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ANALYSES OF CELL-FREE DNA IN URINE AND OTHER SAMPLES

CROSS REFERENCE TO RELATED APPLICATION
{60611 The present application claims priority from U.S. Provisional Application No.
62/427,999, entitled “Analysis of Cell-Free DNA 1n Urine and Other Samples” filed November
30, 2016, the entire contents of which are herein incorporated by reference for all purposes.

BACKGROUND

(60621 Short fragments of extracellular DNA found in human body fluids are released during
apoptosis and necrosis from dying cells (1). Analyses of cell-free (cf) DNA n circulating plasma
originating from the fetus (2), tumor cells (3) and transplant aliograft (4) have enabled the
development of noninvasive prenatal testing (5), “liquid biopsy’ for assessing tumors (6,7), and

the monttoring of the clirucal status of transplanted organs (8).

(66631 Urne analysis is truly noninvasive and understanding the origin of urinary c¢fDNA 15
useful for guiding its chinical use as a form of “liquid biopsy’™. DNA isolated from the celi-free
supernatant of urine can be broadly categorized as anising from the pre-renal, renal, or post-renal
system. Using blood transfusion (9), pregnancy (9-11), hematopoietic stem cell transplantation
{12}, non-urclogic malignancies (13,14}, renal transplantation (15}, and bladder cancer (16,17) as
model systems, a number of groups have demonstrated that a proportion of urinary ¢fDNA 13

derived from the systemic circulation, the kidney, and from the post-renal urothelium.

[88064] Previous studies focus on detecting ¢fDNA from a single source of interest at a time,
and there 15 a large variation 1n the quantity of urinary ¢fDNA derived from a particular source.
The proportional contribution of each fissue source to the total urinary ¢fDNA s unknown, and
m some studies, the concentration of ¢fDNA from the source of interest 1s extremely low, or
even undetectable {15,16,18). Accordingly, 1t has been difficult to use urine {or non-nvasive
biopstes besides blood, such as saliva or stool samples) to detect cancer or other diseases.

(886571  Other techniques analyze point mutations for monitoring patients previously diagnosed

with cancer. However, such techniques are not readhly amendable to broadly applicable

screening techniques of asymptomatic patients to diagnose cancer. The specific point mutations
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have to be identified before cancer can be detected. Thus, only screening for well-known point
mutations is possible for screening, or the specific point mutations for a patient must be
identified through previous invasive biopsied for a previously detector tumor.

SUMMARY

[0006] Examples can analyze cell-free DNA for disease detection (e.g., cancer) of a particular
organ. Some examples may use an organ-associated sample that is from a particular organ or
passes through the particular organ, as may occur, for example, in urine, saliva, blood, and stool

samples. The analysis may be performed in various ways.

[0006a] In one aspect, the present disclosure refers to a method of analyzing a biological sample
of an organism, the biological sample being a urine sample, the biological sample including a
mixture of cell-free DNA molecules from a plurality of tissues types, the method comprising:
identifying N genomic sites, N being an integer greater than or equal to 10;
for each of M tissue types:
obtaining N tissue-specific methylation levels at the N genomic sites, N being
greater than or equal to M, wherein the tissue-specific methylation levels form a matrix A of
dimensions N by M, wherein a first tissue type of the M tissue types is a first diseased tissue
type corresponding to a first disease of a first organ, the first diseased tissue type is cancerous
urothelium cells, a second tissue type of the M tissue types is normal urothelium, and a third
tissue type of the M tissue types is a second diseased tissue type corresponding to a second
disease of the first organ;
analyzing, by a computer system, a plurality of cell-free DNA molecules from the
biological sample, the plurality of cell-free DNA molecules being at least 1,000 cell-free DNA
molecules, wherein analyzing a cell-free DNA molecule includes:
identifying a location of the cell-free DNA molecule in a reference genome
corresponding to the organism;
identifying a set of the plurality of cell-free DNA molecules that are each located
at any one of the N genomic sites,
measuring N mixture methylation levels at the N genomic sites using the set of
the plurality of cell-free DNA molecules;
determining, by the computer system, a first fractional contribution of the first
diseased tissue type in the mixture using the N mixture methylation levels and the N tissue-

specific methylation levels of each of the M tissue types; and
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using the first fractional contribution of the first diseased tissue type to determine a level of the

first disease for the first organ in the organism.
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[0006b] In another aspect, the present disclosure refers to a computer product comprising a
computer readable medium storing a plurality of instructions for controlling a computer system

to perform an operation of any of the methods of the present disclosure.

[0006¢] In another aspect, the present disclosure refers to a system comprising:

the computer product of the present disclosure; and

one or more processors for executing instructions stored on the computer readable
medium.
[0006d] In another aspect, the present disclosure refers to a system comprising means for

performing any of the methods as disclosed herein.

[0006e] In another aspect, the present disclosure refers to a system comprising modules that

respectively perform the steps of any of the methods as disclosed herein.

[0007] In some examples, methylation levels of cell-free DNA can be measured in a sample.
Tissue-specific methylation patterns can be used to determine fractional contributions from
different tissue types. One tissue type can be a diseased tissue type of a particular disease of a
particular organ. The fractional contribution of the diseased tissue type can be used to determine
a level (classification) of the particular disease in the sample. As an example, methylation
patterns can be used determine a percentage of cancerous bladder lining cells, and the percentage

can be used to determine a level of cancer.

[0008] In other examples, sizes of organ-associated cell-free DNA can be measured. In an
example using a urine sample voided from the bladder, a size profile can be measured of cell-
free DNA fragments that naturally occur in the urine. A statistical measure of the size profile can
indicate that the cell-free DNA fragments are collectively longer than expected for subjects with
healthy bladder tissue. The indication of longer fragments can be used to identify bladder cancer
in the subject. In another example using a urine sample, the urine sample can be retrieved from
the renal pelvis. A determination about whether the kidney is inflamed can be made based on the
statistical measure indicating that the cell-free DNA fragments are collectively longer than

expected for subjects with a non-inflamed kidney.
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[0009] In other examples, two different samples can be analyzed to determine whether a

particular organ has cancer. Cell-free DNA in a blood sample and organ-associated sample (e.g.,
urine, saliva, or a stool sample) can both be analyzed to identify chromosomal regions exhibiting
a copy number aberration. If the blood sample does not indicate cancer and the organ-associated

sample does, then the subject can be identified as having cancer in an organ associated with the
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potentially from cells associated with cancer, wherein at least some of the DNA is cell-free in the
biological sample, the method comprising:

receiving a plurality of sequence reads corresponding to DNA molecules of the
biological sample;

5 determining a genomic position for the sequence reads,

comparing the sequence reads to a reference genome to determine sequence reads
that have one mismatch with the reference genome determining a parameter based on a count of
the sequence reads having one mismatch with the reference genome ;

comparing the parameter to a threshold value;

10  determining a classification of a level of cancer using the comparison of the parameter to the

threshold value.

[0006g] In another aspect, the present disclosure refers to a method of analyzing a urine sample
of a human, the urine sample including DNA originating from normal cells and potentially from
cells associated with cancer, wherein at least some of the DNA is cell-free in the urine sample,
15  the method comprising:
obtaining a plurality of sequence reads corresponding to DNA molecules of the
urine sample;
for each sequence read of the plurality of sequence reads:
classifying the sequence read as a human read when the sequence read
20 aligns, by a computer system, to a human reference genome, or
classifying the sequence read as a first pathogen read when the sequence
read aligns to a first pathogen reference genome that corresponds to a species or a genus
of a first pathogen;
determining a parameter based on an amount of first pathogen reads;
25 comparing the parameter to a cutoff value, wherein the cutoff value is determined
from a first set of reference samples that have bladder cancer and a second set of control samples
that do not have bladder cancer; and

determining a classification of a level of bladder cancer using the comparison.
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[0006h] In another aspect, the present disclosure refers to a computer product comprising a
computer readable medium storing a plurality of instructions for controlling a computer system

to perform an operation of any of the methods of the present disclosure.

[0006i] In another aspect, the present disclosure refers to a system comprising:

the computer product of the present disclosure; and

one or more processors for executing instructions stored on the computer readable
medium.
[0006j] In another aspect, the present disclosure refers to a system comprising means for

performing any of the methods as disclosed herein.

[0006K] In another aspect, the present disclosure refers to a system configured to perform any of

the methods as disclosed herein.

[00061] In another aspect, the present disclosure refers to a system comprising modules that

respectively perform the steps of any of the methods as disclosed herein.

[0007] In some examples, methylation levels of cell-free DNA can be measured in a sample.
Tissue-specific methylation patterns can be used to determine fractional contributions from
different tissue types. One tissue type can be a diseased tissue type of a particular disease of a
particular organ. The fractional contribution of the diseased tissue type can be used to determine
a level (classification) of the particular disease in the sample. As an example, methylation
patterns can be used determine a percentage of cancerous bladder lining cells, and the percentage

can be used to determine a level of cancer.

[0008] In other examples, sizes of organ-associated cell-free DNA can be measured. In an
example using a urine sample voided from the bladder, a size profile can be measured of cell-
free DNA fragments that naturally occur in the urine. A statistical measure of the size profile can
indicate that the cell-free DNA fragments are collectively longer than expected for subjects with
healthy bladder tissue. The indication of longer fragments can be used to identify bladder cancer
in the subject. In another example using a urine sample, the urine sample can be retrieved from
the renal pelvis. A determination about whether the kidney is inflamed can be made based on the
statistical measure indicating that the cell-free DNA fragments are collectively longer than

expected for subjects with a non-inflamed kidney.
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[0009] In other examples, two different samples can be analyzed to determine whether a

particular organ has cancer. Cell-free DNA in a blood sample and organ-associated sample (e.g.,
urine, saliva, or a stool sample) can both be analyzed to identify chromosomal regions exhibiting
a copy number aberration. If the blood sample does not indicate cancer and the organ-associated

sample does, then the subject can be identified as having cancer in an organ associated with the
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sample. For example, for a urine sample, the subject can be identified as having bladder cancer.
Other cancers can also be detected, such as cancers of the urinary tract, transitional cell

carcinomas that arise from the urothelium, and kidney cancers.

[0010] Other examples are directed to systems and computer readable media associated with

methods described herein.

[0011] A better understanding of the nature and advantages of embodiments of the present
invention may be gained with reference to the following detailed description and the

accompanying drawings.
BRIEF DESCRIPTION OF THE DRAWINGS

[0012] FIG. 1 displays the methylation density in 19,418 differentially methylated regions
identified from the kidney, urothelium, B-cells, T-cells, and neutrophils according to
embodiments of the present invention. Each vertical line represents a single differentially
methylated region color-coded based on methylation density. Differentially methylated regions
(DMR) with a high methylation density are represented in red, whereas loci with a low

methylation density are represented in yellow.

[0013] FIG. 2 is a heat map showing the methylation densities of 27,371 differentially
methylated regions (DMR) in bladder tumor, B-cells, urothelium, kidney, neutrophils, and T-

cells according to embodiments of the present invention.

[0014] FIG. 3 shows the proportional contribution of cfDNA derived from the blood cells and
kidney in 31 urine samples from and hematopoietic stem cell transplantation (HSCT) (triangles)

and renal transplant (round dots) patients according to embodiments of the present invention.

[0015] FIGS. 4A-4C show plots of methylation deconvolution for bladder cancer cases and
cancer-free controls for fractions defined using different tissue-specific methylation patterns,
including normal urothelium cells (FIG. 4A), urothelium and bladder cancer cells as a single
tissue-specific methylation patterns (FIG. 4B), and urothelium and bladder cancer cells as
separate tissue-specific methylation patterns (FIG. 4C) according to embodiments of the present

invention.
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[6¢16] FIG. 5 s a flowchart illustrating a method 500 of analyzing a biological sample of an
organism using a tissue-specific methylation pattern of a diseased tissue type according to

embodiments of the present invention.

(66171 FIG 6A shows the total cfDNA concentration in genome equivalents {(GE} per
milliliter of urine for six bladder cancer cases and six controls according to embodiments of the

present invention.

(33181 FIG. 6B shows the bladder tumor GE index values for six bladder cancer cases and six

controls according to embodiments of the present invention.

(66191 FIGS. 7A and 7B show urinary cfDNA size profiles of recipient and donor DNA from a
representative HSC'T patient (F1G. 7A) and a renal transplant patient (FIG. 7B) according to

embodiments of the present invention.

(66261 FIGS. 8A and 8B show size profiles of ¢fDNA from the kidney pelvis of the right
kidney, which was blocked due to a stone, and void urine from the left kidney according to

embodiments of the present invention.

(66211 FIGS. 9A and 9B are the size profiles of ¢fDNA from urine from the renal pelvis at 0, 3,

and 6 hours of in vitro incubation at 37°C according to embodiments of the present invention.

[6022] FIGS. 10A and 10B show the size profile of void urine compared with that of kidney
pelvis urine incubated for (a) 3 hours and (b} 6 hours according to embodiments of the present

mvention.

[6023] FIGS. 11A and 11B are graphs displaying the relationship between c¢fDNA fragment
size parameters for the 31 HSCT and renal transplant urine samples according to embodiments of

the present invention.

[6024] FIGS. 12A and 12B show the concentration of urinary ¢fDNA during the 37°C in vitro
mcubation experiments for urine from the renal pelvis (FIG. 12A) and voided urine (FIG. 12B)

according to embodiments of the present invention.

(60257 FIGS. 13A-13D. The size profiles of voided urine ¢f DNA with 10 vitro incubation at

37 °C from 0 to 12 hours according to embodiments of the present invention.



(]

10

20

WO 2018/099418 PCT/CN2017/113813

(66261 FIG 14 15 a flowchart of a method 1400 of analyzing a urine sample from a renal pelvis
of a kidney of an organism to determine an extent of organ damage (e.g., a level of nflammation}

according to embodiments of the present invention.

(60277 FIGS. 15A and 158 show the size profiles of pre- and post-operative urine samples
from two cases of muscle invasive bladder cancer according to embodiments of the present

mnvention.

[6028] FIGS. 16A-16C show the size profile for three void urine samples from patients with

bladder cancer according to embodiments of the present invention.

(60291 FIGS. 17A-17C show the size profiles of three pre-operative urine samples from three
patients with non-muscle invasive bladder cancer undergoing TURBT according to embodiments

of the present invention.

[663¢] FIG. 18 shows a flowchart of a method 1800 of analyzing a urine sample of an
organism to detect bladder cancer using sizes of urinary ¢fDNA according to embodiments of the

present invention.

(66311 FIGS. 19A and 198 show boxplots for the proportion of urinary cfDNA fragments
longer than 70 bp (P>70 bp) in controls, bladder cancer patients with Ta-T1 disease, and bladder

cancer patients with T2-T4 disease according to embodiments of the present invention.

[6032] FIG. 20 shows a Circos plot displaying the concordance in global methylation and copy
number aberrations between the urinary ¢fDNA and bladder cancer tissue according to

embodiments of the present invention.

(66331 FIGS. 21A-21E show Circos plots of global methylation and copy number aberrations
the urinary ¢fDNA from five bladder cancer patients (A-E) according to embodiments of the

present invention.

(66341 FIGS. 22A and 22B show Circos plots for the bladder cancer tumor (19A) and cf urine

(19B) for T22 according to embodiments of the present invention.

(66351 FIG 23A shows a boxplot of the overall hypermethylation density in bladder cancer

cases and n controls according to embodiments of the present invention.
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[6636] FIG. 23B shows a receiver operating characteristic {ROC) curve for using

hypermethylation density to detect cancer according to embodiments of the present invention.

(66371 FIGS. 24A-24D show the pre-op (FIG. 24A and FIG. 24C) and post-op (FIG. 24B and
FIG. 24D) cf urine of two bladder cancer patients undergoing radical cystectomy (122 and T23)

according to embodiments of the present invention.

[6038] FIGS. 25A-25D show pre- and post-operative Circos plots of global methylation and

CNA for two patients according to embodiments of the present invention.

(88391 FIG 26 15 a Circos plot showing the methylation and copy number aberration in a
bladder cancer patient with noninvasive (Ta) papillary urothelial neoplasm with low malignant

potential (PUNLMP) according to embodiments of the present invention.

(60401 FIGS. 27A and 278 show the Circos plot for the of urine (FIG. 27A) and the urine
pellet (FIG. 27B) from a bladder cancer patient (123} obtained from the same urine void

according to embodiments of the present invention.

(66411 FIGS 28A-28D show Circos plot for the of urine (FIG 28A and FIG. 28C) and the
plasma (FIG. 28B and FIG. 28D} from two bladder cancer patients {122 and T23) according to

embodiments of the present invention.

[6042] FIGS. 29A and 298 show the percentage of 1MB bins across the genome that show
evidence of CNAs or hypomethylation for the two bladder cancer cases, T22 and T23 according

to embodiments of the present invention.

[6043] FIG. 30 1s a flowchart illustrating a method of identifying bladder cancer in a subject by
analyzing a urine sample and a blood sample of the subject according to embodiments of the

present invention.

[6444] FIGS. 31 A-31C show boxplots for the percentage of 1 mb bins with hypomethylation,
percentage of 1 mb bins with copy number aberrations, and bladder tumor contribution from
methylation deconvolution for 46 bladder cancer patients and 39 controls according to

embodiments of the present invention.
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[6¢45] FIGS. 31D-31F show receiver operating characteristic (RGC) curves for
hypomethylation, CNA, and bladder tumor contribution according to embodiments of the present

mvention.

(60461 FIGS 32A-32C show boxplots for the percentage of 1mb bins with hypomethylation,

(]

percentage of 1 mb bins with copy number aberrations, and bladder tumor contribution from
methylation deconvolution for 17 bladder cancer patients with noninvasive {Ta} low grade

disease and 39 controls according to embodiments of the present invention.

(66471 FIGS. 32D-32F show recetver operating characteristic {(ROC) curves for
hypomethylation, CNA, and bladder tumor contribution according to embodiments of the present

10 invention.

[6648] FIG 33 shows a method of analyzing a urine sample of an organism according to

embodiments of the present invention.

[0449] FIG. 34A is a boxplot for the percentage of reads with one mismatch in 49 bladder

cancer cases and 39 controls according to embodiments of the present invention.

15 [0456] FIG 34B 1s the corresponding ROC curve analysis for FIG. 34A according to

embodiments of the present invention.

(66511 FIG. 35 shows a method of analyzing a biological sample of an organism according to

embodiments of the present invention.

[6452] FIG. 36 1s a heat map displaying the relative abundance of different microorganism
20 species for three bladder cancer cases and five controls according to embodiments of the present

mvention.

[6053] FIG. 37 shows a method of analyzing a urine sample of a human according to

embodiments of the present invention.
[6054] FIG. 38 illustrates a system 3800 according to an embodiment of the present invention.

25 [0655] FIG 39 shows a block diagram of an example computer system usable with system and

methods according to embodiments of the present invention.
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TERMS
(88361 A “bivlogical sample” refers to any sample that s taken from a subject (e.g., a human,
such as a pregnant woman, a person with cancer, or a person suspected of having cancer, an
organ transplant recipient or a subject suspected of having a disease process involving an organ
{(e.g., the heart in myocardial infarction, or the brain in stroke, or the hematopoietic system n
anemia)) and contains one or more nucleic acid molecule(s) of interest. The biclogical sample
can be a bodily fluid, such as blood, plasma, serum, urine, vaginal fluid, fluid from a hydrocele
(e.g. of the testis), vaginal flushing fluids, pleural fluid, ascitic fluid, cerebrospinal fluid, saliva,
sweat, tears, sputum, bronchoalveolar lavage fluid, discharge fluid from the nipple, aspiration
fluid from different parts of the body (e g. thyroid, breast), etc. Stool samples can also be used.
In various embodiments, the majority of DNA 1n a biological sample that has been enriched for
cell-free DNA {e.g., a plasma sample obtaimed via a centrifugation protocol) can be cell-free, e.g,,
greater than 50%, 60%, 70%, 80%, 90%, 95%, or 99% of the DNA can be cell-free. The
centrifugation protocol can include, for example, 3,000 g x 10 minutes, obtaining the fluid part,

and re-centrifuging at, for example, 30,000 g for ancther 10 minutes to remove residual cells.

(66571 As used herein, the term “locus” or its plural form “locd” 1s a location or address of any
length of nucleotides {or base pairs} which has a vanation across genomes. A “seguernce read”
refers to a string of nucleotides sequenced from any part or all of a nucleic acid molecule. For
example, a sequence read may be a short string of nucleotides {(e.g., 20-150) sequenced from a
nucleic acid fragment, a short string of nucleotides at one or both ends of a nucleic acid fragment,
or the sequencing of the entire nucleic acid fragment that exists in the biological sample. A
sequence read may be obtained in a variety of ways, e.g., using sequencing techniques or using
probes, e.g., in hybridization arrays or capture probes, or amplification techniques, such as the
polymerase chain reaction (PCR) or linear amplification using a single primer or isothermal

amplification.

[6G58] The term “size profile” generally relates to the sizes of DNA fragments in a biological
sample. A size profile may be a histogram that provides a distribution of an amount of DNA
fragments at a variety of sizes. Various statistical parameters {also referred to as size parameters

or just parameter) can be used to distinguish one size profile to another. One parameter 1s the
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percentage of DNA fragment of 3 particular size or range of sizes relative to all DNA fragments

or relative to DNA fragments of another size or range.

(86591 The term “classification” as used herein refers to any number(s} or other characters(s)
that are associated with a particular property of a sample. For example, a “+” symbol {or the
word “positive”} could signify that a sample is classified as having deletions or amplifications.
The classtfication can be binary {e.g., positive or negative) or have more levels of classification

{eg. ascalefromltoi0orOto 1)

[8066] The terms “cutoff” and “threshold” refer to predetermined numbers used in an
operation. For example, a cutoff size can refer to a size above which fragments are excluded. A
threshold value may be a value above or below which a particular classification applies. Either of

these terms can be used in etther of these contexis.

(88611 “DNA methviation” in mammalian genomes typically refers to the addition of a methyl
group to the §7 carbon of cytosine residues {1.e. S-methylcytosines) among CpG dinucleotides.
DNA methylation may occur in cytosines in other contexts, for example CHG and CHH, where
H 1s adenine, cytosine or thymine. Cytosine methylation may also be in the form of 5-
hydroxymethylicytosine. Non-cytosine methylation, such as N6-methyladenine, has also been

reported.

