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Abstract

Genetic variants that alter gene regulation play a crucial role in the genetics of human
development and disease. Although genome-wide association studies have found thousands of
genetic loci associated with complex phenotypes, a substantial fraction of these trait-associated
loci remain unexplained. Gene regulatory effects are context-specific and can result in dynamic
gene expression changes over time and across cell types. To enhance our understanding of the
genetic architecture of complex traits in a dynamic context, we studied dynamic genetic
regulation of gene expression during cardiomyocyte differentiation using bulk and single-cell
RNA-sequencing. We generated time-series gene expression data over multiple differentiation
time points and mapped expression quantitative trait loci (eQTLs), or variants whose effects on
expression are modulated by differentiation time. We identified hundreds of dynamic eQTLs
which change over time, including nonlinear eQTLs which affect only intermediate stages of
differentiation. Using single-cell RNA-sequencing, we were able to disentangle the effects of
gene regulatory variation from variation in cell type composition, both of which may change
over a differentiation time course under the influence of genetic factors. Together, these studies
demonstrate the use of time series data to investigate the dynamics of gene regulation and cell
type composition changes over time, and provide new insight into the genetic architecture

underlying human development, complex phenotypes, and disease.



Chapter I: Introduction

Gene regulation in genomic studies

A primary aim of human genetics and genomics research is to understand the genetic
architecture of complex phenotypes and human diseases. Although genetic factors are known to
play a role in complex phenotypes such as cardiovascular disease, much of the specific genetic
contribution to these phenotypes remains unknown (Bis et al. 2011, Myocardial Infarction
Genetics Consortium 2009, Manolio et al. 2009, Eichler et al. 2010). A greater understanding of
the genetic causes or associated molecular phenotypes of complex diseases like heart disease
could enable the use of personalized medicine to identify an individual’s risk based on these
factors, or potentially to develop novel techniques for treatment or prevention (van der Wijst et

al. 2018).



We can identify regions of the genome associated with a particular phenotype or disease
using genome-wide association studies, or GWAS. Previous genome-wide association studies
have found many genomic loci associated with increased risk of cardiovascular disease or heart
failure (Wellcome Trust Case Control Consortium 2007, CARDIoGRAMplusC4D Consortium et
al. 2013, Shah et al. 2020). In many cases, the function of these loci is unclear, as are the
contexts in which they are expressed, and their potential downstream consequences. One
potential downstream mechanism of a disease-associated gene might be translation into a
functional protein, which is then involved in some disease pathway. However, the majority of
trait-associated genomic loci identified by GWAS are located in non-protein coding regions of
the genome (Edwards et al. 2013). Rather than affecting protein translation, non-coding loci are
thought to be involved in regulating when, where, and how much a gene is expressed (Britten
and Davidson 1969). Variation in a regulatory region between individuals may lead to inter-
individual differences in gene regulation, as measured by gene expression levels of an associated
coding region or other molecular phenotypes. To gain a more complete understanding of the
genetic architecture of human phenotypes and disease, we must study how genetic variation

contributes to gene regulation.

Studying gene regulation in a dynamic context

One way to study gene regulation is by performing quantitative trait locus, or QTL,
analysis. A quantitative trait locus is a location in the genome where a person’s genotype at that
locus is associated with variation in a quantitative trait, such as gene expression, chromatin
accessibility, or DNA methylation levels. QTLs specifically focused on gene expression

(expression QTLs, or eQTLs) have been identified in a wide variety of cell types and contexts;
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their study has greatly contributed to the understanding of gene regulation (GTEx Consortium
2017; Lappalainen et al. 2013; Battle et al. 2014; Pickrell et al. 2010; Stranger et al. 2012), and
in many cases, eQTLs have enhanced our understanding of disease (Nica et al. 2010; Nicolae et
al. 2010). For example, analyzing the results of an eQTL study in conjunction with GWAS
results from a relevant trait can reveal how genetic regulation of gene expression influences the

development of that trait (Pickrell 2014).

In a typical eQTL study, gene expression is assayed in a particular tissue or cell type, in a
static environment and at a static point in developmental time. Thus, a typical eQTL study can
provide information on gene regulation only in the particular context in which the assay was
performed. However, gene regulation depends on cell type and environment, which can change
over time. For example, the gene regulatory profile of an undifferentiated pluripotent cell can be
quite different from that of a fully differentiated heart muscle cell (GTEx Consortium 2017). The
typical eQTL study does not provide an opportunity to investigate the dynamics of gene
regulation, or how gene regulatory effects can change over time. To more fully understand
complex phenotypes and disease mechanisms, we must characterize eQTLs not only in diverse,

disease-relevant cell types but also within dynamic temporal and environmental contexts.

iPSCs and iPSC-derived cardiomyocytes as a model system

To study the dynamics of gene regulation in a biologically relevant model, we can focus
on a differentiation time course in which a cell transitions from one cell type to another, such as
the differentiation of pluripotent cells in early human development. During development, a single

pluripotent cell proliferates and differentiates into the multitude of diverse cell types that exist in



the adult human body (Alberts et al. 1989). Each of those terminal cell types has its own unique
gene expression profile, which can change over time as the cell differentiates (GTEx Consortium
2017). By studying the dynamics of gene regulation in this context, we can learn how the

genome directs when, where, and how different cell types arise during development.

A developmental or cell type differentiation time course can be studied using induced
pluripotent stem cells and their derived terminal cell types as a model system. Induced
pluripotent stem cells, or iPSCs, are cells that have been reprogrammed from adult somatic cells
into an induced state of self-renewal and pluripotency (Yu et al. 2007; Okita et al. 2011). iPSCs
are an appealing model system because of their capacity to undergo directed differentiation into
theoretically any somatic cell type in the human body. This property of iPSCs can allow us to
study not only the starting point (undifferentiated cell) and end point (differentiated cell), but
also intermediate steps in between, and the dynamic process of differentiation overall. Unlike
using donor tissue samples, using iPSCs enables us to investigate gene expression at many
intermediate time points using the exact same genotypes as samples taken from the

undifferentiated and terminal cell types.

This project aims to study the dynamics of gene regulation during cardiac development,
specifically in cardiomyocytes, or heart muscle cells. Cardiac cell types are of special interest
due to the high prevalence and severity of pathologic cardiac phenotypes and disease --
cardiovascular disease is the leading cause of death in the United States (Heron 2019). Early
human heart development is a complex process, which involves undifferentiated cells becoming
terminal cell types such as cardiomyocytes, cardiac fibroblasts, and endocardial cells, and
consolidating into the final 3-dimensional structure of the heart (Brade et al. 2013). Any cell type
in the human heart (including cardiomyocyte, fibroblast, endothelial cell, and vascular smooth
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muscle cell) is potentially relevant to our understanding of cardiac pathology (Nakano et al.
2012). However, the ultimate outcome of healthy heart function is the ability to pump blood,
which is based on cardiomyocyte performance. Numerous studies have used iPSC- derived
cardiomyocytes to gain insight into cardiovascular diseases (Oh et al. 2012; Narsinh, Narsinh,
and Wu 2011; Zhi et al. 2012; Yazawa et al. 2011; Lu and Yang 2011; Josowitz et al. 2011;
Dambrot et al. 2011). Analysis of gene regulation in cardiomyocytes can be combined with
information on cardiovascular disease from published genome-wide association studies to
identify genetic variants that influence disease risk. By using a cardiomyocyte developmental
time course, we can study the dynamics of gene regulation, and ultimately learn more about

cardiac phenotypes and cardiac-related pathologies.

Induced pluripotent stem cells can be differentiated into iPSC-derived cardiomyocytes
using a relatively straightforward protocol, which involves first activating and then inhibiting the
Wnt pathway (which controls heart differentiation in vivo) (Lian et al. 2013; Burridge et al.
2014). iPSC-derived cardiomyocytes form visible 3-dimensional structures and exhibit
synchronization and mechanical beating, similar to primary cardiomyocytes. The differentiated
cells also show an increased level of expression of cardiac marker genes, including cardiac
troponin T, a cell-specific component of cardiac muscle. Previous studies have shown that gene
expression data from iPSC-derived cardiomyocytes are more similar to gene expression data
from post-mortem heart tissue samples than any other tissue sample from the Genotype-Tissue
Expression (GTEXx) project (Banovich et al. 2018). Similarly, eQTLs identified in iPSC-derived
cardiomyocytes are most enriched with eQTLs identified in primary heart tissues compared to

eQTLs identified in any other GTEXx tissues (Banovich et al. 2018). These findings indicate that



iPSC-derived cardiomyocytes broadly recapitulate the gene expression profile that exists in the

human heart, and can be a useful model to study cardiac genetics.

It is important to note that in vitro differentiations will typically not produce a cell culture
with 100% purity of the intended terminal cell type, and purity may vary by individual cell line.
Despite these limitations, the capacity for self-renewal and controlled differentiation make iPSCs

a highly useful system for studying gene regulation during cellular development.

Bulk and single-cell RNA sequencing

Traditionally, experiments studying gene expression levels have been limited to bulk
RNA sequencing technologies, which provide an average gene expression measurement of all
cells in the sample (Trapnell 2015). Thus, bulk RNA-sequencing technology can lose valuable
information, especially in a differentiation time course. During a differentiation, the cell types
within a sample could be changing day-by-day, from undifferentiated iPSC, to early mesoderm,
to cardiac precursor, to cardiomyocyte, for example. The proportions of these different cell types
within a sample could change both over time and between different individuals, whose
differentiation may progress at different rates or exhibit different trajectories. Additionally, as
previously noted, an in vitro differentiation does not result in a terminal cell culture with 100%

purity; other cell types may be present as a result of failed or off-target differentiations.

Single-cell RNA sequencing can provide new insight into gene expression changes at
deeper resolution and with more nuance than bulk RNA sequencing. Instead of averaging gene
expression from all cells in a sample, single-cell sequencing can be used to investigate cell type

composition, as it provides a unique gene expression measurement for each individual cell within



a sample (Trapnell 2015; Macosko et al. 2015). For experiments involving differentiation,
single-cell RNA-sequencing enables the characterization of cell-to-cell variation and
composition without the need to purify populations of interest (Trapnell 2015; Treutlein et al.
2014). Sequencing single cells also allows us to investigate overall differences in differentiation
trajectories between individuals. We can use single-cell RNA-sequencing to ask whether gene
expression difference between samples is due to a true gene regulatory difference, or due to cell
composition difference, or both. This is especially pertinent to a differentiation time course
study, as our dynamic gene expression measurements can be affected by both gene regulatory
changes and cell composition changes over time. Single-cell sequencing technology provides the
opportunity to investigate individual variation in gene regulation on a cellular level, to observe
differentiation trajectories at higher resolution, and to discern the effects of changing cell type

proportions in a sample over time.

Summary

In this thesis, I investigate the dynamics of gene regulation during human iPSC to
cardiomyocyte differentiation. First, I use bulk RNA-sequencing in a high-resolution time course
to identify locations in the genome where natural variation between individuals is associated
with differences in gene expression which are modulated by differentiation time. Then, I use
single-cell RNA-sequencing with the same individual cell lines to distinguish the effects of gene
regulation from the effects of cell type composition changes over time. Dynamic gene regulatory
loci identified throughout the differentiation time course can provide insight into transient effects
not found in mature tissues, and provide a resource for investigating mechanisms underlying
previously unexplained associations with disease and other phenotypes.
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Chapter II: Dynamic genetic regulation of gene
expression during cardiomyocyte differentiation using

bulk RNA-seq

Note:

The following section (Chapter II) is reproduced verbatim, with the exception of chapter title,
figure numbering, and reference labeling, from my co-first authored reference “Dynamic genetic
regulation of gene expression during cellular differentiation” (Strober et al. 2019). This project
was performed in collaboration with Benjamin Strober and Katherine Rhodes, and published in

Science on June 28, 2019.!
Authors:
B. J. Strober*, R. Elorbany*, K. Rhodes*, N. Krishnan, K. Tayeb, A. Battle*, and Y. Gilad*

*These authors contributed equally to this work.

! Strober, B. J., Elorbany, R., Rhodes, K., Krishnan, N., Tayeb, K., Battle, A., & Gilad, Y.
(2019). Dynamic genetic regulation of gene expression during cellular differentiation.
Science, 364(6447), 1287-1290. Reprinted with permission from AAAS.
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Abstract

Genetic regulation of gene expression is dynamic, as transcription can change during cell
differentiation and across cell types. We mapped expression quantitative trait loci (eQTLs)
throughout differentiation to elucidate the dynamics of genetic effects on cell type—specific gene
expression. We generated time-series RNA sequencing data, capturing 16 time points during the
differentiation of induced pluripotent stem cells to cardiomyocytes, in 19 human cell lines. We
identified hundreds of dynamic eQTLs that change over time, with enrichment in enhancers of
relevant cell types. We also found nonlinear dynamic eQTLs, which affect only intermediate
stages of differentiation and cannot be found by using data from mature tissues. These fleeting
genetic associations with gene regulation may explain some of the components of complex traits
and disease. We highlight one example of a nonlinear eQTL that is associated with body mass

index.

Full text

Genetic variants that alter gene regulation play an essential role in the genetics of human
disease and other complex phenotypes (Yi et al. 2106, Albert et al. 2015). Large studies have
identified thousands of genetic loci associated with complex diseases, most of which are in
noncoding regions of the genome and therefore are putatively involved in gene regulation
(Albert et al. 2015). Expression quantitative trait locus (eQTL) analysis has shown that many
disease-associated loci influence the regulation of nearby genes (Zhu et al. 2016, Nicolae et al.
2010), but a substantial fraction of disease-associated loci still remain unexplained (Joehanes et

al. 2017, Wen et al. 2017).



Much effort has been dedicated to mapping and identifying eQTLs across tissues and cell
types, as the regulatory impact of disease-associated loci may be most evident in cell types
relevant to each disease. Regulatory genetic effects can also be time point specific or
environment dependent (GTEx Consortium 2017, Knowles et al. 2017) and may influence
temporal programs of gene regulation. Yet almost all studies of the genetics of gene regulation,
including the multitissue Genotype-Tissue Expression (GTEx) project (GTEx Consortium 2017),
involve data collected at a single time point, usually from adult individuals. Dynamic gene
expression data can add another dimension to eQTL analysis, allowing identification of genetic

variants with transient effects that may not have been found in analysis of static data.

We took advantage of a panel of induced pluripotent stem cell (iPSC) lines from 19
individuals to investigate high-resolution temporal genetic effects on gene regulation over time
during cardiomyocyte differentiation. Specifically, we collected gene expression data throughout
the differentiation from iPSCs to cardiomyocytes in 19 well-characterized human Yoruba
HapMap cell lines (Banovich et al. 2018). For each cell line, RNA was extracted and sequenced
every 24 hours for 16 days to capture the entire differentiation process; in total, we sequenced
297 RNA samples (figs. S2-1 and S2-2). Combined with available whole-genome sequences and
genotype data for each cell line, these data provide a resource with which to investigate how
gene expression and genetic regulation change throughout cardiomyocyte differentiation with

high temporal resolution.

During iPSC culturing, differentiation, RNA extraction, and processing for sequencing,
we recorded extensive metadata on each sample (table S2-1). Quality controls and filtering
yielded 16,319 genes for downstream analysis (Materials and Methods). After standardization

and normalization of the RNA sequencing (RNA-seq) data (Materials and Methods), we

10



evaluated the contribution of potential confounders to overall variation in our data, confirming
that our study design was effective (fig. S2-3). We also used replicates from an independent
differentiation to confirm that the gene expression patterns we observed in our iPSCs and iPSC-
derived cardiomyocytes are robust with respect to variance that may be associated with the

differentiation procedure (fig. S2-4) (Banovich et al. 2018, Materials and Methods).

We evaluated the efficiency of our differentiation by fluorescence-activated cell sorting
(table S2) and by considering the time-course expression of known cell type—specific marker
genes (Okita et al. 2007, Lian et al. 2012) (fig. S2-5). As expected (Lian et al. 2012),
cardiomyocyte purity and the expression of lineage marker genes are variable across our
samples. This variability between cell lines was observed across the entire time course, although
the effect of differentiation time is the primary source of variation in the data (Fig. 2-1A and figs.

