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Cell cycle controls long-range calcium signaling in
the regenerating epidermis
Jessica L. Moore1*, Dhananjay Bhaskar1*, Feng Gao1*, Catherine Matte-Martone1, Shuangshuang Du1, Elizabeth Lathrop1,
Smirthy Ganesan1, Lin Shao2, Rachael Norris3, Nil Campamà Sanz4, Karl Annusver4, Maria Kasper4, Andy Cox1, Caroline Hendry1,
Bastian Rieck5, Smita Krishnaswamy1,6,7,8,9, and Valentina Greco1,10,11,12,13

Skin homeostasis is maintained by stem cells, which must communicate to balance their regenerative behaviors. Yet, how
adult stem cells signal across regenerative tissue remains unknown due to challenges in studying signaling dynamics in live
mice. We combined live imaging in the mouse basal stem cell layer with machine learning tools to analyze patterns of Ca2+

signaling. We show that basal cells display dynamic intercellular Ca2+ signaling among local neighborhoods. We find that these
Ca2+ signals are coordinated across thousands of cells and that this coordination is an emergent property of the stem cell layer.
We demonstrate that G2 cells are required to initiate normal levels of Ca2+ signaling, while connexin43 connects basal cells to
orchestrate tissue-wide coordination of Ca2+ signaling. Lastly, we find that Ca2+ signaling drives cell cycle progression,
revealing a communication feedback loop. This work provides resolution into how stem cells at different cell cycle stages
coordinate tissue-wide signaling during epidermal regeneration.

Introduction
Each day our bodies make and lose billions of cells (Sender and
Milo, 2021). This regenerative capacity is based on the ability to
orchestrate fate decisions within an actively cycling stem cell
pool, resulting in a balanced production of new cells (by divi-
sion) and loss of cells (by differentiation or apoptosis). In epi-
thelial regeneration across a number of organisms, these stem
cell behaviors are directly coupled within local neighborhoods
(Mesa et al., 2018; Liang et al., 2017). Yet, how stem cells com-
municate with their neighbors at various distances remains
largely unexplored due to the complexity of capturing signaling
dynamics across space and time in a live, uninjured setting.

In response to injury and during development, epithelial
stem cells are known to coordinate their regenerative behaviors
via Ca2+ signaling (Restrepo and Basler, 2016; Balaji et al., 2017;
Ohno and Otaki, 2015; Celli et al., 2021). Ca2+ signaling is im-
plicated in a diversity of cellular functions and has become
recognized as critical to stem cell function across systems
(Snoeck, 2020; Rosendo-Pineda et al., 2020). An abundance of
in vitro studies have established that the temporal dynamics of
Ca2+ signaling are tightly regulated and can differentially encode

function, allowing for its versatility as a signaling pathway
(Dolmetsch et al., 1997; Dolmetsch et al., 1998; De Koninck and
Schulman, 1998). Much of the work to understand the function
and dynamics of Ca2+ signaling in vivo has come from the
neurobiology field, where it is possible tomeasure Ca2+ signaling
across broad spatial and temporal scales; however, the live
in vivo dynamics of Ca2+ signaling in other tissue contexts
remains relatively unexplored. Specifically, the in vivo spa-
tiotemporal characteristics of Ca2+ signaling during tissue
regeneration and the fundamental mechanisms regulating
these dynamics are unclear.

Here, we explore how stem cells communicate with one an-
other and their neighbors in a regenerative context, in vivo,
focusing on the basal stem cell layer of the mouse epidermis. The
basal layer is heterogeneous and comprised of stem cells and
differentiation-committed neighbors in various cell cycle stages.
Recent work has provided evidence of local coordination of re-
generative behaviors, where cell fates are not only influenced by
their direct neighbors (Mesa et al., 2018) but also by large-scale
organization, where dynamic behaviors of diverse cell types are
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coordinated (Hiratsuka et al., 2015; Park et al., 2021). It remains
unclear how coordinated regenerative behavior is communi-
cated across epidermal tissue. While upregulation of intracel-
lular Ca2+ levels is essential for the terminal steps of epidermal
differentiation in the skin (Hennings et al., 1980; Yuspa et al.,
1989; Elias et al., 2002; Koizumi et al., 2004; Behne et al., 2011;
Celli et al., 2011, 2012; Darbellay et al., 2014; Kumamoto et al.,
2017; Matsui et al., 2021), the role of Ca2+ signaling dynamics and
its regulation have not been explored in the basal stem cell layer.

To address this, we evolved our two-photon microscopy
system (Pineda et al., 2015; Rompolas et al., 2016) to capture
higher-resolution images in Ca2+-sensor mice (Chen et al., 2013),
allowing us to simultaneously capture dynamic Ca2+ signaling at
the single cell level, in a tissue-wide manner (i.e., across thou-
sands of basal cells; Fig. 1 A). We observed the local spread of
Ca2+ signals across neighborhoods of up to 10 basal cells
throughout the basal layer. To better understand Ca2+ signaling
dynamics over time, we developed an unsupervised data-driven
computational analysis framework—Geometric Scattering
Trajectory Homology (GSTH)—to analyze and model signal-
ing dynamics both locally between neighboring cells and at a
tissue-wide level. Using this approach together with mouse
models, we show that Ca2+ signaling is coordinated at large
distances across thousands of cells. We find that cells in the G2
phase of the cell cycle are necessary for normal levels and patterns
of Ca2+ signaling. Further, we demonstrate that most other cells in
the basal layer (G1 cells) have high junctional Cx43 levels that
allow Ca2+ signals to be coordinated globally, across neighbor-
hoods of cells. Finally, we interrogate the function of coordinated
Ca2+ signaling within the stem cell layer, finding that it promotes
cell cycle progression, revealing a feedback loop between cell cycle
and Ca2+ signaling. Together, our results provide insight into the
relationship between the cell cycle in the stem cell pool and Ca2+

signaling, and how coordinated Ca2+ signaling helps maintain
tissue homeostasis.

Results
Epidermal stem cell layer displays local neighborhoods of
Ca2+ signaling
Under homeostatic conditions, epidermal basal cells either
progress through the cell cycle toward division or exit into the
suprabasal differentiated layer (Fig. 1 A). Proper coordination of
these behaviors is necessary for healthy skin regeneration and
requires communication among basal cells. To understand the
characteristics and regulation of communication in the basal
stem cell compartment, we turned to Ca2+ signaling, which is
essential for regenerative behaviors, such as proliferation, in
other epithelial contexts (Restrepo and Basler, 2016; Balaji et al.,
2017; Ohno and Otaki, 2015; Celli et al., 2021).We generated mice
with a Ca2+ sensor expressed in all epidermal cells (K14-Cre;
Rosa26-CAG-LSL-GCaMP6s) and combined this with a nuclear
marker (K14-H2B-mCherry). Live imaging of the basal stem cell
layer (Pineda et al., 2015; Rompolas et al., 2016) revealed highly
variable levels of Ca2+ activity within the basal cells, with 43.1 ±
21.4% of cells showing at least one Ca2+ transient in a given 30-
min time frame (Video 1 and Fig. 1 B).

To understand how cells orchestrate Ca2+ dynamics within
the stem cell compartment, we then imaged large epidermal
regions every 2 s for 30 min and temporally color-coded each
frame of the recording to simultaneously visualize all the Ca2+

signaling patterns (Fig. 1 C). We observed distinct spatiotem-
poral patterns of Ca2+ signaling within the stem cell layer: in
some cases, single cells spiked quickly in isolation, whereas in
others, neighborhoods of cells spiked simultaneously or in a
propagating wave. The dynamic nature of these intercellular
signaling events was a feature of the epidermal stem cell layer,
while the differentiated and quiescent suprabasal (spinous)
layer directly above showed no signaling activity (Fig. 1 D).

To systematically quantify Ca2+ transients from each individual
cell in the stem cell layer and to understand the relationship in
time and space between these Ca2+ transients, we adapted existing
tools (Romano et al., 2017; Giovannucci et al., 2019) to segment
individual cells, identify peaks of increased intracellular Ca2+, and
define a simple graph of connected Ca2+ signaling (nodes were
connected if the cells they represented were direct neighbors and
spiked within 10 s of their neighbor). We then quantified the
number of connected nodes (cells) in each clustered signaling
neighborhood and explored the temporal dynamics for each
neighborhood size. Using this approach, we found thatmost events
within the stem cell layer were either single cells that spiked in
isolation from their neighboring cells (65.88 ± 2.65%; Fig. S1 A) or
spatiotemporally clustered transients across two or more neigh-
boring cells (31.27 ± 1.96%; Fig. 1, E and F). We also observed rare
Ca2+-signaling waves that spread across hundreds of cells (2.85 ±
1.00%; Fig. S1 B). We next quantified the duration of the longest
Ca2+ transient per cell, which we termed maximal spike duration.
We found that Ca2+ transients in the largest neighborhoods of cells
persist longer than in single cells or small neighborhoods (Fig. 1 G).
These data show that the stem cell layer is characterized by the
local spread of Ca2+ signaling across neighborhoods of mostly 1–10
cells with short temporal characteristics.

To determine how much of the basal layer participates in
Ca2+ signaling, we asked whether regions in the basal stem cell
layer with high levels of homeostatic Ca2+ signaling are tempo-
rary or persistent. To this end, we recorded Ca2+ signaling in a
large 500 μm × 500 μm region (encompassing about 2,500 ep-
idermal basal cells) for 30 min and revisited the same region
24 h later. During a 24-h period, many cells in the basal layer
progress through different cell cycle phases, and this population
of cells is dynamic (Fig. S1 C). We quantified the correlation
between the total GCaMP6s Ca2+ reporter signal in the basal
layer at 0 and 24 h. Image correlation coefficients closer to
1 represented a high overlap of signal, and correlation co-
efficients of 0 meant that only 50% of the signal overlapped
between the two timepoints. A comparison of active Ca2+ sig-
naling across the 24-h period revealed that Ca2+ signaling is not
spatially persistent but rather changes regionally with time,
encompassing most of the stem cell layer. The correlation of
signaling activity between 24 h (0.1411 ± 0.06416) was signifi-
cantly lower than the signaling correlation of a region at 0 and
30 min (0.3723 ± 0.0064; Fig. S1, D–F). Together, these results
demonstrate that Ca2+ signaling is dynamic and not restricted to
certain hotspot domains of the basal stem cell layer.
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Figure 1. The epidermal stem cell layer cohesively carries out coordinated Ca2+ signaling at long range. (A) Schematic of intravital imaging of Ca2+-
sensor mice. (B) Percent of epidermal basal cells spiking at least once during 30-min recording of Ca2+ signaling in a live mouse. n = 12 movies from six mice.
(C) Max intensity projection of GCaMP6s signal from 30-min recording of the stem cell layer, showing a diversity of signaling patterns. Color scale indicates
GCaMP6s signal across time. Scale bar: 25 µm. (D) Lack of Ca2+ signaling in the differentiated spinous layer over 30 min. Scale bars: 10 µm. (E) Region of the
stem cell layer where a cluster of three cells spikes repeatedly over 30min. Normalized fluorescence intensity plotted across time for each spiking cell is below.
Scale bars: 10 µm. (F) Neighborhood size of cells with spatiotemporally localized Ca2+ signaling from 30-min recording of the epidermal basal stem cell layer.
Purple, blue, and green dots represent the three spatial patterns. n = 6 recordings from three mice. (G)Maximal spike duration (maximal number of 2-s frames
between the start and end of individual Ca2+ events) for three spatial patterns of Ca2+ signaling. *P = 0.0213, **P = 0.0056, nested one-way ANOVA, n = 6
recordings. (H)Max intensity projection of 30-min recording of the stem cell layer of Ca2+-sensor mouse with a K10 reporter. Nuclear signal in grayscale reports
K10 expression and differentiation commitment. Cell segmentation is in blue and any Ca2+ activity from the 30 min is in green. Scale bar: 25 µm. (I) Percent of
basal K10-reporter-positive and K10-reporter-negative cells spiking at least once during 30 min of Ca2+ signaling in a live mouse. ns = P > 0.05, unpaired
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Within the stem cell layer of the epidermis, a subset of cells
undergoes a gradual, multiday differentiation process as they
prepare to exit this layer (Cockburn et al., 2022). We wondered
whether Ca2+ signaling was similar between these differentiation-
committed cells and their stem cell neighbors. This subset of basal
cells (about 40%) expresses the early differentiation marker
keratin 10 (K10; Schweizer et al., 1984; Braun et al., 2003), al-
lowing us to take advantage of a live reporter system in which
the Krt10 promoter drives H2B-mCherry fluorescence and fol-
low Ca2+ dynamics in differentiation-committed basal cells
(Rosa26-CAG-GCaMP6s; K10-rtTA; Col1a1-tetO-H2B-mCherry;
Muroyama and Lechler, 2017; Cockburn et al., 2022). This live
reporter captures the dynamics of most cells that have com-
mitted to differentiate with about 80% of cells with K10 protein
expression marked by the Krt10-based reporter transgene
(Cockburn et al., 2022). After imaging large epidermal regions
every 2 s for 30 min, K10-reporter-positive and -negative cells
showed similar participation in Ca2+ signaling and length of
Ca2+ spikes (Fig. 1, H–J). These results demonstrate that
differentiation-committed progenitors and their stem cell
neighbors display similar Ca2+ dynamics in some spatiotem-
poral dimensions, such as participation in Ca2+ signaling and
spike duration.

