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Single-cell analysis of chromatin and
expression reveals age- and sex-
associated alterations in the human heart
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Sex differences and age-related changes in the human heart at the tissue, cell, and molecular level
have been well-documented and many may be relevant for cardiovascular disease. However, how
molecular programs within individual cell types vary across individuals by age and sex remains poorly
characterized. To better understand this variation, we performed single-nucleus combinatorial
indexing (sci) ATAC- and RNA-Seq in human heart samples from nine donors. We identify hundreds of
differentially expressed genes by age and sex and find epigenetic signatures of variation in ATAC-Seq
data in this discovery cohort. We then scale up our single-cell RNA-Seq analysis by combining our
data with five recently published single nucleus RNA-Seq datasets of healthy adult hearts. We find
variation such as metabolic alterations by sex and immune changes by age in differential expression
tests, as well as alterations in abundance of cardiomyocytes by sex and neurons with age. In addition,
we compare our adult-derived ATAC-Seq profiles to analogous fetal cell types to identify putative
developmental-stage-specific regulatory factors. Finally, we train predictive models of cell-type-
specific RNA expression levels utilizing ATAC-Seq profiles to link distal regulatory sequences to
promoters, quantifying the predictive value of a simple TF-to-expression regulatory grammar and
identifying cell-type-specific TFs. Our analysis represents the largest single-cell analysis of cardiac
variation by age and sex to date and provides a resource for further study of healthy cardiac variation

and transcriptional regulation at single-cell resolution.

Profound alterations in cardiac function and disease risk have long been
evident at the level of individuals’ traits such as sex' and age’. For example,
female hearts exhibit more modest declines in cardiomyocyte numbers over
time than males’ and display distinct vascular elasticity properties’, while
aged hearts display ventricular hypertrophy, tissue stiffening, and
inflammation®’. However, there is substantial uncertainty in the exact
molecular and cellular hallmarks - much less causal mechanisms - of these
clinically evident, consequential differences. A robust understanding of
those molecular processes could set the stage for personalized therapeutic
intervention.

To achieve cell-type-resolved but high-throughput measurements of
cardiac biology, single-cell methods have been employed in numerous
studies of human hearts and model organisms. In humans, these analyses
profiled the diversity of cardiac cell types and subtypes® and generated
genome-wide maps of cell-type-specific regulatory programs®. In model
organisms, single-cell approaches have not only generated atlases of healthy
tissue™'’ but have also been used in controlled experiments to dissect the
alterations occurring in processes such as aging'' and heart disease'* ™.
Similar approaches have begun to profile clinically important contrasts in
human samples directly, such as identifying a handful of transcripts that
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vary by age in the healthy human heart’, variation in myeloid cell abundance
in age", and alterations during disease in single-cell ATAC-Seq’ and RNA-
Seq” data. Further analyses and larger datasets of the human heart may
unlock more extensive insights into how alterations in transcriptional and
epigenetic states characterize variation between individuals and advance our
understanding of the genomic programs regulating cells.

Chromatin regulation represents a significant element of specialized
cell function within or between conditions. During development, tran-
scription factors play variable roles over the course of cardiac
development'*"”. Of clinical concern, individual transcription factors may
play decisive roles in diseases such as cardiac fibrosis'"® while genetic var-
iation may act through regulatory mechanisms to affect disease risk and
individual variation'’. Parallel advances in quantitative models of gene
expression”” ™ and extensive generation of epigenetic datasets in primary
human hearts*"”** bode well for the utility of further, diverse epigenetic
datasets in revealing intra- and inter-state regulatory programs.

To extend knowledge of molecular cell-type-specific cardiac processes
between and within individuals, we generated and analyzed matched single-
cell ATAC-Seq (117,738 cells) and RNA-Seq (89,404 cells) datasets from
15 samples spanning 9 individuals. As a resource, our dataset contributes
substantially to the catalog of single-cell profiles of the human heart. The
number of individuals profiled combined with a hierarchical mixed model
regression approach allows us to resolve age- and sex-dependent tran-
scriptional and chromatin accessibility changes apart from confounding by
donor-level variation. We find that transcriptional and regulatory programs
display widespread variation by these covariates, observing both cell-type-
specific and largely pan-cell-type alterations. For example, sex was asso-
ciated with alterations in transcriptional signatures of oxidative phosphor-
ylation as well as differing accessibility at ATAC-Seq peaks containing
motifs of TFs known to regulate metabolic rewiring. Motivated by these
differences in our newly generated data, we combined our snRNA-Seq data
with five additional datasets of snRNA-Seq and ran a meta-analysis of
variation by age and sex at the level of transcription and cell-type compo-
sition. Furthermore, as one of a small number of resources of single-cell-
resolved ATAC-Seq information in human heart we utilized ATAC-Seq
information to interrogate the regulatory grammar of the human heart in
two ways. First, we utilize newly generated ATAC-Seq data to identify
putative life-stage-specific TFs, finding indications of adult-specific activity
by RFX family TFs in adult vascular endothelium and macrophages. Second,
we develop cell-type-specific gene expression models that utilize informa-
tive distal regulatory sites to account for approximately a quarter of tran-
scriptional variation using a simple TF motif regulatory code and define
quantitative roles of regulatory motifs by cell type.

Results

Single-cell ATAC- and RNA-Seq library generation and cell
annotation

We collected heart samples from nine healthy adult donors (Supplementary
Data 1) in a manner that minimized warm ischemic time. Donors were
included based on clinician assessment of health and ability for samples to
be collected under standardized protocols (see “Methods” section). Samples
represented four anatomical sites from the heart, though almost all were
collected from the heart apex or left ventricular wall and no samples were
from heart atria (Supplementary Data 1). In total, we prepared 15 samples
from 9 donors for single-cell analysis, with each sample representing a single
anatomical site in a particular donor. We powdered frozen tissue and split
portions into aliquots for appropriate nuclei isolation and fixation for
ATAC-Seq and RNA-Seq separately (Fig. 1a).

We generated single-nuclei RNA-Seq libraries using 3-level sci RNA-
Seq™. We modified the nuclei isolation protocol to use additional RNase
inhibitors, mechanical dissociation of tissue, and 5% glutaraldehyde for
tissue fixation (see “Methods” section). Additionally, in order to reduce
background RNA levels that commonly contribute noise to single-cell
RNA-Seq data” we included a FACS sorting step following ligation. One
sample failed completely (donor “W137”) but the remaining 14 samples —

spanning 8 unique donors - yielded 89,404 nuclei after doublet removal and
filtering. A UMAP embedding of all transcriptomes contained numerous
clearly separated clusters, with contributions from distinct samples across
clusters (Supplementary Fig. 1A).

Examination of marker genes revealed that clusters corresponded to
specialized cells of the human heart including cardiomyocytes, fibroblasts,
macrophages, and endothelial cells (Fig. 1b, ). The RNA data also clearly
resolves rare cell populations such as adipocytes, neuronal cells, mast cells,
and B cells (Fig. 1b).

Separately, we prepared single-nuclei ATAC-Seq data from powdered
frozen tissue using 3-level sci ATAC-Seq™, covering 15 samples across 9
donors and generating 117,738 ATAC-Seq profiles after filtering and
doublet removal. Single-cell ATAC-Seq data is more difficult to annotate
than RNA data because open chromatin around a gene doesn’t always
indicate that the gene is robustly expressed”. Due to this difficulty in
defining cell types, we used a co-embedding approach to find a low-
dimensional embedding of RNA- and ATAC-Seq data simultaneously
(Fig. 1d), then transferred cell-type labels from RNA to ATAC profiles using
a k-nearest neighbor classifier (Fig. le; see “Methods” section; see Supple-
mentary Fig. 2 for post-filtering QC). Using these assignments, within the
ATAC-Seq data we identify strong enrichments for expected cell-type-
specific transcription factors (Fig. 1f) such as MEF2 family transcription
factors in cardiomyocytes, SPI1 (also known as PU.1) in macrophages, and
CEBPA in fibroblasts, in agreement with recent analyses of adult single-cell
ATAC-Seq data in adult human hearts".

Sex- and age-dependent variation is evident in transcriptional
and epigenetic data in a preliminary analysis

We explored our single-cell RNA-Seq data to identify transcriptional
changes associated with age or sex. Commonly used single-cell differential
expression methods using fixed effect regression models do not properly
account for inter-donor variation and can dramatically inflate false
discoveries”*. Consequently, we used a mixed effect modeling framework
to test for differential expression (see “Methods” section) that allowed us to
test for variation by sex and age while controlling for expression differences
due to anatomical site and read depth. We find dozens to hundreds of
differentially expressed genes by age and sex, depending on the cell type
analyzed (Fig. 2a). Most DE genes are found in relatively abundant cell types,
and we note particularly large numbers of changes by age in cardiomyocytes
as well as many differences by sex in fibroblasts, macrophages, and vascular
endothelium.

To summarize transcriptional sex- and age-specific variation, we tested
for enrichment in up- and down-regulated gene sets. Statistically significant
differences between male and female hearts were evident across several cell
types (Fig. 2a, Supplementary Data 2 and 3). We observe decreased
expression of target genes of TGFB signaling in male fibroblasts and mac-
rophages as well as decreased hallmarks of epithelial-to-mesenchymal
transition (EMT) - a common downstream consequence of TGFB activity *’
- in macrophages, vascular endothelial, and perivascular cells (Fig. 2b).
Additionally, we find statistically significant changes in genes important in
various aspects of cell metabolism as a function of sex, including decreased
expression of cholesterol metabolism-associated transcripts in macrophages
and decreased oxidative phosphorylation-related transcripts in male car-
diomyocytes, vascular endothelium, and macrophages (Fig. 2b). We also
observe cell-type-specific alterations, such as an increase in hallmarks of IL2
and TNFA signaling in male T cells (Fig. 2b) consistent with elevated soluble
inflammatory signaling™’".