S2-3 and S2-6).

We characterized global patterns of gene expression across time by applying split-GPM,
an unsupervised probabilistic model that infers time-course trajectories of gene expression using
Gaussian processes, while simultaneously performing clustering of genes and cell lines
(Materials and Methods). Using this approach, we identified two clusters of cell lines that
displayed broad differences in the expression patterns of multiple clusters of genes; in each gene

cluster, genes exhibit shared expression changes over time. The assignment of cell lines to
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clusters is robust with respect to the parameters we tested, such as the number of inferred gene

clusters (fig. S2-7).
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Fig. 2-1. Gene expression trends throughout cardiomyocyte differentiation. (A) The first two
gene expression principal component (PC) loadings for all 297 RNA-seq samples across cell
lines, where each sample is colored according to the day of collection. (B) Predicted cell line
cluster expression trajectories for 20 gene clusters according to split-GPM. Many gene clusters
(8,11, 15, 16, and 20) exhibit periodic expression trajectories that correspond with cell culture
media changes.
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The two cell line clusters we identified differ in the efficiency of cardiomyocyte
differentiation. Cell lines in the first (larger) cluster display greater troponin expression levels in
the final six time points of differentiation (P = 0.014, Wilcoxon rank-sum test). The expression
of a group of genes enriched for myogenesis also increases by a greater magnitude over time in
cell lines in the first cluster (Bonferroni P = 9.29 x 10—14) (gene cluster 2 in Fig. 2-1B)
(Liberzon et al. 2015). Cell lines in the second, smaller cluster show high expression of genes
related to KRAS activation (Bonferroni P = 0.005; gene cluster 4 in Fig. 2-1B), which is
associated with increased self-renewal of undifferentiated iPSCs and decreased neuronal
differentiation propensity (Kubara et al. 2018). Other gene clusters illuminate broad changes in
gene expression over time, such as a transient rise in MYC and E2F target genes in the early days
of differentiation (gene cluster 13 in Fig. 1B; table S2-3). Together, this analysis documents
patterns of gene expression trajectories over time and captures differences among our cell lines

that are not obvious from the individual time point data alone.

Next, we evaluated the impact of genetic variation on gene regulation in our system. We
used WASP software (van de Geijn et al. 2015) to identify cis-eQTLs in the data from each time
point independently (Materials and Methods). To control for latent confounders in the
independent analysis of data from each time point, we included the first three expression PCs
using data from samples of the corresponding time point as covariates (figs. S2-8 and S2-9, A
and B). At an empirical false discovery rate (eéFDR) of 5%, we identified a median of 111 genes
(range: 71 to 231) with at least one eQTL in each time point (figs. S2-9C and S2-10). As
expected, the eQTLs we identified early in the time course replicated in data from iPSCs,
whereas eQTLs from later time points were better supported by data from iPSC-derived

cardiomyocytes (both P < 0.001, linear regression) (Fig. 2-2A) (Banovich et al. 2018).
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We computed the correlation of the significant eQTL summary statistics for each pair of
time points (Fig. 2-2B). We observed that correlation between eQTL summary statistics
increases as the distance between time points decreases (P <2 x 10—16, linear regression).
Although this observation is intuitive, it indicates that the dynamic impact of genetic variation on

gene regulation in our data is not random and is related to the temporal process of cardiomyocyte

differentiation.
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Fig. 2-2. eQTL patterns during cardiomyocyte differentiation. We limit this analysis to genes
with at least one significant eQTL (WASP combined haplotype test; eFDR < 0.05) across time
points. If a gene has more than one significant eQTL, we select a single variant for that gene with
the smallest geometric mean P value across all 16 time points. (A) Spearman correlation of P
values between eQTLs from each day (x axis) and existing iPSC (gray) and iPSC-derived
cardiomyocyte (red) eQTLs. (B) Spearman correlation of eQTL P values for each pair of days.
(C) Factors identified via sparse matrix factorization of eQTL-log10 P values using three latent

factors and an L1 penalty of 0.5.
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To more formally quantify the temporal structure of genetic regulation throughout
differentiation, we performed sparse non-negative matrix factorization on the matrix of
significant eQTL summary statistics from all time points (Materials and Methods). The learned
factors capture genetic signal that is largely specific to a subset of differentiation time (Fig. 2-
2C), a pattern that is robust with respect to the number of latent factors or sparse prior choice

(fig. S2-11).

Our analysis indicates that temporal structure dominates the patterns of genetic
association with gene expression in our data. However, the observation that most significant
nondynamic eQTLs can be identified in only a few time points (median of 2) (fig. S2-12) is most
likely explained by incomplete power to identify eQTLs in each time point independently. To
robustly identify dynamic eQTLs whose effect varies significantly over time, leveraging power
across all time points (Fig. 2-3A), we used a Gaussian linear model applied jointly to data from
the entire experiment. Specifically, we quantified the effect of interactions between genotype and
differentiation time on gene expression, controlling for linear effects of both differentiation time
and genotype. In addition, we accounted for the systematic differences in differentiation
trajectories identified between cell lines (Fig. 2-1B, figs. S2-13 to S2-16, and table S2-4)
(Materials and Methods), which would otherwise lead to false positives in our analysis. Using
this approach, we identified 550 genes with a significant dynamic eQTL (eFDR < 0.05) (figs. S2-

17 to S2-20 and table S2-5).

We classified the 550 dynamic eQTL as early (eQTL effect size decreasing over time),
late (eQTL effect size increasing over time), or switch (eQTL effect size exhibiting different
directions of effect over time) (fig. S2-21) (Materials and Methods). We found that the early

dynamic eQTLs are enriched for chromHMM enhancer elements annotated in iPSC Roadmap
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Epigenomics cell types but not in heart-related cell types (Ernst et al. 2017, Roadmap
Epigenomics Consortium 2015). In turn, late dynamic eQTLs are enriched for chromHMM
enhancer elements annotated in heart-related Roadmap Epigenomics cell types but not in iPSCs
(Fig. 2-3B and fig. S2-22). These observations indicate that dynamic eQTL mapping can capture
temporal changes in cellular gene regulation reflecting changes in regulatory element activity as

the cell cultures differentiate.

The observation that we are able to capture the function of cell type—specific regulatory
elements prompted us to consider dynamic eQTLs in other contexts. We found that dynamic
eQTLs are enriched for genes with roles in myogenesis (Bonferroni P = 0.0019, Fisher’s exact)
(table S2-6) (Liberzon et al. 2015) and also show significant enrichment for genes related to
dilated cardiomyopathy (P = 0.001, Fisher’s exact) (table S2-7) (Materials and Methods, Burke
et al. 2016). Two significant dynamic eQTLs in particular, rs7633988 and rs6599234 (in strong
linkage disequilibrium; coefficient of determination, R 2 = 0.93), are genome-wide association
study variants for QRS duration and QT interval, respectively (fig. S2-23) (Hong et al. 2014,
Arking et al. 2014). Both variants show an association with the expression levels of SCN54,
which is involved in the creation of sodium channels and is in the dilated cardiomyopathy gene
set (Rook et al. 2012). Another dynamic eQTL, rs11124033, associated with the expression of
FHL?2 (Fig. 2-3A), is also associated with dilated cardiomyopathy. This variant lies in a
Roadmap Epigenomics chromHMM promoter element annotated in heart-related cell types but
not in iPSCs (Ernst et al. 2017, Roadmap Epigenomics Consortium 2015). None of these
examples were identified as eQTLs in the nondynamic QTL analysis of each time point from our

dataset or in the GTEx heart tissue data (GTEx Consortium 2017).
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Fig. 2-3. Dynamic eQTLs detect genetic regulatory changes caused by cardiomyocyte
differentiation. (A) Linear interaction association between genotype (color) of rs11124033 and
time point (x axis) on residual gene expression (cell line effects regressed on expression) of
FHL?2 (y axis). (B) Enrichment of dynamic eQTLs in cell type—specific chromHMM enhancer
elements relative to 1000 sets of randomly selected matched-background variants. Dynamic
eQTLs were classified as either early or late. (C) Nonlinear interaction association between
genotype (color) of rs28818910 and time point (x axis) on residual gene expression of C/50rf39
(y axis). (D) Nonlinear interaction association significance of all variants tested within 50 kb of
the C150rf39 transcription start site with expression of C150rf39 (green) and GWAS
significance for BMI of variants in the same window (blue). Vertical line depicts genomic
location of the most significant nonlinear dynamic eQTL (rs28818910) for C150rf39.

Finally, we sought to identify a wider range of dynamic regulatory patterns, including
nonlinear associations, such as when a genetic effect increases in magnitude in the middle of the
time course before decreasing or disappearing. To identify nonlinear dynamic eQTLs, we
expanded our linear model using a second-order polynomial basis function (Materials and
Methods). We acknowledge that our study is underpowered to expand to a more general class of
nonlinear dynamic eQTLs that do not assume a continuous effect of differentiation time (fig. S2-

24) (Materials and Methods).
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We identified 693 genes with a nonlinear dynamic eQTL (eFDR < 0.05) (figs. S2-17B
and S2-19B and table S2-8), 28 of which have their strongest genetic effect in the middle of the
differentiation time course (middle dynamic eQTLs) (fig. S2-25) (Materials and Methods).
Twenty-five of these middle dynamic eQTL genes and their strongest associated variant are not
identified as eQTLs in our nondynamic QTL analysis in either iPSCs (day 0) or cardiomyocytes

(day 15).

In one example of a nonlinear dynamic eQTL, rs8107849 is associated with the
expression of ZNF606 with a larger magnitude of effect during days 4 through 11 (fig. S2-26).
The rs8107849 locus does not lie in iPSC or heart-related chromHMM regulatory regions and
was not identified in our analysis as a nondynamic eQTL at any time point. Although ZNF606 is
known to have a role in differentiation of chondrocytes (Zhou et al. 2016), it is possible this is a
conserved process involved in the differentiation of additional cell types, including
cardiomyocytes. Another nonlinear dynamic eQTL reveals an association between rs28818910
and C150rf39. The rs28818910 variant is also associated with body mass index (BMI) (P < 6.07
x 10-9 , reported) (Fig. 2-3, C and D) (Churchhouse et al. 2017) and weakly associated with red
blood cell count (P < 1.48 x 10—6 , reported) (Astle et al. 2016). This dynamic eQTL and both
traits show similar patterns of association across the region (fig. S2-27). The rs28818910 locus is
associated with interindividual differences in gene expression only during intermediate stages of
differentiation; it does not lie in annotated regulatory elements of either iPSCs or cardiomyocytes
and is not identified as an eQTL in iPSCs, mature cardiomyocytes, or either of the two GTEx
heart tissues. Thus, this is an example of a temporary dynamic regulatory effect that may have

phenotypic consequences.
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Our time-course study design allowed us to identify hundreds of dynamic eQTLs
throughout the differentiation of human iPSCs to cardiomyocytes. Dynamic eQTLs, in particular
those with nonlinear effects, may often be transient and will not be found in studies that only
consider gene expression data from either stem cells or mature tissues and cell types. Many of
our dynamic eQTLs lie in regions without known regulatory annotations, as functional studies
have focused on static cell types. Thus, these loci may have previously unknown regulatory
effects, which could be followed up with further functional validation in relevant intermediate
time points. The dynamic genetic effects identified in our study, or in future time-series genomic
datasets, will provide a resource for investigating mechanisms underlying disease associations

that cannot be characterized based on studies of terminal cell types.

Materials and Methods

Samples. We used induced pluripotent stem cell (iPSC) lines from 19 individuals from the
Yoruba HapMap population. The iPSC lines were reprogrammed from LCLs and characterized
previously (Banovich et al. 2018). All 19 individuals are female and unrelated. We chose to use
only female individuals to avoid introducing additional variance that is not of interest in this

study.

iPSC Maintenance. Feeder-free iPSC cultures were maintained on Matrigel Growth Factor
Reduced Matrix (CB40230, Thermo Fisher Scientific) with Essential 8 Medium (A1517001,
Thermo Fisher Scientific) and Penicillin/Streptomycin (30002Cl, Corning). Cells were grown in

an incubator at 37°C, 5% CO2, and atmospheric O2. Cells were passaged to a new dish every 3-
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5 days using a dissociation reagent (0.5 mM EDTA, 300 mM NacCl in PBS) and seeded with

ROCK inhibitor Y-27632 (ab120129, Abcam).

Cardiomyocyte Differentiation. We differentiated iPSCs using a protocol previously optimized
for use with the Yoruba HapMap panel (Banovich et al. 2018). This protocol implements slight
modifications to the cardiomyocyte differentiation protocols from Lian et al. 2013 and Burridge
et al. 2014. Feeder-free iPSCs were seeded onto wells of a 6-well plate and grown for 3-5 days
prior to differentiation. When most lines were 70%-100% confluent, E§ media was replaced with
“heart media” along with 1:100 Matrigel hESC-qualified Matrix (08-774-552, Corning) and
12uM of GSK-3 inhibitor CHIR99021 trihydrochloride (4953, Tocris). “Heart media” is
composed of RPMI (15-040-CM, Thermo Fisher Scientific) with B27 Supplement minus insulin
(A1895601, Thermo Fisher Scientific), 2mM GlutaMAX (35050-061, Thermo Fisher Scientific),
and 100mg/mL Penicillin/Streptomycin (30002Cl, Corning). CHIR99021 is a small molecule
that activates WNT signaling and initiates the differentiation on day 0 (after the ‘day 0’ cell
collection) (Lian et al. 2012). “Heart media” was replaced 24 hours later at day 1 of
differentiation. 48 hours later, at day 3 of differentiation, cells were fed with new “heart media”
containing 2uM of the WNT inhibitor Wnt-C59 (5148, Tocris) (Lian et al. 2012). We cultured
cells in Wnt-C59 heart media for 48 hours. At day 5, Wnt-C59 was removed and base “heart
media” was added. “Heart media” was refreshed on days 7, 10, 12, and 14 of differentiation.

Cells began spontaneous mechanical beating between days 7 and 10 of differentiation (Table S2-

1).

Sample Collection and Processing. We performed cardiomyocyte differentiations in batches of
two to five cell lines at a time. Every 24 hours from day 0 (iPSC, before treatment with
CHIR99021) to day 15 for every cell line, cells in one well of a 6-well culture dish were
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harvested using mechanical scraping. Cells were rinsed and suspended in PBS and flash-frozen
in liquid nitrogen. On day 15 of cardiomyocyte differentiation for all cell lines, we performed
flow cytometry to establish purity using a cardiacspecific marker, cardiac Troponin T (564767,

BD Biosciences) (Table S2-2). Cells were profiled on the BD LSRFortessa Cell Analyzer.

After each time-course was completed, we processed each cell line and balanced our
study design with respect to differentiation batch, RNA extraction batch, person who performed
the RNA extraction, library batch, and sequencing lane to mitigate technical batch effects (Table
S2-1). For all experimental steps after cell collection, all time points of a given cell line were
processed together to minimize technical variation related to our factor of interest, which is time.
We recorded 27 technical and biological covariates and measured their contribution to variation

in our data (Fig. S2-3b).

We extracted RNA from frozen cells using the Qiagen Qiashredder and RNeasy Mini Kit
(79656 & 217004, Qiagen). RNA concentration and quality was measured using the Agilent

2100 Bioanalyzer. The average RIN score for all samples was 9.51, with a standard deviation of

1.09.

Library preparation was performed using the [llumina TruSeq RNA Sample Preparation
Kit v2 (RS-122-2001 & -2002, [llumina). Libraries in each batch were multiplexed together so
that every sequencing lane contained samples from at least two cell lines. Cell lines were
randomized such that lines that were processed together in a sequencing batch were not also
together in an RNA extraction batch or a differentiation batch. In total, most sequencing lanes
contained 23 to 24 multiplexed samples each. Samples were sequenced 50 base pairs, single-end

using the Illumina HiSeq4000 according to manufacturer instructions. The same multiplexed
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library pool was sequenced twice with the goal of achieving at least 15 million reads per sample

(Fig. S2-2).