GSTH
Understanding in vivo signaling dynamics of any molecular
pathway at a large scale is a formidable challenge, especially in
highly dynamic regenerative tissues due to both the spatio-
temporal heterogeneity of signaling dynamics as well as the
inherent complexity of the tissue (i.e., thousands of cells, het-
erogeneous states of the signaling cells, dynamic cell behaviors,
etc.). To analyze signaling dynamics in our system, we devel-
oped an unsupervised machine learning method called Geo-
metric Scattering Trajectory Homology (GSTH), which captures
spatial and temporal signaling patterns in a highly applicable
manner and allows us to compare the Ca2+ signaling behavior of
cells under many conditions across multiple scales (Bhaskar
et al., 2023 Preprint).

GSTH produces 3D plots, which show a low-dimensional
representation of the scattering transform, i.e., the concate-
nated zeroth-, first-, and second-order scattering coefficients,
computed using the raw signaling data (Fig. 1 K). This repre-
sentation is computed using PHATE (Moon et al., 2019), a di-
mensionality reduction and manifold visualization technique
that preserves both local and global nonlinear structures.We use

PHATE plots to visualize and analyze the data in two distinct
ways: firstly, to quantify temporal changes in Ca2+ signaling
using GSTH time embeddings, and secondly, to understand cell-
specific heterogeneity in Ca2+ signaling patterns. We elaborate
on the intuitiveness and interpretability of the PHATE plots for
both use cases below.

GSTH—Temporal dynamics in Ca2+ signaling (Fig. 1 K, top)
To quantify temporal dynamics, we compute scattering
coefficients for each timepoint by aggregating over cells in
the scattering transform (Fig. 1 K, step 2a). We visualize the
resulting GSTH timepoint embedding in 3D using PHATE,
where each point in the PHATE plot corresponds to a single
timepoint in the input data (Fig. 1 K, step 3a). Two points
are close together if the underlying spatial signaling pattern
across all cells at the corresponding timepoints is similar.
For example, consider a tissue comprised of cells oscillating
synchronously. The PHATE plot in this example will appear
as a loop-like trajectory, with the size of the loop propor-
tional to the period of oscillation.

Next, we use persistent homology to quantify the shape of the
trajectory in the PHATE plots. Dimension 0 homology (denoted
H0) measures the connectivity between the points, whereas
dimension 1 homology (denoted H1) tracks the presence of loops
in the trajectory. H0 distinguishes between “continuous” and
“discontinuous” (large gaps between successive timepoints)
trajectories. Discontinuous trajectories arise in datasets with
spontaneous, “bursty,” or uncorrelated signaling activity. A
persistent topological loop (H1) is created when a section of the
trajectory takes the shape of a closed curve, with two noncon-
secutive timepoints close to each other in the PHATE plot. These
loops indicate the presence of quasi-periodic activity in the tis-
sue. Conversely, persistent loops are absent from trajectories
that are not as spatiotemporally organized, while many non-
persistent loops are observed, indicating a scattered point
cloud devoid of any trajectory-like structure.

Finally, we compute Wasserstein distance to compare topo-
logical features across datasets (Fig. 1 K, step 4a). Intuitively,
Wasserstein distance measures the cost of “transporting” the
distribution of connected components and loops from one
dataset to another. The distance is minimized when two
datasets have identical H0 and H1 features, meaning that they
have similar spatiotemporal signaling patterns. We provide a
more detailed technical description of the Wasserstein metric
in the Materials and methods section.

two-tailed Student’s t test, n = 8 movies from five mice. (J) Maximal spike duration of Ca2+ transients in K10-reporter-positive versus K10-reporter-
negative basal cells. ns = P > 0.05, unpaired two-tailed Student’s t test, n = 8 movies from five mice. (K) GSTH (a in blue) and GSTH-based Cell
Embeddings (b in red) workflows. Step 1: The cellular graph is created based on spatial adjacency (nodes shown on a segmented image of stem cell layer Ca2+

signaling). Step 2: Timepoint (a) and cell (b) embeddings are created using the geometric scattering transform. Step 3: PHATE (dimensionality reduction method)
visualization of time trajectory (a) or cell embeddings (b). Step 4: Statistical tools for comparison. Above: Topological data analysis—persistence diagrams and Betti
curves describing the geometry of the trajectories and comparisons via Wasserstein distances. Below: Overlap of two populations is computed using MELD.
(L) Representative PHATE plot of cell embeddings from K10 experiment in H. Each dot represents a single cell; its position in space represents similarity of its Ca2+

signaling to other cells’ signaling; differentiation-committed K10-reporter-positive cells are shown in green and K10-reporter-negative stem cells are shown in
magenta. (M) MELD comparison of K10-reporter-positive versus K10-reporter-negative signaling patterns. Values close to 0.5 represent the most overlap between
the two populations. (N–N”) Representative PHATE visualization of coordinated Ca2+ signaling in the homeostatic epithelial stem cell layer (N) versus disorganized
Ca2+ signaling in the quiescent neuronal visual cortex (N’) and simulated data using a uniform distribution of values (N”).
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GSTH-based cell embeddings—Cell-specific heterogeneity in Ca2+

signaling (Fig. 1 K, bottom)
To understand differences in signaling between various cells, we
compute scattering coefficients for each cell by aggregating over
time in the scattering transform (Fig. 1 K, step 2b). We visualize
the resulting GSTH cell embedding in 3D using PHATE, where
each point in the PHATE plot corresponds to a single cell in the
tissue (Fig. 1 K, step 3b). Two points are close together if the
underlying Ca2+ signaling pattern for those cells is similar. For
example, two cells spiking in phase will be close together com-
pared with two cells spiking independently.

We quantify the difference in signaling activity between cell
populations by measuring the proximity between the corre-
sponding cells in the PHATE plot (Fig. 1 K, step 4b). Specifically,
we estimate the relative likelihood of observing each cell type
based on the sample density in the PHATE plot using MELD
(Burkhardt et al., 2021). A relative likelihood close to 0.5 means
that the cells are indistinguishable in terms of their signaling
patterns, whereas values close to 0 or 1 mean that the cells have
distinct signaling patterns.

Ca2+ signaling is coordinated at long-range in the basal layer
To further probe whether K10-reporter-positive (differentiat-
ing) cells displayed different spatiotemporal signaling charac-
teristics than their K10-reporter-negative stem cell neighbors,
we used our GSTH-based Cell Embeddings method (Fig. 1 K,
bottom). With GSTH-based Cell Embeddings, each basal cell
corresponds to a datapoint in the visualization, allowing us to
directly compare the spatiotemporal characteristics of signaling
across the thousands of cells within rather than between each
recording. We applied this method to our K10-reporter datasets
and colored each point in the PHATE plot based on each cell’s
identity—either K10-reporter-positive or -negative (Fig. 1 L).
We found that the K10-reporter-positive and -negative cell
populations showed some overlap in their Ca2+ signaling pat-
terns as indicated by MELD likelihood values close to 0.5, but
that most points (cells) showed values close to 0 or 1 indicating
distinct signaling dynamics in K10-reporter-positive compared
to -negative cells (Fig. 1 M). The average time between Ca2+

spikes and the surrounding density of signaling cells were
similar between the two populations (Fig. S2, A and B). There-
fore, although wewere unable to find clear differences in spatial
or temporal signaling characteristics between K10-reporter-
positive or -negative cells, our results comparing these pop-
ulations with GSTH-based Cell Embeddings detected a complex
spatiotemporal signaling pattern that is more common to K10-
reporter-positive differentiation-committed progenitors than
their K10-reporter-negative stem cell neighbors. Overall, our
data demonstrate that both populations show similar Ca2+ sig-
naling characteristics in many dimensions, and it is only once
these cells leave the basal stem cell layer that they no longer
display dynamic Ca2+ signaling.

Epithelial cells have been shown to display coordinated sig-
naling across tissues in response to injury (Kumamoto et al.,
2017; Isakson et al., 2001; Matsubayashi et al., 2004). Whether
the local neighborhoods of Ca2+ signaling we observed here
during homeostasis occur at random or are coordinated with one

another is unclear. We applied GSTH (Fig. 1 K, top) to 30-min
recordings (time-steps every 2 s) of homeostatic Ca2+ signaling.
Each point in the PHATE time trajectory was color-coded based
on time. Each point’s position in the 3D plot revealed the simi-
larity or difference of the tissue’s Ca2+ signaling pattern from
timepoint to timepoint. Our analyses of basal epidermal Ca2+

signaling recordings from many mice consistently produced
smooth trajectories along timepoints, showing that Ca2+ tran-
sients steadily diffuse to neighboring cells in a directed and
coordinated manner (Fig. 1 N and Fig. S3 A).

We next quantified the shape of the trajectories using the last
step of GSTH, visualizing persistence diagrams and Betti curves
ofH1 (loop) features (Fig. S3 B). Smooth trajectories create large-
scale loops appearing later in the persistence diagram, whereas
noisy trajectories with points deviating from the main trajectory
will form persistence features appearing at earlier intervals. The
epidermal layer persistence diagrams had a few noise features
that quickly disappeared but mostly large-scale loops that ap-
peared much later. We next quantified Wasserstein distances to
compare topological features between all replicates from the
epidermal stem cell layer. Small Wasserstein distances signify
that two datasets have similar features and therefore similar
spatiotemporal signaling patterns. The Wasserstein distances
across all replicates were small (Fig. S3 C), signifying similar
PHATE trajectories (hence similar signaling patterns). This
analysis revealed an emergent property of this compartment
that localized Ca2+ signals are coordinated and patterned in time
and space across thousands of epithelial cells.

To determine how these consistently smooth PHATE trajecto-
ries from the regenerative epidermis compared with other tissues,
we applied GSTH to a classic example of Ca2+ signaling in the
nervous system using previously published recordings of Ca2+

signaling from 10,000 neurons of the primary visual cortex
(Stringer et al., 2018, 2019). Spontaneous activity from the pri-
mary visual cortex has been shown not to be organized topo-
graphically during the resting state. Neurons are connected via
long processes, so we used a correlation between neurons’ Ca2+

signals to create a cellular graph (instead of the nearest-neighbors
graph built for epidermal cells). Our analysis with GSTH revealed
markedly discontinuous, scattered time trajectories (Fig. 1 N’),
indicating more abrupt changes in signaling patterns over time
and less spatiotemporally coordinated signaling. To quantitatively
compare the neuronal trajectory to the earlier epithelial stem cell
layer datasets, we performed the last step of GSTH, visualizing
persistence diagrams and Betti curves of H1 (loop) features. In the
neuronal trajectory, many features appeared and disappeared at
all scales, revealing a complex data geometry (Fig. S3 B’), in con-
trast to the persistence diagram of the epidermal layer that had
mostly large-scale loops at later intervals. The trajectories from
the neuronal visual cortex were like the trajectories from our
analysis of simulated data created using a uniform distribution,
where we observed a very scattered time trajectory resembling a
point cloud (Fig. 1 N”). Thus, our comparisons across different
tissues and modalities highlight how the epidermal stem cell pool
orchestrates tissue-wide coordinated Ca2+ signaling, demonstrat-
ing the spatial and temporal connectivity of information flow in
the basal epithelium across multiple scales during homeostasis.
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G2 cells are essential for homeostatic Ca2+ signaling in the
epidermal stem cell pool
We show that Ca2+ signaling events are coordinated across large
regions of the basal stem cell compartment. The basal stem cell
layer of the epidermis is a dynamic environment characterized
by a heterogeneous distribution of cells in various phases of
the cell cycle (Hiratsuka et al., 2015). We therefore wondered
whether cells in different cell cycle stages might show distinct
spatiotemporal patterns, like K10-reporter-positive versus -neg-
ative populations (only about 10–15% of cycling S/G2/M cells will
have K10 protein; Cockburn et al., 2022). To address this, we used
the Ca2+ sensor combined with the Fucci cell cycle reporter that
fluorescently labels G1 and S cells in red (Abe et al., 2013). In our
system, Fucci negative cells represent G2 or mitotic cells, allowing
us to compare the two halves of the cell cycle. We observed
clusters of Ca2+ transients propagating across cells of G1/S and G2/
M cell cycle stages (Fig. 2 A) with similar overall Ca2+ signaling
activity between cell cycle states (Fig. S4, A–C).