[6062] A “site” corresponds to a single site, which may be a single base position or a group of
correlated base positions, e.g., a CpG site. A “locus” may correspond to a region that includes
multiple sites. A locus can mnclude just one site, which would make the locus equivalent to a site

in that context.

[6863] A “methviome” provides a measure of an amount of DNA methylation at a plurahity of
sites or loct n a genome. The methyvlome may correspond to all of the genome, a substantial part
of the genome, or relatively small portion{s} of the genome. A “tumor methylome”™ corresponds
to a methylome of a tumor of an orgamism (e.g., a human). The tumor methylome can be
determined using tumor tissue or cell-free tumor BNA in maternal plasma. Other examples of
fissue-specific methylomes of interest are the methylomes of organs (e.g. methvlomes of brain
cells, bones, the lungs, the heart, the muscles and the kidneys, etc.} that can contribute BNA into

a bodily fluid {e.g. plasma, serum, sweat, saliva, urine, genital secretions, semen, stools fluid,
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diarrheal fluid, cerebrospinal fluid, secretions of the gastrointestinal tract, ascitic fluid, pleural
fluid, intraocular fluid, fluid from a hydrocele (e.g. of the testis), fluid from a cyst, pancreatic
secretions, intestinal secretions, sputum, tears, aspiration fluids from breast and thyroid, etc.).

The organs may be transplanted organs.

[0064] A “rissue” corresponds to a group of cells of a same type. Different types of tissue may
consist of different types of cells (e.g., hepatocytes, alveolar cells or blood cells), but also may
correspond to tissue from different organisms (mother vs. fetus) or to healthy cells vs. tumor
cells. “Reference tissues” correspond to tissues used to determine tissue-specific methylation
levels. Multiple samples of a same tissue type from different individuals may be used to

determine a tissue-specific methylation level for that tissue type.

(806581 The “merhyiarion index” for each genonuc site (e.g., a CpG site) refers to the
proportion of sequence reads showing methylation at the site over the total number of reads
covering that site. The “methvlarion density” of a region is the number of reads at sites within the
region showing methylation divided by the total number of reads covering the sites in the region.
The sites may have specific characteristics, e.g., being CpG sites. Thus, the “CpG methylation
density” of a region 1s the number of reads showing Cp(G methylation divided by the total
nurmber of reads covering CpG sites 1n the region {e.g., a particular CpG site, CpG sites within a
CpG sland, or a larger region). For example, the methyiation density for each 100-kb bin in the
human genome can be determined from the total number of cytosines not converted after
bisulfite treatment {which corresponds to methylated cytosine) at Cp( sites as a proportion of all
CpG sites covered by sequence reads mapped to the 100-kb region. This analvsis can also be
performed for other bin sizes, e.g. 50-kb or 1-Mb, etc. A region could be the entire genome or a
chromosome or part of a chromosome (e.g. a chromosomal arm}. The methylation index of a
Cpo site 1s the same as the methylation density for a region when the region only includes that
CpG site. The “proportion of methylated cytosines” refers the number of cytosine sites, “C’s”,
that are shown to be methylated {for example unconverted after bisulfite conversion) over the
total number of analyzed cytosine residues, 1.e. including cytosines outside of the CpG context,
in the region. The methylation index, methylation density and proportion of methylated cytosines

are examples of “methylation levels”
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(60661 The term “level of a disease” or “level of a condition” can refer to whether a disease
(e.g., cancer) exists, a stage of the disease, a size of tumor when the disease 1s cancer, whether
there is metastasis, the total tumor burden of the body, and/or other measure of a severity of the
disease. The level of disease could be a number or other indicia, such as symbols, alphabet letters,
and colors. The level could be zero. The level of cancer also includes premalignant or
precancerous conditions (states) associated with mutations or a number of mutations. The level
of disease can be used in various ways. For example, screening can check if the disease 1s
present in someone who 1s not known previously to have the disease. Assessment can investigate
someone who has been diagnosed with the disease to monitor the progress of the disease over
time, study the effectiveness of therapies or to determine the prognosis. In one embodiment, the
prognosis can be expressed as the chance of a patient dying of the disease, or the chance of the
disease progressing after a specitic duration or time, or the chance of cancer metastasizing.
Detection can mean ‘screening’ or can mean checking if someone, with suggestive features of

the disease {(e.g. symptoms or other positive tests), has the disease.

(88677 A “rype” for a genomic locus {marker) corresponds to specific attributes for a focus
across tissue types. A locus of a given type can have specific statistical variation in methylation
levels across tissue types. A “category” for a genomic locus (marker} corresponds to specific
variation in methylation levels for a locus across different individuals for a same tissue type. A
set of genomic loct (markers) can be composed of any number of loct of various types and/or
categories. Thus, a set of loct corresponds to loci selected for a particular measurement and does
not connote any particular properties of the loct in the set. The description primarily refers to
type I loci and type I loct. A set of genomuc sites may not have a specific methylation signature
for a specific tissue type, e.g., only or predominantly methylated in the specific tissue type. Such
a set 1s referred to as type I sites. These genomic sites can be used in combination with genomic

sites that do have a specific signature, which are referred to as type [ sites.

[8068] An “organ-associated sample” can refer to a sample that is created by a particular
organ {e.g., urine created by kidneys) or passes through the particular organ {e.g., urine passing
though the bladder}, as may occur, for example, in urine, saliva, pleural fluid, blood, and stool

samples. The sample includes cell-free DNA and can be a mixture of cell-free and cellular DNA.
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[6¢69] Urothelium (or uroepithelium) is an example of “transitional epithelium”. It is the type
of epithelium that lines much of the urinary tract including the renal pelvis, the ureters, the

bladder, and parts of the urethra.

DETAILED DESCRIPTION
(66761 Urnnary cell-free {cf) DNA, as well as other organ-associated samples, hold great
potential as a completely noninvasive form of liquid biopsy, or other non-invasive biopsy, such
as a stool sample. Knowledge of the composition of cfDNA by tissue of origin 15 useful for
guiding tts clinical uses. However, the composition of such samples can be highly variable,
thereby limiting wide applicability for use as a biopsy. For example, the amount of transrenal
DNA from any particular organ can vary widely from sample to sample, thereby making the

percentage of cell-free DNA from a kidney vary as well.

(66711 CpG site methylation is an important form of epigenetic regulation and methylation
signatures can be identified for different tissues (19,20} and cell types (21). We have recently
demonstrated that the proportional contribution of plasma cfDNA from different tissues can be
ascertained using genomewide bisulfite sequencing and deconvolution analyses of the

sequencing data (22).

(86721 The present disclosure analyzes the composition of urinary ¢fDNA by employing
methylation deconvolution, which uses tissue-specific methylation patierns (also called reference
patterns}, to infer the proportional contribution of urinary cfDNA from different tissues. Such
analysis can involve using methylation patterns of a disease tissue type, e.g., cancerous
arothelium cells. Techniques using such deconvolution can determine a level of the associated
disease. Results show the analysis of urmary ¢fDNA from bladder cancer patients to using
methylation deconvolution to 1dentify an increased proportion of ¢fDNA origimating from the

bladder tumor.

(88731 Other changes in fragment sizes, tumor-associated copy numbers, and methylation
levels are also analyzed. For example, the size profile of voided urine 1s used to 1identify whether
the subject has bladder cancer. Further, the size profile of urine from the renal pelvis is used to

identify whether the kidney 18 mflamed.
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(64741 Addiionally, copy number aberrations can be used to detect cancer using blood, e.g., as
is described in U.S. Patent No. 8,741,811, which is incorporated by reference in its entirety.
However, it may not be known which organ has a tumor, as blood imcludes tissue from many
organs and 15 thus associated with many organs. Urine or other samples that typically have tissue
from fewer organs can be analyzed, but transrenal DNA having copy number aberrations can stil
be from various organs. Thus, 1t may be challenging to identify the particular organ having the
tumor. One way to address this involves techniques described herein where a copy number
analysis of cell-free DNA from an organ-associated sample (e.g., sahiva, pleural fluid, urine, or a
stool sample) and a blood sarmple to obtain separate determinations of a level of cancer. If the
blood sample does not indicate cancer and the voided sample does, then cancer can be identified

as being from an organ associated with the voided sample, e.g., bladder cancer for urine.
L DBECONVOLUTION USING DISEASED TISSUE REFERENCE PATTERN

(66751 Samples (e.g., blood and urine) can include multiple tissue types, each contributing
different fractions of cell-free DNA. As the DNA of different tyvpes of tissues typically have
different methylation patterns, the methylation levels measured in a particular sample can be
used to determine the fractional contributions of each of a plurality of tissue types in the sample.
A process of deconvolution can use tissue-specific methylation patterns to determine the
fractional contributions, e.g., as described 1n UK. Patent Publication 2016/0017419, which 13

incorporated by reference in its entirety.

[8876] Changes in the fractional contribution can be used to detect abnormalities. However,
problems can arise when certain samples have high vanability 1n fractional contributions, e.g., 1n
urine. Some embodiments can address this problem by using a tissue-specific methylation
pattern that corresponds specifically with the diseased tissue, as opposed to using a methylation
pattern that determined from healthy tissue of the organ. Furst, 1ssues with urine as a sample are

discussed, as well as details about deconvolution.
A. Urine as the sample
(64777 While hematopoetic cells are consistently the predominant contributor to plasma

ctfDINA which 1s present at relatively stable concentrations (22,27}, the quantity and composttion

of urmary ¢fDNA 15 highly vanable. For example, the kidney contribution to ¢fDNA can vary
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from 4.2 — 94%, or 104-3,970 GE/ml urine in kidney transplant patients who are clinically stable.
This degree of compositional variation compounds the variation in the concentration of total
cfDNA in urine (225-25,710 GE/ml urine from transplant patients} and may explain why an
assay aimed solely at the sensitive detection of cfDNA from a single source may encounter
samples with undetectable levels. This may highlight the difference between the contents of
plasma being maintained at a homeostatic equilibrium, while the contents of voided urine 1s the
excretory by-product of homeostatic requirements after the one time, unidirectional passage
through the urinary systern. While varying hydration status could conceivably affect total cfDNA
concentration, the dilutional effects cannot account for the variation in proportional contribution

from each tissue.

[8078] Investigation of urinary cfDNA 1s further complicated by the fact that the majority of
urinary ¢fDNA fragments are short (<100bp) and DNasel, the major secretory DNA-hydrolyzing
enzyme, 18 highly expressed in the kidney and bladder (http://www . proteinatlas.org/y and is
present (Ito et al. 1984} and highly active (Nadano et al. 1993} 1n urine. The varnation in cfDNA
quantity detectable from each tissue source calls for an enbanced understanding of urinary
cfDNA composition by tissue of origin, and also changes that cfDNA may undergo as it

descends the uriary tract.

(64791 Accordingly, a challenge in determining the composition in ¢fDNA 10 urine lies in the
fact that urinary ¢fDNA 1s shorter than that in plasma (about 50 bases in urine and 150 1n
plasma), and urinary DNA 1s continually degraded as 1t passes through the urinary tract. Further,
extraction of cell-free BDNA from urine 1s more difficult that from plasma due to the presence of
DNasel. Thus, it is not clear that methylation deconvolution would work for fragments that are

so much shorter.

[G086] We hypothesized that blood cells, the kidney, and urothelium were the major
contributors, respectively, for the pre-renal, renal, and post-renal release of ¢fDINA into unine.
Around 80% of the cfDNA in plasma is from hematopoietic cells (27} and thus if a significant
amount of plasma cfDNA is able to be filtered through the kidney into the urine, these DNA
fragments would likely bear characteristics of the hematopoietic cells. However, the composition

of transrenal DNA from various tissues is variable in urine.
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(64811 We conducted a global survey of urinary ¢fDNA composition using genomewide
bisulfite sequencing. DNA fragments were mapped onto the Watson and Crick strands. Using
one lane per sample, we achieved a median of 80 million uniquely mappable, non-duplicated
reads, with an average sequencing depth of 2.42 at Cp(G sites across the genome. We used tissue
spectfic methylation signatures and methylation deconvolution to deduce the proportional

contribution from each tissue.

[0082] We demonstrate that we are able to determine the proportional contribution of cell-free
and cellular DNA 1n urine. The proportional contributions derived from methylation
deconvolution are highly correlated with those calculated using allografi-derived donor-specific
genetic markers in the urine of hematopoietic stem cell and renal transplant recipients. We found
a large varniation of proportional contributions from different tissues. cfDNA from urine obtained
from the renal pelvis has a higher proportion of longer fragments compared with voided urine. In
vitro incubation of urinary ¢fDNA at 37 °C to mumic 1n vivo degradation revealed that the
absolute concentration of urinary ¢fDNA decreased with a half-life of 3.5-4.9 hours. Despite in
vivo degradation, validation using the void urine of renal and bone marrow transplant patients
showed a high correlation 1n proportional contribution between methylation deconvolution and

donor-specific SNPs.

(63831 The DNA methylation from the cell-free urime and urme pellet 1s compared with
reference methylomes from different normal and pathological tissues, including tissues that
constitute the urinary tract. Methylation deconvolution of urinary cfDNA from bladder cancer
patients identified an increased proportional contribution from the cancer. Such urinary ¢fDNA
also exhibited aberrations in size profile, copy numbers, and global hypomethylation and/or

hypermethylation.

(60847 This global survey of urinary cfDNA has deepened our understanding of the
composition, degradation, and variation of ¢fDNA in the urinary tract and has laid a foundation

for the use of genomewide urinary cfDNA sequencing as a molecular diagnostics tool.

B. Methylation deconvolution

(63851 The principle of methylation deconvolution can be illustrated using a single

methylation genomic site (methylation marker) to determine a composition of 3 DNA mixture
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from an organism. An organism may be an animal, including a mammal or a human. Assume
that tissue A is completely methylated for the genomic site, t.e. methylation density (MD) of 100%
and tissue B is completely unmethylated, 1e. MD of 0%. In this example, methylation density
refers to the percentage of cytosine residues with the context of CpG dinucleotides being

methylated in the region of interest.

[6086] If the DNA muxture C is composed of tissue A and tissue B and the overall methylation
density of the DNA nmuxture C s 60%, we can deduce the proportional contribution of tissues A

and B to the DNA mixture C according to the following formula:
MD. =MD, xa+ MD,; xb,

where MD,, MDDy, MD, represent the MD of tissues A, tissue B and the DNA muxture C,
respectively; and a and b are the proportional contributions of tissues A and B to the DNA
rotxture C. In this particular example, 1t 1s assumed that tissues A and B are the only two
constituents of the DNA muxture. Therefore, a +b = 100%. Thus, 1t is calculated that tissues A

and B contribute 60% and 40%, respectively, to the DNA nuxture.

[6087] The methvlation densities in tissue A and tissue B can be obtained from samples of the
organisim or from samples from other organisms of the same type {e.g., other humans, potentially
of a same subpopulation). If samples from other organisms are used, a statistical analysis (e.g.,

average, median, geometric mean) of the methylation densities of the samples of tissue A can be

used to obtain the methylation density M Dy, and simiarly for MDj.

[6088] Genomic sites can be chosen to have minimal imter-individual variation, for example,
less than a specific absolute amount of variation or being within a lowest portion of genomic
sites tested. For instance, for the lowest portion, embodiments can select only genomic sites
having the lowest 10% of variation among a group of genomic sites tested. The other organisms
can be taken from healthy persons, as well as those with particular physiologic conditions (e.g.
pregnant women, or people with different ages or people of a particular sex), which may

correspond to a particular subpopulation that includes the current organism being tested.

(63891 The other organisms of a subpopulation may also have other pathologic conditions {e.g.
patients with hepatitis or diabetes, etc.). Such a subpopulation may have altered tissue-specific

methylation patterns for various tissues. The methylation pattern of the tissue under such disease
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condition can be used for the deconvolution analysis m addition to using the methylation pattern
of the normal tissue. This deconvolution analysis may be more accurate when testing an
organism from such a subpopulation with those conditions. For example, a cirrhotic liver or a
fibrotic kidney may have a different methylation pattern compared with a normal liver and
normal kidney, respectively. Thus, 1t a patient with hiver cirrhosis was screened for other
diseases, it can be more accurate to include a circhotic liver as one of the candidates contributing

DNA to the plasma DNA, together with the healthy tissues of other tissue types.

(669641 More genomic sites {e.g., 10 or more) may be used to determine the constitution of the
DNA mixture when there are more potential candidate tissues. The accuracy of the estimation of
the proportional composition of the DNA mixture 13 dependent on a number of factors including
the number of genomuc sites, the specificity of the genomic sites (also called “sites”) to the
specific tissues, and the variability of the sites across different candidate tissues and across
different individuals used to determune the reference tissue-specific levels. The specificity of a
site to a tissue refers to the difference in the methylation density of the genomic sites between the

particular tissue and other tissue types.

(60911 The larger the difference between their methylation densities, the more specific the site
to the particular tissue would be. For example, if a site 1s completely methylated in the liver
{methylation density = 100%} and 1s completely unmethylated in all other tissues {(methylation
density = 0%}, this stte would be highly specific for the hiver. Whereas, the varability of a site
across different tissues can be reflected by, for example, but not limited to, the range or standard
deviation of methylation densities of the site m different types of tissue. A larger range or higher
standard deviation would allow a more precise and accurate determination of the relative
contributions of the different organs to the DNA muxture mathematically. The effects of these
factors on the accuracy of estimating the proportional contribution of the candidate tissues to the
DNA mixture are illustrated in the later sections of this application.

[6492] Here, we use mathematical equations to illustrate the deduction of the proportional
contribution of different organs to the DNA muxture. The mathematical relationship between the

methylation densities of the different sites in the DNA mixture and the methylation densities of

the corresponding sites in different tissues can be expressed as:

MD; = Yp(pi X MDy),
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where MD,; represents the methylation density of the site 1 in the DNA mixture; py, represents the
proportional contribution of tissue k to the DNA miuxture; MDjy; represents the methylation
density of the site 1 in the tissue k. When the number of sites is the same or larger than the
number of organs, the values of individual p; can be deternuned. The tissue-specific methylation
densities can be obtained from other individuals, and the sites can be chosen to have nunimal

wter-individual varation, as mentioned above.

(64931  Additional critenia can be mncluded in the algorithm to improve the accuracy. For

example, the aggregated contribution of all fissues can be constrained to be 100%, 1.e.
zkpk = 100%.
Furthermore, all the organs’ contributions can be required to be non-negative:
P = OVk

[6494] Due to biological varations, the observed overall methylation pattern may not be
completely dentical to the methylation pattern deduced from the methylation of the tissues. In
such a circumstance, mathematical analysis would be required to determine the most likely
proportional contribution of the individual tissues. Tn this regard, the difference between the
observed methylation pattern 1o the BNA and the deduced methylation pattern from the tissues 1s

denoted by W.

W=0- z(pk X M)
3

where O 1s the observed methviation pattern for the DNA muxture and M, is the methylation
pattern of the individual tissue k. pj, 1s the proportional contribution of tissue k to the DNA
mixture. The most likely value of each p, can be determined by minimizing W, which is the
difference between the observed and deduced methylation patterns. This equation can be
resolved using mathematical algorithms, for example by, but not limited to, using quadratic
programming, linear/non-linear regression, expectation-maximization {(EM) algorithm,

maximum likelihood algorithm, maximum a posteriori estimation, and the least squares method.
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C. {dentification of differentially methylated regions for urinary cfDINA tissue

mapping

[6095] A reference methylome can be assembled based on publically-available methylomes,
and also the whole-genome bisulphite sequencing of normal and pathological samples obtained
from different tissues. Sample tissues can be derived from tissues including, but not restricted to
the kidney cortex, kidney medulla, ureter, bladder urothelium, bladder muscle, prostate (luminal,
central, and peripheral}, and seminal vesicle. The tissue and cellular composition of the sample

can be obtained intra-operatively and ascertained via gross dissection.

[6096] We aimed to characterize the methylome of blood cells {(neutrophils, T-cells and B-
cells), the kidney, and urothelium in order to identify methylation signatures that could
differentiate between these tissues. We made use of publicly available whole genome bisulfite
sequencing data for blood cells (Human Epigenome Atlas,

www.genboree. org/epigenomeatlas/index rhtml, (28)) and we obtained kidney and urothelial
tissues from patients undergoing renal transplantation or urologic surgery, in order to perform

whole genome bisulfite sequencing to 35 — 40X coverage.

(66971 Tissues which have a similar methylation density across multiple CpG sites can be
grouped together and differentially methylated regions (DMR) that are informative can be
wdentified. Using the kidney, urothelium, neutrophils, B-cells, and T-cells, 19,418 DMRs were
identified for use as methylation markers. This includes 3,549 type | markers, where the
methylation density at DMR 15 significantly different (Z-score >3} in one tissue compared with
the other 4 tissues, and 15,869 type 2 markers where the methylation density shows variation

across different tissues.

(88881 FIG 1 15 a heat map showing methylation densities at the 19,418 differentially
methylated regions {DMR} i neutrophils, B-cells, T-cells, kidney and urothelium. Each vertical
hine represents a DMR and high to low methylation densities are represented from red {e.g,,
section 102) to yellow {e.g., section 104}, Hierarchical clustering shows that the methylation

pattern at these DMRs in blood cells are grossly different to those m the kidney and urothelium.

(60991 Urmary cfDNA was sequenced after bisulfite treatment and the methylation patterns

observed in cfDNA fragments at the DMRs were compared with the methylation signatures in
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the five reference tissues, and using the methylation deconvolution algorithm as previously
described (22). We then inferred the proportional contributions of neutrophils, B-cells, T-cells,
kidney and urothelium. FIG. 1 shows that blood cells, kidney, and urothelium are in the

composition of normal urinary cfDNA.

[61066] We sequenced a total of 46 bladder cancer cases and 39 controls to a median of 292 M
unigquely mappable reads using 41 x 2 paired end bisulfite sequencing. Bladder cancer cases
ranged from non-invasive very low grade (Ta PUNLMP) to T4 high grade disease. All controls
had either blood in uristix or gross hematuria. Eight controls underwent flexible cystoscopy for
persistent blood in uristix or gross hematuria as part of their routine clinical care and were
confirmed to be negative for malignancy. Fifteen controls were used to establish the baseline

level of methylation and copy number. The remaiming 24 controls were used in the testing group.