Genotype data. We used previously collected and imputed genotype data for the 19 Yoruba

individuals from the HapMap and 1000 Genomes Project (Degner et al. 2012).

RNA-seq quantification. All RNA-seq samples were aligned to the human genome (GRCh37)
using Subread. We counted reads and estimated gene level expression with reads per kilobase
million (RPKM) using the “edgeR" R package. We then filtered to genes that were protein-
coding, autosomal, and had at least 10 samples such that RPKM >= .1 and raw read counts >= 6.
This yielded 16,319 genes. The RPKM distribution in each sample was then quantile normalized

and each gene, across all samples, was standardized (mean 0, standard deviation 1).

Biological Replication. We computed replication of day O cell lines within previously generated
iPSC lines (Banovich et al. 2018) and replication of day 15 cell lines within previously generated
iPSC-derived cardiomyocyte cell lines (Banovich et al. 2018). Notably, the samples from

Banovich et al. were also generated in the Gilad lab and use the same panel of iPSCs. Count data

from all 4 data sets was re-processed under a uniform pipeline:

1. Count data was logx(count+1) transformed

2. Each gene was standardized to have mean zero and standard deviation 1

3. Top gene expression PCs (in each data set separately) were regressed out.

We regressed out the top 3 PCs in the day 0 and day 15 data sets, top 10 PCs in the Banovich et

al iPSC data set, and top 3 PCs in the Banovich et al. iPSC-derived cardiomyocyte data set. The

22



choice of 3 PCs was selected to match the number of PCs in the non-dynamic eQTL analysis.

The choice of 10 PCs in the Banovich et al. iPSC data set was selected to match their analysis.

Cell line clustering model (split-GPM). We applied a generative model that assumes a joint
clustering over the 19 cell lines and 16,319 genes. That is, the model encodes a global
assignment of each of G genes to L gene clusters and assignment of each of N cell lines to K cell
line clusters. For each cell line cluster, each gene cluster specifies a Gaussian process (GP)
representing a latent gene expression trajectory across time. Thus, the model identifies groups of
cell lines with globally different behavior, and groups of genes with similar expression

trajectories within each cell line cluster.

Let y,4be the observed gene expression trajectory for gene g in cell line n at times t,, 4.

Our observations are generated as follows:
&, ~ Categorical(rr)
Ag ~ Categorical (i)

i~ GP(0,K(6))

yngl ¢n = kﬂAg = l;fkl ;tng~N(fkl(tng), 0'21)

TERK>0s.t.35, m =1, 9% €R:>0s.t.Y; 1, =1are cell line cluster mixture
weights and gene cluster mixture weights respectively, 8 are GP kernel hyperparameters and o2
is a global variance parameter. f*! is a function drawn from a gaussian process, while f*!(t) is

the function evaluated at points t.
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We collect {@,},,-1 _n into an NxK binary matrix @ s.t.®,, = 1 & &, = k. Likewise,
we collect {Ag}g=1...G into a GXL binary matrix s.t. Ag; =1 & A5 = L. The observed data
points are conditionally independent given the functions and assignments. Our full likelihood is:

N,GKL

p({yng}l {fkl}’ tngl ¢r A) = 1_[ N(yng |fkl(tng); 0-2)1(4’nk)1(/1gl)

n,g,k,l

split-GPM approximate inference. Exact computation of the posterior
p({f*},®,4,| {yng }, {tng}) is intractable so we resort to a variational approximation that

factorizes and minimizes the KL-divergence of the true posterior:

K,L N G
a@ryan=[] ar|] a@n]|] awp
k,l n 9

Fel~ GP(0,K(6))
@, ~ Categorical(®,)
Ag~ Categorical(?l})

This model bears strong resemblance to the Overlapping Mixture of Gaussian process of
Lazaro-Gredilla et.al (Lazaro-Gredilla et al. 2012) and inference proceeds the same way with the
exception that the assignment matrix is decomposed into @ and A. To update the assignments,

we iteratively update @ and A until convergence or until a fixed number of iterations is reached.

ELBO(q) = Eq[log p({yng }I{f "} {tng}, @, D] + Eqllog p({f*}, @, 1)

- Eq [lOg q({fkl}' ¢1A)]
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We iteratively estimate assignment variables and trajectory estimates, then perform
gradient based optimization with respect to the kernel parameters. This approximation requires
K - L GP regressions, each computed over every data point. To make the problem tractable we

further approximate each GP via SVGP (Hensman et al. 2015).

In this analysis, we train a model with K = 2 cell line clusters, L = 20 gene clusters and

an RBF kernel with shared length-scale and variance parameters for all K - L clusters.

Non-dynamic cis-eQTL calling per time point. Separately, each time point has a small sample
size (maximum of 19 samples). Therefore, we used the WASP combined haplotype test (CHT)
(van de Geijn et al. 2015) to increase power, integrating both total expression and allelic
imbalance data into the same test, to detect cis-eQTLs in each of the 16 time points,
independently. In order to increase accuracy of allele-specific expression estimates, RNA-seq
data was re-quantified for eQTL calling by filtering Subread mapped reads using the WASP
mapping pipeline under default settings in order to reduce biases in allelic mapping. We tested
cis-eQTL association for variants within 50 KB of each gene’s transcription start site. Further,
we tested the same set of variant-gene pairs in all time points, limiting to variant-gene pairs that

passed the following filters in all 16 time points:

1. Variant has minor allele frequency >= .1

2. Gene passes all filters described in “RNA-seq quantification” section

3. Gene has >= 100 reads mapped summed across all cell lines

4. Exon of the gene contains a heterozygous variant in at least 5 cell lines
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5. Sum of reads mapping to minor allele across all cell line, heterozygous variant pairs >=

25

These filters yielded 1,009,173 variant-gene pairs (6,362 unique genes) tested in each
time point. The same variant-gene pairs were tested in each time point to reduce bias when
comparing genetic regulatory effects between time points. We included the first three raw read
count expression PCs from samples belonging to the corresponding time point as covariates. The
choice to control for three PCs was motivated by maximizing the number of significant non-
dynamic eQTLs detected in each time step (Fig. S2-9B). We ran one permutation of the CHT
genome-wide. It is worth noting that the CHT is not well calibrated (Fig. S2-10). Multiple testing
correction was performed using empirical FDR (eFDR) (Gamazon et al. 2013) to assess genome-
wide significance based on a vector of observed p-values and a vector of null (permuted) p-
values. An empirical approach to FDR correction should account and control for the lack of

calibration observed when the CHT was applied to our data.

Sparse non-negative matrix factorization. We performed sparse, non-negative matrix
factorization of eQTL statistics for all time points to identify broad patterns in eQTL effects.
Here, we limited to genes with at least one significant eQTL (eFDR <= .05) across time points. If
a gene had more than one significant eQTL, we selected a single variant for that gene with the
smallest geometric mean p-value across all 16 time points. We then filled in a matrix, X, where
each row represents one gene, each column represents a time point, and each element represents
the -logio p-value corresponding to the row’s gene and the column’s time point. We then
performed sparse non-negative matrix factorization on X (dim NxT) using the python function
“sklearn.decomposition.NMF" (Pedregosa et al. 2011). With K latent factors, this will reduce X
into the product of a loadings matrix (L; dim NxK) and a factor matrix (F; dim KxT). F captures
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shared patterns of eQTL effect sizes across time while L reflects which factors are relevant for
each eQTL. All default settings were used except we set '11_ratio=1" to enforce an element-wise
L1 penalty. We ran this analysis for a range of number of latent factors and L1 penalties (alpha)

(Fig. S2-11).

Linear dynamic eQTLs. Linear dynamic eQTLs are cis-eQTLs whose effects are linearly
modulated by differentiation time. We detected linear dynamic eQTLs with a gaussian linear
model that quantified the interaction between genotype and differentiation time on gene
expression, while controlling for the linear effects of both genotype and differentiation time. We
also controlled for linear effects of the first five cell line collapsed PCs (see below) and,
critically, the linear effects of the interaction between the first five cell line collapsed PCs and
differentiation time.

We built a separate linear model for each tested variant-gene pair. Specifically, let t denote the
time point of the current sample, ¢ denote the cell line of the current sample, T denote the total
number of time points, and C denote the total number of samples. E € R*T denotes the
standardized expression matrix for the current gene, G € R¢denotes the dosage based genotype
vector for the current variant, and PCX € R¢denotes the Kth cell line collapsed PC vector. We

modeled the expression levels as follows:

Eq e~ N(u+ BiG. + Bot + B3PCr + ByPCit + -+ B11PCE + P PCEt + P13Get, 0)

We used R "Im’ to quantify the significance of the interaction between genotype and time
(B13). We computed a null distribution by randomly permuting the time point variable that was

used for the term capturing the interaction between genotype and time (f;3), while keeping the
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time point variable in all other terms not permuted. An independent permutation was used for

every tested variant gene pair. Using this permutation run, we computed significance with eFDR.

We tested the same set of variant-gene pairs that was tested in the non-dynamic eQTL
calling analysis. This was done to reduce bias when comparing non-dynamic eQTLs and

dynamic eQTLs.

Cell line confounder estimation using cell line collapsed PCA. Different cell lines can display
broadly different patterns of expression across the entire time course, including not only
consistent shifts upward or downward in expression of subsets of genes, but different slopes and
more generally different expression trajectory shapes (Fig. 2-1B). Variability in slope is of
particular concern for detection of dynamic eQTLs — if a subset of cell lines display different
slopes over time for many genes, this would lead directly to false positive dynamic eQTLs.
Specifically, these cell line subsets reflecting confounders could by chance correspond to the
same grouping as genotype across numerous SNPs given the large number of SNPs compared to
cell lines. This would then produce apparently large effect f;3G.t terms in the dynamic eQTL
linear model, and thus numerous false positives. To combat this problem, we used a PCA-based
approach we refer to as “cell line collapsed PCA” to identify broad, cell line specific patterns
across the entire time course. To do so, we simply rearranged the gene expression matrix from
the standard RNA-seq quantification (RPKM levels across 297 samples by 16,319 genes) such
that each row was now expression from one cell line and each column was a gene at a single
time point. We excluded time points that were not fully observed (days 2, 4, and 13) to avoid
missing entries, yielding a final matrix of size 19 by 212,147 (Fig. S2-13). After standardizing
each column, we applied PCA to this matrix to learn a low dimensional representation. Here,
each cell line has a shared loading across all time points, and PCs reflect trajectories across all
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genes, rather than a standard application of PCA with loadings for each sample (a cell line, time

point pair).

To ensure that we effectively controlled for the potential confounding effects of cell lines
displaying broad trajectory differences over time, we calculated the frequency at which each pair
of cell lines share the same genotype across all significant dynamic eQTLs. As noted above, a
confounder would cause subsets of cell line to have the same eQTL SNP genotype more often
than expected by chance alone, corresponding to cell line clusters with broad differences. In fact,
when we do not include cell line collapsed PC loadings in our model, we do see an abundance of
such likely false positives (Table S2-4). After controlling for 5 cell line collapsed PCs, the cell
lines do not share the same genotype across significant dynamic QTLs more often than
background (Fig. S2-16), confirming that cell line PCs help address confounding effects of

individual cell line trajectories.

An alternative approach of using pseudo-time, rather than actual time in association
testing, does not fully address the problem mentioned here — cell lines don’t simply progress
faster or slower along the same ultimate trajectory, but seem to deviate in a more complex
pattern. Here, this pattern appears to correspond to cell type purity, but more generally,
differentiation or any temporal response that follows branching trajectories that can’t be captured

by a single monotonic pseudo-time term could lead to similar false positives.

We controlled for the first five cell line collapsed PCs and their interaction with
differentiation time when detecting both linear and nonlinear dynamic eQTLs. While there does
not exist an optimal method to select the number of cell line collapsed PCs, we selected 5 cell

line collapsed PCs that: (a) capture most of the variance in gene expression (Fig. S2-14a), (b)
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ensure cell lines do not share the same genotype across significant dynamic QTLs more often
than background (Fig. S2-16), and (c) result in consistency between non-dynamic eQTLs and

dynamic eQTLs (Fig. S2-21 and S2-25).

Simulating expression samples for linear dynamic eQTL power analysis. Using the same

notation as defined in the “Linear dynamic eQTLs” section, we define the alternate model as:

Ece~ N(B1Ge + Bot + P3(t = Ge),0)

And the null model as:

Ect~ N(lgch + thr U)

For each setting of number of cell lines, t-statistic and minor allele frequency, we
simulated 10,000 independent tests (variant-gene pairs) where a specified proportion of those
tests follow the null and alternate models. We made the simplifying assumption that each cell

line contained 16 time points (T=16). For each test:

1. The genotype vector (G.) was randomly generated assuming a specified minor allele
frequency. Specifically, both alleles of the variant were drawn independently and both alleles

were forced to have the specified minor allele frequency

2. f; was randomly generated for each test from a separate gaussian distribution with mean

0 and standard deviation of .1

3. [, was randomly generated for each test from a separate gaussian distribution with mean

0 and standard deviation of .1

4. [ was equal to the t-statistic multiplied by o. For convenience, ¢ was fixed to be .1
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5. E. was randomly drawn

6. p-values were computed using the linear model described in the “Linear dynamic eQTLs”

section excluding any fixed effects containing cell line collapsed PCs

Significance of simulated tests was assessed at p-value <= 0.00017 (threshold corresponding to

eFDR <= .05 for linear dynamic eQTLs in actual data).

Nonlinear dynamic eQTLs. To detect dynamic eQTLs whose effect size changes non-linearly
with time, we used a second order polynomial basis function over time, which alters the above

linear dynamic eQTL model as follows:

E. e~ N(u+ B1G. + Bot + Bat? + B,PC; + BsPCHt + BsPClt* + -+ B1cPCE + By, PC

+ B1gPC2t* + BioG.t + PoroGet?, o)

We quantify the joint effect of the two interaction terms between genotype and time (54
and f3,,) with a likelihood ratio test with two degrees of freedom using the R “Imtest’ package.
We computed a null distribution by randomly permuting the time point variable that was used for
the two terms capturing the interaction between genotype and time (f;9 and [5,), while keeping
the time point variable in all other terms not permuted. An independent permutation was used for
every tested variant gene pair. It is worth noting that the nonlinear dynamic eQTLs are not well
calibrated (Fig. S2-18). Using this permutation run, we computed significance using eFDR. An
empirical approach to FDR correction should account and control for the observed lack of

calibration of this test.

Simulating expression samples for nonlinear dynamic eQTL power analysis. Linear

dynamic eQTLs allow us to capture dynamic eQTLs whose effect size changes linearly with
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differentiation time. Nonlinear dynamic eQTLs allow us to capture dynamic eQTLs whose effect
size changes as a quadratic function of differentiation time. However, both of these approaches
are unable to capture arbitrary nonlinear functions of differentiation time. A statistical test that
could capture arbitrary nonlinear functions of differentiation time is an ANOVA analysis where
time is fit as a factor with 16 levels (ANOVA eQTLs). Here, we simulate several nonlinear

dynamic eQTLs and access detection power using three different dynamic eQTL methods:
1. Linear dynamic eQTLs
2. Nonlinear dynamic eQTLs
3. ANOVA dynamic eQTLs

Using a similar notation as defined in the “Linear dynamic eQTLs” section, we define the

alternate model as:
Ece~ N(B1Ge + Batnew + B3(tnew * Gc), 0)
And the null model as:
Ect~ N(B1Ge + Batnew, 0)

Here, t,., 1s a transformation of t. We used four arbitrary transformations of t:

1. tpew = t(t —10)

2. thew =t(t—7)(t—15)

3. thew = Sin (pi * é)

4. tpew =1[t > 7]
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Transformed differentiation time (t,,,,) was scaled to have the same standard deviation
as the original values of differentiation time. For each setting of number of cell lines, t-statistic
and time transformation, we simulated 10,000 independent tests (variant-gene pairs) where 30%
of those tests follow the alternate model and 70% follow the null model. We made the

simplifying assumption that each cell line contained 16 time points (T=16). For each test:

1. The genotype vector (G.) was randomly generated assuming a minor allele frequency of
4. Specifically, both alleles of the variant were drawn independently and both alleles

were forced to have a minor allele frequency of .4.

