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Integrated Single-Cell Analysis Reveals
Spatially and Temporally Dynamic
Heterogeneity in Fibroblast States during
Wound Healing

Axel A. Almet'”, Yingzi Liu’*, Qing Nie'”*” and Maksim V. Plikus***”

®Open

Wound healing is a dynamic process over temporal and spatial scales. Key to repair outcomes are fibroblasts;
yet, how they modulate healing across time and in different wound regions remains incompletely understood.
By integrating single-cell RNA-sequencing datasets of mouse skin and wounds, we infer that fibroblasts are the
most transcriptionally dynamic skin-resident cells, evolving during postnatal skin maturation and rapidly after
injury toward distinct late scar states. We show that transcriptional dynamics in fibroblasts are largely driven by
genes encoding extracellular matrix and signaling factors. Lineage trajectory inference and spatial gene map-
ping reveal that Prg4-expressing fibroblasts transiently emerge along early wound edges. Within days, they
become replaced by long-lasting and likely noninterconverting fibroblast populations, including Col25a7-
expressing and Pamri-expressing fibroblasts that occupy subepidermal and deep scar regions, respectively,
where they engage in reciprocal signaling with immune cells. Signaling inference shows that
fibroblast—immune crosstalk repeatedly uses some signaling pathways across wound healing time, whereas
use of other signaling pathways is time and space limited. Collectively, we uncovered high transcriptional
plasticity by wound fibroblasts, with early states transiently forming distinct microniches along wound edges
and in the fascia, followed by stable states that stratify scar tissue into molecularly dissimilar upper and lower

layers.
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INTRODUCTION

Skin is the largest organ in the body by surface area and self-
renews rapidly. Adult skin is anatomically and functionally
complex, consisting of various cell populations and extra-
cellular matrix (ECM) that are in delicate balance to maintain
dynamic homeostasis. To respond to sudden environmental
insults, such as wounding, several new molecular and
cellular processes rapidly activate. These processes, collec-
tively referred to as the wound healing program, replace lost
skin with scar tissue (Gurtner et al, 2008). However, from a
morphological and functional perspective, scars are a sub-
optimal substitute for normal skin. Although the epidermal
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barrier and mechanical integrity of the skin are restored,
many functionally important components typically fail to
reform. Scars also commonly consist of an excess of depos-
ited ECM, which can lead to skin morbidities. Nonetheless,
wound healing with a scar is critical for animal survival, and
deeper understanding of the cellular and molecular interplay
that produces a scar is required.

A pivotal cell type that drives wound healing are fibro-
blasts, which transiently activate to proliferate, synthesize
new ECM, and exert contractile forces to pull wound edges
closer together and fill the remaining defect with new scar
tissue. Before wounding, fibroblasts are relatively quiescent
because they seldom proliferate, but upon wounding, they
activate to participate in repair. Triggered by injury-
associated signaling cues, fibroblasts activate a 3-phase
program involving (i) rapid migration from wound edges
into the site of skin loss, (ii) transient proliferation to multiply
in numbers, and (iii) ECM deposition and its remodeling
(Darby et al, 2014). Wound-triggered fibroblasts also convert
into myofibroblasts, a specialized contractile state. It remains
a matter of debate whether myofibroblasts revert to their
prewounded state after completion of healing, permanently
remain differentiated, or progress to a new dormant state of
established scar. A study by Plikus et al (2017) used bulk
RNA-sequencing data on sorted fibroblasts sampled from
multiple postwounding time points in mice to show that the
averaged fibroblast transcriptome is dynamic and that the
myofibroblast state appears transiently. What the bulk RNA-
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sequencing data could not reveal is whether the observed
transcriptome changes were driven by a single fibroblast state
converting to another or by changes across several hetero-
geneous cell states. Because scar tissue is a morphological
and functional substitute of normal skin, it is also essential to
understand whether scar-resident cells have the same char-
acteristics and functions as normal skin-resident cells or
whether they are mere substitute cells. Answering this ques-
tion can lead to future scar-reducing and even scarless tissue
repair therapies.

Single-cell RNA sequencing (scRNA-seq) enables one to
characterize the transcriptional heterogeneity of cell pop-
ulations at unprecedented resolution and identify previously
unknown cell states. Several recent scRNA-seq studies
investigated transcriptomic changes in murine skin at various
time points after full-thickness wounding, revealing insights
about the healing process (Abbasi et al, 2020; Gay et al,
2020; Guerrero-Juarez et al, 2019; Haensel et al, 2020; Hu
et al, 2023; Konieczny et al, 2022; Mascharak et al, 2022;
Phan et al, 2020; Shook et al, 2020; Vu et al, 2022). How-
ever, commonly, only one postwounding time point is
considered, offering static snapshots of the sequenced cell
population. Yet, wound healing is dynamic in time and
space, consisting of multiple synergistic and competing
processes. Therefore, studying it comprehensively requires
sampling from numerous postwounding time points
(Mascharak et al, 2022).

In this work, we integrated several scRNA-seq datasets on
murine skin to construct a joint timeline of wound healing
dynamics (Supplementary Text S1 provide extended discus-
sion). We focused on fibroblasts, which exhibited the most
dynamic transcriptional changes across wound healing. We
dissected molecular contributors to fibroblast heterogeneity,
inferring that fibroblasts exhibit several distinct yet transient
states across time and that scar-resident fibroblasts do not
return to the prewounded state. We inferred that transcrip-
tional fibroblast heterogeneity is dominantly driven by
changes in key fibroblast-specific functionalities, including
matrisome (ie, structural ECM factors) and secretome (ie, cell-
bound and diffusible signaling factors). Finally, lineage tra-
jectory inference and marker gene staining experiments
suggested that early on in wound healing, fibroblasts occupy
distinct microniches along wound edges before assuming
new stable transcriptional states mid-way through wound
healing that then do not interconvert in late wounds.

RESULTS

Shared cell types and diverse cell states characterize wound
healing

We analyzed scRNA-seq data of murine skin sampled from
different time points across wound healing (Figure Ta). We
considered both juvenile, postnatal day 21 and young adult,
postnatal day 49 unwounded skin because the former is the
earliest recorded age for which scRNA-seq data of stereo-
typical healing with a scar are available. All wounded con-
ditions were collected from full-thickness excisional wounds,
where earlier time points were generated from small wounds
(SWs) (<1 cm diameter) and later time points from large
wounds (LWs) (>1 cm diameter). For LWs, the increased size
slows the biological timescale of repair events, meaning that

Journal of Investigative Dermatology (2024), Volume m

late calendar times in LWs, from postwounding day (PWD)
12 to PWD18, are comparable with earlier biological times
along a SW healing timescale. Therefore, earlier SW and later
LW time points can be reasonably integrated. We followed
the original study on LW PWD18 and separated cells
sampled from regenerative (denoted as REG) outcomes,
where wound-induced hair neogenesis occurred, from cells
sampled from fibrotic (denoted as FIB) outcomes containing
hairless scars (Gay et al, 2020) (details are provided in
Datasets and data preprocessing under Supplementary Ma-
terials and Methods). We integrated the datasets using Sca-
norama (Hie et al, 2019). Figure 1b suggested that there is
significant transcriptomic heterogeneity. Across the islands of
diverse skin cells in the neighborhood embedding, there was
a spectrum of mixing across wound healing time. Some
islands were well-mixed and contained cells from multiple
time points, whereas other islands contained cells from a
single time point predominantly.

We clustered the integrated scRNA-seq data (Traag et al,
2019), setting resolution = 0.3, obtaining 20 distinct clus-
ters (Figure 1c). Cell-type annotations were based on differ-
entially expressed genes reported in published murine skin
scRNA-seq analyses and consensus skin marker genes from
non—scRNA-seq literature. We identified epidermal kerati-
nocytes (Supplementary Figure S1); fibroblasts (Figure 2a);
vascular cells, consisting of pericytes (Supplementary
Figure ~ S2a—d),  endothelial  cells  (Supplementary
Figure S2e—h), lymphatic endothelial cells, and vascular
smooth muscle cells (Figure 1¢); and dermis-resident immune
cells (Supplementary Figure S3). Additional less abundant
cell populations included Schwann cells (Supplementary
Figure S4), melanocytes, epidermis-associated Langerhans
cells, and skeletal muscle cells (Figure 1c) (details are pro-
vided in Supplementary Text S2 and Subclustering under
Supplementary Materials and Methods).

To evaluate the efficacy of integration, we used sclB
(Luecken et al, 2022). The results were plotted in Figure 1d,
where metric values closer to 1 indicate good performance
(details are provided in Data integration under Supplemen-
tary Materials and Methods). Several metrics assessing batch
effect removal—Average Silhouette Width batch score (0.93)
and graph connectivity score (1.0)—and those assessing
biological conservation—normalized mutual information
(NMI) cluster label score (0.92) and isolated label F1 score
(0.98)—performed well, indicating that cells within the same
types are well-mixed and that rarer cell types are preserved
across conditions. However, low kBET (k-Nearest Neighbor
Batch Effect Test) score (0.14) indicated disparities between
local and the neighborhood structure, whereas moderate
principal component regression batch, Average Silhouette
Width label, and isolated label silhouette scores (0.52, 0.57,
and 0.56, respectively) reflected variability in cell-type inte-
gration across batches. Plotting cell-type composition across
wound healing time (Figure Te) showed that few cell types
were universally present across all times. This likely resulted
from both the real biological differences in wound’s cell
composition across healing time and from technical issues
arising from the lack of a universal cell isolation protocol,
whereby certain cell types are captured for scRNA-seq with
low efficiency, depending on the protocol’s details.
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Figure 1. Integrated analysis of scRNA-seq datasets on unwounded mouse skin and wound tissue across biological timescale of healing. (a) Schematic
representation of the bioinformatic analysis timeline employed in this study, showing relative position of all integrated scRNA-seq datasets along the biological
timescale of skin wound healing. Literature sources of all scRNA-seq datasets are references. (b) UMAP plot of the integrated scRNA-seq datasets. Cells are color
coded and annotated by their source of origin (unwounded skin, small wound, large wound) and biological time point (listed on the right). (c) UMAP plot of the
initial round of clustering and assigned cell type labels. We categorized all cells in the integrated scRNA-seq dataset into 5 major types: keratinocytes,
fibroblasts, immune cells, vascular cells, and other skin-resident cells. Cells are color coded according to annotations shown on the right. (d) Metrics calculated
to assess the quality of scRNA-seq data integration by batch correction (blue bars on the left) and biological conservation (orange bars on the right). (e) Relative
cell-type composition of individual scRNA-seq datasets arranged according to study timeline from a and annotated along the x-axis. Stacked bars show relative
abundance of distinct cell types and subtypes, as clustered on c. Bar segments are colored and annotated according to c. (f) Track plots of the discriminatory
marker genes for each annotated cell type and subtype from c. Color coding is according to c. UW denotes unwounded skin. ASW, Average Silhouette Width;
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Figure 2. Fibroblast heterogeneity is dominantly driven by wound condition. (a) UMAP plot of the identified fibroblast subclusters. Subclusters are color coded
according to annotations shown on the right. Groups of subclusters on the UMAP plot are additionally annotated with the predominant source of origin (unwounded
skin; small wound, early; large wound, early and late). (b) Track plots of unique differentially expressed genes for each fibroblast subcluster from a. Annotation and
color coding are according to a. (c) Feature plot of the upper dermis gene score expression. Orange indicates gene score—expressing fibroblasts. Genes that
constitute upper score are listed at the top. (d) Feature plot of the lower-dermis gene score expression. Orange indicates gene score—expressing fibroblasts. Genes
that constitute lower score are listed at the top. (e) Split violin plot indicating that several fibroblast subclusters are enriched primarily for either upper- or lower-
dermis gene score identity. (f) Relative fibroblast subcluster composition within individual scRNA-seq datasets arranged according to biological time point from
Figure Tb and annotated along the x-axis. Stacked bars show relative abundance of distinct fibroblast subclusters, as detailed on a. Bar segments are colored and
annotated according to a. (g) Calculated Bray—Curtis similarity scores between wound healing conditions according to Figure 1b (x-axis), measuring the
compositional overlap with respect to fibroblast subclusters as defined along y-axis according to a. (h) Jaccard similarity between fibroblast subcluster labels, color
coded and annotated according to a, and wound healing condition according to Figure 1b (x-axis). UW denotes unwounded skin. LW, large wound; PWD,
postwounding day; scRNA-seq, single-cell RNA sequencing; SW, small wound; UMAP, Uniform Manifold Approximation and Projection.

i
LW, large wound; PWD, postwounding day; scRNA-seq, single-cell RNA sequencing; SW, small wound; UMAP, Uniform Manifold Approximation and
Projection.
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Considering large number of integrated cells, we used this
opportunity to identify groups of differentially expressed
markers that distinguish between skin cell lineages. Figure 1f
showed the binned gene expressions of such markers,
revealing genes that can be used for reliable annotation of
major mouse skin cell lineages. For example, we found that
Lgals7, Apocl, and Krt5 were shared across all epidermal
clusters, EPI-1 through 5, and were specific to those clusters.
On the other hand, canonical mesenchymal markers, such as
Colla2 or Col3al, were not specific to all fibroblasts. Rather,
Dcn and Lum were differentially expressed in FIB-1 and 3,
and Crabpl was shared across both FIB-1 and FIB-4. In
addition, Cd52, Cd74, and Tyrobp were differentially
expressed for immune clusters (IMM-1 through 3) and
Langerhans cell, but Cd207 was expressed only in Langer-
hans cells, distinguishing dermis-resident from epidermis-
resident immune clusters. We propose that the gene set
shown in Figure 1f can be used for improved annotation of
mouse skin cell lineages.

Fibroblasts are transcriptionally dynamic across wound
healing time

Of all cell lineages, fibroblasts integrated the least across
conditions (Figure 1b), suggesting that they exhibited the
greatest degree of heterogeneity across wound healing. All
fibroblasts divided into 11 subclusters, including hair
follicle—associated dermal papilla cells (Figure 2a and also
Subclustering under Supplementary Materials and Methods).
These subclusters were confirmed as distinct by identification
of marker genes (Figure 2b). We then sought to discern the
driving factors of fibroblast heterogeneity, including (i) spatial
location in the dermis, (ii) biological wound healing time,
and (iii) cell cycle state. First, it has been suggested that
normal dermal fibroblasts’ identity is driven by whether they
are located in upper papillary or lower reticular dermis
(Driskell et al, 2013). This notion is supported by the fact that
certain marker genes indeed distinguish upper from lower
fibroblasts well (Philippeos et al, 2018; Plikus et al, 2021).
Therefore, we compiled the lists of literature-supported upper
and lower cutaneous fibroblast marker genes that were also
present in our integrated data (Supplementary Table S1 and
Supplementary Figure S5). We then calculated an upper and
lower gene score for every fibroblast (Satija et al, 2015). Cells
with higher upper scores were enriched in subclusters FIB-I,
-V, -VII, and -VIIl and dermal papilla (Figure 2c and e), cor-
responding predominantly to unwounded skin and LW
PWD12 wound, whereas cells with higher lower scores were
enriched in FIB-II, -Ill, -IV, and -VI (Figure 2d and e), corre-
sponding predominantly to unwounded skin and both early-
stage SW PWD4 and late-stage LW PWD18 wounds. An
extended discussion of spatial gene scores is provided in
Supplementary Text S3. We conclude that a spatial gene
program significantly contributes to fibroblasts” identity, both
prior to and after wounding.

