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Article
DLITE Uses Cell-Cell Interface Movement to Better
Infer Cell-Cell Tensions
Ritvik Vasan,1 Mary M. Maleckar,2 C. David Williams,2,* and Padmini Rangamani1,*
1Department of Mechanical and Aerospace Engineering, University of California, San Diego, San Diego, California and 2Allen Institute for Cell
Science, Seattle, Washington
ABSTRACT Cell shapes and connectivities evolve over time as the colony changes shape or embryos develop. Shapes of
intercellular interfaces are closely coupled with the forces resulting from actomyosin interactions, membrane tension, or cell-
cell adhesions. Although it is possible to computationally infer cell-cell forces from amechanical model of collective cell behavior,
doing so for temporally evolving forces in a manner robust to digitization difficulties is challenging. Here, we introduce a method
for dynamic local intercellular tension estimation (DLITE) that infers such evolution in temporal force with less sensitivity to digi-
tization ambiguities or errors. This method builds upon previous work on single time points (cellular force-inference toolkit). We
validate our method using synthetic geometries. DLITE’s inferred cell colony tension evolutions correlate better with ground truth
for these synthetic geometries as compared to tension values inferred from methods that consider each time point in isolation.
We introduce cell connectivity errors, angle estimate errors, connection mislocalization, and connection topological changes to
synthetic data and show that DLITE has reduced sensitivity to these conditions. Finally, we apply DLITE to time series of human-
induced pluripotent stem cell colonies with endogenously expressed GFP-tagged zonulae occludentes-1. We show that DLITE
offers improved stability in the inference of cell-cell tensions and supports a correlation between the dynamics of cell-cell forces
and colony rearrangement.
SIGNIFICANCE Cell-cell tensions play a key role in the dynamics of evolving tissue morphogenesis. Mathematical
modeling tools have aided in understanding of the role of cell-cell adhesion in tissue organization. In particular, recent
modeling studies have shown that an inferential approach can estimate tension distributions in a single image of a cell
monolayer (cellular force-inference toolkit). Building on these efforts, here, we include the dynamics of monolayer
morphogenesis in the estimation of cell-cell tensions. Such a formulation, named dynamic local intercellular tension
estimation, performs better across time in both synthetic geometries and time series of human-induced pluripotent stem
cell colonies with endogenously expressed GFP-tagged zonulae occludentes-1. We propose that methods such as this
can further elucidate the physical mechanisms that drive morphogenesis.
INTRODUCTION

Cell shape, forces, and function are closely related (1–4). Cell
shape is known to affect intracellular organization and trans-
mission of cytoskeletal forces (5–7). In particular, cell mem-
brane tension plays an important role in connecting cell shape
and cellular function. For example, cell membrane tension
partially governs processes ranging from intracellular endo-
cytic bud morphology during trafficking (8) to tissue-level
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remodeling events such as wound healing (9), development
(10), expansion (11), migration (12,13), and cancer invasion
(14). Mechanical rearrangement of the cells and tissues oc-
curs as cells transmit these forces across the membrane
(15) and cell-cell adhesion complexes such as adherens and
tight junctions (16,17). These apical cortical complexes
(18) depend on the activity of the actomyosin cytoskeleton
(19,20). The mechanotransduction of intercellular forces
can alter and regulate biochemical signaling pathways
(21,22) with force and deformation at a particular time point,
partially regulating future forces and deformations.

Force-mediated collective behaviors are crucial for the
dynamics of tissue reshaping. This is commonly evi-
denced by apoptosis in cell cultures or by the intercalation
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Dynamic Tension Estimation
and extrusion of cells during development (23,24). We can
examine the role of tension in tissue remodeling using
direct force-measurement techniques such as atomic force
microscopy or micropipette aspiration (25–27); we direct
the reader to (25) for a comprehensive review for force-
measurement methods. These direct measurement tech-
niques offer precise force characterization in cells and
tissues but perturb the actomyosin network (28,29). As a
result, these methods can alter the force responses of the
system at subsequent time points, limiting longitudinal
insight. Alternative optical measurement techniques that
use Förster resonance energy transfer tension probes or
traction force microscopy can assay force (30–32) without
the mechanical disruption associated with direct measure-
ments (33). These optical approaches can be applied
across extended periods but, like the previous physical
techniques, they can be difficult to implement in a high-
throughput context. Indeed, traction force microscopy is
the most widely used method for measuring force dy-
namics in processes like migration (34), differentiation
(35), and adhesion maturation (36). Förster resonance en-
ergy transfer probes are useful to estimate molecular-scale
forces localized to any protein of interest (31). However,
there has been an exponential increase in imaging data
for cells, which calls for inference methods that are purely
data-driven to estimate forces. Thus, complementary to
experimental approaches, force inference from the geom-
etry of the cell boundary can allow for the estimation of
normalized tensions solely from images of labeled
confluent cells without further condition requirements.