To study regulatory programs whose activity differed by sex, we looked
for alterations in TF motifs accessibility between male and female cells in our
sn ATAC-Seq (Supplementary Data 4). Consistent with altered TGFB sig-
naling in transcriptional data (Fig. 2b), we see reduced abundance of motifs
for SMAD3 - a downstream effector of canonical TGFp signaling - in male
fibroblasts and vascular endothelial cells (Fig. 2c). We further see statistically
significant decreases in accessible motifs corresponding to JDP2, a tran-
scriptional repressor tied to alteration of TGFBl-induced EMT and
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Fig. 1 | Overview of datasets. a Experimental setup. b UMAP of RNA-Seq data,
coloring be cell type. ¢ Plot of marker gene expression by cell type, showing both
mean expression (dot color) and the proportion of each cell type with nonzero
expression for that marker (dot size). d UMAP of a co-embedding of snRNA-and

ATAC-Seq data, coloring by data type. e UMAP of co-embedded RNA and ATAC
data, coloring by the assigned cell type. f Enrichment of TF motifis in the accessible
peaks of ATAC-Seq cells.

fibrosis’>*. Consistent with decreased expression of hallmarks of oxidative
phosphorylation in males (Fig. 2b), we detect sex-specific changes across
multiple cell types in HIF1A, MYC, and RORA, TFs known to promote
glycolysis over oxidative phosphorylation®. We do note discrepancies
between ATAC-Seq- and RNA-Seq-based in the exact cell types in which
alterations were observed. For instance, while there was variation in TGF(
signaling hallmarks in transcriptional data from macrophages (Fig. 2b) we
did not detect variation in SMAD3 motifs by sex macrophages (Fig. 2c).
Similarly, cardiomyocytes display altered JDP2 motif abundance by sex
(Fig. 2¢) but no changes in TGFp or EMT pathways are detected in cardi-
omyocytes transcriptionally (Fig. 2b). However, imperfect alignment in
changes detected via ATAC-Seq and RNA-Seq analyses is unsurprising (see
“Discussion” section) and our results highlight potential TF mediators
underlying transcriptionally detected alterations.

We next explored cell-type-specific changes in the expression of
hundreds of genes that varied by donor age (Fig. 2a). We again tested for
enrichments in gene sets for age-related expression changes within indivi-
dual cell types. We found a variety of alterations, including changes in

several metabolic and cell-signaling pathways (Fig. 2d). We again observed
differences in TGFB signaling genes, with increased TGFB hallmarks
increasing in aged fibroblasts and epithelial-to-mesenchymal transition-
associated transcripts elevated in aged fibroblasts, macrophages, endo-
cardial cells, and cardiomyocytes (Fig. 2d). Age is associated with an increase
in several immune pathways across several cell types, including hallmarks of
inflammation in fibroblasts and macrophages and increased interferon
response in macrophages and vascular endothelium (Fig. 2d).

To see if age-dependent alterations in immune activation hallmarks
were evident at the level of chromatin remodeling, we tested for motif
enrichment in the accessible peaks as a function of age (Supplementary
Data 5). We detected enrichment of IRF1 and IRF7 motifs in the accessible
peaks of cardiomyocytes, fibroblasts, macrophages, and vascular endothelial
cells (Fig. 2e) consistent with increases in interferon response pathways
observed in our transcriptional data (Fig. 2d). In addition, we observe a
statistically significant decrease in accessible motifs for NFKB2 (Fig. 2e), a
central mediator of inflammatory signaling”. These changes in the acces-
sibility of motifs corresponding to key mediators of immune activation
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Fig. 2 | Sex- and age-associated gene expression changes in the heart.

a Differentially expressed genes as a function of age (green) or sex (purple), FDR-0.1.
Testing used a mixed effect model to control for variation by anatomical site, cell
UM]I, and inter-donor variation, multiple-testing corrected using the
Benjamini-Hochberg method. Total donors n = 8.b G5EA by biological pathways as
a function of sex. Greer = pathway components up-regulated in females, orange =
up-regulated in males. Total donors n = 8. Asterisk number indicates the FDR

threshold of significance. ¢ TF motifs enriched or depleted in accessible chromatin as
a function of sexus-ing a mixed effect model controlling for age, sex, anatomical site,
read depth, and inter-donor variation (see “Methods” section), FDR = 0.1. Total
donors n = 9, d GSFA by biological pathways as a function of sex. Red = pathway up-
regulated with age, blue = down-regulated with age. Unique donors n =8. e TF
motifs enriched or depleted in accessible chromatin as a function of age, using the
same approach as (c).

identify potential regulatory changes accompanying or underlying observed
transcriptional changes (Fig. 2d). Still, as was observed in the analysis of sex-
dependent changes in motif abundances (Fig. 2c) we note subtle distinctions
between cell types in which transcriptional and epigenetic changes are
detected. For instance, while we saw enrichment of IRF1 and IRF7 motifs in
cardiomyocytes, fibroblasts, macrophages, and vascular endothelium
(Fig. 2e) we note that transcriptional changes in interferon response hall-
marks were observed only in macrophages, vascular endothelium, and
endocardium (Fig. 2d, see “Discussion” section).

In addition, we examined variation in cell-type proportions as a
function of sex and age. Broadly, cell-type proportions were consistent
between the sexes. However, we observe some differences in cell proportions
by age (Supplementary Data 6) including altered neuronal, vascular endo-
thelial, and perivascular proportions.

Meta-analysis of sex- and age-dependent variation identifies
altered cell-type proportions and expression

Our parallel generation of multiple data modalities allowed us to study
variation in cell-type proportions and RNA expression (via snRNA-Seq)
and epigenetic state (via snATAC-Seq) as a function of age and sex.
Given the scale of inter-donor variability and our newly generated data
spanning only nine unique individuals, more data was desirable. However,
due to limited access to suitable donor samples as well as the cost and
complexity of single-nucleus RNA- and ATAC-Seq data generation, dras-
tically increasing the number of profiled donors ourselves was infeasible. To
increase our

sample size, in our next step we combined five additional datasets of
snRNA-Seq data®”'***"” with our own for a total of 73 unique donors worth
of snRNA-Seq data from adult, non-failing human hearts (Fig. 3a, see
“Methods” section). Given the limited number of donors with any available
data from atrial samples, we restricted our analysis to samples from non-
atrial sites.

After combining all six datasets, we qualitatively checked for any
obvious discrepancies in cell-type annotations or drastic inter-source effects.
In a UMAP embedding generated from all six studies’ worth of single-
nucleus RNA-Seq data, after correcting for data source using mutual nearest
neighbors (see “Methods” section) we saw good agreement between cell-
type assignments in different studies. After harmonizing naming conven-
tions (Supplementary Data 7), cells with the same annotation clustered
together (Fig. 3b) with contributions from each study across clusters
(Fig. 3c). Given this, we did not re-assign cell types but instead kept labels as
set by respective studies. We also concluded that while inter-study effects
needed to be accounted for, they did not appear to be so drastic as to prevent
the inclusion of any study from a meta-analysis. Transcriptional variation by
the anatomical site is evident (Supplementary Fig. 3, Supplementary
Data 8-10), but given extensive interrogation of variation by the anatomical
site in two of our included datasets*” we focused our analysis on variation by
age and sex. After these initial data quality checks, we repeated our analyses
of differential expression and differential cell-type proportions as a function
of age and sex in the combined dataset.

We tested for differential expression as a function of age or sex while
controlling for variation by study, donor, read depth, and anatomical site
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Fig. 3 | Meta-analysis of sex- and age-associated expression patterns across stu-
dies. a Age and sex of all unique donors (one point = one donor) by publication.

b UMAP embedding of single-nuclei RNA-Seq data from six studies, colored by cell
type. c UMAP embedding as in (b), coloring points (cells) by data source. d Number
of differentially expressed genes as a function of age (green) or sex (purple),

FDR = 0.1. Testing used a mixed effect model controlling for variation by anatomical
site, cell UMI, data source, and inter-donor variation (see “Methods” section). Uses
n =73 donors. e GSEA by biological pathways as a function of sex, looking at sex-
dependent variation as fit using a mixed effect model (see “Methods” section).
Green = pathway components up-regulated in females, orange = up-regulated in
males. Total donors n = 73. Asterisk number indicates FDR threshold of sig-
nificance. Benjamini-Hochberg method for multiple-testing correction. f GSEA by
biological pathways as a function of sex. Red = pathway up-regulated with age,
blue = down-regulated with age. Unique donors n =73. g Plot of cell-type propor-
tions per sample by sex. Note that one point represents one technical sample, n =73

unique donors analyzed. h Plot of the adjusted proportion of neurons in a given
sample by age, colored by data source. Note that n = 73 unique donors, while in this
plot one point = one biological sample (repeated samples from distinct sites). Trend
line represents the predicted proportion of neurons from a beta-binomial mixed
effect model (see “Methods” section) with the uncertainty range representing pre-
dictions using an age coefficient + 2 standard errors around the fit value for the age
effect. Proportions were adjusted to remove effects by sex, anatomical site, and data
source based on coefficients fit for those variables (see “Methods” section).

