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SUMMARY

Lineage tracing is a powerful tool in developmental biology to interrogate the evolution of tissue formation, but the dense, three-dimen-
sional nature of tissue limits the assembly of individual cell trajectories into complete reconstructions of development. Human induced
pluripotent stem cells (hiPSCs) can recapitulate aspects of developmental processes, providing an in vitro platform to assess the dynamic
collective behaviors directing tissue morphogenesis. Here, we trained an ensemble of neural networks to track individual hiPSCs in time-
lapse microscopy, generating longitudinal measures of cell and cellular neighborhood properties on timescales from minutes to days. Our
analysis reveals that, while individual cell parameters are not strongly affected by pluripotency maintenance conditions or morphogenic
cues, regional changes in cell behavior predict cell fate and colony organization. By generating complete multicellular reconstructions of
hiPSC behavior, our tracking pipeline enables fine-grained understanding of morphogenesis by elucidating the role of regional behavior

in early tissue formation.

INTRODUCTION

In the developing embryo, individual cells undergo a
sequence of cell fate transitions and migration events to
cooperatively form the tissues and structures of the organ-
ism. Cell-tracking techniques based upon high-resolution
imaging have been used to trace cell lineage and describe
the emergent patterns of embryogenesis across multiple
model organisms (Chhetri et al., 2015; Peng et al., 2016;
Sulston et al., 1983), including the early human pre-im-
plantation embryo (Deglincerti et al., 2016; Shahbazi
etal., 2016). However, automated tracking of cell migration
within whole embryos in vivo has been limited both in size
to small organisms such as C. elegans (Bao et al., 2006), due
to the difficulty of identifying and tracking cells in a
crowded multicellular environment, and in scale, due to
the low throughput of 3D imaging and reconstruction
techniques (Stegmaier et al., 2016). Researchers frequently
address the problem of density by employing sparse label-
ing of cells, either by tracing only cells of a single lineage
(Cai et al., 2013; Henner et al., 2013) or by detecting tran-
scriptional (Lou et al., 2014) or morphologic distinctions
between cells (Stegmaier et al., 2016). Similarly, in the anal-
ysis of cell behavior in vitro, experimental limitations such
as mechanical confinement to 1D tracks (Maiuri et al.,
2012) or sparse labeling (Libby et al., 2018) have been
required to accurately track individual cells, limiting the
ability of these systems to monitor multicellular tissue be-
haviors with comprehensive single-cell resolution.
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Self-organizing developmental processes are often initi-
ated by small founder populations within a larger popula-
tion of physically interconnected cells, as in the case of
classic Turing patterns (Turing, 1952). Similar multicellular
organizational events have been observed in vitro with hu-
man induced pluripotent stem cells (hiPSCs), revealing
their heterogeneous differentiation potential due to global
positional cues (Warmflash et al., 2014), cell population
boundaries (Libby et al., 2018), or cell-cell interactions
(Hookway et al., 2016). In particular, because cell fate and
function are strongly influenced by local interactions
within multicellular networks (Malmersjo etal., 2013; Nov-
kovicetal., 2016; White et al., 2013), coordinated morpho-
genic processes exhibit scale-free connectivity (i.e., at mul-
tiple scales, cell behavior is coordinated through a central
hub of influential cells) (Barabasi et al., 1999), indicating
that small populations of cells, by establishing highly con-
nected organizing centers, can exert a large impact on the
final composition of the developing tissue (Martinez Arias
and Steventon, 2018; Shahbazi and Zernicka-Goetz,
2018). Sparse labeling approaches inherently undersample
these rare populations, highlighting the need for dense
cell-tracking algorithms to definitively identify the origins
and quantify the behaviors of organizers.

Recent advances in machine learning, in particular in
deep neural networks, have demonstrated superhuman
performance at image segmentation, revolutionizing
the field of computer vision (LeCun et al., 2015; Moen
et al., 2019). Several classes of convolutional neural nets
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(CNNs) have been developed specifically to perform dense
cell segmentation (Xie et al., 2016), based upon different
architectures such as autoencoders (Su et al., 2015),
U-Nets (Falk et al., 2019; Ronneberger et al., 2015; Xie
et al., 2018), or variants of the Inception architecture (Co-
hen et al., 2017; Szegedy et al., 2014). Recent approaches
have further enhanced cell-tracking fidelity by combining
deep cell bounding-box detection with ancillary tasks
such as morphology classification (He et al.,, 2017) or
mitosis detection (Wang et al., 2019), improving accuracy,
although requiring additional annotation. Further, pre-
processing and filtering steps to rapidly reject irrelevant im-
ages (Aratjo et al., 2019) have enabled highly scalable deep
cell segmentation pipelines. Applying adaptive tracking al-
gorithms such as particle filters (He et al., 2017; Wang et al.,
2019) has enabled cell tracking under conditions of high
morphological diversity and low image resolution,
although the impact of cell density on tracking fidelity
was not examined. In contrast, Hiramatsu et al. (2018)
developed a novel pipeline where individual U-Net
CNNs, each trained independently, were combined using
a gating network to produce a high-quality, dense cell seg-
mentation, although the impact of neural net architecture
on the final result was not explored. Each pipeline offers
distinct trade-offs between cell segmentation accuracy,
training efficiency, noise robustness, and computational
complexity, with sub-optimal network choice leading to
reduced tracking quality and poor capture of cell behavior.
While cell-tracking algorithms have historically been
assessed through head-to-head competitions (Caicedo
et al., 2019; Ulman et al., 2017), the potential advantage
of combining complementary neural net architectures for
cell localization and tracking has yet to be rigorously
examined.