2. f; was randomly generated for each test from a separate gaussian distribution with mean

0 and standard deviation of .1

3. [3 was equal to the t-statistic multiplied by ¢. For convenience, o was fixed to be .1

4. E. was randomly drawn

5. p-values were computed using the three statistical models described above

Significance of simulated tests was assessed at p-value <= 0.00017 (threshold corresponding to

eFDR <= .05 for linear dynamic eQTLs in actual data).

Linear dynamic eQTL classifications. We classified the linear dynamic eQTLs as early (when
the eQTL effect size decreased over time), late (when the eQTL effect size increased over time),
or switch (when the eQTL effect size changes sign over the time course. To do so, we computed
predicted eQTL effect size at day 0 and day 15 according to the fitted linear dynamic eQTL

model:
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Let E'vg (t = x,G = y) be the predicted expression (according to the fitted dynamic eQTL
model) of gene g at time x for a sample with genotype dosage y for variant v. We defined the

eQTL effect size (B,4(t = x)) of variant v on gene g at time x as:
Bug(t =x) = E,j(t =x,6 =0) — E,;(t =xG =2)
If the sign of f,,4(t = 0) is equal to the sign of f,,(t = 15), we assigned that dynamic eQTL to:
1. earlyif |B,,(t = 0)| = |B,4(t = 15)|
2. late if |Byy (t = 0)| < |Buy(t = 15)|

If the sign of f,,,(t = 0) is not equal to the sign of B,,(t = 15), we assigned that dynamic

eQTL to:
1. early if | B,y (t = 0)| = |B,y(t = 15)| and |B,, (¢t = 15)| < thresh
2. late if |Byy (t = 0)| < |Byy(t = 15)| and |B,,(t = 0)| < thresh
3. switch if |B,,(t = 0)| = thresh and |B,,(t = 15)| > thresh

We assigned thresh = 1.

Nonlinear dynamic eQTL classifications. We classified the nonlinear dynamic eQTLs as early
(when the eQTL effect size decreased over time), late (when the eQTL effect size increased over
time), switch (when the eQTL effect size changes sign over the time course, or middle (when the
eQTL is strongest in the middle of the time course). To do so, we computed predicted eQTL

effect size at t=0, t=7.5, and t=15 according to the fitted nonlinear dynamic eQTL model:
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Bug(t =0)= E,;(t=0,6G=0)— E,;(t=0,G=2)
Bug(t =7.5) = E,;,(t =7.5G=0)— E,,(t=75G=2)
Bug(t =15) = E, (t =15,G = 0) — E,;(t = 15,G = 2)

If B,y (t = 7.5) = Bpy(t = 0) and B,,(t = 7.5) = B,4(t = 15), we assigned the dynamic

eQTL to middle.

If the sign of f,,4(t = 0) is equal to the sign of f,,(t = 15), we assigned that dynamic eQTL to:
1. earlyif |B,4(t = 0)| = |B,4(t = 15)|
2. late if |Byy (t = 0)| < |Byy(t = 15)|

If the sign of f,,,(t = 0) is not equal to the sign of B,,(t = 15), we assigned that dynamic

eQTL to:
1. early if | B,y (t = 0)| = |Byy(t = 15)| and |B,, (¢t = 15)| < thresh
2. late if |Byy (t = 0)| < |Byy(t = 15)| and |B,,(t = 0)| < thresh
3. switch if |B,,(t = 0)| = thresh and |B,,(t = 15)| > thresh

We assigned thresh = 1.

ChromHMM enrichment analysis. We computed enrichment of dynamic eQTLs within cell
type specific chromHMM (15 state model) enhancer elements relative to 1,000 sets of randomly

selected background variants matched for distance to transcription start site and minor allele
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frequency (Ernst et al. 2017). We considered the following four chromHMM states to represent

enhancer elements:

1. EnhG (state 6)

2. Enh (state 7)

3. BivFInk (state 11)

4. EnhBiv (state 12)

We used the following five Roadmap cell types to represent iPSCs (Roadmap Epigenomics

Consortium 2015):

1. EO018:iPS-15b Cells

2. E019: 1PS-18 Cells

3. E020: iPS-20b Cells

4. EO021:iPS DF 6.9 Cells

5. E022:1PSC DF 19.11 Cells

And the following five Roadmap cell types to represent heart-related cells (Roadmap

Epigenomics Consortium 2015):

1. EO065: Aorta

2. EO083: Fetal heart

3. E095: Left ventricle
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4. EI104: Right atrium

5. E105: Right Ventricle

To compute enrichment within iPSC specific enhancer elements, we limited to enhancer
elements found in at least one of the 5 iPSC cell types and none of the heart-related cell types.
Likewise, for enrichment with heart specific enhancer elements, we limited to enhancer elements
found in at least one of the 5 heart-related cell types and none of the iPSC related cell types.

Odds ratios were smoothed by adding smoothing constant of 1 to each overlap count.

Dilated cardiomyopathy gene set enrichment analysis. We define the dilated cardiomyopathy
gene set as the union of all genes in Supplementary Table 3 of Burke et al. 2016. Enrichment was

computed via Fisher's exact test.

Supplementary Figures and Tables

Supplementary figures and tables for this chapter are included in Appendix A:

Supplementary Figures and Tables.
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Chapter III: Dynamic genetic regulation of gene
expression during cardiomyocyte differentiation using
single-cell RNA-seq

Abstract

During a dynamic process such as cellular differentiation, overall cell type composition
and gene regulation both experience significant changes over time, which can vary by individual.
To distinguish between these dynamic effects, we collected single-cell RNA sequencing data
over a differentiation time course from induced pluripotent stem cells to cardiomyocytes,
capturing 7 unique time points in 19 human cell lines. We identified dynamic eQTLs whose
effects vary significantly with differentiation time, and classified these dynamic effects as
primarily representing changes in overall gene regulation, changes in gene regulation in one cell
type, or changes in cell type composition over time. We found that using cells from only one
particular trajectory, rather than the entire single-cell dataset, results in the discovery of many
more dynamic eQTLs, including those enriched for cell-type-relevant phenotypes. Finally, we
used cell type composition information from single-cell data to deconvolute matched bulk RNA-
seq samples and identify additional dynamic eQTLs that were not found prior to cell type

deconvolution using single-cell data.
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Full Text

During cellular differentiation, a cell undergoes major changes in its gene expression
profile as it transitions from one cell type to another (Zeitlinger et al. 2010; Yan et al. 2013).
These changes are guided by the genetic regulation of gene expression in each cell, which may
be specific to a particular developmental time point or environmental context (GTEx Consortium
2017; Knowles et al. 2017). Dynamic gene expression data can allow us to uncover genetic
variants involved in the regulation of the genome during a developmental process, and also
enable the identification of regulatory variants with transient effects that may not otherwise be

found.

Previous studies have investigated the dynamics of gene regulation during a
differentiation time course using bulk RNA-sequencing (Strober et al. 2019). However, some
questions remain unanswered, and new questions arise using this approach. During cellular
differentiation, changes in the gene expression profile of a cell culture sample may reflect true
changes in the gene regulation of each cell, changes in the total cell type composition of the
sample, or both (Trapnell et al. 2015). Bulk RNA-seq data provides an average expression value
of all cells in a given sample, so cell-specific information that would help distinguish between
cell type composition changes and true gene regulatory changes is lost. In contrast, single-cell
RNA sequencing preserves cell-specific gene expression information, enabling us to profile the

cell type composition of heterogeneous samples.

The resolution of single-cell gene expression data and the possibility of classifying cell
types also allows us to study differentiation trajectories in greater detail. In a previous study,
bulk RNA-seq data from a cardiomyocyte differentiation revealed that cell lines cluster into

distinct groups that exhibit differences in the expression trajectories of groups of genes over time
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(Strober et al. 2019). With only average expression measurements for each sample from bulk
data, it is unclear what characterizes these cell line clusters or the distinct differentiation
pathways they may represent. Single-cell RNA-sequencing may help address these questions by
providing cell-specific information to enable the study of gene regulatory and cell type

composition changes during the transition from a pluripotent to a terminal cell type.

To that end, we performed cardiomyocyte differentiation on induced pluripotent stem
cells (iPSCs) from 19 human cell lines, and collected single-cell RNA-seq data using Drop-seq at
7 informative days throughout the process. Single-cell data collection was performed with a
balanced study design in which each collection contained three individuals at three unique
differentiation time points, to minimize technical batch effects associated with individual and
differentiation day (Table S3-1). After processing, the resulting 133 samples contained an
average of 1962 cells per sample, with mean 1001 genes detected per cell. Following cell
filtering and normalization, a principal component analysis shows that differentiation day is a

major contributor to variation in the data (Fig. S3-1, S3-2).

Unsupervised clustering of time course single-cell data shows that cells from the same
differentiation day broadly cluster together, although these groups are not as distinct in later
cardiomyocyte time points (days 7, 11, and 15) (Fig. 3-1A). Marker genes known to be
expressed at various stages in cardiac differentiation, from iPSC to mesoderm to cardiomyocyte,
show high expression at expected early, intermediate, and late stages in the single-cell data,
respectively (Fig. 3-1B). Interestingly, there appear to be two mutually exclusive cell types in the
later time points. Differential expression analysis shows that one of these cell type clusters has
high expression of genes known to be involved in cardiomyocyte function, such as TNN72 and
MYL7 (Ahmad et al. 2008, Bizy et al 2013). The other dominant cell type cluster in later time
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points shows high expression of genes such as COL3A41 and VIM, which are expressed in the
extracellular matrix of cardiac fibroblast (Ieda et al. 2009, Zhang et al. 2019). The differentiation
outcome of each sample varies by individual cell line; in some cell lines, cells differentiate

primarily into either the TNNT2-expressing or the COL3A4 I-expressing terminal cell type clusters

(Fig. 3-1C, S3-3A).
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Fig. 3-1. Gene expression patterns in single cell data. (A) UMAP of full single cell dataset;
cells are colored by differentiation day. (B) Normalized expression of marker genes on UMAP.
Cells not expressing the gene are shown in gray. (C) Normalized expression level of TNNT2
(top) and COL3A1 (bottom) for each of 19 cell lines, colored by differentiation day. Cell lines
are ordered in the same way in top and bottom panels.

Since bulk RNA-seq data was previously collected from the same cell lines during

cardiomyocyte differentiation, we can directly compare these results by aggregating single-cell

data into ‘pseudobulk’ RNA-seq data. Aggregated gene expression from earlier time points in
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pseudobulk is most similar to data from earlier time points in bulk; and data from later time
points in pseudobulk is most similar to data from later time points in bulk in the same cell lines
(Fig. 3-2). The correlation of previously collected bulk gene expression data with single-cell
pseudobulk expression data suggests that variation in gene expression profiles captures genetic

factors, and does not merely reflect batch-specific technical effects.
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Fig. 3-2. Correlation of bulk and pseudobulk samples. For each differentiation day, we
aggregated gene expression data across all 19 cell lines and computed Pearson correlation
between single-cell pseudobulk data and bulk RNA-seq data collected from the same individuals
in a cardiomyocyte differentiation time course (Strober et al. 2019).

Using the aggregated single-cell pseudobulk data, we used a Gaussian linear model to
identify linear dynamic eQTLs whose effect varies significantly with time. This model identifies
variant-gene pairs in which variant genotype and differentiation time significantly interact to
affect gene expression, while controlling for the linear effects of both differentiation time and
genotype. Using the full single-cell pseudobulk data, we identified 389 dynamic eQTL variants
in 87 genes, at a local false sign rate below 0.05 using adaptive shrinkage (Stephens 2017).

Genetic variants with these dynamic effects show significant enrichment for genes with roles in

myogenesis, as well as genes related to dilated cardiomyopathy (P=0.018, Fisher’s exact).
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To further investigate the effect of cell type on these apparent gene regulatory effects, we
identified linear dynamic eQTLs from the single-cell pseudobulk data solely for cells along the
TNNT2-expressing trajectory or along the COL3A4 I-expressing trajectory, respectively (Fig. S3-
3B). We identified 3440 dynamic eQTL variants in 398 genes in the TNNT2-trajectory cells
alone, and 578 dynamic eQTL variants in 90 genes in the COL34 [-trajectory cells alone (Ifsr <
0.05). Dynamic eQTLs identified using the TNNT2-trajectory cells show enrichment for genes
related to myogenesis (P=1.2e-4), while eQTLs identified in the COL3A4 -trajectory cells do not.
It is notable that separating cells according to their specific differentiation trajectory results in a
greater number of dynamic eQTLs compared to the full heterogeneous single-cell data. This is
particularly true for the TNNT? trajectory, whose terminal cell type has an expression profile
closer to the intended cardiomyocyte outcome of the differentiation protocol, and which

produces many more dynamic eQTL variants upon separation from the full dataset.

Dynamic eQTLs identified thus far, particularly using the full single-cell dataset, may
exhibit the observed changes to gene expression over time due to either gene regulatory
differences or cell composition differences between individuals. One way to distinguish between
these effects would be to remove the effect of cell type composition from the single-cell gene
expression data, and examine only the residual expression values, which would be informative of

gene regulatory differences over time.

Therefore, to separate the effect of gene regulation from cell composition, we regressed
out a term for “cell type composition” derived from the single-cell data (as the proportion of cells
in each unsupervised Seurat cluster per sample), and identified linear dynamic eQTLs using the
residuals of this regression. We identified 255 dynamic eQTL variants in 52 genes using this

cell-type-composition-residual data (Ifsr < 0.05). Since the effect of cell type was removed, these
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dynamic effects are likely to be primarily a result of true changes in gene regulation throughout
the time course. Figure 3-3A shows an example of a dynamic gene regulatory effect, where an
individual’s genotype is significantly associated with differences in gene expression early in the

time course, and the effect decreases over time.
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Fig. 3-3. Linear dynamic eQTL for gene regulation and cell type composition. (A) Linear
interaction association between genotype (color) of rs28653358 and differentiation day (x axis)
on residual gene expression of AZIN] (y axis). Cell type composition terms were regressed on
expression prior to QTL mapping. (B) Linear interaction association between genotype (color) of
rs75452357 and differentiation day (x axis) on gene expression of LGALSS (y axis).

By contrast, we can identify dynamic effects for which cell type composition is a major

factor by investigating the variant-gene pairs that were found to be significant before the

regression of the cell type composition term, but were not significant after regression.
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Of these effects, a subset of dynamic eQTLs may be due to differences in cell type
composition between individuals over time, and a subset may be due to true gene regulatory
differences that only exist within one cell type, but are not captured in the entire dataset. We can
identify dynamic genetic effects present in just one cell type by regressing out a “cell type” term
for individual cell types (as the proportion of cells in that particular unsupervised Seurat cluster
per sample); gene regulatory effects specific to that cell type will be removed from those
identified using the residual gene expression values. Using this method, we were able to identify
77 genes with a dynamic eQTL effect specific to only one cell type, which were not identified as
dynamic eQTLs affecting gene regulation across all cell types in the previous cell-type-
composition regression model (Ifsr < 0.05). Notably, 62 of these genes have a dynamic eQTL

specific to a cluster with high expression of cardiac marker TNNT2.

Finally, loci identified by our dynamic eQTL model that were found after individual-cell-
type regression but not found after cell-type-composition regression are likely to be dynamic
genetic effects that primarily reflect changes in overall cell type composition over time. An
example of a cell type composition dynamic eQTL is shown in figure 3-3B, where the genotype

effect on gene expression increases as the differentiation progresses.

