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INTEGRATIVE SINGLE-CELL AND CELL-FREE PLASMA RNA
ANALYSIS

BACKGROUND

[0001] The health of an individual depends on the proper functioning and interaction of
different organ systems in the body. Each organ system is composed of multicellular tissues that
are specialized in achieving such purpose. In one estimation, the human body is composed of on
average 37.2 trillion cells. Four basic tissue types — namely, epithelial, connective, nervous and
muscular tissues — have been recognized in human. Human diseases originate from improper
functioning or development of cells. In cancer, vulnerable cells acquire damaging genetic and
epigenetic changes in the genome. Such changes results in change of gene expression and give

rise to abnormal proliferation or other hallmarks of cancer cell behaviors.

[0002] In one example, one of the major function of the hematopoietic system is the
maintenance of proper turnover of the blood tissue in circulation as a whole and the human blood
contains different types of blood cells. Centrifugation can separate human whole blood into red
blood cells (erythrocytes) and white blood cells (leukocytes). More detailed classification of
different types of blood cells have been demonstrated through macro- or microscopic
morphology of the cell, reactivity to certain types of histochemical or immunohistochemical
staining, cellular response to certain types of external stimulation, characteristic cellular RNA

expression profiles, or epigenetic modifications of the cellular DNA.

[0003] In another example, the human placenta is an essential organ during pregnancy to
regulate maternal and fetal homeostasis. It is a discoid solid organ that is derived from the fetus
and composed of multiple units of tree-like villous structure lined microscopically by uni- and
multi-nucleated cells (trophoblasts), responsible for implantation into the maternal uterus and
regulating the fetomaternal interface. Abnormal trophoblast implantation and development have

been linked to potentially lethal hypertensive disorder during pregnancy, such as preeclampsia.

[0004] In another example, the liver is a major solid organ composed of functioning liver cells
(hepatocytes), draining bile duct cells (cholangiocytes), and other connective types of cells

specializing in metabolic function. Hepatitis B virus (HBV) is known to infect hepatocytes,
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integrate into hepatocyte genome in the liver and cause chronic hepatocyte cell death and
inflammation (chronic hepatitis). Repeated reparative response to the hepatitis replaces
hepatocytes with scar-forming cells (fibroblasts), thus liver cirrhosis. The accumulation of
genetic mutations in the hepatocyte genome during prolonged cell death and regeneration results
in malignant transformation of hepatocytes, i.e. hepatocellular carcinoma (HCC). HBV-related

HCC accounts for ~80% of the liver cancer in some localities, e.g. Hong Kong.

[0005] Detection of cellular abnormalities and the presence of disease in an organ system
commonly requires direct tissue sampling (biopsy) of the organ of interest, which can carry
infection and bleeding risk of invasive procedures. Non-invasive assessment by imaging, such as
ultrasound scan, provides morphological and specific functional information of organ, such as
blood flow. Liver ultrasonography has been employed in the screening of liver cancer in chronic
HBYV hepatitis patients and uterine artery Doppler analysis is used in preeclampsia prediction in
early pregnancy. These however requires well-trained operators for assessment and does not

assess the cellular aberrations directly.

[0006] Non-invasive methods of detecting cellular abnormalities and the presence of a disease

in an organ system are desired. These and other improvements are addressed.

SUMMARY

[0006a] In one aspect, the present disclosure refers to a method of identifying an expressed
marker to differentiate between different levels of a condition, the condition being an
autoimmune disease, cancer, or pregnancy-associated condition, the method comprising: for each
cell of a plurality of cells obtained from one or more first subjects: analyzing RNA molecules
from the cell to obtain a set of reads, thereby obtaining a plurality of sets of reads; for each read
of the set of reads: identifying, by a computer system, an expressed region in a reference
sequence corresponding to the read; for each of a plurality of expressed regions: determining an
amount of reads corresponding to the expressed region; determining an expression score for the
expressed region using the amount of reads corresponding to the region, thereby determining a
multidimensional expression point comprising the expression scores for the plurality of
expressed regions; grouping, by the computer system, the plurality of cells into a plurality of
clusters using the multidimensional expression points corresponding to the plurality of cells, the
plurality of clusters being less than the plurality of cells; for each cluster of the plurality of

clusters, determining a set of one or more preferentially expressed regions that are expressed in
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cells of the cluster at a specified rate more than cells of other clusters; for each of a plurality of
cell-free RNA samples: analyzing a plurality of cell-free RNA molecules to obtain a plurality of
cell-free reads, wherein the plurality of cell-free RNA samples are from a plurality of cohorts of
second subjects, wherein each cohort of the plurality of cohorts has a different level of the
condition; and for each set of one or more preferentially expressed regions of the plurality of sets
of one or more preferentially expressed regions: measuring a signature score for the
corresponding cluster using cell-free reads corresponding to the set of one or more preferentially
expressed regions; identifying, based on the signature scores, one or more of the sets of one or
more preferentially expressed regions as one or more expressed markers for use in classifying

future samples to differentiate between different levels of the condition.

[0006b] In another aspect, the present disclosure refers to a method of determining a level of a
condition in a subject, the condition being an autoimmune disease, cancer, or pregnancy-
associated condition, the method comprising: receiving a plurality of cell-free reads from
analysis of cell-free RNA molecules from a biological sample obtained from the subject; for each
preferentially expressed region of one or more expressed markers, the one or more expressed
markers determined by the method as disclosed herein: determining an amount of reads for the
preferentially expressed region, and comparing the amount of reads to a reference value for one
or more preferentially expressed regions to one or more reference values; and determining, based
on the comparisons of the amount of reads for each preferentially expressed regions to one or

more reference values, the level of the condition for the subject.

[0006¢] In another aspect, the present disclosure refers to a method of determining a level of a
condition in a subject, the condition being an autoimmune disease, cancer, or pregnhancy-
associated condition, the method comprising: receiving a plurality of cell-free reads from
analysis of cell-free RNA molecules from a biological sample obtained from the subject;
determining a value of a temporal parameter related to the condition; determining, using the
value of the temporal parameter, an expressed markers for the condition at a time of the value of
the temporal parameter, the expressed marker comprising one or more sets of preferentially
expressed regions that are preferentially expressed for the condition at the value of the temporal
parameter; for each preferentially expressed region of the expressed marker: determining an
amount of reads corresponding to the preferentially expressed region; comparing the amount of
reads for one or more preferentially expressed regions to one or more reference values; and
determining, based on the comparison of the amount of reads for one or more preferentially

expressed regions to one or more reference values, the level of the condition for the subject.

2a
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[0006d] 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 the method as disclosed herein.

[0006€e] In another aspect, the present disclosure refers to a system comprising one or more

processors configured to perform the method as disclosed herein.

[0007] Examples of the present technology involve integrative single-cell and cell-free plasma
RNA transcriptomics. Examples allow for the determination of expressed regions that can be
used to identify, determine, or diagnosis a condition or disorder in a subject. Methods described
herein analyze cell-free RNA molecules for certain expressed regions. The specific expressed
regions analyzed were previously determined to be indicative for a certain type of cell or
grouping of cells. As a result, the amounts of cell-free reads at the specific expressed regions
may be related to the number of cells in a tissue or organ. The number of cells in the tissue or
organ may change as a result of cell death, metastasis, or other dynamics. A change in the
number of cells in the tissue or organ may then be reflected in certain expressed regions in cell-

free RNA.

[0008] Example methods in the present technology include analyzing reads from cellular RNA

molecules obtained from a plurality of first subjects. The RNA molecules are grouped into

2b
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clusters based on the regions preferentially expressed in each cluster and not in other clusters.
These clusters may be associated with certain types of cells. Separately, cell-free RNA samples
are obtained from a plurality of second subjects having different levels of a condition. The cell-
free RNA samples are analyzed to determine one or more sets of one or more expressed regions
that can be used to differentiate between different levels of the condition. The one or more sets of
one or more expressed regions can then be used as an expressed marker for classifying future

samples into different levels of the condition.

[0009] Analysis of cell-free RNA samples for expressed regions first determined through
analysis of cells may provide a less noisy and more accurate method of determining the level of
a condition of a subject. Because different types of cells may vary with the level of a condition,
several expressed regions may be used to track the condition. The methods described herein can
also provide a stronger signal compared to using a single genomic marker for the condition. In
addition, methods described herein simplifies the screening process so that fewer expressed

regions need to be analyzed for a correlation to the condition.

[0010] 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

[0011] FIG. 1 is a schematic diagram explaining the integrative analysis of single-cell and
plasma RNA transcriptomic in cellular dynamic monitoring and aberration discovery using

pregnancy and preeclampsia as an example according to embodiments of the present invention.

[0012] FIG. 2 is a block flow diagram of a method of identifying an expressed marker to
differentiate between different levels of a condition according to embodiments of the present

invention.

[0013] FIG. 3 is a block flow diagram of a method of using a temporally-related sub-cohort in

determining a level of condition according to embodiments of the present invention.

[0014] FIG. 4 is a table showing information for pregnant women used as subjects for analysis

according to embodiments of the present invention.
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[0015] FIG. 5 shows a computational single-cell transcriptomic clustering pattern of 20,518

placental cells by t-SNE analysis according to embodiments of the present invention.

[0016] FIG. 6 shows overlaying the expression of several genes resulting in clustered
expression at defined groups of cells in the 2-dimensional projection according to embodiments

of the present invention.

[0017] FIG. 7A shows the classification of fetal and maternal origin of each cluster ina

dataset according to embodiments of the present invention.

[0018] FIG. 7B shows a column chart comparing the percentage of cells expressing Y-
chromosome encoded genes in each cellular subgroup according to embodiments of the present

invention.

[0019] FIG. 7C shows a biaxial scatter plot showing the distribution of cells of predicted
fetal/maternal origin in the original t-SNE clustering distribution according to embodiments of

the present invention.

[0020] FIG. 7D shows the expression pattern of stromal and myeloid markers in P5-7

subgroups according to embodiments of the present invention.

[0021] FIG. 7E shows t-SNE analysis with clustering of P5 cells with artificial P4/P7 duplets

generated in silico according to embodiments of the present invention.

[0022] FIG. 7F shows biaxial scatter plots with the expression pattern of genes encoding for
human leukocyte antigens among different subgroups of placental cells according to

embodiments of the present invention.

[0023] FIG. 7G is a table summarizing the annotated nature of each cellular subgroup

according to embodiments of the present invention.

[0024] FIG. 7H shows cellular subgroup composition heterogeneity in different single-cell

transcriptomic datasets according to embodiments of the present invention.

[0025] FIG. 8 shows computational single-cell transcriptomic clustering pattern of placental
cells and public peripheral blood mono-nucleated blood cells by t-SNE analysis according to

embodiments of the present invention.
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[0026] FIG.9 is a table summarizing the annotated nature of different cell types in the merged

PBMC and placental data according to embodiments of the present invention.

[0027] FIG. 10A shows a biaxial t-SNE plot showing the clustering pattern of peripheral blood
mononucleated cells (PBMC) and placental cells according to embodiments of the present

invention.

[0028] FIG. 10B shows a table summarizing the annotated nature of each cellular subgroups in

the placenta/PBMC merged dataset according to embodiments of the present invention.

[0029] FIG. 10C shows biaxial scatter plots showing the expression pattern of specific marker
genes among different subgroups of placental cells and PBMC according to embodiments of the

present invention.

[0030] FIG. 10D is a heat map showing the average expression of cell-type specific signature
genes 1n different PBMC and placental cells clusters according to embodiments of the present

invention.

[0031] FIG. 10E shows box plots comparing the expression levels of different cell-type
specific genes in human leukocytes, the liver, and the placenta according to embodiments of the

present invention.

[0032] FIG. 10F shows cell signature analysis of the maternal plasma RNA profiles of a

dataset in the literature according to embodiments of the present invention.

[0033] FIG. 11 shows the placental cellular dynamic in maternal plasma RNA profiles during

pregnancy according to embodiments of the present invention.

[0034] FIG. 12A shows the extravillous trophoblast (EVTB) signature for preeclampsia

according to embodiments of the present invention.

[0035] FIG. 12B shows cell death-related genes in the preeclampsia EVTB cluster according

to embodiments of the present invention.

[0036] FIG. 13 shows signature scores for preeclampsia and control subjects for different cells

according to embodiments of the present invention.
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[0037] FIG. 14A shows the extravillous trophoblast (EVTB) signature for preeclampsia

according to embodiments of the present invention.

[0038] FIG. 14B shows the single-cell transcriptome of placental biopsies from four
preeclamptic patients and compared the intra-cluster transcriptomic heterogeneity in the HLA-G-
expressing EVTB clusters between normal term and preeclamptic placentas according to

embodiments of the present invention.

[0039] FIG. 15 shows the comparison of cell signature score levels of EVTB in maternal
plasma samples from third trimester controls and severe early preeclampsia (PE) patients

according to embodiments of the present invention.

[0040] FIG. 16 shows a list of genes for placental cells and PBMC according to embodiments

of the present invention.

[0041] FIG. 17 is a heat map of the expression of a list of genes in placental cells and PBMC

according to embodiments of the present invention.

[0042] FIG. 18 is a comparison of B cell-specific gene signature derived from single-cell
transcriptomic analysis in plasma RNA between healthy control and patients with active SLE

according to embodiments of the present invention.

[0043] FIG. 19 shows the sample name and the clinical conditions for the sample according to

embodiments of the present invention.

[0044] FIG. 20 shows the expression pattern of selected genes that are known to be specific to

certain types of cells in the human liver according to embodiments of the present invention.

[0045] FIG. 21 shows computational single-cell transcriptomic clustering pattern of HCC and
adjacent non-tumor liver cells by PCA-t-SNE visualization according to embodiments of the

present invention.

[0046] FIG. 22 shows identification of cell type-specific genes in the HCC/liver single-cell

RNA transcriptomic dataset according to embodiments of the present invention.

[0047] FIG. 23 is a table listing cell type-specific genes for HCC/liver single-cell analysis

according to embodiments of the present invention.
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[0048] FIG. 24 shows a comparison of cell signature scores of different cell types in plasma
for healthy controls, chronic HBV without cirrhosis, chronic HBV with cirrhosis and HCC pre-

operation and HCC post-operation patients according to embodiments of the present invention.

[0049] FIG. 25 shows receiver operating characteristic curves of different approaches in the
differentiation of non-HCC HBV (with or without cirrhosis) versus HBV-HCC patients

according to embodiments of the present invention.

[0050] FIG. 26 shows the separation of a hepatocyte-like cell group into five subgroups by t-

SNE analysis according to embodiments of the present invention.

[0051] FIG. 27 shows the origin of cells in the five subgroups of the hepatocyte-like cell group

according to embodiments of the present invention.

[0052] FIG. 28 is an expression heat map showing the expression of preferentially expressed
regions in the five subgroups of the hepatocyte-like cell group according to embodiments of the

present invention.

[0053] FIG. 29 is a table of a list of genes preferentially expressed in a subgroup of the

hepatocyte-like cell group according to embodiments of the present invention.
[0054] FIG. 30 illustrates a system according to embodiments of the present invention.

[0055] FIG. 31 shows a block diagram of an example computer system usable with system

and methods according to embodiments of the present invention.

TERMS
[0056] A “tissue” corresponds to a group of cells that group together as a functional unit. More
than one type of cells can be found in a single tissue. 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.

[0057] A “biological sample” refers to any sample that is 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 in

anemia) and contains one or more nucleic acid molecule(s) of interest. The biological sample can
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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 in a biological sample that has been enriched for cell-free
DNA (e.g., a plasma sample obtained 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 another 10 minutes to remove residual cells. The
cell-free DNA in a sample can be derived from cells of various tissues, and thus the sample may

include a mixture of cell-free DNA.