In this study, we overcame the challenge of dense cell
tracking by developing an ensemble of three neural net-
works (FCRN-B, Xie et al., 2016; Count-ception, Cohen
et al., 2017; and a Residual U-Net, Xie et al., 2018) to
localize each individual cell nucleus in an hiPSC colony.
Nuclei displacements were then connected between
sequential frames of a time series, enabling high spatiotem-
poral resolution of hiPSC behaviors over relevant develop-
mental timescales of hours to days. This dense cell-tracking
pipeline revealed distinctive cell behaviors based on loca-
tion within the colony, cell heterogeneity, and response
to extracellular signaling molecules. Long-term cell
tracking in combination with immunostaining for lineage
markers enabled tracking of the differentiation history of
colonies with single-cell resolution. The whole-colony
tracking and analysis pipeline revealed radially stratified
shifts in cell migration speed and cell packing density in
hiPSC colonies in reaction to changes in culture condi-
tions. Changes in cellular behavior were detected at the
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local cell neighborhood level in response to differentiation
induced by externally applied morphogens, enabling real-
time identification of local organizing centers (~10-20
cells) that precede tissue-scale morphogenic events. By de-
tecting rare organizational events, our computational cell-
tracking pipeline allows for a more comprehensive dy-
namic understanding of the multicellular principles of
morphogenesis, which can empower more refined control
of organoid and engineered tissue development.

RESULTS

Manual annotation of cell migration in hiPSC colonies
Human iPSCs form dense, multilayered colonies in vitro
with indistinct boundaries between cells when using com-
mon phase imaging, pan-cytoplasmic, or pan-nuclear
staining techniques. To establish a baseline for cell localiza-
tion quality, a series of heterogeneously labeled colonies
was generated by mixing wild-type hiPSCs with an
hiPSC-derived cell line expressing a nuclear GFP fluores-
cent label (Lamin-B:GFP) at ratios of 9:1 (10% labeled),
7:3 (30% labeled), or 0:10 (100% labeled). While the cells
were maintained in pluripotency media, mixtures were
force aggregated in microwells (Hookway et al., 2016), al-
lowed to reattach to tissue-culture plates, and then imaged
every 5 min for 6 h to generate a set of frames for annota-
tion (Figures 1A and 1B). Seven individual human annota-
tors selected the center of every GFP-positive cell nucleus in
12 sequential pairs of 500-cell colonies containing 10%,
30%, or 100% Lamin-B:GFP hiPSCs presented in random-
ized order. A spatial average of all seven annotation sets
was calculated using k-means clustering to generate a
ground truth human consensus segmentation for each
frame (Figure 1C).

Human annotators were scored using a ratio of selected
nuclei within a 5-pm radius from the consensus cell,
divided by the total number of expected cells, missing cells,
and incorrectly selected cells (true positives divided by all
positives plus any false positives). The average individual
rater reliability (IRR) was 88.5% (+7.9%), with a minimum
of 83% and a maximum of 93% (Figure 1C). As a second
comparison, the individuals and human consensus were
rated on their ability to select the same cell twice in pairs
of sequential frames. Average interframe reliability (IFR)
was 85.8% (+7.7%), with a minimum of 75% and a
maximum of 92% (consensus 90.2% =+ 4.8%) (Figure 1D).
To assess how increasing label density affected cell detec-
tion, performance metrics were stratified according to col-
ony labeling density (Figure 1E). As expected, human
annotators exhibited maximal IRR and IFR when evalu-
ating colonies with the lowest percentage of GFP* cells
(i.e., 10%), with performance significantly declining for
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Figure 1. Quality of manual tracking plateaus with increasing density of labeled cells

(A) Schematic of imaging protocol where WTC11 and LaminB1:GFP cells were seeded into microwells at defined ratios of each population
and then replated to form colonies.

(B) Colonies formed with 10%, 30%, and 100% LaminB1:GFP labeled cells.

(C) Individual annotator and consensus segmentations in sparser (top) and more dense (bottom) regions of the colony.

(D) Individual annotator accuracy compared with consensus for each image (n = 23 independent colonies) (*p < 0.05, **p < 0.01).

(E) Accuracy segmenting the same cell across sequential frames for all image pairs (n = 12 colony pairs) (*p < 0.05, **p < 0.01).

(F) Annotators accuracy compared with consensus on 10%, 30%, and 100% labeled colonies (n’s are independent colonies per rater)
(*p < 0.05, **p < 0.01, ***p < 0.001).