For the dynamic eQTLs identified thus far, we have investigated the interaction between
genotype and chronological time, represented by the differentiation day in which each sample
was collected. However, chronological time may not be the best measure of biological time for
every sample. Different cells and/or individual cell lines may progress through the differentiation
at different rates, which means the biological stage represented by “Day 3” for some individuals
may not be the same stage as “Day 3” for others, for example. To account for this, we used

PAGA to infer pseudotime values for each single cell, by reconstructing branching gene
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expression changes across the dataset (Wolf et al. 2019) (Fig. 3-4). Using these pseudotime
values instead of chronological time, we found 572 linear dynamic eQTL variants for 77 unique
eGenes (Ifsr < 0.05). These pseudotime linear dynamic eQTLs may represent dynamic genetic
effects arise more gradually over time, as pseudotime values provide a continuous gradient
compared to discrete chronological time points. Only a minority of these pseudotime dynamic
eQTLs (11.5%) were also identified in the previous model using chronological time, suggesting
that building a continuous pseudotime trajectory enhances our ability to detect dynamic effects

over the time course.
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Fig. 3-4. Pseudotime trajectories in single cell data. Partition-based graph abstraction (PAGA)
showing the expression levels of one early time course marker gene (L/7D/) and two terminal
cell marker genes (TNNT2 and COL3A1) along an inferred pseudotime trajectory, whose values
are shown on the right.

Since pseudotime values can infer intermediate time points with more resolution than
chronological time, we used these values to identify nonlinear dynamic eQTLs, or eQTLs whose
effect is present in the middle of the differentiation, but not at the beginning or the end. We
identified 2849 nonlinear dynamic eQTL variants for 355 eGenes using inferred pseudotime
values (Ifsr < 0.05). Of these 355 genes with a nonlinear dynamic effect, only 17 were also
identified as having a linear dynamic eQTL using chronological time points. Our time course
study design is particularly useful for detecting these nonlinear genetic effects, as they may be
transient and would not be found by studying only the initial or terminal cell types of a dynamic

process such as differentiation.
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Using the information on cell type composition from single-cell data, we can return to
previously published bulk RNA-seq data of the same cell lines undergoing cardiomyocyte
differentiation. Under the assumption that bulk RNA-seq data also contains a heterogeneous cell
population, we used the cell type composition terms obtained from single-cell data to
deconvolute the effect of cell type from the dynamic gene regulatory effects found in bulk. The
inclusion of cell type composition terms to bulk data resulted in enhanced detection of linear
dynamic eQTLs (compared to randomly sampled expression data with the same terms, P < 2.2e-
16). These additional eQTLs represent dynamic effects that have been uncovered only due to

data deconvolution using cell type composition terms from single-cell RNA-seq data.

We found that single-cell RNA-seq data collected during a differentiation time course can
disentangle the effects of gene regulatory changes from cell composition changes over time. Our
cardiac differentiation resulted in more than one terminal cell type expression profile, and
specifically selecting for our trajectory of interest enabled us to identify many more dynamic
effects that would otherwise have been obscured, even with the full single-cell dataset. The
approach of determining cell type composition with single-cell data can be used to deconvolute
cell type effects from gene regulatory effects in a matched bulk RNA-seq dataset. The dynamic
genetic effects identified in this study may provide a resource for investigating mechanisms
underlying developmental processes that include heterogeneous and dynamically changing cell

types over time.
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Materials and Methods

Samples. We used induced pluripotent stem cell (iPSC) lines from 19 individuals from the
Yoruba HapMap population. The iPSC lines were reprogrammed from LCLs and characterized
previously (Banovich et al. 2018). All 19 individuals are female and unrelated. We chose to use
only female individuals to avoid introducing additional variance that is not of interest in this

study.

iPSC Maintenance. Feeder-free iPSC cultures were maintained on Matrigel Growth Factor
Reduced Matrix (CB40230, Thermo Fisher Scientific) with Essential 8 Medium (A1517001,
Thermo Fisher Scientific) and Penicillin/Streptomycin (30002Cl, Corning). Cells were grown in
an incubator at 37°C, 5% CO2, and atmospheric O2. Cells were passaged to a new dish every 3-
5 days using a dissociation reagent (0.5 mM EDTA, 300 mM NacCl in PBS) and seeded with

ROCK inhibitor Y-27632 (ab120129, Abcam).

Cardiomyocyte Differentiation. We differentiated iPSCs using a protocol previously optimized
for use with the Yoruba HapMap panel (Banovich et al. 2018). This protocol implements slight
modifications to the cardiomyocyte differentiation protocols from Lian et al. 2013 and Burridge
et al. 2014. Feeder-free iPSCs were seeded onto wells of a 6-well plate and grown for 3-5 days
prior to differentiation. When most lines were 70%-100% confluent, E§ media was replaced with
“heart media” along with 1:100 Matrigel hESC-qualified Matrix (08-774-552, Corning) and
12uM of GSK-3 inhibitor CHIR99021 trihydrochloride (4953, Tocris). “Heart media” is
composed of RPMI (15-040-CM, Thermo Fisher Scientific) with B27 Supplement minus insulin
(A1895601, Thermo Fisher Scientific), 2mM GlutaMAX (35050-061, Thermo Fisher Scientific),
and 100mg/mL Penicillin/Streptomycin (30002Cl, Corning). CHIR99021 is a small molecule
that activates WNT signaling and initiates the differentiation on day 0 (after the ‘day 0’ cell
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collection) (Lian et al. 2012). “Heart media” was replaced 24 hours later at day 1 of
differentiation. 48 hours later, at day 3 of differentiation, cells were fed with new “heart media”
containing 2uM of the WNT inhibitor Wnt-C59 (5148, Tocris) (Lian et al. 2012). We cultured
cells in Wnt-C59 heart media for 48 hours. At day 5, Wnt-C59 was removed and base “heart

media” was added. “Heart media” was refreshed on days 7, 10, 12, and 14 of differentiation.

Cells began spontaneous mechanical beating between days 7 and 13 of differentiation.

In some cases, after performing cardiac differentiation, one might choose to perform a
post hoc purification process to remove any non-cardiac cell types present at the terminal time
point (Tohyama et al. 2013). However, for the purposes of a time course experiment where
multiple intermediate time points are assayed, a purification protocol undertaken only at the end

of the differentiation would not prove useful; therefore, no cell type purification was performed.

Sample Collection and Processing. We performed cardiomyocyte differentiations in three total
batches of six to seven cell lines at a time. For each batch, cardiomyocyte differentiations were
performed with three staggered starting days, such that samples could be collected from each cell
line in three differentiation stages at any given time. For all 19 cell lines, samples were collected
on differentiation days 0 (iPSC, before treatment with CHIR99021), 1, 3, 5, 7, 11, and 15. Drop-
seq collection was performed a total of three collection days for each batch of six to seven cell
lines. In the first collection day, samples from all cell lines in the batch were collected for
differentiation days 1, 3, and 7. In the second collection day, samples from all cell lines in the
batch were collected for differentiation days 5, 7, and 11. In the third collection day, samples
from all cell lines in the batch were collected for differentiation days 0 (iPSC), 11, and 15.
Through this process, single-cell gene expression data was collected for all cell lines in seven
unique time points, with two time points (differentiation days 7 and 11) having two replicates.
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This staggered differentiation and collection study design was performed to minimize the
technical effect of sample collection as a potential confounding variable associated with cell line

or differentiation day.

To harvest the samples at the start of each collection day, cells in at least two wells of a
6-well culture dish were released from the dish using Accutase (BD Biosciences, #561527).
Samples were washed three times and resuspended in 1X PBS, 0.01% BSA. Cells were then
passed through a 40 um filter to encourage the formation of a single cell suspension. The
concentration of each single cell suspension was quantified manually using an NI

hemocytometer (InCyto, DHC-NO1-2).

Using a 125 um Drop-seq microfluidic device, single cells were captured in droplets
along with a DNA barcoded bead (ChemGenes, Macosko-2011-10(V+)), following the standard
Drop-seq protocol (Macosko et. al 2015). The DNA barcoded beads include a cell-specific
barcode so the cell identity of each RNA molecule can be recovered. After Drop-seq collection,
the RNA molecules were reverse transcribed, and cDNA amplification was performed according
to the Drop-seq protocol. cDNA concentration and library size were measured using the Qubit 3

fluorometer (Thermo Fisher) and BioAnalyzer High Sensitivity Chip (Agilent, #5067-4626).

Library preparation was performed using the [llumina Nextera XT DNA Library
Preparation Kit (Illumina, FC-131-1096). Libraries in each batch were multiplexed together so
that every sequencing lane contained three samples, one from each of the three collection days.
Each of those samples was itself a multiplexed collection of three individual cell lines at three
distinct differentiation time points, which were mixed upon Drop-seq collection. Samples went

through paired-end sequencing using the Illumina NextSeq 500. 20 bp were sequenced for Read
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1, and 60 bp for Read 2 using Custom Read 1 primer,
GCCTGTCCGCGGAAGCAGTGGTATCAACGCAGAGTAC, according to manufacturer’s
instructions (Macosko et al. 2015). The same multiplexed library pool was sequenced twice with

the goal of achieving at least 20 million reads per sample

We recorded 20 technical and biological covariates and measured their contribution to

variation in our data (Fig. S3-2).

Genotype data. We used previously collected and imputed genotype data for the 19 Yoruba

individuals from the HapMap and 1000 Genomes Project (Degner et al. 2012).

RNA-seq quantification. For each sequencing run, we obtained paired-end reads, with
one pair representing the cell-specific barcode and unique molecular identifier (UMI), and the
second pair representing a 60 bp mRNA fragment. We used dropseqRunner (available at
github.com/aselewa/dropseqRunner) which takes a fastq file with paired-end reads as input and
produces an expression matrix corresponding to the UMI of each gene in each cell. All RNA-seq
samples were aligned to the human genome (GRCh38) using STAR-solo (Dobin et al. 2013). We
used featureCounts (Liao et al. 2014) to assign each aligned read to a genomic feature, and
umi_tools (Smith et al. 2017) to create a count matrix representing the frequency of each feature

in our dataset.

60,668 genes were used for downstream analysis. Single-cell data were filtered to remove
cells with fewer than 200 genes per cell, percent mitochondrial reads greater than 30%, or
doublet probability greater than 30% according to the single-cell demultiplexing software

demuxlet (Kang et al. 2018). The data was normalized using the Seurat R package’s sctransform
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function, following the standard pipeline recommended by Seurat (Stuart et al. 2019). All

downstream analysis used gene expression data following sctransform normalization and scaling.

Dimensionality reduction. To perform principal components analysis (PCA), Seurat first
identifies a subset of highly variable genes by calculating gene dispersion compared to mean
expression values for each gene. These highly variable genes are used to calculate principal
components for the single-cell data. The top 30 global expression PCs were then used to perform
clustering and visualization on a Uniform Manifold Approximation and Projection (UMAP).
Seurat’s ‘FindClusters’ function was used to perform unsupervised clustering on single-cell data

using a resolution of 0.65.

Cell type trajectory categories. Seurat clusters were categorized as belonging primarily to
TNNT2-trajectory, primarily to COL3A4 I-trajectory, to both, or having no particular pattern.
Clusters that showed expression of TNNT2 without expression of COL3A41 were placed in the
TNNT? category, as well as earlier time point clusters that had high contact with these clusters
according to UMAP visualization. Conversely, clusters that showed expression of COL3A41
without expression of TNNT2 were placed in the COL3A1 category, along with earlier clusters
leading into those clusters according to UMAP visualization. Seurat clusters representing the
earliest time points did not show a clear visual distinction between trajectories, and were placed
in both the TNNT2-trajectory and COL3A4 I-trajectory categories. Seurat clusters that did not
show a clear pattern or contained cells scattered along both lineages were also placed in both
trajectory categories. In all, the TNNT2-trajectory and COL3A [-trajectory groups shared cells
from 14 Seurat clusters; the TNNT2-trajectory group uniquely contained cells from 4 Seurat
clusters; and the COL3A4 I-trajectory group uniquely contained cells from 5 Seurat clusters (Fig.
S3-3B).
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Correlation between bulk and pseudobulk data. Single cell data was aggregated into
pseudobulk by taking the sum of normalized gene expression values across all cells of a given
sample for a given gene. For downstream analysis that uses single-cell data in pseudobulk,
including correlation with bulk RNA-seq data and pseudobulk dynamic eQTL calling, we
filtered samples to exclude those with fewer than 700 cells per sample. We used normalized
expression (gene by sample) matrices from both bulk RNA-seq and pseudobulk data, using genes
that were detected in both datasets. We calculated the Pearson correlation of the normalized gene
expression matrix from bulk RNA-seq data (collected in Chapter II) with the normalized gene
expression matrix from the pseudobulk RNA-seq data (calculated from single-cell data, collected

in Chapter III).

Cell line collapsed PCA. We used a “cell line collapsed PCA” approach to identify broad, cell
line specific patterns across the entire time course. To identify cell line collapsed PCs, we
rearranged the gene expression matrix from the standard RNA-seq quantification such that each
row represented expression from one cell line and each column represented a gene at a single
time point. After standardizing each column, we applied PCA to this matrix to learn a low
dimensional representation. Here, each cell line has a shared loading across all time points, and
PCs reflect trajectories across all genes. We controlled for the first five cell line collapsed PCs

when detecting dynamic eQTLs.

Linear dynamic eQTLs. Linear dynamic eQTLs are cis-eQTLs whose effects are linearly
modulated by differentiation time. We detected linear dynamic eQTLs with a gaussian linear
model that quantified the interaction between genotype and differentiation time on gene
expression, while controlling for the linear effects of both genotype and differentiation time. We

also controlled for linear effects of the first five cell line collapsed PCs (see below).
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We built a separate linear model for each tested variant-gene pair. Specifically, let t
denote the time point of the current sample, ¢ denote the cell line of the current sample, T denote
the total number of time points, and C denote the total number of samples. E € R*T denotes the
standardized expression matrix for the current gene, G € R¢denotes the dosage based genotype
vector for the current variant, and PCX € R¢denotes the Kth cell line collapsed PC vector. We

modeled the expression levels as follows:
Ece~ N(u+ B1Ge + Bot + B3PCL+ -+ B,PCC + BgGet, o)

We used R "Im’ to quantify the significance of the interaction between genotype and time
(Bg). To determine significant effect size difference, we used the R package ‘ashR’ which
performs adaptive shrinkage, a flexible empirical Bayes approach using estimates of the
coefficient of interest and its standard error from the linear model (Stephens 2017). From this
adaptive shrinkage approach, we use the measure Ifsr, or local false sign rate, to determine

significance of each variant gene pair.

We tested the same set of variant-gene pairs that was tested in the dynamic eQTL calling
analysis in Chapter II using bulk RNA-seq data (with the exception of genes from that dataset
that were not detected in the single-cell data). This was done to reduce bias when comparing

eQTLs from these two analyses.

Classifying linear dynamic eQTLs in terms of gene regulation or cell type composition. To
identify eQTLs that are primarily associated with overall gene regulation, we regressed out terms
that represent cell type composition per sample. There were a total of 23 terms corresponding to
the 23 clusters identified using unsupervised Seurat clustering (resolution 0.65). Each of these 23

terms contained values for all pseudobulk samples that represented the proportion of cells in that
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cluster per sample using single cell expression data. We regressed out all 23 cell type terms from
the standard gene expression matrix per sample. The residuals from this linear model were then
used in place of pseudobulk gene expression values to identify linear dynamic eQTLs using the
general linear dynamic eQTL model above. We called dynamic eQTLs identified using the
residuals from the overall cell-type-composition model as eQTLs related to overall gene

regulation, since the effect of cell type composition has been removed through this process.

