
terras 6-7 were removed from the algorithm while terms 1-5 and the chinical factors remained
in the algorithm. All possible five term cornbinations were assessed. Two statistical raethods
were used for the assessment: logistic regression and ridge regression. For all analyses, the
arca under the ROC curve (AUC) was the primary accuracy metric used. AUC was computed
using cross validation. Summary statistics for each of the calculations as well as the mean and
standard deviation of the results are shown in Table 9. AUC's greater than the upper bound of
the confidence interval for the AUC of Diamond Forrester {DF} were considered significantly
betier than the DF model. See Table 8. All five-terma sets tested were significantly better than
the DF model indicating that the algorithi remains predictive of the hikelihood of CAD even

after removal of two terms.

Example 9: Removal of three terms from the alvorithm,

186141}  The ability of the algorithm to determine the likelihood of CAD in the absence of
three out of the seven terms was assessed, Three distinet terms were removed from the
algorithm while maintaining the other terms and the clinical factors of age and gender. For
example, terms 5-7 were removed from the algorithm while terms 1-4 and the climeal factors
rematned in the algorithm. Al possible four term combinations were assessed. Two statistical
methods were used for the assessment: fogistic regression and ridge regression. For all
analyses, the area under the ROC curve (AUC) was the primary accuracy metric used, AUC
was computed using cross validation. Summary statistics for each of the calculations as well as
the mean and standard deviation of the results are shown in Table 10, AUC's greater than the
upper bound of the confidence interval for the AUC of Diamond Forrester (DF) were
considered significantly better than the DF model. See Table 8. All four-term sets tested were
significantly better than the DF model indicating that the algorithra remaius predictive of the
fikelihood of CAD even after removal of three terms.
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Example 18: Removal of four terms from the aleorithm,

100142}  The ability of the algorithm to determmune the hikelihood of CAD i the absence of
four out of the seven terms was assessed. Four distinet terms were removed from the algorithm
while maintaining the other terms and the clinical factors of age and gender. For example,
terms 4-7 were removed from the algorithm while terms 1-3 and the chinical factors remained
in the algorithm. All possible three term combinations were assessed. Two statistical methods
were used for the assessment: logistic regression and ridge regression. For all analyses, the
area under the ROC curve (AUC) was the primary accuracy metric used. AUC was computed
using cross vahidation. Summary statistics for cach of the calculations as well as the mean and
standard deviation of the resulis are shown in Table 11, AUC's greater than the upper bound of
the confidence juterval for the AUC of Diamond Forrester (DF) were cousidered signmficantly
betier than the DF model. See Table 8. All three-term sets tested were significantly betier than
the DF model indicating that the algorithm remains predictive of the likelihood of CAD even

after removal of four terms.

Fxample 1§: Removal of five terms from the aleorithm,

100143}  The ability of the algorithm to determmne the likelihood of CAD i the absence of
five out of the seven terms was assessed. Five distinct terms were removed from the algorithm
while maintaining the other terms and the clinical factors of age and gender. For example,
terms 3-7 were removed from the algorithm while terms 1-2 and the chinical factors remained
in the algorithm. All possible two term combinations were assessed. Two statistical methods
were used for the assessment: logistic regression and ridge regression. For all analyses, the
area under the ROC curve (AUC) was the primary accuracy metric used. AUC was computed
using cross vahidation. Summary statistics for cach of the calculations as well as the mean and
standard deviation of the resulis are shown in Table 12, AUC's greater than the upper bound of
the confidence juterval for the AUC of Diamond Forrester (DF) were cousidered signmficantly
betier than the DF model. See Table 8. All two-term sets tested were significantly better than
the DF model indicating that the algorithm remains predictive of the likelihood of CAD even

after removal of five terms.

Fxample 12: Removal of six terms from the aloorithm,

100144]  The ability of the algorithm to deternune the likelihood of CAD n the absence of
stx out of the seven terms was assessed. Six distinet terms were removed frow the algorithra

while maintaining the other terms and the clinical factors of age and gender. For example,
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terms 2-7 were removed from the algorithm while term 1 and the clinical factors remained in
the algorithm. Two statistical methods were used for the assessment: logistic regression and
ridge regression. For all analyses, the area under the ROC curve (AUC) was the primary
accuracy metric used. AUC was computed using cross validation. Summary statistics for each
of the calculations as well as the mean and standard deviation of the results are shown in Table
13, AUC's greater than the upper bound of the confidence interval for the AUC of Diamond
Forrester (DF) were considered significantly better than the DF model. See Table 8. All one-
term sels tested were significantly better than the DF model indicating that the algorithm

rematns predictive of the Hkelihood of CADY even after revaoval of six terms,

Example 13: Removal of all seven terms from the alvorithm,

[06145]  The ability of the algorithm to determine the likelihood of CAD in the absence of
seven out of the seven marker expression terms was assessed. Seven distinct terms were
removed from the algorithm while maintaining the chinical factors of age and gender. Two
statistical methods were used for the assessment: logistic regression and ridge regression. For
the analysis, the area under the ROC curve {AUC) was the primary accuracy metric used.
AUC was computed using cross validation. Summary statistics for the calculations are shown
in Table 14, AUC's greater than the upper bound of the confidence interval for the AUC of
Diamond Forrester (DF) were considered significantly better than the DF model. See Table 8.
The age plus gender plus zero-marker cxpression term set tested was significantly betier than
the DF model indicating that the algorithm remains predictive of the likelihood of CAD even
after removal of all seven marker expression termus. This indicates that the algorithm weighting

of gender and age 1s supenior to the weighting of clinical {actors in the DF model.

Example 14 Replacement of S189A12 with a hichlv correlated substitute marker,

[00146] For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase HI PCR data set described above (See Table 1h and Table 2).
For cach marker, a Pearson correlation value between that marker and all other markers was
computed and then we picked the substitute warker with maximal correlation to the algorithm
warker of nterest. This substitute was the marker with the highest correlation to the algotithm
marker, subject to the restriction that a substitute marker was not used more than once in the
terms of the algorithm. The correlation value for this particular replacement is shown in Table
15, Two statistical methods were used for the analysis: logistic regression and ridge

regression. For the analysis, the area under the ROC curve (AUC) was the primary accuracy
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metric. AUC was computed using cross validation. Accuracy was computed for models that
substituted one gene at a time.  In this example, MMPY was substituted for S100A12 1 all
relevant terms of the algorithm, here MM P9 was substituted for S100A12 in terms 4 and 5.
For example, when S100A12 was replaced in the algorithm with MMP9, the altered algorithm

was as follows:

Aleorithm Calculation {Logistic Repression, substituiion of MMPS jor
SIG0A4i2

1) Define Norm,; = RPL2§
2) Define Norm, = (5*HNRPF + S*TFCP2)
3y Define NKy, = (. S*SLAMF7 + 5*KLRC4)
4y Define Toy = (5*CD3D + S5*TMCE)
5} Define Bey = (2/3 *CD79B + 1/3 * §PIB)
63 Define Neut = { 5*AQPY + 5*NCF4)
7y Define Ny = (1/3 * CASPS + 1/3*IL18RAP + 1/3*TNFAIPS)
8y Define Nagwn = (Z5*ILERE + 2S*¥TNFRSFI0C + 25%TLR4 + 25*KCONE3)
9y Define SCA; = (1/3*MMPO + 1/3*CLEC4E + 1/3*S100A8)
10y Define AF, = AF289562
11} Detine TSPAN = 1 it (AF161365-Norm2 > 6.27 or AF161365=NoCall}, 0
otherwise
12} Define SEX= 1 for Malecs, 0 for Females
13) Define Intercept
a. For Males, INTERCEPT = 3528+ 0.047%Age
b. For Females, INTERCEPT = 4.44 + .120*(Age-60), if negative set
o
14} Define Score = INTERCEPT — 105 *( Nyp - Noown} — 0.56%( NEp, - Toa) —
0,35 *SEX*( SCAy- Norma - 0.30% ( Beenr Tear)- 0.89 *(1-SEX)*{ SCA ;-
Neut)- 0.87 *SEX*(TSPAN)- 0.38 *( AF,- Nornw)
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196147} A similar algorithm development procedure was used n exaruples below,
Summary statistics for the calculations are shown in Table 15, AUCs greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 15: Replacement of CLEC4E with g hichlv correlated substitute marker.

[66148]  For each algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase I PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used {or the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, ALOXSAP was substituted for CLEC4E in all relevant terms of the algorithm.
Summary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
signtficantly better than the DF model, See Table 16 for DF AUC. The algorithm with the
substitute moarker remuained significantly betier than the DF wodel indicating that the algorithm
rematns predictive of the Hkelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitite marker.

Example 16: Replacement of S103AS with 2 hishiv correlated substiinte marker,

106149}  For cach algorithm marker, a highly correlated, non-algorithra substitute marker
was identified frova the Phase Tl PCR data set described above. For each warker, a Pearsou
correlation value between that marker and all other markers was coraputed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the

restriction that a substitute marker was not used more than once in the terms of the algorithm.
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The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, NAMPT was substituted for S100AS in all relevant terms of the algorithm.
Summary statistics for the caleulations are shown in Table 15, AUC s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
stgnificantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute moarker remuained significantly betier than the DF wodel indicating that the algorithm
rematns predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitite marker.

Example 17: Replacement of CASPS with a hishiv correlated substitute marker,

180186] For cach algorithm marker, a highly correlated, non-algorithra substitute marker
was identified frova the Phase Tl PCR data set described above. For each warker, a Pearsou
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement 1s shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area vnder the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was compuied for models that substituled one gene at a time.
In this example, H3F3B was substituted for CASPS in all relevant terms of the algorithm.
Summary statistics for the calculations are shown in Table 15, AU s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester {DF} were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 18: Replacement of ILIBRAP with a hishlv correlated substitute marker.

100151}  For cach algorithm marker, a highly correlated, non-algorithm substitute marker

was identified from the Phase 111 PCR data set described above. For each marker, a Pearson
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correlation value between that marker and all other markers was coraputed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the arca under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was compuied for models that substituled one gene at a time.
In this example, TXN was substituted for ILI8RAP 1n all relevaut terms of the algorithu,
Summary statistics for the calculations are shown in Table 15, AU s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (¥} were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker romained significantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.

Example 19: Replacement of TNFAIPG with a hichlv correlated substitute marker,

100152] For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 111 PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was ot used more than once in the terms of the algorithru.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: Jogistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this exaraple, PLAUR was substituted for TNFAIP6G in all relevant torms of the algorithm,
Sunumary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence 1uterval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for BF AUC. The algorithrn with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelthood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.
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Example 28: Replacement of AQPY with a hichly correlated substituie marker,

100153}  For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was ideniified from the Phase [l PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substituite marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15. Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the arca under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for raodels that substituted one geune at a time,
In this exaraple, GLTIDT was substituted for AQP9 in all relevant terms of the algorithm,
Summary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
rematns predictive of the likelihood of CAD cven after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 21: Beplacement of NCV4 with a hichlv correlated substifute marker,

[66154]  For each algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase [{I PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used wore than ouce 1o the terms of the algonithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, NCF2 was substituted for NCF4 in all relevant terms of the algorithm.
Summary statistics for the caleulations are shown in Table 15, AUC s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
stgnificantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
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substitute marker remained sigmificantly better than the DF model indicating that the algorithm
remains predictive of the likelthood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.

Fxample 22: Replacement of 3D with g highly corvelated substitute marker.

10G155]  For cach algorithm marker, a highly correlated, nou-algonithm sabstitute marker
was ideniified from the Phase [l PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substituite marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metrie. AUC was computed
using cross validation. Accuracy was computed for raodels that substituted one geune at a time,
In this example, LUK was substituted for CD3D m all relevant terms of the algorithm.
Summary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker rermained significantly betier than the DF model indicating that the algorithm
rematns predictive of the likelihood of CAD cven after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 23: Beplacement of TMCOSE with a hichlv correlated substituie marker.

{80156} For each algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase [{I PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algonithm warker, subject to the
restriction that a substitute marker was not used wore than ouce 1o the terms of the algonithm.
The correlation value for this particular replacement is shown i Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed

using cross validation. Accuracy was computed for models that substituted one gene at a time.
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In this exaruple, CCT2 was substituted for TMOE in all relevant termus of the algorithm.
Summary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
rematns predictive of the likelihood of CAD cven after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 24: Beplacement of CH79B with a hishly correlated substitute marker,

{86157}  For each algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase [{I PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algonithm warker, subject to the
restriction that a substitute marker was not used wore than ouce 1o the terms of the algonithm.
The correlation value for this particular replacement is shown i Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, CD 9 was substituted for CD79B 1n all relovant terms of the algorithm,
Summary statistics for the caleulations are shown in Table 15, AUC s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (BEF} were considere
stgnificantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
rematns predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitite marker.

Example 25: Replacement of SPIB with a hishiv correlated substitute marker,

1B0188] For cach algorithm marker, a highly correlated, non-algorithra substitute marker
was identified frova the Phase Tl PCR data set described above. For each warker, a Pearsou
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the

restriction that a substitute marker was not used more than once in the terms of the algorithm.
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The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, BLK was substituted for SPIB in all relevant terms of the algorithm.
Summary statistics for the caleulations are shown in Table 15, AUC s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
stgnificantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute moarker remuained significantly betier than the DF wodel indicating that the algorithm
rematns predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitite marker.

Example 26: Replacement of HNBEPF with 2 hishiv correlated substitute marker,

180189]  For cach algorithm marker, a highly correlated, non-algorithra substitute marker
was identified frova the Phase Tl PCR data set described above. For each warker, a Pearsou
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement 1s shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area vnder the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was compuied for models that substituled one gene at a time.
In this example, ACBDS was substituted for HNRPF in all relevant terms of the algornithm.
Summary statistics for the calculations are shown in Table 15, AU s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester {DF} were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 27: Replacement of TEFCP2 with a hichly correlated substitute marker,

[0016¢] For cach algorithm marker, a highly correlated, non-algorithm substitute marker

was identified from the Phase 111 PCR data set described above. For each marker, a Pearson
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correlation value between that marker and all other markers was coraputed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the arca under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was compuied for models that substituled one gene at a time.
In this example, DDX18 was substituted for TFCP2 1 all relevant terms of the algorithm.
Summary statistics for the calculations are shown in Table 15, AU s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (¥} were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker romained significantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.

Example 28: Replacement of RPL2E with a highly correlated substitute marker.

100161}  For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 111 PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithr,
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: Jogistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this exarople, SSRP1 was substituted for RPL28 1n all relevant terms of the algorithm,
Sunumary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence 1uterval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for BF AUC. The algorithrn with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelthood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.
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Example 29: Replacement of AFIR9562 with 2 hishlv correlated substitute
marker.

1001621 For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 1 PCR data set described above. For cach marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was not used more than once in the terms of the algorithra,
The correlation value for thus particular replacement is shown m Table 15, Two statistical
methods were used for the analysis: Jogistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time,
In this example, CD248 was substituted for AF289562 1in all relevant terms of the algorithm.
Sunmmary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester {DF} were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained sigmificantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.

Example 38: Replacement of SEAMET with 2 hishly correlated substitute mavker,

100163}  For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase Il PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15. Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the arca under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross vahidation. Accuracy was computed for models that substituted one gene at a time,
In this exarople, CX3CR1 was substituted for SLAMET tn all relevant terms of the algorithm,
Summary statistics for the calculations are shown in Table 15, AUCs greater than the upper

bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
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significantly better than the DF model. See Table 16 for BF AUC. The algorithrn with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelthood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker.

Example 31: Replacement of KLEC4 with a highlv correlated substitute marker.

100164]  For cach algorithm marker, a highly correlated, nouv-algonithm sabstitute marker
was identified from the Phase I PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used {or the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metrie. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, CDRA was substituted for KLRC4 in all relevant terms of the algorithm.
Summary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
signtficantly better than the DF model, See Table 16 for DF AUC. The algorithm with the
substitute marker rermained significantly betier than the DF model indicating that the algorithm
rematns predictive of the Hkelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker,

Example 32: Replacement of HL8REB with a hishly corrvelated substitute marker,

{80165} For each algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase [II PCR data set deseribed above. For cach marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algonithm warker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown i Table 15, Two statistical
methods were used for the analysis: logistic rogression and ridge regression. For the analysis,

the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
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using cross validation. Accuracy was computed for raodels that substituted one geune at a time,
In this example, BCLZA1 was substituted for ILERB in all relevant terms of the algorithm.
Summary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (DF) were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker rermained significantly betier than the DF model indicating that the algorithm
rematns predictive of the likelihood of CAD cven after replacement of the algorithm marker
with the highly correlated substitute marker,

Example 33: Replacement of TNEFRSFIOC with a hichly correlated substitute
marker,

100166]  For cach algorithm marker, a highly correlated, nouv-algorithm sabstitute marker
was ideniified from the Phase [l PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substituite marker was not used more than once in the terms of the algorithm.
The correlation value for this particular replacement is shown in Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metrie. AUC was computed
using cross validation. Accuracy was computed for raodels that substituted one geune at a time,
In this example, PTAFR was substituted for TNFRSFI0C in all relevant terms of the
algorithm. Summary statistics for the calculations are shown in Table 15, AUC’s greater than
the upper bound of the confidence interval for the AUC of Diamond Forrester (DF) were
considered significantly better than the DF model. See Table 16 for DF AUC. The algorithm
with the substitute marker remained significantly better than the DF model indicating that the
algorithm remains predictive of the likelihood of CAD even after replacement of the algorithm

marker with the highly correlated substitute marker.

Exampile 34: Beplacement of KCNEZ with a highlv correlated substitute marker.

{80167} For each algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase [{I PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algonithm warker, subject to the
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restriction that a substitute marker was not used wore than ouce 1o the terms of the algonithm.
The correlation value for this particular replacement is shown i Table 15, Two statistical
methods were used for the analysis: logistic regression and ridge regression. For the analysis,
the area under the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time.
In this example, LAMP2 was substituted for KUNE3 n all relevant terms of the algorithm.
Summary statistics for the caleulations are shown in Table 15, AUC s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester (BEF} were considere
significantly better than the DF model. See Table 16 for DF AUC. The algornithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
rematns predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitite marker.

‘xample 35: Replacement of TLR4 with a highly correlated substitute marker,

180168]  For cach algorithm marker, a highly correlated, non-algorithra substitute marker
was identified from the Phase 111 PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was not used more than once in the terms of the algorithra,
The correlation value for this particular replacement 1s shown in Table 15, Two statistical
methods were used for the analysis: Jogistic regression and ridge regression. For the analysis,
the area vnder the ROC curve (AUC) was the primary accuracy metric. AUC was computed
using cross validation. Accuracy was computed for models that substituted one gene at a time,
In this example, TYROBP was substituted for TLR4 in all relevant terms of the algorithm.
Sunmmary statistics for the calculations are shown in Table 15, AUC’s greater than the upper
bound of the confidence interval for the AUC of Diamond Forrester {DF} were considered
significantly better than the DF model. See Table 16 for DF AUC. The algorithm with the
substitute marker remained significantly better than the DF model indicating that the algorithm
remains predictive of the likelihood of CAD even after replacement of the algorithm marker

with the highly correlated substitute marker,
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Example 36: Random replacement of Bve aloorithm markers with five distinet,
hichlv correlated substitute markers.

10016%9]  For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 1 PCR data set described above. For cach marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was not used more than once in the terms of the algorithra,
See Table 15 for the highly correlated substitute markers. Two statistical methods were used
for the analysis: logistic regression and ridge regression. For the analysis, the area under the
ROC curve (AUC) was the primary accuracy metric. AUC was computed using cross
validation. Accuracy was computed for models that randomly substitated five highly
correlated markers at a time for five distinct algorithm markers. For the random marker
substitutions, 100 iterations each were run and the mean and the standard deviation were
calculated. Sumumary statistics for the calculations are shown in Table 16, AUC's greater than
the upper bound of the confidence mterval for the AUC of Diamond Forrester (DF) are
cousidered significantly better than the DF model. The algorithm with the sabstitute markers
remained significantly better than the DF model indicating that the algorithro remains
predictive of the likehihood of CAD even after replacement of five algorithm markers with five
highly correlated substitute markers.

Example 37: Random replacement of ten aloorithm markers with ten distingt,
hichlv correlated substitute markers.

i0017¢]  For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 111 PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was not used more than once in the terms of the algorithra,
See Table 15 for the highly correlated substitute markers. Two statistical methods were used
for the analysis: logistic regression and ridge regression. For the analysis, the area under the
ROC curve (AUC) was the primary accuracy metric. AUC was computed using cross
validation. Accuracy was computed for models that randomly substituted ten highly correlated

markers at a time for ten distinct algorithm markers. For the random marker substitutions, 100
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ilerations cach were run and the mean and the standard deviation were calenlated. Suramary
statistics for the calculations are shown in Table 16, AUC's greater than the upper bound of the
confidence interval for the AUC of Diamond Forrester (DF) are considered significantly better
than the DF model. The algorithm with the substitute markers remained significantly better
than the DF model indicating that the algorithm rematns predictive of the likelihood of CAD
even after replacement of ten algorithm markers with ten highly correlated substitute markers.

Exampile 38: Random replacement of fifteen alvorithm markers with fifteen
distinet, hivhly correlated substitute markers,

106171}  For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase Il PCR data set described above. For each marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
restriction that a substitute marker was not used more than once in the terms of the algorithm.
See Table 15 for the highly correlated substitite markers. Two statistical methods were used
for the analysis: logistic regression and ridge regression. For the analysis, the area under the
ROC curve (AUC) was the primary accuracy metric. AUC was computed using cross
validation. Accuracy was computed for models that randomly substituted fifteen highly
correlated markers at a time for fitteen distinet algonithm warkers. For the random warker
substitutions, 100 terations each were run and the mean and the standard deviation were
calculated. Summary statistics for the calculations are shown in Table 16. AUC's greater than
the upper bound of the confidence interval for the AUC of Diamond Forrester (DF) are
considered significantly better than the DF model. The algorithm with the substitute markers
remained significantly better than the DF model indicating that the algorithm remains
predictive of the hikelihood of CAD even afier replacement of fifteen algorithm markers with

fiftcen highly correlated substitute markers.

()
(o]



WO 2010/148017 PCT/US2010/038712

Fxample 39: Random replacement of twentvy aloorithm markers with twenty
distinet, hichlv correlated substitute markers.

1001721 For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 1 PCR data set described above. For cach marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was not used more than once in the terms of the algorithra,
See Table 15 for the highly correlated substitute markers. Two statistical methods were used
for the analysis: logistic regression and ridge regression. For the analysis, the area under the
ROC curve (AUC) was the primary accuracy metric. AUC was computed using cross
validation. Accuracy was computed for models that randomly substituted twenty highly
correlated markers at a time for twenty distinct algorithm markers, For the random marker
substitutions, 100 iterations each were run and the mean and the standard deviation were
calculated. Sumumary statistics for the calculations are shown in Table 16, AUC's greater than
the upper bound of the confidence mterval for the AUC of Diamond Forrester (DF) are
cousidered significantly better than the DF model. The algorithm with the sabstitute markers
remained significantly better than the DF model indicating that the algorithro remains
predictive of the likelihood of CAD even after replacement of twenty algorithm markers with
twenty highly correlated substitute markers.

Fxample 48: Random replacement of all aloorithm markers with distinet, hishly
correlated substitute markers,

1081731 For cach algorithm marker, a highly correlated, non-algorithm substitute marker
was identified from the Phase 1 PCR data set described above. For cach marker, a Pearson
correlation value between that marker and all other markers was computed and then we picked
the substitute marker with maximal correlation to the algorithm marker of interest. This
substitute was the marker with the highest correlation to the algorithm marker, subject to the
resiriction that a substitute marker was not used more than once in the terms of the algorithra,
See Table 15 for the highly correlated substitute markers. Two statistical methods were used
for the analysis: logistic regression and ridge regression. For the analysis, the area under the
ROC curve (AUC) was the primary accuracy metric. AUC was computed using cross
validation. Accuracy was computed for models that randomly substituted highly correlated

markers at a time for all algorithm markers. For the random marker substitutions, 100
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ilerations each were run and the mean was calculated. Summary statistics for the calculations
are shown in Table 16, AUC's greater than the upper bound of the confidence interval for the
AUC of Diamond Forrester {IF) are considered significantly better than the DF model. The
algorithm with the substitute markers remained significantly better than the DF model
indicating that the algorithm remains predictive of the likelihood of CAD even after

replacement of all algorithm markers with highly correlated substitute markers,

Exampie 41: Bemoval of markers from Term 1.

[66174] Term 1 algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to determine whether the algorithm would remain predictive of the
likelihood of CAD in their absence. All other terms and their associated markers were
removed from the algorithm, thus in this analysis cach term was considered on its own. Hach
term on the model 1s a delta term, with n_1 markers on the left side of the delta termand m 1
wmarkers on the right side of the delta terra. We examined two marker ‘reduced terms” where
only oue of the n_i lefi-hand side markers and one of the possible m_i nght-hand side markers
was used in the term. There were thus n_i™m_i possible two marker reduced terms. We also
examined ‘reduced terms’ produced by the sequential removal of markers from the full term for
both the algorithm markers as well as the substitute markers.