(G) Accuracy segmenting the same cell across sequential frames on 10%, 30%, and 100% labeled colonies (n’s are colony pairs per rater)
(***p < 0.001).
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Figure 2. Heterotypic neural net ensembles generate human-quality segmentations

(A) (i) Input LaminB1:GFP images are segmented by multiple neural networks (FCRN-B, Residual U-Net, Count-ception), producing
probability maps localizing the center of each LaminB1:GFP labeled nucleus. (ii) Consensus segmentation generated by a weighted average
of these maps.

(B) The true-positive and false-positive rate for each segmentation and the area under the curve (AUC) for each architecture.

(C) Repeatability of cell detections between frames for the entire training set (n = 3,168 total frames, n = 37 independent colonies,
***p < 0.001 versus all single neural nets).

(D) Repeatability of cell detections, stratified by percentage labeling, compared with the human annotator consensus (n =37 independent
colonies) (*p < 0.05, 30% and 100% not significant).

(legend continued on next page)
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colonies containing higher proportions of GFP* cells (30%
and 100%).

To expand the dataset for neural network training, one
annotator segmented 12 sequential frames of 24 colonies
imaged on an inverted microscope at 20X magnification
and 2 sequential frames of 32 colonies imaged on a
confocal microscope at 10x magnification. Although this
process generated ~500 MB of annotated data, it repre-
sented less than 2 h total of microscopy time, and approx-
imately 2 workdays (14.8 h) of human annotation time,
indicating that this annotation pipeline can be readily
generalized to other cell types and live imaging modalities
with relative ease.

Ensemble deep neural network segmentation of dense
hiPSC colonies

To determine how deep neural networks compare with hu-
man segmentation performance, a diverse array of indepen-
dent cell segmentation network architectures was selected
from recent literature (Cohen et al., 2017; Ronneberger
et al.,, 2015; Xie et al, 2016, 2018) (Figure 2A, i) and
compared with the human annotator baseline as well as to
the prediction of an ensemble of the selected architectures
(Figure 24, ii). Five different neural net architectures were
compared, including two networks with VGG-like architec-
ture (FCRN-A and FCRN-B, Xie et al., 2016), two U-Net archi-
tectures (U-Net, Ronneberger et al.,, 2015, and Residual
U-Net, Xie et al., 2018), and an Inception-inspired network
(Count-ception, Cohen et al., 2017). Each neural network
was trained to segment the GFP images of 10%, 30%, and
100% labeled colonies by predicting a cone-shaped probabil-
ity around the human annotated center of each nucleus.
Despite architectural differences, all neural networks ex-
hibited comparable average performance, segmenting the
data with a receiver operating characteristic (ROC) area un-
der the curve (AUC) of 0.86 or better (Figure 2B). Although
no individual neural network was able to equal human seg-
mentation of 100% GFP-labeled colonies, an ensemble of
the three highest-performing networks surpassed human
cell localization of fully labeled colonies (Figures 24, ii, and
2B-2D). The primary variation between neural networks
was due to spatial performance differences at the center or
edge of individual colonies, with higher-quality segmenta-
tion in the denser, central regions of the colony and lower-
quality segmentation at the edge (Figures 2E, S1C, and S1D).

Compared with the human annotator baseline, cell seg-
mentation performance varied greatly between networks,
with the two U-Net architectures agreeing least with hu-
man annotators, whereas FCRN-B and the ensemble agreed
most often (Figure S1A). However, ROC AUC (Figure 2B)
and effect size were often indistinguishable between
similar architectures such as FCRN-A and FCRN-B (Cohen’s
d=0.11) or U-Net and Residual U-Net (d = 0.02). Segmenta-
tion speed varied widely between architectures (from 23 to
288 ms per frame), but because the ensemble network was
composed of several of the faster architectures, generating
the composite segmentation was only 16.0% slower than
using U-Net only (+2.5% slowdown; Figure S1B). In
contrast to human annotators, neural net IRR and IFR seg-
mentation accuracy improved with increasing label den-
sity (3.6% + 0.4% and 5.7% =+ 0.4%, Figures 2F and 2G,
respectively). This increase in accuracy with increasing la-
beling density may reflect a bias in these neural networks
toward more accurately segmenting regions of the colony
with more labeled cells per field of view and hence more
training signal, at the expense of sparser regions with fewer
annotations.

Individual cell tracking of pluripotent stem cell
behavior

Individual frame segmentations were initially combined
using a nearest-neighbor linkage between frames to create
cell tracks covering the center, middle, and edge regions
of each colony (Figure 3A, blue, gold, and red regions,
respectively), enabling construction of whole-colony traces
for all cells in 100% GFP* colonies over the entire time se-
ries (Figure 3B). However, segmentation uncertainty at
the individual cell level (e.g., a 95% accurate classifier will
fail to detect a cell approximately once every 20th frame)
led to fragmented cell tracks, which, upon manual inspec-
tion, were the result of loss of tracking of one to five frames
for short periods, but which could be easily assigned to the
same cell using neighborhood topology. To reduce random
breakages, a second linking step was added to combine tails
of track fragments across gaps of up to five frames, using the
motion of the local cellular neighborhood to interpolate
any missing cell positions. Neighborhood interpolation
significantly increased track fragment lengths (from
average coverage of 21.5% of the time series length to
33.5%, Figure S2A), bringing track fragment counts closer

(E) Representative image of individual and net ensemble detections, where each dot indicates the peak probability of a cell predicted by

each neural net architecture.