[0058] “Nucleic acid” may refer to deoxyribonucleotides or ribonucleotides and polymers
thereof in either single- or double-stranded form. The term may encompass nucleic acids
containing known nucleotide analogs or modified backbone residues or linkages, which are
synthetic, naturally occurring, and non-naturally occurring, which have similar binding
properties as the reference nucleic acid, and which are metabolized in a manner similar to the
reference nucleotides. Examples of such analogs may include, without limitation,
phosphorothioates, phosphoramidites, methyl phosphonates, chiral-methyl phosphonates, 2-O-
methyl ribonucleotides, peptide-nucleic acids (PNAs).

[0059] Unless otherwise indicated, a particular nucleic acid sequence also implicitly
encompasses conservatively modified variants thereof (e.g., degenerate codon substitutions) and
complementary sequences, as well as the sequence explicitly indicated. Specifically, degenerate
codon substitutions may be achieved by generating sequences in which the third position of one
or more selected (or all) codons is substituted with mixed-base and/or deoxyinosine residues
(Batzer et al., Nucleic Acid Res. 19:5081 (1991); Ohtsuka et al., J. Biol. Chem. 260:2605-2608
(1985); Rossolini et al., Mol. Cell. Probes 8:91-98 (1994)). The term nucleic acid is used
interchangeably with gene, cDNA, mRNA, oligonucleotide, and polynucleotide.

[0060] The term “cutoff value” or amount as used in this disclosure means a numerical value
or amount that is used to arbitrate between two or more states of classification — for example,

whether a cell is similar to one type of cell. For example, if a parameter is greater than the cutoff



10

15

20

25

WO 2018/210275 PCT/CN2018/087136

value, the cell is not considered to be that type of cell, or if the parameter is less than the cutoff

value, the cell is considered to be that type of cell or undetermined.

DETAILED DESCRIPTION

[0061] Cells release cellular nucleic acid molecules (DNA or RNA) into the extracellular
milieu passive or actively. These extracellular cell-free nucleic acid molecules can be detected in
the circulating blood plasma. In pregnancy, it has been estimated that the fraction of fetal-derived
RNA increases from only 3.7% in early pregnancy to 11.28% in late pregnancy (1, 2). As RNA
transcription is cell-type specific, we reasoned that it is possible to infer cell-type specific
changes and aberrations by analyzing the profile of multiple cell-free RNA transcripts in the

plasma that are specific to the cell type of interest without directly sampling the tissues.

[0062] In the setting of pregnancy well-being assessment, several groups have explored the use
of fetal-specific DNA polymorphisms, organ-specific DNA methylation (3), DNA fragmentation
patterns (4, 5) and tissue-specific RNA transcripts (2) to isolate the placental contribution in the
pool of circulating cell-free fetal nucleic acids and obtain overall changes of placental
contribution. Nevertheless, these approaches are insufficient in examining the dynamic of the
different fetal and maternal components in the placenta and differentiating the specific

pathological changes of the placenta in different gestational pathologies at the cellular level.

[0063] One difficulty is the ascertainment of the origin of RNA transcripts. It has been shown
that fetal RNA in maternal plasma is placenta-derived (6), and RNA transcripts believed to be
derived from other non-placental fetal tissues have also been reported recently in maternal
plasma (2). The tissue origins of these RNA transcripts are often inferred from comparison of
whole tissue gene expression profiles of multiple tissues samples. As described above, biological
tissues are composed of multiple types of cells originating from different developmental lineages.
The expression profile from whole tissue therefore provide an averaged estimation of the
population, distort the actual heterogeneous composition of the tissue and bias towards cells with
the highest cell number in the tissue sample, such as trophoblast in the placenta. Previous studies
have demonstrated that it is possible to dissect the cellular heterogeneity of complex biological
organs based on single-cell transcriptomic RNA profiles and identified cell type-specific genes

(7-10). It 1s therefore technically feasible to determine RNA expression profile of individual
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single cells of a representative tissue sample of the organ instead of assaying the tissue sample as

a homogenized bulk.

[0064] It is unclear if the cellular heterogeneity information of the source tissue, for example
the placenta in pregnancy, is retained in plasma RNA. If signals of different cell types of an
organ of interest can be obtained through plasma RNA analysis, such signals can be quantified
and analyzed separately or in combination to detect cellular pathology and diseases, for examples,
of the placenta during pregnancy, or the organ harboring cancer, or the blood cells in

autoimmune disease.

[0065] The biological properties and the degradation mechanism of cell-free circulating RNA
in the plasma are different from that of cellular RNA, for example, plasma RNA is associated
with filtratable substance in the plasma and may show a 5° preponderance in certain transcripts
(11, 12). The extrapolation of individual cell-type specific markers from tissues to plasma is not
direct, for instance, fetal Rhesus D mRNA from fetal hematopoietic tissues cannot be easily
detected in the plasma of Rhesus D-negative pregnant women, despite high expression levels in
the fetal cord blood (13). In additions, it is known that the pool of cell-free circulating RNA is
contributed from different tissue sources, and hematopoietic tissues and blood cells being the

major component.

[0066] We developed an analytical approach to achieve this aim. We integrated single-cell
transcriptomic RNA information of cellular heterogeneity into plasma RNA analysis, and derive
a metrics for quantification and monitoring signals of different cellular components of complex

organs in the cell-free plasma in autoimmune diseases, cancer, and prenatal conditions.

L. GENERAL OVERVIEW

[0067] FIG. 1 is an illustration explaining the integrative analysis of single-cell and plasma
RNA transcriptomic in cellular dynamic monitoring and aberration discovery using pregnancy
and preeclampsia as an example. However, methods may be applied to autoimmune diseases,

cancer, and other conditions. FIG. 1 provides a general overview of techniques. Additional

details of the aspects and other embodiments are discussed later.

[0068] Indiagram 110, a fetus 112 is shown in a pregnant female 114. Placenta 116 maintains

the fetomaternal interface for gestational wellbeing.

10
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[0069] Diagram 120 shows a portion of placenta 116 and shows that the organ is composed of
multiple types of cells serving different functions. The source organ (placenta) tissue is
dissociated into individual cells in this example. Preeclampsia is used as a condition in diagrams
110 and 120, but embodiments can be applied to other conditions, resulting in a similar
procedure and illustrations. For example, diagram 110 may show a liver, and diagram 120 may

show different cells in liver tissue.

[0070] A biopsy may be taken of the placenta or other organ of interest. The cells from the
biopsy may then undergo transcriptomic profiling, e.g., after isolating individual cells. The
transcriptomic profiling can determine expression levels for a plurality of genomic regions. The
expression levels at these various regions can be used to identify clusters of cells that have
similar expression levels at certain regions, e.g., regions that are preferentially expressed for a

cluster.

[0071] Diagram 130 shows that single-cell transcriptomic profiles can be obtained by various
technologies, such as microtiter plate-formatted chemistry or microfluidic droplet-based
technology. Several biopsies may be taken so that cells are not limited to those from a single
subject. In some instances, cells from a separate source (e.g., peripheral blood mononucleated
cells [PBMC]) may also be obtained to merge with analysis of the cells from the biopsy. Single-
cell RNA results may be obtained separately. The results may be merged using a computer
system and then batch biases removed. In cancer, tissue cells with the tumor may be analyzed

along with blood relevant cell lineage, such as lymphoid and myeloid cells.

[0072] Diagram 140 shows that placental cells can be grouped into different clusters based on
transcriptional similarity (e.g., similar expression levels in preferentially expressed regions). The
grouping into clusters may be based on a similar pattern of RNA reads from certain genes. The
pattern may be based on absolute or relative (e.g., ranked) amounts of reads from the genes. For
example, a certain cluster may have a first gene with the most number of reads and a second
gene with the second most number of reads. As a further example, patterns could be several
genes with similar expression levels (absolute amount, relative proportion, or relative ranks)
uniquely present in a particular cluster or could be several genes having a unique order in terms

of expression levels in a particular cluster.
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[0073] The cells sharing similar patterns may be clustered together in 2D or higher
dimensional space. For example, the Pearson’s correlation coefficients between two cells based
on all measurable genes in the single-cell transcriptomics data could be used for measuring the
similarities of expression profiles. Other statistics also could be used, for example, Euclidean
distance, squared Euclidean distance, Cosine similarity, Manhattan distance, maximum distance,
minimum distance, Mahalanobis distance, or aforementioned distances adjusted by a set of
weights. The grouping may be performed using principal component analysis (PCA) or other
techniques described herein. Each cluster may correspond to a type of cell or a category of cells.
If more than one source for the cells is used (e.g., placenta and PBMC), the cluster analysis may

be performed on a merged data set.

[0074] In diagram 150, cell type-specific markers of each cell type are identified and filtered
computationally by expression specificity to generate cell type-specific gene sets. Each panel in
diagram 150, such as panels 152, 154, and 156, represents a specific gene. These genes may be
known to be highly expressed in a particular type of cell. More red data points in each panel
represent higher expression of a gene of interest. Thus, the genes corresponding to the relatively
more red data points in comparison to other clusters suggest being more correlated with a
specific cluster. The clusters in diagram 150 correspond to the identically positioned clusters in
diagram 140. For example, the genes shown in panels 154 and 156 show a correlation with
cluster 142 in diagram 140. The genes represented in panels 154 and 156 may be considered

preferentially expressed regions for cluster 142.

[0075] The result of diagram 150 can be to identify a particular cluster in diagram 140 as
corresponding to a particular type of cell. In this manner, the combination of the previous
knowledge of a preferentially expressed region for a particular type of cell along with the

clusters of cells having similar transcriptional profiles can be sued to identify new preferentially
expressed regions for the cell type. In some embodiments, the original of the particular cell type
(e.g., liver, fetal, etc.) does not need to be known, as the cells are still known to be of a same type.
And, it may be sufficient to know that the preferentially expressed regions of the cell cluster
provide sufficient discrimination power for different levels of a condition, when tested in later

steps.

12
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[0076] Diagram 160 shows that a cell-free sample, such as plasma, is tested following the
determination of preferentially expressed regions for different clusters or cell types. A plurality
of cell-free samples is tested from a plurality of subjects. The subjects can be grouped into
cohorts having different levels of a condition. In the case of preeclampsia, the level of condition
may be the severity of preeclampsia or simply the presence of preeclampsia. Expression of
preferentially expressed genes in each cell-type were quantified and aggregated to calculate

values of cell-type specific signatures in the plasma RNA profiles.

[0077] Diagram 170 shows that an overall value of the expression levels of certain genes can
be used to monitor dynamic changes of the corresponding cellular component in the plasma
serially (pregnancy progression in this example) or to identify cell-type specific aberrations
(extravillous trophoblast in this example) between healthy pregnancy and patients suffering from
specific diseases (preterm preeclampsia in this example). In diagram 170, the horizontal axis is
gestational age, and the plot shows measurements for different cohorts, where a large separation
at certain gestational ages illustrate that the expressed marker (set of preferentially expressed
genes determined for a cluster of cells) can discriminate between the cohorts. Thus, such an
expressed marker can be used to identify a subject that has a condition as opposed to not having

the condition.

A. Example method of determining expressed markers

[0078] FIG. 2 shows an embodiment that includes a method 200 of identifying an express
marker to differentiate between different levels of a condition. As examples, the level of the
condition may be whether the condition exists, a severity of a condition, a stage of the condition,
an outlook for the condition, the condition’s response to treatment, or another measure of

severity or progression of the condition.

[0079] The condition may be a pregnancy-associated condition. As examples, a pregnancy-
associated condition may include preeclampsia, intrauterine growth restriction, invasive
placentation, pre-term birth, hemolytic disease of the newborn, placental insufficiency, hydrops
fetalis, fetal malformation, HELLP syndrome, systemic lupus erythematosus (SLE), or other

immunological diseases of the mother. A pregnancy-associated condition may include a disorder
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characterized by abnormal relative expression levels of genes in maternal or fetal tissue. In some

embodiments, the pregnancy-associated condition may be gestational age.

[0080] In other embodiments, the condition may include cancer. As examples, a cancer may
include hepatocellular carcinoma, lung cancers, colorectal carcinoma, nasopharyngeal carcinoma,
breast cancers, or any other cancers. The condition may include cancer in combination with a
disorder, e.g., a hepatitis B infection. As examples, the level of cancer may be whether cancer
exists, a stage of cancer (e.g., early stage and late stage), a size of tumor, the cancer’s response to
treatment, or another measure of a severity or progression of cancer. The condition may include

an autoimmune disease, including systemic lupus erythematosus (SLE).

[0081] A sample including a plurality of cells may be obtained. Each cell of the plurality of
cells may be isolated to enable the analyzing of the RN A molecules of a particular cell. The
sample may be obtained with a biopsy. A placental tissue sample may be obtained by chorionic
villus sampling (CVS), by amniocentesis, or from a placenta delivered full term. An organ tissue
sample (e.g., for cancer) may be obtained with a surgical biopsy. Some samples may not involve

incisions or cutting, e.g., obtaining blood (e.g., for a hematological cancer).

[0082] At block 202, RNA molecules from a cell is analyzed to obtain a set of reads. The
analysis is repeated for each cell of a plurality of cells obtained from one or more first subjects,
and therefore the analysis obtains a plurality of sets of reads. The analysis may be performed in
various way, e.g., sequencing or using probes (e.g., fluorescent probes), as may be implemented
using a microarray or PCR, or other example techniques provided herein. Such procedures can

involve enrichment procedures, e.g., via amplification or capture.

[0083] The RNA molecules of each cell of the plurality of cells may be tagged with a unique
code for the cell such that the associated reads include the unique code. In addition, for each cell
of the plurality of cells, the set of reads associated with the unique code corresponding to the cell
may be stored in the memory of a computer system. The computer system may be a specialized

computer system for RNA analysis, including any computer system described herein.

[0084] If the condition is a pregnancy-associated condition, the first subjects may be female
subjects each pregnant with a fetus. The plurality of cells may include placental cells, amnion

cells, or chorion cells. If the condition is cancer, the first subjects may be subjects either with or
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without cancer, where the plurality of cells may include cells from various organs, e.g., including
liver cells. If the condition is systemic lupus erythematosus (SLE), the first subjects may be
subjects either with or without SLE, where the plurality of cells may include kidney cells,

placental cells, or PBMC.

[0085] The set of reads may include sequence reads including those randomly obtained
through massively parallel sequencing, including paired-end sequencing. The set of reads may
also be obtained through reverse transcription PCR (RT-PCR), using probes to identify the
presence of a certain region, digital PCR (droplet-based or well-based digital PCR), Western
blotting, Northern blotting, fluorescent in situ hybridization (FISH), serial analysis of gene

expression (SAGE), microarray, or sequencing.

[0086] At block 204, for each read of the sets of reads, an expressed region in a reference
sequence corresponding to the read is identified by a computer system. The reference sequence
may be a human reference transcriptome (e.g. data downloaded from UCSC refGene or de novo
assembled transcripts) and/or a human reference genome (e.g. UCSC Hg19). Identifying an
expressed region in a reference sequence is repeated for each read of the set of reads for each cell
of the plurality of cells. Identifying the reference sequence corresponding to the read may
include performing an alignment procedure using the read and a plurality of expressed regions of

the reference sequence.

[0087] At block 206, for each of a plurality of expressed regions, an amount of reads
corresponding to the expressed region is determined. Determining the amount of reads is also
repeated for each of a plurality of expressed regions for each cell of the plurality of cells. As
examples, the amount of reads may be the number of reads, a total length of reads, a percentage
of reads, or a proportion of reads. The amount of reads may be the number of unique molecular

identifiers (UMI). UMI is used to label the original RNA molecules.