To investigate the spatiotemporal characteristics of Ca2+

signaling across cells of different cell cycle stages, we again
employed the GSTH-based Cell Embeddings method described
above. Here, we colored each point in the PHATE plot based on
its cell cycle stage to compare G1/S versus G2/M cells in terms of
their Ca2+ signaling patterns in 3D space (Fig. 2 B and Fig. S4 D).
We did not see a high degree of overlap between the two pop-
ulations, as indicated by MELD likelihood values far from 0.5
(Fig. S4 D’). We found that G2/M cells clustered together,
showing related Ca2+ signaling patterns, whereas G1/S cells were
highly dispersed across the PHATE plots, indicating heteroge-
neous signaling patterns. Noticeably, G2/M cells displayed more
homogeneous Ca2+ signaling patterns, exhibiting many short
Ca2+ transients (Fig. 2 C and Fig. S4 E). These results demon-
strate that G2/M cells display Ca2+ signaling patterns that are
more similar to each other in spatial and temporal dimensions
than G1 or S cells.

To better resolve the Ca2+ signaling dynamics of G2 versus M
phase cells, we labeled all nuclei (K14-Cre; R26-CAG-LSL-
GCaMP6s; K14-H2B-mCherry) and tracked mitotic events as they
occurred, while also recording Ca2+ signaling. Surprisingly,
while extensive literature links transient elevations in Ca2+ with
important steps of mitosis (Ratan et al., 1988; Kao et al., 1990;
Poenie et al., 1985), we found that cells undergoing mitosis do
not display intracellular Ca2+ transients during homeostasis
(Fig. 2 D and Video 2). Together, these data illustrate that G2 cells
display spatiotemporally similar patterns of short Ca2+ spikes,
distinct from the very heterogeneous signaling patterns of G1
and S cells and the non-signaling M cells.

We next questioned whether G2 cells are functionally im-
portant in the regulation of Ca2+ signaling activity by both de-
pleting and enriching for G2 cells within the basal stem cell
layer. First, we depleted G2 phases by stalling cells in the G1
state, using the keratin 14 promoter to induce the cell cycle in-
hibitor Cdkn1b (p27) in epidermal basal cells, and combined this
with a constitutive Ca2+-sensor (K14-rtTA; tetO-Cdkn1b; Rosa26-
CAG-GCaMP6s). Through timelapse recordings, we observed a
marked decrease in the total amount of Ca2+ signaling in G2-
depleted Cdkn1b mice compared with littermate controls (Fig. 2,

E and F; and Video 3). We saw no change in the neighborhood
size of clustered Ca2+ signaling upon cell cycle inhibition (Fig.
S4 G); however, our analyses revealed a temporal disruption,
such that cells exhibited shorter Ca2+ spikes (Fig. S4 H). Com-
parison between G2-depleted and control cells at a population
level via GSTH analysis also revealed different patterns between
the two groups (Fig. 2 G). The PHATE trajectories for the control
group were smooth, consistent with coordinated signaling in
wildtype tissue; however, trajectories for the G2-depleted
Cdkn1b mice showed scattered patterns. These characteristics
were also quantified in the persistence diagrams and the cor-
responding Betti curves of H1 features (Fig. S5, A and B). Betti
curves for the G2-depleted group showed that loops were formed
and closed at earlier thresholds, reflecting scattered time trajec-
tories and disrupted signaling coordination. We also depleted G2
cells by treating mice with the drug demecolcine to stall basal cells
in mitosis. Similar to the depletion of G2 cells in the Cdkn1b
condition, we found that Ca2+ signals were abrogated with dem-
ecolcine treatment (Fig. 2, E and F; and Video 4). These data
demonstrate that a homogeneous layer of G2-depleted cells is not
able to initiate coordinated Ca2+ signaling.

We next tested the opposite scenario and enriched for G2
cells by treatingmice with the drugMitomycin C (MMC). Unlike
mice enriched for G1 or mitotic cells, we observed normal spa-
tiotemporal patterns of Ca2+ signaling in G2-enriched mice,
similar to DMSO vehicle-treated controls (Fig. 2, E and F; and
Video 5). GSTH also revealed smooth PHATE trajectories (Fig. 2 G).
To quantitatively compare the topology of the PHATE plots of
G2-enriched signaling, we plotted persistence diagrams for
each PHATE time trajectory (Fig. S5, A’ and B’). The G2-
enriched datasets showed H1 features (loops) were formed
and closed at later thresholds, reflecting the smoothness of the
time trajectory and spatiotemporal coordination of the signal-
ing, like the controls. We next quantified Wasserstein distances
(a way to measure differences in topology between trajectories)
between the MMC, Cdkn1b, and control trajectories (Fig. S5 C).
The Wasserstein distances within the MMC G2-enriched and
DMSO control groups were small, signifying similar PHATE
trajectories (hence similar signaling patterns). However, the
Wassertein distances between the Cdkn1b G2-depleted and
genetic control groups were large, indicating different signal-
ing patterns. These data demonstrate that the epidermal stem
cell pool requires G2 cells to generate normal levels of coordi-
nated Ca2+ signaling across the epidermal stem cell layer.

We wondered what molecular differences could characterize
G2 cells and allow them to regulate Ca2+ signaling in this way. As
a starting point, we analyzed single-cell RNA sequencing data
(Cockburn et al., 2022) to compare gene expression of Ca2+

signaling pathway genes between different cell cycle stages in
epidermal basal cells. We found that, of 232 Ca2+ signaling
pathway genes, Calm2 was the most prominently upregulated
Ca2+ signaling pathway gene in G2/M cells, which could be an
interesting target for further investigation (Fig. S6, A and B; and
Table S1). Together, these results reveal that G2 cells carry out
Ca2+ dynamics with more uniform spatiotemporal character-
istics and that G2 cells are essential for coordinated Ca2+ sig-
naling activity in the stem cell compartment.
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Cx43 orchestrates Ca2+ signaling at large scales, but not within
local neighborhoods
Our findings have established a role for the cell cycle phase in
the regulation of Ca2+ signaling, yet we lack an understanding of
the molecular mediators for long-range coordination of Ca2+

dynamics during epidermal regeneration. Gap junctions are
known mediators of Ca2+ signaling in epithelial tissues, directly
linking the cytoplasm of neighboring cells (Laird, 2010; Churko
and Laird, 2011). To determine how cells within the basal stem
cell layer are connected to their neighbors via gap junctions, we

stained for connexin 31 (Cx31) and Cx43, the two most highly
expressed connexins in this layer (Kretz et al., 2003; Martin and
van Steensel, 2015). We observed high levels of Cx43 gap junc-
tions comparedwith Cx31 (Fig. 3 A). Interestingly, we found that
the localization of Cx43 gap junctions to cellular junctions was
highly heterogeneous from cell to cell. We examined Cx43 dis-
tribution via immunofluorescence at different stages of the cell
cycle in the homeostatic epidermis of cell cycle reporter mice
(R26p-Fucci2) and found that stem cells display a gradient of
junctional Cx43 expression as they pass through different cell

Figure 2. G2 cells are necessary for Ca2+ signaling activity in the stem cell layer. (A)Max intensity projection of 30-min recording of the epidermal basal
layer of Ca2+-sensor mouse with a cell cycle reporter (K14-Cre; CAG-LSL-GCaMP6s; R26p-Fucci2). Only the mCherry-hCdt1 expression is visible marking G1 and S
cells in grayscale. Color scale indicates GCaMP6s signal across time. Scale bar: 25 µm. (B) Representative PHATE plot of cell embeddings. Each dot represents a
single cell; its position in space represents the similarity of its Ca2+ signaling pattern to other cells’ signaling; each cell/node is colored by its cell cycle state
based on the thresholded Fucci signal. (C) Representative traces of Ca2+ activity (normalized GCaMP6s fluorescence intensity over time) in G1/S cells versus G2
cells. (D) Representative example of a mitotic cell with lack of Ca2+ signaling in live mice. Mitosing cells were identified via mitotic spindles via the nuclear H2B
signal. Scale bar: 10 µm. (E) Representative max intensity projection of 30-min recording of the basal layer of control, G2-depleted, and G2-enriched Ca2+-
sensor mice. Color scale indicates GCaMP6s signal across time. Cdkn1b mice imaged 3 d after induction. MMC- and demecolcine-treated mice imaged 2 d after
treatment. Scale bar: 25 µm. (F) Total Ca2+ events identified in G2-depleted cdkn1b mice (stalled in G1), G2-enriched MMC-treated mice, and G2-depleted
demecolcine-treated mice (stalled in mitosis) versus genetic or drug-treated controls. ****P < 0.0001, unpaired two-tailed Student’s t test, n = 8 control and 9
cdkn1b+ movies, **P < 0.01, one-way ANOVA, n = 8 DMSO control, 4 demecolcine, and 4 MMC movies. (G) PHATE time trajectory visualization of Ca2+

signaling in the cdkn1b+ G2-depleted basal layer and MMC-treated G2-enriched basal layer versus control basal layer. G2-depleted mice showed disruption of
the smooth trajectories (representing loss of coordinated patterns of signaling), whereas the G2-enriched basal layer maintained homeostatic patterns.
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cycle phases, with maximal junctional localization in the G1
stage (Fig. 3, B–D). These data show that Cx43 is dynamically
regulated throughout the cell cycle and prompted us to inter-
rogate Cx43 localization in the genetic models and drug treat-
ments from our earlier experiments. Enrichment or depletion of
G1 cells confirmed that Cx43 is most highly localized to cell–cell
junctions in the G1 population (Fig. 3 E) and that Cx43low G2 cells
can carry out homeostatic Ca2+ signaling patterns whether or
not Cx43high G1 cells were present, suggesting that G2-specific
Ca2+ signaling proteins or other connexins could play a role in
coordinating Ca2+ signaling in G2 cells.

Given that Cx43 is highly expressed in most cells in the basal
epidermal layer, we next asked whether Cx43 is essential for
homeostatic patterns of Ca2+ signaling. To address this, we
crossed Cx43 conditional knockout mice (cKO) with a germline
recombined Ca2+-sensor line (K14-CreER; Cx43fl/fl; Rosa26-CAG-
GCaMP6s and K14-CreER; Cx43+/+; Rosa26-CAG-GCaMP6s litter-
mate controls) and performed live timelapse imaging at 1, 5, and
7 d after induction. We first confirmed loss of Cx43 protein
expression within 5 d of recombination (Fig. S7 A). While loss of
Cx43 abolished Cx43 gap junctions, it did not abolish all gap
junctions, as detected by immunofluorescence whole-mount
staining for Cx31 and electron microscopy (Fig. S7, B and C).

Surprisingly, we observed no change in the average number of
Ca2+ events or the distribution of signaling neighborhood sizes
upon loss of Cx43 (Fig. 4, A and B). Temporal color coding frames
of the recordings from the Cx43 cKO mice revealed that Ca2+

signaling neighborhoods were more spatially restricted and sig-
naled more repeatedly in contrast to more dispersed and hetero-
geneous spatial patterns of Ca2+ signaling in the littermate controls
(Fig. 4, C and D; and Video 6). Reflecting this spatial restriction, we
observed an increased frequency of clustered Ca2+ signaling in
Cx43 cKO mice (Fig. 4 E), and loss of Cx43 resulted in a longer
maximal spike duration for transients of Ca2+ signaling across all
neighborhood sizes, most dramatically in single cells and small
neighborhoods of 2–10 cells (Fig. 4 F). While local spread of Ca2+

signals was not abolished, disruption in the spatiotemporal char-
acteristics of local neighborhoods of Ca2+ signaling demonstrated a
role for Cx43 in regulating spatiotemporal Ca2+ signaling dynamics
and prompted us to questionwhether loss of Cx43 affects signaling
coordination at a tissue-wide level.