i Coefficients genes as a function of age in a mixed effect model fit in neurons. Error
bars represent coefficient estimate + 2 standard errors. Q-values listed are calculated
from p-values using the Benjamini-Hochberg method. j Coefficients for genes as a
function of sex (positive coefficient = higher expression in males, negative = higher
expression in females) in a mixed effect model fit in cardiomyocytes. Error bars
represent coefficient estimate + 2 standard errors as in (i).
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using a mixed model framework (see “Methods” section). In contrast to
widespread differential expression across cell types in our initial analysis of
our dataset alone (Fig. 2a), we find that differentially expressed genes in the
meta-analysis were strongly concentrated in cardiomyocytes with few sta-
tistically significant alterations detected in other cell types (Fig. 3d, Sup-
plementary Data 11 and 12). However, statistically significant alterations at
the level of biological pathways were spread across many cell types as a
function of sex (Fig. 3e) and age (Fig. 3f). At the level of pathway-wide
changes, many changes seen in the analysis of the smaller cohort (Fig. 2b, d)
were reproduced in the larger analysis. For example, we find alterations in
metabolic pathways as a function of sex (Fig. 3e) as well as widespread
changes in immune-related pathways, lipid metabolism, and UV-response
pathways as a function of age (Fig. 3f). However, we additionally see cases
where results are not replicated, such as not reproducing increased TGFp
signaling-related transcription in females (Fig. 3e) as was observed in the
analysis of newly generated data alone (Fig. 2b). The observation of some
such differences is unsurprising - given the likely complex underlying
biology, inherent variation between individuals, and lack of detailed infor-
mation on confounders - and highlights the value of significantly scaling up
our analyses through incorporation of additional datasets (see “Discussion”
section).

To test for alterations in the cell-type composition of the heart, we used
a beta-binomial mixed effect model to test for alterations in proportions of
individual cell types as a function of age or sex, while simultaneously con-
trolling for study, donor, and anatomical site (see “Methods” section). We
find a statistically significant difference in cardiomyocyte proportions as a
function of sex (Fig. 3g, ¢=0.013), consistent with previous reports of
altered cardiomyocyte proportions between male and female hearts’. In
addition, we see statistically significant decreases in neurons (Fig. 3h,
q =0.013) as a function of age, as well as changes in adipocytes and myeloid
cells (Supplementary Data 13, g = 0.094 and 0.098, respectively).

Motivated by our observation of altered neuron and cardiomyocyte
proportions as a function of age and sex, respectively, we examined the list of
DE genes for those cell types as a function of those variables. In neurons, we
note age-varying expression in LINGO1*”, KDM2B*, and FUS",
genes linked to neuron or neural progenitor survival and regeneration
(Fig. 3i). We also see age-associated variation in genes associated with solute
transport (SLC22A15* and RBM25") and neuron excitability (KCNIP4")
(Fig. 3i). In cardiomyocytes, we see sex-related variation in genes rela-
ted to cardiovascular disease and cardiomyocyte preservation, such as
KCNJ3 (higher in males, associated with arrythmias™), GADD5G (higher in
males, promotes cardiomyocyte apoptosis in heart failure*), KDM6A
(higher in females, protects cardiomyocytes from hypoxia-induced
apoptosis”’), and DOK5 (higher in females, a driver in cardiomyocyte
differentiation™).

Contrasting TF motif enrichments identify putative adult- and
fetal-specific regulators

To study the global relationship between TF activity in adult cells versus
their embryonic counterparts, we used a regression approach to identify TF
motifs enriched in accessible chromatin of specific cell types (see “Methods”
section) and compared the enriched motifs in adult cell types against cor-
responding fetal cell types™. Motif accessibility in most fetal cell types was
largely maintained in the corresponding adult types (Supplementary
Data 14), though concordance was weaker for less abundant cell types such
as adipocytes, or cell types for which our matching approach was less
confident (e.g., fetal perivascular cells and adult smooth muscle cells)
(Supplementary Fig. 4).

We next sought adult- or fetal-specific regulatory factors by looking for
outliers whose enrichment was markedly higher in one developmental
context versus the other. For some cell types, we see few if any obvious
discrepancies in TF enrichments between fetal and adult cells. For example,
TF enrichments in cardiomyocytes are highly correlated between our ana-
lysis and corresponding results from fetal data including MEF2 regulators
being exceptionally enriched in accessible fetal and adult cardiomyocyte

chromatin (Fig. 4a). This is consistent with MEF2 TFs playing a crucial role
in both cardiomyocyte differentiation and maintenance®.

Although the overwhelming majority of TF motifs were similarly
enriched in both fetal and adult cells, apparent differences in motif
enrichments occur between fetal and adult cell types. For example, while TF
enrichment magnitudes are broadly correlated between adult heart and fetal
neurons (Pearson correlation = 0.42, p = 3.6e—25). Figure 4b, a handful of
factors that show higher enrichment in adult neurons. Cardiac neurons play
a pivotal role in regulating cardiac electrical and mechanical activity through
a combination of intrinsic and central-nervous-system interfacing
interactions™, while cardiac neuron dysfunction is central in cardiac
arthythmias®”. In adult cardiac neurons we see notable enrichment for
PROX1, ZBED1, and TBR1 motifs in accessible chromatin, contrasting with
minimal enrichment (or depletion) of those motifs in fetal cardiac neurons
(Fig. 4b). PROX1 plays a role in cell cycle exit and terminal differentiation of
neurons in the central nervous system™ while TBR1 is essential for neural
specification in the developing cortex™. ZBED1 plays roles in suppressing
cell division™, but apart from possible interactions between a ZBED1
homolog and a regulator of optic lobe formation in Drosophila®, ZBED1 has
not been previously characterized as a neural regulatory factor. In contrast to
adult-specific motif enrichments, we observe fetal-specific enrichments of
factors such as NOTO, a regulator of notochord lineage commitment™, and
RORA, a regulator of CNS development”. Altogether, our results show that
while some factors are shared between fetal and adult cardiac neurons,
others may be developmentally specific.

In fetal vascular endothelial cells, we see enrichment specifically in fetal
cells for known vasculature regulators FOXO1 and FOXF, both of which
cause severe vascular remodeling defects and embryonic lethality upon
knockout in mice™ (Fig. 4c). In addition, we see a similar level of enrichment
in accessible fetal chromatin for ZBTB18 in contrast to minimal enrichment
in adult vascular endothelium (Fig. 4c). In the opposite direction, we see
adult-specific enrichment for five RFX factor motifs (Fig. 4c) in adult vas-
cular endothelium. Interestingly, we see adult-specific enrichment for these
motifs in a comparison of adult versus fetal macrophages as well (Fig. 4d).
Both of these cell types play crucial roles in vascular dysfunction™, while
RFX factors are correlated with epigenetic changes in hypertension
patients” and RFX1 indirectly reduces monocyte recruitment in
atherosclerosis”. Given motif similarities between RFX factors, further work
will be particularly important to understand the role of REX TFs in endo-
thelial and macrophage function. For now, our work raises the potential for
adult-specific roles for RFX factors in cardiac endothelium and macro-
phages joining RFX factors’ previously characterized pleiotropic roles®.

Overall, our comparison of cell-type-specific fetal and adult motif
enrichments tells us two things. First, we reproduce the observed correlation
across various tissues between corresponding adult and fetal cell types’
chromatin in terms of accessible motifs'’. Second, motifs that are not cor-
related between fetal and adult cells identify candidates for developmental-
stage-specific regulators in cardiac cell types.

ATAC-Seq links distal sites that improve predictive models of
RNA expression

Given the small number and recent publication of datasets studying the
adult human heart with single-cell resolved ATAC-Seq data*"” we addi-
tionally utilized the single-nucleus ATAC-Seq data to develop predictive
models of gene expression. We aimed to fit simple, interpretable models that
could provide insights into the role of regulatory factors in individual
cell types.

Characterizing the regulatory roles of noncoding DNA sequences is a
pressing challenge in human genetics”. Although a handful of distal ele-
ments with significant functional roles in the heart have been characterized'®
and genome-wide maps of cis-regulatory elements have recently been
published’, we lack a genome-scale quantitative model of how noncoding
sequences drives gene regulation. One approach to linking sequence to
transcription has been to train computational models that predict each
gene’s expression based on nearby sequences and/or epigenetic features®*".
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For example, we previously predicted gene expression based on sequence
motifs in the accessible chromatin of differentiating myoblasts and found
that simple transcription factor motif presence/absence explained ~37% of
transcriptional changes during differentiation”. Strikingly, information
from distal DNA sequences dramatically improved accuracy compared to a
model that used only the promoter sequence, suggesting that much of the
information needed to encode the cell-state-specific expression resides in
distal sequences”. However, the extent to which such models generalize
beyond simple in vitro systems to multiple in vivo human cell types is
not clear.

To assess the potential of each cell type’s accessible chromatin to
predict its transcriptome, we modeled cell-type-specific average gene
expression based on promoter sequence alone or in combination with distal
sites linked by ATAC-Seq information, as in our previous work”. We
defined hyperparameters for these cell-type-specific expression models
using a training set, holding aside two separate validation and test sets to
measure model performance. Protein-coding genes were split into train/
validation/test sets at the level of whole chromosomes (see “Methods”
section) in proportions of approximately 80% train/10% validation/10%
test. We found that in models using only promoter sequence the best average
predictive accuracy occurred when the promoter region covered 2000 bases
upstream and 1000 bases downstream of a TSS (Fig. 5a), while the use of
larger or smaller regions led to inferior accuracy. After finalizing all
hyperparameters (Supplementary Fig. 5A), two models were fitted for each
cell type: One used motifs absence/presence in a promoter region only as
input features, while a second model used motifs found in promoters or
distal DNA sites. In every cell type, models fit using proximal and distal
sequence outperformed the corresponding model using promoter motifs

alone, for several cell types by nearly 2-fold (Fig. 5b). Notably, this effect does
not appear to be due simply to adding additional arbitrary sequence as use of
an even larger promoter region reduced model accuracy (Fig. 5a).