[0088] Determining the amount of reads corresponding to a first expressed region of the first
cell may use the unique code corresponding to the first cell so as to identify reads corresponding
to the first cell so as to determine which reads correspond to a particular region, e.g., originate
from that region, which may also be determined with probe-based techniques. Determining the
amount of reads may also use results of the alignment procedure for the set of reads of the first

cell. The unique code may be a barcode that is sequenced with the actual RNA sequence of the
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molecule. The barcode may differ from UMI in that the barcode is used to determine the cell,
while UMI is used to label the original RNA molecule. Two RNA molecules from the same cell
will have the same barcode but different UMIL.

[0089] At block 208, for each of a plurality of expressed regions, an expression score for the
expressed region is determined using the amount of sequence reads corresponding to the region.
As a result, a multidimensional expression point including the expression scores for the plurality
of expressed regions is determined. A multidimensional expression point for each cell may
include the expression score in the cell for each expressed region. For example, the
multidimensional expression point may be an array having the expression score of Gene 1, the
expression score of Gene 2, the expression score of Gene 3, etc. Determining the expression
score for the expressed region is also repeated for each of a plurality of expressed regions for
each cell of a plurality of cells. Examples of expression scores are provided later, but may
include absolute numbers of reads for a region, a proportional number of reads for a region, or

other normalized amount of reads.

[0090] At block 210, the plurality of cells are grouped into a plurality of clusters using the
multidimensional expression points corresponding to the plurality of cells. The plurality of
clusters may be less than the plurality of cells. Grouping the plurality of cells into the plurality of
clusters may include performing principal component analysis of the multidimensional
expression points and performing dimensionality-reduction methods, such as principal
component analysis (PCA) or diffusion maps, or by using force-based methods such as t-
distributed stochastic neighbor embedding (t-SNE). The clusters may be determined using spatial
parameters from a t-SNE or other plot. For example, a cluster may be determined where a
minimum space exists between the cluster and another cluster in a plot. The grouping may be a

result of the amounts of reads or a pattern of the amounts of reads for the expressed regions.

[0091] A cluster may be further grouped into sub-clusters or a subgroup. The cluster may be
further divided because prior knowledge may indicate that sub-categories of cells exist. In
addition, a statistical approach may be used to continue grouping of clusters, sub-clusters, etc.
Grouping may continue until the variation within the cluster is minimized or reaches a target
value. In addition, grouping may continue to achieve an optimal number of clusters to maximize

average silhouette (Peter J. Rousseeuw (1987). “Silhouettes: a Graphical Aid to the Interpretation
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and Validation of Cluster Analysis.” Computational and Applied Mathematics. 20: 53—-65) or the
gap statistic (R. Tibshirani, G. Walther, and T. Hastie (Stanford University, 2001).
http://web.stanford.edu/~hastie/Papers/gap.pdf). The gap statistic is used to mean the deviation in
intra-cluster variation between the reference data set with a random uniform distribution

(computational simulation) and observed clusters.

[0092] At block 212, for each cluster of the plurality of clusters, a set of one or more
preferentially expressed regions that are expressed in cells of the cluster at a specified rate more
than cells of other clusters is determined. The specified rate may include a value determined
from an average expression score for cells of the cluster and an average expression score for cells
of other clusters. For example, the specified rate may be equal to a number of standard deviations
(e.g., one, two, or three) for cells of other clusters. In other embodiments, the specified rate may
be a z score, which describes the number of standard deviations that the average expression score
for cells of the cluster is above the average expression score for cells of other clusters. In some
embodiments, the specified rate may be a certain percentage over the average expression score
for cells of other clusters. The specified rate may represent a cutoff or threshold to indicate a

statistical difference from the average expression score for cells of other clusters.

[0093] The first cluster of the plurality of clusters may be identified to include a first type of
cell by comparing the set of one or more preferentially expressed regions of the first cluster with
one or more regions known to be preferentially expressed in the first type of cell. For example, a
stromal cell may be known to preferentially express a certain region. A cluster with at least that
region in the set of one or more preferentially expressed regions could then be deduced to be a
stromal cell. The association of the cluster with a type of cell may be based on more than one
preferentially expressed region. In some embodiments, a cluster may not be associated with a

type of cell, as the identification of the type of cell may not be used for further analysis.

[0094] Example types of cells may include decidual, endothelial, vascular smooth muscle,
stromal, dendritic, Hofbauer, T, erythroblast, extravillous trophobast, cytotrophoblast,
syncytiotrophoblast, B, monocyte, hepatocyte-like, cholangiocyte-like, myofibroblast-like,
endothelial, lymphoid, or myeloid cells.

[0095] At block 214, the plurality of cell-free RNA molecules is analyzed to obtain a plurality

of cell-free reads. The analysis is repeated for each cell-free RN A sample of a plurality of cell-
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free RNA samples. The plurality of cell-free RNA samples are from a plurality of cohorts of
second subjects. Each cohort of the plurality of cohorts may have a different level of the
condition. For example, the plurality of cohorts may include a cohort without the condition, a

cohort with the condition at an early stage, a cohort with the condition at a mid-stage,

[0096] The cohorts may have sub-cohorts that describe other characteristics of the second
subjects. For example, a sub-cohort may be have the same temporal aspect related to the
condition or the second subject. The sub-cohort may be a duration of the condition, a duration of
treatment for the condition, time since diagnosis, or post-operative survival time. In some
embodiments, a sub-cohort may have the same gender, same ethnicity, same geographic location,

same age, or other same characteristic of the second subject.

[0097] The cell-free RNA samples may be obtained from plasma or serum (or other biological
samples including cell-free RNA) of the second subjects. The second subjects may be the same
subjects as the first subjects. However, in some embodiments, the second subjects may be
different from the first subjects. In other embodiments, some subjects of the second subjects are
the same as the first subjects, while some subjects of the second subjects are different from the

remainder of the first subjects.

[0098] If the condition is a pregnancy-associated condition, the second subjects may be female
subjects each pregnant with a fetus. Each cohort may include sub-cohorts that have different
gestational ages for the same level of condition associated with the cohort. A sub-cohort may
also include similar age of the female subject, similar age of the father of the fetus, or similar

lifestyle of the female subject.

[0099] If the condition is cancer, the second subjects may include subjects with a tumor and
may optionally include subjects without a tumor. The sub-cohort for cancer may be subjects with
cancer showing similar molecular positivity (e.g. breast cancer with HER2 positive sub-cohort).
In some embodiments, the sub-cohort could be subjects with cancer accompanied by other
clinical complications, such as diabetes. A sub-cohort may have similar age, gender, tumor

anatomical structures, metastasis status, or lifestyle.

[0100] At block 216, for each set of one or more preferentially expressed regions of the

plurality of sets of one or more preferentially expressed regions, a signature score is measured
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for the corresponding cluster using cell-free reads corresponding to the set of one or more
preferentially expressed regions. The measurement is repeated for each set of one or more
preferentially expressed regions for each cell-free RNA sample of the plurality of cell-free RNA

samples.

[0101] The signature score may be determined in various ways, €.g., as an average of an
expression level for the one or more preferentially expressed regions for the corresponding

cluster. The average may be the mean, median, or mode.

[0102] The signature score may be calculated from the following:

n
1
S= —Z log(Ex +1)
=

where S is the signature score, n is the total number of cell-specific expressed regions in the set,

and F is the expression level of the cell-specific expressed region.

[0103] Atblock 218, based on the signature scores, one or more of the sets of one or more
preferentially expressed regions are identified as one or more expressed markers for use in
classifying future samples to differentiate between different levels of the condition. An expressed

marker refers to the set of one or more preferentially expressed regions collectively.

[0104] The preferentially expressed regions may be identified by identifying a signature score
for a cohort and for a cluster that is statistically different than the signature scores for other
cohorts in the cluster. For example, a preferentially expressed region for a cohort that has the
condition may have a signature score statistically higher than the signature score for the
preferentially expressed region for a cohort that does not have the condition. The statistical
difference may be determined by setting a number of standard deviations the signature score is
higher for the cohort than for other cohorts. The statistical difference may be determined by a t-

test or another suitable statistical test.

[0105] All or a portion of the set of one or more preferentially expressed regions may be used
as an expressed marker. A first set of one or more preferentially expressed regions may be a first
expressed marker that differentiates between different levels of the condition for a first

gestational age.
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[0106] The first set of one or more preferentially expressed regions of a first cluster of the
plurality of clusters may be a first expressed marker that differentiates between levels of cancer
for a first tissue. The first cluster may include cells from the first tissue. The first tissue may be
from the liver, and the first cluster may include liver cells. The tissue cells may include tumor
cells and non-tumor cells, or in some embodiments, the cells may not include tumor cells. In
some embodiments, the tissue cells may include normal cells and abnormal cells, which could be
pathological. In embodiments, the first tissue may be from the lungs, throat, stomach, gall
bladder, pancreas, intestines, colon, kidney, prostate, breast, bone, liver, blood cells (including T
cells, B cells, neutrophils, monocytes, macrophage, megakaryocytes, thrombocytes, and natural
killer cells), as well as bone marrow, spleen, colon, nasopharynx, esophagus, brain, or heart, and

the first cluster may be cells from the corresponding tissue.

[0107] Insome embodiments, the analysis of cells may include analysis of multiple types of
cells. For example, placental cells may be analyzed for a set of one or more preferentially
expressed regions. Additionally, PBMC may also be analyzed for another set of one or more
preferentially expressed regions. As RNA molecules from both the placenta and PBMC may be
present in a cell-free plasma sample, expressed markers in placenta and in PBMC can be
identified in a cell-free sample for use in classifying future samples to differentiate between
different levels of the condition. White blood cells may also be analyzed. Analyzing multiple
types of cells in plasma may help understanding of tissue cellular dynamics in the plasma. For
example, using PBMC or white blood cells may help elucidate the potential for blood cells
shedding RNA into blood circulation. With more single-cell transcriptomics data available for
more tissues (e.g., kidney, lung, colon, heart, brain, small intestine, bladder, testis, ovary, breast),
the dynamics of plasma RNA with respect to cell origin may be better understood and monitored.
Methods may also allow for associating cell-free RNA with types of cells. By understanding the
increase and decrease of amounts of certain types of cells through cell-free RNA analysis, a
greater understanding of the underlying condition and better understanding of how to treat the

condition may be achieved.

[0108] Advantages of method 200 and other methods described herein include that the
expressed markers can be identified more efficiently and accurately than other techniques. The

methods described herein may allow for using multiple regions, instead of only one genomic
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marker, to differentiate between different levels of the condition. As a result, the method may be
more robust to possible experimental error in measuring amounts from regions. A particular bulk
tissue includes multiple subtypes of cells. For example, white blood cells include T cells, B cells,
and neutrophils, etc., with neutrophils being the major population (>70%). Using a conventional
way to determine the differentially expressed genes (e.g., genomic markers) between white blood
cells and other tissues, the resulting markers would share similar patterns among T cells, B cells,
and neutrophils and may not be unique to any type of blood cell. As a result, any changes seen in
plasma RNA results may not effectively distinguish between type of blood cells, which would
reduce sensitivity and accuracy in determining the level of a condition. For example, in a patient
having B-cell lymphoma, the B cells would be expected to increase due to B cell proliferation.
However, the conventional method would see the increased signal from white blood cells but
could not inform the root source contributing to the increased signal. The conventional method
would not be able to provide informative clues for diagnosis. But the single-cell RNA based

marker allowed us to trace the dynamic changes directing to the cell of origins.

[0109] Embodiments also have an advantage distinguishing genes from a particular origin
when the signal is low compared to the background. For example, the signal of a gene in a
particular cell type of a tissue or organ (e.g. liver) may be weak in the circulating RNA
molecules because of the overwhelming background of blood cell derived RNA as well as the
other cell types in that tissue or organ. Using single cell RNA results, the methods are able to
remove genes sharing the overlapping signals with the background and specifically aggregate the
gene showing specific expression levels for the cell type associated with disease. For example,
the ALB transcript is specific to liver according to RNA sequence data of liver tissue in
comparison with blood cells. However, ALB expression levels cannot be used for distinguishing
between HCC subjects and HBV carriers due to the ALB expression levels lacking specificity in
tumor cells compared with background liver cells and the weak signal of single marker. With the
use of single cell RNA sequencing approach, we can uncover the tumor cell specific transcripts
with respect to background hepatic cells and aggregate more markers to increase the single to
noise ratio, as evidenced by the receiver operating characteristic (ROC) curves described later in

this document.
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B. Example methods of determining level of condition in a subject

[0110] The method may include determining the level of a condition in a third subject. The
third subject may be a subject different than any subject included in the first subjects or the
second subjects. The method may further include receiving a plurality of cell-free reads from an
analysis of cell-free RNA molecules from a biological sample obtained from a third subject. In
some embodiments, the plurality of cell-free RNA molecules from the biological sample
obtained from the third subject may be analyzed to obtain the plurality of cell-free reads. The
analysis of the cell-free RNA molecules may be by any suitable process described herein. For
each preferentially expressed region of a first expressed marker, an amount of reads for the
preferentially expressed region is determined. The amount of reads may be any amount described

herein.

[0111] The amount of reads for one or more preferentially expressed regions is compared to
one or more reference values. The comparison may include comparing the amount of reads for
each preferentially expressed region to a reference value for each preferentially expressed region.
The total number of preferentially expressed regions where the amount of reads exceeds the
reference value may then be used in the comparison and may need to meet or exceed a certain
number or percentage. For example, the total number of preferentially expressed regions where
the amount of reads exceeds the corresponding reference value may meet or exceed 50%, 60%,
70%, 80%, 90%, or 100% of the number of preferentially expressed regions in an expressed
marker in order to determine that the level of the condition. In some embodiments, the
comparison may include calculating an overall score from the amount of reads for one or more
preferentially expressed regions, and comparing the overall score to one reference value. The
overall score may be calculated from summing the amounts of reads for a plurality of the
preferentially expressed regions, which may include all the preferentially expressed regions of
the expressed marker. The level of the condition may be determined if the overall score exceeds

the reference value.

[0112] The one or more reference values may be previously determined from previously tested
subjects, including the plurality of second subjects. The reference values may be based on an
average value for a subject without the condition, and the reference value may be a cutoff that

indicates a statistically different value. For example, the reference value may be one, two, or
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three standard deviations exceeding the average amount of reads for a preferentially expressed

region.

[0113] Based on the comparisons of the amount of reads for one or more preferentially
expressed regions to one or more reference values, the level of the condition for the third subject
is determined. The separation between the amount of reads to the one or more reference values
may indicate a confidence in the determination of the level of the condition. For example, an
amount of reads that is just greater than a reference value may indicate a lower confidence or
probability of the level of condition compared to when the amount of reads is much greater than

the reference value.

[0114] Insome embodiments, a plurality of expressed markers may be used for an equal
plurality of levels of the condition. The amount of reads for the sets of preferentially expressed
regions may be compared to reference values appropriate to each level of the plurality of levels
of the condition. In some cases, the amounts of reads may exceed the reference values for
multiple levels of the condition. The level of condition may be determined based on how much
the reference value or values are exceeded at each level. The level where the reference value is

exceeded by the most may be determined to be the level of the condition.

[0115] The method may further include treating the third subject for the condition. If the
condition is preeclampsia, the treatment may include increased frequency of prenatal physician
visits, bed rest, or induced delivery. If the condition is cancer, the treatment may include surgery,
radiation therapy, chemotherapy, immunotherapy, targeted therapy, hormone therapy, stem cell

transplant, or precision medicine.

[0116] Insome embodiments, determining the level of a condition in a third subject may be
performed separately from the method for identifying the one or more expressed markers. For
example, the one or more expressed markers may be provided or known. A biological sample
including cell-free RNA molecules from the third subject can then be analyzed as described

above to determine the level of condition for the third subject.