To distinguish between dynamic eQTLs that primarily affect cell type composition over
time, and dynamic eQTLs primarily associated with gene regulation but only in one cell type, we
performed multiple linear regressions, each using only one of the 23 cluster proportion terms
referenced above. The residuals from these linear models were used in place of pseudobulk gene
expression values to identify linear dynamic eQTLs using the general linear dynamic eQTL
model above. We called dynamic eQTLs that were identified using the residuals from each
single-cluster term, and were also identified using the standard linear dynamic eQTL model with
pseudobulk expression values, as eQTLs related to general cell type composition, since removing
the effect of single cell types did not remove the eQTL effect. By contrast, we called dynamic
eQTLs that were identified using the standard expression value dynamic eQTL model, but were
not identified using the single-cluster-residual model, as eQTLs related to gene regulation in that
particular cluster or cell type, since removing the effect of that cluster or cell type abolished the

eQTL effect.

For all linear dynamic eQTL models in this section, we used R 'Im" to quantify the
significance of the interaction between genotype and time. We used the R package ‘ashR’ which
performs adaptive shrinkage using estimates of the coefficient of interest and its standard error

from the linear model. From this adaptive shrinkage approach, we use the measure Ifsr, or local
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false sign rate, to determine significance (Stephens 2017). We tested the same set of variant-gene

pairs that were tested in the standard linear dynamic eQTL model described in the section above.

Bulk dataset deconvolution using single cell data. We used information on cell type
composition from the single cell data to deconvolute the dataset previously collected on the same
cell lines using the same differentiation protocol with bulk RNA-seq (Strober et al. 2019). Since
the bulk dataset contained samples collected at more time points throughout the differentiation,
we limited our analysis to only those bulk samples that had a matching sample in the single cell
data. We detected linear dynamic eQTLs using the previously published bulk RNA-seq data first
with the same Gaussian linear model used previously (i.e. without any cell type deconvolution
terms). We then detected linear dynamic eQTLs using the bulk RNA-seq data with a Gaussian
linear model with added cell type composition terms. These were a total of 23 terms
corresponding to the 23 unsupervised Seurat clusters identified in the matched single-cell RNA-
seq data. Each of these 23 terms contained values for all matched bulk samples that represented
the proportion of cells in that cluster per matched single-cell sample, calculated using single-cell

expression data. This bulk deconvolution model was run as follows:

We built a separate linear model for each tested variant-gene pair. Let t denote the time
point of the current sample, ¢ denote the cell line of the current sample, T denote the total
number of time points, and C denote the total number of samples. E € R*T denotes the
standardized expression matrix for the current gene, G € R¢denotes the dosage based genotype
vector for the current variant, PCX € R¢denotes the Kth cell line collapsed PC vector, and Z;

denotes the proportion of cells in the Ith cluster. We modeled the expression levels as follows:
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Ee~ N(u+ B1Ge + Bot + BsPCE+ ByPClt 4 -+ P11PC2 + P1oPCRt + B13Zy + P1aZs

+ o+ B35Z23 + P36Get, 0)

We used R "Im’ to quantify the significance of the interaction between genotype and
time. We then used the R package ‘ashR’ which performs adaptive shrinkage, and calculated
local false sign rate to determine significance (Stephens 2017). We tested the same set of variant-

gene pairs that was tested in the dynamic eQTL analysis in Chapter II using bulk RNA-seq data.

Pseudotime trajectory analysis using PAGA. To perform pseudotime trajectory analysis, we
imported the full single-cell Seurat object (post-normalization) to scanpy and followed the
standard PAGA pipeline (Wolf et al. 2018, Wolf et al. 2019) . We used Leiden clustering at 0.03
resolution to cluster the single-cell data in an unsupervised manner. Leiden clusters were then

used to initialize PAGA and compute pseudotime trajectories.

From PAGA, pseudotime values were obtained for every cell in the single-cell data. To
use this information in dynamic eQTL models which use pseudobulk data, we grouped single
cells by sample (where a sample refers to a given cell line at a given differentiation day) and
obtained the median pseudotime value of all cells in that sample. These median pseudotime
expression values per sample were then used in place of chronological differentiation day for the

purposes of pseudotime dynamic eQTL mapping.

Nonlinear dynamic eQTLs. To detect dynamic eQTLs whose effect size changes non-linearly
with time, we used a second order polynomial basis function over time, which alters the above

linear dynamic eQTL model as follows:

Eq e~ N(u+ B1G. + Bot + Bat? 4+ ByPCI + -+ BgPCE + PoGt + P1oG.t?, 0)
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We used R "Im’ to quantify the significance of the interaction between genotype and the
second order time variable (). We then used the ‘ashR’ to perform Bayesian adaptive
shrinkage, using estimates of 8, and its standard error from the linear model (Stephens 2017).
From this adaptive shrinkage approach, we use the measure lfsr, or local false sign rate, to

determine significance of each variant gene pair.

Supplementary Figures and Tables
Supplementary figures and tables for this chapter are included in Appendix A:

Supplementary Figures and Tables.
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Chapter IV: Systematic comparison of high-throughput
single-cell and single-nucleus transcriptomes during

cardiomyocyte differentiation
Note:

The following section (Chapter IV) is a summary of a project to which I contributed, titled
“Systematic Comparison of High-throughput Single-Cell and Single-Nucleus Transcriptomes
during Cardiomyocyte Differentiation” (Selewa et al. 2020). This paper was published in
Scientific Reports on January 30, 2020. My contribution to the project is detailed below. This
material is distributed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction, with appropriate credit to the

original author(s) and source (http://creativecommons.org/licenses/by/4.0/).
Authors:

A. Selewa, R. Dohn, H. Eckart, S. Lozano, B. Xie, E. Gauchat, R. Elorbany, K. Rhodes, J.

Burnett, Y. Gilad, S. Pott, and A. Basu
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Introduction

The development of single-cell sequencing technologies has greatly enhanced our ability
to study transcriptomes at high resolution. To ensure quality transcriptomic data, single-cell
technologies such as Drop-seq require suspensions of intact, mostly viable single cells (Macosko
et al. 2015). However, there are many cases in which intact single cell suspensions cannot be
obtained -- for example, for cell types with unusual morphology that can’t reliably pass through a
single cell filter, or cells or tissues where the cell membrane has been breached during handling.
In these cases, a useful alternative may be to obtain gene expression profiles from single nuclei,
which do not require intact viable single cells. DroNc-seq is a microfluidic approach similar to
Drop-seq that enables the collection of single-nucleus, rather than single-cell, gene expression
data (Habib et al. 2017). To establish a greater understanding of the strengths and limitations of
these two approaches, we performed a systematic comparison of Drop-seq and DroNc-seq during

a differentiation time course from human iPSCs to cardiomyocytes (Selewa et al. 2020).

For this project, | maintained and differentiated two human cell lines from induced
pluripotent stem cells to iPSC-derived cardiomyocytes. Samples from these cell lines were
collected by Drop-seq for single-cell information and DroNc-seq for single-nucleus information

on days 0 (iPSC), 1, 3, 7, and 15 of the differentiation protocol.

Summary of results

The study found that single-nucleus expression data from DroNc-seq yields broadly
similar results to single-cell data from Drop-seq on matched samples throughout the time course.

DroNc-seq captured a significantly higher proportion of intronic reads compared with Drop-seq,
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likely because these reads come from unprocessed RNA molecules which are enriched in the
nucleus (Selewa et al. 2020). Cell type-specific genes were identified using unsupervised Seurat
clustering, by the top marker genes for each cluster. Clusters identified by both Drop-seq and
DroNc-seq captured the anticipated gene expression trajectory throughout the differentiation
from iPSCs to cardiomyocytes -- broadly expressing first pluripotency markers, followed by
mesoderm and cardiac progenitor markers, followed by cardiomyocyte markers (Fig 4-1C).
Interestingly, in addition to the cardiomyocyte-lineage cells, unsupervised clustering also
detected cells in two smaller alternative-lineage clusters in later time points of the differentiation
(Fig 4-1A,B) . These ‘alternative lineage’ cells may represent cells at intermediate stages of
cardiac differentiation, cells that failed to differentiate, or cells that differentiated towards an

alternative trajectory.

The study found that iPSC pseudo-bulk samples aggregated from single-cell and single-
nucleus data were most highly correlated with bulk gene expression data from iPSCs collected in
a previous study. By contrast, pseudo-bulk samples representing iPSC-derived cardiomyocytes
from single-cell and single-nucleus data were most highly correlated with bulk gene expression
data from iPSC-derived cardiomyocytes and primary heart tissue collected in a previous study
(Fig 4-1E). Drop-seq and DroNc-seq expression data were used to infer a pseudo-time
differentiation trajectory, which places iPSCs at the beginning of the trajectory, followed by
cardiac progenitors, followed by cardiomyocytes (Fig. 4-1H,I). Finally, DroNc-seq was applied
to frozen heart tissue to demonstrate the use of single-nucleus gene expression data to
characterize cell type composition in frozen tissue as well as fresh cell culture samples. In all,

this systematic comparison of Drop-seq and DroNc-seq demonstrates the ability of both
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technologies to extract relevant gene expression information in a dynamic and heterogeneous

context such as cardiomyocyte differentiation.
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Fig. 4-1. Cell type and single-cell trajectory analysis from Drop-seq and DroNc-seq data.
(A,B) Clustering results visualized with UMAP and colored by inferred cell type for Drop-seq
and DroNc-seq. (C,D) Expression of marker genes overlaid on UMAP plots from A and B for
Drop-seq and DroNc-seq. (E) Pearson correlation of DroNc-seq and Drop-seq pseudo-bulk
against bulk RNA-seq from iPSCs (n = 18), iPSC-Cardiomyocytes (n=51), and primary heart
tissue (n =22) (Pavlovic et al. 2018). (F,G) Distribution of cell types per time-point in Drop-seq
and DroNc-seq, respectively. (H,I) Inferred trajectories using Monocle with color representing
inferred cell types. A total of 3500 cells were used for the trajectory corresponding to 700 per
time-point.
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Discussion

This project was conducted before the experiments in Chapter 111, in which I collected
single-cell RNA-seq data during a cardiomyocyte differentiation for the purpose of studying the
dynamics of gene regulation. The results of this study demonstrated the utility of Drop-seq in the
collection of single cells in various stages of the differentiation protocol, from iPSCs at day 0 to

cardiomyocytes at day 15.

This study also provided a clearer picture of which time points throughout the
differentiation would be most informative in the collection of single-cell RNA-seq data for the
time course performed in Chapter II1. In addition to the time points included in this study (days
0, 1, 3,7, and 15), collection at intermediate differentiation days 5 and 11 were added in Chapter
111 to increase the overlap of cell types between adjacent time points, as there did not seem to be
significant overlap between cell types otherwise (Fig 4-1F, G). Detection of similar cell types
across time-points would allow for the reconstruction of a more continuous differentiation
trajectory, such as in a pseudotime analysis, to characterize the dynamic temporal relationship

between cell types.

Interestingly, this study also found several distinct differentiation trajectories, as
evidenced by the unsupervised clustering of two “alternative lineage” cells in addition to the
cardiomyocyte-lineage cells. Given this result, this study demonstrated the ability of Drop-seq to
identify single cells that might progress down distinct pathways using the same differentiation
protocol, and provided more confidence in the possibility of analyzing cell type composition

changes over time, as we proceeded to do in Chapter I11.
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Chapter V: Discussion

These combined projects demonstrate our ability to identify dynamic genetic effects on
gene expression using a differentiation time course. Using induced pluripotent stem cells and
their derived terminal cell types, we can identify genetic effects related to the interaction
between an individual’s genotype and the differentiation progress or cell type of a sample. We
located dynamic eQTLs with relevance in heart-related phenotypes which had not previously
been characterized. We also identified dynamic eQTLs that have a fleeting effect during
intermediate time points, which would likely not have been found without the use of a
differentiation time course. We used single-cell RNA sequencing to distinguish between the
dynamic effects of gene regulation from the effects of cell type composition changes over time.
We found that specifically selecting cells only within the differentiation trajectory of interest
enables the identification of many more genetic effects, which may have been obscured by cell
type heterogeneity in a full dataset. Finally, we were able to use cell type composition
information captured from single-cell RNA-seq data to deconvolute matched bulk RNA-seq

samples collected during cardiomyocyte differentiation.
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The fact that selecting specifically for TNNT2-trajectory cells or COL3A 1-trajectory cells
results in the identification of many more dynamic eQTLs compared to the full single-cell
dataset (Chapter III) suggests that heterogeneity in the full dataset may impede the identification
of gene regulatory effects. We expected this to be the case using bulk RNA-seq data, which
provides a single average expression measurement of all cells in a given sample, but found this
to be true using all cells in a heterogeneous population using single-cell RNA-seq data as well.
Collecting single-cell RNA-seq data, therefore, does not necessarily resolve complexities related
to cell type heterogeneity in itself, without additional downstream cell type or trajectory

disaggregation.

Although we could not identify distinct terminal cell types using bulk RNA-seq data, one
might be tempted to compare the differentiation trajectories found in single-cell time course data,
with the distinct cell line clusters observed in the bulk time course data. With bulk RNA-seq data
collected during the differentiation time course in Chapter II, we used an unsupervised model,
split GPM, that grouped cell lines into two clusters that exhibit broad differences in the
expression trajectory of groups of genes over time. Our intention was to use single-cell RNA
sequencing to provide insight into what might characterize these cell line clusters, with a
possible explanation being that they represent distinct differentiation trajectories. Single-cell data
collected during the differentiation time course (Chapter 11I) did indeed show that cell lines
proceed down at least two distinct differentiation pathways, ending with terminal cells that
highly express either TNNT2 or COL3A 1, respectively. However, the cell line clusters found
using the split GPM model with bulk RNA-seq data do not closely correspond to groups of cell
lines that end with either primarily TNNT2-expressing cells or COL3A [-expressing cells

according to the single-cell data (data not shown).
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There could be a number of explanations for this discrepancy. It may be that cell lines do
not consistently follow either one differentiation pathway or the other, but that the outcome of
differentiation varies from differentiation batch to batch due to environmental factors. It is likely
that environmental factors do influence a cell line’s differentiation trajectory, but there is also
evidence that genetic factors play a role (Cuomo et al. 2020). The relatively high correlation
between gene expression from bulk RNA-seq data and matched single-cell pseudobulk samples,
which were differentiated and collected in two separate studies, suggests that genetic factors

related to cell line may provide some consistency to the differentiation process.

Another explanation for the discrepancy between cell line clusters identified in the bulk
RNA-seq and single-cell RNA-seq projects may be the resolution of differences that these
groupings are identifying. Instead of distinguishing between cell lines progressing through the
TNNT2-expressing trajectory or the COL3A4 [-expressing trajectory, cell line clusters identified
using bulk RNA-seq could be picking up on one group of cell lines whose samples primarily end
up in any cardiac lineage (including both TNN72- and COL3A4 I-trajectory cells), and another
group of cell lines where a relatively larger proportion of cells either diverge into a non-
mesoderm pathway or fail to differentiate entirely. In single-cell data in Chapter 111, there
appears to be a third, smaller differentiation trajectory which ends in cells expressing genes such
as APOA1 and AFP, according to unsupervised clustering (Fig. 4B). The genes characterizing
this smaller trajectory are largely unrelated to cardiac differentiation, and may be characteristic
of cell types in the endodermal lineage (Elshourbagy et al. 1985, Lazarevich et al 2000). Without
cell type information from bulk RNA-seq data, we may conjecture that bulk samples similarly
contained off-target results of differentiation such as these cell types, which may have

contributed to their cell line cluster categorization according to split GPM.
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All together, the results from these projects demonstrate the benefit of using a balanced
time course study design to investigate dynamic gene regulatory differences between individuals,
which can provide new insight into the potential role of genomic variants related to human

development and disease.