Because models for some cell types were more accurate than others
(Fig. 5b), we investigated if model performance was related to the abundance
of the cell types. We found that cell-type abundance - as quantified by a
type’s proportion of total cells in RNA-Seq data - was related to accuracy for
each respective cell type for models trained on promoter sequence alone
(Supplementary Fig. 5B) or distal sequence plus promoter sequence
(Fig. 5¢). Additionally, models for abundant cell types were markedly
improved by including distal information, whereas models for less abundant
cell types benefitted less (Supplementary Fig. 5C) which suggests that col-
lecting further data would improve our models of gene expression. For
abundant cell types, a simple model that predicted each gene’s expression
based on whether or not each motif was present in the accessible chromatin
nearby was able to account for ~20-25% of expression variation at the level
of pseudo-bulked transcriptomes, and that around a third of that amount
was due to the inclusion of distal motif information. These results
demonstrate that for all cell types of the human heart for which we trained
models, distal noncoding DNA improves the accuracy of predicted
expression.

We next scrutinized the features used by our models to identify the
specific sequences that define cell-type-specific gene expression. As expec-
ted, many motifs that predict expression were also detected as enriched in
accessible chromatin (Fig. 1g). Examples include motifs for SPIC and SPI1
in the macrophage model, MEF2A in the cardiomyocyte model, SOX9 in
the vascular endothelial and endocardium models, and CEBPA in the
fibroblast model (Fig. 5d). The models also explicitly identified motifs that
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are predictive of reduced expression, identifying putative repressors. For
example, motifs for HEY2 - which contributes to cardiomyocyte specifi-
cation in development” - were inversely associated with expression in
cardiomyocytes and other cell types (Fig. 4d). This result agrees with the
factor’s known role as a transcriptional repressor’’ and would be consistent
with HEY?2 playing a role in other cell types apart from its characterized
function in cardiomyocytes’’. Similarly, the models for T cells and mast cells
all captured an inverse relationship between expression and SMAD4
(Fig. 5e). TGFB signaling via nuclear translocation of SMADA4 is highly cell-
type-specific, driving a broadly immune-suppressive role” with SMAD4
alternately acting as a transcriptional repressor or activator depending on
cellular context”. In addition, we observed cases where a particular TF motif
was utilized by models across cell types, such as ZNF384 and YY1 motifs
leading to increased expression predictions in all cell types (Fig. 5d). Such
relationships are difficult if not impossible to detect in a testing strategy
looking for enrichments in a cell type compared to others. In summary,
predictive models identify TFs that play cell-type-specific roles, TFs related
to expression across many cell types, and assign an explicit direction of effect
on transcription.

Discussion

We generated a resource of snATAC- and snRNA-Seq from multiple
donors and utilized a state-of-the-art regression approach to find alterations
by sex and age. Incorporating external snRNA-Seq datasets, we then studied
sex- and age-dependent variation in a larger cohort, finding changes in cell-
type proportions and transcriptional programs. We additionally studied the

regulatory roles of transcription factors in distinct cell populations through
enrichment analyses and predictive expression models. Performing single-
cell or single-nucleus RNA analysis in solid human tissue is difficult, and our
dataset represents one of only a small handful of studies covering the healthy
human heart at single-cell resolution from multiple donors®™*".

Analysis of our newly generated data identified multimodal variation,
such as transcriptional variation in metabolic pathways by sex (Fig. 2b)
accompanied by altered accessibility for DNA binding motifs of glucose
regulators (Fig. 2¢). Analysis of six snRNA-Seq datasets identified variation
in cell-type proportions and transcriptomes of cardiomyocytes by sex
(Fig. 3e, g, j) and neurons by age (Fig. 3h, i). Our combined analysis also
detected numerous pathways whose components show transcriptional
variation as a function of age and sex across cell types. We see metabolic
changes as a function of both covariates and multiple elements of immune
activation with age (Fig. 3e, f), recapitulating changes we observed in our
newly generated snRNA-Seq (Fig. 2b, d) and snATAC-Seq data (Fig. 2¢, e).
In both single-study and combined analyses, our findings point to the value
of single-cell data in studying inter-individual variation, in contrast to the
recent analysis of bulk RNA-Seq’. For example, we find expression levels of
adipogenesis- and oxidative phosphorylation-related transcripts to be ele-
vated in female cardiomyocytes versus male donors, but those same path-
ways have higher expression in males in lymphocytes (Fig. 3e).

We note some discrepancies between data modalities. For instance,
analysis of our newly generated RNA-Seq dataset identified alterations in
TGEFp signaling- and EMT-associated transcripts in macrophages by sex
(Fig. 2b) but in our ATAC-Seq analyses we did not find significant
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alterations in motifs for SMAD?3 — a canonical mediator of TGF{ signaling -
in macrophages by sex (Fig. 2c). Sample size and inherently noisy single-
nucleus data may underpin such discrepancies observed, like this distinction
between sex-specific signatures in macrophages in RNA-Seq versus ATAC-
Seq analyses. Furthermore, we note a handful of disagreements between
analyses of newly generated data and combined datasets. For example, in
our dataset, we see signatures of TGFp signaling in females in RNA-Seq
(Fig. 2b) and altered accessibility of canonical TGFP signaling-associated
motifs by sex in ATAC-Seq data (Fig. 2c), while in our meta-analysis we find
no sex-specific changes in TGFp hallmarks and elevated EMT hallmarks (a
potential effect of TGFp signaling) in males, not females (Fig. 3e). Given
intrinsic variability, some differences may represent the larger analysis
correcting spurious findings of the smaller. However, meta-analyses
themselves present challenges, as differences in sample handling, sequen-
cing platforms, and bioinformatic processing may contribute to differences
between the datasets. Even in our larger analyses, sample size, and limited
patient metadata preclude thoroughly controlling for clinical history, limit
studying fine-grained changes like sex-specific differences before or after
menopause onset”, and prevent the use of more flexible modeling
approaches that could account for non-linear effects or covariate interac-
tions. Fundamentally, the use of observational data also presents limitations
in controlling for covariate effects. For example, a given illness could both act
as a confounder and a consequence of aging-related changes. Finally, ana-
lyses of new datasets will be required to study differences occurring in cell
populations like atrial cardiomyocytes®” that we did not study because of
limited anatomical coverage.

In coming years, the field will find value from the generation of con-
siderably larger amounts of data. Broad pathway-level concordance between
analysis of newly generated data alone (Fig. 2d) and in conjunction with
additional datasets (Fig. 3f) in detecting transcriptional changes like altered
metabolism and immune signaling by age bodes well for the ability to
incorporate datasets across platforms and sources to detect cell-type-specific
changes. To find generalizable alterations in cell-type composition, careful
and standardized tissue collection protocols will be key in controlling for
confounding effects of inter-anatomical site variation. Greater availability of
donor health and environmental history represents a particularly crucial
area of attention as datasets proliferate, given the scope of human variation
and the modest information typically available®'***”. Additionally, per-
turbational work will be crucial for overcoming limitations inherent to
observational designs and understanding the nature of observed alterations.
For instance, reproducible findings of varied TGFp signatures with age
would immediately raise questions over whether such signatures are due to
canonical TGFp signaling or crosstalk with alternate signaling pathways.
Our work and related studies inherently represent large-scale hypothesis
refinement, identifying correlations between patient covariates and mole-
cular signatures. For now, our identification of biological processes such as
metabolic shifts, TGFp signaling, and inflammation raises the prospect of
alterations by sex or age that are already of clinical interest in cardiac
disease””".

Comparison of TF motif presence in accessible chromatin of fetal cells
versus adult cells indicated broadly correlated enrichments or depletion,
with a handful of outliers representing putative developmental-stage-
specific factors (Fig. 4). Experimental validation of such stage-specific
activity will be challenging given the need to study and perturb parallel adult
and fetal model systems. Despite the difficulty, understanding stage-specific
regulatory roles could be valuable in explaining the onset of developmental
disorders. For example, mutations in adult-specific regulatory factors
manifest in heart disease only during childhood onward, rather than during
embryonic stages.

We additionally quantified the extent of transcriptional variation that
can be accounted for using a simple, binary TF motif-based linear model
(Fig. 5b). Our results underscore the importance of distal regulatory
information®**”” and reaffirm that simple models using TF motifs explain a
minority of variation in RNA levels**. Furthermore, we identify regulatory
factors in a method that complements widely-used tests®”* based on motif

presence in accessible DNA (Fig. 1f). In future work, complex models like
deep neural networks™*** will be required to fully leverage the information in
distal DNA sequence. It will be particularly interesting to test TF roles found
via our models (Fig. 5d), given the inherent co-occurrence of motifs in the
genome (Supplementary Fig. 5d) and the risk that regularized linear models
such as ours may utilize information from only a subset of motifs from a
“family” of related features.

Methods

Tissue collection

This study complies with all relevant ethical regulations and was approved
by the University of Washington Institutional Review Board
(STUDY00002144). Informed consent was obtained prior to the collection
of human tissues. No compensation was provided for participation. Col-
lected samples were absent of evidence of disease upon review by study
clinicians. Details regarding the collection are available on protocols.io®**.