C. Example method using temporal information to select expressed markers

[0117] As described above, a sub-cohort may be characterized as having the same temporal

aspect related to the condition or the second subject. FIG. 3 shows a method 300 of using a
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temporally-related sub-cohort in determining the level of a condition in a subject. The condition
may include a pregnancy-associated condition, preeclampsia, cancer, SLE, or any other

condition described herein.

[0118] At block 302, a plurality of cell-free reads from analysis of cell-free RNA molecules
from a biological sample obtained from the subject is received. The plurality of cell-free reads
may be received in any manner described herein. The method may further include obtaining a
biological sample including the cell-free RNA molecules and then analyzing the cell-free RNA

molecules to obtain the cell-free reads, as described herein.

[0119] At block 304, a value of a temporal parameter related to the condition is determined. If
the condition is a pregnancy-associated condition, then the temporal parameter may be
gestational age. The gestational age may be expressed as a week of pregnancy, a month of
pregnancy, or a trimester of pregnancy. If the condition is cancer, then the temporal parameter
may be a duration of treatment for cancer, a time since the diagnosis of cancer, or post-operative

survival time.

[0120] At block 306, an expressed marker for the condition at a time of the value of the
temporal parameter is determined using the value of the temporal parameter. The expressed
marker include one or more sets of preferentially expressed regions. The determination may
include analyzing expressed regions for regions that are not only preferentially expressed for the
level of condition, but further analyzing the expressed regions for ones that are preferentially
expressed at or near the value of the temporal parameter. In other words, the determination of the
expressed markers may use the sub-cohorts described above. The preferential expression of a
region may depend on the particular sub-cohort or sub-cohorts. For example, for a pregnancy-
associated condition, a region may be preferentially expressed in the first trimester but not in the

third trimester.

[0121] At block 308, for each preferentially expressed region of the expressed marker, an
amount of reads corresponding to the preferentially expressed region is determined. The amount
of reads may be any amount described herein. The amount of reads may be determined by

aligning to the preferentially expressed region.
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[0122] At block 310, the amount of reads for one or more preferentially expressed regions may
be compared to one or more reference values. As described above, the comparison may include
comparing amounts for each preferentially expressed region to a corresponding reference value
for the preferentially expressed region, or the comparison may include an overall score for
amounts from multiple expressed regions to a single reference value. The comparison may

include any comparison technique described herein.

[0123] Atblock 312, based on the comparison of the amount of reads for one or more
preferentially expressed regions to one or more reference values, the level of the condition for
the subject is determined. As example, the level of the condition may be whether the condition
exists, a severity of a condition, a stage of the condition, an outlook for the condition, the
condition’s response to treatment, or another measure of severity or progression of the condition.
The method may further include a confidence level or probability for the level of the condition.
The confidence may be based on a separation or ratio of the amounts of reads compared to the
reference values. Based on the determined level of condition, a treatment plan can be developed
to decrease the risk of harm to the subject. Methods may further include treating the subject

according to the treatment plan.

II. INTEGRATIVE SINGLE-CELL AND CELL-FREE PLASMA RNA ANALYSIS
OF PLACENTA

[0124] Methods of determining a set of one or more preferentially expressed regions in cells
and then identifying one or more of the sets of one or more preferentially expressed regions can

be used with placental cells to determine the level of a pregnancy-associated condition.

[0125] The discovery of circulating cell-free fetal nucleic acids in maternal plasma has enabled
the development of noninvasive prenatal diagnosis of fetal aneuploidy and monogenic diseases
through detection of the pathogenic mutations, allelic and chromosomal imbalance (52, 53).
Although it has been demonstrated that circulating cell-free fetal nucleic acids are placenta-
derived, it remains difficult to study placental pathology using cell-free fetal nucleic acids and
conventional bulk-tissue transcriptome profiling. One significant hurdle is the high cellular
heterogeneity in the placenta, which cannot be addressed by total DNA quantitative analysis,

targeted trophoblast-derived transcripts analysis or organ-specific transcripts monitoring.
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Previous studies have reported quantitative changes of multiple RNA transcripts during
pregnancy (20, 21). However, there exists a gap in connecting the circulating pool of cell-free
nucleic acids with their cellular origins. There is also a paucity of discussion of the cell-free
nucleic acids dynamics of the non-trophoblastic component of the placenta during pregnancy.
The advance in single-cell transcriptomic technology provided an opportunity for us to bridge

the study of the placenta with circulating cell-free nucleic acids during pregnancy.

[0126] The placenta plays an essential role in the establishment of the utero-placental interface
and the maintenance of fetal homeostasis during pregnancy (/). It is a genetically and
developmentally heterogeneous organ composed of cells of maternal and fetal origins, from
embryonic and extra-embryonic lineages. Histologically, the discoid human placenta is made up
of multi-lobulated villous units. The human placenta exhibits a unique process of “controlled
invasion” upon implantation. A distinct type of trophoblast cells, the extravillous trophoblast
cells (EVTBs), migrate from the villi to infiltrate the maternal decidua during pregnancy. They
participate in the remodeling of the uterine spiral arteries and interact with maternal lymphocytes
to prevent allo-rejection of the fetus. Villous trophoblast cells, including multinucleated
syncytiotrophoblasts (SCTBs) and villous cytotrophoblasts (VCTBs), lined the surface of the
placental villi which are in direct contact with maternal blood. The entire placental villous
structure 1s supported by stromal cells, resided by fetal macrophages (Hofbauer cells) and

perfused by the fetal capillary vasculature.

[0127] Clinically, placental dysfunction has been linked to multiple major gestational
complications such as preeclampsia toxemia (PET) (2). PET is a multi-system and potentially
lethal gestational condition characterized by new onset of hypertension and proteinuria at > 20
weeks of gestation. It affects 3-6% of pregnancies as a leading cause of maternal and perinatal
morbidities. It can progress to systemic maternal disease with thrombocytopenia, liver
derangement, renal failure, and seizure, resulting in significant fetal growth restriction or even
fetal demise. Defective placental implantation and systemic vascular inflammation have been

proposed as the major pathological mechanism in PET (2, 3).

[0128] In spite of the clinical significance of the placenta, direct placental tissue comparisons
between patients with placental pathologies and healthy gestation-age matched controls 1s not

feasible due to ethical concern of the invasiveness of direct placental biopsy. Instead, a number
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of clinical approaches, such as ultrasonographic imaging and maternal serum protein markers
have been pursued to noninvasively monitor placental wellbeing during pregnancy (4, 5). Studies
have shown that the placenta is the major source organ of circulating cell-free fetal nucleic acids
in maternal plasma (6-8). Significantly elevated levels of total cell-free fetal DNA and selected
placenta-specific RNA transcripts have also been reported in the maternal plasma of patients
with PET (9-12) and preterm conditions (/3-15), supporting a role for cell-free RNA in
noninvasive monitoring of placental wellbeing. However, the overwhelming maternal
hematopoietic background has created significant difficulties in detecting the placental signal
(16). Previous studies have attempted to provide a more comprehensive assessment of maternal
plasma nucleic acids by microarray analysis, massively parallel transcriptome or epigenome
sequencing (/7-23). Several groups have explored the use of fetal-specific DNA polymorphisms,
organ-specific DNA methylation (22), DNA fragmentation patterns (24, 25) and organ-specific
RNA transcripts (27) to isolate the placental contribution in the pool of circulating cell-free fetal
nucleic acids and obtain overall changes of placental contribution. Nevertheless, it remains
unknown if maternal plasma cell-free nucleic acid analysis can be used to dissect the dynamic
and heterogeneous fetal and maternal placental components and resolve the complex changes of

the placenta in different gestational pathologies at the cellular level.

[0129] We explored the use of droplet-based single-cell digital transcriptomic technology to
comprehensively characterize the transcriptomic heterogeneity of the human placenta. We
analyzed, in an unbiased manner, the single-cell transcriptomes of more than 24,000 non-
markers selected placental cells from multiple normal and PET placentas. Using this
comprehensive dataset, we successfully revealed the longitudinal cellular dynamics in maternal
plasma during pregnancy progression and identified the potential cellular pathology
noninvasively in preeclamptic placentas from maternal plasma cell-free RNA. Our study
demonstrated the potential of an integrative and synergistic analytical approach of single-cell and

plasma cell-free transcriptomic studies.

A. Dissection of the cellular heterogeneity of the human placenta

[0130] This section provides additional details to what was previously described for FIG. 1 for
integrative analysis of single-cell and plasma RNA transcriptomic in cellular dynamic

monitoring and aberration discovery using pregnancy and preeclampsia. We set out to obtain a
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comprehensive understanding of the cellular heterogeneity of the human placenta using large-
scale droplet-based single-cell digital transcriptomic profiling (26) (FIG. 1). Other non-droplet
based technologies allowing quantification of the RNA expression profile of individual cells with
or without the need of tissue dissociation, such as transcript-counting by RNA in situ
hybridization, single-cell RNA profiling by combinatorial barcoding, is also applicable in

principle.

[0131] We collected biopsies at defined locations of multiple freshly cesarean section-
delivered placentas (two male and two female babies) and dissociated the tissues into single-cell
suspension without surface marker preselection. We obtained the single-cell transcriptome of
20,518 placental cells from six different placenta parenchymal biopsies. Obtaining the single-cell
transcriptome of cells can be blocks 202 and 204 of FIG. 2. Fig. 4 shows information for six
healthy pregnant women and four severely preeclamptic pregnant women who were subjects for
the analysis. The average number of genes detected per libraries is 1,006 (792-1,333), with a
mean coverage of 21,471 (16,613-36,829) reads per cell.

[0132] Clustering analysis by t-stochastic neighborhood embedding (t-SNE) identified 12
major clusters of placental cells in our dataset (P1-12). The clustering analysis was described

with Diagram 140 in FIG. 1 and with block 210 of FIG. 2.

[0133] FIG. 5 shows the cellular heterogeneity of the placentas transcriptionally and the
clustering in greater detail. Each dot in the plot represents the transcriptomic data from a single
cell, the proximity of each dot is related to transcriptomic similarity. The clusters are further
colored and grouped into subgroups (P1-12) based on spatial proximity in PCA-t-SNE and

expression pattern of known cell type-specific marker expression from the literature.

[0134] FIG. 6 shows overlaying the expression of several genes that are known in the
literature to be specific to particular types of placental cells resulting in clustered expression at
defined groups of cells in the 2-dimensional projection. Expression pattern of selected genes
(titled in each box panel) that are known to be specific to certain types of cells in the human
placenta (Expression quantified as log-transformed UMI counts at the range of 0-2). Each dot in
the plot represents the transcriptomic data from a single cell. Grey color indicates no expression,

and the brighter the shades of orange-red indicates the higher levels of expression.
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[0135] The biological identity of the cell clusters can be directly inferred by the expression
pattern of certain known cell type-specific genes. For example, CD34 genes are known to be
specifically expressed in the endothelial cells of placental vessels, thus cells of the P2 clusters

which showed high expression level of CD34 are likely endothelial cells.

[0136] In situation where the organ of interest is made up of cells from different genetic origin,
for example, the placenta where maternal blood and decidual cells may be present in the
placental biopsy and be detected in the single-cell RNA profile, genetic identity of the cell
clusters can be inferred by exploiting the genetic differences between the cell origins present in

the RNA transcripts.

[0137] Furthermore, we genotyped the genomewide SNP pattern of the mother and the fetus to
differentiate the fetomaternal origin of individual cells genetically by comparing the ratio of
fetal-to-maternal specific RNA SNPs in each subgroup and by examining the presence of Y
chromosome-encoded transcripts in the cells from the placentas of male fetus-carrying

pregnancies. The analysis of fetal and maternal origin is described in further detail below.

[0138] FIG. 7A-H show the dissection of the cellular heterogeneity and annotation of cellular
identity in the human placenta. FIG. 7A shows a percentage column chart comparing the fraction
of maternal or fetal origin in each cellular subgroup. FIG. 7B shows a column chart comparing
the percentage of cells expressing Y-chromosome encoded genes in each cellular subgroup. FIG.
7C shows a biaxial scatter plot showing the distribution of cells of predicted fetal/ maternal
origin in the original t-SNE clustering distribution as in FIG. 5. Data from PN2 libraries have not
been plotted as no genotyping information was available for fetomaternal origin prediction. FIG.
7D shows the expression pattern of stromal (COLIAI, COL3Al, THYI and VIM) and myeloid
(CSFIR, CD14, AIFI and CD53) markers in P5-7 subgroups. FIG. 7E is t-SNE analysis
showing clustering of P5 cells with artificial P4/P7 duplets generated in silico, suggesting that PS5
cells are likely multiplets. FIG. 7F is biaxial scatter plots showing the expression pattern of
genes encoding for human leukocyte antigens among different subgroups of placental cells. FIG.
7G i1s a table summarizing the annotated nature of each cellular subgroup. FIG. 7H shows
cellular subgroup composition heterogeneity in different single-cell transcriptomic datasets.
PN3P/PN3C and PN4P/PN4C represents paired biopsies taken proximal to the umbilical cord
insertion sites (PN3C/ PN4C) and distal at the periphery of the placental disc (PN3P/ PN4P).
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[0139] Our analysis showed that all clusters, except P1, P6, P8, and P9, are of predominant
fetal origin (FIG. 7A,C). P1 transcriptionally corresponds to maternal decidual cells, with strong
expression of DKK1, IGFBPI, and PRL, which are known decidual marker genes (FIG. 6). The
identity 1s consistent with the fetomaternal origin we deduced by fetomaternal SNP ratio analysis,
which classifies P1 as completely maternal. P6 expressed dendritic markers CD14, CD52, CDS83,
CD4 and CDS&6, likely representing maternal uterine dendritic cells (FIG. 6). Meanwhile, P8
expressed high levels of T lymphocyte markers, e.g. CD3G and GZMA. The fetomaternal SNP
ratio analysis suggested that P8 is a mixture of both fetal and maternal lymphocytes (Fig. 7A-C).
Similarly, the homogenous expression of adult and fetal hemoglobin genes such as HBAI, HBB
and HBG1, and the gene encoding the heme biosynthetic enzyme ALAS2 in P9 suggested that
they are composed of erythrocytic cells from fetal cord and maternal source. Determining that
certain regions are preferentially expressed with certain cells more than other cells is similar to

block 212 of FIG. 2.

[0140] The rest of the fetal subgroups (P2-5, 7, 10-12) can be broadly classified into four
groups, 1.e. vascular (P2-3), stromal (P4), macrophagic (PS5, P7) and trophoblastic (P11-13) cells.
P2 cells commonly expressed strong vascular endothelial markers, e.g. CD34, PLVAP and
ICAM. A few cells of maternal origin can also be found in the P2 cluster (FIG. 7C). P3 cells
showed features of vascular smooth muscle cells, with expression of MYHI1 and CNNI. The
large cluster of P4 cells expressed mRNAs of the extracellular matrix proteins ECM1 and
fibromodulin (FMOD), both of which are markers of villous stromal cells. Similar to maternal P6
cells, fetal P5 and P7 clusters also highly expressed activated monocytic/macrophagic genes
CDI4, CSFIR (encoding CD115), CD53 and AIFI. Nonetheless, fetal PS5 and P7 subgroups
showed additional expression of CD163 and CD209, both being markers of placental resident
macrophages (Hofbauer cells) (FIG. 7D). Comparing to P7 cells, the PS5 subgroups also showed
prevalent expression of fibroblastic and mesenchymal genes shared with P4 stromal cells, such
as THYI (encoding CD90), collagen genes (COL3A1, COLIAI) and VIM (FIG. 7D). These
results raised the possibility that the PS5 subgroup may be composed of duplets of P4 and P7 cells
during single-cell encapsulation. To corroborate this hypothesis, we performed in silico duplet
simulation analysis (FIG. 7E) and our result indicated that P5 cells closely resembled the

simulated data and hence likely represented duplets.
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[0141] The trophoblastic clusters (P10-12) can be divided into three subgroups, 1.e.
extravillous trophoblasts (P10: EVTBs), villous cytotrophoblasts (P11: VCTBs) and
syncytiotrophoblasts (P12: SCTBs), based on the expression of trophoblast subtype-specific
genes, PAPPA2, PARPI and CGA, respectively (FIG. 6). Genes involved in the production of
important gestational hormones, including CYPI9A1 (encoding aromatase for estrogen synthesis),
CGA (human chorionic gonadotropin) and GH2 (human placental growth hormone), are all
specifically expressed in SCTBs (P12). It is known that placental EVTBs expressed non-classical
form of human leukocyte antigens (HLAs), such as HLA-G, to promote maternal
immunotolerance of the fetus with uterine NK cells (27-29). Indeed, we detected strong
expression of HLA-G in the EVTBs (P10) subgroup with associated expression of HLA-C and
HLA-E (FIG. 7F). Expression of HLA genes in VCTBs and SCTBs were generally scarce,
whereas classical HLA-A is specifically expressed in non-trophoblast cells (P1-9). Expression of
genes encoding the HLA class Il molecules, such as HLA-DP, HLA-DQ and HLA-DR were
concentrated in P6 and P7, which is consistent with their antigen presenting function in the
maternal dendritic cells and fetal macrophages. Identification of clusters as with particular cell

types may not be required before identifying genes with preferential expression.