I081758]  For cach of the reduced terms, models were fit including gender, age, and the
reduced term, and cross-validated AUC’s were estimated. These cross validated AUC’s were
compared to the AUC’s from a model that included gender, age, and the full term. For cach
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, 1.e., whether the decrease in AUC was sufficient to render the marker reduced set not
beneficial in prediction of CAD. The same process was repeated for all redaced marker sets
where correlated replacerent markers were used in place of original algorithm markers.
106176]  We found that all reduced terms produced in this analysis rerained predictive of

CAD. See Table 17.

Example 42: Removal of markers from Term 2.

196177} Term 2 algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to determine whether the algorithm would remain predictive of the
fikelihood of CAD in their absence. All other terrus and their associated markers were
removed from the algorithm, thus in this analysis each terra was considered on its own. Each

term on the model is a delta term, with n_i markers on the left side of the delta term and m_i
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wmarkers on the right side of the delta terra. We examined two marker ‘reduced terms” where
only one of the n_i left-hand side markers and one of the possible m_i right-hand side markers
was used in the term. There were thus n_i™m_i possible two marker reduced terms. We also
examined ‘reduced terms’ produced by the sequential removal of markers from the full term for
both the algorithm markers as well as the substitute markers.

100178] For cach of the reduced terms, models were fit including gender, age, and the
reduced term, and cross-validated AUC’s were estimated. These cross validated AUC s were
compared to the AUC s from a model that inchuded gender, age, and the full term. For cach
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, t.e., whether the decrease tn AUC was sufficient io render the marker reduced set not
beneficial in prediction of CAD. The same process was repeated for all reduced marker sets
where correlated replacement markers were used in place of original algorithm markers.
[66179] We found that all reduced terms produced in this analysis remained predictive of

{CAD. See Table 14,

Example 43: Removal of markers from Term 3.

100186G]  Term 3 algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to deternmine whether the algonithm would rewain predictive of the
likelihood of CAD in their absence. All other terms and their associated markers were
removed from the algorithm, thus in this analysis each term was considered on its own. Each
term on the model is a delta term, with n_1 markers on the left side of the delta term and m_1
markers on the right side of the delta term. We examined two marker ‘reduced terms’ where
only one of the n_1 left-hand side markers and one of the possible 11 right-hand side markers
was used in the terro, There were thus n 1%m_1 possible two marker reduced terras. We also
examined ‘reduced terms’ produced by the sequential removal of warkers frow the full term for
both the algorithm matkers as well as the sabstituie markers,

100181}  For cach of the reduced terms, models were {it including gender, age, and the
reduced term, and cross-validated AUC s were estimated. These cross validated AUC s were
compared to the AUC’s from a model that included gender, age, and the full term. For each
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, 1.€., whether the decrease in AUC was sufficient to render the marker reduced set not
beneficial in prediction of CAD. The same process was repeated for all reduced marker sets

where corrclated replacement markers were used 1o place of original algorithm markers, In
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addition, for the two marker reduced sets, the same process was repeated again where one
correlated replacement marker was used along with one original algorithm marker.

1001821  We found that all reduced terms produced in this analysis remained predictive of
CAD, except for: LOK/CCT2Z/CDTY/BLIC LCK/CDIY/BLK: CCT2/CDIY/BLEK;

LCK/CCT2/CDYS; LCK/CB19; CCT2/CDILY; CDAD/CD19; LCK/CD9; and CCT2/CDIS.
See Table 19. TMCE/CD19 was predictive of CAD when AUC using Ridge regression was

calculated, but not when AUC using Logistic Regression was calculated. See Table 19,

Example dd: Removal of markers from Term 4.

[66183]  Term 4 algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to determine whether the algorithm would remain predictive of the
likelihood of CAD in their absence. All other terms and their associated markers were
removed from the algorithm, thus in this analysis each term was considered on its own. Hach
term on the model 1s a delta term, with n_1 markers on the left side of the delta termand m 1
markers on the right side of the delta terrm, We cxamined two marker ‘reduced terms” where
only oue of the n_i lefi-hand side markers and one of the possible m_i nght-hand side markers
was used in the term. There were thus v_1*m_ 1 possible two marker reduced terms. We also
examined ‘reduced terms’ produced by the sequential removal of markers from the full term for
both the algorithm markers as well as the substitute markers.

iB0184] For cach of the reduced terms, models were it including gender, age, and the
reduced term, and cross-validated AUC’s were estimated. These cross validated AUC’s were
compared to the AUC’s from a model that included gender, age, and the full term. For cach
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, 1.e., whether the decrease in AUC was sufficient to render the marker reduced set not
beneficial in prediction of CAD. The same process was repeated for all redaced marker sets
where correlated replacerent markers were used in place of original algorithm markers.
10G185] We found that all reduced terms produced in this analysis remained predictive of

CAD. See Table 20.

Exampie 45: Removal of markers from Term S,

106186} Torm S algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to determine whether the algorithm would remain predictive of the
fikelihood of CAD in their absence. All other terrus and their associated markers were

removed from the algorithm, thus in this analysis each terra was considered on its own. Each
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term on the wodel 18 a delta term, with n_1 markers on the left side of the delta termand m 1
markers on the right side of the delta term. We examined two marker ‘reduced terms” where
only one of the n_i left-hand side markers and one of the possible m_i right-hand side markers
was used in the term. There were thus n_i*m_i possible two marker reduced terms. We also
examined ‘reduced terms’ produced by the sequential removal of markers from the full term for
both the algorithm markers as well as the substitute markers,

100187}  For cach of the reduced terms, models were it including gender, age, and the
reduced term, and cross-validated AUC’s were estimated. These cross validated AUC s were
compared to the AUC’s from a model that inchuded gender, age, and the full term. For each
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, 1.¢., whether the decrease in AUC was sufficient to render the marker reduced set not
beneficial in prediction of CAD. The same process was repeated for all reduced marker sets
where correlated replacement markers were used in place of original algorithm markers. In
addition, for the two marker reduced sets, the same process was repeated again where one
correlated replacement marker was used along with one original algorithm marker.

[00188]  We found that all reduced terms produced in this analysis remained predictive of
CAD, except for: MMPY/ALOXSAP/GLTIDI/NCEZ; MMPYWALOXSAP/NAMPT/NCFZ;
MMPY/GLTIDI/NCF2; MMPYALOXSAP/NCEFZ; MMPO/NAMPT/NCEFZ; MMPY/GLTIDE;
ALOXSAP/NCF2; MMPO/NCEFZ; ALOXSAP/AQPY; and ALOXSAP/NCFZ, See Table 21,
ALOXSAP/NCF4 was predictive of CAD when AUC using Ridge regression was calenlated,

but not when AUC using Logistic Regression was calculated. See Table 21.

Fxample 46: Removal of markers from Term 6.

100189}  Term 6 algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to determine whether the algorithva would remain predictive of the
Hikelihood of CAD ip their absence. All other terms and their associated markers were
removed from the algorithm, thus in this analysis each term was considered on its own. Hach
term on the model is a delta term, with n_t markers on the left side of the delta term and m 1
markers on the right side of the delta term. We examined two marker ‘reduced terms’ where
only one of the n_1 left-hand side markers and one of the possible m_1 right-hand side markers
was used in the torm. There were thus n_1*m 1 possible two marker reduced terms, We also
examined ‘reduced terms’ produced by the sequential removal of markers from the full term for

both the algorithm markers as well as the substitute markers.

6(



WO 2010/148017 PCT/US2010/038712
100186¢]  For cach of the reduced terms, models were fit including gender, age, and the
reduced term, and cross-validated AUCs were estimated, These cross validated AUC’s were
compared to the AUC’s from a model that included gender, age, and the full terms. For each
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, i.e., whether the decrease in AUC was sufficient to render the marker reduced set not
beneficial in prediction of CAD. The same process was repeated for all reduced marker sets
where correlated replacement markers were used in place of original algorithm markers. In
addition, for the two marker reduced sets, the same process was repeated again where one
correlated replaceruent marker was used along with one original algorithva marker.

100191} We found that all reduced terms produced in this analysis remained predictive of
CAD, except for: HAF3B/TXN/BCLZAT/LAMPZ/TYRORBP, HIFIB/TXN/BCL2AV/LAMP2;
H3F3B/TXN/BCL2AUVTYROBP; TXN/PLAUR/BCLZAI/TYROBP;
H3F3R/TXN/PLAUR/BCLZAL; H3F3B/BCLZAT/TYROBP;, TXN/BCLZAV/TYROBP;

H3F3B/TXN/BCL2AL HAF3B/TXN/TYROBP: TXN/PLAUR/BCLZAT;
TXN/PLAUR/BCL2AT; H3F3B/BCLZAL H3F3B/TYROBP; TXN/BCL2ZAL TXN/TYROBP,
TXNALSRB; and TXN/TNFRSFI0C. See Table 22.

‘xample 47: Removal of markers from Term 7

1001921 Term 7 algorithm and highly correlated substitute markers were sequentially
removed from the algorithm to determine whether the algortthm would remain predictive of the
likelihood of CAD in their absence. All other terms and their associated markers were
removed from the algorithm, thus in this analysis cach term was considered on its own. Each
terrn on the model s a delta term, with n_1 markers on the lefi side of the delta term and m_1
markers on the right side of the delta term. We examined two marker ‘reduced terms’ where
only one of the n_1 left-hand side markers and one of the possible va_1 right-hand side markers
was used n the terro, There were thus n %m 1 possible two marker reduced terros. We also
examined ‘reduced terms’ produced by the sequential removal of markers from the full term for
both the algorithn markers as well as the substitute markers.

166193}  For each of the reduced terms, models were fit including gender, age, and the
reduced term, and cross-validated AUC s were estimated. These cross vahlidated AUC s were
compared to the AUC’s from a model that included gender, age, and the full term. For cach
reduced term, we tested whether there was still a statistically significant predictive effect of the
term, i.¢., whether the decrease in AUC was sufficient to render the marker reduced set not

beneficial in prediction of CAD. The same process was repeated for all reduced marker sets
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where correlated replacement markers were used 1o place of origival algorithm markers. In
addition, for the two marker reduced sets, the same process was repeated again where ong
correlated replacement marker was used along with one original algorithm marker.

100124]  We found that all reduced terms produced in this analysis remained predictive of
CAD, except for: LCK/CCT2/CX3CRI/CDEA; LCK/CX3CRI/CDEA; CCTZ/CX3CRU/CDBA;
LCK/CCT2/CD8A; LCK/CD8A; CCT2/CDEA; TMUB/CDSA; and CD3D/CDEA. See Table
23,

Examnple 48: Validation of the diagnostic accuracy of the alsorithm for assessment
of CAD in non-diabetic patients.

[00195]  Herein we report initial prospective validation of a gene expression algorithm for
the likelthood of obstructive CAD, defined as one or more coronary atherosclerotic lesions

causing >50% luminal diameter stenosis, in non-diabetic patients with suspected CAD,

Methods

Genergl Study Desion and Study Population

180196f  Subjects were enrolled in PREDICT, a 39 center (US) prospective study, between
July 2007 and Apnil 2009, The study was approved at the institutional review board at all
participating centers and all patients gave written informed consent. Subjects referred for
diagnostic coronary angiography were cligible if they had a history of chest pain, suspected
anginal-cquivalent syrmptoms, or a high risk of CAD, and no known prior myocardial infarction
(M), revascularization, or obstructive CAD. Subjects were ineligible if at catheterization, they
had acute M, high risk unstable angina, severe non-coronary heart disease {congestive heart
failure, cardiomyopathy or valve disease), systemic infectious or mflammatory conditious, or
were taking immunosuppressive or chemotherapeutic agents.

166197} From 2418 eurolied subjects who met inclusion critena, 606 disbetic patients
were excluded, as this initial algorithm development and validation was focused on non-
diabetics. Of the remaining 1812 patients, 237 had angiographic images unsuitable for QCA
and 6 had unusable blood samples. For the remaining 1569 subjects, 226 were used in gene
discovery (Elashoff MR, Wingrove JA, Beincke P, et al. Development of a Blood-based Gene
Expression Algorithm for Assessment of Obstructive Coronary Artery Disease in Non-Diabetic
Patients, submitted. Circularion: Cardiovascular Genetics, 2010}, the remaining 1343 were
divided into independent algorithm development and validation cohorts (Figure 7) sequentially

based on date of enroliment.
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Clinical Fvaluation and Quantitetive Corongry Angiography

10G198]  Pre-specified clinical data, including demographics, medications, clinical history
and presentation, and MPI results were obtained by research study coordinators at study sites
using standardized data collection methods and data were verified by independent study
Monitors.

166199} Coronary angiograms were analyzed by computer-assisted QUA. Specifically,
clinically-indicated coronary angiograms performed according to site protocols were digitized,
de-identified and analyzed with a validated quantitative protocol at Cardiovascular Research
Foundation, New York, NY (Lansky Al, Popma JI. Qualitative and quantitative angiography
Philadelphia, PA: Saunders; 1998 Text Book of Interventional Cardiology)). Trained
technicians, blinded to clinical and gene expression data, visually identified all lesions >10%
diameter stenosis (B3S) in vessels with diameter >1.5mm. Using the CMS Medis system,
{Medis, version 7.1, Leiden, the Netherlands), technicians {raced the vessel lumen across the
fesion between the nearest proximal and distal non-diseased locations. The minimal lomen
diameter (MLD), reference lumen diameter (RLD = average diameter of normal segments
proximal and distal of lesion) and %DS (%DS = (1 - MLD/RLD) x 100} were then calculated.
166204 The Diamond-Forrester {(D-F) risk score, comprised of age, sex, and chest pain
type, was prospectively chosen to evaluate the added value of the gene expression score to
chinical factors (Diamond GA, Forrester IS, Analysis of probability as an aid 1n the chinical
diagnosis of coronary-artery discase. N Engl J Med, 1979;300(24):1350-8). D-F classifications
of chest pain type (typical angiua, atypical angina and non-anginal chest pain} were assigned
based on subject mterviews (Diaroond GA, Forrester JS. Analysis of probability as an aid i
the clinical diagnosis of coronary-artery disease. NV £ngl J Med. 1979;300(24):1350-8}, and D-
F scores assigned (Chattman BR, Bourassa MG, Davis K, et al. Angiographic prevalence of
high-risk coronary artery disease in patient subsets {CASS). Circularion. 1981;64(2)360-7).
Subjects without chest pain symptoms were classified as non-anginal chest pain. MPIs were
performed as chinically indicated, according to local protocols, and interpreted by local readers
with access to chinical data but not gene expression or catheterization data. MPlIs were defined
as positive it >1 reversible or fixed defect counsistent with obstructive CAD was reported.

Indeterminate or intermediate defects were cousidered negative,
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Obsiructive CAD gnd Disease Group Definitions

1002018]  Patients with obstructive CAD (N=192} were defined prospectively as subjects with
=1 atherosclerotic plague 11 a major coronary artery (1. 5mm lumen diameter) causing 250%

fuminal diameter stenosis by QUA; non-obstructive CAD (N=334) had no lesions >50%,

Bilood Samples

106202}  Prior to coronary angiography, venous blood samples were collected in PAXgene
RNA-preservation tubes. Samples were treated according to manufacturer’s instructions, then

frozen at -20°C.

BNA Purification and RT-PCR

(062031  Auntomated RNA purification from whole blood samples using the Agencourt
RNAdvanee systern, cDNA synthesis, and RT-PCR were performed as described (Elashoff
MR, Wingrove JA, Beincke P, et al. Development of a Blood-based Gene Expression
Algorithm for Assessment of Obstructive Coronary Artery Disease in Non-Ihabetic Patients,
sabmitted. Circulation: Cardiovascular Genetics, 2010.). All PCR reactions were run in
triplicate and median values used for analysis. Genomie DNA contamination was detected by
comparison of expression values for splice~-junction spanning and intronic ADORAJ assays
normalized to expression values of TFCPZ and HNRPF. The RPS4Y | assay was run as
confirmation of sex for all patients; patients were excluded if there was an apparent mismatch
with clinical data. Sample QU metrics and pass-tail criferia were pre-defined and applied prior
to evaluation of resulis as described (Elashoft MR, Wingrove JA, Beineke P, ot al.
Development of a Blood-based Gene Expression Algorithm for Assessment of Obstructive
Coronary Artery Discase in Non-Dhabetic Patients, submitied. Circudation: Cardiovascular

Genetics, 2010,

Statistical Methods

100204]  Analyses for Table 24 used SAS Version 9.1 (SAS Iustitute Inc, Cary, NC, USA),

All other analysis was performed using R Version 2.7 (R Foundation for Statistical Computing,
Vienna, Austria). Unless otherwise specified, untvariate comparisons for continuous variables
were done by t-test and categorical variables by Chi-square test. All reported p-values are two-

sided.
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rene Fxpression Alsovithin Score

100285]  The algorithm was locked prior to the validation study. Raw algorithra scores were
computed from median expression vahues for the 23 algorithm geves, age and sex as described
and used in all statistical analyses; scores were linearly transformed to a 0-40 scale for case of

reporting,.

RO Estimation gnd AU Comparison

1002066] ROC curves were estimated for the a) gene expression algorithm score, b) the D-F
risk score, ¢} a combined model of algorithm score and D-F risk score, dy MPL and e} a
combined model of algorithm score and MPL Standard methods {Newson R. Confidence
mtervals for rank statistics: Somers' I and extensions. Stafa Journal. 2006,6:309-334.) were
used to estimate the empirical ROC curves and associated AUCs and AUC standard errors.
The Z-test was used to test AUCSs versus random (AUC = 50).

100207F  Paired AUC comparisons: 1) gene expression algorithm score plus D-F risk score vs
D-F risk score, and 11} geone expression algorithm score plus MPI vs MPE; were performed by
bootstrap. For cach comparison, 10,000 bootstrap iterations were run, and the observed AUC
difference computed. The wedian bootstrapped AUC difference was used to estimate the AUC
difference, and the p-value estimated using the empirical distribution of bootstrapped AUC

differences (i.e. the observed quantile for § AUC difference in the empirical distribution).

{ogistic Begression

[00208] A series of logistic regression models were fit with disease status as the binary
dependent variable, and corupared using a likehhood ratio test between nested roodels.
Comparisons were: i) gene expression algorithm score plus B-F risk score versus D-F risk
score alone; i) gene expression algorithm score plus MPIE versus MPI alone; 111} gene
expression algorithm score versus the demographic component of the gene expression

algorithm score.

Correlation of Aleorithm Score with Maximum Percent Stenosis

[66209]  The correlation between algorithm score and percent maximum stenosis as
continuous variables was assessed by linear regression. Stenosis values were grouped into five
increasing categories (no measurable discase, 1-24%, 25-49% in >1 vessel, 1 vessel >50%, and
>1 vessel 250%) and ANOVA was used to test for a linear trend in algorithm score across

catogories,
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Reciassification of Disease Stafus

100218]  Geue expression algorithr score and D-F risk scores were defined as low (0% to
<20%;}, intermediate {220%,<50%), and high risk (=30%) obstructive CAD likelihoods. MPI
results were classified as negative (no defect/possible fixed or reversible defect) or positive
{(fixed or reversible defect), For the D-F risk score analysis, a reclassified subject was defined
as 1) D-F mntermediate risk to low or high algorithm score, 11y D-F high risk to algorithn low
risk, or i1y D-F low risk to algonthm high. For the MPI analysis, a reclassified subject
included i} MPI positive to low risk based on algorithm score, or 1) MPI negative to high risk
based on algorithm score. Net reclassification improvement (NRI} of the gene expression
algorithm score {(and associated p-value) compared to cither the D-F risk score or MPI was
computed as described i (Pencina MJ, D'Agostine RB, Str., D'Agostino RB, Jr,, Vasan RS,
Evaluating the added predictive ability of a new marker: from area under the ROC curve to
reclassification and bevond. Star Med. 2008;27(2):157-72; discussion 207-12.3. NRlisa
measure of reclassification clinical benefit, and is sensitive to both the fraction and accuracy of

reclassification,
NRI Formuala

100211] NRI considers as positive reclassifications those patients whose classification
moves i1 the ‘correct’ direction {disease subjects moving to a higher risk classification and
non-disease subjects moving to a lower risk classification). Similarly, NRI considers as
negative reclassifications those patients whose classification moves in the tncorrect direction
{discasc subjects moving to a lower risk classification and non-disease subjects moving to a
higher risk classitfication). The NRI formula is then the difference between the fraction of
positive reclassifications and the fraction of negative reclassifications.

186212 NRI=( pup,events — pdown,cvents) — (pup,noneventis — pdown,nonevents)

where:
pup,events = # events moving up/# events
pdown, @V@nts = # events moving down# events
pup.nonevents = # nonevents moving up/# nonevents
pdown, nonevents = #nonevents moving down/# nonevents
for st gmﬁcance testing,

=NRY/(v, v
where:
v~ pup,events+ pdown,events)/#events
vae={ pup,noneventst pdown, noneventsy#nonevents

{(formulas from {Peucina et al,, 2008})
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j66213]  D-F risk score model
Model Term (dds Ratio 95% Ul p-valuye Model AIC
D-F risk score 1018 1 101210 1.023 | <001 652,53
100214}  Gene cxpression algorithm score + D-F risk score
Model Term Odds Ratio 95% C1 p-value Model AIC
D-F nisk score 1.012 | 1.007 10 1018 1 <001
Gene 164 | 1.3710 1.96 <.001 622.3
eXpression
algorithm
score
[6G215] MPI model
Model Term (dds Ratio 95% Ul p-valuye Model AIC
MP1 1.52 |1 0.88102.67 14 | 388,53
100216]  Geue expression algorithm score + MP1
Model Term (dds Ratio 95% Ul p-valuye Model AIC
MP1 1.04 185710190 80
Gene 1.85 | 1.45w02.37 <001 36218
expression
algorithm
score

Net Benefit Analvsis

1002171 Vickers {Vickers et al., 2008} defines the vet benefit curve for a diagnosticas a
function of p,, a threshold probability that represents the tradeott between false positives and
false negatives. The carve guantifies the net benefit to following the decision rule of score>p,
= positive, over a range of possible value for p.. The reference lines reflect the net benefit of a)
all subjects positive (lower curve in Figure §) or b} all subjects negative (line at net bencfit =
0). The net benefit curve for the gene expression algorithim 1s the upper curve in Figure &, and

18 greater than etther reference line over clinically relevant range for p.

Full Clinical Model

106218} Mecthods
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100219 To further assess the added value of the geve expression algorithra a “full” chinical
factor vaodel was developed that incorporated the 11 clinical factors that showed univariate
significance {p<.05} between obstructive disease and no obstructive disease patients in the

development set. The 11 factors were:

®  SCX
¢ age

» chest pain type
®  1ace

e gtalin use

®  aspirin use

e anti-platelet use

¢ ACE whibitor use

s systolic blood pressure
e hypertension

e dyshipidenia

1002281 A logistic regression model was then fit using discase status as the dependent

2

variable and these 11 factors as predictor variables. A subject’s “full clinical model score” was
the subject’s predicted value from this model.

166221} Resulls

1062221 Results are reported for the validation set. The AUC of the full clinical model was
732, and the AUC for the gene expression algorithm plus the full clinical model was 745
{p=.09). The nested logistic regression comparison of the gene expression algorithm plus the
full clinical model versus the full clinical model alone gave a p-value of 014,

1662231  The NRI of the gene expression algorithm plus the full chinical model versus the full
chinical model alone was 10% (p=.02).

[60224]  Discussion

100225]  The full clinical model evaluated here further supports the concept that the
algorithm score adds to known or apparent clinical factors in the PREDICT population. Thus

model suffers from the lack of independent validation, as has been done for the Diamond-

Forrester formulation, hence 1t’s role as primary comparator.
% o

Statistical Quglier Assessment

100226]  Samples were classified as gene expression outhiers based on the following
criterion: 2lg-my[>27, where g; is the expression value for the 1"th gene, and my is the median

expression value for the vth gene across the development set.
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Resulis
[60227] A total of 1343 non-diabetic patients from the PREDICT tnal, enrolled between

July 2007 and April 2009, were sequentially allocated to independent development (N= 694)
and validation (N= 649) sets, The himitation to non-diabetic patients was based on the
stgnificant differences observed tn CAD classifier gene sets dependent on diabetic status
{Elashoff MR, Wingrove JA, Beineke P, et al. Development of a Blood-based Gene Expression
Algorithm for Assessment of Obstructive Coronary Artery Discase in Non-Diabetic Patients,
submitted. Circulation: Cardiovascular Genetics. 2010.). The patient flow, set assignment,
and exclusions are shown in Figure 7. The demographic and clinical characteristics of these
sets by disease status, afler exclusions, are summarized in Table 24, The clinical
characteristics of the developruent and validation sets were similar. Overall, subjects were
57% wale, 37% had obstractive CAD and 26% had no detectable CAD. Significant clinical or
demographic vanables that were associated with obstructive CAD in both cohorts were
increased age, male sex, chest pain type, elevated systolic blood pressure (all p< 0.001),
hypertension (p=0.001), and white ethnicity {(p=0.015).