Single-nucleus library generation

Nuclei for sci RNA-Seq were extracted from frozen, powdered heart tissue.
200-250 mg of frozen tissue was powdered while frozen, then dissociated
using a Gentle MACS Tissue Dissociator at 4 °C using 5 mL of ice-cold lysis/
fixation buffer containing 10 mM sodium phosphate (pH 7.2), 3 mM
MgCl,, 10 mM NaCl, .02% Triton X-100, 5% glutaraldehyde, 1% DEPC,
10 mM ribonucleoside vanadyl complex (NEB). Dissociated tissue was fil-
tered through a 70 uM cell strainer on ice and washed with an additional
5mL of ice-cold lysis/fixation buffer. The buffer/nuclei mixture was then
incubated for 15 min at 4 °C in a rotating 15 mL Falcon Tube. Nuclei were
pelleted by centrifugation at 600 RCF for 8 min at 4 °C. Supernatant was
decanted, then nuclei were resuspended in 1 mL of nuclei suspension buffer
(NSB) containing 10 mM Tris HCl, pH 7.4. 10 mM NaCl, 3 mM MgCl,, 1%
Superaseln, 1% bovine serum albumin (BSA) solution (NEB, 20 mg/mL).
Nuclei were pelleted at 600 RCF for 5 min at 4 °C, and the supernatant was
decanted. Nuclei were resuspended in 100 pL of NSB per aliquot, then snap-
frozen with liquid nitrogen.

Libraries were generated using a 3-level sci RNA-Seq workflow **. The
workflow was modified to add a FACS sorting step following ligation in
order to minimize background RNA levels, with a detailed workflow
available at protocols.io (https://www.protocols.io/view/3-level-sci-rna-seq-
with-facs-dmégpw255lzp/vl). Libraries were sequenced using an Illumina
Nextseq 500 high-output sequencing kit.

Nuclei for sci ATAC-Seq were extracted from powdered, frozen tissue
and fixed as in previous work™. Libraries were generated using a 3-level sci
ATAC-Seq workflow” and sequenced using an Illumina Novaseq
sequencer.

Single-nucleus RNA-Seq analysis of newly generated data
Raw sequencing output was processed using a pair of Nextflow processing
pipelines available at https:/github.com/bbi-lab/bbi-dmux (handling
sample demultiplexing) and https://github.com/bbi-lab/bbi-sci (handling
assignments of reads to cells, filtering, alignment, and cell-by-gene matrix
generation).

Analysis of single-cell RNA-Seq data was performed using Monocle
3%. Cells were filtered by discarding any with unique molecular identifiers
(UMIs) less than 100, mitochondrial RNA percentage greater than 10, or a
Scrublet doublet score” of over 02. A 2-dimensional UMAP
representation® of cells was found after using mutual nearest neighbors
alignment™ to align by sample. Cell-type assignments were made manually
based on the expression of marker genes in UMAP clusters (Fig. 1d). Plots of
several QC metrics - overlaid over 2D UMAP embeddings or shown as
distributions per sample - are available in Supplementary Fig. 1.

Datasets for meta-analysis of age- and sex-dependent variation
Five additional datasets were combined with our newly generated data for a
combined dataset drawing from 73 unique donors (Supplementary
Data 15 and 16). In publications where both single-cell and single-nucleus
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data was generated, we only utilized single-nucleus RNA-Seq data given
qualitatively large expression alterations as a function of nucleus vs. cell data
(Supplemental Fig. 6) and the larger number of single-nucleus datasets
available. We used cell-type assignments for individual transcriptomes as
assigned by original publications, harmonizing distinct naming conventions
as described in Supplementary Data 7. Donor sex and age were obtained
from publication metadata, and in cases where only age ranges were given,
we used the median of a given age range as the donor’s age for use in our
regression analyses (e.g. a range of 60—65 was converted to 62.5 years).

UMAP visualizations of combined datasets used mutual nearest
neighbor alignment to correct for variation by publication (Fig. 3b, ¢) and
down-sampled nuclei 5-fold randomly (only for these visualizations, not in
any downstream analysis) to speed computation.

Single-nucleus ATAC-Seq analysis
Sequencing output was processed using a pair of Nextflow processing
pipelines available at https:/github.com/bbi-lab/bbi-sciatac-demux
(handling demultiplexing) and https://github.com/bbi-lab/bbi-sciatac-
analyze (assigning reads to cells, aligning reads, calculating peaks, finding
motif occurrences in peaks, and generating cell x peak matrices).

Analysis of single-cell ATAC-Seq data was performed using Monocle
3%. Cells were filtered by discarding any with unique molecular identifiers
(UMIs) less than 1000, fractions of reads in TSS (FRIT) of less than 0.08,
fractions of reads in peaks (FRIP) less than 0.2, or a doublet likelihood of
greater than 0.5%. Gene activity scores were calculated using ArchR" using
default settings. Cell-by-gene activity score matrices were then used to
generate a Monocle CDS object. The ATAC-Seq data was then aligned with
the filtered RNA-Seq data using Harmony® based on all genes shared
between RNA and ATAC CDS objects, and a new UMAP embedding was
generated based on the corrected PCA coordinates of both datasets after
Harmony correction. Based on UMAP coordinates in this new embedding,
ATAC-Seq cells were labeled using a k-nearest neighbor transfer from the
k=7 nearest RNA-Seq cells (using cell assignments described above for
RNA-Seq data). Plots of several QC metrics - overlaid over 2D UMAP
embeddings or shown as distributions per sample - are available in Sup-
plementary Fig. 2.

Differential motif abundance testing in accessible peaks

The presence of TF motifs in peaks was calculated based on the presence of
any motif occurrence in the peak DNA sequence below a p-value cutoff of 1e
—7 using MOODS". Motif-count x cell matrices were then made by mul-
tiplying a motif (rows) x peaks (columns) matrix with a peak (rows) x cell
(columns) matrix, generating a motif-count x cell matrix where each entry
corresponded to the number of peaks accessible in a given cell that contained
a given TF motif.

To test for motif abundances that varied by a function of donor cov-
ariates (age and sex), testing was run separately for all cells of a single cell
type. Testing for motif counts was done using a generalized linear mixed
model fit using the lme4 package®, using a negative binomial model with
sample donor as a random effect, as well as fixed effects of anatomical site,
donor age, and sex. P-values were calculated using a z-test from fit coefficient
estimates and standard errors, then multiple-testing correction was per-
formed with the Benjamini-Hochberg procedure®. Enrichments that were
statistically significant at FDR < 0.1 were shown (Fig. 1f). This modeling
approach is available in current releases of Monocle 3*.

For testing of cell-type-specific motif enrichments (Fig. 1f), testing was
run for all cells at once. To test for motifs enriched in a specific cell type, all
cells were assigned a dummy variable valued as ‘1’ for cells that are from the
type being tested, and ‘0’ for all others. Testing was then run usinga GLMM
fit using the Ime4 package®, using a negative binomial model with sample
donors as a random effect, as well as fixed effects of the cell-type-dummy
variable, anatomical site, donor age, and sex. P-values were calculated using
a z-test from fit coefficient estimates and standard errors, then multiple-
testing correction was performed with the Benjamini-Hochberg
procedure®.

Differential expression testing and pathway analysis

DE testing for newly generated datasets (Fig. 2a, b, d) used a generalized
linear mixed model fit using the Ime4 package®, using a negative binomial
model with sample donor as a random effect, as well as fixed effects of
anatomical site, donor age, and donor sex. This modeling approach is
available in current releases of Monocle 3*'. P-values for fixed effect coef-
ficients were obtained using a z-test based on coefficient estimates and
standard errors of those estimates, then g-values were derived from those p-
values using the Benjamini-Hochberg procedure® for multiple-testing
correction.

For DE testing in our meta-analysis of multiple datasets, we used the
Nebula package” to fit a GLMM in a feasible amount of time on the much
larger number of cells involved. We modeled donor-specific variation as a
random effect while modeling data source, age, sex, and log10(UMI), and
anatomical site of cells as fixed effects. We used the default random effect
structure of the Nebula package, an approximated form of a negative
binomial gamma mixed model”. As in the above fitting method, p-values
for fixed effect coefficients were obtained using a z-test based on coefficient
estimates and standard errors of those estimates, then g-values were derived
from those p-values using the Benjamini-Hochberg procedure® for
multiple-testing correction. For anatomical site fixed effects, the left ven-
tricle (LV) was used as the baseline level. Thus, the fit model explicitly finds
effects for the septum, apex, and right ventricle (RV) with respect to LV.
These tests in reference to LV expression levels are reported in Supple-
mentary Data 8-10 and shown in Supplementary Fig. 3d-g.

Gene set enrichment analysis tested for enrichments by age or sex
within 50 Hallmark Pathways accessed from the MSigDB collection”
accessed through the msigdbr R package. Testing used the fgsea package” to
find gene set enrichments in these pathways as a function of age or sex based
on the test statistic (coefficient / standard error) fit using the mixed model
described above for each covariate. P-values are generated based on per-
mutation tests seeing if the genes belonging to a given pathway are
overall higher or lower than expected by chance in a list of all genes ordered
by their test (2) statistic. Next, multiple-testing correction was performed
with the Benjamini-Hochberg procedure” to generate g-values for each
pathway.