We also observed significant compositional changes in fi-
broblasts across unwounded skin maturation and wound
healing time (Figure 2f)—dynamics that were not paralleled
in any other cell lineage present in the data (Supplementary
Figures S1—4). For example, lower FIB-Ill fibroblasts
increased in abundance upon maturation of unwounded skin
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(26.5% at postnatal day 21 and 87.1% at postnatal day 49)
but subsequently decreased during early wound healing
(61.2% in SW PWD4 and 23.6% in SW PWD7) and became
rare at later postwounding time points (~0.1% in LW
PWD18). We calculated pairwise Bray—Curtis scores
(Figure 2g) to measure compositional similarity between
wound healing times with respect to fibroblast subcluster
labels. For a given pair of wound healing times, a Bray—Curtis
score of 1 indicates that the 2 conditions have the same
subcluster composition, whereas a score of 0 indicates a
completely dissimilar composition. We observed that LW
PWD12 was more similar in composition to LW PWD14
(Bray—Curtis score = 0.23) than to LW PWD18 fibroblasts
(0.11 and 0.12 for fibrotic and regenerative PWD18 condi-
tions, respectively). The highest Bray—Curtis similarity of 0.63
between unwounded postnatal day 49 and SW PWD4 sam-
ples likely arose from the fact that the latter included post-
natal day 49 + 4-day wound edge skin (Haensel et al, 2020).
The observed changes in Bray—Curtis scores suggested dy-
namic transcriptional states by fibroblasts across wound
healing time. We also calculated Jaccard similarity scores
between fibroblast subclusters and wound condition labels
(Figure 2h). The highest score occurred between FIB-I and LW
PWD12 (0.72), indicating that FIB-I subcluster consisted of
almost entirely LW PWD12 fibroblasts. Almost all other
fibroblast subclusters followed this trend, albeit not as dra-
matic, having significant overlap with effectively only 1
wound healing time. The sole exception to this trend was FIB-
I, which has relatively high Jaccard similarities with both
postnatal day 49 skin (0.3) and SW PWD4 wound (0.37)
owing to the earlier-mentioned tissue sampling protocol.
Subclusters that peaked in Jaccard similarities with the same
wound condition—for example, FIB-I and FIB-V with LW
PWD12 fibroblasts (0.72 and 0.13, respectively)—tended to
be closer in the neighborhood embedding (Figure 2a), sug-
gesting transcriptomic similarity. The isolated peaks in Jac-
card similarity across wound healing time suggested that the
latter was indeed the primary driver of fibroblast heteroge-
neity. We note that the dominant early wound cluster, FIB-IV
(28.0% of SW PWD4), consisted primarily of lower identity
fibroblasts. However, after re-epithelialization, LW PWD12
consisted primarily of upper identity fibroblasts (FIB-I and
FIB-V cells comprising 91.0%). Toward late wound healing,
upper identity fibroblasts were superseded by lower-identity
FIB-II and FIB-VI fibroblasts (89.7%).

We also observed that certain fibroblast states were
enriched for cell cycle phase scores associated with active
cell division (Satija et al, 2015)—significant portions of FIB-I
(45.7%), -IV (32.2%), -V1 (51.1%), and -IX fibroblasts (52.6%)
were predicted to be in S and G2M phases (Supplementary
Figure Séa and b). Surprisingly, the fibroblast subclusters
mentioned earlier were not exclusively associated with early
wound healing times, suggesting late proliferative events
(Supplementary Figure Séc). For instance, FIB-1 cells, 90.0%
of which originated from LW PWD12, were sampled after
wound re-epithelialization, whereas 75.7% of highly prolif-
erative FIB-VI cells originated exclusively from late wounds.
Next, we examined proliferative patterns by fibroblasts in
experimentally reproduced full-thickness wounds in C57BL/
6) mice by staining scar tissues at matching postwounding
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time points (details are provided in Replication wounding
studies under Supplementary Materials and Methods) for an
established proliferation marker Mki67 and panfibroblast
marker Pdgfra (Supplementary Figure S7). As expected, in
early SW PWD4 wounds, we observed abundant Mki67"
fibroblasts at wound edges (Supplementary Figure S7a).
However, we also observed prominent clusters of Mki67"/
Pdgra™ fibroblasts in late wounds, including in lower scar
regions of LW PWD12 and PWD18 wounds (Supplementary
Figure S7c and d). We posit that the late expansion of wound
fibroblasts with lower spatial identity observed from inte-
grated analysis (Figure 2f) could be conceivably attributed to
late proliferative events by FIB-VI cells (Supplementary
Figure S6) taking place in the lower scar region
(Supplementary Figure S7c and d).

Thus far, our analysis broadly indicates that wound healing
time is the major driver of fibroblast heterogeneity and that
fibroblast states are transient during healing and do not return
to the prewounding state. We partially validated these con-
clusions using a 2-pronged bioinformatic approach. First, we
reanalyzed spatial transcriptomic datasets (10X Visium)
collected on 6-mm dorsal mouse skin wounds at PWD2, 7,
and 14 (Foster et al, 2021) (details are provided in the
Analysis of fibroblast distribution from Foster et al [2021]
under Supplementary Materials and Methods). Using kerati-
nocyte markers Lgals7 and Krt5, we validated the presence of
wound epidermis, confirming that re-epithelialization was
ongoing at PWD2 and 7 and was completed by PWD14,
whereas scoring spatial data against fibroblast markers Dcn,
Lum, and Pdgfra confirmed their broad presence in wounds
throughout the entire healing time course (Figure 3a). Next,
we scored spatial data for upper fibroblast marker Crabp1
and lower fibroblast marker Ly6a (Figure 3b and c). Crabp1
signal distribution revealed that at PWD2, upper identity fi-
broblasts are practically nonexistent but prominently emerge
by PWD? in upper, subepidermal wound space and persist in
PWD14 scars (Figure 3b). In contrast, Ly6a signal was prev-
alent in wound tissue already at PWD2 and remained
restricted to the lower scar region at PWD7 and 14
(Figure 3c). These reanalyses confirm that wound fibroblasts
indeed assume distinct upper and lower transcriptional and
corresponding spatial identities during wound healing. They
also reveal that upper-identity fibroblasts emerge in SWs as
early as PWD?7 before re-epithelialization is complete
(Figure 3b).

Next, we stained wound tissues for selected fibroblast
marker genes (details are provided in Replication wounding
studies under Supplementary Materials and Methods). We
performed 2 sets of experiments. For one set, we experi-
mentally reproduced mouse age and wound size from which
our integrated scRNA-seq datasets were sampled. Second,
we performed wounding experiments for a consistent mouse
age (postnatal day 49) and wound size (6 mm). We limited
our primary analysis to 2 fibroblast states—FIB-IV cells,
which appear early and transiently after wounding, and FIB-I
and -VII cells, which appear later and persist in healing
wounds. We found that Prg4 was a selective marker of FIB-1V
fibroblasts (Figure 3d) and expressed only in early SW PWD4
tissues in the lower dermis, as confirmed from our analysis of
consistent wound size experiments (Figure 3e and
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Supplementary Figure S8a). We also observed analogous
dynamics when we replicated mouse age and wound size
from the original scRNA-seq studies (Supplementary
Figure S9). At PWD4, Prg4* cells were present in 2 loca-
tions—in the reticular dermis, immediately adjacent to the
wound edge, and in the fascia, below the wound bed. This
Prg4 pattern is consistent with the possibility that FIB-1V cells
are early wound response fibroblasts with lower identity. To
this end, we also reanalyzed recently published scRNA-seq
data collected on 6-mm dorsal mouse skin wounds at
PWD2, 7, 14, and 30 (Mascharak et al, 2022) (details are
provided in Analysis of fibroblasts from Mascharak et al
[2022] under Supplementary Materials and Methods).
Because only a total of 364 fibroblasts were recovered in the
data mentioned earlier, we analyzed them separately to
minimize clustering bias (Supplementary Figure S10a). Prg4
was almost exclusively expressed by early PWD?2 fibroblasts
(Supplementary Figure S10b), most of which also featured
lower identity (Supplementary Figure S10b). Of the 227
differentially expressed genes expressed by these PWD?2 fi-
broblasts, nearly half were also differentially expressed genes
of Prg4* FIB-IV fibroblasts from our original analysis,
including numerous inflammatory  pathway factors
(Supplementary Figure S10d and e). Therefore, we posit that
the early healing response involves transient emergence of
inflammation-primed fibroblasts that occupy distinct spatial
microniches around the wound bed periphery. Next, we
examined the staining pattern of collagen Col25al, which
was enriched in late FIB-VII fibroblasts (Figure 3f). We
observed from our staining analysis of consistent wound size
experiments that Col25a1" fibroblasts emerged after re-
epithelialization during the remodeling phase of wound
healing starting from PWD8, primarily in the upper dermis
(Figure 3g and Supplementary Figure S8b). From the wound
replication study, we observed that they were absent in un-
wounded skin and in SW PWD4 wounds but appeared at
PWD7 and persisted afterward in the upper wound
compartment, including at PWD14 (Supplementary
Figure S11). As an additional proof of principle, we also
stained tissues from the consistent wound size experiment for
Pamri, which we observed from scRNA-seq analysis was
largely restricted to late wound fibroblast states FIB-Il and
FIB-VI. Consistently, Pamr1™ fibroblasts were detected start-
ing from PWD@8 and largely in the lower scar (Supplementary
Figure S8c and d). These staining results strengthen our bio-
informatic prediction that latter-born subsets of wound fi-
broblasts assume distinct anatomical positions within
forming scar tissue, including Col25a1" upper cells, which
are likely part of broader population of upper Crabp1™ fi-
broblasts (Figure 3b) (Guerrero-Juarez et al, 2019).

Wounding induces changes in key fibroblast functions

Next, we examined how heterogenous fibroblasts differed
with respect to key functional outputs: (i) secretome, which
included signal ligand and signal receptor genes, and (ii)
matrisome, which included ECM synthesis genes encoding
for structural ECM proteins and ECM-modifying genes
encoding for ECM-degrading and -remodeling enzymes. Each
function was defined by a gene set manually curated from
pre-existing databases and primary literature (details are



provided in Biased clustering under Supplementary Materials
and Methods). We reanalyzed fibroblasts for each of the gene
categories mentioned earlier and across all functional output
genes, generating functionally biased clusters. We calculated
the Adjusted Rand Index (ARI) and NMI to measure similarity
between the functionality-based annotations and the original
subcluster annotations (Figure 4a). The ARl and NMI scores of
0.68 and 0.67, respectively, showed that the clusters ob-
tained on functional genes alone captured much of the
original fibroblast heterogeneity, indicating that fibroblast
states were driven primarily by changes in the functions
mentioned earlier. Indeed, the neighborhood embedding
produced on only functional output genes resembled the
original neighborhood embedding (Figure 4b). Of the func-
tional annotations, clustering on ECM synthesis genes had the
highest overlap, with ARI (NMI) score of 0.60 (0.63). On this
gene set alone, the neighborhood embedding retained many
of the key structures observed in the original subclustering
(Figure 4c). The next highest overlap was by signal ligand
genes, with ARl (NMI) score of 0.48 (0.48), showing coarser
neighborhood embedding (Figure 4d), whereas ECM-
modifying and signal receptor genes produced low over-
laps, with ARI (NMI) scores of 0.26 (0.37) and 0.25 (0.30),
respectively, suggesting relatively static gene expression.
Thus, we conclude that transcriptional heterogeneity of
wound fibroblasts is largely driven by their gene product
outputs into scar’s matrisome and secretome.

To determine how fibroblasts varied with respect to the 3
most informative functions—ECM synthesis, signal ligand,
and ECM-modifying genes—we used Intercode (Rybakov
et al, 20201)" to learn latent representations of the gene
expression matrix with respect to decomposed factors
defined by the annotated functional gene sets (details are
provided in Biased clustering under Supplementary Materials
and Methods). We plotted fibroblasts with respect to these
factor loadings in Figure 4e—g. Labeling fibroblasts by the
original subcluster labels revealed varying degrees of sepa-
ration with respect to each functionality pair. Of the pairs,
fibroblast population separation with respect to ECM syn-
thesis and signal ligand was most similar to that observed for
the full gene set. To validate that changes in ECM synthesis
and signal ligand gene expression correspond to changes in
fibroblast states, we performed differential expression anal-
ysis using MAST (Finak et al, 2015). We then plotted gene
expression of differentially expressed genes across time,
finding several universal ECM synthesis genes (Figure 4h) and
signaling ligand genes (Figure 4i) as well as dynamically
expressed genes. Many collagen genes were expressed by all
fibroblasts; yet, certain ones were unique to a specific time or
a subset of times, such as Col23aT in postnatal day 21 skin;
Col7al in PWD12 wounds; and Col8al, Col12al, Coll4al,
and Col25al in late PWD12 through 18 wounds. We also
observed significant expression changes in several non-
collagen ECM synthesis genes—cochlin in postnatal day 21
skin, RspoT in postnatal day 49 skin, Prg4 in SW PWD4, Tnn
in LW PWD12, and Matn4 in LW PWD18. Expression of

" Luecken MD, Biittner M, Chaichoompu K, Danese A, Interlandi M, Mueller MF,
et al. Benchmarking atlas-level data integration in single-cell genomics. bioRxiv
2020:1-61.
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signal ligand genes was also dynamic (Figure 4i), notably
across chemokines (Ccl and Cxcl) between unwounded and
wounded skin as well as other ligands implicated in tissue
scarring (Supplementary Text S4), including Bmp7 in post-
natal day 21 skin, Ccl19 in postnatal day 49 skin, C4b in SW
PWD4, Cdh1in SW PWD7, Il1bin LW PWD12, and Vegfdin
LW PWD18 fibroblasts.

Highly dynamic transcriptional state changes by wound
fibroblasts suggested dynamic underlying gene regulatory
networks. To infer significant gene regulatory networks, we
performed SCENIC analysis (Van de Sande et al, 2020) (de-
tails are provided in Regulon inference under Supplementary
Materials and Methods), which separated fibroblasts into 12
regulon-based clusters (Supplementary Figure S12a). Many of
these clusters significantly overlapped with the original
transcriptomic-based subclusters (Supplementary
Figure S12b), whereas others better correlated with the
wound healing time (Supplementary Figure S12c). Further-
more, many of the differentially expressed functional output
genes discussed earlier, both ECM and signaling factors, were
predicted to be under shared control by the same regulons
(Supplementary Figure S12d and e and extended discussion
in Supplementary Text S5). Collectively, we conclude that
wound-triggered fibroblast state changes are largely driven by
a combination of changes in ECM production and secreted
signals that in turn are driven by unique gene regulatory
network states.