{6161} FIG 2 is a heat map showing the methylation densities of 27,371 differentially
methylated regions (DMR) in bladder tumor, B-cells, urothelium, kidney, neutrophils, and T-
cells. Each vertical line represents a DMR color code based on methylation density. The DMRs
in FIG. 2 are shghtly different from the DMRs in FIG. 1. The vertical lines are ordered by
methylation level. Only DMRSs in autosomes are included. Hypomethylation ts colored red {e.g.,
section 202}, and hypermethylation is colored yellow (e.g., section 204). These DMRs are
emploved for methylation deconvolution to wdentify the proportion of urinary ¢fDNA contributed
from bladder tumor m each urine sample. Bladder tumor tissue was sequenced to 8 5 X coverage
of the haploid genome to wdentify the DMRs for methylation deconvolation. FIG. 2 shows that
the bladder tumor BNA can be detected. Any tissue with an aberrant methylome can be detected

in other physiological or pathological conditions.
(8182} Genomewide bisuifite sequencing can be used to longitudinally montior bladder cancer
patients as evidenced by pre- and post-operative urine samples.

D Methylation deconvolution in hematopoietic stem cell and renal transplant

patients and validation using donor-specific genotypes

[8183] We conducted whole genome bisulphite sequencing for the ¢fDNA from 26 and S urine
samples from the kidney and transplant HSCT patients respectively. The methylation density at

19,418 DMR across the genome allowed us to determune the proportion of DNA that originated
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from the kidney, urothelium, B-cells, T-cells, and neutrophils. Donor specific SNPs allowed us
to wdentify the proportion of DNA fragments from the kidney and blood cells in each urine
sample and the accuracy of methylation deconvolution was compared with the gold standard
determined by donor specific SNPs. The proportional contribution of blood cells from

methylation deconvolution was the summation of B-cells, T-cells, and neutrophils.

(6184} We ascertained donor and recipient germline genotype information using the [Humina
OMNI 2M SNP arrays for HSCT and renal transplant patients. We collected 31 urine samples for
bisulfite sequencing. We obtained an average of 80 nullion uniquely mapped reads for each
saraple, and the wdentification of fragments harboring donor and recipient-specific SNPs allowed

the accurate calculation of the proportion of ¢fDNA fragments from the donor tissues.

[8165] FIG. 3 shows the proportional contribution of ¢fDNA derived from the blood cells and
kidney in the 31 urine samples from and HSCT (inangles) and renal transplant (round dots)
patients according to embodiments of the present mvention. The x axis displays the percentage
contribution from the donor organ as caleulated from donor-specific SNPs, and the y axis
displays the percentage contribution of the donor organ as deduced by methylation
deconvolution. The proportional contributions of the donor tissues determined by methylation
deconvolution and the proportions determined using donor and recipient specific genotypes were

highly correlated (Rzr::(l@’?)(

[8186] These results demonstrated the ability of methylation deconvolution to determune the
proportional contribution of different tissues nto urinary ¢fDNA over a good dynamic range.
Using donor-specific SNPs, the proportion of donor hematopoietic cell contribution to urinary
cfDNA varted from 6-78%, and the proportion of donor kidney contribution varied from 1-94%.
The full urinary cfDNA methylation deconvolution results for the 31 transplant urine samples are

listed in Table 1.
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Transplant . . .
type Kidney Urothelium Neutrophils T-celis B-celis
Ti0 Renal 97.2 0.0 0.0 0.0 2.8
Ti1 Renal 0.7 8.5 85.4 2.5 3.0
18 Renal 6.5 9.0 79.2 4.0 1.3
T20 Renal 1.4 8.4 83.2 5.2 1.8
129 Renal 100.0 0.0 0.0 0.0 0.0
T34 Renal 43.2 16.2 39.0 0.0 1.6
T35 Renal 14.1 3.8 78.7 0.0 3.4
T40 Renal 100.0 0.0 0.0 0.0 0.0
142 Renal 36.9 11.4 50.5 0.0 1.2
150 Renal 31.8 64.0 0.0 0.0 4.2
151 Renal 46.8 35.8 12.6 3.7 1.1
153 Renal 16.5 13.8 65.4 0.0 4.3
154 Renal 8.5 g3 79.1 1.7 2.3
56 Renal 13.0 20.8 593 6.9 0.0
157 Renal 1.3 13.8 20.0 1.7 31
163 Renal 5.7 5.5 83.7 2.1 3.0
T64 Renal 1.4 6.0 856 4.5 2.5
T65 Renal 6.0 5.0 82.0 4.9 2.1
763 Renal 99.3 0.0 0.0 0.0 0.7
T2 Renal 5.7 12.0 72.0 7.8 2.5
T75_A Renal 899.1 0.0 0.0 0.0 0.9
T75 B Renal 99.6 0.0 0.0 0.0 0.4
T80_A Renal 100.0 0.0 0.0 0.0 .0
T80 B Renal 100.0 0.0 0.0 0.0 0.0
T88 Renal 30.0 16.3 45.0 2.9 1.7
83 Renal 6.6 4.1 87.0 0.3 2.0
T45 HSCT 29.6 0.0 60.5 8.5 1.4
T85 HSCT 100.0 0.0 0.0 0.0 0.0
186 HSCT 100.0 0.0 0.0 0.0 0.0
Ti02_A HSCT 100.0 0.0 0.0 0.0 0.0
Tig2 B HSCT 100.0 0.0 0.0 0.0 0.0

Table 1. Methylation deconvolution results for 31 HSCT and renal transplant samples. The
percentage contribution from the kidney, urotheliom, neutrophil, T cell and B cell 1s displayed

for each sample.

(61671 These results demonstrated that the contributions of blood cells, kidney, and urothelium

were highly variable between different samples. In some samples, there was a large variation in



(]

10

15

20

25

WO 2018/099418 PCT/CN2017/113813
23

the proportional contribution from a particular tissue in the urine samples from the same
ndividual taken on different days {e.g. T45 and T86). The proportional contribution of each of
these tissues can be as low as 0%, and can rise up to 93%, 100% and 64% for blood cells, kidney
and urothelium, respectively. Across the 31 urine samples the median and interquartile ranges of
the proportional contributions measured using methylation deconvolution for blood cells, kidney

and urothelium were 52% (0-84%), 32% (7-100%) and 5% (0-12%), respectively.

£ Determination of cancer using methylation deconvolution

[6168] This section describes methylation deconvolution of urinary ¢fDNA using the
methylome of urothelium and bladder tumor DNA. The deconvolution can account for
variabtlity in the absolute amounts of DNA from different tissues. But, as described above, there
is high variability in the contributions of different tissues in urine. Thus, if contribution from one

source 1s low or high, it 1s not necessarily abnormal.

(6169} FIG. 4A-4C shows plots of methylation deconvolution for bladder cancer cases and
cancer-free controls for fractions defined using different tissue~-specific methylation patterns
(also referred to as reference patterns), including normal urothelium cells (FIG. 4A), urothelium
and bladder cancer cells as a single tissue-specitic methylation patterns (FIG. 4B), and
urothelium and bladder cancer cells as separate tissue-specific methylation patterns (FIG. 4C),

Proportional contribution derived from methylation deconvolution is displayed on the v axis.

i, Use of normal urothelium as reference

[6116] The vast majority of bladder cancers are transitional cell carcinomas that arise from
urothelial cells. However, the methylation of bladder tumor derived DNA could resemble normal
urothelium, or could display a grossly different and distinct methylation pattern. We studied the
proportional contribution of urothelium into the urinary ¢fDNA from bladder cancer patients
compared with cancer-free controls, reasoning that bladder turmors could have an increased cell

turnover and could release cfDNA fragments resembling normal vrothehium

[6111] FIG. 4A shows the fractional contribution of normal urothelium when tissue-specific
methylation patterns include kidney, normal urothelium, B-cell, T-cell, and neutrophil in

methylation deconvolution. The percentage contribution of normal vrothelium in non-cancer and
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bladder cancer cases are variable and largely overlapping, with no significant difference between
the two groups (Mann-Whitney U test p=0.15). Thus, methylation deconvolution found that there
was no significant difference in the urothelial contribution between the bladder cancer patients
and tumor-free controls. This suggests that there is no marked increase in ¢fDNA that resembles

normal urothelium in the urine of patients with bladder cancer.

2. Use of sites with common methylation between normal and cancer

(61121 Since bladder cancers are thought to arise from urothelial cells that have undergone
malignant change, we sequenced a bladder tumor sample to 8 5X coverage to identify
similarities and differences between the methylome of bladder tumors and normal urothelium.
We identified 7,201 DMRs where the methylation density was sumilar (<10% difference)
between bladder tumors and normal urothelium. We then conducted methvlation deconvolution

with this definition of urothelium, along with kidney, B-cell, T-cell, and neutrophils.

[6113] FIG. 4B shows the fractional contribution of urothelium when tissue-specific
methylation patterns mclude kidney, B-cell, T-cell, neutrophil, and urothelial markers that were
conserved in bladder cancer according to embodiments of the present invention. The urothelial
contribution, as defined by the DMR that were conserved m normal urothelium and bladder
cancer, is highly variable i non-cancer {0-67%) and bladder cancer patients (13-86%). Using
methylation markers that were conserved in normal urothelium and bladder cancer, there was an
mereased urothelial contribution from bladder cancer subjects compared with controls (Mann-
Whitney U test P=0.003}. There was a 4.5 fold increase in the median urothelial contribution
from bladder cancer subjects compared with controls. The median for controls was 10.34, and

the median for bladder cancer subjects was 48.9.
3. Use of tumor urothelium as a separate reference

(61141 Lastly, we included the bladder tumor methylome as a separate reference pattern,
together with neutrophils, T-cells, B-cells, kidney, and normal urothelium. Thus, the normal and
tumor urothehal are treated as separate tissues. The tumor urothelial was determined based on a
biopsied tumor. The tumor reference pattern can be determuned based on one or multiple such
biopsied tumors. When using multiple biopsies, the tumor reference pattern can be limited to

DMRs that occur 1n all or a specified percentage {(e.g., greater than 50%;) of the biopsies.

o0 O
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Dnfferent tumor biopsies could also be considered separate tissues having different reference
patterns, thereby allowing classification of a particular group of tumor cells. We identified

DMRs across the six cells/tissues and used the identified DMRs in methylation deconvolution.

[6115] FIG. 4C shows the fractional contribution of bladder tumor cells when tissue-specific
methylation patterns include kidney, urothelium, B-cell, T-cell, neutrophil, and bladder cancer
according to embodiments of the present invention. We found that the cases with bladder cancer
had 14-fold increase in the median bladder tumor contribution while the non-cancer controls had
very low levels of bladder tumor contribution. The non-cancer cases have a very low bladder
tumor contribution {0-11%) while the bladder cancer cases have an elevated bladder tumor
contribution of up to 84%. The Mann-Whitney U test showed that there was a significant
difference between the two groups {(p=0.0002). The median contribution for the controls 1s 4.13,

and the median contribution for the bladder cancer subjects 15 537,45,

[8116] Accordingly, a cutoff value of about 20 would provide an accurate classification of the
level of cancer. Other values near 20 would provide similar sensitivity and specificity. For other

diseases or cancers, the specitic cutoff value may vary.

(6117} The significant difference between the percentage contribution of bladder tumor in the
urine of bladder cancer patients versus normal controls suggests that the bladder tumor
contribution can be used to differentiate bladder cancer patients from non-cancer controls. As the
bladder cancer methylome was determined based on DNA from one bladder tumor, this suggests
that there are methylation patterns that are shared o the bladder cancer DNA from different

patients.

[6118] For the two cases of muscle-invasive bladder cancer undergoing radical cystecomy, a
section of the small intestines was used to form an ileal conduit or neobladder, for urine dramnage
and storage 0 heu of the bladder. With the small intestines being in direct contact with vrine, we
performed methylation deconvolution with bladder tumor and small intestines n the pre- and
post-operative urine samples to see if we could detect the reduction i bladder tumor contribution
and increase in small intestines contribution. Both post-operative bladder cancer samples showed
a marked decrease in bladder tumor contribution to the level observed by the normal controls
(Table 2). In post-operative samples, there was also a significant increase in contributions from

the neutrophils as well as the small intestines.
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Kidney Urothelium Bladder Small Neutrophiis T- B-

tumor  intestines cells  celis
A pre-op 9.9 0.0 56.2 19 24.7 0.0 7.3
A post- 3.2 3.8 4.9 i9.9 59.3 1.8 2.1
op
B pre-op 0.0 0.0 78.8 7.2 0.0 0.0 14.0
B post- i5 35 3.1 24.4 61.8 2.9 2.8
op

Table 2. Methviation deconvolution results showing proportional tissue contribution, using
neutrophils, T-cells, B-cells, kidney, urothelium, bladder tumor, and small intestines as
references in the pre- and post-operative urine samples. The two patients A and B correspond to

the size profiles in FIGR. 15A and 15B, respectively.

(6119} Comparing pre- and post-operative results, there 1s a decrease in contribution from the
bladder tumor and an increase in contribution from the small intestines and neutrophils. The
increase in the neutrophils would be expected just after surgery. Accordingly, in the pre-
operative samples from the five bladder cancer patients, embodiments were able to use
methylation deconvolution to detect a significant increase m cfDNA contribution from the
bladder tumor cells into the urine, but there was no significant difference in normal urothelial
contribution between cancer cases and normal controls. This suggests that the bladder tumor
methylome 15 grossly different to that of normal urothelial cells and that embodiments can use a
single bladder tumor reference methylome to identify increased tumor contribution in the urinary
cfDNA from different bladder cancer patients. The current results show that a representative

bladder cancer methyiome can be used as a reference to detect an increased contribution.

[6126] For urinary ¢fDNA to be used as a “liquid biopsy” for disease detection and monitoring,
it is useful to understand the origin of urinary ¢fDNA and the changes that it undergoes in the
urinary tract. Here, we demonstrate that whole genome bisulfite sequencing of urinary cfDNA
allows the recognition of methylation signatures that are characteristic of different tissues and
thus allows a global survey of the composition of urinary ¢fDNA by tissue type. While previous
studies generally concentrated on wdentifying urinary ¢fDNA from a single source, a global
survey of the ¢fDNA 1 a urine sample shows the proportional contribution of each tissue type
and allows the simultaneous comparison of different tissue contributions 1n different urine

samples. The use of methylation signatures to detect the origin of ¢fDNA has the advantage over
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methods based on genetic variations, which require prior knowledge of donor specific alleles, or

tumor specific somatic mutations that may be unique to each patient.

£ Method of determining disease using diseased tissue as a reference

(81211 FIG S 15 a flowchart illustrating a method 500 of analyzing a biological sample of an
organism using a tissue-specific methylation pattern of a diseased tissue type according to
embodiments of the present invention. The biological sample includes a mixture of cell-free
DNA molecules from a plurality of tissues types, which include a first tissue type. Method 500
can be used to determine a level of a disease i a particular organ, e.g., for which a tissue-
specific methylation pattern corresponding to diseased cells of that organ is used in the

deconvolution. Method 500 can be performed using a computer system.

(61221 At block 510, N genomic sites are identified for analysis, where N 15 an integer. The N
genomic sites can have various attributes, e g, as described in more detail in section I, which
describes type I and type 1T genomic sites. As examples, the N genomic sttes can include type |
or type II sites only, or a combination of both. The genomic sites can be identified based on
analyses of one or more other samples, e.g., based on data obtained from databases about
methylation levels measured in various individuals. In some embodiments, at least 10 of the N

genomic sites are type L. The N genomuc sites can also include type T sites (e g., at least 10},

(61231 These methylation properties of the genomic loci can be measured for one sample or a
set of samples. The set of samples may be for a subpopulation of organisms that includes the
mstant organism being tested, e.g., a subpopulation having a particular trait that is shared with
the 1nstant organism. These other samples can be referred to as reference tissues, and different

reference tissues may be used from different samples.

(81241 At block 520, N tissue~specific methylation levels are obtained at the N genomic sites
for each of M tissue types. N 1s greater than or equal to M, so that the tissue-specific methylation
levels can be used m the deconvolution to determune the fractional percentages. The tissue-
specific methylation levels can form a matnix A of dimensions N by M. Each column of the
matrix A can correspond to a methylation pattern for a particular tissue type, where the pattern 1s

of methylation levels at the N genomic sites.
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{6125} For detection of a particular disease of an organ, one of the M tissue types can
correspond to a first diseased tissue type corresponding to a first disease of a first organ. A
second tissue type of the M tissue types can correspond to healthy tissue of the first organ. In
various embodiments, the tissue-specific methylation patterns can be retrieved from public
database(s) or previous studies. These tissue-specific methylation patterns can be used to identify

the N genomic sites to be used in the deconvolution analysis.

[6126] At block 530, the biological sample including a mixture of cell-free DNA molecules
from the M tissues types is received. The biological sample may be obtained from the patient
organism in g variety of ways. The manner of obtaining such samples may be non-invasive or
mvasive. Examples of non-invasively obtained samples include certain types of fluids (e g.
plasma or serum or urine) or stools. For instance, plasma and urine include cell-free DNA
molecules from multiple organ tissues, and s thus useful for analyzing multiple organs via one

samaple.

(6127} Insome instances, the biological sample may include cellular DNA. For example, with
a urine sample, the biclogical sample may clude cellular DNA from the urine pellet. Cellular
DNA 13 generally longer than celi-free DNA and a fragmentation process, such as sonication,

may be used to produce shorter fragments for short read sequencing.

(61281 At block 540, celi-free DNA molecules from the biological sarmaple are analyzed to
identify their locations in a reference genome corresponding to the organism. For example, the
cell-free DNA molecules can be sequenced to obtain sequence reads, and the sequence reads can
be mapped (aligned) to the reference genome. If the organism was a human, then the reference
genome would be a reference human genome, potentially from a particular subpopulation. As
another example, the cell-free DNA molecules can be analyzed with different probes (e g,
following PCR or other amplification), where each probe corresponds to a different genomic site.
In some embodiments, the analysis of the cell-free BDNA molecules can be performed by
recetving sequence reads or other experimental data corresponding to the cell-free DNA

molecules, and then analyzing the experimental data.

(6129} A statistically sigmificant number of cell-free DINA molecules can be analyzed so as to
provide an accurate deconvolution for determining the fractional contributions from the M tissue

types. In some embodiments, at least 1,000 cell-free DNA molecules are analyzed. In other
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embodiments, at least 10,000 or 50,000 or 100,000 or 500,000 or 1,000,000 or 5,000,000 cell-
free DNA molecules or more can be analyzed. The total number of molecules to analyze can

depend on M and N, and the desired precision {accuracy).

[6136] At block 550, N mixture methylation levels are measured at the N genomic sites using a
first group (set) of celi-free DNA molecules that are each located at any one of N genomic sites
of the reference genome. The N mixture methylation levels refer to methylation levels in the
mixture of the biological sample. As an example, if a cell-free DNA molecule from the mixture
1 located at one of the N genomic sites, then a methylation index for that molecule at the site can
be ncluded m an overall methylation density for that site. The N mixture methylation levels can
form a methylation vector b of length N, where b corresponds to observed values from which the

fractional contributions of the tissue types can be determined.

[6131] In one embodiment, the methvlation levels for the genomuc sites in the DNA mixture
can be determined using whole genome bisulfite sequencing. In other embodiments, the
methylation levels for the genomic sites can be deternuned using methylation microarray
analysis, such as the Humina HuomanMethylationd30 system, or by using methylation
mmmunoprecipitation {e.g. using an anfi-methyleytosine antibody) or treatment with a
methylation-binding protein followed by microarray analysis or DNA sequencing, or by using
methylation-sensitive restriction enzyme treatment followed by microarray or DNA sequencing,
or by using methylation aware sequencing e.g. using a single molecule sequencing method {e.g.
by a nanopore sequencing {Schreiber et al., Proc Natl Acad Sc1 2013; 110 18910-18915) or by
the Pacific Biosciences single molecule real time analysis (Flusberg et al., Nat Methods 2010, 7.
461-465)). Tissue-specific methylation levels can be measured in a same way. As other example,
targeted bisulfite sequencing, methylation-specific PCR, non-bisulfite based methylation-aware
sequencing {e.g. by single molecule sequencing platforms (Powers et al. | Efficient and accurate
whole genome assembly and methylome profiling of E. coh, BMC Genomics, 2013;14:675) can
be used for the analysis of the methviation level of the plasma DNA for plasma DNA
methylation deconvolution analysis. Accordingly, methylation-aware sequencing results can be

obtained in a variety of ways.

(61321 At block 560, a fractional contribution of the first diseased tissue type in the mixture is

determined using the N first methylation levels and the N tissue-specific methylation levels of
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each of the M tissue types. In some embodiments, M values of a composition vector can be
determined. Each M value corresponds to a fractional contribution of a particular tissue type of
the M tissue types to the DNA muxture. The M values of the composition vector can be solved to
provide the N mixture methylation levels (e.g., methylation vector b} given the NxM tissue-
specific methylation levels. The M fractional contributions can correspond to a vector x that is
determined by solving Ax=b, which can be solved in a variety of ways {e.g., matrix factorization
and/or inversion, or by an optimization process), as will be appreciated by one skilled in the art.
When N is greater than M, the solution can involve a minimization of errors, e.g., using least-

squares.

[6133] The composition vector can be used determine an amount of each of the M tissue types
in the mixture. The M values of the composition vector may be taken directly as the fractional
contributions of the M tissue types. In some implementations, the M values can be converted to
percentages. Error terms can be used to shift the M values to higher or lower values. Fach of the
values of the composition vector can be considered a component, and a particular component can

correspond to a particular tissue type.

[6134] At block 570, the fractional contribution of the first diseased tissue type 15 used to
determine a level of the first disease for the first organ in the organism. The fractional
contribution can be compared to a cutoff value (threshold}. For example, in FIG. 4C, the cutoff
value can be 20. The cutoff value can be determined using samples from organisms that are
healthy for the tissue type and diseased for the tissue type. The samples can have various levels
of the first disease besides having or not having the first disease. One skilled m the art will
appreciate how to determine desired cutoff values based on data measured from samples having

a known level of the first disease.

[6135] Examples of the first organ can be a kidney {e.g., when urine is sample), a bladder (e g,
when urine 1s sample), a hiver {e.g., when plasma or serum is sample), or a salivary gland (e.g.,
when saliva 1s sample). Examples of the first disease can be cancer, glomerulonephritis when the

first organ 1s the kidney, or nephrotic syndrome when the first organ 1s the kidney.