To address this, we applied GSTH to 30-min recordings from
Cx43 cKO and control mice. We observed a striking loss of
smooth, coordinated Ca2+ signaling time trajectories in the epi-
dermal stem cell pool upon loss of Cx43 compared with litter-
mate control mice (Fig. 4 G and Fig. S8 A). Instead, Ca2+ signaling

Figure 3. Cx43 distribution at junctions is enriched in G1 basal stem cells. (A) Maximum intensity projection of whole-mount immunofluorescence
staining for Cx43 (top in green) and Cx31 (bottom in green) in the basal stem cell layer (Hoechst marking nuclei in magenta). Scale bar: 25 µm. (B) Maximum
intensity projection of whole-mount immunofluorescence staining for Cx43, shown in white, in R26p-Fucci2mice, where G1 and S cells are mCherry+ (magenta)
and S, G2, and M cells are mVenus+ (green). Scale bar: 25 µm. (C) Insets of G1, S, G2, and M cells in Rosa26p-Fucci2 mice with Cx43 immunofluorescence
staining shown in white. Scale bar: 5 µm. (D) Quantification of Cx43 mean fluorescence intensity at the borders of G1, S, G2, and M cells in Rosa26p-Fucci2
mice. *P < 0.05, **P < 0.01, one-way ANOVA, n = 3 control and 3 Cx43 cKO mice. (E) Cx43 whole-mount immunofluorescence staining (white) in G1- and G2-
enriched Rosa26p-Fucci2 mice, where G1 and S cells are mCherry+ (magenta) and S, G2, and M cells are mVenus+ (green). G2 depleted and control (K14-rtTA;
tetO-cdkn1b; R26p-Fucci2 and K14-rtTA; R26p-Fucci2) tissue was collected 3 d after induction. G2-enriched MMC-treated and DMSO-treated control R26p-Fucci2
tissue was collected 2 d after treatment. Scale bar: 25 µm.
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trajectories in the Cx43 mutant mice appeared more scattered
and rougher, showing more rapid changes of signals over the
graph and less connected neighborhoods of intercellular sig-
naling. This was also quantified and reflected by the persistence
diagrams of each trajectory (Fig. S8 B). As a reminder, in per-
sistence diagrams, H0 features represent connected components
and H1 features represent loops. Most loop H1 features in the
Cx43 cKO group appeared and disappeared at earlier stages than
in the controls, reflecting rough trajectories (Fig. S8 C). Finally,

we compared overall Ca2+ signaling patterns by quantifying
Wasserstein distances between the persistence homology plots
of Cx43 cKO and control populations and found that the dis-
tances were large, indicating different patterns (Fig. S8 D),
further demonstrating that loss of Cx43 disrupts long-range
signaling coordination observed at homeostasis. Perturbed tra-
jectories across the stem cell pool were evident as early as 1 d
after the loss of Cx43, suggesting a direct role for Cx43 in Ca2+

signaling regulation. The basal layer is a mix of cells in different

Figure 4. Cx43 is necessary for long-range Ca2+ signaling coordination but not local signaling activity. (A) Total number of Ca2+ signaling events in
control versus Cx43 cKO mice. ns = P > 0.05, unpaired two-tailed Student’s t test, n = 11 (control) and 14 (Cx43 cKO) recordings from at least three mice per
condition. (B) Average neighborhood size of signaling in control versus Cx43 cKO mice. ns = P > 0.05, unpaired two-tailed Student’s t test, n = 11 (control) and
14 (Cx43 cKO) recordings from at least three mice per condition. (C) Max intensity projection of 30-min recordings of the stem cell pool of control and Cx43
cKO Ca2+-sensor mice 5 d after induction (Rosa26-CAG-GCaMP6s; K14-CreER; Cx43+/+ and Rosa26-CAG-GCaMP6s; K14-CreER; Cx43fl/fl). Color scale represents
time. Repeated signaling manifests as a white signal (the sum of colors). Scale bar: 25 µm. (D) Time-course of clustered signaling from 30-min movies of the
stem cell pool of control and Cx43 cKO Ca2+-sensor mice 5 d after induction. Last image on right is max intensity projection with time represented by a color
scale. Scale bar: 25 µm. (E) Ca2+ transients per minute per cell for three patterns of Ca2+ signaling (1 cell, 2–10 cells, or 11+ cells) in control versus Cx43 cKO
Ca2+-sensor mice. ns = P > 0.05, *P = 0.0139, ****P < 0.0001, Mann–Whitney test. (F)Maximal spike duration of Ca2+ transients per cell for three patterns of
Ca2+ signaling (1 cell, 2–10 cells, or 11+ cells) in control versus Cx43 cKO mice 5 d after tamoxifen induction. ****P < 0.0001, Mann–Whitney test.
(G) Representative PHATE visualization of Ca2+ signaling in the Cx43 cKO versus control stem cell pool shows disruption of smooth, directed, and coordinated
patterns of signaling in mice 5 d after loss of Cx43.
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cell cycle stages, and G1 cells make up the majority of the stem
cell layer. We showed earlier that G2 cells are necessary for
proper levels of Ca2+ signaling activity and that G2 cells could
coordinate that signaling with low Cx43 levels via unknown
mechanisms. In a normal tissue environment with many G1
cells, Cx43 gap junctions allow for the connectivity of these cells
and coordination of long-range Ca2+ signaling across the pool of
stem cells in different cell cycle phases. These data uncouple
long range from local communication and identify Cx43 as a
molecular mediator necessary for spatially unrestricted signal-
ing coordination across the basal layer.

G2-regulated Ca2+ signaling feeds back into cell cycle
progression
Our discoveries so far have broadened our understanding of the
organization of stem cell communication via Ca2+ and the upstream
regulatory principles. We next investigated the role of coordinated
Ca2+ signaling within the stem cell layer using a combination of
drug treatment and optogenetic tools to modify Ca2+ dynamics.
Based on previous literature showing a role for Ca2+ signaling in
epithelial regeneration (Gudipaty et al., 2017; Deng et al., 2015), we
examined whether there were changes in cell cycle progression
after perturbation of Ca2+ dynamics. ER Ca2+ stores have been
shown to be essential for epidermal Ca2+ signaling (Foggia et al.,
2006; Callewaert et al., 2003; Celli et al., 2011). We first pharma-
cologically inhibited the activity of the ER-localized pump, sar-
coendoplasmic reticulum Ca2+ ATPase (SERCA), with topical
thapsigargin treatment. Depletion of ER Ca2+ stores leads to acti-
vation of store-operated calcium entry (SOCE) as the stromal in-
teractionmolecule (STIM) senses depletion and opens the Orai Ca2+

channel (Berridge, 2016). As a result, we observed a rapid increase
in Ca2+ dynamics within the basal stem cell layer after thapsigargin
treatment (Fig. 5, A–C). We also treated cell cycle reporter mice
(R26p-Fucci2) with thapsigargin.We quantified the number of green
cycling S, G2, and M cells across large regions, finding that thap-
sigargin treatment increased the number of cycling cells just 8 h
after treatment (Fig. 5 D and Fig. S9 A).

Conversely, we dampened total Ca2+ dynamics by continu-
ously activating optogenetic channelrhodopsin-2 (ChR2) mice
(K14-CreER; CAG-LSL-ChR2; CAG-GCaMP6s) with a blue LED light
or the two-photon microscope’s 920 nm Vision laser for 1 h
(Fig. 5, E–G). Opposite from when we increased the dynamics
of Ca2+ signaling, flooding epidermal cells continuously with
Ca2+ ions via optogenetic activation of the plasma membrane–
localized ChR2 ion channel abrogated dynamics and led to a
drop in the number of cycling S/G2/M cells detected 24 h later
by flow cytometry (Fig. 5 H; and Fig. S9, B–E). These experi-
ments show that Ca2+ signaling regulates cell cycle progression
within the basal stem cell layer. This may be part of a positive
feedback loop, where G2 cells are necessary for the initiation of
normal levels of Ca2+ signaling, and this Ca2+ signaling promotes
cell cycle progression in the basal stem cell layer (Fig. 6 A).

Discussion
As a general principle, regenerative tissues must orchestrate
many types of cellular decisions across an ever-changing

environment. The role of Ca2+ in proliferation, a fundamental
property of regenerative tissues, was discovered more than 50
yr ago (Balk, 1971). However, the characteristics and regulation
of Ca2+ signaling across a complex, multicellular regenerative
tissue during homeostasis remains unclear. In this study, we set
out to understand how cells orchestrate intercellular Ca2+ sig-
naling in the unperturbed epithelial stem cell pool. More
broadly, we aimed to understand how regenerative tissues in-
tegrate information flow across multiple scales to carry out
essential homeostatic behaviors.

Most studies to date have used static analysis, perturbed
conditions (such as skin explants), or in vitro models to study
Ca2+ signaling within the epidermal stem cell pool (Celli et al.,
2021; Elias et al., 1998; Tsutsumi et al., 2009; Denda and Denda,
2007). In this study, we developed a unique approach to inter-
rogate and resolve Ca2+ dynamics in vivo. By tracking thousands
of epidermal stem cells through fast live imaging in the adult
mouse skin (Rompolas et al., 2016) in combination with unsu-
pervised machine learning methods to enable the analysis of
single-cell Ca2+ dynamics, we observed a new unexpected par-
adigm of homeostatic Ca2+ signaling flow that is coordinated and
nonrandom across the epidermal stem cell population.

We identified two levels of regulation that coordinate local
signaling patterns within the stem cell compartment and enable
directed signal flow at long distances. First, we observed that G2
cells are necessary for coordinated signaling activity. Second,
we found that neighboring G1 cells use Cx43 gap junctions to
connect Ca2+ signaling neighborhoods across the whole-stem
cell compartment. Finally, we uncovered a functional role for
coordinated Ca2+ signaling, revealing that it acts as a positive
feedback loop for cell cycle progression within the stem cell
compartment.

Our comprehensive quantification of local patterns of Ca2+

signaling within the basal stem cell compartment reinforced the
existence of Ca2+ signaling activity within this pool of cells
during homeostasis without perturbation (Murata et al., 2018).
These findings established that local patterns of Ca2+ signaling
across neighborhoods of 1–10 cells are prevalent across a pool of
heterogeneous stem cells, distinct from larger intercellular Ca2+

waves (ICWs) in epithelial sheets that are often a focus of at-
tention in other systems.

Further, we were able to investigate the spread of informa-
tion across multiple scales by developing GSTH. Importantly,
GSTH, a data-driven, unsupervised approach, is highly versatile
and can be applied in the future to imaging data with any mo-
lecular sensor and across tissues with widely different geome-
tries. GSTH revealed smooth trajectories over time for Ca2+

signaling data from the basal stem cell pool, uncovering an
emergent property of long-range spatiotemporally coordinated
information flow. Our applications of GSTH to explore and un-
derstand dynamic cellular signaling open a new realm of pos-
sibilities for understanding not only the molecular signaling
pathways that underpin regenerative processes in homeostatic
and perturbed tissue environments but also any cellular sig-
naling system beyond tissue regeneration.

Our study characterizes the constituent states of the cells
within the stem cell layer, finding that stem cells communicate
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Figure 5. Coordinated Ca2+ signaling regulates entrance into the cell cycle. (A) Time-course of signaling from 30-min movies of the stem cell pool of
DMSO control- and thapsigargin-treated Ca2+-sensor mice 0.5–2 h after treatment. Scale bar: 25 µm. (B) Representative max intensity projection of 30-min
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cohesively with their differentiation-committed neighbors, as
both populations remain competent to proliferate and respond
to tissue demands. Using a new genetic reporter for an early
differentiation marker (K10), we show that K10-reporter-posi-
tive differentiation-committed cells and K10-reporter-negative
stem cells participate equally in Ca2+ signaling, although they
display subtly different spatiotemporal dynamics. These results
demonstrate that the basal layer, as the stem cell compart-
ment, is cohesive in its signaling dynamics and long-range
communication.

While Ca2+ signaling has been linked to cell proliferation in
developmental and regenerative contexts (Gudipaty et al., 2017;
Deng et al., 2015), the relationship between cell cycle progres-
sion and Ca2+ signaling in living animals is poorly understood.
We found that when cells are in G2, they display Ca2+ signaling
patterns that are more similar to each other across spatial and
temporal dimensions than when they are in G1 or S. These
findings complement recent work in the adult Drosophila mela-
nogaster intestine that find fate-specific characteristics of Ca2+

dynamics (Kim et al., 2022). Additionally, we found that these
G2 cells are essential for tissue-level signaling coordination, in
the sense that when the stem cell layer is depleted of G2 cells,
smooth signaling dynamics are disrupted and overall signaling
activity is lower. We did not uncover the molecular mechanism
that G2 cells employ within the tissue to achieve homeostatic
levels of Ca2+ signaling; however, our analysis of cell cycle–
specific transcription of Ca2+ signaling pathway genes is a
starting point for further investigation.