Pseudotime analysis predicts parallel transitions into
divergent states by wound fibroblasts

The analyses provided earlier showed that fibroblasts are
transcriptionally dynamic over wound healing time and
spatially segregate upon scar maturation. It remains unre-
solved whether distinct transcriptional fibroblast states origi-
nate from distinct progenitor sources or whether, instead,
they are continuously lineage connected. To comprehen-
sively answer this question will require genetic lineage
tracing, an effort that is ongoing in the field. However, the
available single-cell data offer an opportunity to predict
possible lineage relationship between fibroblast states using
bioinformatic inference tools (Figure 5a). In this study, we
performed pseudotime analysis on all fibroblasts using scVelo
(Bergen et al, 2020) and PAGA (Wolf et al, 2019). We pro-
jected the estimated velocities and directional flows onto the
original Uniform Manifold Approximation and Projections,
labeling both fibroblast subclusters (Figure 5b) and wound
healing times (Figure 5c). RNA velocity streams in Figure 5b
suggest transitions from FIB-Ill state to dermal papilla and
FIB-VIIl and from FIB-II state and FIB-VII to FIB-l. We deemed
these predictions to be likely erroneous because they repre-
sent transitions from postnatal day 49—enriched to postnatal
day 21—enriched fibroblasts and from PWD18-enriched to
PWD12-enriched fibroblasts (Figure 5¢). Next, we calculated
PAGA graphs with partitions defined either by fibroblast
subclusters (Figure 5d) or by wound healing times (Figure 5e).
High connectivity of the former graph suggested possible
interconversion between fibroblast states, whereas the latter
graph indicated that transitions were strongest between
conditions connected along the biological timescale. We
then used RNA velocity—inferred pseudotime (details are
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provided in Trajectory analysis under Supplementary Mate-
rials and Methods), which estimated the following transition
directions as most plausible (Figure 5f): (i) transition from FIB-
Il fibroblasts (lower fibroblasts abundance in unwounded
skin) to FIB-IX and then to Prg4" FIB-IV fibroblasts (both
transient early wound fibroblasts), (ii) from FIB-IX to FIB-X
fibroblasts (spatially ambiguous fibroblasts of late wounds),
(iii) from FIB-IX to FIB-VII and then to FIB-I and FIB-V fibro-
blasts (upper wound fibroblasts that appear early during
healing), and (iv) independently from FIB-IX to FIB-II and
then to FIB-VI fibroblasts (lower wound fibroblasts that
appear early in healing and expand in number over time).
Importantly, no transitions were inferred between early upper
wound clusters (FIB-I, -V, -VII) and lower wound clusters (FIB-
I, -VI). This strengthens the theory that (i) upper and lower
wound fibroblasts originate from a common early wound
progenitors (FIB-IX, -IV), which themselves likely originate
from lower dermis fibroblasts, and that (ii) once upper and
lower fibroblasts quickly establish in forming scar, they
remain separate over the healing process. Together, the bio-
informatic analyses and staining assays mentioned earlier
suggest that skin injury triggers emergence of early fibroblast
progenitors along wound edges, which are transient and
become quickly superseded by long-lasting and non-
interconverting fibroblast states of upper subepidermal and
lower anatomically deep scar layers.

Wound fibroblasts engage in dynamic signaling crosstalk

with immune cells

We hypothesized that the observed transcriptional dynamics
of wound fibroblasts could be regulated by dynamic signaling
interactions with wound-resident immune cells. Therefore,
we employed CellChat (Jin et al, 20232, 2021)? to infer the
most significant cell—cell communication activities between
fibroblast subclusters (Figure 2a) and immune subclusters
(Supplementary Figure S3a) across wound healing time
(Figure 6a and Cell—cell communication analysis under
Supplementary Materials and Methods). We distinguished
signaling pathways that were directed from immune cells to
fibroblasts (Figure 6b), signaling ligands secreted by fibro-
blasts to other fibroblasts (Figure 6¢), and those exclusively
driven by fibroblasts to immune cells (Figure 6d). We iden-
tified 5 unique immune-to-fibroblast signaling pathways,
which exhibited 3 types of signaling patterns (Figure 6b). In
contrast, we identified only one pathway that was exclusively
driven from fibroblasts to other fibroblasts, PROS, which is
dynamically bimodal, activating in early wounds and reac-
tivating in late wounds (Figure 6c¢). Categorizing active
signaling pathways into 3 temporal modes based on when
they were active and for how long revealed that fibroblasts
and immune cells secreted distinct sets of signaling ligands
with  different  dynamics  across wound healing
(Supplementary Figure S13 and extended discussion in Sup-
plementary Text S6). This CellChat analysis provides rich
resources of predictive data on potential new signaling reg-
ulators of wound healing that will require confirmation in
future functional experiments.

2Sun X, Annusver K, Dalessandri T, Kasper M. Rare Gli1+ perivascular fibroblasts
promote skin wound repair. bioRxiv 2022.
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DISCUSSION

Scar tissue is morphologically and functionally distinct from
normal unwounded skin. Yet, at the cellular scale, the degree
to which scar-resident cells differ from unwounded skin-
resident cells remains poorly understood. Furthermore, the
transcriptional trajectories that normal skin cells take en route
their scar-resident progenies during healing remain largely
unknown. To start addressing these questions, we constructed
an integrated scRNA-seq timeline of wound healing in mu-
rine skin, focusing on fibroblasts, the essential cell type in
cutaneous repair. Previous scRNA-seq studies of fibroblasts
have mainly focused on identifying generalizable fibrotic
states across diverse tissues and organs (Buechler et al, 2021;
Forte et al, 2022) and on fibroblast heterogeneity across aging
(Solé-Boldo et al, 2020). In the context of skin wound heal-
ing, Phan et al (2021) have studied fibroblast state differences
between SWs and LWs, whereas Haensel et al (2020) and
Joost et al (2018) examined early wound-triggered dynamics
of basal epidermal keratinocytes and hair follicle—derived
keratinocytes, respectively. Mascharak et al (2022) gener-
ated scRNA-seq data from multiple time points across SW
healing to examine the effect of inhibiting mechano-
transduction through YAP on scarring. Our work evaluates
single-cell fibroblast heterogeneity across numerous consec-
utive time points of the same fibrotic process of wound-
triggered skin scarring and profiles their transcriptional dy-
namics in comparison with those of other major wound-
associated skin cell lineages across the same timeline.

Of all cell lineages, fibroblasts were the most dynamic
across wound healing, both in their transcriptional state and
in their gene regulatory state (extended discussion is provided
in Supplementary Text S5). This may be caused by dynamic
signaling interactions between immune cells and fibroblasts,
where many pathways are reused over wound healing time
(Figure 6 and Supplementary Figure S13; extended discussion
provided in Supplementary Text S6). We inferred that fibro-
blast state heterogeneity in wounds is driven by several fac-
tors: the anatomical space (upper vs lower wound domain);
cell cycle status; and, critically, biological time along the
healing program. Importantly, fibroblasts assume transient
transcriptional states during wound healing—different fibro-
blast states emerge as the dominant state, only to be rapidly
superseded by other states as the healing program progresses.
In situ expression validated our bioinformatic identification
of an early wound fibroblast state, FIB-1V, which was char-
acterized by expression of Prg4 and a number of chemokines
and inflammatory response genes. A study by Krawetz et al
(2022) showed that Prg4 accelerates wound closure and
promotes regeneration in ear cartilage wounds in mice. In a
scRNA-seq study on human diabetic foot ulcers, a PRG4*
fibroblast state expressing chemokines and inflammatory
response genes was also identified (Theocharidis et al, 2022).
We note that FIB-IV fibroblasts share similarities with
CD201" fascia progenitors, described by Correa-Gallegos
et al (2023), which can transition to proinflammatory fibro-
blasts in early wounds. Thus, FIB-IV—like proinflammatory
fibroblasts may be important for repair in a broad range of
wounds in both mice and humans. Furthermore, reanalysis of
published data by Mascharak et al (2022) suggested that FIB-
IV cells emerge in mouse wounds as early as PWD2. Only
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Figure 3. Spatial transcriptomic and in situ expression analyses validate spatial—temporal dynamics of wound fibroblasts. (a—c) Reanalysis of keratinocyte and
fibroblast distributions in published spatial transcriptomic datasets (10X Visium platform) generated on 6-mm mouse skin wounds, sampled at 3 consecutive
time points: PWD2, 7, and 14. Distributions of the keratinocyte score (orange), calculated from Lgals7 and Krt5 marker genes, and distribution of general
fibroblast score (blue), calculated from Dcn, Lum, and Pdgfra genes, are shown in a. Distributions of keratinocyte score (orange) and upper fibroblast marker
gene Crabp1 (blue) are shown in b, whereas that of keratinocyte score (orange) and lower fibroblast marker gene Lyé6a (blue) are shown in c. Strength of gene or
gene score expression in a—c is color coded according to color heatmaps shown on the right. Red color denotes high expression levels. (d) Left panel shows
feature plot of Prg4, a DEG for fibroblast subcluster FIB-IV. Orange indicates expressing fibroblasts. Center panel shows track plots of Prg4 expression

across fibroblast subclusters, annotated and color coded according to Figure 2a, whereas right panel shows track plots of Prg4 expression across biological time
points, annotated and color coded according to Figure 1b. (e) In situ expression of Pdgfra (green) and FIB-IV—specific marker Prg4 (red) in 6-mm wound sampled
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after construction of a joint transcriptomic timeline could one
begin to appreciate the dynamic nature of fibroblasts—other
wound-resident cell lineages do not parallel these rapid dy-
namics. Importantly, within the observed timeline, we show
that late wound-resident fibroblasts are transcriptionally
distinct from unwounded skin fibroblasts, suggesting that
fibroblast within scars may be permanently altered.

Pseudotime analysis did not identify a consistent lineage
model between fibroblast states. There are 2 reasons for why
trajectory inference methods may have been only partially
effective in their application to fibroblasts. First, current tra-
jectory inference methods assume the same common time-
scale of dynamics over hours, which does not hold for wound
healing that occurs over several days and weeks. Second,
unlike some other cell types, fibroblast differentiation is
marked by an expulsion of differentiation product, the ECM
factors and modifying enzymes, into the extracellular space
(Plikus et al, 2021). This likely enables fibroblasts to transition
back and forth between proliferative and differentiated ECM-
making states, especially during wound healing. In contrast,
keratinocytes accumulate their differentiation product, such
as keratin filaments, within their cytoplasm, and this special-
ization becomes incompatible with the ability to divide.
Although genetic lineage-tracing studies will be necessary to
unequivocally resolve sources of wound-resident fibroblasts,
our bioinformatic analysis lays foundation for such future
works and predicts that (i) there can be a common progenitor
population for most wound fibroblasts, transiently emerging
around the wound margin (in skin proper and deeper fascia);
(ii) later-born wound fibroblast populations quickly occupy
distinct upper and lower layers of the wound, after which they
likely do not interconvert; and (iii) across time of healing, there
can be several successive waves of wound fibroblasts, when
one population supersedes another through proliferative
expansion. Successive waves of wound fibroblast proliferation
have been observed in an earlier study by Driskell et al (2013),
including relatively late proliferation by upper wound fibro-
blasts during re-epithelialization.

There are several limitations to this largely bioinformatic
inference-based work. First, we integrated scRNA-seq data-
sets on skin from mice of different biological ages, both
postnatal day 21 juveniles and postnatal day 49 young adults.
Although postnatal day 21 and postnatal day 49 mice are
commonly used for wound healing studies (Ito et al, 2007;
Plikus et al, 2017) and skin at both ages bears great
morphological resemblance, including telogen hair follicles,
we revealed significant age-dependent transcriptional differ-
ences in several cell lineages. Unlike keratinocytes or peri-
cytes, dermal fibroblasts and vascular endothelial cells

<

showed significant cell cluster composition differences be-
tween postnatal day 21 and postnatal day 49 unwounded
skin samples. This suggests that (i) distinct cutaneous cell
lineages undergo asynchronous postnatal maturation and that
(i) the initial time point upon which wounding is induced
may play a more significant role in scRNA-seq data inter-
pretation than previously thought. However, our staining data
collected on 6-mm wound model suggest that fibroblast dy-
namics predicted by our analysis are largely conserved across
wounds of different sizes. Second, specific to dermal fibro-
blasts, we showed that genes encoding matrisome and
secretome factors alone can explain a large part of their
transcriptional heterogeneity (Figure 4a—d). However, bio-
logical significance of numerous dynamically changing spe-
cific ECM (Figure 4h) and signaling factors (Figure 4i) remains
largely unexplored. For example, we do not know the func-
tion played by a membrane-tethered collagen COL25A1,
which becomes specifically expressed by upper wound fi-
broblasts (Figure 3g and h). In developing skeletal muscle,
myotube-produced COL25A1 is essential in guiding
adhesion-dependent establishment of neurointramuscular
junctions (Munezane et al, 2019). Conceivably, in a similar
manner, late wound fibroblast—produced COL25A1 may aid
in scar tissue reinnervation. Future works will be required to
test the function of numerous ECM and signaling genes,
whose dynamic expression patterns in wound fibroblasts are
comprehensively cataloged in this study (Figure 4h and i).
Third, transcriptomic data, captured by scRNA-seq tech-
nique, offer just one layer of information on cells. However, it
is insufficient to fully characterize them. Additional assays,
such as protein staining, will be necessary to validate pre-
dicted wound fibroblast states, and lineage tracing will be
pivotal to confirm fibroblast genealogy in wounds. In a
similar vein, multiomic experiments will be needed to vali-
date our predictions about immune—fibroblast signaling
crosstalk dynamics. Along these lines, recent single-cell
Assay for Transposase-Accessible Chromatin sequencing
profiling of postnatal day O neonatal mouse skin fibroblasts
revealed that numerous genes, shown as strongly differen-
tially expressed on scRNA-seq, often lack corresponding
chromatin accessibility differences (Thompson et al, 2022).
At the same time, when compared between postnatal days
0 and 4, mouse skin fibroblasts prominently evolve in their
chromatin accessibility states (Kim et al, 2022). These
emerging data suggest that (i) epigenetically similar cells in a
given tissue can diverge toward significantly different tran-
scriptional states, likely as the result of postepigenetic regu-
lation, and that (ii) cells’ chromatin state significantly changes
across biological timescales, such as upon postnatal

‘at PWDA4 at the wound edge. Left panel shows tissue counterstained with DAPI (blue). Right plot shows the percentage of Prg4"/Pdgfra* fibroblasts in upper and
lower dermis at PWD4. White solid boxes show the magnified versions of the regions marked by the white dashed boxes. (f) Left panel shows feature plot of
Col25a1, a DEG for mid-late upper wound—specific fibroblasts. Orange indicates expressing fibroblasts. Center panel shows the track plots of Col25aT1
expression across fibroblast subclusters, annotated and color coded according to Figure 2a, whereas the right panel shows the track plots of Col25a1 expression
across biological time points, annotated and color coded according to Figure 1b. (g) In situ expression of Pdgfra (green) and upper wound fibroblast—specific
marker Col25a1 (red) in 6-mm wound sampled at PWD10 (top panels) and PWD14 (bottom panels) in the upper scar region. The left columns show tissues
counterstained with DAPI (blue). White dashed lines mark wound epidermis. White solid boxes show the magnified version of the regions marked by the white
dashed boxes. Right plot shows the percentage of Col25a1"/Pdgfra™ fibroblasts in upper and lower scar regions at PWD8, 10, and 14. Bars in e and g = 100
pum. UW denotes unwounded skin. DEG, differentially expressed gene; DP, dermal papilla; LW, large wound; PWD, postwounding day; SW, small wound.
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Figure 4. Functional exploration reveals key driver gene categories of fibroblast heterogeneity. (a) ARI (left) and NMI (right) for assessing the similarity between
different functional cluster annotations are shown. Higher values along y-axis indicate higher similarities. (b—d) UMAP plots revealing the neighborhood
embeddings of the fibroblast populations when integrating only on (b) all functionally annotated genes, (c) ECM synthesis genes only, or (d) signal ligand genes
only. In b—d, fibroblast cluster labels are overlayed onto UMAPs. (e—g) Scatter plot representation of the fibroblast population, after training on an
interpretable autoencoder where the latent dimensions correspond to the functional gene sets, denoted along x- and y-axes. Dashed ellipses correspond to 95%
confidence areas. (h) Shared and biological time point—specific ECM synthesis genes inferred by differential expression tests. (i) Shared and biological time
point—specific signal ligand genes inferred by differential expression tests. ARI, Adjusted Rand Index; ECM, extracellular matrix; NMI, normalized mutual

information; UMAP, Uniform Manifold Approximation and Projection.

maturation. Future application of single-cell Assay for
Transposase-Accessible Chromatin sequencing and other
emerging single-cell multiomic profiling techniques to
wounded skin will better access the degree to which distinct
cell lineages reprogram or resist reprogramming in face of
injury-triggered tissue repair or regeneration programs.