Testing for variation in cell-type proportions

We tested for alterations in cell-type composition as a function of age or sex
using a beta-binomial mixed effect model™. In both analyses of newly
generated data (Supplemental Data 6) and meta-analysis (Fig. 3g, h) we
capture variation by sex, age, and anatomical site as fixed effects while
modeling donor as a random effect. In the meta-analysis (Fig. 3g, h) we
include an additional fixed effect term to account for variation by data
source and the inherent correlation between different samples (representing
distinct anatomical sites) derived from a single donor. Models were fit using
the default parameters in ProReg”, calculating p-values based on a z-test
with respect to fixed effect coefficients and standard errors, then calculating
g-values by applying the Benjamini-Hochberg procedure®.

In these analyses, the independent unit of measurement is unique
donors: n = 8 in analyses of new data, # = 73 in the meta-analysis. The model
uses more individual data points than this (14 in the analysis of new data,
128 in the meta-analysis) with some cases of individual donors having
multiple samples taken from distinct anatomical sites. The use of a mixed
effect model with a random effect by donor accounts for this distinction
between the total number of data points and the true “n” of independent
sources of data through modeling donor identity as a random effect during
model fitting, capturing the inherent correlation between points drawn from
a single donor.

In the plot of neuron abundance by age (Fig. 3h) the curve is based on
the predicted neuron proportion of a sample by age given the age coefficient
and intercept obtained by fitting a mixed effect beta-binomial model for
neuron proportions. The error range represents the ranges between curves
for predicted proportions if the age coefficient were + 2 standard errors from
the actual estimated coefficient. For individual points shown, proportions
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were normalized by regressing out the effect of sex, anatomical site, and
study on cell proportion based on coefficients for those covariates obtained
by fitting a mixed effect beta-binomial model. Thus each point represents
the best estimate for what the measured neuron proportion in a given
sample would be if there were not systematic increases or decreases across
studies, by sample site, or between the sexes. For example, if the model fits a
coefficient of “1.5” for male samples, normalized neuron proportions in a
male would be adjusted to be

1+ (1 + logit(measured_proportion) + 1.5 * is_male)

as the beta-binomial model uses a logit link function.

Adult versus fetal enrichment comparisons

Enrichments for TF motifs in accessible chromatin of fetal cell types was
accessed at  https://descartes.brotmanbaty.org/bbi/human-chromatin-
during-development/ (see “Motif enrichment across cell types” section for
download link). Enrichments in adult cell types were calculated as described
above under “Differential motif abundance testing in accessible peaks”.
Comparisons were made between the following adult-to-fetal matchings:
“Cardiomyocyte” and “Cardiomyocytes”; “Vascular Endothelium” and
“Vascular endothelial cells”; “Endocardium” and “Endocardial cells”;
“Macrophage” and “Myeloid cells”; “Perivascular Cells” and “Smooth
muscle cells”; “Fibroblasts” and “Stromal cells”; “Adipocytes” and “Epi-
cardial fat cells”; “Neuronal” and “Purkinje neurons” “T Cells” and
“Thymocytes”.

For each comparison, plots (Fig. 4a—d; Supplementary Fig. 4; Sup-
plementary Data 14) were calculated using only motifs that were sig-
nificantly enriched in either adult or fetal data at an FDR cutoff of 0.1. Adult
enrichments and corresponding g-values were found as described in “Dif-
ferential motif abundance testing in accessible peaks” while fetal enrichment
statistics were taken from™. Outliers were selected based on qualitative
divergence from broad cell-type correlations in enrichments between fetal
and adult cells.

RNA expression predictive modeling

First, pseudo-bulk expression levels were calculated by pooling all UMIs for
all genes for cells within a particular cell type. These were used to quantify
the transcripts per million for each gene. Log2(TPM) was then used as the
RNA expression level to be predicted for a particular gene/cell-type pair.

To link distal sites to promoters, we ran Cicero® to quantify covariance
among peaks across all cell types. To link distal sites to genes, we first defined
any peaks that intersected a defined window around the TSS (this region size
was a hyperparameter set through performance on a validation set, see
below). Then, any peaks outside the promoter set of peaks that were linked
with a co-accessibility score greater than some cutoff (a hyperparameter).
Motifs from the JASPAR database™ “2018 Non-redundant Vertebrates”
motif set were determined using FIMO™ at varying p-value cutoffs (varied as
a hyperparameter). For models using promoter sequence only, features
would be a binary value for if one or more motif occurrences was found in
the promoter sequence below a p-value cutoff. For models using promoter
and distal sequence, features were binary values for if a motif occurred in the
promoter or distal regions.

RNA expression for protein-coding genes was predicted with an elastic
net linear model using motif presence/absence as features. Data was divided
into train, test, and validation sets at the level of chromosomes (approxi-
mately an 80/10/10 split in gene numbers) for a hyperparameter setting.
First, promoter size and motif p-values were varied (Promoter sizes
upstream/downstream of TSS were 1000/200, 1500/500, and 5000/2000. P-
values tested were le—4, 1le—5, 1e—6). Models were trained on the training
set setting 11/12 penalties by internal cross-validation, and then evaluated on
the validation set. The best average performance occurred using a p-value
cutoff of 1le—4 with a promoter of 1500/500 bases upstream/downstream.
Holding that promoter region size constant, we trained models varying the
cicero co-accessibility cutoff to link a distal site, the maximum number of
distal sites to link, and the window size of DNA bases to scan centered at a
linked peak. We tested combinations of Co-accessibility cutoffs of 0.015,

0.035, 0.05; max distal sites of 5, 10, or 20; distal sit size of 600 or 1,000 bases,
motif p-value cutoffs of 1e—4, 1le—5, and 1le—6. Models were trained on the
training set setting 11/12 penalties by internal cross-validation, then eval-
uated on the validation set (Supplementary Fig. 5A). Optimal performance
was obtained using a co-accessibility cutoff of .015, a maximum of 20
distal sites, 1000 bp distal site windows, and a motif cutoff of 1e—4. Those
parameters were then set for use in training a model for evaluation on the
test set. L1/12 penalties were set by internal cross-validation on a pooled
training + validation set, and then a model was trained using those
penalties and the best hyperparameters found earlier. The model was
then evaluated on the test set (Fig. 5b). Finally, holding those hyper-
parameters constant, a final model was trained using all three train,
validation, and test sets. The coefficients of this final fit model are
reported in Fig. 5d.

Data availability

Raw data is available through the HuBMAP consortium website’s data portal
(https://portal hubmapconsortium.org/). Dataset IDs for samples presented
in this study are available in Supplementary Data 17. Processed files
underpinning all analysis in the manuscript are available on AWS S3 storage
(http://trapnell-lab-s3-heart-sc-dr.s3-website-us-west-2.amazonaws.com/)
including Monocle CDS objects for all single-cell data presented.

Code availability

Code is accessible in a GitHub repository at https://github.com/Daread/
hubmapWork. Work used Monocle version 3_0.2.3.0, ArchR version 1.0.1,
Seurat version 3.2.0. Code as it existed at the time of publication is available
at https://doi.org/10.5281/zenodo.12682674%.

Received: 30 May 2022; Accepted: 11 July 2024;
Published online: 26 August 2024

References

1. Beale, A. L., Meyer, P., Marwick, T. H., Lam, C. S. P. &Kaye, D. M. Sex
differences in cardiovascular pathophysiology: why women are
overrepresented in heart failure with preserved ejection fraction.
Circulation 138, 198-205 (2018).

2. Steenman, M. & Lande, G. Cardiac aging and heart disease in
humans. Biophys. Rev. 9, 131-137 (2017).

3. Olivetti, G. et al. Gender differences and aging: effects on the human
heart. J. Am. Coll. Cardiol. 26, 1068-1079 (1995).

4. Redfield, M. M., Jacobsen, S. J., Borlaug, B. A., Rodeheffer, R. J. &
Kass, D. A. Age- and gender-related ventricular-vascular stiffening: a
community-based study. Circulation 112, 2254-2262 (2005).

5. Ferrucci, L. & Fabbri, E. Inflammageing: chronic inflammation in
ageing, cardiovascular disease, and frailty. Nat. Rev. Cardiol. 15,
505-522 (2018).

6. Litvinukova, M. et al. Cells of the adult human heart. Nature 588,
466-472 (2020).

7. Tucker, N. R. et al. Transcriptional and cellular diversity of the human
heart. Circulation 142, 466-482 (2020).

8. Hocker, J. D. et al. Cardiac cell type-specific gene regulatory
programs and disease risk association. Sci. Adv. 7, eabf1444
(2021).

. Han, X. et al. Mapping the mouse. Cell 172, 1091-1107.e17 (2018).

10. Tabula Muris Consortium et al. Single-cell transcriptomics of
20 mouse organs creates a Tabula Muris. Nature 562, 367-372
(2018).

11. Tabula, Muris Consortium. A single-cell transcriptomic atlas
characterizes ageing tissues in the mouse. Nature 583,

590-595 (2020).

12. Ruiz-Villalba, A. et al. Single-cell RNA sequencing analysis reveals a
crucial role for CTHRC1 (Collagen Triple Helix Repeat Containing 1)
cardiac fibroblasts after myocardial infarction. Circulation 142,
1831-1847 (2020).

Communications Biology | (2024)7:1052

11


https://descartes.brotmanbaty.org/bbi/human-chromatin-during-development/
https://descartes.brotmanbaty.org/bbi/human-chromatin-during-development/
https://portal.hubmapconsortium.org/
http://trapnell-lab-s3-heart-sc-dr.s3-website-us-west-2.amazonaws.com/
https://github.com/Daread/hubmapWork
https://github.com/Daread/hubmapWork
https://doi.org/10.5281/zenodo.12682674

https://doi.org/10.1038/s42003-024-06582-y

Article

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Farbehi, N. et al. Single-cell expression profiling reveals dynamic flux
of cardiac stromal, vascular and immune cells in health and injury.
eLife 8, 43882 (2019).