[6136] Insome embodiments, reference patterns can be used for multiple diseased tissues,
potentially from a same organ or a different organ. In this manner, multiple disease types can be

measured at the same time.
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(41371 Insome embodiments, the fractional contribution could be used to determine an index
value, which can be compared to a cutoff value. A fractional contribution 1s limited to a
particular range, and the sum of the contributions would equal 100%. Thus, when a contribution
increases, it is at the expense of others. An index value can have a larger range, and not be
dependent on the contributions of other tissue types. The index value may be the fractional
contribution multiplied by the total cfDNA genome equivalents (GE) per nulliliter of urine,

termed the bladder tumor GE mmdex.

(61381 As shown in FI(:. 6A, six cases and six controls showed no statistical difference
between the total cell-free DNA concentration in urine as measured m GE/ml. As shown in FIG.
6B, when the determuned fractional contribution of bladder tumor tissue was multiplied by total
GE/mi (bladder tumor GE mndex) to calculate an index value, the index value was significantly

higher in bladder cancer cases compared to controls.

[8139] In some embodiments, the fractional contribution can be used to adjust the number and

amplitude of CNAs and/or hypomethlyation identified in urine to calculate a new index value,

iL SIZE OF URINARY CFBNA

[6146] The length of ¢fDNA fragments can be ascertained to single base pair resolution using
whole genome sequencing. Specifically, the length of urinary ¢fDNA can be determined at single
base pair resolution using paired end massively parallel sequencing and visualized i a size
profile plot of the frequency at different fragment lengths. The majority of urinary ¢fDNA
fragments are relatively short. In the void urine of normal controls, the median ¢fDNA fragment
length 15 65-80 bp. Visualization of the frequency of of DNA fragments at different lengths ina
size profile analysis reveals a distinct 10 bp periodicity 1n ¢fDNA fragments <100 bp, where the

frequency of the peaks are up to three times that of the troughs.

(61417 As discussed below, the data from pawed samples from the renal pelvis and voided
urine suggest that there 1s a larger proportion of long ¢fDNA fragments in the upper urinary tract.
In vitro mncubation experiments suggest that ¢fDNA 1s degraded 1n the urinary tract under first
order kinetics. This 1s reflected i the size profile by a reduced proportion of long fragments and
the accentuation of the 10 bp periodicity in the 50-80 bp range. The 10 bp pertodicity observed

urinary cfDNA is remuntscent of that seen in plasma (36,37}, albeit at a larger amplitude m urine



(]

10

20

25

WO 2018/099418 PCT/CN2017/113813
32

compared with plasma. Although this degradation process affects the global methylation density
and also causes fluctuation in the methylation deconvolution results, the high degree of
correlation observed in the voided urine of transplant patients suggests that the methylation

deconvolution process is robust despite in vivo degradation.

Al Size of urinary cfDNA in HSCT and renal transplant patients

(6142} Our previous study showed that fetal-derived urinary cfDNA fragments were shorter
than maternally-derived fragments (Tsui et al. PLos One 2012). Here, we investigate the size of
transplant urine cfDNA fragments, particularly if allograft-derived cfDNA would be a different

size profile compared to recipient derived fragments.

(61431 FIGS 7A and 7B show urinary c¢fDNA size profiles of recipient and donor DNA from a
representative HSCT patient (FIG. 7A) and a renal transplant patient (FIG. 7B) according to
embodiments of the present invention. The x-axis displays the size in single base patr resolution
and the y-axis shows the frequency at each length. Donor and recipient size profiles are colored

in blue and red, respectively.

[6144] The urine samples from the 31 HSCT and renal transplant patients show a similar
pattern, with a median length of 81 bp and a distinct 10 bp periodicity at lengths thatare a
multiple of 10, especially at the 50-80 bp range. After separation of donor and recipient specific
size profiles from HSCT (FIG. 7A) and kidney transplant (FIG. 7B) patients, there was no
observable difference between the size of urinary ¢fDNA orniginating from the donor
haematopetic and kidney tissue compared with recipient tissue. Accordingly, the size profiles of
donor specific cfDNA from allogeneic hematopoetic cells and kidney are almost identical to the

size profile of cfDNA from the recipient.

(61457 This may suggest that cfDNA released from hematopoetic and kidney tissue are of a
similar size as recipient tissue, or that the degradative environment of the urinary tract causes
cfDINA released from different tissues to assume a common size profile after a certam period of
time. Although both hematopoietically-derived and fetal-derived ¢fDNA contribute to urine via
kidney filtration of plasma, hematopotetic cells in the urinary tract may contribute ¢fDNA

directly into the urine, accounting for the difference between their size profiles.
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B. Size and composition of urinary cfDNA in the renal pelvis vs voided urine

(8146} The size and composition of plasma ¢fDNA appears to attain equibibrium during
circulation and remains largely consistent with repeat sampling of peripheral blood. In contrast,
arine is produced in the kidneys and it unidirectionally descends via the ureters into the bladder,

where 1t 1s stored before 1t 15 voided.

(61471 Since DNasel s highly expressed in the kidney and bladder

{(http://www proteinatlas org/) and is present (29} and highly active in urine (30}, we investigated
if cfDNA fragments would be of a different size in the renal pelvis compared with the voided
urine. We obtained urine samples from a patient who suffered from a 2 em ureteric stone causing
complete obstruction of the right-sided urinary system and requiring the insertion of a
percutaneocus nephrostomy {tube into a kidney pelvis where urine 1s formed) that drained urine
directly from the renal pelvis. The left sided kidney produced urine as normal that was voided
via the urinary tract. The stone caused a complete obstruction of the right side. We collected
urine simultaneously from the renal pelvis of the right kidney and the voided urine on two
occasions and found that urine from the renal pelvis had a larger proportion of long fragments.

The second occasion was after inflammation had decreased i the kidney pelvis.

(6148} FIGS. 8A and 8B show size profiles of ¢fDNA from the kidney pelvis of the right
kidney, which was blocked due to a stone, and void urine from the left kidney according to
embodiments of the present invention. The size profiles of urinary ¢fDNA are from paired
samples from the renal pelvis and voided urine on two occasions 37 days apart. FIG. 8A
represents the kidney pelvis and void urine collected five days after percutaneous
nephrolithotomy (PCN) insertion. FIG. 8B represents urine samples collected 42 days after PCN
msertion, which ts after the patient had recovered. The X-axis displays the size in single base
pair resolution, and the Y-axis shows the frequency of uniquely mappable fragments at a
particular fength. Lines 802 and 806 represent voided urine produced by the left kidney. Lines

804 and 808 represent urine from the right renal pelvis collected simultanesusly.

{81491 On both occasions, there 15 a larger proportion of fong urinary cfDNA fragments in the
kidney pelvis urine compared with void urine, and reduced amplitude of periodicity in the 50-80

bp range. Further, the average length of the urinary cfDNA fragments for the initial sample (FIG.
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8A) 13 longer than the average length of the urinary cfDNA fragments for the later sample (FIG.

8B), which occurred after inflammation reduced in the right kidney.

[6156] Methylation deconvolution results for kidney pelvis and void urine show that there s a
significant contribution from neutrophuls in all four urine samples, with a higher proportional
contribution in kidney pelvis urine compared with void urine (Table 3). CfDNA fragments
bearing the methylation signature of neutrophils could either be of pre-renal origin from the
plasma, or from white cell aggregates in the kidney pelvis. There 1s also a higher global

methylation density across Cp@G sites in kidney pelvis urine compared with voided urine.

lobal C

Neutre T-cell B-cell Kidney Urothelium S;zziagfﬁ

h'i L) & 3, 3, &

phit (%} (%%} (%} {%} {%} density (%)
A Kidney Pelvis 29.8 1.2 2.6 0.0 6.4 75.0
A Void 80.7 .0 2.4 10.7 6.3 71.2
B Kidney Pelvis 77.9 22 2.3 54 12.3 74.1
B Void 52.0 0.0 3.9 16.9 27.2 64.3

Table 3.

[6151] Table 3 table displays the proportional contribution from each tissue by methylation
deconvolution and the global methylation density at CpG sites for cfDNA from the kidney pelvis
and void urine. A and B correspond to the patred right kidney pelvis and void urine samples

displayed in FIGS. 8A and &B.

C. Change in size profile of urinary cfDNA from renal pelvis over time

(81521 By sampling urine from different parts of the urinary tract, we found that there is a
larger proportion of long cfDNA fragments in the kidney pelvis. As the urine descends the
urinary tract, there is a decrease in the absolute concentration of ¢fDNA, and an increase in the
proportion of shorter fragments with a characteristic 10 base pair (bp) periodicity that 1s most

pronounced between 50-80bp.
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i. Renal Pelvis urine incubated over time

(81531 Some of the differences observed between kidney pelvis urine and void urine may be
due to the in vivo degradation of cfDNA. After observing the differences between kidney pelvis
and void wrine on the first occasion (FIG. 8A), for the second collection (FIG. 8B), we collected
a farger volume of kidney pelvis urine and the additional urine was put into a sealed container
and mcubated at 37 °C. The in vitro incubation of kidney pelvis urine mimics the in vivo passage
of urine mn the urmary tract and storage in the bladder. Urine was drawn out of the container and

processed at 3 hours, 6 hours and 24 hours of incubation.

[6154] FIGS. 9A and 9B are the size profiles of cfDNA from urine from the renal pelvis at 0, 3,
and 6 hours of in vitro incubation at 37°C. FIG. 9A displays the frequency at each base pair
length, and FIG. 9B displays the cumulative frequency. Lines 902 and 908 represent the size
profiles of cfDINA at the time of collection. Lines 904 and 910 represent the size profiles after 3
hours of incubation. Lines 906 and 912 represent the size profiles after 6 hours of incubation.
These graphs illustrate the increase in the amplitude of the 10 bp periodicity and a reduction in
the proportion of long cfDNA fragments with in vitro incubation. As can be seen, after 3 and 6
hours of mcubation, the size profiles of these samples displayed a progressive reduction in the
proportion of long fragments and an mcrease n amplitude of the 10 bp periodicity in the 50-80
bp region. This in vitre incubation of ¢fDNA from unine from the kidney pelvis shows that even
m the absence of contact with the urinary tract, incubation at 37°C causes a decrease in the
concentration of cfDNA, a larger proportion of short ¢fDINA, and an increased 10 bp pertodicity.
The size profile of kidney pelvis urine resembles that of void urine after incubation at 37°C for 3

{0 6 hours.

[8185] FIGS. 10A and 10B show the size profile of void urine compared with that of kidoey
pelvis urine incubated for {a} 3 hours and (b) 6 hours. Line 1002 represents kidney pelvis urine
incubated for 3 hours. Lines 1004 and 1008 represent voided urine. Line 1006 represents kidney
pelvis urine incubated for 6 hours. As can be seen, the size profile of void urine is highly similar
to that of kidney pelvis incubated for 3 and 6 hours. These data suggest that during the in vivo
passage of urine from the kidney pelvis down the urinary tract, there is likely to be a degradation

process that reduces the concentration of cfDNA and shortens the length of ¢fDNA fragments.
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2. Relation of different size parameters to each other

(81561 The length of the urinary cfDNA fragments from a single uring sample, and thus the
degree of degradation of urinary cfDNA can be characterized using several quantitative measures:
the median length, proportion of fragments longer than 70 bp (labeled as P>70 bp), and a
fragmentation {periodicity) index. The proportion of fragments longer than 70 bp (P>70 bp) can
be determined as the number of fragments longer than 70 bp is divided by the total number of

fragments and expressed as a percentage.

(61571 The 10 bp perodicity 1s most pronounced between 50 and 80 bp, and the amplitude of
the periodicity can be represented by the difference in frequency between the peak lengths at 50,
60, and 70 bp and the trough lengths at 55, 65, and 75 bp. This can be represented as a
pertodicity index {PI}). The periodicity index may represent a difference in the frequency of DNA
fragments at the plurality of peak lengths in the size profile from the frequency of DNA
fragments at the plurality of trough lengths 1n the size profile. The plurality of peak lengths may
be present at regular size intervals. The plurality of trough lengths may be present at regular size
mtervals offset from the plurality of peak lengths. For example, the regular size interval may be
10 bp, but the trough lengths may be offset (or out of phase) with the peak lengths by S bp. An

example of a periodicity mdex can be calculated as follows:
PI = (F(50) + F(60) + F(70)) — (F(55) + F(65) + F(75))

where F50, F60 F70, FS5, F653, and F75 represent the frequency of ¢fDNA fragments at that
particular length. A high periodicity index represents a large difference in the frequency between
cfDNA fragments at the peaks compared with the troughs and thus, a larger amplitude of
pertodicity. As shown 1n FIGS. 10A and 108, the 10 bp penodicity was most pronounced
between 50 and 80 bp, and the amplitude of the periodicity could be represented by the
difference in the sum of the frequency between the peak lengths at 50, 60, and 70 bp and the sum

of the trough lengths at 55, 65, and 75 bp.

[8158] FIGS. 11A and 118 are graphs displaying the relationship between cfDNA fragment
size parameters for the 31 HSCT and renal transplant urine samples. The parameters are median
(bp), proportion > 70 bp (P>~} and periodicity index (PI). FIG. 11 A shows there 13 a strong

positive correlation between the median length and Poyy. FIG. 11B shows there 1s a negative
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{(inverse} correlation between the median and PI, and thus also with P=>70bp. Ths latter
observation reinforces the notion that length and periodicity of ¢fDNA fragments are related and

represent the degree of degradation each sample.

(61591 The changes seen in the kidney pelvis urine with incubation seen in the size profile is
reflected by the decreasing median, decreasing P>70bp and increase in the PI (Table 4). The
median, P>70bp and PI of the kidney pelvis urine become very comparable to that of the pawed

void urine after incubation for 3-6 hours.

Median P>7(}bp Pl

{bp} (%6}
Renal Pelvis 99 75.8 2.0
Renal Pelvis+3 h 31 64.2 3.4
Renal Pelvis+ 6 h 65 42.3 4.7
Voided Urine 72 53.8 6.0

Table 4

(81661 Table 4 shows the summary size statistics 1n the form of the median in base pairs (bp),
the proportion of fragments more than 70 bp (Psm), and the Periodicity Index (P} for urinary
ctfDNA from the renal pelvis, during 37 °C 10 vitro incubation and paired voided urine.
Comparison between the kidney pelvis urine, void urine and kidney pelvis urine incubated in
vitro at 37°C for 3 and 6 hours shows that kidney pelvis urine has a higher median, P>70 and
lower FI compared with void urine. Kidney pelvis urine 1s degraded if it is kept at 37°C such that
the proportion of shorter fragments increases and a more pronounced periodicity seen as a larger
difference between the peaks and troughs at 50-75bp. As urine from the renal pelvis was
fragmented during the in vitro incubation, there was a progressive reduction in the median Porg

and an increase in the PL

(8161} The in vitro incubation results explain the size profile commonly observed in void urine
and provides evidence that fragmentation of ¢fDNA fragments occurs in the urinary tract. This
informs us that the size and concentration of urinary ¢fDNA can be affected by 1) the site of urine

collection, and 11} the duration that the urine was in vivo.
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3. Methylation and composition over time

(81621 Interestingly, the global CUp(s site methylation density 1s higher in kidney pelvis urine
compared with void urine, and there is a gradual decrease n global CpG site methylation density
as the kidney pelvis 1s incubated at 37°C. Given the changes in absolute conceniration, fragment
size, and global CpG site methylation density of urinary ¢fDNA during 1n vitro incubation, we
assessed if these factors would affect methylation deconvolution. The overall methylation
density and proportional contribution by different tissues by methylation deconvolution of
urinary cfDNA 1n the renal pelvis fluctuates during in vitro incubation at 37 °C, but the
proportional contribution from the blood cells, kidney and urothelium remain constant in terms

of the ranking (Table 5).

Neutrophils T-cells B-cells Kidney Urothelium Gichal CpG

tMethylation

Density {%}
Renal Pelvis 77.9 2.2 2.3 54 12.3 74.1
Renal Pelvis + 3 h 61.4 9.9 5.0 2.1 156 72.2
Renal Pelvis +6 h 74.1 4.3 35 6.4 118 68.9
Voided Urine 52.0 0.0 3.9 16.9 27.2 64.3

Table 5. Methylation deconvolution results for the proportional contribution of neutrophils, T-
cells, B-cells, kidney and vrothelium in kidney pelvis urine, kidney pelvis urine during 37 °C in

vitro incubation incubation and paired void urine.

[6163] Table S displays the proportional contnibution from each tissue by methylation
deconvolation and the global methylation density at CpG sites for ¢fDNA during the n vitro
mcubation at 37 °C. The global methylation density was reduced from 74.1 to 68.9% over 6
hours, and there was a fluctuation in the methylation deconvolution contributions. However, the
proportional contribution from the blood cells (neutrophils, T-cells, and B-cells), kidney, and

urothelium remain constant in terms of the ranking.

[¢164] The methylation deconvolution results for kidney pelvis urine during in vitro
mcubation showed that blood cells (neutrophils) were the predominant contributor at ¢, 3, and 6
hours, with shight fluctuation in contribution percentages from the different tissues. Methylation

deconvelution results for the paired voided urine also showed predominant neutrophil
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contribution with a shightly higher contribution from urothelium compared with the kidney pelvis
urine samples. The higher urothelium contribution may reflect the urine acquiring urothelial

cfDNA from a longer stretch of the urinary tract.

o Change in concentration of urinary cfDNA over time

[6165] Since the size profile of urinary cfDNA fragments 1n the kidney pelvis had a higher
proportion of longer fragments, we investigated the effects of in vitro incubation of kidney pelvis
urine at 37°C. Kidney pelvis urine was collected via PCN and kept at 37°C, with aliquots taken
at different time points to ascertain the absolute ¢fDNA concentration by gPCR, and also the size

profile from each time point.

[6166] The concentration of kidney pelvis urine cfONA was quantified using gPCR for a 62bp
LEP gene region, and quantification was done at time zero, and for each incubation time point.
There 1s a decrease in total DNA concentration over time, with a larger decrease during the
mitial time period (FIG. 12A). If an exponential decay curve s fit, then urinary cfDNA 18

estimated to have a half-life of 4.9 hours and a mean lifetime of 7.0 hours.

[0167] We then assessed if the degradation and fragmentation patterns observed in kidney
pelvis urine could also be seen in control void urine if 1t 1s kept at 37 °C. We collected about 200
mal urine from the second urine void of the day, and incubated the urine in vitro at 37 °C for up to
12 hours. The concentration of cfDNA in normal controls is variable. Here, we display the

results of the urine incubation for the control urine sample with the highest ¢fDNA concentration.
The concentration of ¢fDNA in void urnine decreases over time in a sinular manner to kidney
pelvis urine, and an exponential decay curve can be fitted for an R? of 0.92, with an estimated

half-life of 3.5 hours and mean hifetime of 5.1 hours (FIG. 12B).

[8168] Thus, the shortening of cfDNA fragmoents during n vitro incubation is also reflected in
the reduction of cfDNA concentration over time as quantified by qPCR (FIG. 12A). A similar
pattern of exponential reduction 18 observed in the m vitro incubation of the voided urine of a
normal subject (FIG. 12B), suggesting that ¢fDNA 1s fragmented in a time dependent manner

with a half-life of 3.5-4 9 hours.

[6169] FIGS 124 and 12B show the concentration of urinary ¢fDNA during the 37°C in vitro

meubation experiments for urine from the renal pelvis (FIG. 12A) and voided urine (FIG. 12B).
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The x-axis 1s the concentration of ¢fDNA in GE/ml urine displayed in a log scale, and the y-axis
is the incubation time in hours. ¢fDNA appears to be degraded under first order kinetics in both
renal pelvis and void urine with a half-life of 3.5-4.9 hours. The rate of degradation may vary

between individuals.
F. Size change in voided urinary cfDNA over time
fe] e ¢

[6176] The change in size of voided urine over time was investigated. Adequate DNA was
coliected at 3 hour intervals for non-bisulphite sequencing. Surprisingly, the sequential size
profiles of cfDNA from O to 12 hours remains static and typical of that of voided urine. The fact
that the size profile of voided cfDNA from the control subject remains constant for up to 12
hours of incubation at 37 °C suggests that a stable size profile 1s maintained after a certain point.

This stable size profile is the pattern that is most commonly observed in voided urine samples.

(6171} FIGS. 13A-13D. The size profiles of voided urine cfDNA with in vitro incubation at
37 °C from 0 to 12 hours. Urine was aliguoted from the incubation container and processed at 3
hours intervals. FIGS. 13A-13D show the concurrent reduction in cfDNA concentration as
measured by gPCR. FIG. 13A shows the size profiles at 0 and 3 hours. FIG. 13B shows the size
profiles at 3 and 6 hours. FIG. 13C shows the size profiles at 6 and 9 hours. FIG. 13D shows the
size profiles at 9 and 12 hours. Despite the exponential decay seen in ¢fDNA concentration in

FIG. 12B, the size profiles of these urine samples remain constant over the 12 hour incubation.

(81721 Accordingly, the parallel size profiles in the incubation of kidney pelvis urine show a
reduction in the proportion of long fragments and accentuation of the 10 bp periodicity (F1G. 9A).
However, parallel size profiles of the incubation of void urine shows that the typical void orine
size profile (FIGK. 13A-13D) appears to represent a stable end point. After this pomnt, cfDNA
fragments of different lengths are degraded at a similar rate and the size profile remains constant

despite the continual reduction n total cfDNA.

F. Method of determining inflammation from long fragments
& o D

[6173] Imaging may be able to 1identify a kidney stone, but 1t 1s difficult to determine a level of

mflammation in a kidney from imaging, e.g., MRI or CT scans.
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[¢6174] FIG. 14 15 a flowchart of a method 1400 of analyzing a urine sample from a renal pelvis
of a kidney of an organism to deternune an extent of organ damage (e.g., a level of inflammation}
according to embodiments of the present invention. At least some of the DNA are cell-free in the
urine sample. Method 1400 may be performed wholly or partially with a computer system, as

can certain other methods described herein.