(F) Agreement between net ensemble predicted labels and the human annotated dataset on 10%, 30%, and 100% labeled colonies (n’s are

frames of n = 37 independent colonies) (*p < 0.05, ***p < 0.001).

(G) Repeatability of the net ensemble detections over time compared across label percentages (n’s are paired frames of n =37 independent

colonies) (***p < 0.001).
See also Figure S1.
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Figure 3. Spatiotemporal linkage of detections enables long-term single-cell tracking
(A) Depiction of example colony where regions were identified as center, middle, and edge (yellow, blue, and red, respectively).
(B) Dense track map created by linking detections covering the entire time series.
(C) Trace plot of example cell velocity tracks across colony locations (center, yellow; middle, blue; edge, red).
(D) Proposed two-state model of alternating active migration and quiescence fit from average active and stopped periods.
(E) Distribution of the ratio of total track displacement to total track distance, where colored dots represent individual tracks from the
center, middle, and edge regions (yellow, blue, and red, respectively) and dotted lines show the theoretical curves for persistent migration
(dark green) and random diffusion (dark red).
(F) Delaunay triangulation depicted across an example colony to calculate cell neighborhoods.
(legend continued on next page)
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to the expected cell count based on cell seeding number
and extrapolated growth rate: from 48.2% to 83.6% of indi-
vidual cells fully tracked (n = 1,000 cells, Figure S2B).

To understand how individual cell behavior contributes
to colony spreading and density, we calculated persistence
of cell migration by locating regions of each track where
the direction of cell motion changed by less than 5° per
minute. Most cell tracks displayed clear binary switching
between persistent migratory and stationary behavior (Fig-
ure 3C), with a mean active period of 15.7 min (x 12.7
min) followed by a quiescent period of 9.2 min (+ 6.8
min), similar to the cyclic migration behavior observed in
E. coli (Darnton et al., 2007) and eukaryotic cells (Devreotes
and Janetopoulos, 2003) that can be attributed to the inter-
action between local polarizing cues and global inhibition
of directional migration (Figure 3D). The active migration
period was highest at the edge of colonies, and lowest at
the center, while the quiescent period did not differ be-
tween colony regions (Figures S2C and S$2D).

To measure the extent to which individual cells traveled
directionally or diffused randomly, we calculated the ratio
of track displacement to distance, where a value of 1.0 rep-
resents travel in a straight line, lower values represent an
increasingly curved trajectory, and 0.0 represents a path
that ultimately returns to its origin. Although cell tracks
covered a broad range between purely directional and
sub-diffusive (where directional cells approximated a linear
relationship between displacement and diffusion, diffusive
cells had a square-root relationship, and sub-diffusive cells
had a lower than square-root relationship), there was no
difference in directionality of motion between cells at the
center, middle, or periphery of the colony (Figure 3E,
blue, gold, and red points, respectively, Video S1). Finally,
to identify coordinated movement between neighboring
cells, we calculated the correlation between each cell’s ve-
locity vector profile and that of its immediate neighbors.
In the center of colonies, nearest neighbors had uncorre-
lated velocity profiles (Pearson’s R = 0.00298, SD 0.0757),
whereas cells near the periphery demonstrated much
higher correlation (R = 0.118, SD 0.383). This suggests
that observed peripheral spreading results partially from
multicellular collective migration, as has been shown pre-
viously in models of collective migration (Cui et al.,
2005; Pegoraro et al., 2016), although the contribution of
external forces (e.g., pressure from cell division in the col-
ony interior) cannot be excluded. While the variability of
cell behavior was high in all compartments, the large num-

ber of cell tracks enabled confident assessment of periph-
eral migratory bias, suggesting that dense cell tracking
can elucidate otherwise subtle regional modulations to sto-
chastic random walks.

To analyze the dynamic behavior of hiPSC colonies, a
graph structure of each colony was created using Delaunay
triangulation (Figure 3F). Based on the triangulation, indi-
vidual cell area was estimated using the average of all trian-
gles surrounding a cell within an empirically derived
maximum link distance threshold of 50 pm (Figures 3G,
S3E, and S3F), although this value is easily tuned for other
epithelial cell types with different characteristic spacing.
The local cell density was then approximated as the inverse
of this triangulated cell area. The entire colony mesh and
all cell measurements, such as density or velocity, were
mapped onto the unit circle and then separated into three
rings of equal area corresponding to the center, middle, and
periphery of the colony (Figure 3G). In pluripotent col-
onies, cells in the peripheral region were packed less
densely relative to the middle and central bins (p < 0.001,
d > 0.2) (Figure 3H), suggesting that local crowding effects
contribute to radial inhomogeneities in cell packing in
hiPSC colonies. In contrast, cells in the middle and periph-
eral bins moved faster than cells in the center (p < 0.001,
d > 0.19) (Figure 3H), demonstrating an edge-biased cell
migratory behavior and suggesting that colony compac-
tion may play a role in hiPSC colony spreading, as has
been reported for migration of other epithelial cells (Cui
et al., 2005; Pegoraro et al., 2016).