186228 The gene expression algorithm was developed as described above, with
obstructive CAD defined by QCA as >50% stenosis in >1 major coronary artery. This
corresponds approximately to 65-70% stenosis based on clinical angiographic read. The 23
algorithm genes, grouped n the 6 torms, 4 sex-independent and 2 sex-specific, are shown

schematically in the figures. The subsequent analyses are for the independent validation set

only.
ROC Analysis
106229} The prospectively defined primary endpoint was the area under the ROC curve

for algorithm score prediction of disease status. The AUC was 0.70 £0.02, (p<0.001) with
independently significant performance in male (0.66) and fomale subsets (0.65) (p <0.001 for
each). As a clinical comparator, we used the Diamond-Forrester (D-F) risk score, which was
developed to guantify likelihood of current CAD and validated in a large cohort { Biamond GA,
Forrester J8. Analysis of probability as an aid in the clinical diagnosis of coronary-artery
disease. N Engl J Med. 1979;300(24):1350-8.; Chaitman BR, Bourassa MG, Davis K, et al.
Aungiographic prevalence of high-risk coronary artery discase in patient subsets (CASS).
Circulation. 1981:64(2):360-7.}. ROC analysis showed a higher AUC for the combination of
algorithm score and D-F risk score, compared to D-F risk score alone (AUC 0.72 versus .66,
p=0.003, Figure 9).
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1002361  The most prevalent form of non-tnvasive imaging 1o PREDICT was MPL In the
validation set 310 patients had chinicaliy-indicated MPls performed, of which 72% were
positive. Comparative ROC analysis showed an increased AUC for the combined algorithm

score and MPI versus MPI alone (AUC 0.70 versus 8.54, p <0.001).

Sensitivity, Specificity

166231]  Seunsitivity and specificity were determined at an algorithm score threshold of 14,75,
corresponding to a disease hikelihood of 20%, with 33% of patients having scores below this
value. At this threshold, the sensitivity was 85% with a specificity of 43%, corresponding to

negative and positive predictive values of 83% and 46%, respectively.

Reoression Analysis

1002321 A series of nested logistic regression models (see methods) were used to assess the
independent contribution of the algorithn score and other predictors. Algorithm score added to
the D~F risk score (p<0.001}, and to MPI (p<0.001), and the algorithm gene expression terms

added (p=0.003) to the algorithm demographic terms (see methods).

Associgtion with Disease Severity

1002331 The algorithm score was correlated with moaxtmuom percent stenosis (R=0.34,
p<0.001}, and the average algorithm score increased monotonically with increasing percent
maxinmum stenosts {p< 0.601, Figure 18}, The average scores for patients with and without

obistructive CAD were 25 and 17, respectively.

Reclassification

180234] Reclassification may be a more clinically relevant measure of a predictor’s
comparative performance than standard measures such as AUC (Cook NR, Ridker PM.
Advances in measuring the effect of individual predictors of cardiovascular risk: the role of
reclassification measures. Ann fnfern Med, 2009;150(113:795-802.}. Tables 25A and 25B show
reclassification results for the gene expression algorithra compared to D-F risk score and MPL
In this study the net reclassification improvement for the genc expression algorithim score
compared to the D-F risk score was 20% (p<.001), and to MPI was 21% (p<0.001).

186235]  In subjects with intermediate D-F risk scores, 78% (75/96) of patients were
reclassified by the gene expression algorvithm. Specifically, for the mtermediate D-F group,
22% (21/96) were correctly and 8% (7/96) incorrectly reclassitfied as low risk; 27% (26/96)

were correctly and 22% (21/96) incorrectly reclassified as high risk. An additional 38 D-F low

~J
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risk subjects (15%) were reclassified as high risk (22 correctly, 16 incorrectly), and 28 D-F
high risk subjects (16%) reclassified as low risk (22 correctly, & incorrectly). Overall, when
reclassification errors occurred, they were to a higher risk category, consistent with the gene

expression algorithm having a higher NPV than PPV,

Discussion
100236} This study prospectively validates i non-diabetic patients a nou-invasive test

for obstructive CAD defined by (QCA that is based on gene expression in circulating whole
blood cells, age and gender. This study extends our previous work on correlation of gene
expression changes in biood with CAD (Wingrove JA, Daniels SE, Schnert AJ, et al.
Correlation of Peripheral-Blood Gene Expression With the Extent of Coronary Artery Stenosis.
Circulation: Cardiovascular Genetics. 2008 1(1):31-38.) to prospective validation of a
classifier for non-diabetic paticnts with obstructive CAD by ROC analysis (Elashott MR,
Wingrove JA, Beineke P, et al, Development of a Blood-based Gene Expression Algorithm for
Assessment of Obstructive Coronary Artery Discase in Non-Diabetic Patients, submitied.
Circulation: Cardiovascular Genetics. 2010}, The test vields a numeric score (0-40) with
higher scores corresponding to higher hikelihood of obstructive CAD and higher maximum
percent stenosis.

1002371 It has been suggested that reclassification of patient clinical risk or status, as
captured by the NRI, may be a more appropriate measure than comparative ROC analysis for
evaluating potential biomarkers (Pencina MJ, D'Agostinoe RB, Sr., D'Agostino RB, Jr,, Vasan
RS. Evaluating the added predictive ability of a new marker: from area under the ROC curve to
reciassification and bevond., Star Med. 2008;27(2):157-72; discussion 207-12.; Cook NR,
Ridker PM. Advances in measuring the effect of individual predictors of cardiovascular risk:
the role of reclassification measures. Anwm fafern Med. 2009;150(11:795-802.). The gene
expression algorithm score improves the accuracy of clinical CAD assessment as shown by an
NRI of 20% relative to the D-F score. For the most prevalent non-invasive test, MPI, the NRI
was 21%, although these results are likely confounded by the referral bias inherent in this
angiographically referred population. Overall, independent of MPI result or D-F risk category,
mereasing gene expression score leads to monotonically increased risk of obstructive CAD
{Table 25A,B).

100238} This genc-cxpression test could have chintecal advantages over current non-
invasive CAD diagnostic modalities since it requires only a standard venous blood draw, and

no need for radiation, intravenous contrast, or physiologic and pharmacologic stressors. Oune
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potential clintcal benefit of improving nou-invasive assessment of CAD is to reduce nvasive
diagnostic coronary angiograms in patients without obstructive CAD. In the validation cohort,
for example, only 37% of patients undergoing invasive angiography had obstructive CADY and
the rate was particularly low in women (26%). A similar overall rate of obstructive CAD on
angiography for patients without prior known CAD in a very large registry was recently
reported, with hittle sensitivity to the exact definttion of obstructive CAD (Patel MR, Peterson
ED, Dai D, et al. Low diagnostic yield of elective coronary angiography. N Engl J Med,
2010;362(10):886-95.). The genec-expression test described here identified a low-likelihood
(<20%) of obstructive CAD 1u 33% of patients referred for invasive angiography, although the

majority of these patients were also at low risk by clinical factor analysis (Table 25A}.
Conclusions

100239} We describe the prospective multi-center validation of a peripheral blood-based
gene expression test to determine the hikelihood of obstructive CAD 1n non-diabetic patients as
defined by invasive angiography. This test provides additional information to clinical factors
and non-invasive imaging as measured by patient CAD status classification. Clinical use of

this test may reduce further testing of patients with suspected CAD.

100240 While the invention has been particularly shown and described with reference to a
preferred embodiment and various alternate embodiments, it will be understood by persons
skilled in the relevant art that various changes in form and details can be made therein without
departing trom the spirtt and scope of the invention.

100241]  All references, 1ssued patents and patent applications cited within the body of the

instant specification are hereby fncorporated by reference i their entivety, for all purposes.
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TABLES
Table 1a: Phase 1 and 11 Microarray Cohoris
Phase | - CATHGEN Microarray Cohort Phase i - PREDICT Pairad Microarray Cohort
Variable Controls (N=108) | Cases (N=87) | pwvalua | Controls (N=98) | Cases (N=99} pvalus
Sex (BMale) 55 (50.9%) 58 (68.7%) 0.038 75 {75.8%} 75 (75.8%) 0.868
Age (yrs) 55411 83x10 <001 55112 62411 <.001
Caucasian a6 (51.8%) 60 {69%) 0.023 85 (85.9%) G2 {92.9%) 0.166
B 3247 3048 0.098 3047 3048 0.722
Current Smoker 41 {38%) 45 (51.7%) 0.075 14 {14.1%) 25 (25.3%) 0.074
Systolic BP 144422 153125 0.007 132217 138118 0.008
Diastolic BP 83:13 87215 0.077 21 80x12 0.271
Hypertension 857 {62%) 85 (74.7%) 0.084 55 (55.6%) 65 (85.7%) 0.191
Dyslipidemia 55 (50.9%) 58 (86.7%) 0.039 50 (50.5%) 59 (69.7%} 0.008
MNeutrophil Count 3.841.2 4£1.3 0.392 3.841.2 43215 0.037
Lymphocyte Count 1.820.7 1.920.7 0.87 2%0.7 1.920.8 (.239
Table tb: Phase I} and IV Algorithm Development and Validation Cohorts
Phasa i - PREDICT Algorithm Developmant Cohort Phase IV - PREDICT Algorithm Validation
Caohort
Variable Controls (N=410) | Cases (N=230)} | p.value Controls Cases p.value
{N=334) {N=192)
Sex {(%Male} 193 {(47.1%;) 180 {78.3%) <501 165 (49.4%) | 134 (68.8%) <0601
Age (yrs) 57412 64111 <001 5772147 8471 9.8 <001
Caucasian 347 (84.6%) 216 (91.3%) 0.022 293 (87.7%) 181 (94.3%) C.015
BiMi 3128 3046 (.348 31.3: 7.0 298155 G.010
Current Smoker 87 (21.2%) 45 {19.6%) 0.693 68 { 20.4%) 38 ( 19.8%) 0.703
Systolic BP 133118 138118 <.001 132 (18.1) 140 {(17.7) <.001
Diastolic 8P 80412 80+11 0.944 77.5 (10.9) 78.2 {11.3) £.088
Hypertension 248 (80.5%]) 167 {72.6%} ¢.003 203 (80.8%) | 142 {74.0%) G.001
Dyslipidemia 225 (54.9%}) 170 (73.9%) <.001 208 (62.3%) | 133 (69.3%) 0110
Neutrophil Count 4+1.2 4314 0.054 4.021.2 4.1¢1.3 0171
Lymphooyte 2+0.6 1.9+0.6 0.007 1.940.8 1.9:0.8 3411
Count
Microarray cohorls omit subjects whose array data was excluded based on QC analysis (3 CATHGEN, 12
PREDICT)

Table 2: Markers Evaluated by RT-PCR in the Algorithm Development Cohort

Marker Symbol MicroAsray Evidence' Ce!i-“!‘ypez Cluster | Metagens Term | Algorithm Term
DDX18 3 1.1

S3RP1 3 1.2

CCT2 3 2 1.3

RPL28 N 2 1.4 MNorm 2k
KST 2 14,5 1.5

RASSFY 3 1.8

PKD1 3 1.7

AGPATS 3 27 1.8

GLS 3 1.9

T™CS 3 1.10 1 3b,4b
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Table 2: Markers Evaluated by RT-PCR in the Algorithm Development Cohort

farker Symbel MicroArray Evidence' Cei!-Typez Cluster | Metagene Term | Algorithm Term
RPS4Y+ 2 3 1.1

KLF12 3 4 1.12

LCK 23 34.8 1.13

€03 2.3 34,8 1.14 1 3b,4b
AES 3 1.18

ZAPTG 3 34,8 1.18

coes 3 7.8 117

QDPR 3 2.5 1.18

FXN 2 2 1.18

CORO2A 3 1.20

TCEA1 2 7 1.21

KMO 3 8,7 2.1

TLRY 3 5 2

RHOC 3 2.3

CX3CR1 3 8,8 24

IL11RA 1,2 34 341

IL7R 12,3 3.4.8 3.2 3

FAIM3 2.3 34,7 3.3

TCF7 2,3 34,8 34 3

Ch7es 2,3 7 3.5 2 4a
SPiB 23 257 3.8 2 4a
cD18 3 57 37

BLK 3 57 3.8

Pii5 2 3.8

LRREN3 3 34 310 4

HNRNPF N 4.1 Norm 5, 6b
TFCP2 N 4.2 Morm 5b,8b
ACBDS 3 4.3

DIAPH1 3 4.4

cD3a7 3 7 4.5

PLAGL2 3 1 4.8

SRAT 3 5.1

CD300A 2 8 52

ELMO2 3 5.8 5.3

CD3a3 2 1,6 8.1

Cspi32 1,2 8.2

CAT 2 2.5 6.3

NGD2 1.3 1,6 6.4

KCNMBH 2 8.5 5

TCF7L2 3 16,8 6.5 5

PDK4 3 7 5

TBC1D8 3 1,5,6 8.8

NR4A1 3 5 7.1

CDEN1C 3 8,8 7.2

cz 2 7.3

CLC 2 1,2 8.1 &

OLiG2 2 8.2

ADORA3 2 8.3 8

-~
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Table 2: Markers Evaluated by RT-PCR in the Algorithm Development Cohort

farker Symbel MicroArray Evidence' Cei!-Typez Cluster | Metagene Term | Algorithm Term
MMD 1,2,3 7 8.1

HIST1HZAE 1.3 4.7 9.2 7

AMFR 2 10.1

D24 N 2 10.2

A_24 P128361 (AF289852) | 3 111 8 5a
Ch248 2.3 4 11.2

KLRC4 2 4.8 12.1 8 3a
TARP 23 4.8 12.2

CCRS 2 4.5 12.3

cogA i 34,8 124

SLAMF7 2 5,8 12.5 9 3a
KLRC2 2 34,8 12.8

FRS&23 2 8 12.7

NCAM1 N 8 2.8

TNFRSF10C 3 13.1 11 1b
ILERB 1,3 1,6,8 13.2 11 1b
TLR4 3 1.6 13.3 11 1
NAMPT 3 1,5.6 13.4

AQPS 3 1,8 13.5 10 2c
S100A8 12,3 15,6 13.6 12 2a
NCF4 23 1,8 13.7 10 2c
GLT1D1 1,2,3 13.8

THN 23 2.5 13.9

GABARAPL1Y 3 13.10

SIRPB2 1,3 13.11

TRPMB 3 13.12

CDa3 12,3 1,58 13.13

ASPRY1 3 13.14

ALOXHBAP 2,3 5 13.15

BCL2A1 1,2,3 1,6,8 13.18

FIR 3 14.1

PTAFR 3 1,6 14.2

H3F38 3 7 14.3

TYRCBP 23 1.6,8 14.4

NCE2 3 1,58 14.8

KCNE3 2.3 1,6 14.6 11 1b
LAMPZ 23 1 14.7

PLAUR 3 1,6 14.8

CD14 i 1,56 14.9

HK3 1,2 16,8 14.10

L1 1 14.11

RG318 1,2 1,6 18.1

BMX 23 168.1

MMPS 2.3 18.2

S100A12 1,2,3 1,56 18.3 12 2a
CLEC4E 23 16.4 12 2a
CLEC4D 2.3 1,8 16.5

CASPS 23 16.6 13 1a
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Table 2: Markers Evaluated by RT-PCR in the Algorithm Development Cohort

farker Symbel MicroArray Evidence' Cei!-Typez Cluster | Metagene Term | Algorithm Term
TNFAIPS 2.3 1 16.7 13 1a

IL18RAP 1.3 34,8 16.8 13 1a

ARG 23 17.1 14

HP 1 1,2 17.2

CBS 23 17.3 14

AF161385 3 17.4 15 Ba

ALAS2 N 18.1

' Microarray Evidence: 1=Wingrove et af, 2=CATHGEN, 3=PREDICT, N=normalization Marker
? Celi Type: 1=CD33+, 2=CD34+, 3=CD4+, 4=CD8+, 5=Dendritic, =CD14+, 7=CD19+, 8=CD5A+

Table 3: Significance of Clinical Variables in
CATHGEN Marker discovery sst

Clinical Variable

p-value

Diabeles

0.000560741

Antt Hypertensive Use

0.012462227

HDL

0.088452908

Neutrophil Count

0.129686671

Antidiabetic Use

0.140870844

LDL (3.146873756
Total Cholesterot 0172382024
WRC Count 0.183804835

Lipid Lowering Agent Use

0.200078333

Triglycerides

0.207728761

Diastolic BF

0.217G3689

Chast Pain

0.218704278

Monoeyte Count

0.23769598

Platelet Count

0.238534148

Smcker

0.257352165

Lymphocyte Count

0.261169567

Anticoagulant Use

0.321044008

Anti Inflammatory Use

(0.332101624

Antiplatelet Use

0.336359859

Statin Use

0.320087042

Calcium Channel Blocker Use 3.401676568
Sex 0.402669448
Postrenopausal (.418849343
Alcchol Uss 0.495208348
NSAID Use 0.536650232

ACE Inhibitor Use

0.687538185

Vasodilator Use

0.715879777

Systolic BR

0.716768737

Antigrrhythmic Use

0.763504492

Salicyviates

0.805876705

Beta Blocker Use

0.819779733

Hypertension

(.834786056

Biack

(.847458733

Age

0.884504316
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Tahle 4: RT-PCR Results on CATHGEN cohort Markers

Marker Non-Diabetic p Diabetic p

KLRG1 (.933635138 0.000313584
GZMK 0.176629383 0.002075813
CCRSE {(.524551866 0.0602736076
RPS4Y 0.841924002 0.003924482
TUBB2A 0.805726045 0.012164088
TARP {.8558573011 0.013579949
IGHAM 0427023322 0.015653586
CACNAZDZ 0.579870417 0.021884775
ADRB2 0.145838998 0.035331896
DROYT529 0.739638506 0.037474362
CBB53344 0.824313185 0.042530621
RHCH 0.914493818 0.0454214079
GPR114 0.113792718 0.082926442
RPSZ7A 0.127518837 0.085484803
CO3E 0.114159341 0.080230797
RELA (.80014763% 0.124184492
HDC 0.611947115 0.124749411
NR1D1 0.08855384 0.140309177
RRN3 (0.883475152 (3.143067 21
MARCCG 0.000742448 0.162858527
ARL1TP1 0.009829764 0.163503477
POLR2L 0.110001621 0.1695870818
RPL10A 0.372025558 0.176554229
TLRS 5.31034E-05 0.187801635
RPL3M 0.047258313 0.194514228
CARKL 0.796426728 0.197876342
DPM3 0.1003827185 0.210135758
Ciiori2 0.279960283 0.21235462
LIF 0.319281 0.220377076
DHFR 0.005845518 0.227352382
BUB40282 (.855833384 0.253041264
ChC428E2 {0.303833208 0.27279588
OLIG2 9.8531E-08 0.291441723
DERL3 0.008989003 0.311830821
SLK 0.022493454 (.315243668
MBOAT?2 7.53321E-07 0.32533079
ST3GALT 0.585439718 0.329000787
FOLR3 {0.283485861 0.330880224
NDUFS7 0.510992555 0.3682735988
SLC28A1 0.000186258 0.370008714
TCF7 {.139201083 (.384656786
BQ130147 0.005433582 0.38124831
SPSB2 0.710854128 0.392430072
REEP3 0.003636115 0.38572088
BS B8.54923E-05 0.4148417 11
GSTOH1 0.000439166 0.421184955
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Table 4: RT-PCR Resuits on CATHGEN cohort Markers

Marker Non-Diabetic p Diabetic p

VEHE4 0.03654483 0.436274058
OLIGT 0.000739337 0.438928192
RPLS 0. 420798397 0.441110854
CRE02588 (0.828178104 0.44827808
ARG 9.77852E-05 0.454589416
JAK2 £.14898E-05 0.462535265
cLe B.43913E-08 D.478200075
PAPSS1 0.002660178 0.497255641
HSPB1 0.0118492831 0.503881486
MPZL1 0.068984815 0.5043448915
BCO32451 0.01573803% 0.505628786
BCL2AM 2.81815E-05 0.50979301
CKLF R.76337E-06 0.518802792
S100A9 1.04727E-07 0.5350388
MAPK8IP1 0.000267919 0.558711324
LOXL2 0.183987075 0.559866641
38T 0.802223179 0.622441442
SLCZ2A1 0.000127897 0.626928629
HGF 0.001272015 0.63284641
EPOR 0.918874368 (.6334869285
ETFB 0.1438785666 0.645850919
SSMA1 0.103783889 0.6470392
IRF2 0.018278833 0.665824694
ASMTL 0.311552758 0.681681103
STOGALNACS 0.000812432 0.686396961
CSTA 3 1114E-08 0.707081235
SMN1 0.473451351 0.714837746
REEPS 0.000215833 0.733733395
FCGEP 0.074075812 (.798385743
3100A12 4.72256E-06 0.8044 33181
CAT 4.58232E-08 0.81384178
LOCH44248 2.85843E-08 0.820487985
FRATHY 3.39803E-05 0.858050707
ATP118 8.96563E-05 0.882770629
LGALSY 0.039299421 0.918250705
YWHAZ 0.023358%03 0.8927848666
MMD 0.153204886 0.941639541
CD33 01016891174 0.950753885
D248 (0.188672242 0.973814258
ADORAS 0.0001508486 0.975200559
TXN 3.22849%E-08 0.99228328
LPGATH 1.58563E-06 0.995574822
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Table 5

Marker Symbaol

AA30G3143

AABGT031

ABCC2

ABHD2

ABHDS

ABLIM1

ALQO2

ACOX1

ACSL1

ACTR

ACVR2ZB

ADA

ADNP

AFD34187

AF085868

AF161353

AF471454

Al276257

AIMAL

AKG21483

AlG22268

AKGZ3683

AKG24956

AKGESE8S

AKOG2842

AKO38835

AK124192

ALCX12

ALOXS

ALCXBAP

ALS2CR13

AMBN

AMFR

AMICAT

ANXAZ

ANXAZ

ACAH

AP182

APBAZ

APBB1

APEH

APH1A

APCBEC3G

APRT

AQPZ

AQPS8

ARG1
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Table §

farker Symbel

ARHGAP2

ARHGAPS

ARHGDIA

ARIDSR

ARPC1B

ASCL2

ATG3

ATP182

ATPSD

ATPEVOE

ATPTB

AWO76051

AWETG245

AXT21252

AYCO3783

AY062331

A_23_P153868

A_23 P335398

A 23 _P348587

A_23_P44053

A_24 P101980

A 24 P144383

A_24 P221375

A 24 P238427

A_24 P384804

A 24 PA17996

A 24 P418712

A_24 PT745883

A 24 PB440S

A 24 PY18228

A_24 PY29533

A_32 P28158

A 32 PE21AT

B2M

B4GALTS

BACH2

BAGE

BAZ1A

BC024289

BCO31973

BC038432

BCO43173

BCO62739

BCO73035

BCL2AY

BCLS3

BCLS

84
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Table §

farker Symbel

BCLTA

BGTT7521

Blo24548

BIG28064

BM703463

BMX

BOR1

BLG3B5391

BRF1

BRI3

BST1

BTED14A

BTNLE

BUB33383

BX110908

BYSL

“100rf54

CHiorf2

C1i20rf35

Ctdorf156

C150rf38

Ci6ori24

CA6as7

Ciorfos

C200ri24

C200r3

C200rf77

C2orf38

Coorf149

Coar32

C7orf34

Ceorf31

CYorf18

CALM3

CAMKKZ

CAPNS1

CASP4

CASPS

388

CCbCA0s

CCLCa2

CCL3L3

CCPGA

CD200

cD248

3oz

Cb3b

CD3k

A
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Table §

farker Symbel

cos

CD58

Che

co7

ch7sB

CDa3

cDes

CBRKLS

CDKN1A

CEACAM4

CEBPB

CEBPD

CFLAR

CFP

CHI3L2

ciBg3

CKLF

CLEC12A

CLEC2D

CLEC4D

CLEC4E

CLICT

CMTM2

CNTNAPZ

COL14A

COMMDE

CoP1

CQOXeB2

COXsC

CrRD

CR2

CRB593845

CRB10181

CR613361

CR613244

CRERS

CRIP1

CRISPLDZ

CSFZRA

CSF2RB

CSTA

ciBP2

CYR5D2

CYP1A2

CYP4F2

CYP4F3

CYP4Fs

DCXK
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Table §

farker Symbel

DX

DOX3Y

DEDD2Z

DEFAL

DEK

DENND3

OHRS3

DHRS78

DHRSX

DKFZP434B06335

DKFZpd34F142

DKFZpB47ECET

DGCK10

DOCKS

DOK3

DPF3

DPPAS

DRAPY

DUGX2

DUSP13

DUSP3

DYNLTH

ECH

ECHDCS

EEF2

EfF1AX

EiF2AKZ

ElF2C4

EiF48

EHFSA

EMP3

EMR3

ENSTO0000337102

ENSTOO000360102

ENTPD1

ET81

EXQCS

EXCECe

F5

FAIM3

FAM10BA1

FAM113B

FAMZ26B

FAMA4A

FAU

FBXLS

FCAR

FCERTA
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Table §

farker Symbel

FGD4

FIBP

FRBPS

FKBPRG

FL.J22662

FLJ40092

FNDC3B

FOS

FOX3

FOXP1

FPR

FRAT1

FRATZ

FR&2

FRS&3

FTH1

FXYD5

FYB

GADD45GIP1

GAMT

GBP2

GCA

GLRX

GLT1DM1

GLUL

GMFG

GNE1

GPA33

GPBAR1

GPCA

GPD1

GPR160

GPR172A

GPR37LA

GREB10

GSTT™

GTF2

GYGE1

H2AFZ

H3F3A

HAL

HAP1

HDAC4

HDDC2

HDGFLA

HERPZ

HISTTH2AC

HISTTHZAS

88
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Table §

farker Symbel

HISTTH2AM

HIST1H2BC

HISTZ2H2AC

HLA-DRBS

HLAE

HLA-F

HMGR2

HOMER3

HOXB?