Our discovery that Cx43, a molecular player implicated in the
past as an on/off switch for intercellular Ca2+ signaling, is nec-
essary for long-range coordination of Ca2+ signaling across the
stem cell compartment but not for local clusters of Ca2+ tran-
sients revealed a complex role for Cx43 gap junctions in this
compartment. This contrasts with other work in this context,
which has often used drug treatments to target gap junctions
and then looked at Ca2+ signaling dynamics, showing disruption
of all intercellular Ca2+ signaling. Therefore, our results build
upon recent work (Ho et al., 2021) proposing a more nuanced role
of gap junctions in mediating global communication across stem
cell pools and suggest that Cx43 plays a unique role in coordinating
information flow across this community of stem cells. Importantly,
other molecular regulators, including other gap junction proteins
such as Cx31,may compensate for the loss of Cx43 to carry out local
patterns of Ca2+ signaling and allow G2 cells to coordinate Ca2+

signaling in the absence of Cx43high G1 cells.
To our knowledge, our study represents the first time that

stem cell progression through the cell cycle and Ca2+ signaling have
been studied in conjunction in vivo. Additionally, while analysis of
individual epidermal stem cells gives the impression of localized
and random bursts across neighborhoods of 1–10 cells, our global
analysis shows an underlying long-range and time-directed coor-
dination of Ca2+ signaling across thousands of cells. Together, our
results provide insight into how a heterogeneous pool of stem cells
carry out different roles to regulate a molecular pathway at a large
scale and maintain proper homeostasis, new concepts to the fields
of both regenerative biology and Ca2+ signaling.

recordings of the basal layer of DMSO control and thapsigargin treated Ca2+-sensor mice, showing increased Ca2+ dynamics in the hours after thapsigargin
treatment. Color scale indicates GCaMP6s signal across time. Scale bar: 25 µm. (C) Total Ca2+ events identified in thapsigargin-treated mice versus DMSO
treated controls. *P = 0.0417, unpaired two-tailed Student’s t test, n = 5 control movies and 5 thapsigargin movies. (D) Number of cycling S, G2, and M cells in
the basal stem cell layer of R26p-Fucci2 mice 8 h after treatment with thapsigargin or DMSO vehicle control. **P = 0.0083, unpaired two-tailed Student’s t test,
n = 6 250 × 250 µm regions from each of the 11 thapsigargin-treated and 10 DMSO vehicle-treated mice. (E) Time-course of signaling from 30-min movies of
the stem cell pool of control and ChR2 optogenetic Ca2+-sensor mice during blue light activation. Scale bar: 25 µm. (F) Representative max intensity projection
of 30-min recordings of the basal layer of control and ChR2 optogenetic Ca2+-sensor mice during light activation, showing increased resting Ca2+ levels. Color
scale indicates GCaMP6s signal across time. Scale bar: 25 µm. (G) Total Ca2+ events identified in light-activated ChR2 mice versus genetic controls. **P =
0.0049, unpaired two-tailed Student’s t test, n = 2 control and 5 ChR2 mice. (H) Quantification of epidermal single cell suspensions processed from ears of
either K14CreER; CAG-LSL-ChR2 or control (CAG-LSL-ChR2) mice 10 d after induction with 2 mg of tamoxifen and 24 h after exposure to 1 h of constant blue LED
light. Cells were gated using a basal marker (anti-CD49f) and stained with Vybrant DyeCycle Violet Stain to determine the cell cycle stage (G1 or S/G2/M). The
results show a decrease in basal cells entering S/G2/M in K14-CreER; CAG-LSL-ChR2 mice compared to controls. *P = 0.0356, unpaired two-tailed Student’s
t test, n = 4 mice per experimental and control groups.

Figure 6. G2 cells control Ca2+ signaling within the epidermal stem cell layer, which feeds back into cell cycle progression. (A) Model depicting the
cellular and molecular regulators of Ca2+ signaling and the role of Ca2+ signaling in controlling cell cycle progression.
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Limitations of the study
In this study, we increased or decreased intracellular Ca2+ dy-
namics in a global manner across the stem cell compartment to
assess the role of coordinated Ca2+ signaling at a population
level. Further development of optogenetic tools to locally control
intracellular Ca2+ dynamics will allow for deeper investigation
into the relationship between Ca2+ signaling and cell cycle pro-
gression. Finally, drug treatments can be pleiotropic and the
absorption into the skin of different drugs is quite variable. This
issue was addressed by using a combination of drug treatments
and genetic mouse models throughout the study.

Materials and methods
Mice and experimental conditions
K14-Cre (Vasioukhin et al., 1999) mice were obtained from E.
Fuchs (Rockefeller University, New York, NY). Rosa26p-Fucci2
(Abe et al., 2013) mice were obtained from S. Aizawa (RIKEN,
Tokyo, Japan). K10-rtTA (Muroyama and Lechler, 2017) mice
were obtained from T. Lechler (Duke University, Durham, NC).
K14-H2B-mCherry mice were generated in the laboratory and
described previously (Mesa et al., 2015). Cx43fl/fl (Calera et al.,
2006; Liao et al., 2001), Rosa26-CAG-LSL-GCaMP6s (Madisen
et al., 2015), Rosa26-mTmG (Muzumdar et al., 2007), Sox2-Cre
(Hayashi et al., 2002), K14-CreER (Vasioukhin et al., 1999), K14-
rtTA (Xie et al., 1999), tetO-Cdkn1b (Pruitt et al., 2013), Rosa26-
CAG-LSL-hChR2(H134R)-tdTomato-WPRE (Madisen et al., 2012),
and Col1a1-tetO-H2B-mcherry (Egli et al., 2007) mice were ob-
tained from The Jackson Laboratory. All mice were bred to a CD1
background.

Germline recombined Rosa26-CAG-GCaMP6s mice were gen-
erated by crossing Rosa26-CAG-LSL-GCaMP6s to Sox2-Cre mice.
To block the cell cycle progression of epithelial cells during G1,
Rosa26-CAG-GCaMP6s mice were mated with K14-rtTA; tetO-
Cdkn1b mice (Rosa26-CAG-GCaMP6s; K14-rtTA; tetO-Cdkn1b) and
given doxycycline (1 mg ml−1) in potable water with 1% sucrose
between P45 and P60. Doxycycline treatment was sustained
until imaging was performed 3 d later. Siblings without the tetO-
Cdkn1b allele (Rosa26-CAG-GCaMP6s; K14-rtTA) were used as
controls. To visualize Ca2+ dynamics in K10+ differentiation-
committed cells, Rosa26-CAG-GCaMP6s; K10-rtTA; Rosa26-Col1a1-
tetO-H2B-mCherry mice were given doxycycline (1 mg ml−1) in
potable water with 1% sucrose between P45 and P60. Doxy-
cycline treatment was sustained until imaging was performed
4 d later.

Mice from experimental and control groups were randomly
selected from either sex for live imaging experiments. No
blinding was done. All procedures involving animal subjects
were performed under the approval of the Institutional Animal
Care and Use Committee (IACUC) of the Yale School ofMedicine.

In vivo imaging
Imaging procedures were adapted from those previously de-
scribed (Pineda et al., 2015). All imaging was performed in distal
regions of the ear skin during prolonged telogen, with hair re-
moved using depilatory cream (Nair) at least 2 d before the start
of each experiment (except in the case of drug treatments, when

depilation was performed immediately before topical drug ap-
plication). Mice were anesthetized using an isoflurane chamber
and then transferred to the imaging stage and maintained on
anesthesia throughout the course of the experiment with va-
porized isoflurane delivered by a nose cone (1.25% in oxygen and
air). Mice were placed on a 37°C warming pad during imaging.
The ear was mounted on a custom-made stage and a glass cov-
erslip was placed directly against it. Image stacks were acquired
with a LaVision TriM Scope II (LaVision Biotec) laser scanning
microscope equipped with a tunable Two-photon Vision II Ti:
Sapphire (Coherent) Ti:Sapphire laser, tunable Two-photon
Chameleon Discovery Ti:Sapphire laser (Coherent), and Im-
spector Pro (LaVision Biotec, v.7.0.129.0). To acquire serial op-
tical sections, a laser beam (940 and 1,120 nm for mice and
whole-mount staining) was focused through a 20× or 40×
water-immersion lens (NA 1.0 and 1.1, respectively; Zeiss) and
scanned with a field of view of 500 or 304 μm2, respectively, at
800 Hz or through a 25× water-immersion lens (NA 1.0; Nikon)
and scanned with a field of view of 486 μm2 at 800 Hz. Z-stacks
were acquired in 0.5–3 μm steps to image a total depth of up to
100 μm of tissue. Imaging data were acquired with four Ha-
mamatsu non-descanned detectors, two GaAsP high sensitivity
photomultiplier modules (Hamamatsu H7422A-40 and Hama-
matsu H7422-40-LV) for green and far-red emission, and pho-
tomultiplier modules (Hamamatsu H11901-20 and Hamamatsu
H6780-01) for orange and blue emission. Emission colors were
separated through LaVision’s spectral detector utilizing a variety
of dichroic (T495LPXR, T560LPXR, 620LPXR) and bandpass
filters (450/50, 525/50, 610/75, 660/75; Chroma Technology). To
visualize large areas, 2–64 tiles of optical fields were imaged
using a motorized stage to automatically acquire sequential
fields of view. Visualization of collagen was achieved via the
second harmonic signal at 940 nm. Various fluorochromes were
utilized for each experiment, including AlexaFluor 488, Alexa-
Fluor 568, AlexaFluor 647, EGFP, mCherry, tdTomato, and
mVenus. For all timelapse movies, the live mouse remained
anesthetized for the length of the experiment, and serial optical
sections were captured at intervals of 2 s. For revisits, the same
region of live mouse skin was imaged across intervals of mul-
tiple days. Anatomical features and patterns of hair follicles and
collagen were used as landmarks for finding the same skin lo-
cation (see Fig. S1 A).

Image analysis
Raw image stacks were imported into FIJI (ImageJ, National
Institutes of Health [NIH]) for analysis. Individual optical
planes, summed, or max Z stacks of sequential optical sections
were used to assemble figures. To prepare movies where the
nuclear signal bleached over the course of the timelapse, we
used the Fiji Bleach Correction plugin (Miura, 2020), specifying
the Simple Ratio Method. Motion correction of timelapse
movies was performed using NoRMCorre (Pnevmatikakis and
Giovannucci, 2017).

Segmentation of actively signaling cells was performed using
the CaImAn MATLAB package (Giovannucci et al., 2019). In
order to segment all cells in the field of view, including inactive
cells, we used part of the MATLAB package from Romano et al.

Moore et al. Journal of Cell Biology 13 of 20

Cell cycle controls calcium signaling in epidermis https://doi.org/10.1083/jcb.202302095

https://doi.org/10.1083/jcb.202302095


(2017), a watershed segmentation method. We normalized the
fluorescence intensity of each cell at each timepoint to the
minimum fluorescence intensity of that cell as a baseline. From
the normalized fluorescence values for each segmented cell, we
used peak finding in MATLAB (version R2018b) and then fit
Gaussian curves to each peak to be able to quantify spike du-
ration, peak intensity, frequency of flashing, etc. To quantify the
neighborhood size of clustered signaling, we created a graph for
each timelapse, where each node represented one segmented,
spiking cell. We connected nodes that represented cells spiking
directly adjacent to one another (spatial neighbors) within 10 s
of each other (temporally correlated). We then counted the
number of connected nodes to quantify the size of each signaling
neighborhood.

To analyze Cx43 immunofluorescence staining in whole-
mount tissue from R26p-Fucci2 mice, epidermal basal cells
were hand-segmented using the freehand line function in FIJI
with a line width of 10 pixels to account for only the punctate
Cx43 signal around each cell. Cx43 fluorescence intensity was
measured as the mean fluorescence intensity in each defined
circle.