Packing and migratory behaviors of undifferentiated
pluripotent stem cells

To interrogate the heterogeneous behavior of hiPSC col-
onies, we compared standard pluripotency maintenance
conditions using the CNN tracking algorithm. First, we
compared the effect of colony size on single-cell behavior
by forming colonies of either 100 or 500 cells (Figure 4A,
i). The average cell density and travel distance of 100-cell
colonies were more similar to those of the edge of 500-
cell colonies than to the center, suggesting that 100-cell
colonies uniformly exhibit a similar organization and
behavior compared with the edge of 500-cell colonies (Fig-
ure 44, ii). At both colony sizes, cells at the edge displayed
longer travel distances and higher migration speeds than
those at the center (Figures 44, iii and iv, and S3A). One
hundred-cell colonies were more uniform in both density
and distance traveled, with both measures closer to the

(G) Average inverse area of Delaunay triangles around each cell (cell density) depicted on the example colony and projected onto the unit

circle.

(H) Quantification of cell density and velocity across the colony region identified by projecting triangulated cell positions onto rings of the
unit circle (n’s are cells from the representative colony shown) (**p < 0.01, ***p < 0.001).

See also Figure S2.
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Figure 4. Basal culture conditions change cell packing density and migratory behavior

(A) (i) Example images of colonies with 100 or 500 starting cells. Comparison of 100-cell and 500-cell colonies stratified by colony region
for: (ii) average cell density (***p <0.001), (iii) average total cell distance traveled in 6 h (***p <0.001), and (iv) average instantaneous
cell velocity (***p < 0.001, n's refer to total cell counts of n = 20/20 100-cell/500-cell independent colonies, respectively, with cells
stratified by normalized colony radius; colors from light to dark reflect center to edge).

(B) (i) Example images of colonies generated from cells cultured in mTeSR or E8. Comparison of mTeSR and E8 colonies stratified by colony
region for: (ii) average cell density (***p <0.001, n's refer to total cell counts of n = 16/16 mTeSR/E8 independent colonies, respectively),
(ii1) average total cell distance traveled in 6 h (***p < 0.001), and (iv) average instantaneous cell velocity (not significantly different).
(C) (i) Example images of colonies adhered to Matrigel-, vitronectin-, or rLaminin-521-coated plates. Comparison of Matrigel, vitronectin,
and rLaminin-521 colonies stratified by colony region for: (ii) average cell density (***p <0.001, n’s refer to total cell counts of n=33/35/
17 Matrigel/vitronectin/rLaminin-521 independent colonies, respectively), (iii) average total cell distance traveled in 6 h (***p <0.001),
and (iv) average instantaneous cell velocity (***p < 0.001, Matrigel and rLaminin-521 not significantly different).

See also Figure S3.
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cell density and travel values for the edge of 500-cell col-
onies. The transition in behavior from edge-like to center-
like cells as confluency increases may account for the
observed sensitivity of hiPSC pluripotency and differentia-
tion to cell plating density (Lian et al., 2013) and colony
size (Warmflash et al., 2014).

Next, we explored the effect of pluripotency mainte-
nance media on colony behavior by comparing the effect
of passaging hiPSCs in mTeSR or E8 medium (Figure 4B,
i). Colonies cultured in mTeSR were more compact, with
frequent formation of multilayered structures and low-
density regions in the center of the colony, while colonies
cultured in E8 were uniformly flat with lower cell packing
density (Figure 4B, ii). Individual cells within colonies
cultured in ES8 traveled less overall (Figure 4B, iii). Despite
structural differences, cell migration velocities between
the two conditions differed only slightly (p = 0.012,
d = 9.44 x 107%), indicating that the density shift could
not be attributed solely to differences in cell motility be-
tween the two conditions (Figure 4B, iv, and S3B).

Finally, we interrogated changes in colony structure
due to commonly used adhesive extracellular matrices,
which have been shown to have a cell-extracellular matrix
strain-mediated effect on hiPSC morphology, behavior,
and differentiation potential (Przybyla et al., 2016). hiPSC
aggregates were allowed to adhere to Matrigel, vitronectin,
or recombinant Laminin-521 (rLaminin, Figure 4C, i). Cell
adhesion was much lower on rLaminin, with only 47.2% of
aggregates adhered after 24 h versus 91.7% on Matrigel and
97.2% on vitronectin. Cells in adherent colonies on both
rLaminin and vitronectin had higher cell density than on
Matrigel (Figure 4C, ii), while cells on Matrigel and rLami-
nin traveled longer distances in 6 h than on vitronectin
(Figure 4C, iii). Cells on vitronectin had lower migration
velocities, and much lower difference between center and
edge migration velocities, than either Matrigel or rLaminin
(Figures 4C, iv, and S3C). hiPSC behaviors on Matrigel and
rLaminin were very similar for both cell migration distance
and migration velocity; however, stratifying the colonies
by radius revealed that colonies plated on Matrigel were
11.1% less dense in the center. hiPSCs in vitronectin col-
onies uniformly moved more slowly than those on other
matrices, leading to more compact colony morphology
overall. These results suggest that changes to substrate
can subtly alter local cell behavior, providing a tool to sub-
tly modulate peripheral migration or cell packing within
hiPSC colonies.