HSEP1

H3DL2

HSPATA

HSPB1

HTATIFZ

B2

B3

IFETM4pP

IGF2R

IGHA

IGHD

IGHA

IL13RA1

18R

IL1R2

IL23A

IL7R

IMPAZ

IMPDH1

INCA

IRAKS

1ISG20

ITM2C

JDP2

KCNE3

KONGH

KONJ1S

KIAADS31OL

KiAA1T430

KIAATE33

KLF6

KLHL3

KLRC4

KSR

LAGS3

LAMPZ

LAT2

LCK

LHPP

&9
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Table §

farker Symbel

LILRB3

LILRP2

LEMS2

LINTA

LIN7B

LOC137886

LOC148703

LOC150166

LOC153546

LOC220433

LOC385641

LOC401233

LOC401357

LOC435849

LOC440104

LOC440348

LOC440731

LOC497180

LOCB44246

LOXL2

LPGATH

LRRK2

LSM1G

LSM7

LST1

LTBP2

LTBP3

LY95

MACEF1

MAGED1

MAGEDZ2

MAGEH1

MAK

MAN1CH

MANZAZ

MAP1LCSE

MAP3K2

MAP3BK3

MAP4K4

MAPK14

MAPKSIP1

MAX

MBOAT2

MCLA

MEAT

MEGF10

METTLS
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Table §

farker Symbel

MGAM

MGC14425

MLKL

MLETD2

MMD

MME

MMPS

MNDA

MORCS

MOSCA

MOSPD2

MPZLA

MELC2

MRPL4AZPS

MRPL53

MSRB2

MST150

MUC20

MLIM1

MXDA

MYBPH

MYC

MYH14

MYLS

MYO158

MYO1E

MYO1G

NAPSA

NAPSB

NBPF11

NCF4

NDRGZ

NDUFB3

NDUFSS

NFATCH

NFIL3

NGFRAPA

NiN

N

NMT2

NOVAT

NPIP

NRBF2

NRIP3

NRP1

NRSN2Z

NUDT18

OLIG1
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Table §

farker Symbel

OR4CAS

OR&2B2

0O8BPL2

0O8BRLS

O8TF1

OXNADA

PACSINZ

PADIA

PARP1

FDCDT

PDESA

PDK2

POLIMT

PELI

PFDONS

PFEFB3

P3GD

PHB

PHC2

PHF5A

PHGDH

FIK3C2B

PIM2

PISD

FITPNA

PLAZGAA

PLAZGT

PLAGA

PLDS

PLEKHA

PLEKHM1

PLXNCA

POLRZA

PPPIR12E

PPP4R2

PRAP1

PRKAR1TA

PRKAR1B

PRKCA

PRKCD

PRKDC

FRKY

PRESZ3

PSMBSY

F3SMD8

PTEN

PTOV

FTPRCAF

92
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Table §

farker Symbel

PTPRK

PTPRM

PXK

PYCARD

PYGL

QrCT

QPRT

RAB24

RAB27A

RAB31

RAB32

RABGAFP1L

RABIF

RACH

RACZ

RA

RALB

RALGDS

RARA

RASSF2

RBP7

RCC2

REEPS

REPS2

RFWD2

RGE16

RGS2

RHOG

RHOH

RiMS4

RIiT1

RMND3A

RNF130

RNF182

RNF24

ROCK2

ROPN1L

RPLAT

RPLABA

RPL22

RPL31

RPL34

RPL36A

RPL37

RPL3g

RP310

RFPS15

RPSZ1
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RP&27

RPS27A

RPS28

RP&4X

RPUSD2

RRN3

RTNS

S1004AM

S100A12

S100A8

S100A8

S100P

SAMSN1

SAP30

SCRN2

SDCBP

SEC14L1

SEC228

SEPX1

SERINGT

SERPINBA

SERPINES

SERPINEA

SF3B14

SFT2D1

SGCE

SH2D5

SLA

SLC18A3

SLEC1A7

SLC22A15

SLC22A4

SLOC28A37

SLC2A10

SLC2A1M4

SLCZAS

SLC35B4

SLCSTAS

SLC40A

SLC45A2

SLCBAT

SLITS

SMARCD3

SMCIA

SMUGH

SOB2

SP100

SPiB
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SPRR2G

SRM

SRPIG

35BR4

STEGAL

STATSA

STCH

STK178

STMN1

STX10

STX3

SULT1B1

SYNCRIP

SYT15

TAFSB

TALDO

TANK

TARP

TAX1BP1

8CH

TBLIXR1

TCEALY

TCF3

TCF7

THBD

TLRZ

TLRS

TMYSEZ

TMEM10Z

TMEM48

TMEM4S

TMEMEE

TMEMSEA

TNFAIPG

TNFRSF10A

TE5311

TRE3TG3

TPETH

TRAQ

TRAPPC2L

TREM1

TRIB1

TRIM7

TSENG4

TSPAN13

TSPAN1S

TSPAN3Z3

TURM

A
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THM

TYROBP

U2AF1

usc

UBE2D3

UBE2G2

uBLs

UBQLN1

UCP2

UPF3A

URG4

USP1it

USP53

Uskse

VKORCH

VWCE

WOFY3

WDR18

XKR8

KPR1

YO

YPEL4

ZBED1

ZOCHCE

ZNF135

ZNF234

ZNF346

ZNF438

ZNF550

ZNFB18

PCT/US2010/038712

Tabile &

SO Ontology

Term

Log odds
ratio

GO:Q0069987 bp

cellular process

0.537

500002378 bp

immune system process

1.728

GO:0050886 bp

response to stimulus

1.118

GO:0006855 bp

immune ragponse

1.796

G0:0008152 bp

metabolic process

0.537

1.64E-09

GO:0065007 bp

biological regulation

0.545

2.34E-09

30:0008952 bp

defense responss

1.732

1.02E-08

GO:008078% bp

reguiation of biclogical process

0.538

2.16E-08

00043067 bp

regulation of programmed cell death

1.508

1.52E-07

G0:0010841 bp

regulation of cell death

1.507

1.55E-07

GO:0044238 bp

primary metabolic process

o
n
by
Gy

2.05E-07
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GOID Ontology Term Log odds R value
ratio

G0:00071685 bp signal tranaduction 0.784 2.08k-07
G0:005075%4 bp requilation of celluiar process 0.520 2.50E-07
GG0042981 bp regulation of apoptosis 1.483 3.04E-G7
00008950 bp response to stress 1.0696 3.47E-07
GOrO0071584 bp cell communication 0,727 5.28E-07
G0O:0045321 bp leukocyte activation 2.180 £.88k-07
G0O:0046649 bp iymphooyle activation 2.307 8.27TE-O7
GO:0044237 bp cellular metabolic process 0.484 4.42E-08
00008880 bp icosanoid metabolic process 3.280 §.28E-08
GO:0001775 by cell activation 1.868 9.96E-06
G0O:0043068 bp posilive regulation of programmad cell death 1.746 1.47E-G5
GO:0048519 bp negative regulation of biclogical process 0.878 1.64E-05
GO:0010842 bp positive regulation of cell death 1.737 1.64E-G5
0:0002684 bp positive regqulation of immune system process 2.153 2.08E-058
GO(033559 bp unsaturated fatty acid metabolic process 3.120 2.23E-05
300019538 bp protein matabolic process 0.702 2.24E-08
GO:0002521 bp lsukocyts differentiation 2473 3.07E-05
GQO:0008414 bp fransiational elongation 2.100 3.49E-05
00043065 bp positive reguiation of apoplosis 1.70€ 4.03E-05
GO:0009511 bp response (o wounding 1.522 4.38E-05
30:0008605 bp rasponse 1o external stimulus 280 4.81£-05
GO:0006354 bp inflammatory response 1.781 4.861E-05
GQ:0007242 bp intraceliular signaling cascade 1.009 6.55E-05
G0:0006917 bp induction of apoptosis 1.843 7.07E-05
GO:0006591 bp ieukotriene maetabolic process 3.699 7.33E-05
50:0012502 bp induction of programmed cell death 1.831 7.99E-05
GO:00306088 bp iwnphooyte diffarentiation 2.586 8.30E-05
GO:0002682 bp ragulation of immune systern process 1.781 9.77&-05
G0:0043449 bp ceflular alkens metabolic process 3.603 0.00012
GO:0044287 bp cellular protein metabolic process 0.697 0.00024
30:0048523 bp negative requiation of cellular process (.899 (.00048
GO:0042110 bp T cell activation 2.334 (3.00051
GO:0050778 bp regulation of immune rasponsa 2.018 0.00057
G0:0085114 bp axidation reduction 1.237 0.00057
GO:0042221 bp response to chemical stimulus 1.082 (.00068
G0:0043068 bp negative requiation of apoptosis 1.625 0.000689
GO:0030087 by hemopoiesis 1.833 3.00078
G0:0043088 bp nagative regulation of programmed cell death 1.808 0.00082
G0:0060548 bp negative regulation of call death 1.608 £.00082
GO:000256% bp regulation of leukocyte activation 2.148 0.00083
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GO:0043170 bp macromolacule metabolic process 0.431 0.00101
GO: 0050885 bp requlation of cell activation 2114 G.00102
GO:0043412 bp macromolecule modification (3.804 (3.00130
GO:0051249 bp regulation of iymphocoyte activation 2.174 (.00133
GOrO048583 bp regulation of response to stimulus 1.528 3.00177
G0:0045818 bp ragulation of lymphocyle differentiation 2.682 0.00245
GO:0081707 bp response o cther organism 1.756 0.00252
GO 0048534 bp hemopoietic or lymphoid organ development 1.873 0.00284
00048518 bp positive requlation of biclogical process (G.786 (.00235
GO0002696 bp positive regulation of leukocyia activation 2.297 0.00301
G0O:0050887 bp posilive regulation of cell activation 2.287 0.00301
GO:0006783 bp phosphorus metabolic procass 0.828 0.00377
GO:0006796 bp phosphate metabolic process 0.928 0.00377
GO:0019221 bp cytokine-mediated signaling pathway 2.387 G.00428
GO(006464 bp protein modification process 3.767 (3.00461
50:0045621 bp posilive raegulation of lymphocyte 3.048 0.00489
differentiation
GO:0002820 bp negative regulation of adaptive immune 3.8972 0.00499
rasponse
GO:0002823 bp negative regulation of adaptive immuna 3.872 (.00493
response based on somatic recombination of
immune receptors built from immunagiobulin
superfamily domains
G0O:0044260 bp celiular macromolecule metabolic process 0.413 06.00561
GO:0045580 bp regulation of T cell differentiation 2.724 0.00581
GO:0018370 bp lsukotriene biosynthetic process 3.387 0.06581
G0:0043450 bp alkene bicsynthetic process 3.387 0.00581
GOn002520 bp immune system development 1.580 (.80565
GO:0008607 bp rasponsa 1o biotic stimulus 1.477 0.00577
GO:0031347 bp reguiation of defensa response 2.154 0.00638
GO:0043101 bp purine salvage 4.650 0.00644
00008285 bp negative regulation of cell profiferation 1.413 (.00689
GO0001817 bp regulation of cytokine production 1.90G8 0.007 4
50:0016310 bp phosphorylation G¢.971 G.00713
GO.0043687 bp post-translational protein modification (.840 0.00713
G0:0042113 bp B cell activation 2272 0.00713
GO:0051251 bp positive requiation of lymphocyte activation 2.258 0.00764
GO:0006928 bp cellular component movement 1.253 0.00800
3010043433 bp nagative regulation of transcription factor 2.902 0.00800
activity
GO: 0080048 bp negative requlation of ranscription regulator 2.802 0.00800
activity
G0036183 by B cell differantiation 2.627 3.00807
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GO:0002252 bp immune effector process 1.981 0.00818
GO 00508863 bp requilation of T cell activation 2.098 0.00821
GO:0070887 bp cellular response o chemical stimulus 1.562 (3.00%62
00048522 bp positive requiation of cellular process G.757 (.060972
GORD06e412 bp franskaiion 1,229 3.01068
G0:0043298 bp leukocyte dagranulation 3.850 0.01102
G0O:0030081 bp protein repair 4.387 0.01112
GO:0008816 bp anti-apoptosis 1.658 0.01148
GO0007264 bp smalt GTRPase mediated signal transduction 1.344 G.01149
GO0042127 bp regulation of cell proliferation 1.035 0.01275
GO:0007243 bp protein kinase cascade 1.332 0.01275
GO:0030217 bp T cell differentiation 2.4919 0.01322
GO:0031348 bp positive regulation of defense response 2.491 0.01322
G0:0008468 bp protein aminc acid phosphorviation 0.982 0.01383
GOn0002695 bp negative regulation of immune effector 3.557 0.01363
process
Q0043392 bp negative regulation of DNA binding 2.709 0.01308
G0:0043603 bp ceflular amide metabolic process 2.449 0.01584
GO:0007166 bp cell surface receptor finked signal transduction 0.727 0.01892
300008625 bp induction of apoplosis via death domain 3.47¢ 0.01716
recaeptors
G0O:0009163 bp nucleoside biosynthetic process 4185 0.01730
GO:0042451 bp purine nucleoside biosynthetic process 4,165 0.01730
G0:0042455 bp ribonucleoside biosynthetic process 4.185 0.01730
GOn0046129 bp purine ribonuciecside biosynthetic process 4,165 0.01731
G0O:0033152 bp immunogiobulin V(D)) recombination 4.185 0.01730
G0:0051100 bp negative regulation of binding 2.650 0.01793
GO:0045582 bp positive regulation of T cell differentiation 2.972 0.01808
GO:0008959 bp humoral immune response 2.210 (.01808
GO 0042035 bp regulation of cytokine biosynthetic process 2.210 0.01808
G0:0067162 bp nagative regulation of cell adhesion 2.539 0.02085
GO:0051581 bp response to cAMP 3.235 (.02085
G0:0042036 bp negative regulation of cytokine biosynthetic 3.235 (0.02085
procass
500045727 bp positive raguilation of transiation 3.235 4.02085
GO:0051098 bp requlation of binding 1.839 0.02085
GC:0051101 bp regulation of DNA binding 1.984 (0.02085
GO:0032944 bp regulation of mononuclear cell proliferation 2.309 0.02035
GO0080870 bp reguilation of lymphocyte profiferation 2.309 0.02085
300070663 bp regulation of leukocyte proliferation 2.309 0.02085
GO:.0045581 bp negative requlation of T cell differentiation 3.872 0.02085
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G0:0002703 bp ragulation of feukocyte mediated immunity 2.513 0.02085
GO 0002706 bp requilation of lymphocyte mediated immunity 2.5%4 (.02035
GO:0018193 bp peptidyi-amine acid modification 1.779 (3.02085
G0:0019321 bp pentose metabolic process 3.972 (.02085
GORD45055 bp regulated secretory pathway 3.235 (3.02085
G0:0010310 bp ragulation of hydrogen peroxide metabolic 3.972 0.02085
process
300002822 bp regulation of adapiive immune response 2.487 (.02155
basad on somatic recombination of immune
receptors buill from immuncglobulin
suparfamily domains
GO:0019748 bp secondary metabolic process 2.079 0.02180
50:0006631 bp fatty acid meiabolic process 1.541 0.02418
GO:0046688 bp response to copper ion 3.802 0.02497
GO:0045628 bp reguiation of T-helper 2 cell differentiation 3.802 0.02497
GO:0002704 bp negative regulation of leukocyte mediated 3.802 0.02457
immunity
GO062707 bp negative regulation of lymphocyte mediated 3.802 0.02497
immunity
500046456 bp icosanoid biosynthetic process 2.724 0.02587
GO0010033 bp response fo organic substance 1.157 0.02601
GOrO080134 bp regulation of response to siress 1.524 (3.0261%1
G0:0042180 bp celiular ketone metabolic process 1.016 0.02815
GO:0002712 bp requlation of B cell mediated immunity 3.098 0.02864
GO:00062888 bp -reguEaticn of immunoglcbulin mediated 3.088 0.02884
immune response
50:0002818 bp reguiation of adapiive invmune response 2.387 0.02020
GO:0008624 bp induction of apoptosis by extraceliular signals 2.387 (.02820
GO:0050778 bp positive regulation of immune response 1.884 0.02930
GO:0030031 bp cefl projection assembly 1.998 0.02843
GO:0002443 bp lsukocyte mediated immunity 1.598 0.02543
30:0051250 bp negative reguiation of lymphocyte activation 2.650 (.03118
GO:0000122 bp negative regulalion of ranscription from RNA 1.843 0.03194
palymarase Il promoter
GO:00430084 bp cellular metabolic compound salvage 3.650 0.03242
GO:0045748 bp negiative regulation of S phase of mitotic cell 3.850 0.03243
cycle
GO:0050777 bp negalive regulation of immune rasponsa 3.0634 0.03249
G0:0080010 bp requlation of oxygen and reactive oxygen 3.850 £.03249
species metabolic procass
50:0006968 bp celiular defense rasponss 2.131 (.03328
GOO045087 bp innate immune response 1.718 (3.03404
GO:0008738 bp NADP metabolic process 2.972 0.03788
G0:0045088 bp regulation of innate immune response 2.580 0.03788
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GO:0002697 bp ragulation of immune effector process 2.082 0.04021
G0:0009617 bp response to bacterium 1.783 0.04172
GO:0066636 bp unsaturated fatty acid biosynthetic process 2548 (3.04198
G0:0008101 bp citrate metabolic process 3.513 (.04231
GOrOo02828 bp regulation of T-halper 2 type immune 3.513 (3.04231
response
GO:0046777 bp protein amino acid autophosphorylation 2.068 0.04231
300060263 bp regulation of respiratory burst 3.513 0.04231
GOrO00e082 bp organic acid metabolic process 0.971 0.04277
500015752 bp carboxylic acid metabolic process (.980 G.04277
GO:00434 36 bp axoacid metabolic process 0.880 0.04277
GO:0009058 bp biosynithelic process 0.423 0.04277
G0:0030155 bp regulation of cell adhesion 1.763 0.04277
GO:0050870 bp positive reguiation of T cell activation 2.03 0.04277
30:0060727 bp regulation of inflammatory rasponss 2.22 G.04277
GO:0007285 bp Ras protein signal transduction 1.659 0.04277
GQ:0010629 bp negative regulation of Marker expression 1.188 0.04277
G0:0042742 bp defense response to bacterium 2.018 0.04277
GO:0062695 bp negative regulation of leukocyie activation 2.481 0.04277
300008148 bp purine nucleoside triphosphate catabolic 3.387 (.04455
process
GO:0045620 bp negative regulation of lymphooyte 3.387 0.04455
differentiation
GO:00B0869 bp negative regulation of B celt activation 3.387 (.04455
GO:0050853 bp 8 cell recepior signaling pathway 3.387 0.04455
GO:0050884 bp requlation of B celt activation 2443 0.04504
GO:0018212 bp peptidyi-tyrosine modification 2.449 0.04504
5000438584 bp positive requlation of response to stimulus 1.526 0.04534
GOn019079 bp viral genome replication 2.802 (.04839
50:0008892 bp negative requiation of metabolic process 0.997 (.047684
GO:0006357 bp regulation of transcription from RNA 0.850 0.04827
polymerase I promoter
00010805 bp negative regulation of macromolecule 1.020 0.04827
metabolic process
GO:0010558 bp negative regulation of macromolecule 1.106 0.04890
biosynthelic process
GQ:0005623 co cell 0.485 2.15E-24
50:0044464 oo cell part (.485 2.48k-24
G:0005622 co intraceliular 0.434 1A3E-11
00044424 ce intracaliular part 0.430 1.26E-10
GO 0005737 ce cytoplasm 0.537 7.50E-10
GO:0016020 et membrane 0.551 1.18E-08
GO:0005829 oo cytosol 1.207 2.30E-07
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GO:0005888 oo plasma membrane 0.744 7.43E-07
G0:0043229 cC intraceliular organelle G.400C 1.46E-08
GO0043226 ce organsile 0.398 1.54E-08
GO:0018021 oC integral to membrane (G.583 4.413E-08
GOri044444 ce cytoplasmic part 3.883 5.65E-06
GO:0031224 ce intrinsic to membrane 0.859 1.08k-05
GO:0044425 ce mernbrane part G.516 1.44E-058
GO:0022626 ce cytosolic ribosome 2173 0.00034
300044445 [+l cytosalic part 1.912 0.00040
GO:0043231 ce intraceliular membrane-bounded organelis (.3358 .00111
G0O:.0043227 co membrane-bounded organelle 0.339 0.00116
GO:0033279 ce ribosomal subunit 1.837 0.00223
Q0022627 co cytosolic small ribosomal subunit 2.532 0.00501
500044459 ce plasma membrane part 0.659 0.00975
GOn0043225 ce non-membrane-bounded organelte .588 (.80886
50:0043232 [ol8 intraceliviar non-membrane-bounded (.588 0.00988
organalle

GO:0044422 ce arganalle part C.435 0.01029
GO:0044446 co intraceliular organelle part 0,433 (3.01149
50:0005887 oo integral to plasma membrane 0777 0.01842
GO:0031228 cC intrinsic to plasma membrane 0.7581 0.02085
GO:0032891 ce macromoiacular complex 0.516 0.02085
GO:0005840 ce ribosome 1.329 0.02085
GO:0005634 co nucieus (0.3438 0.02601
30:0018461 ce unconventional myosin complex 3.650 0.03249
GOn0015335 ce small ribosomal subunit 1.860 (.03404
530:0005488 mif binding 0.489 0.00000
G0:0005515 mf protein binding G.801 $.00000
GO:0003324 mf catalytic activity 0.554 0.00000
G0:0003823 mf antigen binding 3.025 0.00051
GO:0046883 mf protein dimerization activity 1.350 (3.00085
GO:0004871 mif signal transducer activity £.738 0.00223
GO:0060089 mf molecular transducer activily 0.738 0.00223
GO:0004197 mif cysteine-type endopseptidase activity 2.223 0.004556
300018491 mf oxidoreductase activity 1.080 G.005833
GO0004872 mf receptor activity $.763 0.00880
GO017070 mi U8 snRNA binding 4.387 0.01142
GO:0005536 mf glucose binding 4,387 001112
GO:0016208 mf AMP binding 3.018 0.01838
G0:0030234 mf anzyme regulator aciivity (.895 0.01730

162




WO 2010/148017 PCT/US2010/038712
Table 6
GOID Ontology Term Log odds R value
ratio
G0:0008113 mif paptide-meathicnine-(8)-S-oxide reductase 4185 0.01730
activity
G0:0043159 mf cation binding 0.420 ¢.01977
G0043167 mf ion binding 0.408 (.02085
50:0048872 mif metal ion binding 0.419 0.02085
GO 0005529 mf sugar binding 1.586 0.02085
Q0018165 mf lipoxygenase activity 3.972 0.02085
300047485 mf protein N-terminus binding 2.291 0.02085
GO:0005509 mf calcium ion binding (3.845 (3.02138
500030628 mi franscription reguiator aclivity 0.733 0.02384
GO:0001848 mf complemeant binding 3.802 0.02457
GO:0005527 mi macrolide binding 3.802 0.02497
G0:0005528 mf FK508 binding 3.802 (.02497
GO:0019838 mf growth factor binding 1.776 0.02837
30:0003738 mi structural constituent of ribosome 1.348 0.02664
GO:0019210 mf kinase inhibitor activity 2.412 0.02732
GQ:0005198 mi structural malecule activity (.901 0.02868
GO:0019899 mf anzyme binding 1.176 G.02868
GO:0005351 mf sugar:hydrogen symporter activity 2.387 (0.02920
50:0005402 mi cation:sugar sympaorter activity 2.387 0.02920
GO:00046872 mf protain kinase activity 0.830 0.028793
G0:0004888 mif fransmembrane racapltor aciivity 0.813 0.02981
G0:0010207 mf kinase regulator activity 1.853 0.03047
GO:0015144 mi carbohydrate transmembrane fransporter 2.317 0.03624
activity
GO:0051118 mi sugar transmermbrane transportar activity 2.317 0.03624
G0:0003700 mf franscription factor activity 0.928 0.04231
GO:000485% mi phospholipase inhibitor activity 3.513 0.04231
GO:0019887 mf protein kinase regulator activity 1.885 0.04277
GO 0004896 mf cytokine receptor aciivity 2.050 0.04277
00008603 mf cAMF-dependent protain kinase regulator 2.857 0.04277
aclivity
GO:0015295 mf solute:hydrogen symporter activity 2.250 0.04277
GQ:0055102 mf fipase inhibitor activity 3.387 0.04455
50:0016840 mif carborn-nitrogen iyase activity 3.387 (.04455
GO.0016671 mf oxidoreductasa activity, acting on sulfur group 3.387 0.04455
of donors, disulfide as acceptor
G0O:0006158 mif nucleotide binding ¢.514 (.04639
GO0016787 mf hydrolase activity 0.502 (.04853
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Table 7
Mumber
of AUC Ridge AUC Logistic AUC Ridge AUC Logistic
Term 1 Term 2 Term 3 Term 4 Term 5 Term & Term 7 Terms | Regression Regression Regression Regression
TRUE TRUE TRUE TRUE TRUE TRUE TRUE 7 0.781188 0.785011 D.781188 0.785011
TRUE TRUE TRUE TRUE TRUE TRUE FALSE 8 0.775592 0.778372 | Mean 0.775346 0.778701
TRUE TRUE TRUE TRUE TRUE FALSE TRUE 8 0.764483 0.768001 | 8D 0.00487 0.004876
TRUE TRUE TRUE TRUE FALSE TRUE TRUE & 0.778834 0.781621
TRUE TRUE TRUE FALSE TRUE TRUE TRUE 6 0777071 0.781457
TRUE TRUE FALSE TRUE TRUE TRUE TRUE 5] 0.776887 0.782202
TRUE FALSE TRUE TRUE TRUE TRUE TRUE G 0.776268 D.779625
FALSE TRUE TRUE TRUE TRUE TRUE TRUE 5] 0.776321 0.778525
Table 8
Term ALIC Ridge AUC Logistic
Regression Ragression