MATERIALS AND METHODS

Dataset curation

We integrated 8 previously published scRNA-seq datasets on full-
thickness excisional wounds sampled from different wound heal-
ing times and from both SWs and LWs (details are provided in
Datasets in Supplementary Materials and Methods).
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Figure 5. Joint trajectory analysison g Dominant fibroblast clusters over wound healing

unwounded skin and wound
fibroblasts reveals their potential

Small wounds (SW): <1 cm diameter

lineage relationship. (@) Summary of
the dominant fibroblast subclusters at
each time point along the biological
timescale of skin wound healing, as
originally defined in Figure Ta. (b—c)
RNA velocity streamline plots of
fibroblasts, where cells are annotated
and color coded according to
subclusters, originally defined in
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Data integration

We preprocessed all curated scRNA-seq datasets using Scanpy
(details are provided in Data preprocessing in Supplementary Ma-
terials and Methods). We integrated the data across different wound
healing time points using Scanorama (Hie et al, 2019) and assessed
the quality of integration using scIB (Luecken et al, 2022) (details
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Unwounded
o uw P21
UW P49
Small wound
SW PWD4
® SW PWD7
Large wound
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® LW FIB PWD18
® LW REG PWD18

are provided in Data integration in Supplementary Materials and
Methods).

Data analysis
We performed analysis of functional fibroblast genes using Intercode
(Rybakov et al, 2020") and MAST (Finak et al, 2015) (details are
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Figure 6. Wound healing—associated fibroblast—immune signaling communications predicted by CellChat analysis. (a) Schematic representation of dominant
immune cell types and fibroblast states at each time point and their possible interactions. Summary of (b) paracrine signaling pathways with ligands secreted
from immune cells to fibroblasts, (c) autocrine signaling pathways with ligands secreted from fibroblasts to other fibroblasts, and (d) paracrine signaling
pathways with ligands secreted from fibroblasts to immune cells. In b—d, pathways marked with an asterisk were predicted to be likely mitogenic. Extended
discussion is provided in Supplementary Text S6 and associated Supplementary Figure S13. UW denotes unwounded skin. LW, large wound; P21, postnatal day
21; P49, postnatal day 49; PWD, postwounding day; SW, small wound.

provided in Biased clustering in Supplementary Materials and  analysis in Supplementary Materials and Methods). Regulon infer-

Methods). Trajectory inference was performed using scVelo (Bergen
et al, 2020). We used Kkallisto|bustools (Melsted et al, 2019) to
generate the unspliced and spliced mRNA count matrices that were
used for RNA velocity analysis (details are provided in Trajectory

3 Rybakov S, Lotfollahi M, Theis FJ, Wolf FA. Learning interpretable latent
autoencoder representations with annotations of feature sets. bioRxiv 2020:2—6.

ence was performed using pySCENIC (Van de Sande et al, 2020). We
inferred significant cell—cell communication activities using Cell-
Chat (Jin et al, 2021) (details are provided in Cell—cell communi-
cation analysis in Supplementary Materials and Methods).

Wound replication studies
We performed 2 series of wounding experiments. First, we recapit-
ulated the wounding experiments used to generate each curated
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dataset in C57BL/6) mice, where mice were matched for age and
wound size (details are provided in Replication wounding studies in
Supplementary Materials and Methods). Second, we generated 6-
mm excisional wounds in postnatal day 49 C57BL/6) mice, study-
ing them on PWD4, 8, 10, and 14. The wounding procedures were
approved by the Institutional Animal Care and Use Committee at the
University of California, Irvine (Irvine, CA).
Spatial gene expression profiling
We generated in situ expression data using RNAscope with the
following mouse probes: Lum (480361), Prg4 (437661-C2), Mki67
(416771), Pdgfr-C3 (480661-C3), Pamr1 (491431-C2), and Col25al
(538511-C2), whereas DAPI was used for nuclei counterstaining
(details are provided in Replication wounding studies in Supple-
mentary Materials and Methods).

Full information about the methods used can be found in the
Supplementary Materials and Methods.
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SUPPLEMENTARY TEXT

Supplementary Text S1: Value of data integration to
understand wound healing and computational challenges
Because more and more single-cell RNA-sequencing
(scRNA-seq) studies of the same biological system subject to
various conditions and perturbations have emerged, it has
become of great interest to construct joint single-cell maps
using data integration methods. By integrating multiple
datasets across different conditions, the philosophy is that the
whole is greater than the sum of its parts, allowing one to
learn transcriptomic characteristics that are either shared
across conditions or that are condition specific. However, a
number of biological and technical factors can influence
gene expression profiles, rendering scRNA-seq data integra-
tion a difficult task (Luecken et al, 2022). Biological factors
can include animal species model used, which can vary by
age, sex, gender, genotype, and housing environment; the
wounding model, which can include wound size (small vs
large), wound depth, wound geometry, and physical location
on the body; the sample collection protocol, which can
include or exclude edge skin along with the wound proper;
the dissection protocol; the dissociation protocol of the
sample for sequencing; and many more. Technical factors
can include the sequencing technology and the resultant
sequencing depth, which can affect the number of reads per
cell capture. Furthermore, gene expression data are subject to
intrinsic noise, and separating biological noise from technical
noise is still a source of great debate (Sarkar and Stephens,
2021). All these factors make it difficult to determine how
cells from different datasets should be placed on an inte-
grated transcriptomic landscape—which cells are the same or
similar cell type from different conditions, and which are
unique to specific conditions? The difficulty of the data
integration task is further exacerbated by lack of consensus
best method. Rather, the best method depends on the datasets
and biological system in question (Luecken et al., 2022). Skin
itself presents a unique challenge because it contains a
remarkable diversity of cell lineages across several com-
partments: epidermis, dermis, ectodermal appendages, and
dermal adipose tissue. Some cell types are present only under
certain biological conditions (before wound vs after wound),
whereas others undergo remarkable changes in their tran-
scriptional state across wound healing. Therefore, when
constructing an integrated single-cell map, all of the factors
mentioned earlier need to be considered.

Supplementary Text S2: Each wound-resident cell lineage
demonstrates a distinct temporal pattern of cell state
dynamics

We examined whether major skin cell lineages undergo
compositional changes over wound healing time. We sub-
clustered epidermal cells (Supplementary Figure S1), peri-
cytes, and endothelial cells, which are the dominant vascular
cell lineages present (Supplementary Figure S2); skin-resident
immune cells (Supplementary Figure S3); and Schwann cells
(Supplementary Figure S4) separately and examined them in a
manner similar to that of fibroblasts. We did not analyze
epidermal cells in detail because they were not present across
all wound conditions (Supplementary Figure S1c and d), a
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likely technical artefact stemming from differences in cell
isolation protocols between studies.

Further analysis of pericytes revealed 5 distinct subclusters
(Supplementary Figure S2a—d). Subcluster PERI-3 signifi-
cantly expresses myeloid markers such as Fcerlgand Tyrobp
(Supplementary Figure S2b). PERI-3 is primarily present in
postwounding day (PWD)7 and PWD12 skin (Supplementary
Figure S2c), suggesting that this subpopulation of pericytes
aids in wound repair. In previous works, myeloid-derived
pericytes have been observed in developing skin (Yamazaki
et al, 2017), although we did not observe PERI-3 in juve-
nile skin at postnatal day 21. We also observed a subcluster
of proliferative pericytes, PERI-4 (Supplementary Figure S2b),
which only appeared in PWD4, PWD12, and PWD14, sug-
gesting that pericyte proliferation is activated during wound
repair. This has been observed in studies of fibrosis in other
organs, such as lung or kidney (Birbrair et al, 2014).
Compositional changes in pericytes revealed dynamics that
partially ~ overlapped  with  fibroblast  dynamics
(Supplementary Figure S2d). The dominant pericyte sub-
cluster in unwounded skin, PERI-5, was rapidly reduced in
proportion after wounding and was no longer present at late
wound times. On the other hand, PERI-1 cells transiently
increased to become the dominant cluster in early wounds
but then disappeared in late wounds, whereas the latter were
dominated by PERI-2 cells that were effectively absent from
unwounded skin. Taken together, we conclude that pericytes
partially parallel fibroblast dynamics and do not return to
their unwounded state within a timeframe represented in our
analysis.

A natural question is why pericytes mirror fibroblast dy-
namics in wound healing when they serve different func-
tions—fibroblasts deposit extracellular matrix (ECM) to seal
the wound, whereas pericytes aid in angiogenesis and
maintenance of vasculature. There are some clues offered in
Goss et al (2021), who studied the developmental origins of
pericytes. They found that fibroblasts could give rise to per-
icytes in the skin, and both upper and lower fibroblasts gave
rise to pericytes, proposing four distinct lineages according to
expressions of Ng2, DIk, and Lrig, on the basis of fibroblast
origins. In unwounded skin, pericytes could equally arise
from both fibroblast lineages, but in wounded skin, one
lineage remained restricted to the lower dermis. If this is true,
then the dominant pericyte state would also be associated
with the dominant fibroblast state. Therefore, given that we
have observed that late wound fibroblasts are dominated by
lower fibroblasts, the dominant observed pericyte subcluster
in late wounds would indeed be distinct from unwounded or
early wound skin. Furthermore, it has been established that
pericytes have different functions at different stages of wound
healing (Bodnar et al, 2016). In early wounds, pericytes re-
cruit endothelial cells through the expression of chemokine
CXCL signaling to promote angiogenesis. In later states of
wound healing, the role of pericytes switches more to
remodeling vasculature. In some ways, this does mirror fi-
broblasts. However, although pericytes parallel fibroblasts
dynamics partially, Sun et al (2022)” showed that GLI1*
pericytes are not the sources of new GLIT" fibroblasts
entering the wound area during healing, suggesting that
pericyte dynamics occur in parallel with fibroblast dynamics.



In contrast to fibroblasts and pericytes, endothelial cells
did not show dynamic changes during wound healing
(Supplementary Figure S2e—h). Rather, the dominant driver
of their state appeared to be animal age. For all conditions
except postnatal day 21 and PWD?7 (postnatal day 21 + 7
days), the mouse model was aged between postnatal day 42
to postnatal day 63; here, ENDO-1 was the dominant sub-
cluster. On the other hand, in juvenile unwounded (postnatal
day 21) and juvenile wounded (PWD?) skin, the dominant
subcluster was ENDO-2, which was virtually absent from all
other times. We note that there is a small ENDO-4 subpop-
ulation of cells with myeloid gene expression features, which
is only present in wounded PWD4 to PWD12 skin
(Supplementary Figure S2g), mirroring the appearance of fi-
broblasts and pericytes with myeloid gene characteristics.
Therefore, we conclude that endothelial cells prominently
change upon postnatal mouse skin maturation (between
postnatal day 21 and postnatal day 42) but remain stable in
response to wounding.

Analysis of immune cell populations revealed distinct dy-
namics from those seen in fibroblasts and pericytes
(Supplementary Figure S3). After subclustering, we identified
14 immune subclusters (Supplementary Figure S3a—d),
including three clusters of dendritic cells (DC1—4), five
macrophage clusters (MAC1—5), one T-cell cluster, one natural
killer cell subcluster, one basophil subcluster, one neutrophil
subcluster, one plasmacytoid dendritic cell subcluster, and one
mast cell subcluster. Further subclustering revealed four key
subpopulations of T cells (Supplementary Figure S3e—h),
including regulatory T cells (Tregs), natural killer T cells,
proliferating T cells, T-cell—presenting innate lymphoid cells,
and a small subset of activated T cells marked by differential
expression of Sppl (osteopontin). Of these T-cell sub-
populations, the Treg and natural killer T cell subclusters were
the only subclusters present across all wounding conditions.
Natural killer T ceskinlls remained relatively unchanged in
proportion across wound healing time, whereas Tregs
increased over time in proportion. From juvenile postnatal day
21 to postnatal day 49 skin, there is a relative increase in Tregs.
In wounded skin, Tregs represented the largest T-cell subtype,
particularly during PWD12 skin time point. Innate lymphoid
cells were present in unwounded skin and late wound tissue
and decreased in proportion as unwounded skin matured
(from postnatal day 21 to postnatal day 49). In unwounded
postnatal day 49 skin, the actively proliferating proliferating T
cell subcluster was virtually absent, but in wounded PWD?7 to
PWD14 skin, this population expanded, before decreasing in
proportion by late wound time again.

Finally, we subclustered the Schwann cell population
(Supplementary Figure S4), which revealed significant
changes in unwounded skin and early wounds. From post-
natal day 21 to postnatal day 49, there was an expansion of
the subcluster SCH-4 but a depletion of SCH-1 and SCH-2
cells. Upon wounding, SCH-3 emerged as the dominant
Schwann cell state, and SCH-2 was absent from all wounds.
From PWD12 onward, the dominant subcluster was SCH-1,
with no significant change in Schwann cell composition in
later wounds.

Thus, our combined analysis on integrated data reveals the
following, to our knowledge, previously unreported insight
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into skin cells. First, both fibroblasts and vascular cell types
undergo prominent age-dependent changes that take place
after age of 3 weeks. Such changes are cell type specific
because pericytes appear to already be transcriptionally
mature in postnatal day 21 animals. Second, different skin
cell lineages demonstrate divergent transcriptional dynamics
in response to wounding. Both fibroblasts and pericytes enter
early postwounding states and then transition into late post-
wounding states, both of which are distinct from their pre-
wounding homeostatic states. On the other hand, endothelial
cells and T cells are not significantly transcriptionally plastic
in response to wounding.