Through dynamic characterization of hiPSC behavior,
our tracking pipeline revealed that hiPSCs display a wide
variety of heterogeneous behaviors while maintaining plu-
ripotency. In particular, cells at the periphery of colonies
exhibit an organization distinct from those in the center.
The medium environment and substrate can modulate

both static and dynamic aspects of the edge and center
colony structure. However, static snapshots of colony
configuration, such as cell density, do not predict dynamic
cell behaviors such as cell migration distance or velocity.
Since both static and dynamic cell behaviors prime
hiPSCs toward particular differentiation trajectories (Glen
et al., 2018; Libby et al., 2019; Przybyla et al., 2016; Warm-
flash et al., 2014), dynamic assessment of whole-colony
behavior is necessary to illuminate the scope of hiPSC het-
erogeneity in pluripotency and predict priming during
differentiation.

Lineage tracing of cell fate decisions during early
morphogenic induction
We next assessed changes in hiPSC behavior during early
lineage specification by employing our tracking pipeline
to analyze differentiation protocols used to induce combi-
nations of all three germ layers. Previous work has shown
that multicellular annular ring patterns form during triline-
age differentiation (Warmflash et al., 2014), but the dy-
namic changes to cell migration behavior during ring for-
mation have not been described. In addition, protocols to
induce either mesendoderm (Lian et al., 2013) or neuroec-
toderm (Chambers et al., 2009) have been reported, but
whether those direct differentiation protocols induce dy-
namic transformations similar to those that occur during
trilineage differentiation is not known. To monitor the
transition from pluripotent cells to differentiating germ
layers, a critical 24-h morphogenic window was identified
for each differentiation protocol for further exploration.
In the BMP4-induced trilineage protocol (Figure 54, i,
Video S2), colonies adopted a round morphology 24 h after
BMP4 treatment with relatively uniform velocity and cell
density, consistent with undifferentiated colonies (Fig-
ure S3D). At 30 h post-induction, a small central region
of higher cell density was detected, corresponding to the
appearance of EOMES™ cells (Figures S4A and S4B). Approx-
imately 32 h after induction, cells across the colony slowed
in migration velocity, except for a ring of cells at ~50%
of the colony radius, which maintained similar velocity
compared with undifferentiated cells (Figures 54, ii, and
S3E). In the center of the colony, cell density was constant
for the entire period of observation; however, the periphery
of the colony also began to rapidly decrease in cell density
about 32 h post-induction, with a dense plateau of cells
forming at approximately 50% of colony radius, consistent
with previous reports (Tewary et al., 2017; Warmflash et al.,
2014) (Figures 54, ii, and S5A). All three germ lineages
formed by 48 h, with POUSF1* (OCT4") cells in the center
ring (SOX2~, EOMES™, presumptive endoderm), EOMES*
cells in the middle (presumptive mesoderm), SOX2* cells
at the colony edge (OCT4~, EOMES™, presumptive ecto-
derm), and the periphery of the colony negative for all
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(HPR) and fixed and stained image of the same colony at 48 HPR. (ii) Surface plot of temporal evolution of average instantaneous cell
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three markers (Figure 5A, iii). The transition between
EOMES and SOX2 expression corresponded to both the
maximum of cell migration velocity and the transition
from high to low cell density, suggesting that the meso-
derm ring acts as a migratory barrier between ectoderm
and endoderm, enabling the physical phase separation of
the colony into three distinct germ layers, analogous to
gastrulation (Shahbazi and Zernicka-Goetz, 2018; Tewary
et al., 2017; Warmflash et al., 2014).

Treatment with the WNT activator CHIR is commonly
used to induce differentiation of mesoderm (Lian et al.,
2013). Tall, multilayered colonies (average 61.4 =+
10.7 um) formed after 24 h of 12 uM CHIR treatment and
at 30 h stained uniformly for EOMES™ cells (Figures S4C
and $4D). By 48 h a secondary flat epithelial ring expanded
radially out from the colonies, ultimately forming a strati-
fied colony similar to that induced by BMP4 (Figure 5B, i,
Video S3). Unlike BMP4-treated colonies, CHIR-treated cells
at the colony periphery increased in migration speed by
50%, with individual cells at the periphery of the colony un-
dergoing epithelial to mesenchymal transition and trav-
eling beyond the field of view (Figure S5G). Similar to
BMP4 treatment, the central region maintained cell density
similar to that of untreated colonies, while the middle and
outer compartments rapidly decreased in density (Figures
5B, iii, and S5B). OCT4, SOX2, and EOMES were detected
in all colonies, but levels of OCT4 and especially SOX2
were lower with CHIR than in BMP4-treated colonies,
consistent with early CHIR induction directing differentia-
tion toward mesoderm and away from neuroectoderm (Fig-
ure 5B, iii). Again, the peak of EOMES expression occurred at
~50% of the colony radius and the transition between
EOMES and SOX2 regions corresponded spatially to the
transitions from low to high velocity and high to low den-
sity, respectively. The direct comparison of CHIR- and