7 £.781188 0.785011

& 0.775348 0.778701

5 0.768504 0.772441

4 0.763541 3.766080

3 0757567 0.758481

2 0.7561191 0.752634

1 0.744420 0.745125

G 0736732 0.736732
OF Model 0.677485 + 042437
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Table 8
Number ALIC Ridge AUC Logistic AUC Ridge AUC Logistic
Term 14 Term 2 Term 3 Term 4 Term 8 Term 6 Term 7 of Terms Ragression Regression Regression Regression
TRUE TRUE TRUE TRUE TRUE FALSE FALSE 5 £.756671 0.761212 | Mean 0.768504 0772411
TRUE TRUE TRUE TRUE FALSE TRUE FALSE 5 06772815 0.774463 | 8D £.006328 0.606033
TRUE TRUE TRUE FALSE TRUE TRUE FALSE 5 B.771308 0.775846
TRUE TRUE FALSE TRUE TRUE TRUE FALSE 5 0.774388 0.777158
TRUE FALSE TRUE TRUE TRUE TRUE FALSE 5 0772889 0775508
FALSE TRUE TRUE TRUE TRUE TRUE FALSE 5 £.770334 G.7726688
TRUE TRUE TRUE TRUE FALSE FALSE TRUE 5 0761507 0.763841
TRUE TRUE TRUE FALSE TRUE FALSE TRUE 5 0.758744 0.764443
TRUE TRUE FALSE TRUE TRUE FALSE TRUE 5 0.762542 0.765424
TRUE FALSE TRUE TRUE TRUE FALSE TRUE 5 0.760124 0.76348
FALSE TRUE TRUE TRUE TRUE FALSE TRUE 5 £.760684 0.763249
TRUE TRUE TRUE FALSE FALSE TRUE TRUE 5 0.7748 0.77819
TRUE TRUE FALSE TRUE FALSE TRUE TRUE 5 0.776659 0.779921
TRUE FALSE TRUE TRUE FALSE TRUE TRUE 5 0773523 0775466
FALSE TRUE TRUE TRUE FALSE TRUE TRUE 5 0773766 0.775528
TRUE TRUE FALSE FALSE TRUE TRUE TRUE 5 06775838 0.779731
TRUE FALSE TRUE FALSE TRUE TRUE TRUE 5 0.771633 0.775613
FALSE TRUE TRUE FALSE TRUE TRUE TRUE 5 G.771084 0773702
TRUE FALSE FALSE TRUE TRUE TRUE TRUE 5 G.775191 0776275
FALSE TRUE FALSE TRUE TRUE TRUE TRUE 5 0.773914 0.776289
FALSE FALSE TRUE TRUE TRUE TRUE TRUE 5 B.770165 0.772657
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Tabie 10

AUC AUC
Term Term Term Term Term Term Term Mumber AUC Ridge Logistic AUC Ridge Logistic
4 2 3 4 5 & 7 of Terms | Regression | Regression Regression Regression
Me
TRUE | TRUE | TRUE | TRUE | FALSE | FALSE | FALSE 4 0.753409 0.755542 | an 0.763641 0.76608
TRUE | TRUE | TRUE | FALSE | TRUE | FALSE | FALSE 4 0.752289 0.757854 | SD 0.007095 0.00c88
TRUE | TRUE | FALSE | TRUE | TRUE | FALSE | FALSE 4 0.784758 G.759132
TRUE | FALSE | TRUE | TRUE | TRUE | FALSE | FALSE 4 0.754844 0.758973
FALSE | TRUE | TRUE | TRUE | TRUE | FALSE | FALSE 4 0.752823 0.755964
TRUE | TRUE | TRUE | FALSE | FALSE | TRUE | FALSE 4 0.769014 0.77137%
TRUE | TRUE | FALSE | TRUE | FALSE | TRUE | FALSE 4 0.772245 G.772932
TRUE | FALSE | TRUE | TRUE | FALSE | TRUE | FALSE 4 0.769289 0.770514
FALSE | TRUE | TRUE | TRUE | FALSE | TRUE | FALSE 4 0.76742 (.768298
TRUE | TRUE | FALSE | FALBE | TRUE | TRUE | FALSE 4 D.770745 D.7748
TRUE | FALSE | TRUE | FALSE | TRUE | TRUE | FALSE 4 0.768423 C.771601
FALSE | TRUE  TRUE | FALSE | TRUE | TRUE | FALSE 4 0.765129 (.768434
TRUE | FALSE | FALSE | TRUE | TRUE | TRUE | FALSE 4 0.771042 0.773185
FALSE | TRUE | FALSE | TRUE | TRUE | TRUE | FALSE 4 0.769182 0.771116
FALSE | FALSE | TRUE | TRUE | TRUE | TRUE | FALSE 4 0767262 £.768592
TRUE | TRUE | TRUE | FALSE | FALSE | FALSE | TRUE 4 0.75684 (.759332
TRUE | TRUE | FALSE | TRUE | FALSE | FALSE | TRUE 4 0.759744 0.762014
TRUE | FALSE | TRUE | TRUE | FALSE | FALSE | TRUE 4 0.75722 0.75872
FALSE | TRUE | TRUE | TRUE | FALSE | FALSE | TRUE 4 0.757622 0755311
TRUE | TRUE | FALSE | FALSE | TRUE | FALSE | TRUE 4 0.758392 0.76124
TRUE | FALSE | TRUE | FALSE | TRUE | FALSE | TRUE 4 0.754232 07574863
FALSE | TRUE { TRUE | FALSE | TRUE | FALSE | TRUE 4 0.754739 0.758625
TRUE | FALSE | FALSE | TRUE | TRUE | FALSE | TRUE 4 0.757695 0.78081
FALSE | TRUE | FALSE | TRUE | TRUE | FALSE | TRUE 4 0.759448 0.760821
FALSE | FALSE { TRUE | TRUE | TRUE | FALSE | TRUE 4 0.756228 G.757865
TRUE | TRUE | FALSE | FALSE | FALSE | TRUE | TRUE 4 0.773956 G.777345
TRUE | FALSE | TRUE | FALSE | FALSE | TRUE | TRUE 4 0.768824 0771253
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Table 10
AUC AUC
Term Term Term Term Tenm Term Term Mumber AUC Ridge Logistic AUC Ridge Logistic
% 2 3 5 8 7 of Terms | Regression | Regression Regression Ragression
FALSE | TRUE | TRUE | FALSE | FALSE | TRUE | TRUE 4 0.768281 0.770482
TRUE | FALSE | FALBE | TRUE | FALSE | TRUE | TRUE 4 0.77252 (.773998
FALSE | TRUE | FALSE | TRUE | FALSE | TRUE | TRUE 4 0772277 0.77368
FALSE | FALSE | TRUE | TRUE | FALSE | TRUE | TRUE 4 0.767536 £.769299
TRUE | FALSE | FALSE | FALSE | TRUE | TRUE | TRUE 4 0.77037¢ D.77328
FALSE | TRUE | FALSE | FALSE | TRUE | TRUE | TRUE 4 0.764743 G.77186
FALSE | FALSE | TRUE | FALSE | TRUE | TRUE | TRUE 4 D.764875 $.767167
FALSE | FALSE | FALSE | TRUE | TRUE | TRUE | TRUE 4 0.769057 0.769485
Table 11
Number ALC Ridge AUC Logistic AUC Ridge AUC Logistic

Term 1 Term 2 Torm 3 Term 4 Term 8 Term 6 Term 7 of Terms Regrassion Regrassion Regrassion Regression
TRUE TRUE TRUE FALSE FALSE FALSE FALSE 3 0.749217 0.752026 | Mean 0.757567 0.754481
TRUE TRUE FALSE TRUE FALSE FALSE FALSE 3 0.751783 0.754188 | SD 0.007376 0.006837
TRUE FALSE TRUE TRUE FALSE FALSE FALSE 3 0.750474 0.752448

FALSE TRUE TRUE TRUE FALSE FALSE FALSE g .748452 0.745734

TRUE TRUE FALSE FALSE TRUE FALSE FALSE 3 0.751223 0.755732

TRUE FALSE TRUE FALSE TRUE FALSE FALSE 3 0.748985 C.752913

FALSE TRUE TRUE FALSE TRUE FALBE FALSE 3 0.746725 £.750442

TRUE FALSE FALSE TRUE TRUE FALSE FALSE 3 0.751804 (.755362

FALSE TRUE FALSE TRUE TRUE FALSE FALSE 3 0.750864 (.7533588

FALSE FALSE TRUE TRUE TRUE FALSE FALSE 3 0.74946 0.752047

TRUE TRUE FALSE FALSE FALSE TRUE FALSE 3 0.76358 0770535

TRUE FALSE TRUE FALSE FALSE TRUE FALSE 3 0.765245 0.766628

FALSE TRUE TRUE FALSE FALSE TRUE FALSE 3 0762711 $.764052

TRUE FALSE FALSE TRUE FALSE TRUE FALSE 3 0.767916 0.768687

FALSE TRUE FALSE TRUE FALSE TRUE FALSE 3 0.766618 C.76€702

FALSE FALSE TRUE TRUE FALSE TRUE FALSE 3 0.763767 £.764432
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Table 11
Mumber AUC Ridge AUC Logistic AUC Ridge AUC Logistic

Term 1 Term 2 Term 3 Term 4 Term & Term 6 Term 7 of Terms Regression Regression Regression Ragression

TRUE FALSE FALSE FALSE TRUE TRUE FALSE 3 0.767388 0.770134

FALSE TRUE FALSE FALSE TRUE TRUE FALSE 3 £.76458 (.766734

FALSE FALSE TRUE FALSE TRUE TRUE FALSE 3 3.760884 762668

FALSE FALSE FALSE TRUE TRUE TRUE FALSE 3 0.766005 £.766618

TRUE TRUE FALSE FALSE FALSE FALSE TRUE 3 0.756133 0.758456

TRUE FALSE TRUE FALSE FALSE FALSE TRUE 3 0.751243 0752851

FALSE TRUE TRUE FALSE FALSE FALSE TRUE 3 0751899 0783747

TRUE FALSE FALSE TRUE FALSE FALSE TRUE 3 0.755404 0.75702

FALSE TRUE FALSE TRUE FALSE FALSE TRUE 3 0.756904 G.758213

FALSE FALSE TRUE TRUE FALSE FALSE TRUE 3 0.753166 £.753082

TRUE FALSE FALSE FALSE TRUE FALSE TRUE 3 0.75268 £.756143

FALSE TRUE FALSE FALSE TRUE FALSE TRUE 3 0.753155 (.755996

FALSE FALSE TRUE FALSE TRUE FALSE TRUE 3 0.748932 0.750484

FALSE FALSE FALSE TRUE TRUE FALSE TRUE 3 0.753103 0.755119

TRUE FALSE FALSE FALSE FALSE TRUE TRUE 3 0.767563 0.77063

FALSE TRUE FALSE FALSE FALSE TRUE TRUE 3 0.767832 0.76969

FALSE FALSE TRUE FALSE FALSE TRUE TRUE 3 0.762099 8.763112

FALSE FALSE FALSE TRUE FALSE TRUE TRUE 3 0.766544 0.76723

FALSE FALSE FALSE FALSE TRUE TRUE TRUE 3 0.764105 0.76458
Table 12

Mumber AUC Ridge AUC Logistic AUC Ridge AUC Loyistic

Term 4 Term 2 Term 3 Yermd | Term b Term § Term 7 | of Terms Regression Regression Regression Regression

TRUE TRUE FALSE FALSE FALSE FALSE FALSE 2 0.748341 C.750526 | Mean 0.751191 0.752634

TRUE FALSE TRUE FALSE FALSE FALSE FALSE 2 0.745247 (.747485 | 8D 0.0072143 0.006971
FALSE TRUE TRUE FALSE FALSE FALSE FALSE 2 (.74358¢ 0.744508

TRUE FALSE FALSE TRUE FALSE FALSE FALSE 2 0.747945 0.749254

FALSE TRUE FALSE TRUE FALSE FALSE FALSE 2 0.748203 0.748151

FALSE FALSE TRUE TRUE FALSE FALSE FALSE 2 0.745722 0.745288

TRUE FALSE FALSE FALSE TRUE FALSE FALSE 2 0.74682 0.75117

FALSE TRUE FALSE FALSE TRUE FALSE FALSE 2 0.745522 0.748225

LTOSF1/010C O

CIL8€0/010TSN/LDd



PCT/US2010/038712

WO 2010/148017

ZELOELO ZELEELT 7E4BEL0 TELOLL0 1] STV ELEE EL gL IS TV 3871V A ISV 387194
uoissasboy uoissaibay uoissasboy ucissaiiay SIIB |} SO P2 G uie) G UIB ] LAY o Uus] Zkiag boUiS}
asiboy ony afpiy ony ausifo Oy afpnl ony BNy
74 BGEL
£556%4°0 LESHL0 b i IS4 | 3STv4 | E8IVA ISV IS4 | 3STIVA
PA R OATAY) GTLISED b ISV 3INHL 38TV 351v4 35TV 4 IS4 | 3STv4
£06ZFLD EEEOVLD A4 | E8TVd Ela s EEall ERELE ISV A F9WVA
98TEVL0 88ZEVL 0 i IS4 | 3ISTW4 | 3STVA INHL 38774 ISWWA | IS
LEVEEL O ZELBELO L I8TW4 | F3SvH | ASTVA | AsIv4 AL 384 | 38T
SGPY00°0 8679000 Qs | £LZEVL0 GGETPL 0 L ISTv4 | 3ASIVH | ISV 3514 39TV 4 3L 351V
GZLSFE 0 Zyrri 0 uesy | gL6¥Y.L0 CBEZVL O L IS4 | 3STv4 | 3ASTIVA AS TV ELEVE ISV El
uoyssaalioy vorssaalay uoissasfioy voissasfiay SwEsy 0 A i3] g Qe G uuD ] LB o UEB ] FAVIET] f WIS
ansiBon ony ebpny onv apsiBor] onw ofpny onv ABGLINY
£1 el
45826470 CGOLG40 Z ET ERT ISTS | 3STvd | 3T W4 EENCA] EEICE
8096VL°0 GSLLVL0 F I 354 3L 354 | 38V ERIE, 35194
9891620 118062 °C z Elpr 3STvd | IS Ivd INML ISV 3574 ERICE
Zh08t. 0 $9GPL 0 Z ET I8WW4 | 3STWH | 39V ERED ECE IS
V0425470 TL0LEL0 1 Elie EER 2 IESEIEESTE A5V 4 ELEH EENE
15025270 9z5052°0 z El IS4 | 3STvd | 3ISTYd | 3S1vd ELRVE INdL
98719/ 0 CHLOGL 0 Z ESNE] ERET ENE EEZIEESE ESECE ECICE]
£96294°0 CLYESL 0 ] EISCE ETEH A8 Ty ETS EESCE ERCE ESE
19685270 6545.°0 z IS T4 ELEN ER EZIESE JAHL 35774 ERIC e
£9529/°0 CZZZa. 0 Z ERI A I L ASTYd | 3FSTVd | 384 EN ECICE]
$6458.°0 9LGFEL 0 ] B ElH ECCEIE S EERCE ERITE SN L
2196%.20 29657270 7 EERZIIESTE ERNN EREN 354 35774 35T
SSPFL 0 CCETRL 0 Z ISWVH | ISTV4 EREN ISV INHL EE ISV
uoissesboy uoissosboy uoissasboy uoissasboy SRS ] 4O 2 wse] PR FETTEEY] PR EY PO ER FAYIIETY PETIEYS
opsifion ony #Hpi Iy onsifo] Ny 281y onv SBOUANN
AEICET

(€)1

i



PCT/US2010/038712

WO 2010/148017

ZEE000 AN PPES00 AN | 80 182°0 P80 HAvLd DOLASMINL
GELTLLLO0 AN LSGL00 WN | 58270 08470 280 1vZ 109 a8
CLEEVLLO0 AN LEFELO WN | S08°0 ¥6L70 810 ¥8a0 PRI
bALLALLOO NN L8LEZO AN | €840 8400 €80 PHOEXT LANYTIS

FOP0Z0 AN TR8ESTAY | £82°0 BLLD €50 820D 2956824y

BOCLOL Y BOCLOLdY | G840 1940 00'% GIELOLAY S8ELOL Y
grLe00 AN LBBO00 N | 88270 Z8L0 160 Ld¥SS 8Z71dd
£L900 AN £899500 WN | 98270 1820 §R°0 2L Xad ZdDdl

SLVEYCLO0 WN POZABCLO0 WN | £82°0 BLLO 880 SO0 AdUNH

SLALOD AN PELEOD AN | FRLC 0820 580 A dids

0LLL00 AN 978000 WN | 809D 36270 $6°0 6107 96200

LEFBO0 WIN RUPZSL WN | §R40 1240 580 AR, ROWL
bLLZYCLOO NN ZEAG00 NN | ¥8470 6LL0 S8 AT Geao

EEFO00 AN PEQO00 AN | FRL0 0820 180 ZAON FAON

6A8FYL AN 096020 WN | 58270 1820 €670 LaLLD BV
9L£500L00 AN SLLIO0 WN | €840 64470 890 WA Id gdivINL

BTEECO WM £98E00 NN | 8440 PLL0 Z90 NXL AYH8LTH

FZEGHU N ZLLBELLO0 AN | 28270 £82°0 £9°0 HE4CH SdSYD

BYLE00 AN POGZOO WN | 98470 1920 080 LAWYN AVO0LS

6Z9LO0 AN 89EPL0 N | 88270 08470 740 dYSXOTY IFDITO

YEBYO0 WIN 29600 WIN | PRLO FBLO L0 Bl¥iN ZIVaoLs

aoyleiy srgeang bagion raysely wuyniobiy bagoy uoissaiba uossaiboy VOIIRIBI0D JBUICW sosiey wiyobiy
ansilo ony aBipia Oy ;yNPSGNG

Gi 8igel

110



PCT/US2010/038712

WO 2010/148017

‘sesAleuz syl jo UDES Joj saw

001 UIODURE 1B DR10sies alam siadiely ‘seshieue paoeidal siosen 0Z 'Sl ‘0L ‘S 21 o4

AL ED WAL R B8Py 34
GLL0 0440 pacejday siesen iy
CLOTRLL0 010FLiLC paseiday sishiew 07
OZ0'+48L°0 PLOFELLC paseiday sieiEn gL
DE0FaEL 0 SL0F84L°0 pacejday sisven o)

LZ0'¥E8L°0

FLOFL8LC

pavejdey SIeN §

PLOFGEL0

800°FL9L°0

peoeiden JeREN |

98470

18L°G

IBPOW Iind

uorssasfisy snsibo ony

uorssasBay obpiy ony

SULIB ] SHUOUBE

g siqey

‘sajenidnp

OU SBY SIONIB)Y SIMESANS J0 188 au 181 Buunsus spum 188 B1Bp MO d AW Ut sexiaw uiguoBie-uou pajepuod AjUBil 1sow su yum peoejded aue siasien
L0070 SVARY €10 as
98470 L8470 8o UBBY

ZESEOO WIN PEGREL AN | €940 0840 ¥8'0 dBOMAL Pl

90ZZLL00 AN ZLVS00 WN | #8L0 18270 060 Zdiniv £3NTH

asRie synsgng bagiey asxse wypiolny bagiey uoissafa uoissaiboy BOIRIBUCT REY R sexsew wynebpy
sysiBot ony sfipiy 3NV IPRLBYNG

G Hgqe}

113



Zit

Tabie 17

Delia AUC Delia AUC

Ridge Logistic
Markers Regression Regression Markers Term Type Predictive
AF1B1365. HNRPE.TFCPZ 0 G 3 1 | Original Yes
AF161365.TFCP2 0.003485 0.004097 2 1 { Original Yes
AF161365 HNRPF -0.00327 -0.00381 2 1| Orginal Yes
AF181385.ACBDS.DDX18 0.00473 0.004762 3 11 Substitute Yes
AF1681365.0DX18 422805 0.000243 Z 11 Substitute Yes
AF181365.ACBDS -0.00278 -0.0031 2 1| Substitute Yes
Table 18

Delta AUC BDelia AUC

Ridge Logistic
Markers Regression Regression Markers Term Type Predictive
AF289562 HNRPE.TFCPZ 0 0 3 2 | Original Yes
AF288562.TFCP2 -6.34E-05 -0.00073 2 2 | Original Yes
AF289562 HNRPF 0.000549 0.000308 2 2 Originad Yes
CD248. ACBDS.BDK1E -(.00805 -0.00825 3 2 | Substiuie Yes
CD248.00X18 -0.00535 -0.00654 2 2 | Substitute Yes
CD248 ACEBDS -0.00508 -0.00588 2 2 | Substitute Yes
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Tabie 19

Markers Belta AUC Delta AUC Markers Term Predictive

Ridge Logistic

Regression Regression
CO3D.TMCB.CD78B.8PIB 0 Y 4 31| Yes
CD3D.CD79B.5PIB -(.00039 -0.60056 3 3| Yes
THMCB.CD79B.3PIB 0 8.50E-05 3 3| Yes
CO3D.TMC8.CD7aR 0.000612 0.060897 3 31 Yes
CO3D.TMCE.3PIR -0.00053 -(.00041 3 3| Yes
CD3ID.CD7YB -0.00018 B.45E-05 2 3| Yes
CIDAD.SPIB -(3. 0005 -{.0008 Vi 31 Yes
TMCB.CD72B £.00038 0.000678 2 31 Yes
TMC8.EPIB -0.00048 -0.00023 2 31 Yes
LOK.CCT2.CD19.BLK -0.00848 -0.00441 4 3| No
LCK.CD19.BLK -(.00838 -0.60536 3 3 | No
CCT2.CD19.8LK -0.00729 -0.00483 3 31 No
LCK.CCT2.CD19 -0.006819 -0.00338 3 31 No
LOK.COT2.BLK -0.00043 -0.00018 3 31 Yes
LCK.CD19 -0.00692 -0.00316 2 3 | Mo
LOCK.BLK -3.00027 -8.45E-058 2 31 Yes
CCT2.CD18 -0.00805 -0.0017 2 31 No
CCT2BILK -0.00038 -0.060012 2 3| Yes
CR3D.CO7IB -0.00018 B.45£-08 2 31| Yes
CD3D.SPIB -(.00058 -0.0008 2 3| Yes
CDAD.CHY -3.00723 -0.00222 2 31 No
CD3D.BLK -0.00058 -0.00034 2 31 Yes
TMCB.CD79B (.00038 0.000676 2 3| Yes
TMCR.SPIB -0.00048 -0.00023 2 3| Yes
TMCR.CD19 -(.00561 -0.60134 2 3 | Mixed
THCE.BLK -0.00042 -0.0007 2 3| Yes
LCK.CD798 -G.00073 -0.060045 2 3| Yes
LOK.SPIB -0.00109 -0.00118 2 31| Yes
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Table 19
Markers Delia AUC Delta AUC Markers Term Predictive
Ridge Logistic
Regression Regression

LOK.CDY -0.00632 -0.00318 2 3| No
LCKBLK -0.00027 -3.45E-05 2 3| Yes
CCT2.00788 £.000108 0.0001186 2 3| Yes
CCT2.SPIB -G.00057 -0.0007 2 3| Yes
CCT2.CD18 -(.00605 -0.0017 2 3 | No
CCT2.BLK -0.00036 -0.00012 2 3| Yes
Table 20

Delia AUC Deita AUC

Ridge Logistic
Markers Regression | Regression Markers Term Type Predictive
S100A12.CLEC4E . S100A8.RPL28 G Y 4 4 | Original Yas
S100A12.CLEC4E.RPL28 -0.0007% -0.00079 3 4 1 Original Yes
S100A12.53100A8.RPL28 -0.00068 -0.60088 3 4 | Original Yes
CLECAE S100A8.RPL2S 0.000528 0.000528 3 4§ Original Yes
S100A12.RPL2E -0.00186 -0.00166 2 4 | Original Yes
CLEC4E.RPL28 -0.00183 -0.00183 2 4 | Original Yas
S100A8.RPL2S 0.060538 0.000538 2 4§ Griginal Yes
MMPY ALOXBAP NAMPT SSRP1 -3.0003 -0.0003 4 4 | Subsiitute Yes
MMPDALOXSAP SSRP1 -0.00082 -0.00082 3 4 | Substitute Yas
MMPIO.NAMPT.SSRP1 -0.00052 -0.00052 3 4 | Substifute Yes
ALOXEAP NAMPT.SE8RP1 0.0600189 0.00G169 3 4 | Substitute Yes
MMPB.38RP1 -0.00186 -0.00186 2 4 | Substitute Yes
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Table 20