Supplementary Text S3: Analysis of genes that correlate
significantly with upper and lower fibroblast identity scores
To discern whether upper and lower fibroblasts are distin-
guished, we performed differential expression with respect to
dermal fibroblast upper and lower scores, separately
(Supplementary Figure S5). From this analysis, we inferred
that the top five genes most correlated with the upper score
were [l1rn, Ccl9, Lilrdb, Ly6c2, and Cytip, whereas the top
five genes least correlated with the upper score were
Adamts10, Adamtsl5, Angptll, Trim12a, and Ccpgl
(Supplementary Figure S5a). Of the top genes, Il1rn, Ccl9,
Lilr4b, Ly6c2, and Cytip were primarily expressed in the
activated large wound (LW) PWD12 FIB-V subcluster
(labeled purple in Supplementary Figure S5a).

In contrast, the top five genes most correlated with the
lower score were Sema3c, Adamtsi5, Sp110, Sfrp4, and
Tcea3, whereas the top five genes least correlated with the
lower score were Apela, Adam8, Wnt10a, Clec4d, and Wif1
(Supplementary Figure S5b). Of the genes most correlated
with the lower score, Sema3c, Adamts15, and Sfrp4 were
primarily expressed in the PWD18 FIB-II subcluster (labeled
orange in Supplementary Figure S5b), whereas Tcea3 was
expressed by both postnatal day 49 FIB-1ll and PWD18 FIB-II
fibroblasts (labeled green in Supplementary Figure S5b), and
Sp110 was expressed by the small wound (SW) PWD4 FIB-IV
subcluster (labeled red in Supplementary Figure S5b). We
note that Sfrp4 has been implicated previously in fibrotic
outcomes in wound healing (Gay et al, 2020), in line with our
observation that late LW PWD18 wounds are dominated by
fibroblasts of primarily lower identity. We found that the top 5
genes that were most correlated with the lower score and
significantly expressed in the unwounded FIB-III cluster were
Tcea3, Eln, Pcské6, Sult5al, and Osrl (labeled green in
Supplementary Figure S5b). All of these genes were also
expressed by FIB-II fibroblasts, suggesting that the lower
identity is shared across unwounded and wounded skin.
Furthermore, Osr1 has been shown to mark fibroadipogenic
progenitors during muscle development (Vallecillo-Garcia
et al, 2017) and is expressed in adult fibroadipogenic pro-
genitors activated owing to injury (Stumm et al, 2018), sug-
gesting that expression of Osr1 in lower fibroblasts in the skin
may similarly point to their role as a reservoir for fibroblast
activation in wound healing.

Supplementary Text S4: Significance of selected

differentially expressed signaling ligands in fibroblasts

Some of the differentially expressed fibroblasts’ signaling li-
gands have already been implicated in scar formation. In
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juvenile unwounded skin, we observed differential expres-
sion of Apela. Apela has been shown to promote fibroblast
migration (Dogan, 2019) and to inhibit TGFB-induced
fibrosis (Yokoyama et al, 2018). On the other hand, PWD12
fibroblasts significantly expressed hepatocyte GF gene Hgf,
which downregulates collagen production in the skin (Qin
et al, 2017) and helps to reduce scarring (Xiao and Xi, 2013).

Supplementary Text S5: Regulon inference reveals wound
healing-associated fibroblast state regulation

We clustered fibroblasts on the basis of the regulon enrich-
ment scores (AUCell), setting resolution = 0.6, which pro-
duced 12 gene regulation—based clusters (Supplementary
Figure S12a). Calculating the Jaccard similarity between the
original transcriptomic-based fibroblast subclusters and the
inferred regulon clusters revealed significant overlap between
the 2 sets of cluster labels (Supplementary Figure S12b).
Many regulon clusters showed high overlap with a single
subcluster and low overlap for all other subclusters; for
example, REG-1 had high overlap with FIB-I (Jaccard
similarity = 0.75), suggesting that many of the original sub-
clusters also correspond to unique gene regulatory states.
However, some regulon clusters, such as REG-4 and REG-5,
had significant overlap across multiple transcriptomic-based
subclusters, such as REG-4, for whom the highest overlaps
occurred across FIB-1II (0.11), FIB-VIIl (0.17), and FIB-IX
(0.14), corresponding to fibroblasts from unwounded skin
and wounded SW PWD? skin, suggesting a shared regulatory
state across these fibroblast subclusters. To further examine
for drivers of gene regulator states, we calculated the Jaccard
similarity between regulon clusters and wound healing times
(Supplementary Figure S12c). Examining the Jaccard simi-
larities revealed that some regulon clusters that did not
overlap significantly with specific fibroblast subclusters did
overlap with a specific wound healing time. For example,
REG-4 consisted of postnatal day 21 unwounded (0.29
overlap) and SW PWD?7 wound (0.54) fibroblasts. In addition,
REG-5 consisted primarily of LW PWD14 fibroblasts (0.75
overlap), which were shared across the subclusters, FIB-II
(0.18) and FIB-VII (0.15). One of the smallest regulon clus-
ters, REG-11, had a maximum overlap with LW FIB PWD18
wound (0.05) but did not significantly overlap with any
fibroblast subcluster (maximum overlap of 0.02), suggesting
subtleties in gene regulation in fibroblasts that are not
captured by just gene transcription. We then examined how
these fibroblast regulon states likely influence fibroblast
functions across wound healing. For each of these functional
categories, we determined the top differentially expressed
genes (DEGs) where an upstream transcription factor (TF) was
inferred, synthesizing this information across wound healing
time with respect to the curated fibroblast functions
(Supplementary Figure S12d). We observed that many of the
key DEGs relating to fibroblast functions (and more) are
downstream targets of significant TFs. For example, in juve-
nile postnatal day 21 unwounded skin, we found that Coch,
which we showed was a significant differentially expressed
ECM synthesis gene, is regulated by both Egr3 and Hoxd9,
whereas another significant ECM synthesis gene, Col23al, is
a downstream target of Egr3 and several other TFs, including
Alx4, Cepba, Irf8, KIf11, Lefl, Mef2d, Msx, Tcf7l1, TfapZ2c,
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Thrb, and Trps1. In young adult postnatal day 49 unwounded
skin, we observed that of the key signaling DEGs, Ccl19 is a
downstream target of Trp63, whereas Cadm3 is a target of
each of Ar, Fosb, Irx2, Rarg, and Srebf]. In early SW PWD4
wound, we observed that Cxcl13, a differentially expressed
signaling ligand, is a downstream target of Pparg. In LW
PWD12 wounds, the significant ECM synthesis gene Col7al
is a downstream target of numerous TFs, including Bach1,
Elk3, Kdmba, Kdmbb, Maz, Nfatc1, Nfkb1, Smarca4, and
Zfp281. In late LW PWD18 wounds, the differentially
expressed ECM genes Col8al is targeted by Nuakl, Tcf712,
Tfdp1, and Zfhx3, whereas Col14al is targeted by Hifla,
Tct712, Tfdp1, and Zfp148. Performing the same synthesis for
the top DEGs that represented other functionality, we found
that many of these genes are also regulated by the same sets
of TFs that regulate specific fibroblast functionalities
(Supplementary Figure S12e). For example, Dkk2, which is a
significant DEG for juvenile postnatal day 21 skin, is regu-
lated by Egr3 and Hoxd9. In young adult postnatal day 49
skin, Ndufa4/2 is a downstream target of Ar, Rarg, and Trp63.
In early SW PWD4 wounds, Plac8 is inferred to be regulated
by Irf4 and Irf9. In LW PWD12 wounds, we observed that the
top DEG, Crabp1, was regulated by E/k3, whereas important
upper identity markers Fabp5 and Prss35 were regulated by
Elk3, Etv3, Kdm5b, Maz, Nfatc1, Rest, Smarca4, and Zfp281
and Elk3, Kdm5b, and Zfp281, respectively. In late LW
PWD18 wound, the top DEG, Clginf3, was regulated by
Cpeb1, Hoxa9, and Zfhx3. Many of these inferred TFs have
appeared to have significant regulatory roles for key fibroblast
functions. In juvenile postnatal day 21 skin, REG-4 and REG-
9 are the dominant regulatory clusters, the former of which is
also the dominant fibroblast regulatory state in wounded SW
PWD?7 (postnatal day 21 + 7-day) skin. REG-4 fibroblasts
differentially expressed Egr3 and KIf5. Egr3 is induced by
TGFB signaling and promotes fibrosis (Fang et al, 2013),
whereas KIf5 enables excessive ECM synthesis upon systemic
sclerosis (Noda et al, 2014). REG-9 fibroblasts, which
significantly overlap with dermal papilla cells, differentially
express Lefl, Prdm1, Tcf711, and Trps1. In particular, LefT is
key to fibroblast development and promotes wound-induced
hair neogenesis (Phan et al, 2021), whereas Prdm1 and Trps1
both regulate hair follicle formation (Fantauzzo and
Christiano, 2012; Telerman et al, 2017). In unwounded
postnatal day 49 skin and wounded SW PWD4 (postnatal day
49 + 4-day) skin, REG-2 was the dominant fibroblast regu-
latory state. REG-2 fibroblasts were marked by expression of
Arand Tcf7. In early wounded skin, REG-7 fibroblasts, which
express Gata6 and Pparg, emerged as an additional gene
regulatory state. In lung pulmonary fibrosis, Gata6 regulates
quiescence of myofibroblasts (Leppdranta et al, 2010),
whereas Pparg is regulated by TGFf and helps to inhibit
fibroblast activation and mediates fibrosis in systemic scle-
rosis (Wei et al, 2010). REG-1 fibroblasts were the dominant
gene regulatory state in LW PWD12 wounds and significantly
expressed Nfatcl and Nfkbi. In PWD14 fibroblasts, the
dominant regulon cluster was REG-5, for which Nuak7 is
differentially active. Recently, it was shown that NuakT pro-
motes YAP and TGFf signaling, which can exacerbate scar-
ring (Zhang et al, 2022). LW PWD18 wounds consisted
primarily of REG-3 and REG-6 fibroblasts. REG-3 showed



significant expression of Cpebl and Tcf7I2. Cpebl is a
downstream target of TGFB and promotes fibrotic markers
such as a-smooth muscle actin, type-I collagen, and fibro-
nectin in postburn scars (Cui et al, 2020). REG-6 fibroblasts
significantly expressed Barx2, which regulates hair follicle
remodeling (Olson et al, 2005), and Snai2. As such, from the
integrated SCENIC and differential expression analysis, we
predict that the observed distinct fibroblast functionalities
across wound healing time are driven by dynamic changes in
fibroblast gene regulatory behavior. From these results, we
conclude that fibroblast gene regulatory states and the
observed transcriptional states overlap significantly with
additional condition-driven nuances, primarily, animal age
and postwounding time.

Supplementary Text S6: Immune—fibroblast signal
interactions exhibit a diverse range of temporal modes
It is known that the immune cell environment changes
significantly over wound healing to address different func-
tional needs (Eming et al, 2017), which was confirmed by
subclustering of the immune cell population (Supplementary
Figure S3). We then asked whether these changes in the
immune cell population contributed to the observed changes
in fibroblast states through cell—cell signaling. At each time
point, we inferred the most significant cell—cell communi-
cation pathways between the immune states present and the
dominant fibroblast clusters using CellChat (Supplementary
Figure S13). We then summarized the signaling pathways
by their dynamics with respect to signals secreted from im-
mune cells to fibroblasts (Supplementary Figure S13a), sig-
nals secreted from fibroblasts to other fibroblasts
(Supplementary Figure S13b)—which we refer to as autocrine
signaling—and signals secreted from fibroblasts to immune
cells (Supplementary Figure S13dc. To focus on specific
wound-induced  signaling  pathways, for each of
Supplementary Figure S13a—c, we excluded pathways that
were present in postnatal day 21 and postnatal day 49 un-
wounded skin. Motivated by previous results (Supplementary
Figure S6), we also inferred which of these pathways may be
mitogenic and help to maintain proliferative competency.
Examining immune-to-fibroblast signaling (Supplementary
Figure S13a), we observed that most signaling pathways
tended to peak at a single time point and thus were tempo-
rally unimodal in activity. Most unimodal pathways peaked
in early PWD4 wounds, including CXC chemokines (CXCL),
IL-1, IL-4, oncostatin M, and osteopontin (SPP1). Some
pathways activated and then remained active across
consecutive time points, such as MIF (PWD7 through
PWD12) and TGFB (PWD4 through PWD?); we referred to
these pathways as being prolonged in activity. One pathway,
TNF, demonstrated what we refer to as a bimodal signaling
pattern: it emerged at one time point, PWD4, before dis-
appearing and then re-emerging at a later time point,
PWD12. Examining autocrine fibroblast-to-fibroblast
signaling (Supplementary Figure 13b), we observed that
only CC fibroblast-driven chemokine (CCL) was dynamically
unimodal, emerging in early PWD4 wounds. Fibroblast-
driven MIF signaling behaved in parallel to its immune-
driven counterpart and was prolonged over consecutive
time points, albeit starting later in PWD7 wounds. We
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observed that fibroblast-driven CXCL, periostin, and PROS
exhibited bimodal signaling patterns, emerging in early
PWD4 wounds before subsiding and not emerging again
until late PWD18 wounds. We observed only unimodal
signaling patterns for pathways secreted from fibroblasts to
immune cells (Supplementary Figure 13c). Most pathways,
including the annexin A1 pathway, CCL, complement, CXCL,
galectin, MIF, and SPP1, were active in early PWD4 wounds.
The remaining pathways, IL-1 and PTN, were active in later
PWD12 wounds. Of the observed pathways, annexin A1 and
complement were uniquely secreted from fibroblasts to im-
mune cells.

SUPPLEMENTARY MATERIALS AND METHODS

Datasets

We integrated the following conditions of sorted and un-

sorted scRNA-seq data of murine skin fibroblasts, all of which

were prepared for sequencing using 10X Genomics Chro-

mium 3’ v2 kits and sequenced on the Illumina HiSeq 4000

platform:

1. Unwounded postnatal day 21 (Phan et al., 2020). This
dataset consists of 2 replicates of unsorted, unwounded
juvenile postnatal day 21 murine skin. Data were accessed
from National Center for Biotechnology Information
(NCBI) Geo-Datasets (GSE153596).

2. Unwounded postnatal day 49 (Haensel et al, 2020). This
dataset consists of 2 replicates of unsorted, unwounded
young adult postnatal day 49 murine skin. Data were
accessed from NCBI Geo-Datasets (GSE142721).

3. SW PWD4 (Haensel et al, 2020). This dataset consists of 3
replicates of unsorted SW postnatal day 49 + 4 (6-mm
diameter, sampled from wound and adjacent tissue) mu-
rine skin. Data were accessed from NCBI Geo-Datasets
(GSE142721).

4. SW PWD?7 (Phan et al, 2020). This dataset consists of 3
replicates of unsorted SW postnatal day 21 + 7 (2-mm
diameter, sampled from wound edge) murine skin. Data
were accessed from NCBI Geo-Datasets (GSE153596).
One sample was provided by Ryan Driskell through e-mail
correspondence.