BMP4-induced differentiations demonstrates that limited
numbers of similar static snapshots of colony structure
can mask distinctive cell behaviors that can indicate diver-
gent differentiation trajectories of pluripotent cells.
Neuroectoderm-directed colonies remained behaviorally
indistinguishable from untreated colonies through the first
48 h of dual SMAD inhibition. However, starting at 60 h af-
ter treatment, small rosettes of approximately 20 cells
began to form ring structures that expanded continuously
for the remaining 12 h of imaging (Figure 5C, i, and Video
S4). Between 6 and 18 rosettes formed per colony (mean
10.1 + 2.3) with a mean rosette diameter of 64.2 +
21.1 pm. Rings consisting of regions of lower cell density
began to appear 36 h after plating, with ring diameters ex-
panding at arate of 2.58 + 0.51 um/h and a mean center-to-
center spacing between rings of 124.0 + 27.5 um (Figure 5C,
ii). Average cell density was slightly higher at the periphery
of colonies, corresponding to higher expression of both
OCT4 and SOX2 (EOMES™, potentially undifferentiated
cells), while the center of the colonies expressed high
SOX2 and low OCT4 (presumptive neuroectoderm, Fig-
ure 5C, iii). EOMES expression was slightly elevated in
the center of the colonies, but overall EOMES was rarely de-
tected compared with BMP4 or CHIR differentiation. None
of the three lineage markers appeared to be specifically
localized to the ring structures. Addition of CHIR pre-treat-
ment (Libby et al., 2020) to the dual SMAD neuroectoderm
protocol completely abrogated the formation of rosettes
(Figure 5D, i, and Video S5). CHIR-pre-treated neuroecto-
derm colonies were indistinguishable from untreated
colonies in both their uniform velocities and the radial dis-
tribution of cell densities (Figures 5D, ii and iii, S5I, and
S5D, respectively). CHIR treatment elevated expression of
EOMES, and suppressed expression of both SOX2 and
OCT4, likely delaying the commitment of cells to

velocity over BMP4-treated colonies projected onto the unit circle (n = 16 independent colonies, arrows indicate the normalized radius of
velocity transition). (iii) 0CT4, SOX2, and EOMES expression profiles and average cell density profile at 48 HPR projected onto the unit
circle in BMP4-treated colonies (n = 16 independent colonies).

(B) (i) Treatment timeline and example time course of colony treated with CHIR with example images at 24, 32, and 40 HPR and fixed and
stained image of the same colony at 48 HPR. (ii) Surface plot of temporal evolution of average instantaneous cell velocity over CHIR-
treated colonies projected onto the unit circle (n = 16 independent colonies, arrows indicate the normalized radius of velocity transition).
(iii) OCT4, SOX2, and EOMES expression profiles and average cell density profile at 48 HPR projected onto the unit circle in CHIR-treated
colonies (n = 16 independent colonies).

(C) (i) Treatment timeline and example time course of colony treated with dual SMAD inhibition at 24, 32, and 40 HPR and fixed and stained
image of the same colony at 48 HPR with rosettes highlighted (white arrows). (ii) Temporal evolution of average cell density inside and
outside of rosettes (n = 16 independent colonies). (iii) 0CT4, SOX2, and EOMES expression profiles and average cell density profile at 48
HPR projected onto the unit circle in dual SMAD inhibition-treated colonies (n = 16 independent colonies).

(D) (i) Treatment timeline and example time course of colonies treated with both dual SMAD inhibition and CHIR pre-treatment at 24, 32,
and 40 HPR with fixed and stained image of the same colony at 48 HPR. (ii) Surface plot of temporal evolution of average instantaneous cell
velocity over dual SMAD + CHIR-treated colonies projected onto the unit circle (n = 16 independent colonies). (iii) 0CT4, SOX2, and EOMES
expression profiles and average cell density profile at 48 HPR projected onto the unit circle in dual SMAD + CHIR-treated colonies (n = 16
independent colonies).

See also Figures S3-S5.
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neuroectoderm fates, consistent with its previously re-
ported activity (Libby et al., 2020). By monitoring the tra-
jectories of differentiating colonies at single-cell resolution,
we detected morphogenic signatures at both the local-cell-
neighborhood and the colony-wide level, thereby enabling
quantitative measurement of the comprehensive dynamics
of multicellular organization and subtle yet distinctive dif-
ferences in cell behavior that distinguish between indepen-
dent differentiation protocols.