Delta AUC Delta AUC

Ridge Logistic
Markers Regression | Regression Markers Term Type Pradictive
ALOKBAP SSRP1 -3.47E-05 -3A7E-05 2 4 | Substitute Yes
NAMPT.SSRP1 -(3.0002 -(.0002 2 4 | Subsiiute Yes
Table 24
Markers Delta AUC Delta AUC Markers | Term Predictive

Ridge Logistic
Regression Regression

S100A12.CLECAE S10DA8 AQPINCE4 0 G 5 51 Yes
S100A12 CLEC4E . AGPS.NCF4 -0.00021 0.000317 4 51 Yes
S100A12.85100A8. ALQPANCF4 ~0.00173 -0.0026%9 4 51 Yes
CLEC4E.S10CAB.AQPINCF4 0.001014 0.001488 4 51 Yes
S10D0A12.CLECAE S10DA8. AQPY -(3.00091 -0.00105 4 51 Yes
S100A12.CLEC4E.S100AB.NCF4 0.000348 -0.00013 4 51 Yes
S100A12 AQPANCF4 ~0.00249 -0.00298 3 51 Yes
CLEC4E AGPO.NCF4 -0.00016 -0.00042 3 51 Yas
S1G0A12.CLECAE.AQPY -0.00103 -0.00073 3 51 Yes
S100A12.CLECAE NCF4 0.000243 9.50E-05 3 51 Yes
S100A8. AQPS.NCF4 ~0.00108 -0.00207 3 51 Yes
S100A12.S100A8. A0PY -0.00226 -0.00336 3 51 Yes
S100A12.8100AB.NCF4 -0.00141 -0.002¢e2 3 51 Yes
CLEC4AE.3100A8.A0PS 3A7E-05 0.000338 3 51 Yes
CLEC4E.3100A8.NCF4 0.000771 0.000813 3 51 Yes
S100A12.A0P9 -0.0026 -0.00383 2 51 Yes
S100A12.NCF4 -0.00227 -0.00284 2 51 Yas
CLEC4E.AGPS -0.00053 ~0.0008 2 51 Yes
CLEC4E.NCF4 -(.00024 -0.000786 2 51 Yes
S100A8.AQPS ~0.00246 -0.00325 2 51 Yes
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Tabie 21

Markers Belta AUC Delta AUC Markers | Term Predictive
Ridge Logistic
Regression Regression

S100A8.NCF4 -0.00081 -0.00302 2 51 Yas
MMPA.ALOXSAP NAMPT.GLTID1.NCF2 -0.00325 -0.00535 5 51 Yes
MMPYALOXEAP.GLT1D1.NCF2 -0.00498 -0.00893 4 51 No
MMPINAMPT.GLT1D1.NCF2 -0.00311 -0.00518 4 51 Yes
ALOKEAP NAMPT.GLT1D1.NCF2 ~0.00376 -3.0057 4 51 Yes
MMP2.ALOXSAP NAMPT.GLT1D1 -0.00339 -0.00584 4 51 Yes
MMPYALOXBAP.NAMPT NCF2 -0.00505 -0.00703 4 51 No
MMPO.GLT1D1.NCF2 -0.00523 -0.0071 3 51 No
ALOXSAP.GLT1D1.NCF2 ~(0.00402 -0.005%4 3 51 Yes
MMPALOXSAP.GLT1D1 -0.00344 -0.00538 3 51 Yas
MMPA.ALOXBAP NCF2 -0.00483 -0.00651 3 51 No
NAMPT.GLT1D1NCEZ -0.00298 -0.00518 3 51 Yes
MMPONAMPT.GLT1D1 -0.0033 -0.00529 3 51 Yes
MMPINAMPT NCF2 -3.00837 -D.00736 3 51 No
ALOXBAP NAMPT.GLT1D1 -0.003¢e2 -0.00534 3 51 Yes
ALY EAP NAMPT.NCF2 -0.0038 -0.0088 3 51 Yes
MMPY.GLT1D1 -0.00518 -0.007 11 2 51 No
MMPI.NCF2 -0.00516 -0.00706 2 51 Neo
ALOXBAP GLT1DM -0.00404 -0.00813 2 51 Yes
ALOXEAP NCF2 -0.00433 -0.00623 2 51 No
NAMPT.GLTID -(.00268 -0.00437 2 51 Yes
NAMPT.NCF2 -0.00303 -0.00568 2 51 Yes
S100A12.A0PY -(.0026 -0.00363 4 51 Yes
S100A12.NCF4 -0.00227 -0.00284 2 51 Yes
S100A12.GLT1DM -0.00245 -0.00358 2 51 Yes
S10DA12.NCF2 -3.00359 -0.00478 2 51 Yes
CLEC4E AQPY ~0.00053 -0.0009 2 51 Yes
CLEC4E NCF4 -0.00024 -0.00076 2 51 Yes

LTOSF1/010C O

CIL8€0/010TSN/LDd



N

Table 21
Markers BDelia AUC Delta AUC Markers | Term Predictive
Ridge Logistic
Regression Regression
CLEC4E.GLT1D1 -0.00023 -0.001 2 51 Yes
CLEC4E.NCF2 -0.00113 -0.0024% 2 51 Yes
S100A8.ALPY -0.00246 -0.00325 2 51 Yes
S100AB.NCF4 -0.00091 -0.00362 2 51 Yes
S100A8.GLT1D1 ~0.00209 -0.0028%9 Z 51 Yes
S100A8.NCF2 -0.00297 -0.00497 2 51 Yes
MMPY AGPY -0.00341 -0.00537 2 51 Yes
MMPY.NCF4 -0.00317 -0.00844 2 51 Yes
MMPS.GLT1D1 -0.00518 -0.00711 2 51 Neo
MMPI.NCFZ -0.00516 -0.00706 2 51 No
ALOXEAP AGPY -0.00481 -0.00669 2 51 No
ALOXBAP NCF4 -(.00388 -0.00845 2 5 | Mixed
ALOXSAP.GLT1D1 -0.00404 -0.00613 2 51 Yes
ALOKBAP NCF2 ~0.004 37 -0.00623 Z 51 No
NAMPT.AQPY -0.00221 -0.00344 2 51 Yes
NAMPT.NCF4 -3.00188 -(0.00385 2 51 Yes
NAMPT.GLT1DA -0.00268 -0.00437 2 51 Yes
NAMPT.NCF2 -0.00303 -0.00586 2 51 Yes
Tabile 22
Markers Dalta AUC Ridge Delta AUC Markers Term Predictive
Regression Logistic
Regression
CASPSIL18RARP TNFAIPSILERB. TNFREFI0C. KCNER TLRS 0 ¢ 7 5| Yes
CASPSIL18RAPILEBRB. TNFRSF10C. KCNE3 TLRS -0.00728 -0.00732 5] 6 | Yes
CASPE TNFAIPSILSRB.TNFRSF10C KUNES. TLR4 -6.00772 -0.00773 & 6 i Yas
IL18RAP TNFAIPS.ILBRB.TNFRSF10C.KONES. TLR4 0.00226 0.002999 8 8§ Yas
CASPSIL18RAP. TNFAIPSILERB. TNFREF10C.KCNES -3.00147 -0.60101 8 81 Yes
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Tabie 22

Markers Deita AUC Ridge Delta AUC Markers Term Predictive
Regression Logistic
Regression
CASPSIL18RAP TNFAIPGILBRB TNFRSF10C.TLRS 0.001077 0.001045 8 8 | Yes
CASPEILISRAP. TNFAIPGILBRB.KCNES. TLRS (0.000644 0.0602985 & & | Yes
CASPSILISRAFP TMFAIFG. TNFREF1DC.KCNERTLRY -0.0012 -0.00038 6 6 Yas
CASPSILBRB.TNFRSF10C.KONEZ.TLR4 -0.01475 -0.01514 5 5 | Yes
HABRAPHBRB. TNFREF10CKONES. TLR4 -(0.00366 -0.008%4 5 5| Yes
CASPSIL18RAPILEBRB. TNFRSF10C. KCNES -0.00788 -0.008 5 6 | Yes
CASPEILISRAPILBRB. TNFRIF10C.TLRS -6.00707 -(.00868 & 6 | Yes
CASPSIL18RAFILBRB.KCNES. TLRY -0.00708 -0.00693 5 5 Yes
CASPSIL18RAP. TNFRSFIOC.KCNESTLRY -3.00785 -0.00776 5 8 i Yes
TNFAIPGILBRB. TNFREF10C.KONEZ TLRY -0.00898 -0.00669 5 8| Yes
CASPETNFAIPGILARB.TNFRSF1CC. KONES -G.00842 -(0.0081 g 6 i Yes
CASPS.TNFAIFGILBRB.TNFRSF10C.TLRA -0.00771 -0.00778 5 § | Yes
CASPS5. TNFAIPSILERB.KCNES.TLR4 -0.00722 -0.00741 5 & as
CASPS. TNFAIPS. TNFRSFI10C KONES3. TLR4 -0.00815 -3.0080% 5 5| Yes
H1BRAP. TNFAIPCILBRB. TNFREF10C.KCNES 0.001068 0.001581 5 8| Yes
HABRARP TNFAIPGILBRB. TNFRIF10C. TLRY (3.001798 0.003252 & 6 | Yes
HBRAP TNFAIPGILBRB KONEZ TLR4 0.002745 0.003822 5 6 Yas
IL18RAP. TNFAIPS. TNFREFI10C.KCNESTLRY 0.001626 0.003305 5 81 Yes
CASPSIL18RAP. TNFAIPGILBRB. TNFHRSF10C -0.00081 -0.00029 5 8| Yes
CASPEILISRAP. TNFAIPSILBRB.KCNES -G.00103 1.08E-05 g 6 i Yes
CASPEILISRAP. TNFAIPS. TNFRSF10C KCNES -(.00291 -0.00322 G 6 i Yas
CASPSIL18RAF. TNFAIPEILERB.TLR4 0.002492 0.002714 5 & | Yes
CASPSIL18RARP TNFAIPS TNFRSF10C.TLR4 -0.0005 -2.00052 5 51 Yes
CASPEIL18RAP. TNFAIPG KCNE3 TLRY -0.00098 -0.0004 5 8| Yes
CASPEILBRB.TNFRSF10C.KCNE3 -0.01477 -0.01564 4 & | Yes
CASPSILBRB.TNFRSF10C.TLRY -0.01458 -0.01508 4 § | Yas
CASPSILBRB.KCNESTLRS -0.01438 -0.01486 4 81 Yes
CASPS.TNFRSFIDCKCNERTLRS -0.01449 -0.01482 4 8| Yes
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HABRAPILBRB. TNFRSF10C KONES -0.00879 -0.00959 4 8 | Yes
HABRAPILEBRB.TNFRSF10C.TLR4 -0.00982 -0.00881 4 & | Yes
HABRAP HLBREB.KCNEZ. TLRS -0.00928 -0.00856 4 6 Yas
IL18RAP. TNFRSF1GC.KCNES.TLRS -0.005852 -0.0089Y 4 81 Yes
CASP5.IL18RAP H.BRB. TNFRSF100 -0.00777 -0.00745 4 5| Yes
CASPESIL18RAPILBRB.KCNES -0.00783 -0.00748 4 6 | Yes
CASPEILISRAP. TNFRSF10C.KONES -(.00871 -0.00871 4 6 | Yes
CASPSIL18RAFILBRB.TLRY -0.005928 -0.00571 4 & | Yes
CASPSIL18RAP. TNFRSFIOC.TLRS -0.00733 -0.00724 4 51 Yes
CASPSIL1BRAP KONE3. TLRY -0.00755 -0.00775 4 8| Yes
TNFAIPEILSRB. TNFRSF10C.KCNE3 -G.00715 -0.00729 4 6 i Yes
TNFAIPGILBRB. TNFRS3F10C.TLRS -0.00744 -0.00838 4 6 Yas
TNFAIPSILBRB.KCNES. TLR4 -0.00641 -0.00627 4 & | Yes
TNFAIPS. TNFRSFICC.KCNERTLRY -0.00668 -0.0064% 4 8| Yes
CASPE.TNFAIPGILBRB.TNFRSF10C -0.00887 -0.0087 4 6 | Yes
CASPE TNFAIPSILBRBKCNES -0.007581 -0.00814 4 6 | Yes
CASPS.TNFAIFS. TNFREFI10C.KCNESR -0.00928 -0.00808 4 6 Yas
CASPS. TNFAIPSILERB.TLR4 -0.0088 -0.60666 4 8 i Yes
CASPS.TNFAIPS. TNFRSF10C. TLR4 -0.00852 -0.00834 4 8| Yes
CASPETNFAIPS KCNE3 TLR4 -0.00793 -0.00791 4 & | Yes
HABRARP TNFAIPGILBREB TNFRSF10C -6.34E-05 0.000813 4 6 i Yes
IL18RAP TNFAIPS.ILBRB.KCNES 0.001542 0.002175 4 8§ Yas
HABRARP. TNFAIPE. TNFRSF10C.KCNES 0.000285 0.00057 4 81 Yes
H1BRAP. TNFAIPB.ILBRB.TLR4 0.003347 0.004878 4 8| Yes
H1BRAP TNFAIPG. TNFRSF1CC.TLR4 0.0015%4 0.002502 4 6 i Yes
HIBRAP TNFAIPG.KCNEZ TLRY 0.001798 0.002568 4 § | Yes
CASPSIL18RAP. TNFAIPS.ILEREB -0.00015 0.001183 4 51 Yes
CASPSIL18RAP. TNFAIPG.TNFRSF10C -0.00385 -0.00361 4 8| Yes
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CASPSIL18RAR TNFAIPG KUNES -0.00364 -0.0031 4 8| Yes
CASPEILIGRAP. TNFAIPSTLRA -0.00058 -0.00041 4 & | Yes
CASPSILBRB.TNFRSF10C -0.01523 -0.01583 3 § | Yas
CASPSILBRB.KCNES -0.01468 -0.015G7 3 81 Yes
CASP5. TNFRSFIDC.KCNES -0.01494 -0.01568 3 5| Yes
CASPSILBRB.TLR4 -0.01428 -0.01487 3 8| Yes
CASPE TNFRSF10C.TLRS -0.01482 -0.0182 3 6 | Yes
CASP5.KCNE3.TLR4 -0.01459 -0.01474 3 & | Yes
IL18RAPILBRB. TNFRSF10C -0.01037 -0.00%64 3 81 Yes
HABRAPILBRBKCONES -0.01 -0.00946 3 8| Yes
HABRAP. TNFRSF10C.KCNES -G.01029 -0.00963 3 6 i Yes
HABRAP HLBRB.TLRS -0.00926 -0.00805 3 § | Yes
IL18RAP TNFRSF10C.TLR4 -0.00991 -0.0089 3 8§ Yas
HABRAP KCNER TLRY -0.06091 -2.00832 3 51 Yes
CASPSIL18RARILBRE -0.00718 -0.00848 3 8| Yes
CASPEILISRAP. TNFRSF10C -(.00915 -0.00818 3 6 i Yes
CASPSILIERAFPKENES -0.00891 -0.00872 3 6 Yas
CASPSIL18RAP.TLRS -0.60888 -0.00775 3 51 Yes
TNFAIPBILBRB.TNFRSF100C -0.007886 -0.00752 3 8| Yes
TNFAIPEILORB.KCNES -G.00688 -0.006844 3 6 i Yes
TNFAIPS. TNFRSF10C. KONES -06.00771 -0.00748 3 6 i Yes
TNFAIPS.ILBRB.TLRY -0.00668 -0.0058 3 8§ Yas
TNFAIPE. TNFRSFI0C.TLRY -0.00765 -(3.0088 3 8| Yes
TNFAIPE KCME3. TLR4 -0.00623 -0.00808 3 8| Yes
CASPETNFAIPGILSRE -0.6G79 -0.00708 3 & | Yes
CASPS.TNFAIFS. TNFREFI0C -0.009928 -0.00888 3 § | Yes
CASPS TNFAIPS.KCNESZ -0.005835 -0.060929 3 51 Yes
CASPS.TNFAIPS.TLR4 -0.00745 -0.00787 3 8 | Yes
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HABRAP. TNFAIPE.ILBRE .000549 0.00189 3 8| Yes
HBRAP. TNFAIPE. TNFRSF1CC -0.00174 -0.00122 3 6 i Yes
HUIBRAP TNFAIPGKCNES -0.00038 0.00037 3 § | Yes
IL18RAP. TNFAIPS.TLR4 0.001552 0.002249 3 5 | Yes
CASP5.ILBRE -0.01498 -0.01537 2 51 Yes
CASPE.TNFRSF10C -0.01527 -0.01802 2 8| Yes
CASPE KCNES -0.01471 ~0.0182 Z € i Yes
CASP5.TLR4 -0.01426 -0.01449 2 & | Yes
IL18RAPILBRE -0.605883 -0.060922 2 5 | Yes
HABRAP. TNFRSF10C -0.01128 -0.01029 2 8 | Yes
H1BRAP.KCONES -0.6097 -0.01001 2 & | Yes
HABRAP TLR4 -0.00878 -0.00823 2 § | Yes
TNFAIPS.ILBREB -0.00724 -0.00667 2 8§ Yas
TNFAIPB. TNFRSF10C -0.00324 -0.00868 2 8| Yes
THNFAIPE.KCNES -0.00752 -0.00694 2 8| Yes
TNFAIPS.TLRS -0.00663 -0.00632 Z 6 | Yes
H3F3B. TXN.PLAUR.BCL2AT PTAFRLAMPZ TYROBP -0.01883 -0.01928 7 6 Yas
H3F3B. TXN.BCL2ZATPTAFR.LAMP2. TYRCRBP -0.01979 -0.62006 8 8 i Yes
H3F3B.PLAUR BCL2AT PTAFRLAMP2 TYROBP -0.01852 -0.01882 8 6 | Yes
TANPLAUR.BCLZA1 PTAFR.LAMP2.TYROBP -G.01845 -0.01858 & 6 i Yes
H3F3B. TXN.PLAUR.BCLZAT PTAFR. LAMPZ -(.01891 -0.01913 & € i Yes
H3F3B. TXN.PLAUR.BCL2AT . PTAFR.TYROBP -0.01909 -0.01945 8 & | Yes
H3F3B. TXM PLAUR BCL2AT LAMP2 TYROBP -0.01389 -2.02008 8 51 Yes
H3F3B. TAN.PLAURPTAFR LAMP2 TYROBP -0.01823 -0.01798 5] 6 | Yes
H3F3B.BCL2AT.PTAFRLAMP2 TYROBP -G.01985 -0.01997 g & | Yes
TXN.BCLZAT.PTAFR LAMP2TYROS -0.01978 -0.0199 5 6 Yas
H3F3B. TXN.BCL2ZATPTAFR.LAMPZ -0.0195 -0.019868 5 51 Yes
H3F3B. TXMN.BCL2ATPTAFR.TYROBP -0.02001 -0.02022 5 8 | Yes
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H3F3B. TXN.BCLZATLAMP2. TYROBP -0.02077 -0.02088 5 8 | No
H3F3B. TAN.PTAFR LAMP2 TYROBP -0.01929 -0.01949 5 6 i Yes
PLAURBCL2AT PTAFR.LAMP2. TYROBP -0.0192 -0.0192 5 6 Yas
H3F3B.PLAURBCLZAL.PTAFR.LAMPZ -0.01879 -0.61932 5 81 Yes
H3F3B.PLAURBCL2AT PTAFR.TYROZP -0.01304 -3.0194 5 81 Yes
H3F3B.PLAUR.BCL2AT.LAMPZ. TYROBP -0.01934 -0.01953 5 6 | Yes
H3F3B.PLAUR PTAFR.ILAMP2 TYROBP -(.01801 -0.01798 G 6 i Yas
TXN.PLAUR.BCL2AT.PTAFR.LAMPZ -0.01863 -0.01884 5 8§ Yas
TXNPLAUR BCL2ATPTAFR.TYROBR -0.01871 -0.01955 5 8 i Yes
THN.PLAUR.BCL2ATLAMP2.TYROBP -0.01943 -0.01932 5 8| Yes
TANPLAURPTAFRLAMP2 TYRCBP -6.01834 -0.01792 g 6 i Yes
H3F3B. TXN.PLAUR.BCL2AT PTAFR -0.01945 -0.01858 5 6 Yas
H3F3B. TXN.PLAUR.BCL2AT.LAMPZ -0.01999 -0.02012 5 & | Yes
H3F3B. TXN PLAUR PTAFR.LAMP2 -0.01816 -0.01784 5 81 Yes
H3F3B. TAN.PLAUR.BCLZAT.TYROBP -0.02038 -0.02064 5 6 | Yes
H3F3B. TXN.PLAURPTAFR.TYRORBR -(.01949 -0.0195 G 6 i Yas
HAF3B. TXN.PLAUR.LAMP2 TYROBF -0.01904 -0.01808 5 6 Yas
H3F3B.BCL2A1.PTAFR.LAMPZ -0.01574 -0.02007 4 5 | Yes
H3F3B.BCL2AT. PTAFRUTYROS -0.01984 -0.02014 4 8| Yes
H3F3B.BCL2AT LAMP2 TYRORBP -0.01983 -0.02014 4 & | Yes
H3F3B.PTAFRLAMP2 TYRCRP -0.018598 -0.01932 4 6 i Yes
TXN.BCLZAT.PTAFR.LAMPZ -0.01948 -0.01943 4 8§ Yas
THEN.BCLZATPTAFR.TYROBP -0.02009 -0.02005 4 51 Yes
TAN.BCL2AT.LAMP2. TYROBP -0.02014 -0.02012 4 8| Yes
TKMN.PTAFRLAMP2 TYROBP -G.01931 -0.01992 4 6 i Yes
H3F3B. TXN.BCLZATFTAFR -0.02017 -0.02014 4 6 Yas
H3F3B. TXMN.BCL2AT.LAMPZ -0.02053 -0.02056 4 8 i No
H3F3B. TXN.PTAFR.LAMP2 -3.01819 -0.01887 4 8| Yes
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H3F3B. TXMN.BCL2ATTYROS -3.02078 -0.02122 4 8 | No
H3F3B. TAN.PTAFR.TYRCEP -G.02018 -0.02033 4 6 i Yes
H3F3B. TXN.LAMP2. TYROBP -0.01998 -0.02022 4 § | Yes
PLAURBCLZAT.PTAFR.LAMPZ -0.0192 -0.01915 4 81 Yes
PLAURBCLZATPTAFR.TYROBP -0.01368 -0.02004 4 8| Yes
PLAUR.BCL2AT.LAMP2 TYRCEBP -0.01947 -0.01983 4 8| Yes
PLAUR PTAFRLAMP2 TYRORBP -0.01847 -0.01838 4 6 i Yes
H3F3B.PLAUR.BCL2AT.PTAFR -0.01925 -0.01924 4 8§ Yas
H3F3B.PLAUR.BCL2AT.LAMPZ -0.01562 -0.01989 4 5 | Yes
H3F3B. PLAUR PTAFR.LAMPZ -0.01779 -0.01779 4 8| Yes
H3F3B.PLAUR.BCL2A1. TYROBP -0.01978 -0.02003 4 & | Yes
H3F3B.PLAURPTAFRTYROBP -0.01903 -0.01932 4 6 Yas
H3F3B.PLAUR.LAMP2.TYROBP -0.01835 -0.01842 4 & | Yes
THEN.PLALUR BOL2ATPTAFR -0.01895 -3.0189 4 81 Yes
TAN.PLAUR.BCLZAT.LAMPZ -0.01947 -0.01941 4 8| Yes
TKNPLAURPTAFR.LAMP2 -0.01748 -0.01748 4 6 i Yes
TXNPLAURBCLZA1TYROBP -0.02088 -0.02138 4 6 i No
TXNPLAURPTAFR.TYROBP -0.01936 -0.01917 4 81 Yes
THN.PLAURLAMPZTYROS -0.01878 -0.01874 4 8 | Yes
H3F3B. TAN.PLAUR.BCLZA -0.02057 -0.02098 4 & i No
H3F3B. TXN.PLAURPTAFR -0.0182 -0.01799 4 6 i Yes
H3F3B. TXN.PLAUR.LAMP2 -0.0185 -0.0186 4 & | Yes
H3F3B. TXN. PLAUR TYROBP -0.02025 -0.02086 4 81 Yes
H3F3B.BCL2AT.PTAFK -0.0199 -0.02011 3 8| Yes
H3F3RB.BCL2AT.LAMP2 -0.02034 -0.02084 3 & | Yes
H3F3B.PTAFRLAMP2 -0.01898 -0.01887 3 § | Yes
H3F3B.BCL2A1.TYRCRBP -0.02078 -0.62105 3 8 i No
H3F3B.PTAFR.TYROBP -0.02001 -0.02029 3 8 | Yes
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H3F3B.LAMP2. TYROBP -0.01974 -0.02007 3 8| Yes
TAN.BCLZ2AT.PTAFR -0.01986 -0.01992 3 & | Yes
TXN.BCLZAT.LAMPZ -0.01978 -0.02018 3 § | Yes
TXNPTAFR.LAMPZ -0.01891 -0.01887 3 81 Yes
THEN.BCLZATTYROBP -0.02107 -0.02132 3 5 1 No
TAN.PTAFR.TYROBP -0.02 -0.02024 3 6 | Yes
TKNLAMPZ.TYROBP -(.01962 -0.02003 3 6 | Yes
H3F3B.TXN.BCL2AA -0.0211 -0.02123 3 8 i No
H3F3B. TXMN.PTAFR -0.01506 -0.01911 3 5 | Yes
H3F3B. TXMN.LAMPZ -0.0193 -0.01988 3 8 | Yes
H3F3B. TAN.TYROBP -0.0212 -0.02144 3 & { No
PLAUR.BCL2ATPTAFR -0.01948 -0.01958 3 § | Yas
PLAURBCL2AT.LAMP2 -0.01952 -0.0198 3 & | Yes
PLAURPTAFR.LAMPZ -0.01797 -0.01784 3 5| Yes
PLAUR.BCL2A1. TYROBP -0.02012 -0.02041 3 8| Yes
PLAUR PTAFR.TYROBP -(.01907 -0.01933 3 € i Yes
PLAURLAMPZ.TYROBP -0.01888 -0.01879 3 § | Yes
H3F3B.PLAUR.BCL2A1 -0.02017 -0.02029 3 81 Yes
H3F3B.PLAUR FTAFR -0.01819 -0.01819 3 8| Yes
H3F3B.PLAUR.LAMPZ -0.01851 -0.018581 3 & | Yes
H3F3B.PLAUR TYROBP -(.01981 -0.01982 3 € i Yes
TXN.PLAUR.BCLZ2AY -0.02091 -0.0213¢% 3 8 i No
THEN.PLALR PTAFR -0.01811 -0.01817 3 8| Yes
TAN.PLAUR.LAMPZ -0.01777 -0.01807 3 8| Yes
TANPLAURTYROBP -G.02058 -0.02118 3 6 i MNo
H3F3B.BOL2AY -0.02045 -0.02078 2 6 i No
H3F3B.PTAFR -0.61528 -0.0197 2 5 | Yes
H3F38.LAMP2 -0.01852 -0.01982 2 8 | Yes
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H3F3B. TYRORBP -0.02049 -0.02082 2 8 | No
TAN.BCLZAT -0.02134 -0.02158 2 & i No
TXNPTAFR -0.01891 -0.01933 2 § | Yes
TXNLAMP2 -0.61543 -0.0199 2 5 | Yes
THEN.TYROBP -0.02144 -0.02172 2 5 1 No
PLAUR.BCL2A1 -0.0202 -0.02082 2 8| Yes
PLAUR PTAFR -6.01811 -0.01813 Z 6 | Yes
PLAUR.LAMPZ -0.01833 -0.01797 2 5 Yes
PLAUR.TYROBP -0.01595 -0.02038 2 81 Yes
CASP5.ILBRB1 -0.01498 -0.01537 2 8 | Yes
CASPETNFRSF10CT -0.015827 -0.01802 2 € i Yes
CASPS.KCNE3 -0.01471 -0.0152 2 6 Yas
CASP5.TLR41 -0.01426 -0.01449 2 & | Yes
CASP5.BCL2A1 -0.01551 -0.016 2 8| Yes
CASPE.PTAFK -0.01515 -0.01538 2 6 | Yes
CABPELAMPZ -0.0153 -0.01582 4 € i Yes
CASPS.TYROBPRP -0.01642 -0.01628 2 § | Yes
IL18RARPILBRR -0.605883 -0.00922 2 5 | Yes
HABRAP. TNFRSF10C -0.01128 -0.01029 2 8| Yes
H1BRAP.KCNESS -0.6097 -0.01001 2 & | Yes
H1BRAP. TLR41 -0.060878 -(0.00825 Z € i Yes
IL18RAP BCL2AM -0.01217 -0.01143 2 8§ Yas
HABRAP PTAFR -0.01153 -2.01101% 2 51 Yes
H1BRAP.LAMPZ2 -0.01012 -0.00988 2 8| Yes
HABRAP TYROBP -0.01198 -0.01198 2 & | Yes
TNFAIPGILBREB1 -0.00724 -0.00867 2 6 Yas
TNFAIPB.TNFRSF10CH -3.00924 -0.00868 2 81 Yes
TMNFAIPE KONES -0.00752 -0.006%4 2 8| Yes
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TNFAIPE. TLR41 -0.00663 -0.006832 2 8 | Yes
TNFAIPE.BCL2AY -0.6102 -(.0097 2 6 i Yes
TNFAIPG.PTAFR -0.00952 -0.00808 2 6 Yas
TNFAIPS.LAMPZ -3.00845 -0.00774 2 81 Yes
TNFAIPS. TYRORP -0.01093 -0.0108 2 8| Yes
H3F3B.ILERB -0.0199 -0.02009 2 8| Yes
H3F3B. TNFRSF10C -(.01958 -0.01873 4 6 i Yas
H3F3B.KCNE3 -0.01699 -0.0189 2 & | Yes
H3F3B.TLR4 -0.61707 -0.01722 2 5 | Yes
H3F38.BCL2A1 -0.02045 -0.02078 2 8 | No
H3F3R.PTAFR -0.01928 -3.0197 2 & | Yes
H3F3B.LAMPZ -0.01952 -0.01982 2 § | Yes
H3F3B.TYROBP -0.02049 -0.02082 2 8 i No
TXNILEREB -0.02074 -2.02073 2 8 i N
TAN.TNFRSF1CC -0.02084 -0.02143 2 g | No
TKNKCNES -0.01775 -0.01731 Z € i Yes
TXN.TLR4 -0.01782 -0.01819 2 § | Yes
TXN.BCLZA1 -0.02134 -0.0215% 2 8 i No
THN.PTAFR -0.01891 -0.01933 2 8 | Yes
TANLAMPZ -0.01943 -3.0199 2 & | Yes
TKN.TYROBP -0.02144 -0.02172 Z 6 i No
PLAURILBRER -0.01926 -0.0191 2 & | Yes
PLAURTNFRSF10G -0.01355 -0.0198% 2 8 i Yes
PLAUR.KCNES -0.01482 -0.01437 2 6 | Yes
PLAURTLR4 -0.0171 -0.01682 2 & | Yes
PLAUR.BCL2AY -0.0202 -0.02082 2 § | Yes
PLAURPTAFR -0.01811 -0.01813 2 5 | Yes
PLAUR.LAMP2 -0.01833 -0.01797 2 8| Yes
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PLAURTYROBP -0.01395 -0.02038 Yes
Table 23
Markers Delta AUC Delia AUC Markers | Term Predictive
Ridge Logistic
Regression Regression
CO3D.TMCE.SLAMF7. KLRC4 0 iy 4 71 Yes
CO3D.3LAMF7 KLRC4 -B.34E-05 1.08E-08 3 7 | Yes
TMCB.SLAMF7 KLRC4 -0.000%4 -0.60103 3 7 i Yes
CD3D.TMCE SLAMEY 0.003432 0.004085 3 71 Yes
CO3D.TMCE.KLRC4 -(.00269 -0.00335 3 7 i Yes
CO3D.SLAMFY .00226 (.002768 2 7 1 Yes
CDIDKLRCS -0.0027 -0.00332 2 7 i Yes
TMCS.SLAMEFY (.001594 G.001827 2 74 Yes
TMC8.KLRC4 -0.00351 -0.00365 2 71 Yes
LCK.CCT2.CX3CRI.CDBA -0.01192 -0.01099 4 7 i No
LOK.CX3CR1.COBA -0.01192 -0.01143 3 7 i Neo
CCT2.CX3CR1.CD8A -0.01192 -0.61216 3 7 i No
LCK.CCT2.CX3CR -0.00644 -0.00646 3 71 Yes
LCK.CCT2.CDBA -0.01323 -0.01304 3 7 1 No
LOK.CX3CR -(.00887 -(.00728 2 71 Yes
LCK.CDBA -0.01382 -0.01289 2 7 i No
GCT2.CK3CRA -(.00648 -(.0081% 2 71 Yes
CCT2.CDBA -0.01287 -0.01253 2 7 1 No
CO30D.SLAMFY (.00226 0.002768 2 7 i Yes
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CO3D.KLRC4 -0.0027 -0.00332 2 71 Yes
CDAD.CX3CRY -G.00839 -0.00615 2 71 Yes
CD30.Co8A -0.01374 -0.01231 2 7 i No
TMC8.SLAMFY 0.001594 0.001827 2 71 Yes
TMCB.KLRC4 -3.003581 -0.00365 2 7 i Yes
TMCB.CX3CR1 -0.00872 -0.00602 2 7 | Yes
TMC8.CD8A -0.01139 -D.01121 2 7 i No
LCK.SLAMF7 0.000118 £.000285 2 71 Yes
LCK.KLRC4 -0.00436 -0.0045 2 71 Yes
LOK.CXBOR -3.00687 -0.00728 2 71 Yes
LCK.CD8 -0.01382 -0.01289 2 7 i No
CCT2.3LAMEY 0.001725 £.002154 2 71 Yas
CCT2.KLRC4 -0.00403 -0.00408 2 71 Yes
CCT2.0X30RY -0.00846 -3.0061 2 7 i Yes
CCT2.CDBA -0.01287 -0.012583 2 7 | No
Table 24: Clinical and Demographic Characteristics of the Final Development and Validation Patient Sets’
Development Yalidation
Obstructive CADY No Chsiructive CAD Obstructive CAD MNo Obstructive CAD
Characteristic {N=230) {N=410) P-value {N=182) {N=334) P-value
Age, mean {SD), v €83.7 (11.13 57.2 {11.8) <{.001 4.7 { 9.8) 57.7(11.7) <{3.001
Men, No. (%) 180 { 78.3%) 193 {47 .1%) <{3.001 134 ( 89.8%) 185 (49.4%) <§3.001
Chest pain type <0.001 <0.001