5. LW PWD12 (Guerrero-Juarez et al, 2019). This dataset
consists of 12 pooled replicates of unsorted LW (1.5-cm
square, sampled from whole wound) postnatal day
42—56 + 12 murine skin dermis. Data were accessed from
NCBI Geo-Datasets (GSE113854).

6. LW PWD14 (Abbasi et al, 2020). This dataset consists of
FACS-sorted LW (1.5-cm diameter) postnatal day 28 + 14
murine skin fibroblasts, sampled specifically from the
center and periphery of the wound. Data were accessed
from NCBI Geo-Datasets (GSE108677).

7. LW FIB PWD18 (Gay et al, 2020). This dataset consists of
unsorted (1.2-cm diameter) postnatal days 42—56 + 18
large fibrotic wounds sampled from murine skin dermis,
where no hair neogenesis was observed. Data were
accessed from NCBI Geo-Datasets (GSE141814).

8. LW REG PWD18 (Cay et al, 2020). This dataset consists of
unsorted (1.2-cm diameter) postnatal days 42—56 + 18
large regenerative wounds sampled from murine skin
dermis, where wound-induced hair neogenesis was

www.jidonline.org 15.e4


http://www.jidonline.org

15.e5

AA Almet et al.
Integrated Single-Cell Analysis of Fibroblasts in Wounds

observed. Data were accessed from NCBI Geo-Datasets
(GSE141814).

These studies have demonstrated the usefulness of scCRNA-
seq in revealing insights about wound healing. However, one
limitation of these studies is that only one postwounding time
point is considered (in addition to an unwounded skin con-
dition). These time points can be combined using integration,
which is a powerful computational technique that has been
used to successfully reconstruct developmental trajectories in
embryogenesis (Petitpré et al, 2022; Qiu et al, 2022), reveal
novel transition states in tissue regeneration (McKellar et al,
2021), establish a consensus cell-type reference across or-
gans (Dominguez Conde et al, 2022; Elmentaite et al, 2021),
characterize disease pathogenesis (Melms et al, 2021;
Wendisch et al, 2021), and more.

Data preprocessing
We process all scRNA-seq data using the Scanpy toolkit
(Wolf et al, 2018). To save time on preprocessing, we
matched the generated RNA velocity counts to the published
gene expression matrices provided by the authors at the
dataset repositories mentioned earlier. Potential doublets
were removed from each dataset by running the doublet
detection tool Scrublet (Wolock et al, 2019) on the raw,
prenormalized counts. We then filtered each dataset sepa-
rately using the following quality control parameters:

1. Unwounded postnatal day 21 (Phan et al, 2020). We kept
cells with 250—5500 genes and 300—25,000 counts. We
kept genes expressed in at least 3 cells. After quality
control, we retained 5921 cells.

2. Unwounded postnatal day 49 (Haensel et al, 2020). We
kept cells with 500—5000 genes and 300—25,000 counts.
We kept genes expressed in at least 3 cells. After quality
control, we retained 10,572 cells.

3. SW PWD4 (Haensel et al, 2020). We kept cells with
400—5000 genes and 300—40,000 counts. We kept genes
expressed in at least 3 cells. After quality control, we
retained 16,106 cells.

4. SW PWD7 (Phan et al, 2020). We kept cells with
400—4500 genes and 300—30,000 counts. We kept genes
expressed in at least 3 cells. For this condition, we
observed abnormally high expression of ribosomal
protein—related genes, particularly in keratinocytes. To
improve integration and clustering, we filtered out the ri-
bosomal protein—related genes for this dataset. After
quality control, we retained 32,330 cells.

5. LW PWD12 (Guerrero-Juarez et al, 2019). We kept cells
with 450—3000 genes and 300—10,000 counts. We kept
genes expressed in at least 3 cells. After quality control,
we retained 22,129 cells.

6. LW PWD14 (Abbasi et al, 2020). We kept cells with
800—5000 genes and 300—5000 counts. We kept genes
expressed in at least 3 cells. After quality control, we
retained 5793 cells.

7. LW FIB PWD18 (Gay et al, 2020). We kept cells with
250—5000 genes and 300—30,000 counts. We kept genes
expressed in at least 3 cells. After quality control, we
retained 4613 cells.
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8. LW REG PWD18 (Gay et al, 2020). We kept cells with
250—5000 genes and 300—30,000 counts. We kept genes
expressed in at least 3 cells. After quality control, we
retained 10,314 cells.

We also removed cells with a mitochondrial gene expres-
sion percentage above 10% for each dataset. After filtering,
we combined the datasets into a single annotated data frame,
taking the union of all identified genes. Each condition was
labeled using the observation variable sample, representing,
whereas replicates for conditions were labeled using the
observation variable sub_sample. The merged gene expres-
sion data are then row normalized, such that each cell has
10,000 total reads, and log transformed (natural logarithm)
with a pseudocount of 1 added to each entry prior to
transformation.

Subclustering

We now describe the parameters and methods to obtain the
subclusters for the identified major cell lineages, including
keratinocytes fibroblasts, immune cells, vascular cells, and
Schwann cells.

Keratinocytes.  We isolated the initial keratinocyte clusters,
EPI-1 through EPI-5, for further subclustering. When inte-
grating the epidermal cell population, we calculated the top
2,000 highly variable genes using the seurat flavor (rather than
the cell_ranger flavor) owing to computational issues arising
from keratinocytes not being present across all samples. We
performed 2 rounds of data integration and subclustering to
remove erythrocytes. For the first round of Leiden clustering,
we set resolution = 0.4, which identified 10 epidermal sub-
clusters. After removing the erythrocyte population and rein-
tegrating the population, we set the Leiden clustering
parameter to resolution = 0.6, obtaining 14 epidermal sub-
clusters. From marker genes, we identified 5 subclusters of
basal epidermal cells (BAS-1 through BAS-5), 2 subclusters of
cycling epidermal cells (CYC-1 through CYC-2), 2 subclusters
of hair follicle cells (HF-1 through HF-2), one spinous
epidermal subcluster, and 4 subclusters of wound-associated
epidermal cells present in SW PWD7 wounds (WO-1
through 4) (Supplementary Figure S1).

Fibroblasts.  We isolated the initial fibroblast clusters, FIB-1
through FIB-4, for further subclustering. We followed the
same data integration process as described previously when
integrating all cell types, but for fibroblasts, we only calcu-
lated the top 2,000 highly variable genes. We found that we
had to perform 2 rounds of data integration and clustering.
After the first round of Leiden clustering, where we set setting
resolution = 0.5, we identified 12 fibroblast subclusters.
However, upon inspection of marker genes, we observed that
1 subcluster had significant expression of hemoglobin-
associated genes, such as Hba-al, indicating that this sub-
cluster represented erythrocytes rather than actual fibroblasts.
We therefore removed this subcluster and reintegrated the
remaining population of fibroblasts. For the second round of
Leiden clustering, we set resolution = 0.7, obtaining 11
fibroblast subclusters. We also found a subcluster of dermal
papilla cells, a specialized type of fibroblasts that reside at
the base of hair follicles and were originally identified in the



study of postnatal day 21 skin, on the basis of expressions of
Crabp1, Corin, Lefl, and Rspo3 (Phan et al, 2020; Plikus
et al, 2021).

Vascular cells. We isolated and subclustered the 2 pre-
dominant vascular cell types, endothelial cells and pericytes.
We did not reintegrate lymphatic endothelial cells nor
smooth muscle cells owing to their small population sizes.
We integrated and subclustered each cell type only once,
calculating the top 2,000 highly variable genes. When sub-
clustering endothelial cells, we set the Leiden clustering
parameter resolution = 0.3, obtaining 4 subclusters. For
pericytes, we set resolution = 0.4, obtaining 5 pericyte sub-
clusters (Supplementary Figure S2).

Immune cells. We isolated the initial immune clusters,
IMM-1 through IMM-3, for further subclustering. We fol-
lowed the same data integration process when integrating all
cell types, calculating the top 2000 highly variable genes. As
for fibroblasts, we had to integrate and subcluster the popu-
lation twice to remove a population of erythrocytes. For the
first round of Leiden clustering, we set the parameter
resolution = 0.4, identifying 15 immune subclusters. For the
second round of Leiden clustering, we set resolution = 0.3,
obtaining 14 immune subclusters. To identify immune cell
types more specifically, we inputted the top 50 marker genes
from each subcluster into the MyGeneset tool from ImmGen
(http://rstats.immgen.org/MyGeneSet_New/index.html) and
Enrichr (Xie et al, 2021) and compared the suggested cell
types. We identified one basophil subcluster, 4 dendritic cell
subclusters (DC-1 through DC-4), 5 macrophage subclusters
(MAC-1 through MAC-5), one T-cell cluster, one NK cell
cluster, one plasmacytoid dendritic cell cluster, one mast cell
subcluster, and one neutrophil subcluster.

We then further subclustered the T-cell population using
the same integration procedure but with a cluster resolution
of resolution = 0.3. We identified 5 T-cell subclusters of
Tregs, NK T cells, T-lymphocyte presenting innate lymphoid
cells, and a small population of activated T cells, marked by
significant expression of Spp1 (Supplementary Figure S3).

Schwann cells.  We isolated the initial Schwann cell cluster
for further subclustering. We recalculated the top 2000
highly variable genes using the cell_ranger flavor. We per-
formed one round of integration and subclustering. We set
the Leiden cluster parameter to resolution = 0.4, resulting in
5 Schwann cell subclusters (Supplementary Figure S4).

Data integration

For the initial round of clustering, we identified 4000 highly
variable genes across all datasets using the cell_ranger flavor.
Here, the sample observations are the batches to be inte-
grated. To account for the multiple batches, we identified the
highly variable genes in an iterative process (Luecken et al,
2022). We started by identifying 4000 highly variable genes
per batch. Each gene was then ranked by the number of
batches across which the gene is highly variable and then by
the mean dispersion parameter across batches. We first
considered genes that are highly variable across all n batches
(n = 8) and then genes that are highly variable across n — 1
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batches and so on, until we have obtained 4000 highly var-
iable genes.

We integrated the datasets using Scanorama (Hie et al,
2019), which integrates datasets using panoramic stitching,
a technique from image analysis, and approximates nearest
neighbor searching in compressed gene space (low-dimen-
sional embeddings) to match similar cells across datasets. We
chose Scanorama for its ability to distinguish rarer cell types,
albeit at the cost of reduced batch correction, compared with
other methods such as BBKNN (Polanski et al, 2020) and
Harmony (Korsunsky et al, 2019). We found no substantial
difference between the integrated embedding produced by
Scanorama and the integrated embedding produced by scVI
(Lopez et al, 2018), which integrates data using more so-
phisticated generative modeling and variational inference.
Thus, we chose the embedding generated from Scanorama
because the computational time was dramatically lower.

To prepare the combined dataset for Scanorama, we split
the data back into the original batches. We then ran the
function integrate_scanpy, which returns a list of low-
dimensional embeddings, and X_scanorama, which are
used in lieu of embeddings produced by standard principal
component analysis. To improve data integration, we ran
Scanorama on a subsetted copy of the original dataset, where
only the 4000 highly variable genes were considered
(Luecken et al, 2022). We then merged the resultant list of
embeddings and attached them to the original combined
dataset. Then, we generated the kNN graph, setting k = 30,
and clustered the population using the Leiden algorithm,
setting resolution = 0.3. The clustering resolution was
chosen to balance between the need to identify rarer cell
types present in one or 2 wounding conditions and the pre-
caution against overclustering by identifying cell states that
may occur owing to variation in nonbiological factors.

When integrating scRNA-seq data, there are 2 commonly
desired outcomes: first, to remove technical batch effects that
confound cell-type identification, and second, to conserve
biological variation by properly distinguishing between cell
types shared across many conditions and cell types that are
unique to only some conditions. Whether one outcome is
desired more so than the other depends on scientific question
and features of the considered data because different inte-
gration methods tend to be better at only one of batch effect
removal or biological variance conservation (Luecken et al,
2022). The challenge with skin data is that its high cell-type
diversity requires the chosen data integration method to
achieve a balance of both batch effect removal and biological
variance conservation. To assess quality of integration, we
used the package scIB (Luecken et al, 2022) to calculate
several metrics to assess the quality of batch correction and
biological conservation. Metrics under the former category
gauge how well cell types from different datasets are inte-
grated, whereas metrics under the latter category gauge how
similar cells of the same cell label (eg, cluster) are. For all
metrics, values closer to 1 indicate good performance,
whereas values closer to 0 indicate poor performance.

To assess batch correction, we calculated the Average
Silhouette Width (ASW) batch score, graph connectivity
score, the principal component regression batch score, and
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the kBET (k-Nearest Neighbor Batch Effect Test) score. The
ASW batch score measures the amount of batch mixing per
cell-type label, where an ASW score of 1 indicates ideal
batch mixing. The graph connectivity score measures the
degree to which all cells with the same cell-type label are
connected, that is, that more similar cells should be closer on
the neighborhood graph. The principal component regression
batch score measures the variance contribution to gene
expression data contributed by batch effects, where a smaller
principal component regression score corresponds to
reduced contribution by batch effects. The kBET score mea-
sures the degree to which the cell-type label composition of a
cell’s local kNN graph neighborhood corresponds to the
global label composition of the entire kNN graph.

To assess biological conservation, we calculated the
normalized mutual information label score, the isolated label
F1 score, the ASW label score, and the isolated silhouette
score. The normalized mutual information label score mea-
sures the overlap between the original clustering labels and
the optimal Louvain clustering. The isolated label F1 score
measures the degree to which cell types that are rare across
batch are successfully grouped together in the neighborhood
embedding. The ASW label score measures how well cells
from the same type are mixed and how well cells from
different cell-type labels are separated. The isolated silhou-
ette score measures the relationship between the ASW of
isolated cell-type labels that are present in the fewest number
of batches after integration and the ASW of nonisolated cell-
type labels. For all clustering and subclustering analysis, we
identified all cell lineages and cell states using marker genes
inferred using Mann—Whitney U test (method = Wilcoxon in
Scanpy).

Analysis of gene correlations with upper and lower

fibroblast scores

To further discern which genes distinguished fibroblasts of
primarily upper identity from fibroblasts of primarily lower
identity, we used the tradeSeq package (Van den Berge et al,
2020) to fit the unnormalized counts of the 2000 highly
variable fibroblast genes (as inferred during integration) as
continuous functions of the lower and upper fibroblast
scores. Gene expression was fitted to the scores using cubic
smoothing splines, where each gene was modeled using a
linear combination of K = 6 cubic basis functions. From the
2000 highly variable genes, we performed a Wald test to
determine which genes varied in a statistically significant
manner with either the upper or lower score, that is, the
associationTest implemented by tradeSeq. We corrected the
Wald test—derived p-values for multiple hypothesis testing
using Bonferroni correction, and then only selecting for genes
where on the adjusted p-value Q < .05, we inferred 1571
genes as differentially associated with either the upper or
lower score. We then ranked these genes by the Spearman
correlation between their predicted gene expressions with
interpolated grids constructed from the upper and lower
scores separately.