[0142] Previous bulk tissue transcriptomic profiling has shown significant spatial
heterogeneity between biopsies taken from different sites of the placenta (30). Comparison of the
compositional heterogeneity of different libraries in our dataset also reflected such variations.
We included two paired biopsies of the placental parenchyma at sites proximal (PN3C & PN4C)
and distal (PN3P & PN4P) to the umbilical cord insertion from two different individuals. (FIG.
4). We found that P1 decidual cells were significantly underrepresented in the PN1 library
compared to others. Instead, the P2 fetal endothelial cells fraction was significant higher in PN1
than other libraries, suggesting high contribution from the umbilical vasculature on the fetal
surface of the placenta in the PN1 biopsy. In contrast, the PN2 library contained the highest
fraction of P1 decidual cells, P6 maternal uterine dendritic cells and P10 EVTBs. The PN2
library likely captured more cells at the deeper fetomaternal interface. Cellular compositions of
biopsies obtained from paired proximal and distal middle sections were more comparable, with
only significant reduction in decidual cells and increased in EVTBs at the distal site, yet the
inter-individual variation remained high (FIG. 7H). These findings highlighted the cellular

heterogeneity in the placenta and the necessities of a single-cell analytical approach.
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[0143] Identification of cell type-specific markers that can be used in plasma RNA analysis
may use additional filtering, as it is known that the pool of plasma RNAs is contributed by
multiple organ sources, in particularly hematopoietic sources (2, 6). Liver-specific RNA, ALB, is
also readily detectable in the plasma (15). To improve cell type specificity, we analyzed the
placental dataset with single-cell transcriptomic data of peripheral blood mononucleated cells of

healthy donors from public dataset (14) (FIG. 8).

[0144] For our data, placental single-cell RNA results and PBMC single-cell RNA sequencing
results are obtained separately. We in-silico merged placental single-cell RNA results and PBMC
single-cell RNA sequencing results first, then computationally removed the batch biases and
performed the clustering analysis. After that, we identified preferentially expressed genes
(genomic regions) present in a particular cluster. Such a cluster can be placental cells or PBMC
cells or a mixture of placental and PBMC cells. In another embodiment, the experiments for cells
derived from different tissues or organs could also be done at the same time and use the

barcoding technologies to trace the sample of origins.

[0145] FIG. 8 shows computational single-cell transcriptomic clustering pattern of placental
cells and public peripheral blood mono-nucleated blood cells by t-SNE visualization. Each dot in
the plot represents the transcriptomic data from a single cell, the proximity of each dot is related
to similarities in RNA expression profiles. The clusters are further colored and grouped into
subgroups (P1-14) based on spatial proximity and expression pattern of known cell type-specific
marker expression. The coloring of the groups corresponds to that of FIG. 5. Based on
expression regions and spatial proximity in computational clustering analysis, the clusters

correspond to the types shown in FIG. 9

[0146] We reasoned that for a gene to be cell type-specific: 1) It should be expressed in the
cells of the testing cell type at sufficient high levels and 2) It should not be expressed in other
non-testing cells in significant levels, 1.e. requiring a minimum expression threshold in the
testing cells and maximum expression threshold in the non-testing cells. 3) The magnitude of
difference in expression should be meaningfully large, which can be quantified by a minimal
threshold value, which can be the absolute difference of expression quantified by certain unit or a
mathematically transformed parameters, e.g. relative fold change, log-transformed fold change,

standard deviations or normalized standard deviations Z score. In situation where single-cell
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RNA transcriptomic profiles of a certain tissue in the comparative group is not available,
comparisons of whole-tissue RNA profiles can further ensure tissue specificity of the cell type-
specific genes, giving that the genes of interest should not show higher expression in other

tissues than the tissues of the testing cell type.

B. Noninvasive elucidation of placental cellular dynamics during pregnancy

[0147] Previous maternal plasma transcriptomic profiling studies showed that certain placenta-
specific transcripts and the overall fractional placental contribution increase with gestation ages
(21, 34). We hypothesized that it may be possible to dissect the dynamic changes of individual
placental cellular components in the maternal plasma cell-free RNAs by establishing the cell
type-specific gene signatures at the single-placental cell level. We identified cell type-specific
signature genes in P1-12 subgroups by z score comparison. However, it is known that placenta-
derived cell-free RNA in maternal plasma circulate in mixture with cell-free RNA derived from
hematopoietic source. Donor-specific plasma DNA analysis in sex-mismatched bone marrow
transplant recipients and tissue-specific DNA methylation analysis in maternal plasma have
shown that about 70% and 10% of the circulating DNA 1in plasma is hematopoietic and hepatic in
origin, respectively (16, 22). To further ensure cell-type expression specificity, we filtered the
placental signature genes by reanalyzing the public peripheral blood mononucleated cells
(PBMC) single-cell transcriptomic profiles and the tissue transcriptome data from the Human

lincRNA Catalog Project (26, 35) (FIG. 10A-E).

[0148] FIGS. 10A-E show the identification of cell type-specific signature genes sets and
noninvasive elucidation of placental cellular dynamic in maternal cell-free RNA. FIG. 10A
shows a biaxial t-SNE plot showing the clustering pattern of peripheral blood mononucleated
cells (PBMC) and placental cells. The PBMC data were downloaded from Zheng et al (26).
Clusters in FIG. 10A were determined using the placenta single-cell RNA sequencing results
merged with PBMC single-cell sequencing data and similar techniques as for diagram 140 in
FIG. 1. FIG. 10B shows a table summarizing the annotated nature of each cellular subgroups in
the placenta/PBMC merged dataset. FIG. 10C shows biaxial scatter plots showing the
expression pattern of specific marker genes among different subgroups of placental cells and

PBMC.
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[0149] FIG. 10D is a heat map showing the average expression of cell-type specific signature
genes in different PBMC and placental cells clusters. The colors indicated in the leftmost vertical
column correspond to the cell cluster coloring in FIG. 10A. The particular rows associated with a
color in the vertical column show the genes used to group cells into the clusters of FIG. 10A. The
colors indicated on the topmost row correspond to the cell-type specificity of the particular gene.
A box with a red color indicates that the particular gene has a relatively high expression level in
a particular cluster, suggesting that the gene is strongly associated with the cell type. A box with
a blue color indicates a gene has a relatively low expression level in a particular cluster, and the

particular gene is weakly associated with the cell type.

[0150] FIG. 10E shows box plots comparing the expression levels of different cell-type
specific genes in human leukocytes, the liver, and the placenta. Expression levels of each cell
type-specific gene in the whole-tissue profile of the placenta, liver, and leukocytes were
compared, and only genes exhibiting the highest expression levels in their corresponding tissue
of origins, placenta, or leukocytes were selected. We then excluded cell clusters that contained
less than 10 differentially expressed genes or cell clusters in which the differentially expressed
genes did not show adequate separation between placenta and leukocyte/liver (P-value > 0.05).
Among the 14 cell clusters in the PBMC—placenta datasets, no specific genes were identified for
cluster P5, and only less than five genes passed the filter for cluster P6, P9, and P11. The gene
signature set of P7 representing placental Hofbauer macrophage was excluded from additional

analysis because of inadequate separation from leukocytes.

[0151] FIG. 10F shows cell signature analysis of the maternal plasma RNA profiles of Koh et
al. (21). In Koh, data were collected at each of three trimesters of pregnancy and 6-weeks
postpartum. Heat maps showing the expression levels of individual cell-type specific genes in
different cell signature gene sets in first trimester maternal plasma (T1), second trimester
maternal plasma (T2), third trimester maternal plasma (T3) and postpartum maternal plasma (PP)
(left column panels). Line plots showing the change of the average cell signature scores of
individual cell-type signature gene sets in different stages of pregnancy (right column panels).

The signature analysis may parallel blocks 216 and 218 described with FIG. 2.

[0152] We then studied the longitudinal expression dynamics of the corresponding cell type-

specific signature gene sets in the maternal plasma RNA profiles from different stages of
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pregnancy in a separate dataset by Tsui et al (20). FIG. 11 shows the placental cellular dynamic
in maternal plasma RNA profiles during pregnancy. Heat maps in the left column of each panel
show the expression levels of individual cell-type specific genes in different cell signature gene
sets in non-pregnancy female plasma (group A), early pregnancy maternal plasma (group B),
mid/late pregnancy maternal plasma (group C), pre-delivery maternal plasma (group D) and
early post-delivery maternal plasma (group E). Line plots in the right column of each panel show
the change of the average cell signature scores of individual cell-type signature gene sets in

different groups of plasma

[0153] With the Tsui dataset, the dynamic patterns of the cell type-specific signature are
consistent with the known biological changes during pregnancy. We observed a dramatic
upregulation of syncytiotrophoblast (SCTB) signature in the maternal plasma RNA of early
pregnancy compared to non-pregnant controls (FIG. 11). The trend peaked at pre-delivery
maternal plasma before rapidly dropping to levels of non-pregnant controls 24 hours after
delivery. A similar pattern can also be found in the extravillous trophoblast (EVTB), placental
stromal cell, and vascular smooth muscle cell signatures. These patterns correspond to the rapid
growth of the stromal, SCTB, and EVTB components of the placenta in early pregnancy and
clearance after placental delivery. Intriguingly, the signature of decidual cells remained
observable in maternal plasma up to 24 hour after delivery. This can be explained by the fact that
release of cell-free RNA from residual maternal decidual tissues may continue after placental
delivery. In contrast, we found that the signature of B cell continued to drop throughout
pregnancy, whereas signature of T cell first dropped and then recovered to non-pregnant levels
before delivery. Consistently, previous studies on pregnancy-associated lymphopenia by flow
cytometry showed that T and B cells levels decline with the progression of pregnancy (36-38)
and peripheral B cell recovery may occur later than T cell (37). Meanwhile, the signature of
monocytes shows a more variable pattern, upregulating in early pregnancy, dipped and rebound
before delivery, in line with the findings of myeloid immunity activation during pregnancy (36,
39-41). We observed dynamic patterns of cell signature found in the Tsui dataset to be consistent
with the Koh dataset (FIG. 10F). These patterns of cell increase and decrease may not be

observable with conventional genomic markers that may not be associated with specific cell

types.
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[0154] These findings demonstrated the ability of cell type-specific signatures analysis to
dissect individual cellular component dynamics in the maternal plasma RNA profiles. One of the
signature scores or a combination of the signature scores could be used in determining the

gestational age of future samples.

C. Deciphering cellular aberrations in preeclampsia placentas from maternal

plasma cell-free RNA

[0155] We next demonstrated that signature gene set expression analysis in plasma RNA can
detect cellular aberrations in complex diseases. We recruited 10 third trimester normal pregnant
controls and 6 women suffering from severe preterm preeclampsia from the Department of
Obstetrics and Gynaecology, Prince of Wales Hospital, Hong Kong. We preserved the plasma
RNA by mixing TRIzol (Ambion) with plasma in a ratio of 3:1 immediately after plasma
isolation and extracted using the RNeasy Mini Kit (Qiagen). We quantified the RNA by
NanoDrop ND-2000 Spectrophotometer (Invitrogen) and real-time quantitative PCR targeting
GAPDH on a LightCycler 96 System (Roche). We performed cDNA reverse transcription and
second strand synthesis by Ovation RNA-seq System V2 (NuGEN). The amplified and purified
cDNA was sonicated into 250-bp fragments using a Covaris S2 Ultrasonicator (Covaris) and
RNA-seq library construction was constructed by Ovation RNA-seq System V2 (NuGEN). All
libraries were quantified by Qubit (Invitrogen) and real-time quantitative PCR on a LightCycler
96 System (Roche), and subsequently sequenced on a NextSeq 500 system (Illumina).

[0156] We reasoned that cellular pathology in preeclamptic placentas might affect the release
and hence the levels of the cell-type specific RNAs in the maternal plasma. The cellular origin of
the pathology can therefore be revealed by comparing the expression levels of different cell type-
specific signatures in the maternal plasma of preeclamptic patients with healthy pregnant

controls.

[0157] We compared the signature gene set expression of multiple cell types between healthy
third-trimester pregnancy controls with patients suffering from severe early preeclampsia. We
found a specific and significant elevation in the signature gene set of extravillous trophoblast.
This is consistent with previous reports that trophoblastic apoptosis is increased in preeclampsia

placenta (20-27).
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[0158] Strikingly, we found that the EVTB signature is consistently upregulated in
preeclamptic patients in two separate cohorts assayed with different plasma RNA library
preparation chemistries (P =0.045, two-tailed two-sample Wilcoxon signed rank test) (FIG. 12A,
FIG. 14A). These results pointed to an increased release of EVTB-derived cell-free RNA into
the maternal circulation in preeclampsia. We then validated this finding directly at the tissue
level. We characterized the single-cell transcriptome of placental biopsies from four
preeclamptic patients and compared the intra-cluster transcriptomic heterogeneity in the HLA-G-
expressing EVTB clusters between normal term and preeclamptic placentas to reveal the
abnormalities in different biological processes (FIG. 14B). Gene set enrichment analysis also
confirmed significant enrichment of cell death-related genes in the preeclampsia EVTB cluster
(FIG. 12B). FIG. 13 shows that the signature scores of decidual cells, endothelial cells, and
syncytiotrophoblast cells do not have a statistically different signature scores for preeclampsia

and control subjects, while the signature score for EVTB is statistically different.

[0159] FIG. B10 shows the comparison of cell signature score levels of extravillous
trophoblast in maternal plasma samples from third trimester controls and severe early PE patients
(p <0.05). Two-sample two-tailed Wilcoxon signed rank test was performed to test for statistical
significance. The signature score level for preeclampsia (PE) placentas is significantly different

from the controls.

[0160] These results suggested that EVTB in preeclampsia placentas have higher levels of cell
death. This conclusion is in line with previous reports that trophoblastic apoptosis, in particular
for invasive trophoblasts, is increased in preeclampsia (44-51). These offered a mechanistic
explanation for the upregulation of the EVTB signatures in the maternal plasma of preeclamptic
patients. In short, we demonstrated the ability of plasma cell-free RNA cellular signature
analysis as a noninvasive hypothesis-free exploratory tool in revealing hidden cellular pathology
of a complex organ source and providing a noninvasive approach for molecular diagnosis of
preeclampsia. These results showed that the analytical approach of detecting changes of cell
type-specific transcripts discovered through single-cell RNA expression profile analysis in cell-
free plasma RNA can be used to detect, differentiate and monitor pathology affecting a complex

organ.
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D. Discussion

[0161] The potential of single-cell transcriptomic analysis on placental biology can be seen in
a recent study, where Pavlicev et al profiled 87 microdissected placental cells from the human
term placentas and successfully inferred potential inter-cellular communication (54). In this
current study, we harnessed the power of microfluidic single-cell transcriptomic technology to
establish a large-scale cellular transcriptomic atlas of the human placenta, profiling more than
24,000 non-marker selected cells from normal term and preeclamptic placentas. We annotated
the fetomaternal origin of individual cells using both genetic and transcriptional information to
provide a comprehensive picture of placental cellular heterogeneity including decidual cells,

resident immune cells, vascular and stromal cells.