(61751 Method 1400 can use a size distribution to determine a level of imflammation (an
example of a level of a condition). The size distribution of plasma DNA can be determined, for
example, but not hmited to, using real-time PCR, electrophoresis and mass spectrometry analysis.
In various embodiments, the measured size 15 a length, a molecular mass, or a measured
parameter that 1s proportional to the length or mass, such as the mobility in a electrophoretogram
and the time required to travel a fixed distance in electrophoresis or mass spectrometer. In
another example, one can stain the DNA with an intercalating fluorescence dve, e.g. ethidium
bromide or SYBR Green, where the amount of dye bound will be proportional to the length of
the DNA molecule. One can determune the amount of dye bound by the intensity of the emitted

fluorescence when UV hight is shone on the sample.

(61761 At block 1410, amounts of DNA fragments corresponding to vartous sizes are
measured. For each size of a plurahity of sizes, an amount of a plurality of DNA fragments from
the urine sample corresponding to the size can be measured. For instance, the number of DNA
fragments having a length of 140 bases may be measured. The amounts may be saved as a
histogram. In one embodiment, a size of each of the phurality of nucleic acids from the biological
sample 1s measured, which may be done on an mdividual basis {e.g., by single molecule
sequencing or paired-end sequencing and alignment to a reference) or on a group basis (e.g., via
electrophoresis). The sizes may correspond to a range. Thus, an amount can be for DNA

fragments that have a size within a particolar range.

(8177}  The plurality of DNA fragments may be chosen at random. For example, DNA
fragments may be randomly sequenced. In some embodiments, a pair of sequence reads resulting
from a DNA fragment can be aligned to a genome corresponding to the subject (e g, a reference
human genome) to determine a length of the DNA fragment. In various embodiments, the size
can be mass, length, or other suitable size measures. The measurement can be performed in

various ways, as described herein. For example, paired-end sequencing and alignment of DNA
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fragments may be performed, or electrophoresis may be used. A statistically significant number
of DNA fragments can be measured to provide an accurate size profile of the biological sample.
Examples of a statistically significant number of DNA fragments include greater than 100,000,

1,000,000; 2,000,000, or other suitable values, which may depend on the precision required.

[6178] In one embodiment, the data obtained from a physical measurement, such as paired-end
sequencing or electrophoresis, can be received at a computer and analyzed to accomplish the
measurement of the sizes of the DNA fragments. For instance, the sequence reads from the
paired-end sequencing can be analyzed (e.g., by alignment) to determine the sizes. As another
example, the electropherogram resulting from electrophoresis can be analyzed to determines the
sizes. In one implementation, the analyvzing of the DNA fragments does mclude the actual
process of sequencing or subjecting DNA fragments to electrophoresis, while other

implementations can just perform an analysis of the resulting data.

(617971 At block 1420, a first value of a first parameter 1s calculated based on the amounts of
DNA fragments at multiple sizes. In one aspect, the first parameter provides a statistical measure
of a size profile {e.g., a histogram) of DNA fragments in the biological sample. The parameter
may be referred 1o as a size parameter since it 18 determined from the sizes of the plurality of
DNA fragments. In one embodiment, the first parameter increases with increasing size of the

DNA fragments.

[8188] The first parameter can be of various forms. Such a parameter 1s a number of DNA
fragments at a particular size divided by the total nmumber of fragments, which may be obtained
from a histogram {any data structure providing absolute or relative counts of fragments at
particular sizes}). As another example, a parameter could be a number of fragments at a particular
size or within a particular range divided by a number of fragments of another size or range. The
division can act as a normalization to account for a different number of DNA fragments being
analyzed for different samples. A normalization can be accomplished by analvzing a same
number of DNA fragments for each sample, which effectively provides a same result as dividing
by a total number fragments analyzed. Other examples of parameters are described in UK. Patent

Publication 2013/0237431, which is incorporated by reference in its entirety.

(81817 At block 1430, the first value 1s compared to a reference value. Examples of a reference

value include a normal value and a cutoff value that 15 a specified distance from a normal value
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{e.g., in units of standard deviation). The reference valie may be determined from a different
sample from the same organism (e.g., when the organism was known to be healthy)}. Thus, the
reference value may correspond to a value of the first parameter determined from a sample when
the organism s presumed to have no inflammation. In one embodiment, the biological sample 15
obtained from the organism after treatment and the reference value corresponds to a value of the
first parameter determined from a sample taken before treatment. The reference value may also

be determined from samples of other healthy organisms.

[6182] At block 1440, a classification of a level of inflammation in the kidney 1s determined
based on the comparison. In various embodiments, the classification may be numerical, textual,
or any other indicator. The classification can provide a binary result of ves or no as to
mflammation, a probability or other score, which may be absolute or a relative value, e.g.,
relative to a previous classification of the organism at an earlier time. In one implementation, the
classification is that the kidney does not have inflaromation or that the level of inflammation has
decreased. In ancther implementation, the classification 1s that the kidney does have
inflammation or that a level of inflammation has increased. In one ermnbodiment, it can be
determined that the first kidney 13 inflamed when the first value 15 greater than the reference

value.

(#1831 As described herein, the level of mflammation can inchude an existence of
mflammation. For example, whether the first valoe exceeds (e.g., greater than or less than,
depending on how the first parameter is define} can be used to determine if inflammation exists,
or at least a bikelihood {e.g., a percentage hikelihood). The extent above the threshold can provide
an increasing likelihood, which can lead to the use of multiple thresholds. Additionally, the
extent above can correspond to a different level of inflammation. Thus, embodiments can

diagnose, stage, prognosticate, or momitor progress of a level of inflammation 1n the kidney.

{8184} Based on the level of inflammation in the kidney, a treatment plan may be devised. The
mflammation may be treated by drugs, diet, therapy, or surgery. In some cases the inflammation
may be treated earlier than without methods descried herein because the existence of the
mflammation may be detected earlier. The risk of complications, including death, may be

reduced as a result of the detection methods.
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1. DETECTING BLADDER CANCER USING S1ZE OF URINARY CFDNA

[6185] The cfDNA released from cancers have been demonstrated to be of a different length
compared with the cfDNA released from non-cancerous cells {(31,32). We selected two cases of
muscle mvasive bladder cancer, reasoning that the release of a large amount of ¢fDNA from a
lower urinary tract tumor might contribute sufficient cfDNA fragments of a different size to
perturb the overall size profile of the voided urine. We collected pre- and post-operative urine
samples for these two patients undergoing radical cystectomy for genome-wide bisulphite
sequencing to assess the size and methylation patterns in these samples. The results show that

bladder cancer cases have urinary ¢fDNA with larger proportion of long fragments.

A, Analysis

[6186] FIGS. 15A and 15B show the size profiles of pre- and post-operative urine samples
from two cases of muscle invasive bladder cancer. Pre-operative samples are represented by lines
1502 and 1506. Post-operative samples are represented by lines 1504 and 1508. Both pre-
operative samples show an aberrant size profile with a larger proportion of long fragments, and
the size profiles are normal in the post-operative samples. This s also reflected in the summary
size statistics with the preoperative sample of FIG. 153A: median 131 bp, P>70 90.1%, PI 0.10;
the preoperative sample of FIG. 13B: median 143bp, P>70 96.2%, PI 0.04; the post-operative
saraple m FIG. 15A: median 80bp, P>70 60.0%, PI 1.6; and the post-operative sample i FIG.
15B: median 93bp, P>70 72.7%, P1 1.61.

(61871 Besides P>70, a proportion of long ¢fDNA fragments >100 bp or other length could be
used. FIGS. 15A and 15B show that a size parameter can be used to discriminate between

saraples having cancer {pre-op) and those not having cancer {post-op).

[6188] The normalization of size profiles m post-operative urine suggested that the large
proportion of long fragments observed pre-operatively had originated from the excised tumor.
This suggests that the larger fragments seen 15 pre-operative samples are from the bladder cancer
samples. Further suggestion can be seen from the methylation deconvolution showing that 56.2%
and 78.8% of the cfDNA fragments originate from the bladder tumor in the pre-operative
samples. Accordingly, the proportion of long DNA fragments can be used to screen for bladder

cancer or monttor for recurrence. The post-op bladder tumor contributions were 4.9% and 3.1%
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for FIGS. 15A and 15B respectively, which confirms the relationship between the long DNA

fragments and the tumor contribution.

[6189] FIGS. 16A-16C show the size profile for three void urine samples from patients with
bladder cancer. All three patients had muscle-invasive bladder cancer. There is an increased
proportion of long fragments for all three samples, and this 1s also reflected in size summary
statistics (FIG. 16A) median 131, P>70 90.1%, FI 0.10; (FIG. 16B) median 143, P>70 96 2%, FI
0.04; and (FIG. 16C) median 114, P>70 83.7%, FI 0.16. The urine size profile of patients with
bladder cancer have a median of 114-143 bp, F>70 of 83-96% and a FI of less than 0.2, This
reflects that urine from bladder cancer patients have a larger proportion of long cfDNA

fragments and the size profile lacks the periodicity usually seen in the 50-75 bp range.

(81967 We also sequenced the pre-operative urine of a further three bladder cancer cases that
were treated for non-muscle invasive disease undergoing transurethral resection of bladder tumor
(TURBT). One case showed a grossly aberrant size profile with longer fragments, while the

other two displayed normal size profiles.

(8181} FIGS. 17A-17C show the size profiles of three pre-operative urine samples from three
patients with non-muscle invasive bladder cancer undergoing TURBT. There is an increased
proportion of long fragments in TBR413. The sumimary size statistics are; median 114 bp, Py
83 7%, P 0.16. The other two urinary size profiles (TBR406 and TBR 419) display size profiles
that are typical of voided urine. TBR413 was thought to have non-muscle mvasive
pre-operatively, but was found to have muscle-invasive disease after TURBT, and subsequently
required radical cystectomy. Thas, a type of cancer can be differentiated, and an aberrant size
profile {e.g, statistical value for long fragments 1s above a threshold) may suggest more

advanced disease. FIG. 17A corresponds to the same sample as FIG. 16C.

(61921 The case with aberrant size profile (TBR413) was found to have an extensive bladder
tumor 14 ¢m n size that was high grade with muscle nvasion, subsequently requiring radical
cystectomy. The two other cases (TBR406 and 409} were histologically confirmed to have non-
muscle mnvasive disease with no disease recurrence after TURBT. These results suggested that
muscle mvasive bladder cancers with large tumor loads might more likely release sufficient

tumor DNA to give rise to aberrant urinary size profiles.
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B. Method of detecting bladder cancer using long urinary cfDNA

(8123} FIG. 18 shows a flowchart of a method 1800 of analyzing a urine sample of an
organism to detect bladder cancer using sizes of urinary ¢fDNA according to embodiments of the
present invention. The urine sample includes DNA originating from normal cells and potentially

from cells associated with cancer. At least some of the BNA is cell-free in the urine sample.

[6194] Atblock 1810, amounts of DNA fragments corresponding to various sizes are
measured. For each size of a plurality of sizes, an amount of a plurality of DNA fragments from
the urine sample corresponding to the size can be measured. Block 1810 may be performed ina

similar manner as block 1410 of FIG. 14,

[6195] At block 1820, a first value of a first parameter 1s calculated based on the amounts of
DNA fragments at multiple sizes. In one aspect, the first parameter provides a statistical measure
of a size profile {e.g., a lustogram} of DNA fragments in the biological sample. In one
embodiment, the first parameter increases with increasing size of the DNA fragments. The sizes
may mnclude fragments larger than 50, 553, 60, 65, 70, 75, 80, 85, 90, 95, 100, 105, 110, 115, or

120 bp. Block 1820 may be performed 1n a similar manner as block 1420 of FIG. 14

[6196] At block 1830, the first value 1s compared to a reference value. Block 1830 may be

performed in a similar manner as block 1430 of FIG. 14

(61977 Atblock 1840, a classification of a level of bladder cancer 1s determined based on the
comparison. For example, the organism may be determined to have bladder cancer when the first
value 1s greater than the reference value. The determination can be of a particular level of cancer,

e.g., whether the cancer 1s muscle mvasive,

[6198] As shown in the results above, size profile analysis of urinary ¢fDNA can identify urine
sarples with an unexpectedly large proportion of long fragments, and methylation

deconvolution is able to identify the onigin of ¢fDNA fragments. Tn cases of urothelal cancer, we
are able to dentify large ¢fDINA fragments, and methylation deconvolution was used to ascertain

that there is an increase in fragments of urothelial tumor origin for such cases of urothelial cancer.

[6199] Based on the level of cancer, a treatment plan may be devised. The cancer may be

treated by chemotherapy, drugs, diet, therapy, and/or surgery. In some cases the cancer may be
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treated earlier than without methods descried herein because the existence of the cancer may be
detected earlier. The risk of complications, including death, may be reduced as a result of the
detection methods. Bladder cancer has a recurrence rate of up to 70% after surgical resection of
the primary tumor. If a noninvasive urine test is done at regular intervals, the test can detect
recurrence earlier and also may reduce the need or frequency of surveillance cystoscopy, which

15 associated with discomfort and risk of urinary tract infection.

C. Using cfDNA fragment size to identify advanced invasive tumors

[62066] Inaddition to detecting bladder cancer, the size of ¢fDNA fragments can be analyzed to
indicate tumor stage. Invasive high grade urothelial cancers are associated with a larger

proportion of long fragments.

(62611 FIG 19A is a boxplot showing the proportion of urinary ¢fDNA fragments longer than
70 bp (P>70 bp) in controls, and bladder cancer patients with non-muscle invasive Ta-T1 disease,
and bladder cancer patients with muscle invasive T2-T4 disease. There was no significant
difference between the P>70 bp in controls and bladder cancer patients with Ta-T1 disease.
Bladder cancer patients with T2-T4 disease showed a larger proportion of long urinary cfDNA
fragments {(Mann Whitney U test P=0.03). Hence, the proportion of fragments longer than 70 bp

may be used to distinguish between those with T2-T4 disease and those without the disease.

(62621 FIG. 19B 15 a boxplot showing the proportion of urinary ¢fDNA fragments longer than
105 bp (P>105 bp) in controls, and bladder cancer patients with Ta-T1 disease, and bladder
cancer patients with T2-T4 disease. There was no significant difference between the P>105 bp in
controls and bladder cancer patients with non-muscle invasive (Ta~-T1) disease. Muscle invasive
bladder {T2-T4) disease showed a larger proportion of long urinary cfDNA fragments (Mann
Whitney U test P==0.005). Thus, the proportion of fragments longer than 105 bp may be used to

distinguish those with T2-T4 disease and those without the disease.
IV, COMPARISON OF ABERRATIONS IN PLASMA AND URINE

(82631 Cancers may be characterized by global hypomethylation (33) and copy number
aberrations (34}, and these changes have been detected n the plasma of cancer patients (7).
Whole genome bisulphite sequencing can determine the methylation density across the genome

by IMB bins {or other sized regions that can have predetermined length and/or position) and
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determine if there are copy number changes based on the number of fragments mapped to loci
across the genome. The methylation density and copy number in normal controls can be
determined based on sequencing the cfONA from cancer free samples. CNA and methylation
changes can be deemed significant if there is a Z-score difference of more than 3 (or other value,
e.g., chosen based on a desired sensitivity and specificity) compared with controls. Specific
thresholds may be determined for urine samples that different from thresholds for other samples,

e.g., plasma.

A. Aberrations in urine reflect the methylation and CNA changes in tumor

[6264] We obtained paired tumor tissue and voided urine from a bladder cancer patient with
muscle invasive disease. Global hypomethylation was seen in both the urinary ¢fDNA and the
primary bladder tumor. The bladder tumor also displayed copy number aberrations across the
genome. The location of the gains and losses m urinary ¢fDNA mirrored those seen in the tumor
(FIG. 20). These results suggested that hypomethylation and copy number aberrations observable

n the urinary cfDNA was representative of the aberrations seen in the primary bladder cancer.

(82651 FIG. 20 shows a Circos plot displaying the concordance in global methylation and copy
number aberrations between the urinary ¢fDNA and bladder cancer tissue according to
embodiments of the present invention. Chromosomal position s represented in ascending order
n a clockwise direction. The four rings, from the center to the periphery represent; 1) bladder
tumor methylation (ring 2002}, 2} urmary cfDNA methylation {ring 2004}, 3) biadder tumor
copy number (ring 2006), and 4) urinary cfDNA copy number {ring 2008). Global methylation
density 1n 1 Mb bins s represented in ring 2002 and ring 2004, with significant hypomethylation
and hypermethylation represented by red and green dots, respectively. Hypermethylation s
absent in these samples. Copy number changes are represented in the two outer rings. Copy
number losses are represented by red dots {e.g., dot 2010) and bie toward the center of the ring.
Copy number gains are represented by green dots {e.g., dot 2012} and lie away from the center of

the ring. Grey dots {e.g., dot 2014} represent no significant deviation from controls.

(82867 FIGS. 21A-21E show Circos plots of global methvlation and copy number aberrations
the urinary ¢fDNA from five bladder cancer patients (A-E) according to embodiments of the

present invention. The inner ring {e.g., ring 2102} represents methylation density, and the outer
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ring {e.g., ring 2104} represents copy number changes. Hypomethylation and copy number losses
are colored red (e.g., dot 2106) and lie toward the center of the ring, while hypermethylation and
copy number gains are colored green (e.g., dot 2108) and lie away from the center of the ring.

Grey dots {e.g., dot 2110} represent no significant deviation from controls. The data in FIG. 21A

corresponds to the data in the urinary ¢fDNA rings 1n FIG. 20,

(62677 We found evidence of global hypomethvlation in the urinary ¢fDNA in four samples
(FIGS. 21A, 218, 21D, and 21E) and copy number aberrations in all five samples. Of note, the
two cases who were pre-operatively confirmed to have muscle invasive disease showed large
copy number changes in more than half of the chromosomes (FIGS. 21 A and 21B). FIG. 218
also shows hypermethylation in addition to hypomethylation. The case subsequently confirmed
to have extensive muscle invasive disease after TURBT (FIG. 21D) also showed clear global
hypomethylation and large copy number gains and losses in chromosomes Iq, 9, and 10q. FIG.
21 A shows results from the patient T22 that corresponds to the pre-operative size profile in FIG.
15A. FIG. 218 shows results from the patient T23 that corresponds to the pre-operative size
profile in FIG. 15B. FIG. 21C shows results from the patient with TBR406 in FIG. 17B. FIG.
21D shows results from the patient with TBR413 in FIG. 17A. FIG. 21E shows results from the
patient with TBR419 10 FIG. 17C. FIG. 210, FIG. 21D, and FIG. 21E, the three cases with non-
muscle mvasive disease, showed mild hypomethylation and relatively subtle evidence of copy

number aberrations i terms of number and amplitude.

[6268] Genomewide bisulfite sequencing allows the simultaneous analysis of aberrant ¢fDNA
size profile, copy number, and global methylation changes associated with bladder cancer.
Despite the in vive degradation and c¢fDNA loss during bisulfite conversion, the global
hypomethylation and copy number aberrations detected in the urinary cfDNA correspond closely
with the changes seen in the primary tumor tissue. This approach thus provides a noninvasive
way for assessing methylation status and copy number variation that 1s representative of the

bladder tumor.

[626%7 Copy number aberrations are commonly observed n bladder cancers (38). These
changes were observable 1n all five urine samples from bladder cancer patients. Copy number

aberrations may also detect a very low grade disease.
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[6216] Furthermore, cases with muscle mvasive disease and a high tumor burden were more
likely to display prominent perturbations of size profile, copy number, and global
hypomethvlation. The enablement of a combination of these analyses from a single bisulfite
sequencing run may facilitate the detection of bladder cancer cases and also be able to
differentiate cases with more advanced disease. The ability of methylation deconvolution to
detect corresponding changes in bladder tumor and small intestines contribution also suggests
that this method can be extended for the detection of an increased contribution from cells that
release cfDNA with a distinct methylomic pattern for the detection of other urologic, renal, or

systemuc conditions.

[6211] We sequenced the ¢fDDNA from the urine, and also DNA extracted from the bladder
tumor {grade 3 urothelial carcinoma, T3) and found that the CNA and global 1 MB
hypomethylation observed in the urine are highly comparable with the changes 1n the bladder

tumor.

(62121 FIGS. 224 and 228 show Circos plots for the bladder cancer tumor (FIG. 22A) and ¢f
arine (FIG. 22B) for T22. The 1nner ring (e.g., ring 2202) represents methylation density, and the
outer ring {e.g., ring 2204} represents copy number changes. Hypomethylation and copy number
losses are colored red (e.g., dot 2206} and lie toward the center of the ring, while
hypermethylation and copy number gains are colored green {e.g., dot 2208) and lie away from
the center of the ring. Grey dots {e.g., dot 2210} represent no significant deviation from controls.
Comparing the circos plot of the bladder cancer tumor and the cf urine, there 1s global
hypomethylation in both. There are also numerous CNA in the bladder tumor and urine, and the
location of these aberrations are almost identical in both. As a result of the similartiies, of urine
aberrations may be used to detect a bladder tumor. FI{. 22B corresponds to the same sample

used for FIG. 20.
B. Hypermethylation elevated with bladder cancer

{6213} Detecting cancer by analyzing cfDNA for hypermethylation is not conventional, but we
found that hypermethylation could also be used to determine a classification of a level of cancer.
We identified 1,082,774 CpG sites that are consistently unmethylated (e.g., <2%) in normal

tissues {blood cells, kidney, urotheliuim) contributing to urinary cfDNA. Unmethylated may refer
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to sites that are methyvlated at less than 2%, 5%, or 10%. These sites are more commonly
methylated in tumors and therefore are hypermethylated compared to normal tissues. As
examples, hypermethylated sites can be methylated at more than 30%, 40%, 50%, 60%, 70%,
80%, or 90%. We calculated the overall methylation density in these Cp( sites in the urine

samples from bladder cancer cases and controls.

16214} FIG. 23A shows a boxplot of the overall hypermethylation density in bladder cancer
cases and in controls at these 1,082,774 CpG sites. Bladder cancer cases showed a higher overall
methylation density compared with controls. FIG. 23B shows an ROC curve for using

hypermethylation density to detect cancer. The AUC was 0.814.