Typical 51 { 26.5%) 65 { 16.1%) 42 { 21.9%) 41 (12.3%)
Atypical T8 12.2%) 565 ( 13.7%) 47 { 21.6%) A5 { 14.7%)
Non-cardiac A7 {20 4%) 137 ( 33.4%) 50 { 26.0%) 134 { 40.1%)
Nore 51 ¢ 39.6%) 143 { 34.9%) 58 { 30.2%) 109 { 32.6%)

Blood pressure, mean {3D), mm
Hg
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Table 24: Clinical and Demographic Characteristics of the Final Development and Yalidation Patient Sets’

Development Validation
Ohstructive CAD” Mo Chstructive CAD Obstructive CAD No Obstructive CAD

Characteristic {(N=230) {(N=410) P-value {N=192) {N=334} P-value

Systolic 138 (17.7) 133{18.3) <. 001 148 {(17.7) 132 (18.1} <0004

Diastolic 79.7 (11.0) 79.6 (11.7) 0.84 79.2 {11.3} 77.5{10.9) 0.09
Hypertension 163 { 70.9%) 237 (57.8%) 8.002 142 (74.0%) 203 ( 80.8%) 8.001
Dyslipidemia 170 { 73.9%) 225 (B4.9%) <0001 133 (69.3%) 208 (62.3%;) 0.11
Curent smaoking B83{23.2%) 89 { 24.3%) 0.75 38 ( 19.8%) 88 { 20.4%) 0.7¢
BMI, mean (80}, kg/m2 30.5(6.0) 31.6(7.5) 0.38 28.8(8.8) 31.3(7.0) 0.0
Ethnicity, White not Hispanic 210 (91.3%;) 347 (84.6%) £.018 181 {94.3%) 293 {87.7%) 8.02
Clinical syndrome

Stable angina 123 (83.5%) 214 (B2.2%) 0.7& 107 { 55.7%) 176 { 82.7%) 0.48

Unstable angina 35 {15.2%) 81 (12.8%;) 0.15 31 {(18.1%;) 58 { 17.4%) 0.74

Asympltomatic, high rigk 72 {31.3%) 113 { 27.6%) 0.32 853 ( 27.8%) 100 ¢ 29.9%) 0.60
Medications

Aspirin and salicylates 153 { 66.5%) 232 { 56.8%) .83 139(72.4%) 205 (61.4%) 8.01

Siadins 109 {47 .4%) 142 { 34.6%) 8.003 93 (48.4%) 127 ( 38.0%) £.02

Beta blockears B2 (35.7%) 133 { 32.4%) 0.52 85 ( 44.3%) 124 { 37.1%) 0.1

ALCE inhibitors 57 { 24.8%) 67 (16.3%) .01 47 { 24.5%) 64 { 19.2%) 0.16

Angictensin receptor 29 (12.8%) 39 { 9.5%) 0.28 18{ 9.4%; 34 (10.2%) 0.76
blockers

Calcium channel blockers 33 { 14.3%) 46 { 11.2%) 0.29 28 ( 13.5%) 34 { 10.2%) 0.25

Antiplatelet agents 2T {11.7%) 24 {5.1%) 8.003 16 { 8.3%) 17 {5.1%) 0.14

Steroids, not systemic 23 (106.0%) 33 { 8.0%;} 0.45 19 { 9.9%} 38 (11.4%) 0.59

NSAIDS 47 { 20.4%) 78 { 19.0%) 0.76 30 (15.8%) BB {17.4%) 0.680

‘Characteristics of the 540 subjacts in the Algorithm Davelopment and 526 subjects in the Validation sets. P values were caloulated by t-tests for

o

continuous variables and using chi-square tests for discrete variables. Significant p values in both sets are bolded and undeidined and are bolded if

significant in single sels.

“Cbstructive CAD is defined as >50% luminal stenosis in > 1 major vessel by QCA,
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Table 258A: Reclassification analysis of Gene Expression Algorithm with Diamond-Forrester Clinical

Model
With Gene Expression Total Reclassified %
Algorithm
Low int. High Lower Higher Total

D-F Low Rigk

Patients includad 118 96 38 252 0. 151 15.1
Disease pis 18 19 22 57 0.0 3588 38.6
MNon disease pts 102 77 16 185 0.0 8.2 2
Ohsearved risk 14% 20% 58% 23% - - -
[-F Int Risk

Patients included 28 21 47 98 29.2 49.0 78.1
Disease pis 7 11 28 44 15.9 59.1 75.0
Non diseasa pts 21 10 21 B2 40.4 404 80.8
Observed risk 25% 52% 55% 48% - - e
D-F High Risk

Patients included 28 80 89 177 15.8 0.0 15.8
Disease pis 8 29 56 g1 5.6 0.0 8.6
Non disease pls 22 31 33 86 38.4 0.0 38.4
Observed risk 21% 48% 53% 51%
Total Patients included 174 77 174 825
Disease pis 29 59 104 192
Non disease pls 145 118 70 333
Ohbsearved risk 17% 33% 50% 37%

Risk calegories: : Low

0-<20%, Intermediate = 220-50%, High = 250%.

Classification improvad in 18.2% of disease palients and improved in 1.8% of non disease palients for a net
reclassification improvement of 20.0% (p<.001)

Table 258: Reclassification analysis of Gene Expression Algorithm with MPI Results

With Gene Expression Total Reclassified %
Algorithm
Low int. High Lower Highar Total

MPI Negative
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Table 258 Reclassification analysis of Gene Expression Algorithm with MPI Results

With Gene Exprassion Total Reclassified %
Algorithm
Low it High Lowsr Higher Total

Patients includad 41 31 15 87 0.0 174 17.4
Disease pis 7 8 7 22 .0 31.8 31.8
MNon disease pts 34 23 8 85 0.0 12.3 12.3
Observed risk 17% 28% A7% 25% -~ ~- ~-
MPI Positiva

Patients included 57 78 &8 223 2586 0.0 258
Disease pis 8 21 49 76 7.9 0.0 78
Non diseasa pts 51 57 39 147 34.7 0.0 34.7
Observed risk 11% 27% 56% 34% - - -
Taotad

Patients included a8 109 103 310
Disease pis 13 29 56 o8
Non disease pls 85 80 47 212
Ohbsearved risk 13% 27% 54% 32%
Risk calegories: : Low = 0-<20%, Intermediata = 220-50%, High = 250%.
Classification improved in 1.0% of disease patients and improved in 20.3% of non disease patients for a net

reclassification improvement of 21.3

% (p<.001)
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SEQUENCE LISTING

Primers and Probes

Assay 1D Symbol Forward Primer Reverse Primer Probe

CDXRO728-3P1 AF283582 ACAGGAGGGAGGGAT | GUCAATCACCTGUCTAAT | TCAGGCAGCLCE
GCA GC CCAGAG
(SEQLIDNG. 1) (SEQ.IDNQC. 2) {(SEQL 1D NO. 3)

COXR0868-SP1 AQPS ACCTGAGTCCCAGACT | CCACTACAGGAATCCAC CITCAGAGCTGG
TTTCACT CAGAAG AMACAA
{(SEQ.ID NG, 4} {SEQL ID NG. §) (SEQ.ID NO. 8}

CDXRNB3D-3P CASPS CGAGCAACTCTTGACAA | GGTAAATGTGCTCTTTGA | COTGTGGTTTCAT

GAGATTTC
{(SEQ.ID NG. 7)

TETTGACA
{(SEQ. 1D NG, 8)

TTTe
{(SEQ. 1D NO. &

CDXR0884-SP2 | CD79B CAGACGCTGCTGATCA | TCGTAGGTGTGATCTTCS | CCTTGCTGTCAT

TCCT TCCAT CCTTGTC

(SEQ. 1D NO. 10) (SEQ. 1D NO. 11) (SEQ. 1D NO. 12)
COXR0863-SP1 | CLECAE GOACGOCACACOTTTG | CCTCCAGORTAGCTATG | CCCAGAAGCTCA

ACA TTGTTG GAGACT

(SEQ. 1D NO. 13 (SEQ. 1D NO. 14) (SEQ. 1D NO. 15)
CDXRO080-SP1 | IL1BRAP AGCCTGTGTTTGCTTG | TCTTCTGCTTCTCTTAAT | TCTTCTGCATACA

AAAGAGAT AATGCTCACAA CTCCTOC

(SEQ. 1D NC. 18) (SEQ. 1D NO. 17} (SEQ. 1D NO. 18)
COXRO832-SP1 | ILBRE CCOCATTGTGGTCACA | CCAGGGUAAGCTTTCTA | ACGTTCTTACTAG

GGAA AACCAT TTTCCC

(SEQ. 1D NO. 19) (SEQ. 1D NOC. 20) (SEQ. 1D NO. 21)
CDXRO888-SPO | KONE3 TCTCTAAGGCTCTATC | GUTGGAACCATATATGAA | COTACAAACACA

AGTTCTGACGAT ACTACGATACT GTGATTACA

(SEQ. ID NC. 22) (SEQ. 1D NO. 23) (SEGQ. 1D NO. 24)
CDXRO861-SP1 | KLRC4 TGTATTGGAGTACTGG | CTGTTGGAATATGTAATC | CAATGACGTGCT

AGCAGAACA CACTCCTCA TTCTG

(SEQ. 1D NO. 25) (SEQL. 1D NO. 26) (SEQ. 1D NO. 27)
CDXR0826-SP1 | NCF4 CTCCCAGAAGCGCCTC | GGGACACCGTCAGCTCA | CACGCAGAAGGA

TT TG CAACT

(SEQ. 1D NO. 28) (SEQ. 1D NO. 29) (SEQ. 1D NO. 30)
CDXROOE6P1- S100A12 TCTCTAAGGGTGAGCT | CCAGGCCTTGGAATATTT | CAAACACCATCAA
SP1 GAAGCA CATCAATG GAATAT

(SEQ. 1D NC. 31) (SEQ. 1D NO. 32} (SEQ. 1D NO. 33)
COXROOBIP- S100A3 GAAGAAATTGCTAGAS | GCACCATCAGTETTGATA | CACCCTTTTTCOT
SP1 ACCGAGTGT TCCAACT GATATACT

(SEQ. ID NO. 34) (SEQ. ID NO. 35) (SEQ. ID NO. 36)
CDXROB63-SP1 | SLAMFY AGCAAATACGGTTTAC | GGCATCGTGAGCAGTGA | TTTTCCATCTTTT

TCCACTGT a7 TCGGTATTTC

(SEQ. ID NC. 37) (SEQ. 1D NO. 38) (SEGQ. 1D NO. 39)
CDXROB40-SP% | SPIB GAGBCCCTCGTGGCT | TBGTACAGGCGCAGCTT | CTTGCGAGTCCC

(SEQ. 1D NO. 40} (SEQ. 1D NG, 41) TGCCTC

SEQ. ID NO. 42)

CDXRO872-SP1 | TFCP2 ACAGAACTTTCAGGAA | CCGCACTCCTACTTCAGT | ACAATGAAAGCA

GAAGCATGT ATGAT GARACC

(SEQ. 1D NO. 43) (SEQ. 1D NO. 44) (SEQ. 1D NO. 45)
CDXRO891-SPC | TLR4 GGGAAGAGTGOATGTT | GOATGAACATTOTTTTCT | ATGTGTCTGGAA

ATCATTGAGAA GGGAACCT TTAATG

(SEQ. 1D NO. 48)

(SEQ. 1D NO. 47}

(SEQ. 1D NO. 48)
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Primers and Probes

Assay D Symbot Forward Primer Reverse Primer Probe
CDXRD878-3P TMCS8 CACAGGCTCCGGBAAG CGCBACAGGTCCTCCAL | CTGGTGTGGLAG

CA {SEQ. I3 NC. 50} GTTC

{SEQ. B NC. 49) {(SEQ. D NO. 51
CDXR0B57-SP1 TNFAIPS GGAGATGAGCTTCCAG | AGCTGTCACTGAAGCAT CATCAGTACAGG

ATGACAT CACTTAG AAATGTC

{(SEQ. 1D NG, 52) {SEQ. I3 NG, 53} SEQ. D NO. 54)
COXR0844-SP1 TNFRSF10C | GGAATGAARACTCCCC | CAGGACGTACAATTACTSG | CTAGGGBCACCTG

AGAGATGTG ACTTGGA CTACAC

{(SEQ. ID NC. 55) {SEQ. 1D NG. 56) {(SEQ. 1D NQG. 87)
CDXR{121-SP1 AF181365 GCCTTGGAACACACCT | CAGGACACACTTCCOGAT | CCCCAGGAGTTG

TCGET GGATTTA 76

(SEQL ID NO. 58) (SEQ. ID NQ. 59} {SEQ. 1D NO. 60)
COXRO703-SP1 HNRPF CUCAGAAGTETCTCOCA | GOTGATCTTGGGETETGE | TTTGTGGUTTAAA

CTGAAG CTiT AACAACC

{(SEQ. ID NOG.61) {(SEQL ID NG. 82} {(SEQ. ID NO. 83)
A23P208338-188 | RPL28 CGGACCACCATCAACA | TTCTTGCGGATCATGTGT | CTCGCGUCACGO

AGAATG CTGA TCA

(SEQ. 1D NOG. 84)

(SEQ. 1D NO. 85)

{SEQ. 1D NO. 68)
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CLAIMS

I. A computer-implemented method for scoring a first sample obtained from a sabject,

comprising:

obtaining a first dataset associated with the first sample, wherein the first dataset
compriscs quantitative cxpression data for at least one marker set selected from the group
consisting of the marker sets in term 1, term 2, term 3, term 4, term 5, term 6, and term 7,

wherein term | comprises marker 1, marker 2, and marker 3, wherein marker 1
comprises AF161365, wherein marker 2 comprises HNRPF or ACBDS, and wherein
marker 3 coraprises TEFCP2 or DDX1E;

wherein term 2 comprises marker 4, marker 5, and marker 6, wherein marker 4
comprises AFZR956Z or CD248, wherein marker 5 comprises HNRPF or ACBDS, and
wherein marker 6 comprises TFCP2 or DIDX1E;

wherein term 3 comprises marker 7, marker 8, marker 9, and marker 10 wherein
marker 7 comprises CD79B or CD19, wherein marker 8 comprises SPIB or BLK,
wheretn marker 9 comprises CD3D or LCK, and wherein marker 10 comprises TMCR
or CCT2;

wherein term 4 comprises marker 11, marker 12, marker 13, and marker 14,
wherein marker 11 comprises ST00A12 or MMP9, wherein marker 12 comprises
CLECAE or ALOXSAP, wherein marker 13 comprises ST00AR or NAMPT, and
wherein marker 14 comprises RPL28 or SSRPT;

wherein term 5 comprises marker 15, marker 16, marker 17, marker 18, and
marker 19, wherein marker 15 comprises S100A 12 or MMP9, wherein marker 16
comprises CLEC4E or ALOXSAP, wherein marker 17 comprises SI00AS or NAMPT,
wherein marker 18 comprises AQP9 or GLTID1, and wherein marker 19 coraprises
NCF4 or NCEFZ;

wherein term 6 comprises marker 20, marker 21, marker 22, marker 23, marker
24, marker 25, and marker 26, wherein marker 20 comprises CASPS or H3F3B,
wherein marker 21 comprises ILI8RAP or TXN, wherein marker 22 comprises
TNFAIPG6 or PLAUR, wherein marker 23 comprises ILERB or BCL2ZA, wherein
marker 24 comprises TNFRSF10C or PTAFR, wherein marker 25 comprises KCNE3 or

LAMPZ, and wherein marker 26 comprises TLR4 or TYROBP; and
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wherein term 7 comprises marker 27, marker 28, marker 29, and marker 30,
wherein marker 27 comprises SLAME7 or CX3CR1, wherein marker 28 comprises
KLRC4 or CD8A, wherein marker 29 comprises CD3D or LCK, and wherein marker
30 comprises TMOCS8 or CCT2; and
determining, by a computer processor, a first score from the first dataset using an
interpretation function, wherein the first score 1s predictive of CAD in the subject.
2. The method of clatm 1, wherein the first dataset comprises guantitative expression data for
at least two marker scts selected from the group consisting of the marker sets in torm 1, term 2,

term 3, term 4, term 5, term 6, and term 7.