[0162] Finally, we demonstrated the feasibility of integrating single-cell transcriptomic
analysis with plasma circulating RNA analysis in dissecting the complex cellular dynamics
during normal pregnancy progression and the cellular pathology in preeclampsia placentas
noninvasively. Deriving cellular dynamic information using limited known markers is hampered
by the high technical variations in detecting the low levels of cell-free RNA in maternal plasma.
We overcome this problem by de novo discovery of cell type-specific signature genes from
large-scale single-cell transcriptomic profiling, and a gene set analytical basis to harness
information of all cell type-specific genes. Comparable cellular dynamic patterns can be
observed in two independent maternal plasma RNA datasets (20, 27). The cellular dynamics of
trophoblastic and hematopoietic cell types revealed by cell-free RNA cell signature analysis are
consistent with some of the known changes in the hematopoietic system and placental during
pregnancy. More importantly, this analysis allowed the discovery of differential expression of
the EVTB signatures as one of the cellular aberrations in PET patients in a hypothesis-free
manner, which reflected pathology at the tissue level. As invasive placental biopsy in healthy
pregnant women is infeasible, cell-free RNA cell type-specific signature analysis will be an
important molecular tool in exploratory in vivo studies to differentiate cellular pathology in
different forms of placental dysfunction and offer clinical diagnostic information. With
continuous improvement in the cost-effectiveness of large-scale single-cell transcriptomic
technology and the effort of the Human Cellular Atlas Initiative in profiling the cellular

transcriptomic heterogeneity of all cellular subtypes in major human organs (26, 56-58), it can be
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envisioned that the same approach can be extended to other situations such as tumor clonal
dynamics dissection in cell-free tumor RNAs and noninvasive exploration of the cellular

pathology in other gestational diseases.

[0163] In short, our study established a large-scale single-cell transcriptomic atlas of the
normal and preeclamptic placentas and showcased the power of integrative analysis of single-cell
transcriptomics and plasma cell-free RNA as a novel noninvasive tool for the elucidation of

cellular dynamics and aberrations in complex biological systems and molecular diagnosis.

E. Materials and Methods
1. Subjects, sample collection and processing

[0164] This study was approved by the institutional ethics committee and informed consent
was obtained after the nature and possible consequences of the studies were explained. Healthy
or severely preeclamptic pregnant women (FIG. 4) were recruited from the Department of
Obstetrics and Gynaecology, Prince of Wales Hospital, Hong Kong with informed consent. We
recruited patients with early onset preeclampsia requiring delivery at 24-33™° weeks’ gestation
with blood pressure >140/90 mmHg on at least 2 occasions 4 hours apart developing after 20
weeks’ gestation with proteinuria of >300 mg in 24 hours or >30 mg/mmol in protein/creatinine
ratio or 2 readings of >2+ on dipstick analysis of midstream or catheter urine specimens if no 24-

hour collection is available. Only patients with delivery by cesarean section were recruited.

[0165] For each case, 20 mL of maternal peripheral blood was collected into EDTA-containing
tubes before elective cesarean section. Plasma was isolated by a double centrifugation protocol
as previously described (20). For placental parenchymal biopsy, 1 cm® placental tissue was
dissected freshly after delivery from a region 2 cm deep and 5 cm away from the umbilical cord
insertion after peeling of the membrane. In some cases, a peripheral site of tissue sampling was
also taken from the placental rim (periphery). The dissected tissues were then washed in PBS.
Tissues were then subjected to enzymatic digestion using the Umbilical Cord Dissociation Kit
(Miltenyi Biotech) according to manufacturer’s protocol. Red blood cells were lysed and
removed by ACK buffer (Invitrogen). Cell debris was removed by a 100 um filter (Milteny1
Biotech) and the single cell suspension was washed again three times in PBS (Invitrogen).

Successful dissociation was confirmed under a microscope.
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2. Plasma and bulk tissue RNA extraction and library preparation

[0166] Plasma RNA was preserved by mixing TRIzol (Ambion) with plasma in a ratio of 3:1
immediately after plasma isolation. Plasma RNA was then extracted using the RNeasy Mini Kit
(Qiagen). All extracted RNA was quantified by NanoDrop ND-2000 Spectrophotometer
(Invitrogen) and Real-time quantitative PCR on a LightCycler 96 System (Roche). cDNA
reverse transcription and second strand synthesis were done by Ovation RNA-seq System V2
(NuGEN) according to the manufacturer’s protocol. Amplified and purified cDNA was sonicated
into 250-bp fragments using a Covaris S2 Ultrasonicator (Covaris). RNA-seq library
construction was done by Ovation RNA-seq System V2 (NuGEN) according to manufacturer’s
instructions. All libraries were quantified by Qubit (Invitrogen) and real-time quantitative PCR

on a LightCycler 96 System (Roche).

3. Single cell encapsulation, in-droplet RT-PCR and sequencing library

preparation

[0167] Single cell RNA-seq libraries were generated using the Chromium Single Cell 3°
Reagent Kit (10x Genomics) as described (26). Briefly, single cell suspension without prior
selection (cell concentration between 200 to 1000 cells/ul PBS) was mixed with RT-PCR master
mix and loaded together with Single Cell 3° Gel Beads and Partitioning O1l into a Single Cell 3’
Chip (10X Genomics) according to manufacturer’s instructions. RNA transcripts from single
cells were uniquely barcoded and reverse transcribed within droplets. cDNA molecules were pre-
amplified and pooled followed by library construction according to manufacturer’s instructions.
All libraries were quantified by Qubit and real-time quantitative PCR on a LightCycler 96
System (Roche). The size profiles of the pre-amplified cDNA and sequencing libraries were
examined by the Agilent High Sensitivity DS000 and High Sensitivity D1000 ScreenTape
Systems (Agilent), respectively.

4, Sequencing, alignment and gene expression quantification
[0168] All single-cell libraries were sequenced with a customized paired-end (PE) with dual
indexing (98/14/8/10-bp) format, according to the manufacturer’s recommendation. The data

were aligned mapped to the human reference genome and quantified as number of unique

molecular identifiers (UMIs) using the Cell Ranger Single-Cell Software Suite (version 1.0) as
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described by Zheng et al (26). In short, samples were demultiplexed based on the 8 bp sample
index, 10 bp UMI tags and the 14 bp GemCode barcode. The 98 bp-long read 1 containing the
cDNA sequence was aligned using STAR (59) against the hgl9 human reference genome. UMI
quantification, GemCode and cell barcodes filtering based on error detection by Hamming

distance were performed as described by Zheng et al (26).

[0169] For alignment of the plasma RNA library, adaptor sequences and low quality bases on
the fragment ends (i.e., quality score, <5) were trimmed and reads were aligned to the human
reference genome (hg19) using the TopHat (v2.0.4) with the following parameters:
transcriptome-mismatches=3; mate-std-dev=50; genome-read-mismatches=3 with the pair-end
alignment option as well as the annotated gene model file downloaded from UCSC
(http://genome.ucsc.edu/). Gene expression quantification was performed by an in-house script
quantifying the number of reads overlapping with exonic regions on genes annotated in the

Ensembl GTFs (GRCh37.p13).

[0170] All libraries were sequenced on a MiSeq system (Illumina) or a NextSeq 500 system
(Illumina) using the Miseq Reagent v3 Kit (Illumina) or NextSeq 500 High Output v2 Kit

(Illumina), respectively.

S. Fetal and maternal origin determination

[0171] To differentiate the genetic origin of the cell, maternal and fetal genotypes were first
determined by the iScan system (Illumina) using buffy coat and placenta tissues, respectively.
Genotype information of case M12491 (PN2) was not available due to limitation of biopsy
materials. Informative SNPs covered by sequencing reads were then identified, in which a SNP
is classified as maternal-specific when it is heterozygous in the mother (A/B) and homozygous in
the fetus (A/A). Fetal-specific SNPs were classified vice versa. Next, we calculated the allele

ratio (R) as fellow:

. B
- (A+B)

B: Allelic count of the origin-specific SNP B

A: Allelic count of the common SNP A.
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[0172] Fetal-specific allelic ratio (Ry) and maternal-specific allelic ratio (R,,) were obtained
for each cell. A cell would be annotated as 1) fetal origin, if R > R,; 2) maternal origin, R, >

Ry; 3) undetermined, if R, = Ry or if there are no reads covering any informative SNPs.

6. Duplet simulation

[0173] Gene expression matrix of 1365 P4 cells and 526 P7 cells were first extracted from the
PN3C dataset. To emulate 100 duplet data points, the transcriptome of the duplet was modeled as
random mixture of 1 P4 cell and 1 P7 cell. The gene expression levels of the artificial duplets
were set as the average of the two cells. PCA was then performed. The first 10 factors after PCA
analysis were further utilized to carry out the t-SNE clustering. The prcomp and Rtsne package in

R were employed during the clustering step for PCA and t-SNE, respectively.

7. Identification of cell-specific genes

[0174] Single-cell transcriptomic data of peripheral blood mononucleated cells were retrieved
from the public domain of 10X Genomics at https://support. 1 0xgenomics.com/single-
cell/datasets. The dataset was previously published (26). The PBMC dataset were merged with
the placenta dataset and normalized by random read subsampling using the cellrangerRkit
version 0.99.0 package. t-SNE clustering was performed with built-in functions in the
cellrangerRkit package using the first 10 principal components. Cells clusters were topologically
identified in the biaxial t-SNE plots based on known marker gene expression and spatial

proximity.
[0175] The criteria for cell type-specific gene selection is as follows:
1. Genes with expression z score greater than 3, AND

Gene expression z scores is calculated as:

Z¢: Z score for gene g
ga: average expression level in cell type A, (log2-transformed normalized UMI count)

g average expression level in non-A cells
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sz : standard deviation of expression in non-A cells.

2. Average gene expression levels (log2-transformed normalized UMI) in testing cell type

greater than threshold (>0.1), AND

3. Average gene expression levels (log2-transformed normalized UMI) in non-testing cells

less than threshold (<0.01) AND

4. The gene expression levels (log-transformed FPKM) in whole tissue profile of liver,
placenta and white blood cells from the Human lincRNA Catalog Project (14, 16)
showing the highest expression in their source organs, i.e. genes from cell groups
annotated as placental cells showing the highest expression in the whole tissue profiles of
placenta, comparing to liver and white blood cells; genes from cell groups annotated as
white blood cells (P8, P9, P13 and P14 genes) showing the highest expression in the

whole tissue profiles of white blood cells, comparing to liver and placenta.

[0176] The average expression level may be a mean, median, or mode. The thresholds while
listed as 0.01 and 0.1 may vary depending on a desired specificity or sensitivity. The thresholds
may be chosen from 0.005, 0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.1,0.2, 0.3, 0.4,
or 0.5. Among the 14 cell clusters in the PBMC-placenta datasets, no specific genes were
identified for cluster PS5 and only less than 5 genes passed the filter for cluster P6, P9, and P11.
Cellular dynamics analysis was not performed in these four clusters due to the low number of
genes identified. Expression levels of genes in the bulk tissue profile of the placenta, liver, and
leukocytes were compared to further select gene sets that showed highest expression specificity
in the placenta. Genes in gene sets of placental cells and peripheral blood cells have to show the
highest expression in the placenta and leukocyte bulk profiles, respectively. The bulk tissue
expression datasets were retrieved online from the Human lincRNAs Catalog project (35)
http://www.broadinstitute.org/genome_bio/human_lincrnas/. P7 regions were removed from
further analysis due to inadequate placenta and leukocyte/liver separation (FIG. 10E). A list of
genes can be found in FIG. 16 and the heat map of the genes is displayed in FIG. 17. The list of
genes may be the set of preferentially expressed regions for placental cells and PBMC.

43



10

15

20

25

WO 2018/210275 PCT/CN2018/087136

8. Signature score analysis

[0177] We reasoned that using single RNA transcript as marker to monitor cellular dynamics
in plasma RNA will be subjected to detection variability of massively parallel RNA-sequencing
due to the low levels of RNA in plasma. The problem can be improved by taking into account of

multiple cell type-specific genes in a defined gene set.

[0178] We therefore measured the expression levels of individual cell type-specific signature
gene sets in the plasma RNA profiles by a quantifiable composite parameter (S: Cell signature
score). In one example, we computed the arithmetic mean of log2-transformed expression level

of genes in the gene set as the measure of S in the plasma RNA.

n
1
S= —Z log(Ex +1)
=

S: Signature score
n: Total number of cell-specific genes in the gene set
E: Expression level of the cell-specific gene

[0179] In embodiments, the cell type-specific signature score can range from O to infinity,
dependent on the limit of the expression levels of the constituent cell type-specific genes. Its unit
is also dependent on the unit of the way that RNA expression is quantified. Nevertheless, cell
type-specific signature scores of different cellular components of interest in the plasma RNA
profile are not fractional representation and do not necessarily sum to 100%. This means that
changes of the signature score of one particular cell type in the plasma RNA profile may not
necessarily result in reciprocal changes of the signature scores of other cell types which are
irrelevant in the disease of interest. The calculation of the signature score may be one way of

measuring the signature score, as described in block 216 of FIG. 2.

9. Placental cellular dynamic analysis

[0180] We reanalyzed the maternal plasma RNA profiles from Tsui et al (20). In additions, we
generated new plasma RNA data from 2 healthy pregnant women (24-30™ weeks of gestation)

and 2 pregnant women suffering from severe preeclampsia following the method described by
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Tsui et al (20). The plasma RNA profiles were normalized by size factor normalization using
DESeq2 (60). The cell type-specific signature scores of each plasma RNA profile were
calculated as the average normalized count levels of the specific signature gene set. The maternal
plasma samples were grouped into 5 groups (A: Non-pregnant; B: Early pregnancy (13"-20"
week); C: Mid/Late pregnancy (24™-30" week); D: Pre-delivery; E: 24-hours Postpartum). The
average signature scores of each group were then compared as the change with respective to non-
pregnant level to illustrate the cellular dynamics in pregnancy progression. Alternatively,
maternal plasma RNA-seq profiles of Koh et al (27) were retrieved from SRP042027. The data
were aligned using STAR (59). Cases with mappable reads > 1,000,000 and samples across four
different time points (1% trimester, 2™ trimester, 3" trimester and 6 weeks postpartum) were
selected for further analysis (Case 2, 15, 24 and 32). The average signature scores in each group
were calculated as described above. The change is then visualized as the change with respective
to first-trimester pregnant women level. Dynamics of P4 (Stromal cells) was not analyzed due to

low number (<50%) of signature genes detected in the plasma profiles.

10.  Placental cellular signature expression comparison in PET and

normal maternal plasma

[0181] The maternal plasma RNA levels of different cell type-specific signatures were
compared between group C (Mid/Late pregnancy plasma) and 2 preeclampsia toxaemia (PET)
patients (data shown in Fig. 14A). A new cohort of 5 PET patients and 8 healthy third-trimester
pregnant women were recruited to validate the finding of differential EVTB cell signature
expression in the Tsui dataset. In this new cohort, the plasma RNA profiles were generated using
the Ovation RNA-Seq System V2 (NuGEN) similar to that of Koh et al (27) and analyzed as
described above. The statistical significance of the differences of EVTB signature between PET

and healthy controls were determined by two-tailed two-sample Wilcoxon signed rank test.