However, these results invite further study. The identification of expression QTLs with a
dynamic effect during cardiomyocyte differentiation provides many candidates for casual
genomic loci potentially involved in the development of downstream phenotypes or disease. For
some of these loci, we have gathered more evidence of their possible function and relevance by
investigating their location in the genome as compared to previously annotated cis-regulatory
elements. For example, the discovery that a dynamic eQTL is located in a promoter or enhancer
region suggests that this locus may be involved in the function of those cis-regulatory elements
on their associated protein-coding gene. We have also investigated the potential phenotype and
disease relevance of dynamic expression loci identified during cardiomyocyte differentiation by
investigating their overlap with disease-associated loci, such as those previously identified by
genome-wide association studies. Nonetheless, further follow-up studies should be performed to
validate the function of these genomic loci and their potential relevance to downstream
phenotypes. One way to perform this functional validation may be to disrupt the function of
candidate genomic loci using CRISPR-Cas9, and test whether this disruption causes a significant

change in gene expression or other downstream molecular phenotypes (Gasperini et al. 2019).

We can also use orthogonal molecular phenotypes besides gene expression to investigate
the potential mechanisms of action of our dynamic expression QTLs. In conjunction with the
discovery of dynamic expression QTLs, we can investigate whether these loci are also correlated

with changes in other molecular phenotypes such as chromatin accessibility, DNA methylation,
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or RNA splicing, as previous studies have done (Degner et al. 2012; Li et al. 2016). An
advantage of using induced pluripotent stem cells as a model system is the ability to perform
multiple orthogonal assays using the exact same individuals and genotypes. During the
cardiomyocyte differentiations performed for both the bulk RNA-seq (Chapter II) and single-cell
RNA-seq (Chapter III) projects, leftover samples were collected and stored, enabling the
possibility of using these same samples as input for ATAC-seq or bisulfite sequencing, for
example. Using matched data for the same time points and in the same individuals, we might be
able to see patterns between these molecular phenotypes over time that could suggest a
functional relationship. For example, if changes in chromatin accessibility throughout the
differentiation time course are often closely followed in time by changes in gene expression at
the associated coding region, this provides evidence for a potential mechanistic effect of this
dynamic QTL, in which changes in chromatin accessibility ultimately influence subsequent gene
expression changes. The addition of multiple orthogonal molecular phenotypes to this study
could greatly enhance our understanding of the effect and possible mechanism of dynamic gene

regulatory effects during a differentiation time course.

In addition to these complementary approaches, new questions have emerged as a result
of these studies. Of particular interest is the interpretation of the dynamic gene regulatory effects
found at intermediate stages of the differentiation time course, but not at the beginning (in
iPSCs) or at the end (in terminal cell types). Using bulk RNA-seq data, 25 genes with these
intermediate dynamic eQTLs were identified, including some loci that overlap phenotype-
relevant GWAS hits, such as the nonlinear dynamic eQTL for the gene C150rf39, which has
been associated with body mass index (Churchhouse et al. 2017). The interpretation of these

intermediate dynamic eQTLs is not immediately obvious. It may be the case that these effects are

68



the result of a cell type sub-population whose population size peaks at intermediate time points;
thus, this is when we are most likely to find an effect, unobscured by other cell types in the
sample. If so, we may be able to identify this effect using single-cell RNA-seq by specifically
selecting the trajectory of these cells in which we see an intermediate dynamic eQTL effect, and
investigating whether the effect is replicated across the entire time course when looking only at
this cell population. On the other hand, these intermediate dynamic eQTLs may truly be fleeting
effects that emerge momentarily throughout the differentiation, and then subside as the
differentiation progresses. In this case, these intermediate dynamic eQTLs may not necessarily
be involved in cardiac phenotypes specifically, but could be relevant to the development of

precursor cells or even to broader germ layers such as mesoderm cells (Kiecker et al. 2015).

Another question that may arise in response to the results of the single cell time course
project in Chapter 11 is the interpretation of distinct differentiation trajectories and potentially
different cell types at the end of the time course. We found that, in later stages of differentiation
(days 7, 11, and 15), most cells have either high gene expression of cardiac troponin T (TNNT2)
and associated genes (such as myosin light chain/MYL?7), or high gene expression of a collagen-
coding gene (COL3A41) and associated genes (such as vimentin/VIM), as discovered by
unsupervised clustering. Cells broadly express either of these gene sets in a mutually exclusive
manner, suggesting that these gene sets represent two distinct cell types. Additionally, at these
later time points, a much smaller group of cells expresses neither the TNNT2 or COL3A41 gene
sets at high levels, but instead expresses genes such as APOAI and AFP. The focus of the single-
cell time course project was not to fully characterize these cell types, but instead to distinguish

the effect of cell type composition overall from the effect of gene regulation. However, the
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identity of these cell types and the circumstances in which each trajectory might be favored is an

interesting question.

It is clear by these data that there are differences in gene expression trajectory and
ultimate cell fate that arise in response to the same differentiation protocol. What could these cell
types be? And what factors would cause a cell line to favor one differentiation trajectory and
ultimate cell type at the expense of another? Similar questions have previously been asked by
others who perform cardiomyocyte differentiation from embryonic stem cells (D’ Antonio-
Chronowska et al. 2019). In the referenced study, cell lines undergoing cardiac differentiation
resulted in a heterogeneous cell type population, which were identified as either true
cardiomyocyte cells which exhibit mechanical beating and have high expression of TNNT2, or
“epicardium-derived cells” which do not exhibit mechanical beating and have high expression of
gene markers such as VIM and TAGLN. The study demonstrates that these two cell types are
present in varying proportions in each of their individual cell lines, and suggests that this cell fate
decision can be influenced by genetic factors, such as variability in X chromosome gene dosage

(D’ Antonio-Chronowska et al. 2019).

As yet, there is no strong evidence to confirm that the non-cardiomyocyte cell type
present in my single-cell differentiation time course is related to epicardium-derived cells.
However, the cardiomyocyte vs. epicardium framework explored by D’ Antonio-Chronowska et
al. may be useful in understanding the distinct differentiation trajectories present in our cardiac
differentiations as well; specifically, that samples may progress down one differentiation
pathway over another in part due to genetic factors. In the case of the terminal non-
cardiomyocyte cells expressing COL3A41 in my samples, I hypothesize that these cells may

represent an endothelial or cardiac fibroblast cell type. Cardiac fibroblasts arise from the
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epicardium cell lineage, and express gene markers also found in my data, such as collagen and
vimentin (Brade et al. 2013, Ieda et al. 2009, Zhang et al. 2019). The gene expression profile of
these COL3A4 I-expressing cells, which includes high expression of genes related to extracellular
matrix and physical cellular structure, implies that these terminal cells may be involved in

providing some kind of structural support, perhaps as accessories to true beating cardiomyocytes.

To determine whether differentiation trajectory and ultimate cell fate decision is
influenced by genetic factors, it may be useful to perform cardiomyocyte differentiation on the
same cell lines from the same individuals in multiple replicates, and compare the differentiation
trajectories between these replicates. Differentiation using the same individuals was performed in
my study at least twice (during the collection of bulk RNA-seq and during the collection of
single-cell RNA-seq data), and the relatively high correlation between these two replicates
suggests that there may be genetic factors involved in this trajectory decision -- although more
rigorous testing must be performed to make any conclusions about this claim. Another way to
gain insight into this question is to investigate whether there are systematic differences between
cell lines even as induced pluripotent stem cells (Day 0) before any differentiation protocol is
performed, and whether these differences correlate with the ultimate trajectory of these cell lines
during differentiation. Recent studies have suggested that there may be genes whose expression
level at the iPSC stage correlates with downstream differentiation efficiency in a predictable
manner (Cuomo et al. 2020). Their results suggest that the decision for ultimate cell type
trajectories remains consistent within a cell line, and that iPSCs from those cell lines exhibit
distinct gene expression profiles that can be used to accurately predict their differentiation
trajectories even before differentiation begins. This is an intriguing possibility, and more work

should be performed to investigate whether the cell lines used in my studies also exhibit distinct
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gene expression profiles early on that may correlate with the outcomes of any subsequent

differentiation.

In addition to those outlined above, this work could be followed up with several other
future directions. One could use the same cell lines used for the cardiomyocyte differentiation to
perform targeted differentiation to other terminal cell types, both within the mesoderm lineage
and outside of it. Dynamic eQTLs could be identified in the differentiation of other terminal cell
types, and these effects could be compared with those found in the cardiomyocyte differentiation
time course. It is possible that many of these dynamic genetic effects are specific to each
differentiation and the terminal cell type that arises from it, but some dynamic genetic effects
may be shared between distinct differentiation protocols and end points (Dimas et al. 2009). In
particular, dynamic effects that arise during the intermediate stages of the cardiomyocyte time
course, and that are replicated in other differentiation time courses, may be effects related to the
process of differentiation overall, rather than specific to the differentiation of one terminal cell
type. Some dynamic genetic effects may be shared between cell types that arise from one germ
layer, such as mesoderm, but not shared in cell types from either endoderm or ectoderm
(Hutchins et al. 2017). A project that investigates the presence of dynamic eQTLs across the
differentiation of all germ layers and many terminal cell types could provide insight into how

and when these dynamic effects function during human development more broadly.

Along with identifying dynamic gene regulatory effects in multiple cell types, we can
also identify these dynamic effects in response to various environmental perturbations or stress
conditions. In a recent study, iPSC-derived cardiomyocyte cells were subjected to oxygen
deprivation, and gene expression was measured at several time points before, during, and after
this hypoxic stress (Ward et al., n.d.). The authors were able to identify dynamic genetic effects
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associated with gene expression changes that occur as a response to hypoxic stress over time.
Similar studies can be performed to identify dynamic genetic effects as a function of
differentiation stage, stress response, or a combination of the two. Cell type-relevant stressful
stimuli such as oxygen deprivation may be applied at various time points over the course of a
differentiation from iPSC to cardiomyocyte cells, for many individuals. We may investigate
whether the dynamic effect of gene regulation on gene expression differs between individuals
due to hypoxic stress in a manner that depends on differentiation stage. For example, we might
see the dynamic stress response persist over time along the differentiation, or be washed away by
the time the cells have fully differentiated into their terminal cell type. We could also ask
whether certain stages of a differentiation are more sensitive or more robust in their dynamic
response to environmental stress, and whether this sensitivity or robustness is genetically

encoded such that it differs between individuals.

Finally, we can use the differentiation time course study design, particularly with single
cell RNA sequencing, to investigate gene expression variance between individuals, between
differentiation stages, and between single cells. The regulation of gene expression variance is
one mechanism by which a biological system can maintain stable function despite external
perturbations or stochastic noise. To maintain the fidelity of cellular behavior, the genome may
be under regulatory pressure to minimize the variance, and thus maximize robustness, of a
phenotype. Genetic regulation is required to be robust in order to maintain the phenotype or
identity of a cell, which may be especially important during a process such as cell type
differentiation. For example, the gene expression variance of pluripotency factors Oct4 and
Nanog in a population of embryonic stem cells has been linked to the differentiation potential of

individual cells, with the expression variance providing a dynamic range that contributes to
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phenotypic robustness (Kalmar et al. 2009; Hough et al. 2009). Many dynamic physiological
processes must also be robust, and loss of robustness is associated with certain clinically relevant
phenotypes and complex genetic disease (Gibson et al. 2009, Ogbunugafor et al. 2010).
Assessing inter-individual variation of robustness and gene expression variance in differentiating
cardiomyocytes may improve likelihood of detection of cardiovascular disease-related genetic
variants. Furthermore, assessing variation in cell-to-cell gene expression variance between
differentiation stages may enhance our understanding of the temporal dynamics of the tight

regulation of gene expression, or the relaxation of these constraints, across development.

Conclusion

The studies detailed in this thesis demonstrate how a differentiation time course can be
used to investigate the dynamics of gene regulation and cell type composition changes over time.
Dynamic gene regulatory loci can reveal transient effects not found in mature tissues, and
demonstrate the advantages of using a differentiation time course study design. Samples
undergoing differentiation may simultaneously experience changes in their gene regulatory
profiles as well as their identities and overall cell composition, and these factors can be
disentangled with the use of single-cell RNA sequencing. Identifying and separating distinct
differentiation trajectories within a heterogeneous population may also uncover relevant dynamic
genetic effects that were previously obscured. These dynamic genetic effects may provide new
insight into the genetic architecture underlying human development, complex phenotypes, and

disease.
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Appendix A: Supplementary Figures and Tables

Supplementary Figures for Chapter 11

Time Series RNA-sequencing Data
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Fig. S2-1. RNA-seq sample collection. Overview of RNA-seq sample collection. In 19 Yoruba

HapMap cell lines, RNA was extracted and sequenced every 24 hours at 16 time points,
generating 297 RNA-seq samples.
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Fig. S2-3. Explaining principal components with sample covariates. (A) Variance in gene
expression explained by first 10 gene expression principal components. (B) Variance explained
of each gene expression principal component using sample covariates. Adjusted R? was used to
handle categorical sample covariates. Detailed explanation of each sample covariate can be
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Fig. S2-4. Biological replication of day 0 and day 15 cells. We compared day 0 and day 15 cell
lines with matched iPSC lines and iPSC-derived cardiomyocyte lines, respectively, from
Banovich et al. (9). This analysis was restricted to cell lines present in both data sets. Spearman
correlation across genes observed in both data sets between (A) day 0 cell lines and iPSC lines
and between (B) day 15 cell lines and iPSC-derived cardiomyocyte cell lines. Distribution of
spearman correlations shown for matched cell lines (blue) and different cell lines (green). The
correlation of gene expression is greater for matched cell lines compared to different cell lines (p
<.05 for both comparisons, Wilcoxon rank-sum test).
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gene expression levels of Nanog (A, stem cell marker gene) and Troponin T2 (B, cardiomyocyte
marker gene) across 16 time points (x-axis) and 19 cell lines (colors).
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Fig. S2-8. Explaining time step principal components with sample covariates. In each time
point independently, variance explained of each raw read count expression principal components
(from samples belonging to the corresponding time point) using sample covariates. Adjusted R?
was used to handle categorical sample covariates. Sample categorical covariates with more than
8 categories were excluded from this analysis due to the small sample size when considering
time points, independently. Detailed explanation of each sample covariate can be found in Table
S1.
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Fig. S2-9. Number of genes with non-dynamic eQTLs. (A) Variance explained of gene
expression from samples belonging to a particular time point (color) by the first 10 gene
expression PCs (x-axis) computed on samples belonging to that time point. (B) The number of
genes with a significant eQTL (eFDR <= .05) in each time point (color) as a function of number
of expression PCs controlled for (x-axis). (C) The number of genes with a significant eQTL
(eFDR <= .05) in each time point when controlling for three expression PCs.
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Fig. S2-10. Q-Q plots for non-dynamic eQTLs. Q-Q plot for non-dynamic eQTLs in all 16
time steps. Blue dots correspond to p-values from actual data relative to uniformly distributed p-
values, whereas green dots correspond to p-values from permuted data (using WASP’s
permutation strategy) relative to uniformly distributed p-values.
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Fig. S2-11. Matrix factorization of eQTL summary statistics. Latent factors identified via
sparse non-negative matrix factorization of non-dynamic eQTL -logio p-values shown for a range
of sparse prior choices (alpha; columns) when using 3, 4, and 5 factors (rows).
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Fig. S2-12. eQTL sharing across time points. The number of days in which each non-dynamic
eQTL is significant (eFDR <= .05) for all variant-gene pairs that are significant in at least one
day.
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Fig. S2-13. Overview of cell line collapsed PCA. Gene expression can be represented as a
three-dimensional matrix spanning days, cell lines, and genes. For standard PCA (top row), we
rearrange this gene expression matrix such that rows now correspond to cell lines at specific days
(e.g., RNA-seq samples) and columns correspond to genes. Here, PCA will learn a low
dimensional representation for cell lines at specific days. For cell line collapsed PCA (bottom
row), we rearrange this gene expression matrix such that rows now correspond to cell lines and
columns correspond to genes at specific days. Here, PCA will learn a low dimensional

representation for each cell line.
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Fig. S2-14. Analysis of cell line collapsed PCs. (A) Variance explained of gene expression by
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expressing TNNT2 at time point 15 and (C) split-GPM cell line cluster assignment.
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Fig. S2-15. Detecting dynamic eQTLs with gaussian linear mixed model.Comparison of
linear dynamic eQTL p-values between gaussian linear model (x-axis) and gaussian linear mixed
model with cell line specific random effect (y-axis) across all tested variant-gene pairs (Pearson