C. CNA and hypomethylation in pre-op urine are absent in post-op urine

(62151 FIGS. 24A-24D shows the pre-op (FIGS. 24A and 24C) and post-op (FIGS. 24B and
24D ef urine of two bladder cancer patients undergoing radical cystectomy (122 and T23). The
nner ring {e.g., ring 2402) represents methylation density, and the outer ring {e.g., ring 2404)
represents copy number changes. Hypomethylation and copy number losses are colored red (e g,
dot 2406) and lie toward the center of the ring, while hypermethylation and copy number gains
are colored green (e.g., dot 2408) and hie away trom the center of the ring. Grey dots {e.g., dot
2410) represent no significant deviation from controls. CNA and hypomethylation associated
with bladder cancer are clearly observable in pre-op urine (FIGS. 24A and 24C) while ¢f urine in
post-op samples (FIGS. 24B and 24D) normalizes with copy number and methylation levels

comparable with cancer-free controls.

(62161 FIGS. 25A-25D show pre- and post-operative Circos plots of global methylation and
CNA for two patients. FIG. 25A and FIG. 258 are the pre- and post-operative circos plots for a
patient with 3cm TIHG disease. The post-operative Circos plots show clearance of the global
hypomethylation and CNAs seen 1n the pre-operative sample. Pathology confirmed clear margins
for the urothelial tumor, and the patient has not developed recurrence the post-operative sample

was obtained.

(62171 FIG 25C and FIG. 25D are the pre- and post-operative circos plots for a patient with

T3a HG disease. The post-operative circos plots shows the persistence of global
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hypomethyvlation and CNA. Pathology reports confirmed the presence of muscle invasive disease
with tumor present at the resection margin and the presence of residual disease. Thus,
genomewide bisulfite sequencing can be employed to look for the presence of residual disease
and can be used for the longitudinal monitoring for tumor derived c¢fDNA in patients undergoing

treatment for bladder cancer.

[6218] Analysis of methylation level and copy number aberrations may help evaluate the
success of a cancer treatment (including an operation). In addition, analysis may monitor the

Temission, progression, or severity of cancer.

D. CNA and hypomethylation can be detected in the cell-free urine and urine pellet

(62191 FIG 26 1s a Circos plot showing the methylation and copy number aberration in a
bladder cancer patient with noninvasive (Ta) papillary urothelial neoplasm with low malignant
potential (PUNLMP). The inner ring represents methylation density, and the outer ring
represents copy number changes. Hypomethylation and copy number losses are colored red and
lie toward the center of the ring, while hypermethylation and copy number gains are colored
green and lie away from the center of the ring. Grey dots represent no significant deviation from
controls. The data in the figure were obtained from sequencing the urine of the patient. A copy
number gain (section 2602) in chromosome 10 can be seen in this patient with very low grade
disease with low grade histology. Hence, low grade diseases or early cancers may be identified

using the copy number aberration.

(62261 Urimne samples can be separated into the cellular and cell-free portion by centrifugation,
with the cell free portion further undergoing filtering. Most urine samples have a small but
visible urime pellet, from which DNA can be extracted. The urine pellet may be the content at the
bottom of the tube after centrifugation at 3000 x g and may include cellular material. We
extracted DNA from a bladder cancer urine sample to perform whole genome bisulphite

sequencing,.

(62211 FIGS. 27A and 278 show the Circos plot for the ¢f urine (FIG. 27A) and the urine
pellet (F1G. 27B) from a bladder cancer patient {T23) obtained from the same urine void. The
inner ring {e.g., ing 2702} represents methylation density, and the outer ring {e.g., ring 2704}

represents copy number changes. Hypomethylation and copy number losses are colored red {(e.g.,
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dot 2706) and lie toward the center of the ning, while hypermethylation and copy number gains
are colored green (e.g., dot 2708} and lie away from the center of the ring. Grey dots (e g, dot
2710y represent no significant deviation from controls. When present and with substantial DNA
extracted, the urine pellet can be sequenced to show global hypomethylation and CNA that
reflects bladder cancer. The hypomethylation and location of CNA in the urine pellet is

comparable with the changes seen in the cf urine.

[6222] Urine pellet size varies between different samples. Some urine samples have no visible
urine pellet after centrifugation (1.e., low cellular content). In FIGS. 27A and 27B, the amplitude
of CNA and hypomethylation in urine pellet were higher compared to cell free DNA, which
suggests that the pellet based CNA may be more sensitive n certain instances. When the urine

pellet 1s present, the proportional contribution from tumor cells may be higher 1n some instances.

(62231 Urnine pellet analysis 1s normally analyzed by cyvtology. In embodiments, the urine
pellet may be sequenced. The urine pellet may be sequenced similar to the ¢fDNA. In some
mstances, the urine pellet DNA may be fragmented (e g, sonicated) to form DNA of smaller
sizes to be sequenced by the same or similar techniques as ¢fDNA. Thus, analysis of the urine
pellet may be used in the same or simular manner to detect 3 disease as with c¢f urine. Analysis of
the urine pellet may ncrease specificity and/or sensitivity when combined with analysis of ¢f

urine.

E. CNA and global hypomethylation can be detected in the urine but not the plasma

(6224} Intwo patients with bladder cancer with no evidence of metastasis, CNAs and

hypomethylation was detected in the ¢fDNA of urine, but not the ¢fDNA of plasma.

(62281 FIGS. 28A-28D show Circos plot for the of urine (FIGS. 28A and 28C) and the plasma
(FIGS. 288 and 28D) from two bladder cancer patients (T22 and T23). The inner ring represents
methylation density, and the outer ring represents copy number changes. Hypomethylation and
copy number losses are colored red and lie toward the center of the ring, while hypermethylation
and copy number gains are colored green and lie away from the center of the ring. Grey dots
represent no significant deviation from controls. Urine and plasma samples were obtained at the
same time. These figures show that detecting bladder cancer based on methylation level or copy

number would be easier in ¢fDNA of urine compared to n ¢fDNA of plasma because
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methylation level and copy number aberrations do not show up or do not show up clearly in the

plasma.

[6226] FIGS. 29A and 298 show the percentage of 1MB bins across the genome that show
evidence of CNAs or hypomethylation for the two bladder cancer cases, T22 and T23. For T23,
there s evidence of CNAs in the plasma, for example at chromosome 5p. This copy number gain
also visible in the cfDNA of urine, but other CNAs and the global hypomethylation 1s muc

more apparent in urine compared with plasma. T23 completed a course of nec-adjuvant
chemotherapy but subsequently developed brain metastasis, ~6 months after radical cystectomy.
These graphs also show that detecting bladder cancer based on methylation level or copy number
would be easier in ¢fDNA of urine compared to m ¢fDNA of plasma because more bins show

CNA or hypomethylation in urine than plasma.

. Method of identifying cancer in a particular organ

(82271 FIG 30 15 a flowchart illustrating a method of identifying cancer i a first organ of a
subject by analyzing a first sample and a blood sample of the subject according to embodiments
of the present invention. The first sample s from a first organ or passes through the first organ as
the first sample exits the organism and s different from the blood sample. The first sample and
the blood sample both include DNA originating from normal cells and potentially from cells
associated with cancer. At least some of the DNA is cell-free in both the first sample and the

blood sample. Examples of the first sample are urine, saliva, or stool.

[6228] At block 3010, a plurality of DNA molecules from the biclogical sample are analyzed.
The analysis of a BNA molecule can include identifying a location of the DNA molecule na
genome of the organtsm and optionally {e.g., when a methylation analysis 1s performed)
determuning whether the BDNA molecule 1s methylated at one or more sites. The methylation
status can include whether a particular cytosine residue 15 S-methyleytosine or 5-

hydroxymethyleytosine.

(62291 The analysis can be performed by receiving sequence reads from a methylation-aware
sequencing, and thus the analysis can be performed just on data previously obtained from the
DNA. In other embodiments, the analysis can mclude the actual sequencing or other active steps

of obtaining the data. The sequence reads can be obtained from various sequencing techniques,
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PCR-techniques, arrays, and other suitable techniques for identifying sequences of fragments.

The methylation status of sttes of the sequence read can be obtained as described herein.

[6236] One example of methylation-aware sequencing includes treating DNA with sodium
bisulfite and then performing DNA sequencing. In another example, the methylation-aware
sequencing can be performed without using sodium bisulfite, using a single molecule sequencing
platform that would allow the methylation status of DNA molecules (including N6-
methyladenine, 5-methylcytosine and 5-hydroxymethylcytosine) to be elucidated directly
without bisulfite conversion {AB Flusberg et al. 2010 Nat Methods; 7: 461-465; J Shim et al.
2013 Sci Rep; 3:1389. dow: 10.1038/srep01389); or through the immunoprecipitation of
methylated cytosine {e.g. by using an antibody against methvlcytosine or by using a methylated
DNA binding protein or peptide (LG Acevedo et al. 2011 Epigenomucs; 3: 93-101) followed by
sequencing; or through the use of methylation-sensitive restriction enzymes followed by
sequencing. In another embodiment, non-sequencing techniques are used, such as arrays, digital

PCR and mass spectrometry.

(62311 Blocks 3020-3050 are repeated for each chromosomal region of a plurality of
chromosomal regions of the subject. The plurality of chromosomal regions can be
non-overlapping. The genome could be separated into regions that are one megabase {Mb) in
length, or other segment lengths such as 500 Kb or 2 Mb. A region can be I Mb in size, or some
other equal-size. The entire genome can then mclude about 3,000 regions, each of which may be
of predetermined size and location. Also, as mentioned above, such predetermined regions can
vary to accommodate a length of a particular chromosome or a specified number of regions to be
used, and any other criteria mentioned heremn. If regions have different lengths, such lengths can

be used to normalize results, e.g., as described herein.

(62321 At block 3020, a classification of whether the chromosomal region exhibits an
aberration of a copy number aberration or hypomethylation is determined for each of the first
sample and the blood sample. Block 3020 may be implemented by performing blocks 3036-3050.
Further details about detection of copy number aberration or hypomethylation can be found in
U.S. Patent Nos. 8,741,811 and 9,121,069, and PCT publication W(2014/043763, which is

incorporated by reference in its entirety.
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(62331 At block 3030, a respective group of BDNA molecules from the respective sample 1s
wdentified as being from the chromosomal region based on the identified locations. The
respective group including at least one DNA molecule located at each of a plurality of loci of the
chromosomal region. In one embodiment, the group can be fragments that align to a particular
haplotype of the chromosomal region, e.g., as described in U.S. Patent No. 9,121,069, which is
incorporated by reference in tts entirety. In another embodiment, the group can be of any
fragment that aligns to the chromosomal region, e.g., as also described in U S, Patent No.

9,121,069,

[6234] At block 3040, a computer system calculates a respective value of the respective group
of DNA molecules. The respective value defines a property of the DNA molecules of the
respective group. The property can be a methylation level, an amount of DNA molecules of the
first respective group, or a statistical value of a size profile of the DNA molecules of the first
respective group. As an example of an amount, the respective value can also be a normalized
value, e.g., a tag count of the region divided the total number of tag counts for the sample or the
number of tag counts for a reference region. The respective value can also be a difference or ratio
from another value (e.g., for another haplotype), thereby providing the property of a difference

for the region.

[6235] At block 3050, the respective value 1s compared to a reference value to determine a
classification of whether the first chromosomal region exhibits an aberration, ¢.g., a copy number
aberration of a deletion or an amplification, a methylation aberration of hypomethylation or
hypermethylation, or a mismatch, This reference value can be any threshold or reference value
described heremn. For example, the reference value could be a threshold value determined for
normal samples. When a difference between haplotypes 1s used, the respective value could be the
difference or ratio of tag counts for the two haplotypes, and the reference value can be a
threshold for determining that a statistically significant deviation exists. As another example, the
reference value could be the tag count or size value for another haplotype or region, and the
comparison can include taking a difference or ratio {or function of such) and then determining f

the difference or ratio 1s greater than a threshold value.

(62361 The reference value can vary based on the results of other regions. For example, if

neighboring regions also show a deviation (although small compared to one threshold, e g, a z-
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score of 3), then a lower threshold can be used. For example, if three consecutive regions are ali
above a first threshold, then cancer may be more hikely. Thus, this first threshold may be lower

than another threshold that 1s required to identify cancer from non-consecutive regions. Having
three regions {or more than three) having even a small deviation can have a low enough

probability of a chance effect that the sensitivity and specificity can be preserved.

(62377 Atblock 3060, a first level of cancer i1s determined based on whether the first amount
of chromosomal regions classified as exhibiting an aberration for the first sample 1s above a first
threshold. As examples, a classification corresponding to the first level of cancer can be whether
the organism has cancer, a stage of the cancer, and a prognosis of the cancer. In one embodiment,
all aberrant regions are counted and a single threshold value is used regardless of where the
regions appear. In another embodiment, a threshold value can vary based on the locations and
size of the regions that are counted. For example, the amount of regions on a particular
chromosome or arm of a chromosome may be compared to a threshold for that particular
chromosome {or arm). Multiple thresholds may be used. For instance, the amount of aberrant
regions on a particular chromosome (or arm} must be greater than a first threshold value, and the

total amount of aberrant regions in the genome must be greater than a second threshold value.

(32381 At block 3070, a second level of cancer ts determined based on whether a second
amount of chromosomal regions classified as exhibiting an aberration for the blood sample 13

above a second threshold. Block 3070 may be performed 1n a sinular manner as block 3060,

[6239] At block 3080, 1t 13 determined that the subject has cancer of the first organ when the
first level of cancer indicates that the subject has cancer and the second level of cancer indicates
that the subject does not have cancer. Such a scenario 13 exemplified in FIGS. 28A-28D.
Accordingly, whole genome bisulphite sequencing is also able to identify global
hypomethviation and copy number aberrations (CNA} in the cell-free urine and urine pellet of
arothelial cancer patients. These changes correspond to those seen in the bladder tumor, and are

not detectable in the systemic circulation.

(82467 After the determination of cancer, a treatment plan may be devised. The cancer may be
treated by chemotherapy, drugs, diet, therapy, and/or surgery. In some cases the cancer may be

treated earlier than without methods descried herein because the existence of the cancer may be
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detected earlier. The risk of complications, including death, may be reduced as a result of the

detection methods.

G. Determining a level of cancer for CNA

(82411 The threshold value for the amount of regions in blocks 3060 and 3070 can depend on
how strong the imbalance 1s for the regions counted. For example, the amount of regions that are
used as the threshold for determining a classification of cancer can depend on the specificity and
sensitivity (aberrant threshold} used to detect an aberration in each region. For example, if the
aberrant threshold is low (e.g. z-score of 2}, then the amount threshold may be selected to be
high (e.g., 150). But, if the aberrant threshold 1s high {e.g., a z-score of 3}, then the amount
threshold may be lower (e.g., 50} The amount of regions showing an aberration can also be a
weighted value, e g., one region that shows a high imbalance can be weighted higher than a
region that just shows a little imbalance (1.e. there are more classifications than just positive and

negative for the aberration).

162421 Accordingly, the amount (which may include number and/or size) of chromosomal
regions showing significant over- or under-representation of a normalized tag count {or other
respective value for the property of the group) can be used for reflecting the severity of disease.
The amount of chromosomal regions with an aberrant normalized tag count can be deternmined
by two factors, namely the number (or size) of chromosomal aberrations in the tumor tissues and
the fractional concentration of tumor-derived DNA 10 the biclogical sample {e.g. plasma}. More
advanced cancers tend to exhibit more (and larger) chromosomal aberrations. Hence, more
cancer-associated chromosomal aberrations would potentially be detectable 1 the sample (e.g.
plasma). In patients with more advanced cancer, the higher tumor load would lead to a higher
fractional concentration of tumor-derived DNA 10 the plasma. As a result, the tumor-associated

chromosomal aberrations would be more easily detected in the plasma sample.

(82431 In the context of cancer screening or detection, the amount of chromosomal regions
exhibiting over- or under-representation of normalized tag count (or other value) can be used to
determine the possibility of the tested subject of having cancer. Using a cutoff of :2(1.e. z-
score>2 or <-2}, approximately 5% of the tested regions would be expected to give a z-score

significantly deviating from the mean of the control subjects due to chance alone. When the
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whole genome is divided into 1 Mb segments, there would be approximately 3,000 segments for
the whole genome. Thus, approximately 150 segments would be expected to have a z-score of >2

or <-2.

[6244] Thus, a cutoff (threshold) value of 150 for the number of segments with z-score >2 or
<-2 can be used to determine if a cancer is present. Other cutoff values for the number of
segments with aberration z-score {e.g., 100, 125, 175, 200, 250, and 300) can be chosen to fit the
diagnostic purpose. A lower cutoff value, e.g. 100, would result in a more sensitive test but lower
specificity and a higher cutoff value would be more specific but less sensitive. The number of
false-positive classifications can be reduced by increasing the cutott values of the z-score. For
example, if the cutoff value 1s increased to 3, then only 0.3% of the segments would be falsely
positive. In this situation, more than 3 segments with aberrant z-score can be used to indicate the
presence of cancer. Other cutoff values can also be chosen, eg. 1, 2,4, 5, 10, 20, and 30, to fit
different diagnostic purposes. However, the sensitivity of detecting the cancer-associated
chromosomal aberrations would decrease with increasing the number of aberrant segments

requared for makmg a diagnosis.

(62451 One possible approach for improving the sensitivity without sacrificing the specificity
is to take into account the result of the adjacent chromosomal segment. In one embodiment, the
cutoff for the z-score remains to be >2 and <-2. However, a chromosomal region would be
classified as potentially aberrant only when two consecutive segments would show the same type
of aberrations, e.g. both segments have a z-score of >2. If the deviation of normalized tag count
is a random error, the probability of having two consecutive segments being falsely positive in
the same direction would be 0.125% (5% x 5% /2). On the other hand, if a chromosomal
aberration encompasses two consecutive segments, the lower cutoff value would make the
detection of the over- or under-representation of the segments in the plasma sample more
sensitive. As the deviation of the normalized tag count (or other value) from the mean of the
control subjects is not due to random error, the consecutive classification requirement would not
have significant adverse effect on the sensitivity. In other embodiments, the z-score of
neighboring segments can be added together using a higher cutoff value. For example, the z-
scores of three consecutive segments can be summed and a cutoff value of S can be used. This

concept can be extended to more than three consecutive segments.
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[6246] The combination of amount and aberrant thresholds can also depend on the purpose of
the analysis, and any prior knowledge of the organism {or lack thereof). For example, if
screening a normal healthy population for cancer, then one would typically use high specificity,
potentially in both the amount of regions (i.e. high threshold for the number of regions} and an
aberrant threshold for when a region 1s identified as having an aberration. But, in a patient with
higher risk (e.g. a patient complamning of a lump or famuly history, smoker, HPV virus, hepatitis
virus, or other viruses) then the thresholds could be lower in order to have more sensitivity (less

false negatives).

(42477 Inone embodiment, if one uses a 1-Mb resolution and a lower detection limit of 6.3%
of tumor-derived DNA for detecting a chromosomal aberration, the number of molecules in each
I-Mb segment would need to be 60,000, This would be translated to approximately 180 mullion

(60,000 reads/Mb x 3,000 Mb) alignable reads for the whole genome.

. Determining a level of cancer for methylation

[6248] For methylation, aspects can be the same as for CNA. To one embodiment, a

methylation level for all regions can be determined and compared to a threshold value.

[624%] In some embodiments, the first methylation level can correspond to a number of
regions whose methylation levels exceed the reference value. For example, a plurality of regions
of a genome of the organism can be identified. The regions can be identified using criteria
mentioned herein, e.g., of certain lengths or certain number of sites. One or more sites {e.g., CpG
sites) can be identified within each of the regions. A region methylation level can be calculated
for each region. The first methylation level 1s for a first region. Each of the region methylation
levels 13 compared to a respective region cutoff value, which may be the same or vary among
regions. The region cutoff value for the first region is the first cutoff value. The respective region
cutoff values can be a specified amount {e.g., 0.5) from a reference methylation level, thereby
counting only regions that have a significant difference from a reference, which may be
deternmined from non-cancer subjects.

(82581 A first number of regions whose region methylation level exceeds the respective region
cutoff value can be determined, and compared to a threshold value to determine the classification.

In one implementation, the threshold value 1s a percentage. Comparing the first number to a
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threshold value can include dividing the first number of regions by a second number of regions
(e.g., all of the regions) before comparing to the threshold value, e g, as part of a normalization

Process.

(6251} As described above, a fractional concentration of tumor DNA 1n the biological sample
can be used to calculate the first cutoff value. The fractional concentration can simply be
estimated to be greater than a minimum value, whereas a sample with a fractional concentration
lower than the minimum value can be flagged, e ¢, as not being suitable for analysis. The
minimum value can be determined based on an expected difference in methylation levels for a
tumor relative to a reference methylation level. For example, if a difference 15 0.5 (e g., as used
as a cutoft value), then a certain tumor concentration would be required to be high enough 1o see
this difference.

V. COMBINATION OF CNA, GLOBAL METHYLATION, AND TUMOR
CONTRIBUTION

(62521 Genomewide bisulfite sequencing allows the simultaneous assessment of global
methylation status, copy number aberrations {CNA), and bladder tumor contribution by
methylation deconvolution. We assessed the ability for these analytical methods to detect bladder
cancer in 46 bladder cancer patients and 39 controls. We established the upper linut of normal
based on the mean value of controls, plus three standard deviations. No controls tested positive

using these criteria, giving a specificity of 100%.
A. Sensitivity and specificity results for parameter combinations

(82531 FIG 31A-31C show the boxplots for the percentage of Tmb bins with hypomethylation,
percentage of 1 mb bins with copy number aberrations and bladder tumor contribution from
methylation deconvolution, respectively for 46 bladder cancer patients and 39 controls. FIG.
31D-31F show the corresponding ROC curve for hypomethvlation, where FIG. 31D shows the
ROC curve corresponding to FIG. 31 A, FIG 31E shows the ROC curve corresponding to FIG.
318, and FIG. 31F shows the ROC curve corresponding to FIG. 31C. Bladder tumor contribution
was derived using tissue-specific methylation signatures and also non-tissue-specific methylation

signatures that varied across different tissues.
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(6254} The proportion of 1 mb bins with hypomethylation (FIG. 31A), CNA (FIG. 31B), and
the bladder tumor contribution (FIG. 31C) was significantly higher in bladder cancer cases
compared with controls (Mann Whitney U test P<0.001). Using the mean plus three standard

deviations of the controls as the upper limit of normal, no controls tested positive. Using the

(]

same cutofls, 43 of 46 bladder cancer cases could be identified with at least one of the three

parameters.