Image correlation coefficients were calculated between two
images to compare the similarity between the images (Marsh
et al., 2018). Positive image correlation coefficients represent a
high overlap of signal, with identical images producing an image
correlation coefficient of r = 1.0. Negative correlation co-
efficients mean that the signal in one image correlates with the
absence of the signal in the second. Zero correlation is no cor-
relation (50% of the signal overlaps between two images and
50% of the signal does not overlap). A Python script module, run
through FIJI, was used to calculate the 2D correlation coefficient
between two images.

Whole-mount staining
Ear tissue was incubated epidermis side up in 5 mg ml−1 Dispase
II solution (4942078001; Sigma-Aldrich) at 37°C for 15 min and
the epidermis was separated from dermis using forceps. The
epidermis was fixed in 4% paraformaldehyde in PBS for 15 min
at room temperature, washed, and blocked with 0.2% Triton X-
100, 5% normal donkey serum, and 1% BSA in PBS. The samples
were then incubated with primary antibodies for 12 h at 4°C and
with secondary antibodies for ∼2 h at room temperature. Primary
antibodies usedwere as follows: purifiedmouse anti-Connexin 43,
C-terminal, clone P4G9 (1:100; MABT901; Sigma-Aldrich), rabbit
anti-Connexin 30.3 polyclonal antibody (1:100; 40-0900;
Thermo Fisher Scientific), rabbit anti-Connexin 26 polyclonal
antibody (1:100; 71-0500; Thermo Fisher Scientific), rabbit
anti-Connexin 31 polyclonal antibody (1:100; 36-5100; Thermo
Fisher Scientific), guinea pig anti-K10 (1:200; GP-K10; Progen),
and rabbit anti-pH3 (1:300; 06-570; Millipore). All secondary
antibodies used were raised in a goat host and were conjugated
to AlexaFluor 488, 568, or 647 (Thermo Fisher Scientific). In
some cases, tissue was then incubated with Hoechst 33342 (1:
500; H3570; Becton Dickinson) for 15 min and then washed
with blocking solution. Finally, the tissue was mounted with
Vectashield Anti-fade mounting medium (Vector Laboratories)
or SlowFade Diamond Antifade Mountant (Thermo Fisher

Scientific) and a #1.5 coverslip and imaged on a LaVision TriM
Scope II as described in In vivo imaging.

Tamoxifen induction
To induce the expression of membrane-GFP and/or loss of Cx43
expression, K14-CreER; Cx43fl/fl; mTmGmice or K14-CreER; Cx43fl/fl

mice were given three doses of tamoxifen (2 mg in corn oil) 3, 4,
and 5 d before imaging or tissue collection by intraperitoneal
injection. To observe phenotypes of the total loss of Cx43 just 1 d
after recombination, we also topically applied 0.01 mg (Z)-4-
hydroxytamoxifen (4-OHT) in an ethanol-vaseline slurry to the
ear of Rosa26-CAG-GCaMP6s; K14-CreER; Cx43fl/fl or Rosa26-CAG-
GCaMP6s; K14-CreER; Cx43+/+mice 1 d before the start of imaging.

Topical drug treatment
To stall cells as they transition from S to G2 phase of their cell
cycles, MMC (Tomasz, 1995) was delivered topically to the ear
skin. MMC was dissolved in a 15 mg ml−1 stock solution in di-
methyl sulfoxide (DMSO) and then diluted 100 times in 100%
petroleum jelly (Vaseline; final concentration is 150 mg ml−1).
100 μg of the mixture of the MMC and the petroleum jelly was
spread evenly on the ear 1 and 2 d before imaging. A mixture of
100% DMSO in petroleum jelly (1:100) was used as vehicle
control. Demecolcine was used to block microtubule polymeri-
zation (Rieder and Palazzo, 1992). Demecolcine was dissolved in
25 mg ml−1 stock solution in DMSO and delivered as described
for the MMC treatment.

To block SERCA activity and activate SOCE, mice were
treated with thapsigargin or DMSO vehicle control. Thapsi-
gargin was dissolved in a 25mgml−1 stock solution in DMSO and
then diluted 100 times in 100% petroleum jelly (Vaseline; final
concentration is 250 mg ml−1). 100 μg of the mixture of thap-
sigargin and petroleum jelly was spread evenly on the ear of the
anesthetized mouse 30 min (Ca2+ imaging experiments) or 8 h
(cell cycle experiments) before imaging. A mixture of 100%
DMSO in petroleum jelly (1:100) was used as vehicle control.

Transmission electron microscopy
Ear skin tissue from K14-CreER; Cx43fl/fl mice 5 d after tamoxifen
induction and matching controls were fixed in a buffer. Samples
were postfixed with 1% osmium tetroxide, dehydrated through a
graded series of ethanol, and embedded in Epon (Electron Mi-
croscopy Sciences). Thin sections (70 nm) were cut on a Leica
EM UC7 and collected on formvar-coated slot grids (Electron
Microscopy Sciences). Sections were stained with 5% Uranyl
acetate in 50:50 methanol:water, rinsed, and then stained with
lead citrate, ready to use (Electron Microscopy Sciences). They
were imaged with a Hitachi H-7650 transmission EM at 80 kV.

Analysis of single-cell RNA sequencing data
To compare gene expression of Ca2+ signaling pathway genes
between different cell cycle stages, we used a previously pub-
lished integrated single-cell RNA-sequencing dataset con-
sisting of interfollicular epidermal cells from mouse dorsal
skin (Cockburn et al., 2022). In brief, this dataset includes an-
notations for basal and suprabasal cell populations (based on
ITGA6 sorting) and cell-cycle stages based on a previously
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published list of cell cycle markers (Tirosh et al., 2016). For
subsequent analysis, only basal cells were included. Using
Scanpy (Wolf et al., 2018), log-normalized counts of Ca2+ sig-
naling pathway genes were grouped by cell cycle stage to gen-
erate gene expression heatmaps. We used the Kyoto
Encyclopedia of Genes and Genomes (KEGG) annotation data-
base’s Ca2+ signaling pathway genes, plus some select genes from
the literature, to create our Ca2+ signaling pathway gene list.

Optogenetic activation
To activate Channelrhodopsin-2 (ChR2) (K14-CreER; Rosa26-CAG-
LSL-ChR2; n = 4) mice for the cell cycle experiment, we anesthe-
tized them along with littermate controls (Rosa26-CAG-LSL-ChR2;
n = 4) with 100 μl per 12 g of body weight of rodent cocktail (15 mg
ml−1 ketamine; 1 mg ml−1 Xylazine) 10 d after receiving three in-
traperitoneal injections of tamoxifen (2mg in corn oil per day for 3
consecutive days). We then placed them in a cage with a strip of
blue LED lights 1 cm from their ears for 60 min. To activate ChR2
(K14-CreER; Rosa26-CAG-LSL-ChR2; Rosa26-CAG-GCaMP6s) mice for
the Ca2+ imaging experiment, we injected them along with lit-
termate controls (Rosa26-CAG-LSL-ChR2; Rosa26-CAG-GCaMP6s)
with three intraperitoneal injections of tamoxifen (2mg in corn oil
per day) for 3 consecutive days. A week later, we simultaneously
imaged and activated these mice with the two-photon micro-
scope’s 920 nm Vision laser.

Flow cytometry
Epidermal single-cell suspensions were prepared from ears of
ChR2 (K14-CreER; Rosa26-CAG-LSL-ChR2; n = 4) mice and litter-
mate controls (Rosa26-CAG-LSL-ChR2; n = 4) 24 h after exposure
to blue light for flow cytometry with a protocol adapted from
previously described methods (Mohammed et al., 2016). Briefly,
single-cell suspensions of epidermal cells were obtained from
ear skin and incubated for 30 min at 37°C in 0.3% trypsin
(Sigma-Aldrich) in 150 mM NaCl, 0.5 mM KCl, and 0.5 mM
glucose. The epidermis was separated from the dermis with
tweezers, minced, and the resulting cells were crushed and fil-
tered through a 70 μm filter. All samples were pretreated with
rat serum (Sigma-Aldrich) and incubated with anti-CD49f (1/
100; 313610; Biolegend) for 30 min at 4°C. The samples were
then washed with Hanks’ balanced salt solution (HBSS; 14170-
112; Gibco) centrifuged at 300 g for 5min at 4°C and resuspended
in Vybrant DyeCycle Violet Stain (V35003; Invitrogen) at a final
concentration of 2.5 μM in HBSS. The cells were stained for
30min protected from light at 37°C and then immediately run on
a Becton Dickinson LSRII outfitted with Diva software v8.0.1,
and the data were analyzed using Flowjo v10.6.2.b.

Statistics and reproducibility
Statistical analyses were performed using GraphPad Prism
(version 9.2) software (GraphPad, Inc.). Statistical parameters
are reported in figure legends. Statistical comparisons were
made using an unpaired two-tailed Student’s t test, Mann–
Whitney test, or the one-way analysis of variance (ANOVA) with
multiple comparison’s test. Differences between the groups
were considered significant at P < 0.05 and the data are pre-
sented as means ± SD, except for the violin plots, which show the

median and quartiles as dashed lines. Data distribution was as-
sumed to be normal, but this was not formally tested.

GSTH
Consider the problem of representing a signal on a set of cells,
e.g., epidermal stem cells arranged in planar spatial patterns. If
we simply describe the signals as a vector of values indexed by
cells in some order, then we would not be able to compare sig-
naling patterns from different tissues, as specific cellular co-
ordinates are not matched between tissues. Therefore, the
signaling description has to be invariant to permutations in cell
indexing, shifts in the signal, and even differences in the
number of cells. To address this issue, in classic signal pro-
cessing, researchers use frequency domain descriptions, such
as the Fourier transform (FT), which describes the periodicity
rather than the time- or space-specificity of signals. With the
prevalence of graph-structured data, there is an emerging field
of graph signal processing (Shuman et al., 2013), in which re-
searchers have invented the analogous graph Fourier transform
(GFT; Sandryhaila and Moura, 2013). In our case, the graph
consists of cells as vertices, and edges are determined by
physical adjacency. However, the GFT (and the FT) is usually
only suitable for describing signals with global periodic pat-
terns. More localized signaling patterns can be described using
wavelet transforms. We developed GSTH (Bhaskar et al., 2023
Preprint), based on the graph wavelet transform (Coifman and
Maggioni, 2006), to capture both localized and diffuse signaling
patterns across the cellular graph. It consists of four steps
(Fig. 1 K, top), which are explained below:

Step 1
The first step of GSTH consists of defining a graph on which the
Ca2+ is regarded as a static node signal for each timepoint. For
the epithelial cells, we defined a nearest-neighbors graph G =
{V,E} with each vertex vi e V being a cell, and an edge (vi, vj) e E
if the cells vi and vj are spatially adjacent. The connectivity of
this cell graph G can be described by its adjacency matrix A,
where Aij = 1 if vi and vj are connected (i.e., (vi, vj) e E) and 0
otherwise (Fig. 1 K, step 1). The vertex degrees are collected in a
degree matrix D, with Dii �

Pi
j�1

Aij. The Ca2+ signaling level of the
cell is regarded as a signal x defined on the graph, i.e., each
vertex vi in the graph has an activation value x(vi, t) repre-
senting the level of Ca2+ signaling at time t. From here on, this
graph is referred to as the cellular graph.