Replication wounding studies
We performed 2 sets of wounding experiments on C57BL/6)
mice. We first recapitulated the wounding experiments as
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they were described in the original integrated studies. The
wounding procedures involved conducting 2-mm punch
wounds on mice aged 3 weeks, 6-mm punch wounds on
mice aged 7 weeks, 1.5-cm excisional wounds on mice aged
4 weeks, and 1.2-cm and 1.5-cm excisional wounds on mice
aged 7 weeks. Postwound skin tissues were collected at
specific time points indicated in the original studies. The
second set of wounding experiments were performed using
consistent 6-mm punch wounds on C57BL/6) mice at post-
natal day 49. Postwound skin tissues were collected at
PWD4, 8, 10, and 14. The wounding procedures were
approved by the Institutional Animal Care and Use Com-
mittee at the University of California, Irvine (Irvine, Califor-
nia). We prepared sections from fresh-frozen tissues and
processed them with RNAscope multiplex fluorescent
detection kit, version 2 (323100, Advanced Cell Diagnostics),
following the manufacturer’s instrutions with minor adjust-
ments. The following mouse probes were used in this study:
Lum (480361), Prg4 (437661-C2), Mki67 (416771), Pdgfr-C3
(480661-C3), Pamrl (491431-C2), and Col25al (538511-
C2). DAPI was used for nuclei counterstaining. Images
were captured on the Olympus FV3000 confocal laser
scanning microscope and the Keyence BZ-X810 Microscope.

Analysis of fibroblast distribution from Foster et al (2021)

To partially validate our predictions that fibroblasts assume
distinct upper and lower spatial identity during wound
healing, we briefly reanalyzed the spatial transcriptomics
data generated in Foster et al (2021). In this study, 10X Vis-
ium spatial transcriptomics datasets were generated on sili-
cone ring-splinted 6-mm dorsal skin wound samples
collected at PWD2, 7, and 14. For each PWD time point, we
then removed genes that were expressed in fewer than 3
cells and removed spots that did not express at least 10
genes. We then normalized the gene expression counts such
that the total counts summed to 10,0000 and log transformed
the normalized data, adding a pseudocount of 1. For each
time point, we used Squidpy to generate a spatial graph,
where each spot was connected to its 6 nearest neighbors.
Using these spatial graphs, we then performed Leiden clus-
tering (resolution = 0.0001 for PWD?2, resolution = 0.3 for
PWD?, no clustering for PWD14) to isolate the tissue slices
analyzed in the original Foster et al (2021)’s study. For each
time point, we calculated a keratinocyte score using the
marker genes, Krt5 and Lgals7, which were inferred from our
original integration (Figure 1f). We also calculated a fibro-
blast score using pan-fibroblast markers, Dcn and Lum,
which we inferred from our integration (Figure 1f), as well as
Pdgfra. To determine upper and lower fibroblast distribution,
we profiled the expression of the most significantly expressed
upper marker, Crabp1, and the most significantly expressed
lower marker, Ly6a, which were chosen from our curated
lists from the literature (Supplementary Table S1). To analyze
upper fibroblast enrichment specifically, we weighted
Crabp1 expression by the previously calculated fibroblast
score (which was normalized to be between 0 and 1), so that
we primarily visualized Crabpl expression in fibroblast-
enriched spots. Similarly, to analyze lower fibroblast
enrichment, we weighted Ly6a expression by the previously
calculated fibroblast score (which was normalized to be



between 0 and 1), so that we primarily visualized Ly6a
expression in fibroblast-enriched spots.

Analysis of fibroblasts from Mascharak et al (2022)

To partially validate our integrated analysis of fibroblast dy-
namics during wound healing, we separately analyzed
scRNA-seq data generated from unwounded and SW skin
samples reported in Mascharak et al (2022). In this study,
scRNA-seq was generated from full-thickness 6-mm SWs
sampled at PWD2, 7, 14, and 30. From personal corre-
spondence, we received the Seurat object (Stuart et al, 2019)
used for analysis by the authors. Following the original study,
we annotated cell types using SingleR and the mouse RNA-
sequencing reference dataset (Aran et al, 2019). After auto-
mated annotation, we isolated all cells annotated as fibro-
blasts from the PBS-injected control condition for further
analysis, yielding a dataset of 364 cells and 14,236 genes.
DEGs for each wound healing time point were identified
using a Mann—Whitney U test (method = Wilcoxon in
Scanpy). To identify shared DEGs between PWD?2 fibroblasts
and the PWD4-specific FIB-IV subcluster, we selected only
DEGs from each subcluster where their log fold change was
greater than 1.0 and their adjusted p-value after correcting for
multiple hypothesis testing was <.05.

Biased clustering

Single-cell states are typically inferred by discriminatory
marker genes. Because scRNA-seq contain upward of 10,000
genes—for this considered data, we analyzed 21,485
genes—it can be difficult to determine whether the genes
driving the observed cell states are meaningful—in general,
one challenge of single-cell analysis is the lack of interpret-
ability for many of the unsupervised methods. Because many
cell types and states can be distinguished by differences in
their function, it is worth dissecting how identified cell states
can be discriminated by key functions rather than by just a
select few marker genes. In particular, we attempt to
discriminate the identified fibroblast states (subclusters) by
key fibroblast functions, which have been disseminated over
time (Plikus et al, 2021). Key fibroblast functions include cell
signaling, both sending through secretion of ligands and
receiving through receptor expression; synthesis of various
ECM components; expression of molecules that degrade and
remodel the local ECM; and more. Furthermore, these func-
tions are associated with gene sets that have been recorded in
publicly available databases (Gillespie et al, 2022; Jin et al,
2021; Shao et al, 2020). How to analyse scRNA-seq data in
terms of these imposed gene categories, which improve
interpretability, is of great research interest.

To understand whether the identified fibroblast states differ
by key fibroblast functionality, we construct 4 gene sets
corresponding to key fibroblast functions: signal ligands,
signal receptors, ECM synthesis, and ECM modifying. The
signal ligand and receptor gene sets were created by
extracting ligands and receptors, respectively, from in-
teractions annotated by either cell—cell contact or secreted
signaling from CellChatDB (Jin et al, 2021); the ECM syn-
thesis gene set was created by extracting ligands from in-
teractions annotated by ECM receptor from CellChatDB (Jin
et al, 2021), extracting genes from the categories ECM gly-
coproteins, collagen, and proteoglycans from MatrisomeDB
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(Shao et al, 2020) and manually adding genes relevant to
ECM glycosaminoglycans; the gene set for ECM remodeling
was created by extracting genes from the category ECM
regulators from MatrisomeDB (Shao et al, 2020). After cura-
tion, we obtained 435 signal ligands, 329 signal receptors,
416 ECM synthesis genes, and 228 ECM-modifying genes.
We note that one or several of these gene sets overlap
partially. Most notably, there are 47 cell—cell contact and
surface marker genes that are classified as both signal ligands
and signal receptors.

We performed a series of biased integration and clustering
analyses, where we considered the full fibroblast data only
with respect to the functional gene sets and filtered out all
other genes. We integrated the data on all functional genes
and integrated the data by isolating the genes for each
functional category alone. Each time, we generated a new
kNN graph and reclustered the population. We validated the
inferred clusters for each considered functional gene subset
by examining for meaningful discriminatory marker genes.
The functional subclusters were then compared with the
original subcluster labels to determine the degree to which
the considered gene set captured the full fibroblast tran-
scriptomic heterogeneity. We calculated the similarity be-
tween the functional subclusters and the original subclusters
using the Adjusted Rand Index and the normalized mutual
information, which have also been used to assess data inte-
gration and batch effect correction methods for scRNA-seq
data (Luecken et al, 2022).

To complement the functional clustering analysis, we also
trained the fibroblast data using an interpretable autoencoder
Intercode (Rybakov et al, 2020"). Intercode constructs an
interpretable latent space for the considered scRNA-seq
population using gene set annotations—in this case, the
fibroblast functions—such that the dimensions of the latent
space, which measure the degree of biological variation in
the population, are constrained to correspond to variations
with respect to the gene sets. The model consists of a
nonlinear encoder and a linear decoder, where interpret-
ability is enforced by introducing additional regularization
terms in the loss function. Using Intercode, we can determine
how well key fibroblast functions distinguish the original
fibroblast subclusters, providing information into the differ-
ences in functions between the single-cell states. We fol-
lowed the workflow described in the original study by
Rybakov et al (2020)’. A binary annotation matrix was con-
structed from the curated functional gene sets. Per the advice
of the study, to improve accuracy of the model during
training, we only considered genes comprising the intersec-
tion between the functional gene set and the top 2000 highly
variable genes. We trained the autoencoder, setting the loss
rate of 0.001, the batch size to be 64, and the number of
epochs to be 50. For regularization, we set
Ao = 0.1,4 = 0.93,4; = 0.57 and did not consider sparse
unannotated factors (we refer to Rybakov et al [2020]” for
more details).

To validate the functional clusters, we performed differ-
ential expression analysis with respect to each functional set.
For each functional gene subset of the fibroblast population,
we built a zero-inflated negative binomial hurdle model us-
ing MAST (Finak et al, 2015), where wound healing time was
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included as a covariate. DEGs for each cluster and each
wound healing time were inferred using a likelihood ratio
test. We then verified the specificity of each DEG by manu-
ally examining the resultant feature plot.

Regulon inference

To infer possible epigenetic regulators of fibroblast states, we
used pySCENIC (Van de Sande et al, 2020) to infer significant
regulons containing TFs and corresponding downstream tar-
gets. Following the suggested pySCENIC analysis pipeline,
we used the raw, untransformed fibroblast gene expression
counts as input. Following the analysis pipeline, we inferred
significant gene regulatory networks using GRNBoost2 and a
curated list of provided TFs relevant to Mus musculus pro-
vided by pySCENIC developers (Van de Sande et al, 2020).
The resultant output was a list of adjacency matrices
encoding links between each TF and its targets. Regulons
were then inferred using the adjacencies list, using the
database of MGI motif annotations provided by pySCENIC
and rankings databases of the mouse genome from cis-
TargetDBs. We used the ranking databases corresponding to
the mm10 version of the genome (refseq_r80). Finally, we
used regulon inference output to infer cellular enrichment of
each significant TF.

To generate regulon-based clusters, we generated a kNN
graph (k = 30) using the regulon enrichment scores
(X_AUCell), on which we Leiden clustered the fibroblast
population, setting resolution = 0.6. Then, we considered the
dominant one or 2 regulon clusters per wound healing time
and calculated the intersection between the downstream
targets of the top 20 TFs inferred by pySCENIC and the top
300 DEGs of fibroblasts within each regulon cluster. The in-
tersections were then categorized as corresponding to the
previously curated fibroblast functions (signal ligand, signal
receptor, ECM synthesis, ECM remodeling) or other
functionality.

Trajectory analysis

To generate RNA velocity counts, we first converted BAM
files obtained from the repositories mentioned earlier into the
raw, unaligned FASTQ files using the 10X Genomics tool
bamtofastq. RNA velocity counts were generated using kal-
listo|bustools (Melsted et al, 2019%). We first generated a
velocity pseudoalignment index from the Mus musculus
mm10 genome (GRCm38, Ensembl release 98) by running
the command kb ref with the —workflow lamanno option,
which identifies the spliced and unspliced transcripts to
capture. To properly align the data obtained from Abbasi et al
(2020), we appended the tdTomato sequence to the mm10
genome because tdTomato was used to label fibroblasts in
this study. Then, we ran the command kb count with the
—workflow lamanno to generate spliced and unspliced mRNA
count matrices, stored as h5ad files. We did not realign the
data from Phan et al (2020); rather, we used the published
Loom files provided by the authors at the above Gene
Expression Omnibus Datasets repository because the Loom
files already contained RNA velocity counts.

To infer possible trajectories in the fibroblast population, we
used the package scVelo (Bergen et al, 2020), which extends
the solves of the fully time-dependent, dynamical formulation
of the single-cell RNA splicing differential equation model put
forth by La Manno et al (2018). Splicing rates for each gene are
then inferred using a likelihood-based model. For each dataset
except those from unwounded postnatal day 21 and SW
PWD? skin, spliced and unspliced mRNA counts for each gene
were generated using kallisto|bustools (Melsted et al, 20194,
RNA velocity counts from unwounded postnatal day 21 and
SW PWD? skin were generated using velocyto (La Manno et al,
2018). Before downstream analysis, we filtered out genes that
did not have at least 20 shared counts across spliced and
unspliced mRNA. The kNN graph was calculated using the
integrated Scanorama embedding to account for possible batch
effects across the multiple datasets. The first and second mo-
ments of velocity were calculated for each cell across its 30
neighbors. Velocities and splicing rates were then estimated
using the dynamical option of scVelo. For visualization pur-
poses, we projected the estimated velocities and directional
flows onto the original Uniform Manifold Approximation and
Projection produced during subclustering, labeling both
wound healing times and fibroblast subclusters. To obtain a
more interpretable, coarse-grained picture of possible transi-
tions between fibroblast subclusters, we also calculated the
partition-based graph abstraction, that is, the PAGA graph
(Wolf et al, 2019), which estimates connectivity between graph
partitions on the basis of the generated kNN graph used for
clustering and, in turn, leads to more robust inference of line-
age trajectories in scCRNA-seq data. The edge weights of the
PAGA graph then give a measure of the likeliest transitions
between graph partitions, that is, the graph nodes. To obtain
estimates of edge directionality, we use the pseudotime values
inferred from RNA velocity, which are calculated using a
random-walk—based distance measure between cells on the
velocity graph obtained from scVelo. We then overlay the
directed PAGA graph onto the previously calculated Uniform
Manifold Approximation and Projection.

Cell—cell communication analysis

We inferred significant cell—cell communication activity
using CellChat (Jin et al, 2023°, 2021). For the time points—
unwounded postnatal day 21 skin, unwounded postnatal day
49 skin, and wounded tissues (SW PWD4, SW PWD7, LW
PWD12, and LW REG PWD18), we isolated the immune
subclusters and the dominant fibroblast subclusters present at
those times. At each considered time point, we implemented
the standard CellChat pipeline, but to avoid biasing cell—cell
communication inference due to the presence of small cell
populations, we removed cell types that represented <0.1%
of the population using the filterCommunication command.
To summarize cell—cell communication activity, we summed
up individual interaction scores for each inferred signaling
pathway between immune cells and fibroblasts. To increase
interpretability of results, we removed weaker signaling
pathways where the maximum aggregate score fell below a
specified threshold, threshold = 0.05.