[6255] Using the percentage of 1 mb bins with significant hypomethylation, we were able to
detect of bladder cancer with a sensttivity of 71.7% (ROC AUC=0.93) (FIG. 31D). Using
percentage of I mb bins with signuficant CNA, we were able to detect bladder cancer with a 63.0%
10 (ROC AUC=0.90) (FIG. 31E). Using the bladder turmor contribution from methylation
deconvolution, we were able to detect bladder cancer with a sensitivity of 78.3% (ROC
AUC=0.93) (FIG. 31F). The three parameters may be combined by considering cancer detected

it any one of the three parameters indicates cancer. By combining all three parameters, the
sensitivity was increased to 93 4% for bladder cancer cases testing positive for at least one of the
15 three parameters. The specificity was 100%. By combinung all three parameters, all 29 cases with

high grade or invasive disease {T1 or above) could be detected.

[8256] The parameters may be combined by considering cancer detected if any combination of
the parameters mndicates cancer. [n some embodiments, a minimum number of parameters may
be required for the detection of cancer. For example, two, three, or more parameters may be

20 required. Some embodiments may require a certain parameter {e.g., CNA, hypomethylation, or
deconvolution) to indicate cancer i order for cancer to be detected. Table 6 shows detection

results when combining parameters:

Hype- CNA | Deconvolution Hypo- Hype- CNA OR Deconvelution Hypoemethylation OR
methlation methylation methylation OR CNA OR Deconvelution
OR CNA Deconvolution
Detected EN 31 37 38 42 39 43
Missed il 13 9 8 4 7 3
Sensttivity 0.74 0.63 0.80 0.80 051 0.85 0.93

Table 6. Sensitivity results using different combinations of parameters.

(6257} These results can be compared with urine cytology, the current standard of care. Forty-

two of the 46 bladder cancer patients had one to three urine samples sent for urine cviology

<

within the six months before urologic surgery as part of routine care. Only four of the 42 bladder
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cancer patients {9.5%) had positive urine cytology. The four cases with positive urine cytology
had mvasive (12b-4) high grade disease. Urnine cytology was less accurate in detecting bladder

cancer than using hypomethylation, CNA, and/or bladder tumor contribution.

[6258] As an example, we sequenced 17 bladder cancer cases with noninvasive low grade

disease {Ta LG). We assessed the ability for analytical methods to detect low grade disease.

(62591 FIGS. 324, 32B, and 32C show the boxplots for the percentage of 1 mb bins with
hypomethylation, percentage of | mb bins with copy number aberrations, and bladder tumor
contribution from methylation deconvolution, respectively for 17 bladder cancer patients with
noninvasive {Ta) low grade disease, and 39 controls. FIG. 32D shows the corresponding ROC
curve for F1G. 32A. FIG. 32FE shows the corresponding ROC curve for FIG. 32B. FIG. 32F
shows the corresponding ROC curve for FIG. 32C. Using at least one of the three parameters, 14

of the 17 patients with noninvasive low grade disease could be identified.

(82661 Using the percentage of 1 mb bins with significant hypomethylation, we were able to
detect of bladder cancer with a sensitivity of 41.1% (ROC AUC=0.89) (FIG. 32D). Using
percentage of I mb bins with significant CNA, we were able to detect bladder cancer witha 17.6%
(ROC AUC=0.78) (FIG. 32E). Using the bladder turmor contribution from methylation
deconvolution, we were able to detect bladder cancer with a sensitivity of 47.0% (ROC
AUC=0.81) (FIG. 32F). By combining all three parameters, the sensitivity was increased to 82.4%
for bladder cancer cases testing positive for at least one of the three parameters. The specificity

was 100%.

(82611 More than three parameters may also be used. Table 7 shows the sensitivity and
specificity of up to five parameters: hypomethylation, CNA, deconvolution, hypermethylation,
mutational load using 1 nusmatch using different cutoffs and in combination. The cutoffs
demonstrated are the mean of controls plus 3 standard deviations (SD) and the mean of controls
plus 2 8D The parameters can be combined using “OR’ (test positive if posttive in at least one of

the parameters} or using ‘ANDY (test positive if positive in all 5 parameters).

1o . 1 mismnatch . 5
Hypo- N Hyper- . 5 paramerers 3 parameters
Yot CNA Deconvolution mutational e it At
methylation ; using 'OR’ using 'ANI
load -
Mean + 38D - . i xas p
S::r'si‘iviw 76.1% 67.4% 80.4% 15.6% 17.4% 95.7% 4.3%
h PASIL 1
Mean + 38 . . .
Rgz;‘f;f C’E}D 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
b CINICITY
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Mean + 28D . P— X JUp PO - o s
“::i‘s"iwit 80.4% 71.7% 84.8% 37.0% 34.8% 95.7% 13.0%
Sensiivity
Mean + 2 , 0y . o 1o .
Rép?-‘féiD 54.5% 54.9% $2.3% 92.3% 92.3% 82.1% 100.0%
Specificity

Table 7. Sensitivity results using different combinations of five parameters.

[6262] Using the mean of the controls plus 2 8D as a cutoff and combining the five parameters
using ‘OR,’ a sensitivity of 95.7% and specificity of 82.1% can be achieved. Alternatively, using
a logistic regression model, a sensitivity of 91.3% and a specificity of §9.7% can be achieved,

based on the leave one out analysis.

(62631 A leave one out analysis can be used to test the performance of the logistic regression
model. In such an analvysis, one sample is used as the testing sample. All other samples are used
as a training set to fit the logistic regression model, thereby obtaining the parameters (e .g.,
coefficients and threshold) of the model. A second sample s then used as the testing sample and
all other samples are used as the training set to determine the coefficients. This procedure 1s then

repeated for each sample in turn.

[8264] Insome embodiments, using logistic regression based on a probability of 0.5 as the
cutoff for having cancer, the probability of having a cancer= 1- 1/{(1+exp[~(-0.4413124 ¥
Hypomethylation - 0.68652846 * UNA - 0.44981374 * Tumor fractional contribution +
1.02332221 * hypermethylation+0.0771 1755 nismatch loading + 1.35436873)]).

(82651 By adjusting the cutoff to the mean plus 3 SD, a sensitivity of 95.7% and specificity of
100% can be achieved. In other embodiments, other classification algorithms can be used, for
example, but not hmited to deciston tree, supporter vector machine, naive Bayes classifier, K-
nearest neighbor, random forest tree and all other machine learning algorithms. Thus, analytical

methods described herem may be used to detect low grade disease.

B. Method of analvzing urine sample using CNA, global methviation, and tumor
4 8 J £ )

contribution

(62661 FIG. 33 shows a method 3300 of analyzing a urine sample of an organism. The
organism may be any organism described herein. The urine sample may include DNA
originating from normal cells and potentially from cells associated with cancer. At least some of

the DNA may be cell-free in the urine sample.
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(62677 At block 3319, a plurality of DNA molecules from the urine sample are analyzed.
Analyzing the DNA molecule may include identifying a location of the DNA molecule n a

genome of the organism. Identifying the location may be by a computer system.

[6268] At block 3320, a classification of whether the chromosomal region exhibits an
aberration of at least one of a copy number aberration or a methylation aberration for each
chromosomal region of a plurality of chromosomal regions of the organism is determined. The
methylation aberration may be hypomethylation or hypermethylation. In some embodiments, the
aberration may include only one of hypomethylation or hypermethylation. For example, the
aberration may be at least one of a copy number aberration or hypomethylation. In some
embodiments, a classification 1s determined of whether the chromosomal region exhibits an

aberration of a mismaich.

(62691 At block 3330, the classification may be determined by identifving a group of DNA
molecules from the urine sample as being from the chromosomal region based on the wdentified
locations. The group may include at least one DNA molecule located at each of a plurality of loci

of the chromosomal region.

[6276] At block 3340, the classification may also be deternined by calculating, with a
computer system, a value of the group of DNA molecules. The respective value may define a
property of the DNA molecules of the respective group. The property may be at least one of a
copy number or a methylation level. Optionally, the property may be a mismatch mutational load,

as described heremn

(82711 At block 3350, the classification may further be determined by comparing the value to
a reference value. The reference value may determine a cutoff between a normal value from an
aberration. The reference value may be based on a z-score of 3. For example, the reference value
may be a value of copy number beyond which would be considered a copy number aberration. In
some examples, the reference value may be a value of methylation level beyond which the region
would be considered hypermethylated or hypomethylated.

(82721 Atblock 3360, a first level of cancer may be determined based on whether a first
amount of chromosomal regions classified as exhibiting a copy number aberration for the urine

sample 1s above a first threshold. The first threshold may divide organisms known to have cancer
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from organisms that may or mav not have cancer. In other embodiments, the first threshold may
& Y 3 ) y

divide organisms known not to have cancer from organisms that may or may not have cancer.

[6273] At block 3370, a second level of cancer may be determined based on whether a second
amount of chromosomal regions classified as exhibiting hypomethylation or hypermethylation
for the urine sample 1s above a second threshold. The second threshold may be similar to the first

threshold, except the second threshold may apply to methylation level instead of a copy number.

[6274] At block 3380, a third level of cancer may be determined based on whether a fractional
contribution of tumor tissue is above a third threshold. Method 3300 may further include
determining the fractional contribution of the tumor tissue. In various embodiments, the
fractional contribution may be determined by using tumor-specific somatic mutations, tumor-
specific methylation signature, tumor-specific fragment end patterns, or fragment size analysis
{e.g.,, tumor DNA 1s statistically longer than non-tumor DNA). Further details on determining
fractional contribution using tumor-specific somatic mutations 1s described 1n U S Patent
Publication No. 2014/0100121. Further details on using a tumor-specific methylation signature is
described in U S, Patent Publication No. 2014/00807135 and 2016/0017319 and PCT Patent
Publication No. W0O2014/043763. Further details on using tumor-specific fragment end patterns
1s described i U.S. Patent Publication No. 2017/0024513. Further details on using fragment size
analysis 1s described in UK. Patent Publication No. 2016/0201142. The contents of all of these
patent applications are mcorporated herein by reference for all purposes. The fractional
contribution of tumor tissue may also be determined by a deconvolution method described herem.
The third threshold may be similar to etther the first threshold or the second threshold, except the

third threshold may apply to fractional contribution instead of copy number or methylation level.

(62751 Additional thresholds may be additional levels of cancer. For example, a level of cancer
may be determined based on whether an amount of chromosomal regions classified as exhibiting

a mismaich is above a threshold.

(62761 At block 3390, the organism may be determined to have cancer when at least one of the
first level of cancer, the second level of cancer, or the third level of cancer indicates that the
organism has cancer. The organism may be determined to have cancer when at least two of the
levels or three of the levels indicate the organism has cancer. Additional levels of cancer may be

used. The organism may be determined to have cancer when at least one of the levels indicates
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the organism has cancer. In some embodiments, the organism may be determined to have cancer
when all the levels indicate the organism has cancer. In other embodiments, the organism may be
determined to have cancer when over 50%, 60%, 70%, 80%, or 90% of the levels indicate the
organism has cancer.
(62771 Method 3300 may include treating the organism in any manner described herein.
Vi, ESTIMATING TUMOR LOAD USING MISMATCHES AND SHALLOW DEPTH
SEQUENCING
[8278] We utilized the proportion of reads with one mismatch to estimate the tumor load using
shallow depth sequencing. This can be used to differentiate bladder cancer cases from normal
controls. Urothelial carcinomas are characterized by the accumulation of somatic mutations.
Bladder cancers may have a high rate of somatic mutation {about 8 mutations per megabase)
(Glaser et al., Nat. Rev. Urol,, 2017). Urinary cfDNA origmating from the bladder tumor in
bladder cancer patient may have an increased proportion of fragments that show mismatch
compared to the reference genome. Mismatches compared with the reference genome can arise
due to germine varation, somatic mutation, or sequencing error. Genomewide bisulfite
sequencing at less than 1 X coverage of the human genome 1s insutficient to accurately wdentify
somatic mutations, though the number of reads with mismatches compared to the reference
genome can be assessed. Urninary ¢fDNA from bladder cancer cases and controls will harbor
common germline vanation, which can be detected as nusmatches to the reference genome. On
top of this, the higher mcidence of somatic mutations in bladder cancer cases can contribute to a

larger proportion of reads with a single mismatch compared with the human reference genome.

(62791 FIG. 34A 15 a boxplot for the percentage of reads with one mismatch in 49 bladder
cancer cases and 39 controls. The boxplot shows that bladder cancer cases have a higher
percentage of reads with one mismatch compared with controls (Mann Whitney U test P<0.001),
FIG. 348 shows the ROC curve has an AUC of 0.79. Proportion of reads with a mismatch may

be used to detect bladder cancer.

(82881 FIG 35 shows a method 3500 of analyzing a biological sample of an orgamism. The
biological sample may include DNA ongmating from normal cells and potentially from cells
associated with cancer. At least some of the DNA may be cell-free in the biological sample. The

biological sample may be a urine sample.
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(62811 At block 3510, a plurality of sequence reads corresponding to DNA molecules of the
biological sample are received. The sequence reads may be from genomewide bisulfite
sequencing. The sequence reads may be at a depth coverage below 1X, from 1X to 2X, from 2X
to 3X, from 3X to 5X, or from SX to 10X The plurality of sequence reads may be less than 80
million uniquely mappable reads, including less than 50 nullion uniquely mappable reads, less
than 40 million uniquely mappable reads, less than 30 million uniquely mappable reads, or less

than 20 mitlion uniquely mappable reads.

[6282] At block 3520, a genomic position for the sequence reads is determined, e.g., as
described herem. For instance, the genomic position can be determined using a computer based
on a reference genome. The reference genome may be a reference genome for a population ora
representative corresponding to the organism {e.g., a human). In another embodiment, the
reference genome may be specific to the subject by including the germline (constitutional)

genome for the orgamism.

(62831 At block 3530, the sequence reads are compared to a reference genome to determine a
sequence reads that have one mismatch with the reference genome. As examples, the mismatch
may be the result of a somatic mutation, a sequencing error, or a natural mismatch (e.g., a
polymorphism resulting from a difference in the germline genome of the subject and a reference
genome}. Multiple mismatches per sequence read may be used, but the performance may be
worse than using only one mismatch. Each DNA molecule 1s generally less than 100 bp and the

probability of observing two or more true somatic mutations in a short stretch of DNA 15 low.

(82847 At block 3540, a parameter ts deternmuned based on a count of the sequence reads
having one mismatch with the reference genome. In some embodiments, the count of sequence
reads may be of sequence reads with no more than one mismaich. In other embodiments, the
count of sequence reads may include sequence reads with one or more mismatches, e.g., two,
three, or more mismatches. The parameter may be a normalized count of the sequence reads
having one mismatch. For example, the parameter may be a density, concentration, or percentage
of sequence reads having one musmatch. In some instances, the parameter may equal count of

sequence reads having one mismatch,

(82851 At block 3550, the parameter 18 compared to a threshold value. The threshold value

may be determined using data on mismatches for a healthy organism and/or data on mismatches
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for an organism with cancer. For example, the threshold value may be set at 1, 2, or 3 standard

deviations above an average parameter for a population of healthy organisms.

[6286] At block 3560, a classification of a level of cancer is determined using the comparison
of the parameter to the threshold value. If the parameter is above the threshold value, the
classification of a level of cancer may be that the organism has cancer. Additional classification
can be used, as described herein. For example, other classifications of a level of cancer may use a
copy number aberration, hypomethylation, hypermethylation, or tumor contribution, which may
be determined according to methods described herein. For example, detecting cancer may

include a parameter other than one based on mismatches.

(62871 Method 3500 may exclude determining whether the mismatch is a sequence error. By
not determining the reason for the mismatch, determining the classification of a level of cancer

may be more efficient without a substantial decrease in accuracy.
[6288] Method 3500 may include treating cancer by any technique described herein.

Vil. URINE METAGENOMIC ANALYSIS CANIDENTIFY BLADDER CANCER
CASES AND CONTROLS
[6289] Studies of urinary microbiota have proposed that microorganisms in the urinary tract
are associated with urologic diseases besides urinary tract infections. We conducted
metagenomic analysis of sequenced cfDNA reads that were not mapped to the human genome.
Unmapped reads were mapped to a reference of 1M marker genes present in pathogens.
Pathogens may include ~13,500 bactenial and archaeal genomes and ~3,500 viral genomes and
may be mapped using BSMap. An average of 25,000 reads could be mapped to the marker gene
reference, per sample. Metaphlan2 was used to identify the proportional contribution from

different microorganisms in an abundance species table.

[62%61 FIG. 36 shows a heat map displaying the relative abundance of different microorganism
species for three bladder cancer cases and five controls. Relative abundance can be defined as
reads mapped to a particular species / total number of reads mapped to the metagenomic
database divided by size of a particular microbe x 19 (RPKM]}. The three bladder cancer cases
were T188, T179, and TBR1375. The five controls were TBRS532, T159, 156, T59, and T29.

Each vertical ling represents a single species. The color represents the log percentage abundance
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for each species such that red {e.g., section 3602} represents high, and blue (e.g., section 3604)
represents low proportional contribution. FIG. 36 shows that bladder cancer cases and controls
could be separated. Species that were more abundant in bladder cancer cases than in controls
include: Halonotius, Thermococcus, Nitrosopumilus and Actinomyces. Species that were more
abundant in control than in bladder cancer cases include: Brevibacterium and Nocardioides. Asa

result, cfDNA reads that do not map to the human genome may be used to detect bladder cancer.

[6291] The top microbes showing differential relative abundance in bladder cancer cases
compared with controls include the following bacteria: Granulicella, Actinobaculum schaali,
Mycobacterium tuberculosis/bovis/africanum/canetti, actinobacterium, Humatobacter coceineus,
Candidatus Koribacter, Mobiluncus curtisi, Acidimucrobium ferrooxidans, Candidatus
Chloracidobacterium thermophilum, Candidatus Korarchaeum cryptofilum, Methanobacterium,

Salinispora pacifica, Methanocella conradii, Brevibacterium, and Mycobacterium.

(62821 The top nucrobes also include the following archaea: Methanoculleus,
Methanocaldococcus, Methanolinea tarda, Thermoplasia volcanium, Methanosphaerula
palustris, Sulfolobus acidocaldarius, Methanosphaera stadtmanae, Methanoplanus petrolearius,

Methanocella arvoryzae, Methanofollis liminatans, and Methanococcus aeolicus.

(62831 FIG. 37 shows a method 3700 of analyzing a urine sample of a human. The urine
sample may include DNA onginating from normal cells and potentially from cells associated

with cancer. At least some of the DNA may be cell-free in the urine sample.

(62941 At block 3710, a plurality of sequence reads corresponding to DNA molecules of the
urine sample is obtained. Block 3710 can be performed in a similar manner as other sample

measurement steps described herem.

(82851 At block 3720, for each sequence read of the plurality of sequence reads, the sequence
read may be aligned to a human reference genome by a computer system. When the sequence
read aligns to the human reference genome, the sequence read 15 classified as a human read. The
sequence read may be considered aligned when there are less than or equal to two mismatches
per read. In some mnstances, a higher number of mismatches may be allowed. The human
reference genome may be from the same ethnic or racial group {(e.g., east Asian, European) of the

human that provided the urine sample. The reference genome may be from a public database
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{e.g., NCBI or UCSC). The reference genome may also be a de novo assembly for the human
from which the urine sample was obtained. In other words, a personal reference genome when

the human is known to be free of cancer may be used.

[6296] At block 3730, for each sequence read of the plurality of sequence reads, the sequence
read may be aligned, by the computer system, to a first pathogen reference genome that
corresponds to a species or a genus of a first pathogen. When the sequence read aligns to the first
pathogen reference genome, the sequence read s classified as a first pathogen read. A plurality
of pathogen reference genomes may be tested, including bacterial, viral, and archaeal reference
genomes. The specific pathogen reference genome to use can depend oun a prevalence of a
particular species or genus, and whether different species indicate different classifications of
bladder cancer. For example, if the species all indicate bladder cancer and the prevalence s
relatively low, then a genus reference can be constructed from homologous parts of the genomes

from the species of the genus.

(62971 Method 3700 may include classifving a sequence read as corresponding to two or more
different types of pathogen reads. For example, a sequence read can align to a first bactenial
reference genome and can also align to a second bacterial reference genome. Such alignment to
more than one pathogen reference genome can result from a gene being homologous among
different pathogens. The alignment and classification may be for different types of bacterial,
archaeal, or viral reference genomes. In various embodiments, 1f the sequence read aligns to
multiple pathogens, then the pathogen with the best alignment may be selected. If the sequence
read aligns equally to multiple pathogens, then the sequence read may be discarded, apportioned

to each pathogen, or assigned to a genus inchuding the pathogens.

(62881 Method 3700 may include classifying the plurality of sequence reads to a plurality of
types of pathogen reads. For example, a first sequence read of the plurality of sequence reads
may align to a first archaeal reference genome, thereby classifying the sequence read as a first
pathogen read, and a second sequence read of the plurality of sequence reads can alignic a
second archaeal reference genome, thereby classifving the sequence read as a second pathogen
read. Any sequence read that aligns to a pathogen reference genome may be classified as a non-

human read.
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(62991 At block 3740, method 3700 may include determining a parameter based an amount of
pathogen reads. The amount of pathogen reads may be a total of all reads that align to pathogen
reference genomes {(e.g., first pathogen reads, second pathogen reads), e g., without double
counting sequence reads that align to multiple pathogen reference genomes. In some
embodiments, the amount of first pathogen reads may be the amount of sequence reads aligned
to a specific pathogen reference genome. As examples, the parameter may be a raw count, a

concentration, a fraction, or a percentage of first pathogen reads.

[6366] Method 3700 may include determining a second parameter based on a second amount
of second pathogen reads for reads aligned to a different pathogen reference genome. As
exarnples, the second parameter may be a raw count, a concentration, a fraction, or a percentage
of second pathogen reads. The second parameter may be a parameter calculated ina
corresponding method as the first parameter. Pathogen reference genomes may include genomes
frormn Halonotius, Thermococcus, Nitrosopumilus, Actinomyces, or any pathogen described
herein. In addition, pathogen reference genomes may exclude any genome from any pathogen
described herein. Pathogen reference genomes may mclude or exclude bactenial genomes, viral

genomes, and archaeal genomes.