Zhang, Y. et al. Single-cell imaging and transcriptomic analyses of
endogenous cardiomyocyte dedifferentiation and cycling. Cell
Discov. 5, 30 (2019).

Koenig, A. L. et al. Single-cell transcriptomics reveals cell-type-
specific diversification in human heart failure. Nat. Cardiovasc. Res. 1,
263-280 (2022).

Akerberg, B. N. et al. A reference map of murine cardiac transcription
factor chromatin occupancy identifies dynamic and conserved
enhancers. Nat. Commun. 10, 4907 (2019).

Zhang, K. et al. A single-cell atlas of chromatin accessibility in the
human genome. Cell 184, 5985-6001.e19 (2021).

Alexanian, M. et al. A transcriptional switch governs fibroblast
activation in heart disease. Nature 595, 438-443 (2021).

Wang, Y. & Wang, J.-G. Genome-wide association studies of
hypertension and several other cardiovascular diseases. Pulse 6,
169-186 (2019).

Avsec, Z. et al. Effective gene expression prediction from sequence by
integrating long-range interactions. Nat. Methods 18, 1196-1203
(2021).

Agarwal, V. & Shendure, J. Predicting mRNA abundance directly from
genomic sequence using deep convolutional neural networks. Cell
Rep. 31, 107663 (2020).

Zhou, J. et al. Deep learning sequence-based ab initio prediction of
variant effects on expression and disease risk. Nat. Genet. 50,
1171-1179 (2018).

Domcke, S. et al. A human cell atlas of fetal chromatin accessibility.
Science 370, eaba7612 (2020).

Cao, J. et al. The single-cell transcriptional landscape of mammalian
organogenesis. Nature 566, 496-502 (2019).

Young, M. D. & Behjati, S. SoupX removes ambient RNA
contamination from droplet-based single-cell RNA sequencing data.
Gigascience 9, giaa151 (2020).

Cusanovich, D. A. et al. A single-cell atlas of in vivo mammalian
chromatin accessibility. Cell 174, 1309-1324.e18 (2018).
Zimmerman, K. D., Espeland, M. A. & Langefeld, C. D. A practical
solution to pseudoreplication bias in single-cell studies. Nat.
Commun. 12, 1-9 (2021).

Squair, J. W. et al. Confronting false discoveries in single-cell
differential expression. Nat. Commun. 12, 5692 (2021).

Xu, J., Lamouille, S. & Derynck, R. TGF-beta-induced epithelial to
mesenchymal transition. Cell Res. 19, 156-172 (2009).

Mehta, A. K., Gracias, D. T. & Croft, M. TNF activity and T cells.
Cytokine 101, 14-18 (2018).

Ross, S. H. & Cantrell, D. A. Signaling and function of interleukin-2in T
lymphocytes. Annu. Rev. Immunol. 36, 411-433 (2018).

Heger, J. et al. JDP2 overexpression provokes cardiac dysfunction in
mice. Sci. Rep. 8, 7647 (2018).

Tsai, M.-H., Wuputra, K., Lin, Y.-C., Lin, C.-S. & Yokoyama, K. K.
Multiple functions of the histone chaperone Jun dimerization protein
2. Gene 590, 193-200 (2016).

Rodriguez-Enriquez, S. et al. Transcriptional regulation of energy
metabolism in cancer cells. Cells 8, 1225 (2019).

Oeckinghaus, A. & Ghosh, S. The NF-kappaB family of transcription
factors and its regulation. Cold Spring Harb. Perspect. Biol. 1,
a000034 (2009).

Chaffin, M. et al. Single-nucleus profiling of human dilated and
hypertrophic cardiomyopathy. Nature 608, 174-180 (2022).
Reichart, D. et al. Pathogenic variants damage cell composition and
single cell transcription in cardiomyopathies. Science 377,
eabo1984 (2022).

Mi, S. et al. LINGO-1 is a component of the Nogo-66 receptor/

p75 signaling complex. Nat. Neurosci. 7, 221-228 (2004).

39.

40.

41.

42.

43.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Park, J. B. et al. ATNF receptor family member, TROY, is a coreceptor
with Nogo receptor in mediating the inhibitory activity of myelin
inhibitors. Neuron 45, 345-351 (2005).

Fukuda, T., Tokunaga, A., Sakamoto, R. & Yoshida, N. Fbx|10/Kdm2b
deficiency accelerates neural progenitor cell death and leads to
exencephaly. Mol. Cell. Neurosci. 46, 614-624 (2011).

Mitchell, J. C. et al. Overexpression of human wild-type FUS causes
progressive motor neuron degeneration in an age- and dose-
dependent fashion. Acta Neuropathol. 125, 273-288 (2013).

Ayka, A. & Sehirli, A. O. The role of the SLC transporters protein in the
neurodegenerative disorders. Clin. Psychopharmacol. Neurosci. 18,
174-187 (2020).

Gao, G. &Dudley, S. C. Jr. RBM25/LUC7L3 function in cardiac sodium
channel splicing regulation of human heart failure. Trends Cardiovasc.
Med. 23, 5-8 (2013).

Jerng, H. H. & Pfaffinger, P. J. Modulatory mechanisms and multiple
functions of somatodendritic A-type K (+) channel auxiliary subunits.
Front. Cell. Neurosci. 8, 82 (2014).

Yamada, N. et al. Mutant KCNJ3 and KCNJ5 potassium channels as
novel molecular targets in bradyarrhythmias and atrial fibrillation.
Circulation 139, 2157-2169 (2019).

Lucas, A. et al. Gadd45y regulates cardiomyocyte death and post-
myocardial infarction left ventricular remodelling. Cardiovasc. Res.
108, 254-267 (2015).

Li, Y. et al. KAMBA protects against hypoxia-induced cardiomyocyte
apoptosis via H3K27me3 demethylation of Ncx gene. J. Cardiovasc.
Transl. Res. 12, 488-495 (2019).

Wen, J. et al. Dok-5 is involved in cardiomyocyte differentiation
through PKB/FOXO3a pathway. J. Mol. Cell. Cardiol. 47, 761-769
(2009).

Desjardins, C. A. & Naya, F. J. The function of the MEF2 family of
transcription factors in cardiac development, cardiogenomics, and
direct reprogramming. J. Cardiovasc Dev. Dis. 3, 26 (2016).

Fedele, L. & Brand, T. The intrinsic cardiac nervous system and its role
in cardiac pacemaking and conduction. J. Cardiovasc Dev. Dis. 7,
54 (2020).

Shen, M. J. & Zipes, D. P. Role of the autonomic nervous system

in modulating cardiac arrhythmias. Circ. Res. 114, 1004-1021
(2014).

Jungen, C. et al. Disruption of cardiac cholinergic neurons enhances
susceptibility to ventricular arrhythmias. Nat. Commun. 8, 14155
(2017).

Stergiopoulos, A., Elkouris, M. & Politis, P. K. Prospero-related
homeobox 1 (Prox1) at the crossroads of diverse pathways during
adult neural fate specification. Front. Cell. Neurosci. 8, 454 (2014).
Bedogni, F. et al. Tbr1 regulates regional and laminar identity of
postmitotic neurons in developing neocortex. Proc. Natl Acad. Sci.
USA 107, 13129-13134 (2010).

Jin, Y. et al. ZBED1/DREF: a transcription factor that regulates cell
proliferation. Oncol. Lett. 20, 137 (2020).

Colombier, P. et al. NOTO transcription factor directs human induced
pluripotent stem cell-derived mesendoderm progenitors to a
notochordal fate. Cells 9, 509 (2020).

Gold, D. A. et al. RORalpha coordinates reciprocal signaling in
cerebellar development through sonic hedgehog and calcium-
dependent pathways. Neuron 40, 1119-1131 (2003).

De Val, S. & Black, B. L. Transcriptional control of endothelial cell
development. Dev. Cell 16, 180-195 (2009).

Shirai, T., Hilhorst, M., Harrison, D. G., Goronzy, J. J. & Weyand, C. M.
Macrophages in vascular inflammation-From atherosclerosis to
vasculitis. Autoimmunity 48, 139-151 (2015).

Reyes-Palomares, A. et al. Remodeling of active endothelial
enhancers is associated with aberrant gene-regulatory networks

in pulmonary arterial hypertension. Nat. Commun. 11, 1673

(2020).

Communications Biology | (2024)7:1052

12



https://doi.org/10.1038/s42003-024-06582-y

Article

61. Jia, S. et al. Regulatory factor X1 downregulation contributes to
monocyte chemoattractant protein-1 overexpression in CD14+
monocytes via epigenetic mechanisms in coronary heart disease.
Front. Genet. 10, 1098 (2019).

62. Sugiaman-Trapman, D. et al. Characterization of the human RFX
transcription factor family by regulatory and target gene analysis.
BMC Genom. 19, 181 (2018).

63. Gusev, A. et al. Partitioning heritability of regulatory and cell-type-
specific variants across 11 common diseases. Am. J. Hum. Genet. 95,
535-552 (2014).

64. Gonzalez, A. J., Setty, M. & Leslie, C. S. Early enhancer establishment
and regulatory locus complexity shape transcriptional programs in
hematopoietic differentiation. Nat. Genet. 47, 1249-1259 (2015).

65. Osmanbeyoglu, H. U. et al. Chromatin-informed inference of
transcriptional programs in gynecologic and basal breast cancers.
Nat. Commun. 10, 4369 (2019).