Step 2
The second step is to derive a mathematical descriptor of the
cellular signaling pattern defined in step 1. We utilize the geo-
metric scattering transform (Fig. 1 K, step 2a), which is a gen-
eralization of scattering transforms to graphs, to embed each
timepoint. The geometric scattering transform consists of a
cascade of graph wavelet transforms followed by a nonlinear
modulus operation applied to graph signals and is built in a
multilayer (or multiorder) architecture, each extracting finer
descriptions of signals. Graph wavelets, in turn, are defined
using a diffusion operator (or equivalently a random walk op-
erator) on the graph and are essentially a difference between

Moore et al. Journal of Cell Biology 15 of 20

Cell cycle controls calcium signaling in epidermis https://doi.org/10.1083/jcb.202302095

https://doi.org/10.1083/jcb.202302095


signal diffusions of different time steps on the graph. Thus, we
first define a diffusion operator R � 1

2 I + AD−1( ), where A and D
are the graph adjacency matrix and degree matrix, respectively,
from step 1 and I is the identity matrix. This diffusion operator
computes the probability of a lazy random walk, starting from
any vertex and ending in another vertex in t steps, where each
step (from one vertex to another) has a probability proportional
to its adjacency and inversely to the degree. Hence, the t-th power
of R, Rt, represents the probability distribution after t steps. Based
on this operator R, we can then define a graph wavelet of dif-
ferent scales as follows (Coifman and Maggioni, 2006):

Ψ0 � I − R , Ψj � R2j−1 − R2j � R2j−1(I − R2j−1) , j ≥ 1 . (1)

By using multiple wavelet scales Ψj1,Ψj2,Ψj3…, the operators
can thus be used to extract multilevel signal information from
the graph. We then calculate the scattering transform S(x) at
different orders, which yields a collection of scattering co-
efficients S(x(t)) as overall cellular signaling pattern embeddings
for timepoint t. Specifically, the zeroth-order scattering trans-
form calculates the local averaging of raw signals x(ti) at vertex/
cell vl and is obtained by:

S0(x(vl, ti)) � R2J x(vl, ti) (2)

The resulting scattering coefficients S0(x(vl, ti)) for every
vertex/cell at timepoint ti are then concatenated to form the
zeroth-order scattering coefficients S0(x(ti)) for timepoint ti.
While the diffusion operator R provides local averaging of
neighboring cell patterns, it also suppresses high-frequency
information. We can further calculate the first-order scat-
tering coefficients to retrieve fine-grained descriptions of
high-frequency information. This is achieved by applying
graph wavelets described above:

S1(x(j, vl, ti)) � R2J |Ψjx(vl, ti)|, 1 ≤ j ≤ J, (3)

Similarly, the zeroth-order and first-order scattering co-
efficients can be further complemented by the second-order
scattering coefficients:

S2(x(j, j’, vl, ti)) � R2J |Ψj’|Ψjx(vl, ti)||, 1 ≤ j < j’ ≤ J (4)

Finally, we concatenate the zeroth-order, first-order, and
second-order scattering coefficients to form the timepoint em-
bedding S(x(ti)) for timepoint ti.

Step 3
In the third step, we reduce the descriptors of signaling patterns
of each timepoint S(X(t)) from step 2 into a low-dimensional
trajectory E, where E � {et1, et2,…, etn} with each ei correspond-
ing to a low-dimensional PHATE embedding of timepoint ti. This
is achieved by applying PHATE, a dimensionality reduction
method that captures both local and global nonlinear structures
by constructing a diffusion geometry (Moon et al., 2019). The
advantage of PHATE over other methods is that it retains tra-
jectory structure and global distances as opposed to stochastic
neighbor embeddings, such as UMAP and t-SNE, which tend to
shatter trajectory structure. Once we apply PHATE, we can re-
duce the high-dimensional scattering coefficients S(X(t)) for
each timepoint into the 3D PHATE embedding coordinates

E(t) � (E1(xt), E2(xt), E3(xt)) The collection of these timepoints
forms a low-dimensional trajectory E � E t1( ), E t2( )…, E tn( ){ },
allowing visualization of the temporal dynamics of cells sig-
naling (Fig. 1 K, step 3a).

Step 4
Finally, to quantify features of the trajectories E obtained in step
3 (e.g., to compare the existence of loops or holes in the trajec-
tories), we quantify their shape using persistent homology, a
topological data analysis method (Fig. 1 K, step 4a). In persistent
homology calculations, data is gradually coarse-grained by
merging nearby points, and at each level of granularity, a graph
(or simplicial complex in higher dimensions) of the data is
quantified by counting the number of connected components,
cycles, and potentially higher-dimensional “holes” (Carlsson,
2009). The gradual coarse-graining is referred to as “filtra-
tion.” Here, we use a filtration method known as the Vietoris-
Rips filtration, where we create connections between two points
ei and ej in the trajectory if the points are closer than a threshold
e, measured using the Euclidean distance on the embedding. The
threshold e is gradually increased, ranging from 0 to ∞, until all
points are connected in a fully connected graph.

We visualize the results in two ways: first, we calculate a
persistence diagram Q that tracks the birth and death of each
topological feature that occurs during the filtration process,
i.e., it contains a point at (ei, ej) for each connected component
(for instance) that is created at threshold ei and destroyed
(i.e., merged) at threshold ej. Persistent homology is still under-
explored in data science, but it is a robust tool for analyzing the
shape features of datasets across multiple scales with guaranteed
stability properties, i.e., ensuring small changes in the input data
lead to small changes in the homological features (Cohen-Steiner
et al., 2007). For instance, we can differentiate between
smoother trajectories (which will only contain large cycles ap-
pearing at later granularities, i.e., higher values of e) versus
rougher trajectories (where cycles can get created and destroyed
at smaller values of e). Moreover, dynamic trajectories from
different mice can be readily compared using well-defined dis-
tance metrics between the corresponding persistence diagrams.
Here, we use the 2-Wasserstein distance (Cohen-Steiner et al.,
2010) to quantitatively compare persistence diagrams obtained
from PHATE trajectories. The Wasserstein distance between
persistence diagrams Q1 and Q2 measures the minimum cost
required to transport points in one diagram to the other:

W2(Q1,Q2) � inf
m:Q1 →Q2

 X
q1 2Q1

‖ q1 −m(q1)‖m
! 1

m

. (5)

The transportation cost ismeasured by the Euclidean distance
between matching pairs of points, and the overall cost is mini-
mized by finding the best matching function. In other words,
Wasserstein distance measures the minimum amount of energy
required to transform one persistence diagram into the other.

A second way to visualize the results is through the so-called
Betti curves that are associated with a persistence diagram Q,
resulting in a simple summary curve B(Q,q) for the persistence
diagram in dimension q. More precisely, the Betti curve of
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dimension q of a diagram Q refers to the sequence of Betti num-
bers, i.e., active topological features, of dimension q inQ, evaluated
for each threshold e. It is a useful descriptor for numerous
machine-learning tasks (Rieck et al., 2020). Intuitively, the Betti
numbers represent the number of q-dimensional holes in a to-
pological space. Therefore, the Betti curve characterizes the con-
nectivity of VRs(E) and, by extension, of the Ca2+ signaling data.

GSTH-based cell embeddings
In addition to the time trajectory, we also create embeddings of
the cells (henceforth referred to as the cell embeddings), based
on all points in time, to compare the Ca2+ signaling patterns of
different individual cells within the same experiment (Fig. 1 K,
bottom). We utilize the same cellular graph as described in step
1 of the GSTH methodology, and we use the same diffusion op-
erator R � 1

2(I + AD−1), where A and D are the graph adjacency
matrix and degree matrix, respectively. Using this operator, we
define graph wavelets Ψ like in GSTH step 2:

Ψj � R2j−1 − R2j (6)

However, unlike before whenwe considered the signals from
all the cells at each individual timepoint, we now consider the
signals x(vi, t) � {x(vi, t1), x(vi, t2),…, x(vi, tT)}, which are de-
fined for each vertex/cell vi across all timepoints as features
(Fig. 1 K, step 2b). In this setting, the scattering transform ag-
gregates signals across time:

S0(x(vi, t)) � R2J x(vi, t),
S1(x(j, vi, t)) � R2J |Ψjx(vi, t)|, 1 ≤ j ≤ J,

S2(x(j, j’, vi, t)) � R2J |Ψj’|Ψjx(vi, t)||, 1 ≤ j < j’≤ J. (7)

These wavelet coefficients represent the patterns from the
cell itself and incorporate larger-scale signaling patterns by
considering neighboring cells at multiple scales. By concatenat-
ing these wavelet coefficients at every timepoint for each cell, we
compute an embedding for each cell that encodes Ca2+ signaling
information from that cell and its neighbors across all time-
points. Therefore, the embeddings reflect the Ca2+ signaling
pattern of an individual cell across all timepoints. Like GSTH, we
use PHATE to generate low-dimensional visualizations of the cell
embeddings. In the embedding space, cells that have similar
signaling patterns are clustered together (Fig. 1 K, step 3b). In
heterogeneous populations where cells from multiple experi-
mental conditions are present, we compute a relative likelihood
estimate of observing each cell in each of the experimental
conditions using MELD (Burkhardt et al., 2021). MELD models
the embedding space as a smooth low-dimensional manifold. It
calculates a cell density estimate which quantifies the density of
each cell over the manifold of all possible experimental con-
ditions. Finally, the difference in density estimates for each cell is
used to calculate a relative likelihood, which quantifies the effect
of an experimental perturbation as the likelihood of observing
each cell in each experimental condition (Fig. 1 K, step 4b).

Online supplemental material
Fig. S1 shows the dynamic nature of Ca2+ signaling in the basal
stem cell layer across brief time periods (30 min) and revisits

(hours–days). Fig. S2 shows two ways in which K10+ and K10−
cells have similar spatiotemporal signaling characteristics. Fig.
S3 details how GSTH analysis of Ca2+ signaling patterns in the
basal stem cell layer reveals coordination and directed spread
of signals across time. Fig. S4 shows cell cycle–specific Ca2+

signaling. Fig. S5 shows how enrichment of G2 cells does not
disrupt coordinated Ca2+ signaling. Fig. S6 shows scRNAseq
analysis. Fig. S7 shows that loss of Cx43 does not disrupt all gap
junctions in the basal stem cell layer. Fig. S8 shows the GSTH
analysis of Cx43 cKO. Fig. S9 shows disruption of cell cycle
distribution within the basal stem cell layer after increasing or
dampening Ca2+ signaling. Video 1 shows the long-range coor-
dination of clusters of Ca2+ signaling across the basal stem cell
layer. Video 2 shows that mitotic cells do not participate in
homeostatic Ca2+ signaling. Video 3 shows that basal cells
stalled in G1 of their cell cycle show low levels of Ca2+ signaling.
Video 4 is an example of basal cells stalled in mitosis showing
low levels of Ca2+ signaling. Video 5 shows that basal cells
stalled in G2 of their cell cycle show normal patterns of Ca2+

signaling. Video 6 shows that Cx43 orchestrates Ca2+ signaling
at large scales, but not across local neighborhoods, in the stem
cell pool. Table S1 is a list of all the genes analyzed in the
scRNAseq dataset.

Data availability
All data from this study are available from the corresponding
author upon reasonable request. The MATLAB scripts for the
image analysis can be downloaded from https://github.com/
jesslmoore/CaPeaks. The source code for GSTH and the cell
embeddings can be downloaded from https://github.com/
krishnaswamylab/GSTH.
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Figure S1. Pervasive, fast Ca2+ dynamics are specific to the regenerative basal layer of the epidermis. (A) Region of the basal stem cell layer where a
single cell spikes repeatedly over 30 min of imaging (K14-Cre; Rosa26-CAG-LSL-GCaMP6s; K14-H2B-mCherry). Normalized fluorescence intensity plotted over the
duration of 30-min timelapse is below. Black and green bars indicate timepoints corresponding to the snapshots above. Scale bars: 25 µm. (B) Different regions
of the stem cell layer, where a large group of cells exhibit an ICW. Normalized fluorescence intensity plotted over the 30-min timelapse for 40 of the cells
involved in the ICW is below. Scale bars: 25 µm. (C) Revisit of the same region of a Rosa26p-Fucci2mouse at 0 and 24 h. Top panel shows dermis and bottom
panel shows the epidermal basal layer. Collagen is in white, G1 cells are inmagenta, S cells are double positive for magenta and green and shown in gray, and G2
andM cells are in green. Scale bars: 25 µm. (D)Maximum intensity projection of all optical sections of 30-min timelapses from the same region of the epidermis
at 0 min and 24 h. To the right, a composite image of the max intensity projections at 0 (green) and 24 h (magenta). White indicates overlapping regions of Ca2+

signaling. Scale bars: 25 µm. Transverse views of the top of the infundibulum region of hair follicles marked with HF to orient us in revisiting the region.
(E) Maximum intensity projection of all optical sections of a 30-min timelapse at 0 and 30 min of the same region of the epidermis. To the right, composite
image of the same region at 0 (green) and 30 min (magenta), where white indicates overlapping regions of Ca2+ activity. Transverse views of the top of the
infundibulum region of hair follicles marked with HF to orient us in revisiting the region. (F) Correlation coefficient quantification of pixel overlap of Ca2+