3. The method of claim 1, wherein the first dataset comprises quantitative expression data for
at least three marker sets selected from the group consisting of the marker sets mn term 1, term

2, term 3, term 4, term S, term 6, and term 7.

4. The method of claim 1, wherein the first dataset comprises gquantitative expression data for
at least four marker sets selected from the group consisting of the marker sets 1 term 1, term 2,

term 3, term 4, term 5, term &, and torm 7.

5. The method of claim 1, wherein the first dataset comprises quantitative expression data for
at least five marker sets selected from the group consisting of the marker sets in term 1, term 2,

term 3, term 4, term 5, term &, and torm 7.

6. The method of claim 1, wherein the first dataset comprises quantitative expression data for
at least six marker sets selected from the group consisting of the marker sets in term 1, term 2,
term 3, term 4, term 5, term &, and torm 7.

7. The method of claim 1, wherein the first dataset comprises quantitative expression data for
the marker sets tn term 1, term 2, term 3, term 4, torm 5, term 6, and term 7.

8. The method of claim 1, wherein the interpretation function is based on a predictive model.
9. The method of claim 8, wherein the first dataset further comprises a clinical tactor,

18, The method of claim 9, wherein the clinical factor is selected from the group consisting of:
age, gender, chest pain type, neutrophil count, cthnicity, disease duration, diastolic blood
pressure, systolic blood pressure, a family history parameter, a medical history parameter, 4
medical symptom parameter, height, weight, a body-mass index, resting heart rate, and

smoker/mon-smoker status,
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F1. The method of claim 8, wherein the predictive model is selected from the group consisting
of a partial least squares model, a logistic regression model, a linear regression model, a lincar
discriminant analysis model, a ridge regression model, and a tree-based recursive partitioning

model,

E2. The method of claim 1, wherein obtaining the {irst dataset associated with the first sample
comprises obtaining the first sample and processing the first sample to experimentally

determine the first dataset,

£3. The method of claim 1, wherein obtaining the {irst dataset associated with the first sanmple
comprises recetving the first dataset from a third party that has processed the first sample to

experimentally determine the first dataset.

14. The method of claim 1, further comprising classifying the first sample according to the first

SCOTE.

15. The method of claim 14, wheremn the classifving is predictive of the presence or absence of

CAD n the subjoct.

16. The method of claim 14, wherein the classifying is predictive of the extent of CAD in the

subject.

17. The method of claim 14, wherein the classifying is predictive of the risk of CAD in the

subject.
18, The method of claim 1, further comprising rating CAD risk based ou the first score,

19, The method of claim 1, wherein the predictive model performance 1s characterized by an

arca under the curve (AUC) ranging {from 9.68 to 6.70.

28, The method of claim 1, wherein the predictive model performance is characterized by an

AUC ranging from 0.70 t0 0.79,

21. The method of claim 1, wherein the predictive model performance is characterized by an

AUC ranging from 0.80 to 0.89.

22. The method of claim 1, wherein the predictive model performance is characterized by an

AUC ranging from 0.90 to .99
23. The method of claim 1, wherein the first sample corprises peripheral blood cells.

24, The method of claim 23, wherein the peripheral blood cells comprise leukocyies.
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25, The method of claim 1, wherein the first sample coraprises RNA extracted from peripberal
blood celis.
26. The method of claim 1, wherein the quantitative expression data are dertved from
hybridization data.
27. The method of claim 1, wherein the quantitative expression data are derived from
polymerase chain reaction data.
28. The method of claim 1, wherein the quantitative expression data are derived from an

antibody binding assay.

29. The method of claim 1, wherein the first dataset is obtained stored on a storage memory.
30, The method of clatm 1, wherein the subject 1s a human.

31. The method of claim 1, wherein the subject has stable chest pain.

32. The method of claim |, wherein the subject has typical angina or atypical angina or an

anginal equivalent.

33. The method of claim 1, wherein the subject has no previous diagnosis of myocardial

infarction (MI).
34. The method of claim 1, wherein the subject has not had a revascularization procedure.
35, The method of claim 1, wherein the subject does not have diabetes.

36. The method of claim 1, wherein the subject does not have an inflammatory condition or an

infectious condition,

37. The method of claim 1, wherein the subject is not currently taking a sieroid, an

imnunosuppressive agent, or a chemotherapeutic agent.

38, A computer-implemented method for scoring a first sample obtained from a subject,

COMprising:

obtaining a first dataset associated with the first saraple, wherein the {irst dataset
comprises a clinical factor and quantitative expression data for at least two markers
selected from the group consisting of AF161365, HNRPF, ACBDS, TECPZ, DIIX1E,
AF288562, C13248, CDT79R, CDI9, SPIB, BLK, CD3D, LCK, TMCE, CCT2, S100A12,
MMPS, CLEC4E, ALOXSAP, SIO0AE, NAMPT, RPL2R, SSRPE, AQPY, GLTIDI, NCF4,
NCF2, CASPS, H3F3B, ILI8RAP, TXN, TWNFAIPS, PLAUR, {LERB, BCL2ZAL,

—t
L
~J



WO 2010/148017 PCT/US2010/038712
TNFRSFIOC, PTAFR, KCNE3, LAMP2, TLR4, TYROBP, SLAMF7, CX3CR1, KLRCA,
and CDEA; and

determining, by a computer processor, a first score fron the first dataset using an
interpretation function, wherein the first score is predictive of CAD in the subject.
39, The method of claim 38, wherein the first dataset comprises quantitative expression data

for at least three markers,

48, The method of claim 38, wherein the first dataset comprises quantitative expression data

for at least four markers.

41. The method of claim 38, wherein the {first dataset coroprises guantitative expression data

for at least five markers,

42. The method of claim 38, wherein the first dataset comprises quantitative expression data

for at least six markers.
43. The method of claim 38, wheremn the interpretation function is based on 4 predictive model.
44. The method of claim 43, wherein the clinical factor is age and/or gender.

48, The raethod of claim 43, wherein the clinical factor 1s selected from the group consisting
of' age, gender, chest pain type, neutrophil count, ethnicity, discase duration, diastolic blood
pressure, systolic blood pressure, a family history parameter, a medical history parameter, a

medical symptom parameter, height, weight, a body-mass index, resting heart rate, and

smoker/non-smoker status,

46. The method of claim 43, wherein the predictive model is selected from the group consisting
of a partial least squares model, a logistic regression model, a linear regression model, a linear
discriminant analysis model, a ridge regression model, and a tree-based recursive partitioning

model.

47. The method of claim 38, wherein obtaining the first dataset associated with the first sample
comprises obtaining the first sample and processing the first sample to experimentally
determine the first dataset,

48. The method of claim 38, wherein obtaining the first dataset associated with the first sample

comprises recetving the first dataset from a third party that has processed the first sample to

experimentally determine the first dataset,

49, The method of claim 38, further comprising classifving the first sample according to the

first score,
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58. The method of claim 49, wheremn the classifying is predictive of the presence or absence of

CAD in the subject.

51. The method of claim 49, wherein the classifying is predictive of the extent of CAD in the

subject,

52. The method of claim 49, wherein the classifying is predictive of the risk of CAD in the

subject,
53. The method of claim 38, further comprising rating CAD risk based on the first score.

54. The ructhod of claim 38, wherein the predictive model performance 1s characterized by an

AUC ranging from (.68 to 0.70.

55. The method of claim 38, wherein the predictive model performance 1s characterized by an

AUC ranging from (.70 t0 0.79.

56. The mcthod of claim 38, wherein the predictive model performance 1s characterized by an

AUC ranging tfrom 0.80 to .89,

57. The method of claim 38, wherein the predictive model performance is characterized by an

AUC ranging from 0.90 to 0.99.
38. The method of claim 38, wherein the first sample comprises peripheral blood cells.
58. The method of claim S8, wherein the peripheral blood cells comprise leukocytes.

6. The method of claim 38, wherein the {irst sample comprises RNA extracted from peripheral

blood celis.

61. The method of claim 38, wherein the guantitative expression data are derived from

hybridization data.

62. The method of claim 38, wherein the quantitative expression data are derived from

polymerase chain reaction data.

63. The ructhod of claim 38, wherein the guantilative expression data are derived from an

antibody binding assay.
64. The method of claim 38, wherein the first dataset is oblained stored on a storage memory,
65. The method of claim 38, wherein the subject is a human.

66. The method of claim 38, wherein the subject has stable chest pain.
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67. The method of claim 38, wherein the subject has typical angina or atypical angina or an

anginal equivalent.

68. The method of claim 38, wherein the subject has no previous diagnosis of MIL

69. The method of claim 38, wherein the subject has not had a revascularization procedure.
7¢. The method of claim 38, wherein the sabject does not have diabetes,

71. The method of claim 38, wherein the subject does not have an inflaromatory condition or an

infectious condition.

72. The method of claim 38, wherein the subject is not currently taking a steroid, an

frmunosuppressive agent, or a chemotherapeutic agent.
73. A system for predicting CAD in a subject, the system comprising:

a storage memory for storing a dataset associated with a sample obtained from
the subject, wherein the dataset comprises quantitative expression data for at least one
marker set selected from the group consisting of the marker sets in term 1, term 2, term
3, term 4, term 5, term 6, and term 7; wherein term | comprises marker |, marker 2, and
marker 3, wherein marker | comprises AF161365, wherein marker 2 comprises HNRPF
or ACBDS, and wherein warker 3 comprises TFCPZ or DIX18; wherein term 2
coraprises ruarker 4, marker 5, and marker 6, wherein marker 4 comprises AF289562 or
CD248, wherein marker 5 comprises HNRPF or ACBDS3, and wheretn marker 6
comprises TFCP2 or DDXIR, wherein term 3 comprises marker 7, marker &, marker 9,
and marker 10 wherein marker 7 comprises CD79B or CD19, wherein marker 8
compriscs SPIB or BLK, wherein marker 9 comprises CD3D or LCK, and wherein
marker 10 comprises TMC8 or CCT2; wherein term 4 comprises marker 11, marker 12,
marker 13, and marker 14, wherein marker 11 comprises S100A12 or MMPY, wherein
marker 12 comprises CLEC4E or ALOXSAP, wherein marker 13 coraprises ST00AR or
NAMPT, and wherein marker 14 comprises RPL2K or SSRP1; wherein term 3
comprises marker 15, marker 16, marker 17, marker 18, and marker 19, wherein marker
15 comprises S100A 12 or MMP9, wherein marker 16 comprises CLECAE or
ALOXSAP, wherein marker 17 comprises SI00AY or NAMPT, wherein marker 18
comprises AQPY or GLT1IDI, and wherein marker 19 comprises NCF4 or NCFZ;
wherein term 6 comprises marker 20, marker 21, marker 22, marker 23, marker 24,

marker 23, and marker 26, wherein marker 20 comprises CASPS or H3F3B, wherein
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marker 21 comprises IL1ERAP or TXN, wherein marker 22 comprises TNFAIP6 or
PLAUR, wherein marker 23 comprises IL8RB or BCL2A1, wherein marker 24
comprises TNFRSF10C or PTAFR, wherein marker 25 comprises KCNE3 or LAMP2,
and whercin marker 26 comprises TLR4 or TYROBP: and wherein term 7 compriscs
marker 27, marker 28, marker 29, and marker 30, wherein marker 27 comprises
SLAMEF7 or CX3CR1, wherein marker 28 comprises KLRC4 or CDRA, wherein
marker 29 comprises CD3D or LCK, and wherein marker 30 comprises TMC8 or
CCT2; and

a processor communicatively coupled to the storage mernory for determuning a
score with an interpretation function wherein the score is predictive of CAD in the
subject.

74. A computer-readable storage medium storing computer-executable program code, the

program code comprising:

program code for storing a dataset associated with a sample obtained from the
subject, wherein the dataset comprises quantitative expression data for at least one
marker set selected from the group consisting of the marker sets in term |, term 2, term
3, term 4, term S, term 6, and term 7; wherein term 1 comprises marker 1, marker 2, and
marker 3, wherein marker | comprises AF161365, wherein marker 2 comprises HNRPF
ot ACBDS, and wherein marker 3 comprises TFCP2 or DDXIR; wherein tera 2
comprises marker 4, marker 5, and marker 6, wherein marker 4 coruprises AF289362 or
D248, wherein marker 5 comprises HNRPF or ACBDS, and wherein marker 6
comprises TFCP2 or DDX18, wherein term 3 comprises marker 7, marker 8, marker 9,
and marker 10 wherein marker 7 comprises CD79B or CD19, wherein marker
comprises SFIB or BLK, wherein marker 9 comprises CD3D or LCK, and wherein
marker 10 comprises TMCS or CCT2; wherein term 4 comprises marker 11, marker 12,
marker 13, and marker 14, wherein marker 11 comprises S100A 12 or MMPSY, wherein
marker 12 comprises CLEC4E or ALOXSAP, wherein marker 13 comprises S100AS8 or
NAMPT, and wherein marker 14 comprises RPL28 or SSRPL; wherewn term S
comprises marker 15, marker 16, marker 17, marker 18, and marker 19, wherein marker
15 comprises S100A12 or MMP9, wherein marker 16 comprises CLEC4E or
ALOXSAP, wherein marker 17 comprises S100A8 or NAMPT, wherein marker 18
compriscs AQPY or GLT1D1, and wherein marker 19 comprises NCF4 or NCF2;

wherein term 6 comprises marker 20, marker 21, marker 22, marker 23, marker 24,
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marker 25, and marker 26, wherein marker 20 comprises CASPS or H3F3B, wherein
marker 21 comprises IL1ERAP or TXN, wherein marker 22 comprises TNFAIP6 or
PLAUR, wherein marker 23 comprises IL8RB or BCL2A1, wherein marker 24
comprises TNFRSF10C or PTAFR, wherein marker 25 comprises KCNE3 or LAMPZ,
and whercin marker 26 comprises TLR4 or TYROBP: and wherein term 7 compriscs
marker 27, marker 28, marker 29, and marker 30, wherein marker 27 comprises
SLAME7 or CX3CRI, wherein marker 28 comprises KLRC4 or CDRA, wherein
marker 29 comprises CD3D or LCK, and wherein marker 30 comprises TMCR or
CCT2; and

program code for determining a score with an interpretation function wherein
the score is predictive of CAD 1n the subject.

75. A wethod for predicting CAD in a subject, comprising:

obtaining a sample from the subject, wherein the sample comprises a plurality of

analytes;
contacting the sample with a reagent;
generating a plurality of complexes between the reagent and the plurality of analyies;

detecting the plurality of complexes to obtain a dataset associated with the sample,
wherein the dataset coruprises guantitative expression data for at least one marker set
selected from the group consisting of the marker sets in term 1, term 2, term 3, term 4,
term 5, term 6, and term 7; wherein term 1 comprises marker 1, marker 2, and marker 3,
wherein marker | comprises AF161365, wherein marker 2 comprises HNRPF or
ACBDS, and wherein marker 3 comprises TFCPZ or DDX18; whercin term 2
comprises marker 4, marker 5, and marker 6, wherein marker 4 comprises AF2895362 or
CD248, wherein marker 5 comprises HNRPF or ACBDS, and wherein marker 6
comprises TFCPZ or DDX1E, wherein term 3 comprises marker 7, marker 8, marker 9,
and marker 10 wherein marker 7 comprises CD798 or CD19, wherein marker 8
comprises SPIB or BLK, wherein marker 9 comprises CD3D or LCK, and wherein
marker 10 comprises TMCS or CCTZ; wherein term 4 comprises marker 11, marker 12,
marker 13, and marker 14, wherein marker 11 comprises S100A12 or MMP9S, wherein
marker 12 comprises CLEC4E or ALOXSAP, wherein marker 13 comprises SI00AE or
NAMPT, and wherein marker 14 comprises RPL28 or SSRP1; wherem term §

comprises marker 15, marker 16, marker 17, marker 18, and marker 19, wherein marker
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15 comprises S100A 12 or MMP9, wherein mwarker 16 comprnises CLECAE or
ALOXSAP, wherein marker 17 comprises ST00AK or NAMPT, wherein marker 18
comprises AQPY or GLT1DI, and wherein marker 19 comprises NCF4 or NCFZ;
wherein term 6 comprises marker 20, marker 21, marker 22, marker 23, marker 24,
marker 25, and marker 26, wherein marker 20 comprises CASPS or H3F3B, wherein
marker 21 comprises IL18RAP or TXN, wherein marker 22 comprises TNFAIP6G or
PLAUR, wherein marker 23 comprises IL8RB or BCLZA 1, wherein marker 24
coraprises TNFRSFI0C or PTAFR, wherein warker 25 comprises KONE3 or LAMPZ,
and wherein marker 26 comprises TLR4 or TYROBP; and wherein term 7 comprises
marker 27, marker 28, marker 29, and marker 30, wherein marker 27 comprises
SEAME7 or CX3CR1, wherein marker 28 comprises KLRC4 or CDRA, wherein
marker 29 comprises CD3D or LCK, and wherein marker 30 comprises TMCS or
CCT2; and
determiining a score from the dataset using an terpretation function, wherein the score
1s predictive of CAD in the subject,

76. A kit for predicting CAD i a subject, comprising:

a sct of reagents comprising a plurality of reagents for determining from a
saraple obtained from the subject quantitative expression data tor at least one marker set
selected from the group consisting of the marker sets n term 1, term 2, term 3, term 4,
term 3, term 6, and term 7, wherein term 1 comprises marker 1, marker 2, and marker 3,
wherein marker 1 comprises AF161365, wherein marker 2 comprises HNRPF or
ACBDS, and wherein marker 3 comprises TFCP2 or BDXI1E; wherein term 2
comprises marker 4, marker 5, and marker 6, wherein marker 4 comprises AF289562 or
D248, wherein marker 5 comprises HNRPF or ACBDS, and wherein marker 6
comprises TFCP2 or DDX 18, wherein term 3 comprises marker 7, marker 8, marker 9,
and marker 10 wherein marker 7 comprises CD79B or CD19, wherein marker §
coraprises SPIB or BLK, wherein mwarker 9 comprises CD31D or LCK, and wheren
marker 10 comprises TMCSE or CCT2; wherein ter 4 corprises marker 11, marker 12,
marker 13, and marker 14, wherein marker 11 comprises S100A12 or MMPY, wherein
marker 12 comprises CLEC4E or ALOXSAP, wherein marker 13 comprises SI00AS or
NAMPT, and wherein marker 14 comprises RPL2Z8 or SSRP1; wherein term 5
compriscs marker 15, marker 16, marker 17, marker 18, and marker 19, wherein marker

15 comprises ST00A 12 or MMP9, wherein marker 16 comprises CLECAE or
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ALOXSAP, wherein marker 17 comprises SI00AR or NAMPT, wherein marker 18
comprises AQPY or GLT1DI, and wherein marker 19 comprises NCF4 or NCFZ;
wheretn term © comprises marker 20, marker 21, marker 22, marker 23, marker 24,
marker 25, and marker 26, wherein marker 20 comprises CASPS or H3F3B, wherein
marker 21 comprises {L18RAP or TXN, wherein marker 22 comprises TNFAIPG or
PLAUR, wherein marker 23 comprises IL8RB or BCLZA 1, wherein marker 24
comprises TNFRSFI0C or PTAFR, wherein marker 25 comprises KONE3 or LAMPZ,
and wherein marker 26 comprises TLR4 or TYROBP; and wherein term 7 comprises
marker 27, marker 28, marker 29, and marker 30, wherein marker 27 comprises
SEAME7 or CX3CR1, wherein marker 28 comprises KLRC4 or CDRA, wherein
marker 29 comprises CD3D or LCK, and wherein marker 30 comprises TMCS or
CCT2; and

instructions for using the phlurality of reagents to determine guantitative data
trom the sample, wherein the mstructions comprise instructions for determining a score
trom the dataset wherein the score is predictive of CAD in the subject.
77. The kit of claim 76, wherein the instructions comprise instructions for conducting a

WICro array assay.

78. The kit of claim 76, wherein the instructions comprise instructions for conducting a

polyracrase chain reaction assay,
79. A system for predicting CAD in a subject, the system comprising;

a storage memory for storing a datasct associated with a samiple obtained from
the subject, wherein the dataset comprises a clinical factor and quantitative expression
data for at least two markers selected from the group consisting of AF161365, HNRPF,
ACBDS, TFCPZ, DDX18, AF289562, CD248, CD79B, CD19, SPIB, BLK, CD3D,
LCK, TMCE, CCT2, S100A12, MMP9, CLEC4E, ALOXSAP, S100A8, NAMPT,
RPL2R, SSRPL, AQPY, GLTIDI, NCF4, NCF2, CASPS, H3F3B, ILIRBRAP, TXN,
TNFAIPS, PLAUR, [LRREB, BCLZAL, TNFRSFIOC, PTAFR, KONE3, LAMP2, TLR4,
TYROBP, SLAMEF7, CX3CR1, KLRC4, and CD8A; and

a processor comnuunicatively coupled to the storage memory for determining a
score with an interpretation function wherein the score is predictive of CAD in the
subject,

88. A computer-readable storage medium storing computer-executable program code, the
program code comprising:
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program code for storing a dataset associated with a sample obtained from the
subject, wherein the dataset comprises a clinical factor and quantitative expression data
for at least two markers selected from the group cousisting of AF161365, HNRPF,
ACBDS, TRFCP2, DDXIS, AF289562, CD248, CDT9B, CD19, SPIB, BLK, CD3D,
LCK, TMCB, CCT2Z, S100A12, MMPS, CLEC4E, ALOXSAP, S100A8, NAMPT,
RPL2E, SSRP1, AQPY, GLTIDI, NCF4, NCF2, CASPS, H3F3B, ILISRAP, TXN,
TWFAIPS, PLAUR, ILSRB, BCL2A 1, TNFRSFI0C, PTAFR, KCNE3, LAMPZ, TLR4,
TYROBP, SLAMFE7, CXA3CR1, KLRC4, and CDEA; and

program code for determining a score with an wnterpretation function wherein
the score is predictive of CAD 1n the subject.

¥1. A method for predicting CAD in a subject, comprising:

obtaining a sample from the subject, wherein the sample comprises a plurality of

analytes;
contacting the sample with a reagent;
generating a plurality of complexes between the reagent and the plurality of analytes;

detecting the plurality of complexces to obtain a dataset associated with the sample,
wherein the dataset coruprises a clinical factor and guantitative expression data for at
least two markers selected from the group consisting of AFI161365, HNRPFE, ACBDS,
TFCPZ, DBX18, AF2R9562, CD248, CD7OB, 9, SPIB, BLK, CD3D, LCK,
TMCE, CCT2, S100A12Z, MMPY, CLECAE, ALOXSAP, S100A8, NAMPT, RPL2E,
SSRPL, AQP, GLTIDI, NCF4, NCF2, CASPS, H3F38, ILI8RAP, TXN, TNFAIPS,
PLAUR, IL8RB, BCL2A1, TNFRSFI0C, PTAFR, KCNE3, LAMPZ, TLR4, TYROBP,
SLAMF7, CX3CRI1, KLRC4, and CDRA; and

determiining a score from the dataset using an terpretation function, wherein the score
is predictive of CAD in the subject.

82. A kat for predicting CAD in a subject, comprising:

a set of reageunts comprising a plurality of reageunts for deterruining from a sample
obtained from the subject quantitative expression data for at least two markers selected
from the group consisting of AF161365, HNRPF, ACBDS, TFCP2, DDX1S,
AF289562, CD248, CD79R, CDI19, §PIB, BLK, CD3D, LK, TMCS, CCT2,
STOOAT2, MMPY, CLECAE, ALOXSAP, ST00AR, NAMPT, RPL2Z8, SSRPI, AQPY,
GLTIDI, NCF4, NCF2, CASPS, H3F3B, ILISRAP, TXN, TNFAIPS, PLAUR, ILERB,
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BCLZAL, TNFRSFIOC, PTAFR, KCNEZ, LAMP2, TLR4, TYROBP, SLAMF7,
CX3CRE, KLRCS, and CDSA: and

nstructions for using the plarality of reageuts to determine quantitative data frovo the
saniple, wherein the instructions comprise instructions for determining a score from the

dataset and a climical factor, wherein the score is predictive of CAD in the subject.
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