11.  Microarray genotyping and single nucleotide polymorphism (SNP)

identification

[0182] Genomic DNA extracted from maternal buffy coat and placental tissue biopsies was
genotyped with the Infinium Omni2.5-8 V1.2 Kit and the iScan system (Illumina). SNP calling

were performed using the Birdseed v2 algorithm. The fetal genotypes of the placentas were
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compared with the maternal buffy coat genotypes to identify the fetal-specific SNP alleles. A
SNP was considered as informative if it was homozygous in the mother and heterozygous in the

fetus.

12, Statistical analysis

[0183] Details of statistical analyses were described in the corresponding section above. We

regard a P-value less than 0.05 as statistically significant.

III. INTEGRATIVE SINGLE-CELL AND CELL-FREE PLASMA RNA ANALYSIS
FOR CANCER AND SLE

[0184] The integrative single-cell and cell-free plasma RNA analysis described for pregnancy
and preeclampsia can be applied to conditions that may not be related to pregnancy. For example,
the analysis can be used to determine expressed markers for systemic lupus erythematosus (SLE)

and cancer.

A. Detecting blood cell aberrations in autoimmune systemic lupus erythematosis

(SLE)

[0185] In another example, we demonstrated that this analytical approach can be used to reveal
the cellular aberrations of other biological systems in non-gestational diseases. In this
exemplification, we studied the plasma cell-free RNA profiles of two patients suffering from
systemic erythematosus (SLE), recruited from the Department of Medicine and Therapeutics,
Prince of Wales Hospital, Hong Kong. Both of them have presence of anti-dsDNA antibodies in
the circulation and proteinuria. Placenta cells and PBMC cells were used for this analysis. We
showed that the B-cell specific signature levels discovered in our previous analysis is
consistently reduced in SLE patients (FIG. 18). This is consistent with the fact that B cell

abnormalities have been recognized as the major pathological mechanism in SLE (28).

B. Detecting liver cancer in hepatitis B virus infected patients

[0186] In another example, we demonstrated application in the detection and monitoring of
treatment in cancer patients. As an exemplification, we profiled the single-cell RNA

transcriptome profiles non-marker selected cells from 4 tumor resection biopsies of HBV-related
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hepatocellular carcinoma (HCC) and their adjacent non-tumorous tissues (Sample 2140, 2138,

2096 and 2058). FIG. C21 shows the sample name and the clinical conditions for the sample.

[0187] The tumor and non-tumor liver tissues were washed by PBS buffer, and were
dissociated by 0.5% collagenase A (Sigma Aldrich) digestion for about 1 hour at 37 degree
Celsius. The tissues were gently triturated and filtered by 100 pm strainer (Miltenyi Biotech) to
remove large debris. Red blood cells were lysed by ACK buffer (Invitrogen) for 1 minute in
room temperature and the cells were washed again using hepatocyte washing medium (Thermo
Fisher Scientific) before final filtering with 70 pm strainer (Miltenyi Biotech). Successful

dissociation was confirmed under a microscope.

[0188] Single cell transcriptomic libraries were generated using the Chromium Single Cell 3’
Library & Gel Bead Kit v2 (10x Genomics). Cells were loaded into a Single Cell 3> Chip (10X
Genomics), about 4000 cells were aimed for targeted cell recovery per sample. RNA transcripts
from single cells were uniquely barcoded and reverse transcribed within droplets. cDNA
molecules were pre-amplified and pooled followed by library construction according to protocol
instruction. All libraries were quantified by Qubit and real-time quantitative PCR on a
LightCycler 96 System (Roche). The size profiles of the pre-amplified cDNA and sequencing
libraries were examined by the Agilent High Sensitivity DS000 and High Sensitivity D1000
ScreenTape Systems (Agilent), respectively. The libraries were sequenced on massively parallel
sequencer (HiSeq2500, Illumina). Sequencing reads were mapped to the human reference
genome and gene expression quantification as number of unique molecular identifiers (UMIs)

were performed using the Cell Ranger pipeline version 2.0 by 10X Genomics.

[0189] To remove poor quality cells from the data after Cell Ranger pipeline processing, we
removed cells which showed no expression of the housekeeping gene ACTB, or cells with
fraction of total UMI count originating from mitochondria-encoded genes >20%, or cells with
total UMI counts below the 5™ percentile or above the 95" percentile in their sample of origin, or
cells with number of genes below the 5™ percentile or above the 95" percentile in their sample of
origin. Principal component analysis was performed and the first 5 principal components, which
captured the most significant variation in the dataset, were selected for two dimensional t-

stochastic neighborhood embedding.
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[0190] Based on proximity of cells in the t-SNE projection and expression of know cell
markers, we annotated the biological identity of the cells into six cell groups for cell-type
specific marker discovery: Hepatocyte-like cells, cholangiocyte-like cells, myofibroblast-like

cells, endothelial cells, lymphoid cells, and myeloid cells.

[0191] FIG. 20 shows the expression pattern of selected genes (titled in each panel) that are
known to be specific to certain types of cells in the human liver (expression quantified as log-
transformed UMI counts). Each dot in the plot represents the transcriptomic data from a single
cell. Grey color indicates no expression, and the brighter the shades of orange-red indicates the

higher levels of expression.

[0192] FIG. 21 shows computational single-cell transcriptomic clustering pattern of HCC and
adjacent non-tumor liver cells by PCA-t-SNE visualization. Each dot in the plot represents the
transcriptomic data from a single cell, the proximity of each dot is related to similarities in RNA
expression profiles. The clusters are further colored and grouped into 6 subgroups based on
spatial proximity and expression pattern of known cell type-specific marker expression as noted

in FIG. 20. The numbers in bracket indicates the number of cells in corresponding cell types.

[0193] In this example, we selected cell type-specific genes again using Z score statistics as
the difference threshold (Z>=3), normalized UMI counts <0.2/cell type as the maximum
threshold in comparative cell types and normalized UMI counts >=1 UMI/cell type as the

minimal threshold in the testing cell group.
1. Genes with expression z score greater than 3, AND

Gene expression z scores are calculated as:

Z¢: Z score for gene g
Jga: average expression level of gene g in testing cell type A (normalized UMI count)
9. mean of the average expression level of gene g in other non-A comparative cell types

(normalized UMI count)
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s : standard deviation of the average expression in other non-A comparative cell types.

2. Average expression levels (normalized UMI) in testing cell type greater than threshold

(>=1 UMl/cell), AND

3. Average expression levels (normalized UMI) in other comparative cell types less than

threshold (<0.2 UMlI/cell type)

[0194] FIG. 22 shows identification of cell type-specific genes in the HCC/liver single-cell
RNA transcriptomic dataset. Cell type-specific genes of each annotated cell types were presented
in expression heat maps. The numbers in bracket indicate the total number of cell type-specific
genes in the corresponding cell type. FIG. 23 shows a listing of the cell type-specific genes. Any

of the genes in the listing may be in the set of one or more preferentially expressed regions.

[0195] Comparisons with whole-tissue or single-cell expression profiles of other human
organs/tissues, e.g. placenta and PBMC, were not necessarily required in this example, since the
patient is non-pregnant and the HCC/liver single-cell RNA transcriptomic dataset already

contained the two major groups of blood cells (lymphoid and myeloid cells).

[0196] We then demonstrated the utility of the cell type-specific gene sets in the detection and
monitoring of patients with hepatocellular carcinoma and chronic hepatitis B with or without

cirrhosis.

[0197] In this example, we recruited and analyzed the plasma RNA profiles of healthy controls
(n=8), patients with hepatitis B virus (HBV) infection and cirrhosis (n=23), patients with
hepatitis B virus (HBV) infection and no cirrhosis (n=18), patients with hepatitis B virus (HBV)-
associated hepatocellular carcinoma (n=12) and patients received HBV-associated hepatocellular
resection surgery 24-hour prior (n=7). Chronic HBV infection is defined by the presence of
hepatitis B virus surface antigen (HBsAg) and cirrhosis is defined by ultrasound imaging
evidence. The plasma RNA samples were processed as described similar to the maternal plasma

samples.

[0198] FIG. 24 shows a comparison of cell signature scores of different cell types in plasma
samples (Left to right) from healthy controls, chronic HBV without cirrhosis, chronic HBV with
cirrhosis and HCC pre-operation and HCC post-operation patients. Kruskal-Wallis test by ranks
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was performed for non-parametric analysis of variance and two-sample two-tailed Wilcoxon
signed rank tests were performed to test for statistical significance between sample groups in cell
types showing statistical significance (K-W p < 0.05). The p values were adjusted for multiple
testing by Benjamini-Hochberg method * p <0.05, ** p <0.01. The Y-axis denotes the cell
signature scores computed as described. The numbers in bracket indicate the total number of cell

type-specific genes in the corresponding cell type.

[0199] Comparisons of signature scores of each cell types in the plasma RNA profiles showed
that the hepatocyte-like cell signature is significantly elevated in patients with confirmed
hepatocellular carcinoma compared to other patient groups. The signal is reduced in HCC
patients 24 hours after tumor resection. In contrast, lymphoid cell signature score is reduced

significantly in patient with HCC compared to healthy controls.

[0200] In another example, we demonstrated that analysis combining more than one cell
signature scores can improve differentiation of HBV-related HCC patients from non-HCC HBV
patients by plasma RNA analysis. Chan et al previously showed that targeted detection of a
single liver-specific transcript, ALB, in plasma RNA by real-time quantitative PCR assay can be
utilized to detect liver pathology, such as transplant monitoring, HCC and cirrhosis (30). We
therefore compared the diagnostic performance of ALB transcript detection and plasma RNA
cell-type specific signature score measurement in differentiation of HBV-related HCC patients

from non-HCC HBYV patients with and without cirrhosis.

[0201] FIG. 25 shows receiver operating characteristic curves of different approaches in the
differentiation of non-HCC HBV (with or without cirrhosis) versus HBV-HCC patients. The left
panel shows comparison of performance using the level of single liver-specific transcript ALB in
plasma, ratio of hepatocyte-like to lymphoid cell signature score, and ratio of hepatocyte-like to
myeloid cell signature score. The right panel compared the diagnostic performance of ALB alone,
hepatocyte-like alone, lymphoid alone, and myeloid alone signature scores. The numbers in

bracket denote the area under curve. The p values by DeLong’s test is given.

[0202] Receiver operating characteristics curve analysis showed that cell type-specific
signature score of hepatocyte-like cells (0.7907) has higher area under curve than ALB transcript
(0.6423) (DeLong’s test p = 0.02531). The area under curve 1s further increased if the ratio of
hepatocyte-like cells to lymphoid cells (0.815) or the ratio of hepatocyte-like cells to myeloid
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cells (0.8049) is used. These results suggested that the mathematical transformation of the
quantitative relationship of different cell type-specific signatures can be utilized to improve

plasma RNA diagnostics.

[0203] In another example, we further separated the hepatocyte-like cell group into 5
subgroups (H1-5) based on clustering pattern on t-SNE projection, as shown in FIG. 26. In FIG.
26, the numbers in the brackets represent the number of cells in each subgroup. FIG. 26 is based
on the same cells that were in FIG. 21. The hepatocyte-like cluster in FIG. 21 by the spatial
pattern that subgroups may be present. In addition, we expected that the hepatocyte cells may

include both normal liver cells and tumor cells.

[0204] FIG. 27 shows the origin of cells in the five subgroups. Analysis of the library origins
of cells showed that H1 is composed of cells from adjacent non-tumor liver tissues primarily. H2,

H3, H4, and HS are dominated by cells from tumor tissues of the four tissue donors individually.

[0205] Division of other clusters into subgroups or subgroups into further subgroups may be
possible. The decision to analyze subgroups may depend on prior knowledge regarding the

tissues (e.g., biological hypothesis driven) and/or statistical analysis (e.g., k-mean statistics).

[0206] For example, in tumor single cell RNA results, we expect at least six hidden cell types
including infiltrating lymphoid cells and myeloid cells, normal liver cells, tumor cells,
endothelial cells, and cholangiocyte cells. Thus, we try to locate six clusters first with the use of
k-mean clustering results plus the expression patterns of known markers. Once we saw the
elevated signal of hepatic clusters in plasma RNA results, then we decide to further subtype the
hepatic cluster according to shapes of sub-clusters shown in the 2D t-SNE plot because we
expected that tumor cells would be present in the hepatic cluster. There were five sub-sub groups

present in hepatic clusters showing relatively clear boundaries.

[0207] Alternatively, we can use some statistics approaches to determine the number of
clusters which should be taken into account. For example, (1) we can stop look into the
subgroups of subgroups when the total intra-cluster variation is minimized. The total intra-cluster
variation reflects the compactness of the clustering which are supposed to be minimized (ref.
Kaufman, L. and P.J. Rousseeuw, Finding Groups in Data (John Wiley & Sons, New York,

1990); (2) the optimal number of clusters could be the one that maximize average silhouette

51



10

15

20

25

WO 2018/210275 PCT/CN2018/087136

(Peter J. Rousseeuw (1987). “Silhouettes: a Graphical Aid to the Interpretation and Validation of
Cluster Analysis.” Computational and Applied Mathematics. 20: 53—65); (3) the optimal number
of clusters could also the one that maximizes the gap statistic (R. Tibshirani, G. Walther, and T.
Hastie (Stanford University, 2001). http://web.stanford.edu/~hastie/Papers/gap.pdf). The gap
statistic is used to mean the deviation in intra-cluster variation between the reference data set

with a random uniform distribution (computational simulation) and observed clusters.

[0208] Cell subgroup-specific genes identification of the H1-HS subgroups using Z score
statistics as the difference threshold (Z>=3), normalized UMI counts <0.5/cell type as the
maximum threshold in comparative cell types and normalized UMI counts >=1 UMI/cell type as

the minimal threshold in the testing cell group identified 16 H1-HS specific genes.

[0209] FIG. 28 is an expression heat map showing the expression of H2 subgroup-specific
gene GPC3, H3 subgroup-specific gene REGIA, and H4-subgroup specific gene AKRIBI0 in the
plasma RNA profile of healthy controls, patients of HBV without cirrhosis, patients of HBV with
cirrhosis, patients of HBV-related HCC and patients received HCC resection surgery 24-48
hours prior. We found that 3 genes (REGIA, GPC3 and AKRIBI0) are specifically expressed in
the plasma RNA of HCC patients before surgery, completely absent in healthy controls and
absent in non-HCC HBV patients with or without cirrhosis (specificity = 100%, 49/49).
Combining detection of all three genes, the sensitivity of HCC detection is 66.67% (8/12). FIG.

29 shows the list of subgroup-specific genes.

IV.  CONCLUSION

[0210] We illustrated the concept of cellular information derivation from acellular materials,
such as plasma RNA, using single-cell RNA transcriptomic information of the tissue of interest.
A quantitative signature scores can be computed based on the expression levels of certain RNA
transcripts in the plasma which were selected based on cell type-specificity identified in single-
cell RNA transcriptomic dataset of the source tissue to detect pathology and monitor the change
of the source tissues. We illustrated this using pregnancy progression, detection of severe early
preeclampsia, autoimmune systemic lupus erythematosus and liver cancer as examples. It is

applicable in subtyping of disease such as separation of non-HCC HBYV infection and HBV-
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related HCC patients, and treatment outcome using changes of pre-operative and post-operative

patients with liver cancer resection as example.

[0211] This approach can be expanded to genomic and epigenomic analysis in cell-free DNA
analysis, where cell type-specific genomic mutations or cell type-specific epigenomic changes,
for example, DNA methylation, histone modifications, can be first defined at the single-cell level

in the tissue of interest and be quantified in the cell-free DNA profile.