correlation=.983).
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Fig. S2-16. Frequency of cell line overlap in genotype bins. Frequency at which each cell line
pair is in the same genotype bin ({0,1,2}) across the strongest associated variants of the 200 most
significant eQTL genes (gold) compared to MAF-matched randomly selected background
variants (blue). Analysis shown for linear dynamic eQTLs while controlling for a range of the
top cell line collapsed PCs. Non-dynamic eQTLs (from day 0) are also shown as a control.
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Fig. S2-17. Simulated power analysis for linear dynamic eQTLs. Power to detect simulated
linear dynamic eQTLs (y-axis) based on 10,000 simulations at p-value <= 0.00017 (threshold
corresponding to eFDR <= .05 for linear dynamic eQTLs in actual data) as a function of number
of cell lines (x-axis) and t-statistic (color). t-statistic represents the ratio of the effect size of the
interaction term and the standard deviation term used to simulate the expression data. We
additionally vary (A-F) both the simulated MAF (columns) and the proportion of those tests that
were simulated according to the alternative hypothesis (true dynamic eQTLs; rows).
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Fig. S2-18. Q-Q plots for linear and non-linear dynamic eQTLs. Q-Q plot for (A) linear and
(B) non-linear dynamic eQTLs. Blue dots correspond to p-values from actual data relative to
uniformly distributed p-values, whereas green dots correspond to p-values from permuted data
relative to uniformly distributed p-values.
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Fig. S2-19. Percent variance explained of dynamic eQTL covariates. Distribution of percent
variance explained (PVE; y-axis) of each covariate (x-axis) across significant (¢eFDR <= .05) (A)
linear dynamic eQTLs and (B) nonlinear dynamic eQTLs. For linear dynamic eQTLs, the
interaction term (genotypeXday) explains on average 3.16 % of the variance. For nonlinear
dynamic eQTLs, the linear interaction term (genotypeXday) and the nonlinear interaction term
(genotypeXday”2) explain on average 2.69 and 0.78 % of the variance, respectively. PVE for
each covariate was estimated via ANOVA analysis which assumes an underlying order of
covariates when iteratively computing the variance explained by each additional covariate. This
was done to handle the covariance between covariates. For linear dynamic eQTLs, covariates
were ordered as follows: all cell line collapsed PC related terms, genotype, day, and then
genotypeXday. For nonlinear dynamic eQTLs, covariates were ordered as follows: all cell line
collapsed PC related terms, genotype, day, day”2, genotypeXday, and then genotypeXday”2.

102



100

Count

50

10 15

T
5

# days dynamic eQTL is significant (p <=0.05) in

150

100

T T T T
0 5 10 15

# dynamic eQTLs

0

Day

Fig. S2-20. Comparing linear dynamic eQTLs to non-dynamic eQTLs. (A) The number of
time points in which the dynamic eQTLs (most significant variant per dynamic eQTL gene) have
a nominally significant (p <= .05) non-dynamic eQTL. (B) The number of dynamic eQTLs (most
significant variant per dynamic eQTL gene) that are nominally significant (p <= .05) in each
time point.

103



~log1o(p-value)

Dynamic QTL Class $ early . switch . late

Fig. S2-21. Comparing linear dynamic eQTLs with non-dynamic eQTLs. Non-dynamic
eQTL p-values (y-axis) in all 16 time points (x-axis) of linear dynamic eQTLs (most significant
variant per dynamic eQTL gene) stratified by linear dynamic eQTL classifications (early, switch,

and late).
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Fig. S2-22. Dynamic eQTL enhancer enrichment. Enrichment of dynamic eQTLs within cell
type specific chromHMM enhancer elements relative to 1000 sets of randomly selected
background variants matched for distance to transcription start site and minor allele frequency.
Dynamic eQTLs were classified as early (eQTL effect size decreasing over time) or late (eQTL
effect size increasing over time). Analysis shown for linear dynamic eQTLs while controlling for
a range of the top cell line collapsed PCs (A-K).
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Fig. S2-23. Two significant linear dynamic eQTLs are known GWAS variants. Linear
interaction association between time point (x-axis) and genotype (color) of (A) rs7633988 and
(B) rs6599234 on residual gene expression (cell line effects regressed on expression) of SCN5A

(y-axis).
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Fig. S2-24. Non-linear simulated power analysis. Power to detect simulated dynamic eQTLs
(y-axis) based on 10,000 simulations at p-value <= 0.00017 (threshold corresponding to eFDR
<= .05 for linear dynamic eQTLs in actual data) as a function of number of cell lines (x-axis) and
t-statistic (color). t-statistic represents the ratio of the effect size of the interaction term and the
standard deviation term used to simulate the expression data. Simulated expression was
generated based on various transformations (tnew; rows) of the original values of differentiation
time (t). Transformed differentiation time was scaled to have the same standard deviation as the
original values of differentiation time. Three different statistical models were used to identify
dynamic eQTLs (columns): linear model (linear dynamic eQTL), quadratic linear model
(nonlinear dynamic eQTL), and categorical ANOVA analysis. The simulated MAF was .4 and
30% of all simulated tests were drawn from the alternative hypothesis.

107

thew=1t / anova

1.00
0.75
0.50
0.25
0.00
10 20 30 40 50 60 70 80 90 100
Number of cell lines
thew= t(t-10) / anova
1.00
0.75
0.50
0.25
0.00
10 20 30 40 50 60 70 80 90 100
Number of cell lines
thew= t(t-7)(t-15) / anova
1.00
0.75
0.50
0.25
0.00
10 20 30 40 50 60 70 80 90 100
Number of cell lines
thew= SiN(pi*t/5) / anova
1.00
0.75
0.50
0.25
0.00
10 20 30 40 50 60 70 80 90 100
Number of cell lines
thew= I[t>7] / anova
1.00
0.75
0.50
0.25
0.00

10 20 30 40 50 60 70 80 90 100
Number of cell lines



~log1o(p-value)

. early . middle . late

Fig. S2-25. Comparing nonlinear dynamic eQTLs to non-dynamic eQTLs. Non-dynamic
eQTL p-values (y-axis) in all 16 time points (x-axis) of nonlinear dynamic eQTLs (most
significant variant per dynamic eQTL gene) stratified by nonlinear dynamic eQTL classifications

(early, middle, and late).
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Fig. S2-26. Middle dynamic eQTL example. Nonlinear interaction association between
genotype (color) of rs8107849 and time point (x-axis) on residual gene expression (cell line
effects regressed on expression) of ZNF606 (y-axis).
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Fig. S2-27. Nonlinear dynamic eQTL overlaps GWAS variant. (A) Manhattan plot showing
interaction association p-values for C/50rf39 according to nonlinear dynamic eQTL calling for
all variants tested within S0KB of the C/50rf39 transcription start site. (B) Manhattan plot
showing GWAS p-values on the same region surrounding C/50rf39 from three different GWAS
studies (colors) (23, 24). Vertical line depicts genomic location of most significant nonlinear
dynamic eQTL (rs28818910) for C150rf39. p-values shown for body mass index and body fat
percentage are based on round 1 of UK Biobank (UKB) (23). Body mass index and body fat
percentage p-values for rs28818910 according to the round 2 of UKB (34) become slightly less
extreme (p=1.322e-07 and p= 2.521e-06, respectively), but are still significant after multiple
testing correction for all significant (eFDR <= .05) nonlinear dynamic eQTL variants
(Bonferroni p=0.000902 and Bonferroni p=.0172, respectively).
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Supplementary Tables for Chapter II

Table S2-1. Sample metadata. Available as an excel file online (Strober et al. 2019). Sheet ‘A-
Sample meta-data’ contains meta-data for each RNA-seq sample. Sheet ‘B-meta data
description’ contains descriptions of each meta-data variable collected.
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Cell Line Percent of Live Cells Expressing TNNT2
18489 443
18499 242
18505 NA
18508 83.9
18511 NA
18517 47.8
18520 NA
18855 NA
18858 NA
18870 NA
18907 7.9
18912 47.8
19093 27
19108 NA
19127 1.1
19159 39.8
19190 63.2
19193 59.5
19209 334

Table S2-2. Flow cytometry results for each cell line at day 15 of cardiomyocyte
differentiation. The percent of live cells expressing cardiac troponin (TNNT2) for every cell
line at day 15 of differentiation. Cells with an NA indicate that flow cytometry was not
performed on this cell line.
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Hallmark gene
set

Gene
cluster
2

Gene
cluster
4

Gene
cluster
5

Gene
cluster
6

Gene
cluster
9

Gene
cluster
11

Gene
cluster
13

Gene
cluster
16

TNFA signaling
via NFKB

1

1

1

.000208

1

1

1

1

Mitotic spindle

1

1

1

1

.0166

1

1.80e-14

1

TGF beta
signaling

1

348

.000624

1

DNA repair

.000242

1

3.73e-7

G2M checkpoint

1

1

2.87e-63

Myogenesis

9.29¢-14

1

1

Protein secretion

.00384

1

1

Complement

1

1

Unfolded protein
response

6.99¢-5

1

MTORC1
signaling

2.07e-10

.696

1

E2F targets

0111

5.47e-73

.0458

MYC targets V1

3.03e-25

329

1.28e-16

1.16e-5

MYC targets V2

7.04e-21

981

Epithelial
mesenchymal
transition

.000310

1

2.05e-5

1

Xenobiotic
metabolism

.000435

1

Oxidative
phosphorylation

1

134

8.11e-11

Heme
metabolism

1

1

Coagulation

1.72e-16

1

Bile acid
metabolism

.00392

Spermatogenesis

1

.00433

KRAS signaling
up

.00536

.622

Table S2-3. Hallmark gene set enrichment of split-GPM gene clusters. Bonferroni corrected
p-values (Fisher’s exact) from gene set enrichment of gene clusters (columns) from split-GPM

within Hallmark gene sets (rows). Only gene clusters and gene sets with at least one significant
enrichment (Bonferroni p-value <= .05) are shown.
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# of cell line # genes with significant # genes with significant
collapsed PCs dynamic eQTL (eFDR <=.05) | dynamic eQTL (eFDR <=.01)

0 2256 931

1 1943 785

2 1247 294

3 648 250

4 608 186

5 550 150

6 533 113

7 556 212

8 456 110

9 288 22
10 213 79

Table S2-4. Number of linear dynamic eQTLs detected. The number of genes with a
significant linear dynamic eQTL (eFDR <= .05 and eFDR <= .01) as a function of the number
cell line collapsed PCs used as covariates.
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Table S2-5. Percent variance explained for linear dynamic eQTLs. Available as a text file
online (Strober et al. 2019). This table reports the percent variance explained (PVE) by the linear
dynamic eQTL model’s fixed effects (excluding fixed effects related to cell line collapsed PCs)
for all significant (eFDR <= .05) linear dynamic eQTLs. PVE for each covariate was estimated
via ANOVA analysis which assumes an underlying order of covariates when iteratively
computing the variance explained by each additional covariate. This was done to handle the
covariance between covariates. For linear dynamic eQTLs, covariates were ordered as follows:
all cell line collapsed PC related terms, genotype, day, and then genotypeXday.
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Hallmark gene 0 PCs 1PC 2 PCs 3 PCs 4 PCs 5 PCs
set
KRAS .0076 .0007 472 1.0 1.0 1.0
signalling dn
Hypoxia 1 1 33 .00095 .0048 .02
Myogenesis 91 01 1 .055 011 .002
Interferon 1 .08 .39 .39 .086 .016
Gamma
Response
Hallmark gene 6 PCs 7PC 8 PCs 9 PCs 10 PCs
set
KRAS 1.0 1.0 1.0 1.0 1.0
signalling dn
Hypoxia 33 .022 1.0 1.0 33
Myogenesis 24 .055 .055 1.0 1.0
Interferon .086 .0026 .086 1.0 .39
Gamma
Response

Table S2-6. Hallmark gene set enrichment of linear dynamic eQTLs. Bonferroni corrected p-
values (Fisher’s exact) from gene set enrichment within Hallmark gene sets (rows) of the 200
genes with the strongest linear dynamic eQTLs as a function of the number of cell line collapsed
PCs used as covariates (columns). Only Hallmark gene sets with at least one significant
enrichment (Bonferroni p-value <= .05) are shown.
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Number of cell line collapsed PCs Enrichment p-value
0 .08
1 .01
2 .01
3 .00099
4 6.8e-5
5 .00099
6 .01
7 .00099
8 .08
9 .08
10 .08

Table S2-7. Dilated cardiomyopathy gene set enrichment of linear dynamic eQTLs. p-
values (Fisher’s exact) from gene set enrichment within dilated cardiomyopathy gene set of the
200 genes with the strongest linear dynamic eQTLs as a function of the number of cell line
collapsed PCs used as covariates.
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Table S2-8. Percent variance explained for nonlinear dynamic eQTLs. Available as a text
file online (Strober et al. 2019). This table reports the percent variance explained (PVE) by the
nonlinear dynamic eQTL model’s fixed effects (excluding fixed effects related to cell line
collapsed PCs) for all significant (eFDR <= .05) nonlinear dynamic eQTLs. PVE for each
covariate was estimated via ANOVA analysis which assumes an underlying order of covariates
when iteratively computing the variance explained by each additional covariate. This was done
to handle the covariance between covariates. For nonlinear dynamic eQTLs, covariates were
ordered as follows: all cell line collapsed PC related terms, genotype, day, day”2, genotypeXday,
and then genotypeXday”2.
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Supplementary Figures for Chapter II1
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Fig. S3-1. Principal component analysis of single cell data. (A) PCA on full single cell
dataset; cells are colored by differentiation day. (B) PCA on single cell data aggregated into
pseudobulk by sample, where a sample refers to a given cell line at a given differentiation day.
Samples colored on a gradient by differentiation day.
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Fig. S3-2. Percent variance explained by technical factors in single cell data. Variance
explained of each gene expression principal component (1-10) using recorded covariates,
including: percent cells beating (visually assessed), differentiation day, collection day, culture
confluence, cell morphology (visually assessed), and cellular debris.
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Fig. S3-3. Distinct cell trajectory groups in single cell data. (A) Each panel shows a UMAP of
all cells for a given individual cell line. Cells are colored by differentiation day. (B) UMAP
displaying cells of all individuals, where cells are separated into TNNT2-trajectory group (left)
and COL3A I-trajectory group (right). Cells are colored by differentiation day.
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Supplementary Tables for Chapter 111

Col | Cell Line Differentiation Day

A 0. 1 2. 1.3 1 4 15 16 8 1 9 10 120131 14

C 0 i 1 2 4 i 5 i 6 8 i 9 i 10
1 D 0 l 2 .3 4 l 5

B :

B 0 i 1 2 3145 686 8 i 9 i 10 12 1 13 | 14
5 D 0 | 1 2 4 | 5 i 6 8 0 9 | 10

E 0 2 i3 4 ’

C

C 0 i 1 2 i 31456 8 i 9 i 10 12 1 13 | 14

E 0 | 1 2 4 15 | 6 8 1 9 |10
3 F 0 2 13 i 4 ’

D

D 0 i 1 2 131415 168 8 I 9 10 12 1131 14
4 F 0 i 1 2 4 5 i 6 8 i 9 {10

A 0 2 i3 i 4

E

E 0 | 1 2 i 3141586 8 I 9 |10 12 113 1 14
5 A 0 i 1 2 4 i 5 i 6 8 i 9 i 10

B 0 2 i3 i 4

F

F 0 i 1 2 3.4 5 6 8 1 9 10 12 013 1 14
6 B 0 i 1 2 4 i 5 i 6 8 i 9 i 10

C 0 2 i3 i 4

A

Table S3-1. Differentiation and Drop-seq batch collection schedule. Sample study design for
a single differentiation and collection batch of 6 individual cell lines. Each line begins three
staggered differentiations at three different starting days (“Day 0”’). Samples are collected during
three dedicated collection days (orange), where each collection contains three different cell lines
at three differentiation days.
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