66. Duren, Z.,Chen, X., Jiang, R., Wang, Y. & Wong, W. H. Modeling gene
regulation from paired expression and chromatin accessibility data.
Proc. Natl Acad. Sci. USA 114, E4914-E4923 (2017).

67. Cheng, C. et al. A statistical framework for modeling gene expression
using chromatin features and application to modENCODE datasets.
Genome Biol. 12, R15 (2011).

68. Dong, X. et al. Modeling gene expression using chromatin features in
various cellular contexts. Genome Biol. 13, R53 (2012).

69. Pliner, H.A. etal. Cicero predicts cis-regulatory DNA interactions from
single-cell chromatin accessibility data. Mol. Cell 71, 858-871.e8
(2018).

70. Ihara, D. et al. Expression of Hey2 transcription factor in the early
embryonic ventricles is controlled through a distal enhancer by Tbx20
and Gata transcription factors. Dev. Biol. 461, 124-131 (2020).

71. Xiang, F. et al. Transcription factor CHF1/Hey2 suppresses cardiac
hypertrophy through an inhibitory interaction with GATA4. Am. J.
Physiol. Heart Circ. Physiol. 290, H1997-H2006 (2006).

72. Batlle, E. & Massagué, J. Transforming growth factor-f signaling in
immunity and cancer. Immunity 50, 924-940 (2019).

73. Wotton, D., Lo, R. S,, Lee, S. & Massagué, J. A Smad transcriptional
corepressor. Cell 97, 29-39 (1999).

74. Oliva, M. et al. The impact of sex on gene expression across human
tissues. Science 369, eaba3066 (2020).

75. Kessler, E. L., Rivaud, M. R., Vos, M. A. & van Veen, T. A. B. Sex-
specific influence on cardiac structural remodeling and therapy in
cardiovascular disease. Biol. Sex. Differ. 10, 7 (2019).

76. Lopatin, Y. Metabolic therapy in heart failure. Card. Fail Rev.
1,112-117 (2015).

77. Parichatikanond, W., Luangmonkong, T., Mangmool, S. & Kurose, H.
Therapeutic targets for the treatment of cardiac fibrosis and cancer:
focusing on TGF-f signaling. Front. Cardiovasc. Med. 7, 34 (2020).

78. Kosmas, C. E. et al. Anti-inflammatory therapy for cardiovascular
disease. Ann. Transl. Med. 7, 147 (2019).

79. Zeng, W., Wang, Y. & Jiang, R. Integrating distal and proximal
information to predict gene expression via a densely connected
convolutional neural network. Bioinformatics 36, 496-503 (2020).

80. Lin,S. &Lin, Y. Protocol for tissue collection from organ procurement
organization v1. protocols.io ZappyLab, Inc. https://doi.org/10.
17504/protocols.io.bigpkdvn (2020).

81. Lin, S. &Lin, Y. Protocol for flash freezing tissue sample. Preprint at
https://www.protocols.io/view/protocol-for-flash-freezing-tissue-
sample-kxygxednkv8j/v1.

82. Wolock, S. L., Lopez, R. & Klein, A. M. Scrublet: computational
identification of cell doublets in single-cell transcriptomic data. Cell
Syst. 8,281-291.e9 (2019).

83. Mclnnes, L., Healy, J. & Melville, J. UMAP: uniform manifold
approximation and projection for dimension reduction. Preprint at
https://arxiv.org/abs/1802.03426v3 (2018).

84. Haghverdi, L., Lun, A. T. L., Morgan, M. D. & Marioni, J. C. Batch
effects in single-cell RNA-sequencing data are corrected by
matching mutual nearest neighbors. Nat. Biotechnol. 36, 421-427
(2018).

85. Granja, J. M. etal. ArchRis a scalable software package for integrative
single-cell chromatin accessibility analysis. Nat. Genet. 53,

403-411 (2021).

86. Korsunsky, I. et al. Fast, sensitive and accurate integration of single-
cell data with Harmony. Nat. Methods 16, 1289-1296 (2019).

87. Korhonen, J., Martinméki, P., Pizzi, C., Rastas, P. & Ukkonen, E.
MOODS: fast search for position weight matrix matches in DNA
sequences. Bioinformatics 25, 3181-3182 (2009).

88. Linear mixed-effects models using “Eigen” and S4 [R package Ime4
version 1.1-28]. (2022).

89. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate: a
practical and powerful approach to multiple testing. J. R. Stat. Soc.
Ser. B Stat. Methodol. 57, 289-300 (1995).

90. He, L. et al. NEBULA is a fast negative binomial mixed model for
differential or co-expression analysis of large-scale multi-subject
single-cell data. Commun. Biol. 4, 629 (2021).

91. Liberzon, A. et al. The Molecular Signatures Database (MSigDB)
hallmark gene set collection. Cell Syst. 1, 417-425 (2015).

92. Sergushichev, A. A. An algorithm for fast preranked gene set
enrichment analysis using cumulative statistic calculation. Preprint at
bioRxiv https://doi.org/10.1101/060012 (2016).

93. Najera-Zuloaga, J., Lee, D.-J. & Arostegui, |. A beta-binomial mixed-
effects model approach for analysing longitudinal discrete and
bounded outcomes. Biom. J. 61, 600-615 (2019).

94. Sandelin, A., Alkema, W., Engstrém, P., Wasserman, W. W. &
Lenhard, B. JASPAR: an open-access database for eukaryotic
transcription factor binding profiles. Nucleic Acids Res. 32,
D91-D94 (2004).

95. Grant, C. E., Bailey, T. L. & Noble, W. S. FIMO: scanning for
occurrences of a given motif. Bioinformatics 27, 1017-1018
(2011).

96. Read, D.F.Zenodo DOl for Github repository. Zenodo https://doi.org/
10.5281/zenodo.12682674 (2024).

Acknowledgements

We thank the tissue donors and their families, without whom this work would
be impossible. We thank Andrew Hill and Silvia Domcke for their
contributions to single-cell ATAC-Seq processing pipelines and computa-
tional methods. We thank Haleigh Larson and Christian Pfleger for their work
developing nuclei isolation and fixation methods. We also thank the team at
the Northwest Genomics Center for their contributions to library sequencing.
Funding for this work was provided by NIH U54 grant U54HL145611, CZI
HCA Seed Networks CZF2019-002442 and Inflammation CZF2020-218446
awards, and the Brotman Baty Institute for Precision Medicine. JS is an
Investigator of the Howard Hughes Medical Institute.

Author contributions

D.F.R.,G.B.,R.D.,D.J.,R.G., S.S., AR.G., and D.O. performed sample
processing and library preparations; Y.L. collected samples; D.F.R., G.B.,
and R.D. ran analysis; D.F.R., B.E., J.F., C.S., A A.G., H.L.,, C.P., and B.M.
developed methods, software, and protocols; L.S., J.S., S.L., C.T.
supervised work

Competing interests

C.T. is a SAB member, consultant and/or cofounder of Algen
Biotechnologies, Altius Therapeutics, and Scale Biosciences. J.S.

is a scientific advisory board member, consultant and/or cofounder of
Cajal Neuroscience, Guardant Health, Maze Therapeutics, Camp4
Therapeutics, Phase Genomics, Adaptive Biotechnologies, and Scale
Biosciences.

Communications Biology | (2024)7:1052

13


https://doi.org/10.17504/protocols.io.biqpkdvn
https://doi.org/10.17504/protocols.io.biqpkdvn
https://doi.org/10.17504/protocols.io.biqpkdvn
https://www.protocols.io/view/protocol-for-flash-freezing-tissue-sample-kxygxednkv8j/v1
https://www.protocols.io/view/protocol-for-flash-freezing-tissue-sample-kxygxednkv8j/v1
https://www.protocols.io/view/protocol-for-flash-freezing-tissue-sample-kxygxednkv8j/v1
https://arxiv.org/abs/1802.03426v3
https://arxiv.org/abs/1802.03426v3
https://doi.org/10.1101/060012
https://doi.org/10.1101/060012
https://doi.org/10.5281/zenodo.12682674
https://doi.org/10.5281/zenodo.12682674
https://doi.org/10.5281/zenodo.12682674

https://doi.org/10.1038/s42003-024-06582-y

Article

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s42003-024-06582-y.

Correspondence and requests for materials should be addressed to
Jay Shendure, Shin Lin or Cole Trapnell.

Peer review information Communications Biology thanks the anonymous
reviewers for their contribution to the peer review of this work. Primary
Handling Editors: Kaoru Ito and Joao Valente.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Communications Biology | (2024)7:1052

14


https://doi.org/10.1038/s42003-024-06582-y
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Single-cell analysis of chromatin and expression reveals age- and sex-associated alterations in the human heart
	Results
	Single-cell ATAC- and RNA-Seq library generation and cell annotation
	Sex- and age-dependent variation is evident in transcriptional and epigenetic data in a preliminary analysis
	Meta-analysis of sex- and age-dependent variation identifies altered cell-type proportions and expression
	Contrasting TF motif enrichments identify putative adult- and fetal-specific regulators
	ATAC-Seq links distal sites that improve predictive models of RNA expression

	Discussion
	Methods
	Tissue collection
	Single-nucleus library generation
	Single-nucleus RNA-Seq analysis of newly generated data
	Datasets for meta-analysis of age- and sex-dependent variation
	Single-nucleus ATAC-Seq analysis
	Differential motif abundance testing in accessible peaks
	Differential expression testing and pathway analysis
	Testing for variation in cell-type proportions
	Adult versus fetal enrichment comparisons
	RNA expression predictive modeling

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