V. EXAMPLE SYSTEMS

[0212] FIG. 30 illustrates a system 3000 according to an embodiment of the present invention.
The system as shown includes a sample 3005, such as cell-free DNA molecules within a sample
holder 3010, where sample 3005 can be contacted with an assay 3008 to provide a signal of a
physical characteristic 3015. In some embodiments, sample 3005 may be a single cell with
nucleic acid material. 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 including
the assay). Physical characteristic 3015, such as a fluorescence intensity value, from the sample
is detected by detector 3020. 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 3025 is sent from detector 3020 to logic system 3030. Data signal 3025 may

be stored in a local memory 3035, an external memory 3040, or a storage device 3045.

[0213] Logic system 3030 may be, or may include, a computer system, ASIC, microprocessor,
etc. It may also include or be coupled with a display (e.g., monitor, LED display, etc.) and a user
input device (e.g., mouse, keyboard, buttons, etc.). Logic system 3030 and the other components
may be part of a stand-alone or network connected computer system, or they may be directly
attached to or incorporated in a thermal cycler device. Logic system 3030 may also include

optimization software that executes in a processor 3050.

[0117] Any of the computer systems mentioned herein may utilize any suitable number of
subsystems. Examples of such subsystems are shown in FIG. 31 in computer apparatus 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
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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.

[0215] The subsystems shown in FIG. 31 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 input/output (I/O) devices, which
couple to I/O controller 71, can be connected to the computer system by any number of
connections known in the art such as input/output (I/O) port 77 (e.g., USB, FireWire®). For
example, I/O 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 input device, or a
scanner. The interconnection via system bus 75 allows the central processor 73 to communicate
with each subsystem and to control the execution of a plurality of instructions 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 medium. Another subsystem is 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.

[0216] A computer system can include a plurality of the same components or subsystems, e.g.,
connected together by external interface 81 or by an internal interface. 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.

[0217] 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
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and appreciate other ways and/or methods to implement embodiments of the present invention

using hardware and a combination of hardware and software.

[0218] Any of the software components or functions described in this application may be
implemented 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 include
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.

[0219] Such programs may also be encoded and transmitted using carrier signals adapted for
transmission via wired, optical, and/or wireless networks conforming to a variety of protocols,
including 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 (e.g., via Internet
download). Any such computer readable medium may reside on or within a single computer
product (e.g. a hard drive, a CD, 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 herein to a

user.

[0220] Any of the methods described herein may be totally or partially performed with a
computer system including one or more processors, which can be configured to perform the
operations. Thus, embodiments can be directed to computer systems configured to perform the
operations of any of the methods described herein, potentially with different components
performing a respective operations or a respective group of operations. Although presented as
numbered operations, operations of methods herein can be performed at a same time or in a
different order. Additionally, portions of these operations may be used with portions of other

operations from other methods. Also, all or portions of an operation may be optional.
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Additionally, any of the operations of any of the methods can be performed with modules, units,

circuits, or other approaches for performing these operations.

[0221] The section headings used herein are for organizational purposes only and are not to be

construed as limiting the subject matter described.

[0222] It 1is to be understood that the methods described herein are not limited to the particular
methodology, protocols, subjects, and sequencing techniques described herein and as such may
vary. It is also to be understood that the terminology used herein is for the purpose of describing
particular embodiments only, and is not intended to limit the scope of the methods and
compositions described herein, which will be limited only by the appended claims. While some
embodiments of the present disclosure have been shown and described herein, it will be obvious
to those skilled in the art that such embodiments are provided by way of example only.
Numerous variations, changes, and substitutions will now occur to those skilled in the art without
departing from the disclosure. It should be understood that various alternatives to the
embodiments of the disclosure described herein may be employed in practicing the disclosure. It
is intended that the following claims define the scope of the disclosure and that methods and

structures within the scope of these claims and their equivalents be covered thereby.

[0223] Several aspects are described with reference to example applications for illustration.
Unless otherwise indicated, any embodiment can be combined with any other embodiment. It
should be understood that numerous specific details, relationships, and methods are set forth to
provide a full understanding of the features described herein. A skilled artisan, however, will
readily recognize that the features described herein can be practiced without one or more of the
specific details or with other methods. The features described herein are not limited by the
illustrated ordering of acts or events, as some acts can occur in different orders and/or
concurrently with other acts or events. Furthermore, not all illustrated acts or events are required

to implement a methodology in accordance with the features described herein.

[0224] While some embodiments of the present invention have been shown and described
herein, i1t will be obvious to those skilled in the art that such embodiments are provided by way
of example only. It is not intended that the invention be limited by the specific examples
provided within the specification. While the invention has been described with reference to the

aforementioned specification, the descriptions and illustrations of the embodiments herein are
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not meant to be construed in a limiting sense. Numerous variations, changes, and substitutions

will now occur to those skilled in the art without departing from the invention.

[0225] Furthermore, it shall be understood that all aspects of the invention are not limited to
the specific depictions, configurations or relative proportions set forth herein which depend upon
a variety of conditions and variables. It should be understood that various alternatives to the
embodiments of the invention described herein may be employed in practicing the invention. It is
therefore contemplated that the invention shall also cover any such alternatives, modifications,
variations or equivalents. It is intended that the following claims define the scope of the
invention and that methods and structures within the scope of these claims and their equivalents

be covered thereby.

[0226] Where a range of values is provided, it is understood that each intervening value, to the
tenth of the unit of the lower limit 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
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

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

9

[0227] As used herein and in the appended claims, the singular forms “a”, “an”, and “the”
include plural referents unless the context clearly dictates otherwise. Thus, for example,
reference to “a method” includes a plurality of such methods and reference to “the particle”
includes reference to one or more particles and equivalents thereof known to those skilled in the
art, and so forth. The invention has now been described in detail for the purposes of clarity and
understanding. However, it will be appreciated that certain changes and modifications may be

practice within the scope of the appended claims.

VI. REFERENCES

[0228] All patents, patent applications, publications, and descriptions mentioned herein are

incorporated by reference in their entirety for all purposes. None is admitted to be prior art.
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WHAT IS CLAIMED IS:

1. A method of identifying an expressed marker to differentiate between
different levels of a condition, the condition being an autoimmune disease, cancer, or pregnancy-
associated condition, the method comprising:

for each cell of a plurality of cells obtained from one or more first subjects:

analyzing RNA molecules from the cell to obtain a set of reads, thereby
obtaining a plurality of sets of reads;
for each read of the set of reads:
identifying, by a computer system, an expressed region in a reference
sequence corresponding to the read;
for each of a plurality of expressed regions:
determining an amount of reads corresponding to the expressed region;
determining an expression score for the expressed region using the amount
of reads corresponding to the region, thereby determining a multidimensional expression
point comprising the expression scores for the plurality of expressed regions;

grouping, by the computer system, the plurality of cells into a plurality of clusters
using the multidimensional expression points corresponding to the plurality of cells, the plurality
of clusters being less than the plurality of cells;

for each cluster of the plurality of clusters, determining a set of one or more
preferentially expressed regions that are expressed in cells of the cluster at a specified rate more
than cells of other clusters;

for each of a plurality of cell-free RNA samples:

analyzing a plurality of cell-free RNA molecules to obtain a plurality of cell-
free reads, wherein the plurality of cell-free RNA samples are from a plurality of cohorts of
second subjects, wherein each cohort of the plurality of cohorts has a different level of the
condition; and
for each set of one or more preferentially expressed regions of the plurality of
sets of one or more preferentially expressed regions:
measuring a signature score for the corresponding cluster using cell-free

reads corresponding to the set of one or more preferentially expressed regions;

66



identifying, based on the signature scores, one or more of the sets of one or more
preferentially expressed regions as one or more expressed markers for use in classifying future

samples to differentiate between different levels of the condition.

2. The method of claim 1, wherein:

the condition is a pregnancy-associated condition,

the first subjects are female subjects each pregnant with a fetus,
the plurality of cells are placental cells,

the second subjects are female subjects each pregnant with a fetus.

3. The method of claim 2, wherein the cell-free RNA samples are obtained

from plasma or serum of the second subjects.

4. The method of claim 2, wherein the pregnancy-associated condition is
preeclampsia.

5. The method of claim 4, wherein the levels are severities of preeclampsia.

6. The method of claim 4, wherein:

each cohort includes sub-cohorts that have different gestational ages, and
a first set of one or more preferentially expressed regions is a first expressed

marker that differentiates between different levels of the condition for a first gestational age.
7. The method of claim 1, wherein the condition is cancer.

8. The method of claim 7, wherein the levels of the condition are whether
cancer exists, different stages of cancer, different sizes of tumor, the cancer’s responses to

treatment, or another measure of a severity or progression of cancer.

9. The method of claim 7, wherein a first set of one or more preferentially
expressed regions of a first cluster of the plurality of clusters is a first expressed marker that
differentiates between levels of cancer for a first tissue, wherein the first cluster include cells

from the first tissue.

10. The method of claim 9, wherein:
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the first tissue is from the liver, thereby having the first cluster including liver
cells;

the liver cells comprise tumor cells and non-tumor cells or the liver cells do not
comprise tumor cells, and

the cancer is hepatocellular carcinoma.

11. The method of claim 1, wherein:
the condition is systemic lupus erythematosus (SLE), and

the plurality of cells are kidney cells.

12. The method of claim 1, further comprising:
for each cell of the plurality of cells:
storing, in a memory of the computer system, the set of reads associated
with a unique code corresponding to the cell,

wherein identifying the expressed region in the reference sequence corresponding
to the read includes performing an alignment procedure using the read and a plurality of
expressed regions of the reference sequence, and

wherein determining the amount of reads corresponding to a first expressed
region of a first cell of the plurality of cells uses (1) the unique code corresponding to the first
cell so as to identify reads corresponding to the first cell and (2) results of the alignment

procedure for the set of reads of the first cell.

13. The method of claim 1, further comprising:
obtaining a sample comprising the plurality of cells;
isolating each cell of the plurality of cells to enable analyzing the RNA molecules

of a particular cell.

14. The method of claim 13, further comprising:

tagging RNA molecules of each cell of the plurality of cells with a unique code
for the cell such that the associated reads include the unique code and

storing, in a memory of the computer system, each set of reads associated with the

unique code of the cell corresponding to the set of reads.
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15. The method of claim 1, wherein:
the specified rate comprises a value determined from an average expression score

for cells of the cluster and an average expression score for cells of other clusters.

16. The method of claim 1, wherein:
grouping the plurality of cells into the plurality of clusters comprises performing
dimensionality-reduction methods or by using force-based methods on the multidimensional

expression points

17. The method of claim 16, wherein:

grouping the plurality of cells into the plurality of clusters comprises performing
dimensionality-reduction methods, and

the dimensionality-reduction methods comprise principal component analysis

(PCA) or diffusion maps.

18. The method of claim 16, wherein:

grouping the plurality of cells into the plurality of clusters comprises using force-
based methods, and

the force-based methods comprise t-distributed stochastic neighbor embedding (t-

SNE).

19. The method of claim 1, further comprising:
identifying a first cluster of the plurality of clusters to include a first type of cell
by comparing the set of one or more preferentially expressed regions of the first cluster with one

or more regions known to be preferentially expressed in the first type of cell.

20. The method of claim 19, wherein the first type of cell comprises decidual,
endothelial, vascular smooth muscle, stromal, dendritic, Hofbauer, T, erythroblast, extravillous
trophobast, cytotrophoblast, syncytiotrophoblast, B, monocyte, hepatocyte-like, cholangiocyte-
like, myofibroblast-like, endothelial, lymphoid, or myeloid cells.

21. The method of claim 1, wherein the first subjects are the same as the

second subjects.
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22. The method of claim 1, wherein the signature score is an average of an

expression level for the preferentially expressed region for the corresponding cluster.

23. The method of claim 1, wherein identifying one or more of the sets of one
or more preferentially expressed regions for use in classifying future samples to differentiate
between different levels of the condition comprises identifying a signature score for a cohort and

for a cluster that is statistically different than the signature scores for other cohorts in the cluster.

24. The method of claim 1, further comprising:

receiving a plurality of cell-free reads from an analysis of cell-free RNA
molecules from a biological sample obtained from a third subject;

for each preferentially expressed region of a first expressed marker:

determining an amount of reads for the preferentially expressed region,
and

comparing the amount of reads for one or more preferentially expressed regions to
one or more reference values; and

determining, based on the comparison of the amount of reads for one or more
preferentially expressed regions to one or more reference values, a level of the condition for the

third subject.

25. The method of claim 24, further comprising:
analyzing a plurality of cell-free RNA molecules from the biological sample

obtained from the third subject to obtain a plurality of cell-free reads.

26. The method of claim 24, wherein comparing the amount of reads for one
or more preferentially expressed regions to one or more reference values comprises comparing
the amount of reads for each preferentially expressed region to a reference value for each

preferentially expressed region.

217. The method of claim 24, wherein comparing the amount of reads for one
or more preferentially expressed regions to one or more reference values comprises:
calculating an overall score from the amount of reads for one or more

preferentially expressed regions, and
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comparing the overall score to one reference value.

28. A method of determining a level of a condition in a subject, the condition
being an autoimmune disease, cancer, or pregnancy-associated condition, the method
comprising:

receiving a plurality of cell-free reads from analysis of cell-free RNA molecules
from a biological sample obtained from the subject;

for each preferentially expressed region of one or more expressed markers, the
one or more expressed markers determined by the method of claim 1:

determining an amount of reads for the preferentially expressed region,
and

comparing the amount of reads to a reference value for one or more preferentially
expressed regions to one or more reference values; and

determining, based on the comparisons of the amount of reads for each
preferentially expressed regions to one or more reference values, the level of the condition for

the subject.

29. A method of determining a level of a condition in a subject, the condition
being an autoimmune disease, cancer, or pregnancy-associated condition, the method
comprising:

receiving a plurality of cell-free reads from analysis of cell-free RNA molecules
from a biological sample obtained from the subject;

determining a value of a temporal parameter related to the condition;

determining, using the value of the temporal parameter, an expressed marker for
the condition at a time of the value of the temporal parameter, the expressed marker comprising
one or more sets of preferentially expressed regions that are preferentially expressed for the
condition at the value of the temporal parameter;

for each preferentially expressed region of the expressed marker:

determining an amount of reads corresponding to the preferentially
expressed region;

comparing the amount of reads for one or more preferentially expressed regions to

one or more reference values; and
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determining, based on the comparison of the amount of reads for one or more
preferentially expressed regions to one or more reference values, the level of the condition for

the subject.

30. The method of claim 29, wherein:
the condition is the pregnancy-associated condition, and

the subject is a female pregnant with a fetus.

31. The method of claim 30, wherein the pregnancy-associated condition is

preeclampsia.

32. The method of claim 30, wherein the temporal parameter is gestational age

expressed as a week of pregnancy, a month of pregnancy, or a trimester of pregnancy.
33. The method of claim 30, wherein the condition is cancer.

34. The method of claim 33, wherein the temporal parameter is a duration of

treatment, a time since diagnosis of cancer, or post-operative survival time.

35. The method of claim 29, wherein comparing the amount of reads for one
or more preferentially expressed regions to one or more reference values comprises comparing
the amount of reads for each preferentially expressed region to a reference value for each

preferentially expressed region.

36. The method of claim 29, wherein comparing the amount of reads for one
or more preferentially expressed regions to one or more reference values comprises:

calculating an overall score from the amount of reads for one or more
preferentially expressed regions, and

comparing the overall score to one reference value.

37. A computer product comprising a computer readable medium storing a
plurality of instructions for controlling a computer system to perform the method of any one of

claims 1-36.
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38. A system comprising one or more processors configured to perform the

method of any one of claims 1-36.
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