4 Melsted P, Sina Booeshaghi A, Gao F, Beltrame E, Lu L, Hjorleifsson KE, et al.
Modular and efficient pre-processing of single-cell RNA-seq. bioRxiv 2019:1—18.
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To better summarize signaling patterns, we focused on the
pathways that were exclusively driven by signaling ligands
secreted from immune cells to fibroblasts (Figure 6a),
exclusively driven by signaling ligands secreted by fibroblasts
to other fibroblasts (Figure 6b), and exclusively driven by fi-
broblasts to immune cells (Figure 6¢). We identified 5 unique
immune-to-fibroblast signaling pathways in wound healing,
which exhibited 3 types of signaling patterns (Figure 6a).
Three paracrine pathways, IL-1, IL-4, and oncostatin M, are
dynamically unimodal and peak in early PWD4 wound. One
pathway, TNF, is dynamically bimodal, emerging in early
wound and reactivating in late wound. The remaining
pathway, TGF, emerges initially in early wound and is active
for a prolonged period of biological time. In contrast, we
identified only one pathway that was exclusively driven from
fibroblasts to other fibroblasts, PROS, which is dynamically
bimodal, activating in early wounds and reactivating in late
wounds (Figure 6b). We identified 4 signaling pathways that
are exclusively secreted by fibroblasts to immune cells. Of
the 4, 3 pathways, which are annexin, colony-stimulating
factor, and complement, exhibit a unimodal pattern, whereas
galectin is bimodal in signaling behavior (Figure 6¢).
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Supplementary Figure S1. Identification of keratinocyte subclusters in integrated dataset. (a) UMAP plot of the identified epidermal cell subclusters in
integrated dataset shown in main Figure Tc. Cells are color coded and annotated as shown. (b) Tracks plot of the top 2 differentially expressed genes for each
subcluster and their expressions across all keratinocytes. Color coding and annotation are according to a. (c) Relative epidermal cell composition of individual
scRNA-seq datasets arranged according to study timeline from Figure Ta and annotated along the x-axis. Stacked bars show relative abundance of distinct
epidermal cell subclusters. Bar segments are colored and annotated according to a. (d) Summary of epidermal cell subclusters at each time point along the
biological timescale of skin wound healing, as originally defined in Figure 1a. UW denotes unwounded skin. LW, large wound; P21, postnatal day 21; P49,
postnatal day 49; PWD, postwounding day; scRNA-seq, single-cell RNA-sequencing; SW, small wound; UMAP, Uniform Manifold Approximation and
Projection.
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Supplementary Figure S2. Identification of dominant vascular cell lineage subclusters in integrated dataset. (a) UMAP plot of the identified pericyte subclusters
in integrated dataset shown in main Figure Tc. Cells are color coded and annotated as shown. (b) Tracks plot of the top two differentially expressed genes for
each subcluster and their expressions across all pericytes. Color coding and annotation are according to a. (c) Relative pericyte composition of individual
scRNA-seq datasets arranged according to study timeline from Figure Ta and annotated along the x-axis. Stacked bars show relative abundance of distinct
pericyte subclusters. Bar segments are colored and annotated according to a. (d) Summary of pericyte subclusters at each time point along the biological
timescale of skin wound healing, as originally defined in Figure Ta. (e) UMAP plot of the identified endothelial cell subclusters in integrated dataset shown in
main Figure Tc. Cells are color coded and annotated as shown. (f) Tracks plot of the top two differentially expressed genes for each subcluster and their
expressions across all endothelial cells. Color coding and annotation are according to e. (g) Relative endothelial cell composition of individual scRNA-seq
datasets arranged according to study timeline from Figure Ta and annotated along the x-axis. Stacked bars show relative abundance of distinct endothelial
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subclusters. Bar segments are colored and annotated according to e. (h) Summary of endothelial subclusters at each time point along the biological timescale of
skin wound healing, as originally defined in Figure Ta. UW denotes unwounded skin. LW, large wound; P21, postnatal day; P49, postnatal day 49; PWD,
postwounding day; scRNA-seq, single-cell RNA-sequencing; SW, small wound; UMAP, Uniform Manifold Approximation and Projection.
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Supplementary Figure S3. Identification of dominant immune cell types in integrated dataset. (@) UMAP plot of the identified immune cell subclusters in
integrated dataset shown in main Figure Tc. Cells are color coded and annotated as shown. (b) Tracks plot of the top 2 differentially expressed genes for each
subcluster and their expressions across all dermis-resident immune cell types. Color coding and annotation are according to a. (c) Relative immune cell
composition of individual scRNA-seq datasets arranged according to study timeline from Figure 1a and annotated along the x-axis. Stacked bars show relative
abundance of distinct immune cell subclusters. Bar segments are colored and annotated according to a. (d) Summary of dominant immune cell subclusters at
each time point along the biological timescale of skin wound healing, as originally defined in Figure Ta. () UMAP plot of the identified T-cell subclusters in
integrated dataset shown in main Figure 1c. Cells are color coded and annotated as shown. (f) Tracks plot of the top two differentially expressed genes for
each subcluster and their expressions across all T cells. Color coding and annotation are according to e. (g) Relative T-cell composition of individual scRNA-seq
datasets arranged according to study timeline from Figure 1a and annotated along the x-axis. Stacked bars show relative abundance of distinct T-cell subclusters.
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Supplementary Figure S4. Identification of Schwann cells present in integrated dataset. (a) UMAP plot of the identified Schwann cells subclusters in integrated
dataset shown in main Figure 1c. Cells are color coded and annotated as shown. (b) Tracks plot of the top two differentially expressed genes for each
subcluster and their expressions across all Schwann cell subclusters. Color coding and annotation are according to a. (c) Relative Schwann cell composition of
individual scRNA-seq datasets arranged according to study timeline from Figure Ta and annotated along the x-axis. Stacked bars show relative abundance of
distinct Schwann cell subclusters. Bar segments are colored and annotated according to a. (d) Summary of dominant Schwann cell subclusters at each time point
along the biological timescale of skin wound healing, as originally defined in Figure 1Ta. UW denotes unwounded skin. LW, large wound; P21, postnatal day 21;
P49, postnatal day 49; PWD, postwounding day; scRNA-seq, single-cell RNA-sequencing; UMAP, Uniform Manifold Approximation and Projection.
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Bar segments are colored and annotated according to e. (h) Summary of T-cell subclusters at each time point along the biological timescale of skin wound
healing, as originally defined in Figure 1a. UW denotes unwounded skin. ILC, innate lymphoid cell; LW, large wound; P21, postnatal day 21; P49, postnatal day
49; PWD, postwounding day; scRNA-seq, single-cell RNA-sequencing; T-reg, regulatory T cell; UMAP, Uniform Manifold Approximation and Projection.
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Supplementary Figure S5. Differential expression analysis of upper and lower score—enriched fibroblasts. We fit gene expression as continuous functions of
the upper and lower fibroblast score separately. The fitted expressions were aggregated into 10 bins determined by the spatial identity scores. (a) Heatmap of the
fitted expression of genes (from the top 2,000 highly variable genes) inferred to be significantly associated with the calculated upper fibroblast score. Genes are
ordered by their Spearman correlation with the upper fibroblast score values (lowest correlation at the top, highest correlation at the bottom). For
visualization purposes, we only labeled every 40 genes. We extracted the top five genes that correlated least with the upper score (top) and the top five genes
that correlated most with the upper score (bottom). (b) Heatmap of the fitted expression of the highly variable genes inferred to be significantly associated with
the calculated lower fibroblast score. Genes are ordered by their Spearman correlation with the lower fibroblast score values (lowest correlation at the top,
highest correlation at the bottom). For visualization purposes, we only labeled every 40 genes. We extracted the top 5fivegenes that correlated least with the
lower score (top) and the top genes that correlated most with the upper score (bottom), including those that were unwounded FIB-Ill—specific genes (labeled
green).
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Supplementary Figure S6. Fibroblast proliferative competence is maintained throughout wound healing time. (a) Feature plot of cell cycle gene score, as
calculated from 94 genes, across all fibroblasts. Orange indicates gene score—expressing fibroblasts. (b) Relative proportion of fibroblasts in each major cell
cycle phase (G1, G2M, S) across each fibroblast subcluster, annotated along the x-axis. Stacked bars are colored according to cell cycle phase, as defined
on the right. (c) Proportions of fibroblasts in G2M phase across study timeline from Figure 1a and annotated along the x-axis. Graph lines are colored according
to information in the right. UW denotes unwounded skin. LW, large wound; PWD, postwounding day; SW, small wound; UMAP, Uniform Manifold
Approximation and Projection.
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Supplementary Figure S7. Coexpression of proliferation marker Mki67 and fibroblast marker Pdgfra across wound healing times. (a—d) In situ expression of
Pdgfra (green) and proliferation marker Mki67 (red) in the following wound samples: (a) SW PWD4, (b) SW PWD?7, (c) LW PWD12, and (d) LW PWD18. Tissues
were counterstained with DAPI (blue). White dashed lines mark original wound edges and/or epidermis. Several marked and annotated regions are
magnified and shown on the right. Selected Mki67"/Pdgfra* cells are marked with white arrowheads. Bars in a—d = 100 pm. LW, large wound; PWD,
postwounding day; SW, small wound.
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Supplementary Figure S8. Marker gene staining in 6-mm wound model confirms conserved fibroblast dynamic predicted by scRNA-seq analysis. (a—c) In situ
expression of Pdgfra (green) and (a) early wound fibroblast marker Prg4 (red), (b) mid-late upper scar fibroblast marker Col25a7 (red), and (c) late lower scar
fibroblast marker Pamr1 (red) is shown in 6-mm wound tissues sampled at PWD4, 8, 10, and 14. All tissues were counterstained with DAPI (blue). In a—b, the
white solid boxes show the magnified version of the regions marked by the white dashed boxes. White dashed lines in b mark the epidermis. Bars in a—c = 100
um. (d) Left panel shows feature plot of Pamr1, a DEG for late wound-specific fibroblasts. Orange indicates expressing fibroblasts. Center panel shows track plots
of Pamr1 expression across fibroblast subclusters, annotated and color coded according to Figure 2a, whereas the right panel shows track plots of Pamr1
expression across biological time points, annotated and color coded according to Figure Th. UW denotes unwounded skin. DEG, differentially expressed gene;
LW, large wound; P21, postnatal day 21; P49, postnatal day 49; PWD, postwounding day; scRNA-seq, single-cell RNA-sequencing; SW, small wound.
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Supplementary Figure S9. Replication a Prg4 Lum DAPI
study shows transient Prg4 expression
in early wounds and lack thereof in
unwounded skin and wounds at other
time points. In situ expression of Lum
(green) and Prg4 (red) is shown in (a,
b) unwounded skin samples and
wound samples: (c) SW PWD4, (d)
SW PWD?7, (e) LW PWD12, (f) LW
PWD14, and (g) LW PWD18. Tissues
were counterstained with DAPI (blue).
White dashed lines mark original
wound edges. In c—d, magnified

regions are shown on the right. No
significant Prg4 expression was
detected in all samples shown. Bars in
a—g = 100 pm. LW, large wound;
PWD, postwounding day; SW, small
wound.

Fascia Wound edge

e LW PWD12

f LW PWD14

g LW PWD18
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Supplementary Figure S10. Reanalysis of scRNA-seq data on fibroblasts sampled from small wounds from Mascharak et al (2022). (a) UMAP showing the

neighborhood embedding of the fibroblast population labeled by wound healing time. UW denotes unwounded skin. (b) Tracks plots of the top two DEGs in
fibroblasts for each sample from a. Prg4 is enriched in wound fibroblasts derived from SW PWD?2. (c) Composition of upper-enriched (orange) versus lower-
enriched fibroblasts (blue) for each sample from a. (d) Overlap between DEGs of early wound fibroblast subcluster FIB-IV from main Figure 2a and DEGs of
Prg4* fibroblasts from SW PWD2 from a. (e) Summary of the top DEGs in the intersection between original FIB-IV wound fibroblasts from main Figure 2a and
Prg4* SW PWD2 wound fibroblasts from a. UW denotes unwounded skin. DEG, differentially expressed gene; P56, postnatal day 56; P84, postnatal day 84;
PWD, postwounding day; scRNA-seq, single-cell RNA-sequencing; SW, small wound; UMAP, Uniform Manifold Approximation and Projection.
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Supplementary Figure S11.
Replication study shows the
expression of mid-late wound
fibroblast marker gene Col25at in
upper scar and lack thereof in
unwounded skin and wounds at other
time points. In situ expressions of Lum
(green) and Col25a1 (red) are shown
in (a, b) unwounded skin samples and
wound samples: (¢) SW PWD4, (d) b
SW PWD7, LW PWD12 (e), (f) LW
PWD14, (g) LW PWD18. Tissues were
counterstained with DAPI (blue).
White dashed lines mark original
wound edges. In d—g, magnified
regions are shown on the right,
displaying significant Col25al
expression. Bars in a—e = 100 pm.
LW, large wound; P21, postnatal day
21; P49, postnatal day 49; PWD,
postwounding day; SW, small wound.
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Supplementary Figure S12. pySCENIC-inferred epigenetic regulation of fibroblast states. (a) UMAP plot shows fibroblasts clustered on the basis of regulon
activity, which group cells with similar inferred epigenetic states. All fibroblast clusters are color coded and annotated as shown. (b, c) Jaccard similarities

between the (b) regulon-based clusters and the original fibroblast subclusters as well as (c) regulon-based clusters and wound healing times. These data indicate
significant overlap between fibroblast states and additional epigenetic states due to wound healing time. (d, €) Summary of the dominant fibroblast regulon states
and (d) the inferred transcriptional factors that regulate fibroblast-specific functional genes and (e) nonfibroblast-specific functional genes over wound healing
time. UW denotes unwounded skin. LW, large wound; PWD, postwounding day; SW, small wound; UMAP, Uniform Manifold Approximation and Projection.
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Supplementary Figure S13. Summary of signaling interactions between dominant immune cells and fibroblast states over wound healing time. (a) Summary of
wound healing time—dependent signaling patterns for pathways that operate from wound-resident immune cells to fibroblasts. (b) Summary of wound healing
time—dependent signaling patterns for pathways that operate between fibroblasts only. (c) Summary of wound healing time—dependent signaling patterns for
pathways that operate from fibroblasts to wound-resident immune cells. In a—c, signaling pathways are arranged and color coded according to their time-
dependent pattern: unimodal (ie, used once and time limited; green), prolonged (ie, used for extended time; purple), and bimodal (ie, use twice at distinct times
of wound healing; red). Pathways marked with an asterisk are predicted to be mitogenic. PWD, postwounding day.

Supplementary Table S1. List of Upper and Lower
Fibroblast Marker Genes and Associated Literature

Evidence
Fibroblast Position Sample
Marker (Upper/Lower) Type Reference
Cnnl Lower Unwounded Korosec et al (2019)
Crabp1 Upper Wounded Abbasi et al (2020)
DIk1 Lower Wounded Abbasi et al (2020)
Dpp4 Upper Unwounded  Driskell et al(2013) and
Tabib et al (2018)
Fabp5 Upper Wounded Abbasi et al (2020)
Fmo1 Lower Unwounded Tabib et al (2018)
Lef1 Upper Unwounded Phan et al (2020)
Ly6a Lower Wounded Abbasi et al (2020) and
Driskell et al (2013)
Mest Lower Wounded Abbasi et al (2020)
Prdm1 Upper Unwounded Driskell et al (2013)
Prss35 Upper Wounded Abbasi et al (2020)
Runx1 Upper Wounded Abbasi et al (2020)
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