(8361} Pathogen reference genomes may include a reference genome from at least one of
mycobacterium, halobacteriom, actinomyces, corynebacterium, or candidatus. The reference
genome may mclude any one, two, three, or four of mycobacterium, halobacterium, actinomyces,

corynebacterium, or candidatus.

(83621 At block 3750, method 3700 may nclude comparing the parameter to a cutoff value. If
several types of parameters are determuned based on amounts of different types of pathogen
reads, each type of amount may be compared to one or more cutoff values. As an example, each
parameter of the several types of parameters may be compared to a single cutoff value. In other
examples, each type of parameter 1s compared to a cutoff value specific for the type of parameter.
In some examples, a multidimensional point with coordinates specified by the different types of
parameters may be compared against a cutoff value, which may be a line, plane, or higher-
dimensional plane. The cutoff value or values may be determined from a first set of reference
samples that have bladder cancer and a second set of control samples that do not have bladder

cancer.
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[63¢3] At block 3760, method 3700 may include determuining a classification of a level of
bladder cancer using the comparison. Method 3700 may include determining that the human has
bladder cancer if the amount of first pathogen is above a cutoff value. If several parameters

based on different types of amounts of pathogen reads are determined, determining that the
human has bladder cancer may be if multiple parameters are greater than one or more cutoff
values. In some embodiments, bladder cancer may be determined if a certain percentage (e.g,
S50%, 60%, 70%, 80%, 90%, or 100%) of the parameters exceeds the one or more cutoft values.
The severity of cancer may be determined by how high the parameters are compared to the cutoff
values. In some embodiments, the severity of cancer may be determined by how many

parameters are greater than one or more cutoff values.

(83641 Method 3700 may include any treatment for cancer described herein. In some instances,
method 3700 may apply to a biological sample, not only a urine sample. In some instances,

method 3700 may include determining a level of cancer, not just bladder cancer.

VIII. MATERIALS AND METHODS

(63631 Certain techmuques are described below for certain results provided above. Such

technmiques used for one example can be used for other examples.

A. Sample collection and processing for transplant patients

[6306] For the transplant data, urine samples were collected from 11 renal transplant and two
hematopoietic stem cell transplant (HSCT) patients who were clinically stable. Urine samples
were also collected from a patient with a renal stone, and from five bladder cancer patients.
Urine samples were collected during the morning clinic, or the morning before surgery, with
early morning urine samples being avoided if possible. 30-50 mL of urine was collected in plain
sterile bottles, stored at 4 °C and processed within one hour of collection as previously described
(12,23). The cell free portion of the urine was 1solated by centrifugation and filtering of the

supernatant.

B. Library preparation, bisulfite conversion and massively parallel DNA sequencing

(63671 DNA hbranes were prepared with up to 500 ng of urinary cfDNA using the KAPA

HTP Library Preparation Kit (Kapa Biosystems) according to the manufacturer’s instructions (7).
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Bisulfite and non-bisulfite DNA sequencing were performed as previcusly described (24,25},
using an Hlumina HiSeq 2500 sequencer using the 75 bp paired end mode. After base calling and
quality control, the data were then processed by the methylation data analysis pipeline Methy-

Pipe {26).

(63681 Up to 500 ng of urinary cfDNA were used for library preparation. DNA libraries were
prepared using the KAPA HTP Library Preparation Kit (Kapa Biosystems) according to the
manufacturer’s instructions (7). Bisuifite and non-bisulfite DNA sequencing were performed as
previcusly described (24,25). Non-bisulfite sequencing was used for size profile analysis only
when there was msufficient DNA for bisulfite sequencing. DNA libraries were sequenced using
an [Humina HiSeq 2300 sequencer using the 73 bp pawred end mode. After base calling, adapter
sequences and low quality bases (1.e., quality score << 5} were removed. The trimmed reads in
FASTQ format were then processed by the methylation data analysis pipeline Methy-Pipe (26).
Using one lane of sequencing per urine sample, we obtained a median of 80 million unuque, non-

duplicated reads mapped to the human reference genome.

C. Extraction and quantification

[6369] For extraction and quantification of urinary ¢fDNA, urinary ofDNA was extracted and
quantified as previously described (11, 12, 23). 30-50 mL of urine for most samples and up to
250mL were required for in vitro incubation experiments. Briefly, fresh urine was collected in
plain sterile bottles, and an aliquot was tested using the Siemens Multistix 108G system and
assayed for creatinine concentration using the Roche Cobas 3000, For the remaining urine
samaple, 0.5 mol/L EDTA at pH & (Invitrogen) was added for a final EDTA concentration of 10

mmol/L to inhibit nuclease activity (9). EDTA corresponds to ethylenediaminetetraacetic acid.

(83161 Urme was then centrifuged at 4 °C for 10 minutes and the supernatant was filtered
through a 0.45-um filter (Milex-GV,; Millipore} to 1solate the cell-free component. The cell-free
uring was then either stored at -80°C or extracted immediately. For every 10 mL of processed
urine, we added 15 mL of 6 mol/L guanidine thiocyanate {Sigma—Aldrich) and I mL of resin
(Wizard Plus Minipreps DNA Purification System; Promega) and the mixture was incubated at
room temperature for 2 hours. The resin-DNA complex was then isolated, washed, and eluted

using the Wizard Plus Minipreps DNA Purification System as per the manufacturer’s



10

[U—
(v

[\
(v

WO 2018/099418 PCT/CN2017/113813
75

mstructions. Approximately 100 uL was used in the elution of urinary ¢fDNA for every 10 mL

of urine collected.

(8311} Extracted cfDNA was quantified vsing real time gPCR with a 62 bp amplicon targeting
the LEF gene {(11). The absolute DNA concentration was determuned using an 11-point DNA
standard which ranged from 1.25 10 4000 GE/ul, and all urinary ¢fDNA concentrations are

expressed m terms of GE/mL of urine.

(8312} Extraction and quantification of genomic DNA from peripheral blood leucocytes and
tissue can be performed as follows. Buffy coat samples were processed using the (hagen DNA
Blood Mini Kit and tissue samples were processed using the Qiagen DNA Mini Kit as per

manufacturers protocol.

o, Determination of donor and recipient specific genotypes using SNP arrays

[6313] For all renal transplant and HSCT patients, ~2.5 million donor and recipient SNPs were
interrogated using the Hlumina Omm 2.5 SNP array, according to manufacturer’s protocols.
Donor and recipient germline DNA was obtained either from buffy coat, buccal swab or renal
tissue. This allowed us to identify donor and recipient specific SNPs for each transplant case.
Knowledge of donor and recipient specific alleles was used 1n conjunction with massively
parallel sequencing results which allowed us to accurately ascertain the proportion of donor and

recipient specific cfDNA fragments 1n urine.

£ Identification of differentially methylated regions as methylation markers for

urinary DNA tissue mapping.

(8314} Genomewide bisuifite sequencing data from different human tissues were used to
construct a reference methyiome for methylation deconvolution. We hypothesized that the major
contributors to urinary ¢fDNA in normal samples would be blood cells {the major constituent of
plasma cfDNA, and could also be released in the post renal system), the kidney, and the
urothelium which lined the entire urinary tract. Whole genome bisulfite sequencing data for
neutrophils, B-cells and T-cells were obtained from publically available resources (Human
Epigenome Atlas, www genboree org/epigenomeatlas/index rhtml), (28). When we commenced

this study, no genomewide methylation data was available for the kidney or urothelium; and thus
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we constructed our own reference methylome by obtaining tissue from a cadaveric renal
transplant case and the adjacent normal tissue from patients undergoing a nephro-uretectomy and
radical cystectomy. The kidney reference was compiled using bisulfite sequcing data from
cortical and medullary kidney tissues obtained from 6 patients and sequenced to 35 X haploid
genome coverage. The urothehial reference comprises of urothelium obtained from the ureter and
bladder of 6 patients sequenced to 40X haploid genome coverage. The bladder cancer reference
was based on bladder tumor obtained during radical cystectomy and sequenced to 8 5X haploid

genome coverage.

(83181 Methylation markers were selected as previously described (22). Autosomal CpG
1slands and shores were subdivided mto non-overlapping 500 bp untis and the methylation
density of each unit was determined for each reference tissue. Differentially methylated regions
were used to identity type I and type 1 markers. Type I markers referred to any genomic loci
with methylation densities that were 3 SDs higher or lower in one tissue compared with the mean
level of all other reference tissues. Type I markers were genomue loci that demonstrated highly
variable methylation densities across all tissue types. A locus was considered highly variable
when (A} the methylation density of the most hypermethylated tissue was at least 20% higher
than that of the most hypomethylated one; and {B) the 8D of the methylation densities across all
tissue types when divided by the mean methylation density {i.e., the coefficient of variation) of

the group was at least 0.25.

F. Methylation deconvolution for the determination of the proportional contribution

of different tissues in urinary cfDNA

(63161  An amn of methylation deconvolution was to determine the proportional contribution of
each tissue in urinary ¢fDNA. Methyiation deconvolution was conducted as described by Sun et
al(22}. Briefly, the methylation density observed at a particular marker was influenced by the
proportional contribution from each tissue, and the methylation density of that marker in each

{1ssue.

(83171 Quadratic programming {39} was used to solve the simultaneous equations. A matrix
was compiled including the panel of tissues and their corresponding methylation densities for

each methviation marker on the combined list of type I and type I markers (a total of 19,418
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markers}. The reference methyvlome consisted of the kidney, urothelium, neutrophils, and
lymphocytes and the proportional contribution from all tissues would sum to 100%. These tissue
types were selected as each of them, apart from the urothelium, could be validated by renal
transplant or HSCT. When assessing the pre and post-operative urine samples of bladder cancer
patients, methylation markers derived from the bladder cancer and small intestines methylome

was added to the reference set.

G. Identification of hypomethylation and copy number aberrations in urinary ¢fDNA

[6318] The genomewide methylation density and copy number by 1 Mb bins was determined
using the urinary cfDNA data from 8 normal controls. A significant increase or decrease in
methylation density or copy number was defined as a z-score of more than 3 compared with the
average of normal controls. Global methylation density and copy number changes were

represented using circos plots(35).
IX. EXAMPLE SYSTEMS

[6319] FIG 38 idlustrates a system 3800 according to an embodiment of the present invention.
The system as shown includes a sample 3805, such as cell-free DNA molecules within a sample
holder 3810, where sample 3805 can be contacted with an assay 3808 to provide a signal of a
physical characteristic 3815, An example of a sample holder can be a flow cell that includes
probes and/or primers of an assay or a tube through which a droplet moves (with the droplet
meluding the assay). Physical characteristic 3815, such as a fluorescence intensity value, from
the sample 1s detected by detector 3820, Detector can take a measurement at intervals {e.g,,
periodic intervals) to obtain data points that make up a data signal. In one embodiment, an analog
to digital converter converts an analog signal from the detector into digital form at a plurality of
times. A data signal 3825 1s sent from detector 3820 to logic systermn 3830, Data signal 38235 may

be stored in a local memory 3835, an external memory 3840, or a storage device 3845,

(63261 Logic system 3830 may be, or may include, a computer system, ASIC, microprocessor,
etc. It may also mclude or be coupled with a display {e.g., monitor, LED display, etc.) and a user
nput device {e.g., mouse, keyboard, buttons, ete.). Logic system 3830 and the other components

may be part of a stand-alone or network connected computer system, or they may be directly



(]

10

20

36

WO 2018/099418 PCT/CN2017/113813
78

attached to or incorporated in a thermal cycler device. Logic system 3830 may also incluede

optimization software that executes in a processor 3850,

[6321] Any of the computer systems mentioned herein may utilize any suitable number of
subsystems. Examples of such subsystems are shown in FIG. 39 in computer system 10, In some
embodiments, a computer system includes a single computer apparatus, where the subsystems
can be the components of the computer apparatus. In other embodiments, a computer system can
include multiple computer apparatuses, each being a subsystem, with internal components. A
computer system can include desktop and laptop computers, tablets, mobile phones and other

mobile devices.

(6322} The subsystems shown 1 FIG. 39 are interconnected via a system bus 75. Additional
subsystems such as a printer 74, keyboard 78, storage device(s) 79, monitor 76, which is coupled
to display adapter 82, and others are shown. Peripherals and mput/output (I/0) devices, which
couple to I/0 controller 71, can be connected to the computer systern by any number of means
known in the art such as input/output (/0) port 77 {e.g., USB, FireWire"™). For example, /0 port
77 or external interface 81 (e.g. Ethernet, Wi-Fi, etc.) can be used to connect computer system 10
to a wide area network such as the Internet, a mouse mput device, or 3 scanner. The
mterconnection via system bus 75 allows the central processor 73 to communicate with gach
subsystem and to control the execution of a plurality of mstructions from system memory 72 or
the storage device(s} 79 {e.g., a fixed disk, such as a hard drive, or optical disk), as well as the
exchange of information between subsystems. The system memory 72 and/or the storage
device(s) 79 may embody a computer readable mediom. Another subsystem 15 a data collection
device 85, such as a camera, microphone, accelerometer, and the like. Any of the data mentioned

herein can be output from one component to another component and can be output to the user.

(63231 A computer system can include a plurality of the same components or subsystems, e.g.,
connected together by external interface 81, by an internal interface, or via removable storage
devices that can be connected and removed from one component to another component. In some
embodiments, computer systems, subsystem, or apparatuses can communicate over a network. In
such instances, one computer can be considered a client and another computer a server, where
each can be part of a same computer system. A client and a server can each include multiple

systems, subsystems, or components.
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[6324] Aspects of embodiments can be implemented in the form of control logic using
hardware {e.g. an application specific integrated circuit or field programmable gate array) and/or
using computer software with a generally programmable processor in a modular or integrated
manner. As used herein, a processor includes a single-core processor, multi-core processor on a
same integrated chip, or multiple processing units on a single circuit board or networked. Based
on the disclosure and teachings provided herein, a person of ordinary skill in the art will know
and appreciate other ways and/or methods to implement embodiments of the present invention

using hardware and a combination of hardware and software.

(83251  Any of the software components or functions described in this application may be
mmplemented as software code to be executed by a processor using any suitable computer
language such as, for example, Java, C, C++, C#, Objective-C, Swift, or scripting language such
as Perl or Python using, for example, conventional or object-oriented techniques. The software
code may be stored as a series of instructions or commands on a computer readable medium for
storage and/or transmission. A suitable non-transitory computer readable medium can nclude
random access memory {RAM), a read only memory (ROM), a magnetic medium such as a hard-
drive or a floppy disk, or an optical medium such as a compact disk {CD) or DVD {(digital
versatile disk), flash memory, and the like. The computer readable medium may be any

combination of such storage or transmission devices.

(83261 Such programs may also be encoded and transnutted using carrier signals adapted for
transmission via wired, optical, and/or wireless networks conforming to a variety of protocols,
meluding the Internet. As such, a computer readable medium may be created using a data signal
encoded with such programs. Computer readable media encoded with the program code may be
packaged with a compatible device or provided separately from other devices {g.g., via Internet
download). Any such computer readable medium may reside on or within a single computer
product {e.g. a hard drive, a CB, or an entire computer system}, and may be present on or within
different computer products within a system or network. A computer system may include a
monitor, printer, or other suitable display for providing any of the results mentioned hereinto a

User.

(63271 Any of the methods described herein may be totally or partially performed witha

computer system including one or more processors, which can be configured to perform the steps.
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Thus, embodiments can be directed to computer systems configured to perform the steps of any
of the methods described herein, potentially with different components performing a respective
steps or a respective group of steps. Although presented as numbered steps, steps of methods
herein can be performed at a same time or 1n a different order. Additionally, portions of these
steps may be used with portions of other steps from other methods. Also, all or portions of a step
may be optional. Additionally, any of the steps of any of the methods can be performed with

modules, units, circuits, or other means for performing these steps.

[6328] The specific details of particular embodiments may be combined in any suitable
manner without departing from the spirit and scope of embodiments of the invention. However,
other embodiments of the invention may be directed to specific embodiments relating to each

mdividual aspect, or specific combinations of these individual aspects.

[6329] The above description of example embodiments of the invention has been presented for
the purposes of lustration and description. It 1s not intended to be exhaustive or to limit the
mvention to the precise form described, and many modifications and varniations are possible in

light of the teaching above.

[6336] In the preceding description, for the purposes of explanation, numerous details have
been set forth in order to provide an understanding of various embodiments of the present
technology. It will be apparent to one skilled in the art, however, that certain embodiments may

be practiced without some of these details, or with additional details.

[6331] Having described several embodiments, 1t will be recognized by those of skill in the art
that varous modifications, alternative constructions, and equivalents may be used without
departing from the spirit of the mvention. Additionally, a number of well-known processes and
elements have not been described in order to avord unnecessarily obscuring the present imvention.
Additionally, details of any specific embodiment may not always be present in variations of that

embodiment or may be added to other embodiments.

[6332] Where a range of values 1s provided, it 1s understood that each intervening value, to the
tenth of the unit of the lower limut unless the context clearly dictates otherwise, between the
upper and lower limits of that range is also specifically disclosed. Each smaller range between

any stated value or intervening value in a stated range and any other stated or intervening value
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in that stated range is encompassed. The upper and lower limits of these smaller ranges may

independently be included or excluded in the range, and each range where either, neither, or both
limits are included in the smaller ranges is also encompassed within the invention, subject to any
specifically excluded limit in the stated range. Where the stated range includes one or both of the

linuts, ranges excluding either or both of those included limits are also included.

(63331 A recitation of “a”, “an” or “the” is intended to mean “one or more” unless specifically
mndicated to the contrary. The use of “or” 15 intended to mean an “inclusive or,” and not an
“exclusive or” unless specifically indicated to the contrary. Reference to a “first” component

does not necessarnily require that a second component be provided. Moreover reference to a “first”
or a “second” component does not limit the referenced component to a particular location unless

expressly stated. The term “based on” 1s intended to mean “based at least in part on.”

[6334] Al patents, patent applications, publications, and descriptions mentioned herein are

mcorporated by reference 1n thewr entirety for all purposes. None 15 admatted to be prior art.
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CLAIMS:

1. A method of analyzing a biological sample of an organism, the biological
sample being a urine sample, the biological sample including a mixture of cell-free DNA
molecules from a plurality of tissues types, the method comprising:

identifying N genomic sites, N being an integer greater than or equal to 10;

for each of M tissue types:

obtaining N tissue-specific methylation levels at the N genomic sites, N being
greater than or equal to M, wherein the tissue-specific methylation levels form a matrix A of
dimensions N by M, wherein:
a first tissue type of the M tissue types is a first diseased tissue type
corresponding to a first disease of a first organ,
the first diseased tissue type is cancerous urothelium cells,
a second tissue type of the M tissue types is normal urothelium, and
a third tissue type of the M tissue types is a second diseased tissue type
corresponding to a second disease of the first organ;

analyzing, by a computer system, a plurality of cell-free DNA molecules from the
biological sample, the plurality of cell-free DNA molecules being at least 1,000 cell-free DNA
molecules, wherein analyzing a cell-free DNA molecule includes:

identifying a location of the cell-free DNA molecule in a reference genome
corresponding to the organism;

identifying a set of the plurality of cell-free DNA molecules that are each located
at any one of the N genomic sites,

measuring N mixture methylation levels at the N genomic sites using the set of
the plurality of cell-free DNA molecules;

determining, by the computer system, a first fractional contribution of the first
diseased tissue type in the mixture using the N mixture methylation levels and the N tissue-
specific methylation levels of each of the M tissue types; and

using the first fractional contribution of the first diseased tissue type to determine

a level of the first disease for the first organ in the organism.

2. The method of claim 1, the method further comprising:
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determining, by the computer system, a second fractional contribution of the
second diseased tissue type in the mixture using the N mixture methylation levels and the N
tissue-specific methylation levels of each of the M tissue types; and

using the second fractional contribution of the second diseased tissue type to

determine a level of the second disease for the first organ in the organism.

3. The method of claim 1, wherein a fourth tissue type of the M tissue types
is a third diseased tissue type corresponding to a first disease of a second organ, the method
further comprising:

determining, by the computer system, a second fractional contribution of the third
diseased tissue type in the mixture using the N mixture methylation levels and the N tissue-
specific methylation levels of each of the M tissue types; and

using the second fractional contribution of the third diseased tissue type to

determine a level of the first disease for the second organ in the organism.
4. The method of claim 1, wherein the first organ is a bladder.

5. The method of claim 1, wherein the level of the first disease is that cancer
exists, wherein determining the level of the first disease comprises comparing the first fractional

contribution to a cutoff value.

6. The method of claim 1, further comprising:

preparing the urine sample by adding ethylenediaminetetraacetic acid (EDTA).

7. The method of claim 1, wherein the N genomic sites comprise sites that

have less than a threshold amount of inter-individual variation.

8. The method of claim 1, wherein the M tissue types comprise kidney,

urothelium, neutrophils, B-cells, and T-cells.

9. The method of claim 1, wherein the M tissue types comprise a small

intestine.
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10. The method of claim 1, wherein the N genomic sites comprise sites in
regions that occur in differentially methylated regions that occur in a specified percentage of

tumor urothelial biopsies.

11. The method of claim 1, wherein using the first fractional contribution of
the first diseased tissue type to determine the level of the first disease for the first organ in the

organism comprises comparing the first fractional contribution to a cutoff value.

12. The method of claim 1, wherein a fourth tissue type of the M tissue types
corresponds to a third diseased tissue type corresponding to a first disease of a second organ,

wherein the second organ is not the first organ.

13. The method of claim 12, wherein the second organ is the kidney, and the

first disease of the second organ is glomerulonephritis or nephrotic syndrome.

14. The method of claim 1, wherein the level of the first disease is that the
first disease is muscle invasive, wherein determining the level of the first disease comprises

comparing the first fractional contribution to a cutoff value.

15. The method of claim 1, wherein the level of the first disease is that the
first disease exists, wherein determining the level of the first disease comprises comparing the

first fractional contribution to a cutoff value.

16. A computer product comprising a computer readable medium storing a
plurality of instructions for controlling a computer system to perform an operation of any of the

methods of claims 1 to 11.

17. A system comprising:
the computer product of claim 16; and
one or more processors for executing instructions stored on the computer readable

medium.

18. A system comprising means for performing any of the methods of claims

Itoll.
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19. A system comprising modules that respectively perform the steps of any

of the methods of claims 1 to 11.