DISCUSSION

Single-cell analyses have highlighted the intrinsic heteroge-
neity present in virtually all multicellular populations.
Complementary approaches, such as automated cell lineage
tracing and single-cell RNA sequencing, have enabled fine-
grained spatiotemporal quantification of diverse and robust
developmental processes (Bao et al., 2006; Cai et al., 2013;
Mohammed et al., 2017). Understanding the dynamic be-
havior(s) of pluripotent stem cells in response to environ-
mental factors can similarly clarify the effects of multicel-
lular structure and environmental factors on the behavior
and ultimate fate of individual cells within developing tis-
sues and organs ex vivo. To assess how organization arises
from the collective action of individual cells, we developed
adense-cell-tracking platform to analyze time-lapse imaging
of hiPSC colonies with high spatiotemporal precision. Using
the resulting quantitative measures of cell behaviors, we
identified signatures of multicellular organization at the
single-cell, local-neighborhood, and whole-colony scale,
demonstrating that hiPSC behaviors are influenced by
short-distance interactions between neighboring cells that
propagate into global effects throughout an entire colony
of hundreds of cells and more. While many of the measured
cell-intrinsic properties were relatively constant under
pluripotent culture and early differentiation conditions,
we found that the local cell neighborhood responds in char-
acteristic ways to different external stimuli. Changes in cell-
cell interactions are orthogonal to stem cell pluripotency
(Libby et al., 2018; Przybyla et al., 2016), but can have an
impact on the sensitivity of hiPSCs to morphogenic cues
(Libby et al., 2019), and thus may be a critical determinant
in pre-patterning of cells to different cell fate decisions.
The ability to specifically modulate cell-cell interactions
through modification of culture conditions or genetic engi-
neering provides new strategies to pre-pattern and control
colony structure and subsequent differentiation trajectories
(Libby et al., 2019). Furthermore, our live-cell monitoring
platform during early differentiation allows for non-destruc-
tive, high-throughput assessment of regional changes in cell
fate, providing a critical first step toward feedback control of
hiPSC differentiation.
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In this paper, we applied our tracking system to resolve
human pluripotent morphogenesis evolution at single-
cell resolution to the maintenance of hiPSCs and early dif-
ferentiation, but it can be used more generally to quantify
multicellular structure at scale with either static or time-
lapse microscopy of any cell line. Quantitative comprehen-
sive characterization of cellular neighborhood dynamics
will provide a robust approach to interrogate the effects
of multicellular interactions among a broad range of cell
types across many species, and will provide novel metrics
to assess the fidelity of stem cell models to recapitulate
developmental processes in a tissue context ex vivo.
Ultimately, extracting unbiased cell dynamics from
in vitro time-lapse imaging enables new insights into the
complex processes underlying multicellular organization
and morphogenesis.

EXPERIMENTAL PROCEDURES

hiPSC colony formation and time-lapse imaging

The AICS-LMNB1 hiPSC cell line was maintained under feeder and
serum-free, defined medium conditions in mTeSR1 (STEMCELL
Technologies). hiPSCs were passaged and force aggregated as previ-
ously described (Hookway et al., 2016) for 24 h, then seeded into
optically clear 96-well plates, and allowed to reattach for a further
24 h. Attached colonies were imaged at 10x on an Observer Z1 (Zeiss)
spinning disc confocal microscope in both phase and GFP over the
course of 6 h for pluripotent experiments, sampling every 3 min,
or over 24 h for differentiation experiments, sampling every 5 min.

Neural net training

A time-lapse dataset of pluripotent colonies was manually
segmented by human raters, who selected the center of mass of
each cell nucleus in a shuffled and randomly rotated mixture of
the frames of 12 time-lapse movies. Each neural net architecture
was independently trained on 80% of the dataset, with perfor-
mance evaluated each epoch on a 10% held-out test set, and final
quality assessed on a 10% validation set. The top three performing
nets were then averaged to form the final composite segmentation.

Cell tracking and colony metrology

The peaks of each composite cell detection were linked between
sequential frames of each time-lapse movie, forming cell tracks,
which were then used to estimate cell velocity, distance traveled,
and other migration parameters. Within each frame, all detected
cells in a colony were converted into a mesh using Delaunay trian-
gulation, which was used to both estimate cell density and project
each cell onto the radial bins defining the center, middle ring, or
edge of the colony at each time point.

Statistical analyses

Except where noted, data are shown as the mean + the 95% confi-
dence interval assessed via bootstrap sampling. Statistical signifi-
cance was assessed with ANOVA followed by two-tailed t tests
with the Bonferroni-Holm correction for multiple comparisons,



with p value symbols reported as *p < 0.05, **p < 0.01, and
***p < 0.001. All statistical analyses were performed using the Py-
thon package statsmodels v.0.11.1.

See the supplemental experimental procedures for further details
of cell culture protocols, training set generation, model evaluation,
and tracking algorithm design and evaluation.

Data and code availability

Data, code, and trained model weights for the results reported
in this paper are available at https://github.com/david-a-joy/deep-
hipsc-tracking.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/
10.1016/j.stemcr.2021.04.008.
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