signaling during 30-min timelapses from revisits of the basal layer taken at 30 min and 24 h timepoints. **P < 0.01, unpaired two-tailed Student’s t test.
n = 3 mice.
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Figure S2. K10+ and K10− populations do not show differences in some spatiotemporal signaling characteristics. (A) Time interval between Ca2+ signal
peaks for each cell (cells with one peak or less are ignored). ns = P = 0.9234, non-parametric Kruskal–Wallis test. (B) Average density of signaling cells around
all cells (orange), signaling cells (blue), K10+ cells (yellow), or K10− cells (purple). The spatial distribution of all cells (signaling or not) is uniform. Signaling cells
are clustered, but there is no significant difference between K10+ and K10− signaling cells. ns = P = 0.148, non-parametric Kruskal–Wallis test.
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Figure S3. Unsupervised modeling of Ca2+ signaling patterns reveals smooth, directed signaling in the homeostatic basal epidermis. (A) PHATE
visualizations of Ca2+ signaling time trajectories in the homeostatic basal epithelial layer from four 30-min timelapse movie replicates show smooth trajec-
tories. (B) Persistence diagrams of Ca2+ signaling time trajectories in the quiescent neuronal visual cortex (right) versus the homeostatic epithelial stem cell
layer (left). Each point corresponds to a topological feature in the trajectory, which appears at a certain interval start time and disappears at an interval end
time, as data is gradually coarse-grained by merging nearby points across increasing levels of granularity. As an example, green points represent H1 features
that correspond to the formation of loops in the trajectory while purple dots represent H2 features that correspond to the formation of voids. The further they
are from the diagonals, the longer they exist, i.e., the larger their persistence. To the right, examples of corresponding Betti curves ofH1 loop features. The Betti
numbers represent the number of loops found at increasing levels of granularity (as the filtration parameter increases). The epidermal stem cell layer shows
loop features at large filtration values, whereas the dataset from the neuronal visual cortex shows more complexity and loops across all filtration parameters.
(C) Heatmap of Wasserstein distances of H0 features from seven timelapse movies (from at least three different mice) of the homeostatic epidermal stem cell
layer, showing small differences in the signaling patterns across replicates.
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Figure S4. Cell cycle–specific Ca2+ signaling. (A) Percent of G1/S versus G2/M cells flashing over the course of 30 min. ns = P > 0.05, unpaired two-tailed
Student’s t test, n = 5 30-min timelapse movies from three mice. (B) Percent of G2/M cells in groups of non-flashing, single flashing, small clusters, and large
clusters of flashing cells based on mCherry-hCdt1 expression. ns = P > 0.05, one-way ANOVA with multiple comparisons, n = 5 30-min timelapse movies from
three mice. (C) Number of Ca2+ spikes quantified per cell in G1/S cells versus G2/M cells. ns = P > 0.05, unpaired two-tailed Student’s t test, n = 10 timelapse
movies from four individual mice. (D) PHATE visualization of cell embeddings of Ca2+ signaling patterns, where each dot represents a single cell; its position in
space represents how similar its Ca2+ signaling is to other cells in space; each cell or node is colored by its cell cycle state based on nuclear Fucci2 signal.
(D’)MELD comparison of G1/S versus G2/M signaling patterns. Values close to 0.5 represent the most overlap between the two populations. (E)Maximal spike
duration (maximum number of frames between the start and end of individual Ca2+ events) in G1/S versus G2/M cells. P < 0.0001, Mann–Whitney test, n =
5,218 G1/S cells and 1,040 G2/M cells from 10 timelapse movies. (F) Frequency of different neighborhood sizes of spatiotemporally connected Ca2+ signaling
from 30-min timelapses of cdkn1b+ G1-stalled basal layers versus control in Ca2+ sensor mice. ns = P > 0.05, unpaired two-tailed Student’s t test, n = 9 control
and 8 Cdkn1b+ timelapse recordings. (G) Maximal spike duration in control versus G1-stalled cdkn1b+ mice. P < 0.0001, Mann–Whitney test, n = 7,184 cells
from 9 control timelapse recordings and 2,470 cells from 8 cdkn1b+ timelapse recordings.
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Figure S5. Enrichment of G2 cells uniquely does not disrupt coordinated Ca2+ signaling. (A and A’) Representative persistence diagrams (H0: connected
components, H1: loops, H2: voids) for G2-depleted (A) and G2-enriched (A’) conditions (CAG-GCaMP6s; K14-rtTA; cdkn1b 3 d after induction and K14-Cre; CAG-
LSL-GCaMP6s 2 d after MMC drug treatment, respectively). The persistence diagram from the G1-stalled group has earlier H1 (loop) features, indicating
scattered trajectories and less coordinated signaling. (B) Representative Betti curves of H1 features (loops) for G1 and G2 enriched conditions (CAG-GCaMP6s;
K14-rtTA; cdkn1b 3 d after doxycycline treatment and K14-Cre; CAG-LSL-GCaMP6s 2 d after MMC drug treatment, respectively). (C) Heatmap of the Wasserstein
distances from the persistence diagrams of G2-enriched MMC, DMSO control, G1-stalled Cdkn1b, and genetic control mice. Distances are small and similar
across G2-enriched and all control mice and larger and different when compared to G1-stalled mice.
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Figure S6. G2 cells show differential transcription of key Ca2+ signaling genes. (A) Heatmap of gene expression patterns of Calmodulin genes showing
changes of epidermal basal cells during cell cycle progression. Expression levels are shown as average of log-normalized expression. (B) Volcano plot showing
differentially expressed Ca2+ signaling genes in G1/S versus G2/M cells. DE, differentially expressed; picked, top 10 genes.

Figure S7. Loss of Cx43 does not fully disrupt all gap junctions or the integrity of the tissue. (A) Immunofluorescence staining of basal layer from K14-
CreER; Cx43+/+ and K14-CreER; Cx43fl/fl mice 5 d after tamoxifen induction. Cx43 in green and DAPI (nuclei) in magenta. Scale bar: 25 µm. (B) Immunofluo-
rescence staining of epidermal basal stem cell layer from K14-CreER; Cx43+/+ and K14-CreER; Cx43fl/flmice 5 d after tamoxifen induction, with staining for Cx31 in
green and Hoechst marking nuclei in magenta. Scale bar: 25 µm. (C) Gap junctions within the epidermal basal layer of K14-CreER; Cx43+/+ and K14-CreER; Cx43fl/fl

mice 5 d after tamoxifen induction imaged by transmission electron microscopy (TEM). Inset shows a higher magnification view of gap junctions (orange
arrowheads).
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Figure S8. Loss of Cx43 disrupts coordinated Ca2+ signaling patterns. (A) Further PHATE visualizations of Ca2+ signaling time trajectories in the Cx43
conditional knockout versus control basal layer show disruption of smooth, directed, and coordinated patterns of signaling in mice 1 and 5 d after loss of Cx43.
(B) Representative persistence diagrams (H0: connected components, H1: loops, H2: voids) for control and Cx43 cKO mice (Rosa26-CAG-GCaMP6s; K14-CreER;
Cx43+/+ and Rosa26-CAG-GCaMP6s; K14-CreER; Cx43fl/fl) 5 d after induction. H1 features from Cx43 cKO mice appear later in time and have a longer persistence.
(C) Representative Betti curves of H1 features (loops) for control and Cx43 cKOmice (Rosa26-CAG-GCaMP6s; K14-CreER; Cx43+/+ and Rosa26-CAG-GCaMP6s; K14-
CreER; Cx43fl/fl) 1 and 5 d after tamoxifen induction. (D) Heatmap of Wasserstein distances of H0 features from timelapse movies of the epidermal stem cell
layer in Cx43 cKO versus control mice, showing larger distances when comparing cKO with wildtype controls.
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Figure S9. Changing tissue-wide Ca2+ dynamics affects the cell cycle distribution within the epidermal stem cell layer. (A) R26p-Fucci2 mice 8 h post-
thapsigargin treatment versus DMSO control. G1 cells are in magenta, S cells are double positive for magenta and green and shown in gray, and G2 and M cells
are in green. Scale bar: 25 µm. (B) Epidermal single cell suspensions were processed from ears of either K14-CreER; ChR2 or control (ChR2) mice 10 d after
induction with 2 mg tamoxifen and 24 h after exposure to 1 h of constant blue LED light for flow cytometry and gated for basal cells using anti-CD49f. Cell cycle
stage (G1 or S/G2/M) was determined using the gating strategy outlined in the Vybrant DyeCycle Violet Stain product protocol. (C) Representative flow
cytometry histogram plots of ear basal cells stained with Vybrant DyeCycle Violet comparing K14-CreER; ChR2 (red) and control mice (black) showing a
decrease in cells entering S/G2/M in the light-activated K14-CreER;ChR2 mice. (D) Quantification of epidermal single cell suspensions processed from ears of
either K14-CreER; ChR2 or control (ChR2) mice 10 d after induction with 2 mg of tamoxifen and 24 h after exposure to 1 h of constant blue LED light. Cells were
gated using a basal marker (anti-CD49f) and stained with Vybrant DyeCycle Violet Stain to determine cell cycle stage (G1 or S/G2/M). The results show an
increase in G1 basal cells in K14-CreER;ChR2 mice compared with controls. **P = 0.0057, unpaired two-tailed Student’s t test, n = 4 mice per experimental and
control groups. (E) Replicate flow cytometry histogram plots of ear basal cells stained with Vybrant DyeCycle Violet comparing K14-CreER; ChR2 and control
mice showing a decrease in cells entering S/G2/M in the light-activated K14-CreER; ChR2 mice.
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Video 1. Long-range coordination of clusters of Ca2+ signaling across the basal stem cell layer. Intravital imaging of the epithelial stem cell layer of Ca2+

sensor mice (K14-Cre; R26-CAG-LSL-GCaMP6s; K14-H2B-mCherry). Magenta marks the nuclei of each basal cell and green fluorescence intensity represents
relative cytosolic Ca2+ levels. Transverse views of the infundibulum of hair follicles marked with HF. Frames were taken every 2 s for a total duration of 30 min.
Movie shows dynamics at 40 frames per second or 80× the actual timescale. Scale bar: 25 μm.

Video 2. Mitotic cells do not participate in homeostatic Ca2+ signaling. Intravital imaging of Ca2+ sensor mice (K14-Cre; R26-CAG-LSL-GCaMP6s; K14-H2B-
mCherry) with eight examples of basal epithelial cells undergoing mitosis showing a lack of Ca2+ signaling. Magenta marks the nuclei of each cell and green
fluorescence intensity represents relative cytosolic Ca2+ levels. Frames were taken every 2 s for a total duration of 30 min. Movie shows dynamics at 60 frames
per second or 120× the actual timescale. Scale bar: 10 μm.

Video 3. Basal cells stalled in G1 of their cell cycle show low levels of Ca2+ signaling. Disrupted Ca2+ dynamics in G2-depleted Cdkn1b mice (K14-rtTA;
tetO-Cdkn1b; R26-GCaMP6s) on the right compared to littermate controls (K14-rtTA; R26-GCaMP6s) on the left, 3 d after start of doxycycline administration.
Green fluorescence intensity represents relative cytosolic Ca2+ levels. Frames were taken every 2 s for a total duration of 30 min. Movie shows dynamics at 40
frames per second or 80× the actual timescale. Scale bar: 25 μm.

Video 4. Basal cells stalled in mitosis show low levels of Ca2+ signaling. Disrupted Ca2+ dynamics in G2-depleted demecolcine-treated mice on the right
compared to DMSO vehicle-treated littermate controls on the left, 2 d after drug treatment. Magenta marks the nuclei of each cell and green fluorescence
intensity represents relative cytosolic Ca2+ levels. Frames were taken every 2 s for a total duration of 23 min. Movie shows dynamics at 40 frames per second
or 80× the actual timescale. Scale bar: 25 μm.

Video 5. Basal cells stalled in G2 of their cell cycle show normal patterns of Ca2+ signaling. G2-enriched MMC-treated mice on the right compared to
DMSO vehicle-treated littermate controls on the left, 2 d after drug treatment. Magenta marks the nuclei of each basal cell and green fluorescence intensity
represents relative cytosolic Ca2+ levels. Frames were taken every 2 s for a total duration of 30min. Movie shows dynamics at 40 frames per second or 80× the
actual timescale. Scale bar: 25 μm.

Video 6. Cx43 orchestrates Ca2+ signaling at large scales, but not across local neighborhoods, in the stem cell pool. Disrupted Ca2+ dynamics in Cx43
cKO mice (K14CreER; Cx43fl/fl; R26-GCaMP6s) on the right compared to littermate controls (K14CreER; Cx43+/+; R26-GCaMP6s) on the left, 5 d after tamoxifen
induction. Green fluorescence intensity represents relative cytosolic Ca2+ levels. Frames were taken every 2 s for a total duration of 30 min. Movie shows
dynamics at 40 frames per second or 80× the actual timescale. Scale bar: 25 μm.

Provided online is Table S1. Table S1 lists all the genes analyzed in the scRNAseq dataset.
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