Intercellular forces can be inferred at cell-cell interfaces
using a mechanical model, predicated on the assumption
that forces are balanced where multiple cell-cell interfaces
meet (37–39). These mechanical models cover a range of
complexities, assumptions, and use cases (40). Here, we
focus on the representation of tensions in a two-dimen-
sional (2D) plane of curved edges digitized from the apical
interfaces of a confluent cell colony (Fig. 1, A and B). We
build upon previous representations of this system
(37,38,41–43), notably that used in the cellular force-infer-
ence toolkit (CellFIT) (37), and develop an alternate prob-
lem formulation that treats tension estimation as a
temporally evolving problem, borrowing information
from previous time points to increase model prediction sta-
bility and boost resistance to ambiguities or errors that
arise during the digitization process (Fig. 1 C). This pro-
vides a nondisruptive means to infer intercellular forces
in time-lapse imaging of cell colonies. We term this tech-
nique dynamic local intercellular tension estimation
(DLITE). Here, we validate DLITE against a range of syn-
thetic data for which known tension ground truths are
available and use it to predict tensions in time series of
human-induced pluripotent stem (hIPS) cell lines with
the endogenously green fluorescent protein (GFP)-labeled
tight junction protein ZO-1.
METHODS

Assumptions

We employed a curvilinear description of a cell colony by defining it as a

directed planar graph comprising cells (c), edges (e), and nodes (n) (Fig. 1

B; for more details, see the Supporting Materials and Methods and (37,44)).

Forces exerted by the actomyosin cortex result in tangential stresses in the

formof tension (t) alonganedge.Cells resist deformationbymeansofanormal

stress exerted as pressure (p) inside every cell. Along each edge, we assumed

that the interfacial tensions are homogeneous along the length of the edge and

that the intracellular pressures are uniform within a cell. This assumption is

important to keep our model tractable and to avoid using a constitutive equa-

tion thatgoverns the stress-strain relationshipsof the colony.At the length scale

of the whole cell, we ignored membrane bending and assumed that edge

tensions and cell pressures exclusively govern cell shape.We assumed viscous

forces to be negligible and therefore assumed colony shape as quasistatic

(i.e., at each time point, the colony is in mechanical equilibrium).
Governing equations and system specification

A general force balance at every node in a colony can be written as follows:

nresidual ¼
�����
Xen
i¼ 1

tivi

�����|fflfflfflfflfflffl{zfflfflfflfflfflffl}
ðtension balance per nodeÞ

; (1)

where n is a node, t and v represent the tension/tangential stress and local

tangent unit vector of an edge connected to node n, respectively, en is the

number of edges connected to node n, and nresidual is the magnitude of the

resultant tension vector coming into a node (ideally 0). This notation is shown

in Fig. 1 B. This equation applies when employing a curvilinear description of

the tissue and applies to a node that is both connected to at least three edges

and is in mechanical equilibrium (37). The tension balance across multiple

nodes can be written as a system of equations given as follows:

GTT ¼ 0; (2)

where GT is a matrix of edge tension coefficients, and T is an array of edge

tension magnitudes. CellFIT evaluates edge tensions via inversion of a con-

strained tension matrix GT (Eq. 7), the sensitivity of which depends on its

condition number k. The pressure difference between adjacent cells can

be estimated using Laplace’s law as follows:

eresidual ¼ pi � pj � t

r|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}
ðpressure balance per edgeÞ

; (3)

where e is an edge, pi and pj are the pressure of adjacent cells i and j, respec-

tively, and eresidual is the residual error from the pressure balance. Here, t and

r represent the tension and radius of the interfacial edge e. The systemof equa-

tions for tension and pressure are generally overdetermined; there is no unique

solution to this system (37). Therefore, we can only infer the relative distribu-

tion of tensions from the shape of the edges and not the absolute values.

To compute the dynamics of cell-cell forces, we reformulated the tension

balance (Eq. 1) as a local optimization problem defined as follows:

minimize
t

f ðtÞ ¼
XN
j¼ 1

0
BBBB@nj;residual þ nj;residualPenj

i¼ 1jtivi j|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}
regularizer

1
CCCCA; (4)
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FIGURE 1 A 3D cell view of tight junction

location, how this is represented in the model,

and the challenges in doing so. (A) A 3D view of

tight junctions in human-induced pluripotent

stem (hIPS) cells from the Allen Cell Explorer

(green: tight junctions; purple: membrane; blue:

nucleus). We infer cell shape and edge shape

from tight junctions as they localize to the

tension-bearing apical surface of epithelial-like

tissues. (B) A schematic of cell-interface represen-

tation used in DLITE and CellFIT force-inference

techniques (37). A colony is represented as a set of

nodes (n), edges (e), and cells (c). Edges are direc-

tional. Tension balance occurs at each node (red

arrows at n5 and n6). Pressure difference ðDpd;bÞ
across a junction is estimated using Laplace’s

law (red arrows at e5,6). (C) Ambiguities in image

segmentation introduce challenges to successful

tension inference. Time t�1 shows single time

point challenges like spurious edge/node detec-

tion, irregular edge curvature, node location errors,

and incomplete segmentation. Time t shows time-

lapse challenges like biological network reorgani-

zation and topological changes. To see this figure

in color, go online.
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where nj and enj represent the j
th node and the number of edges connected to

node nj , and N is the total number of nodes in the colony. Here, nj;residual is

the tension residual at a given node (Eq. 1), and the regularizer is the magni-

tude of the tension residual divided by the sum of the magnitude of the

tension vectors acting on that node. Because tension cannot be negative,

we set a lower tension bound of zero. In Eq. 4, the regularized term ensures

that the system of equations does not converge to the globally trivial

solution (tension ¼ 0 along all edges) (45). Such a formulation does not

require inversion of GT (Eq. 2). Pressure in each cell was computed using

the equation as follows:

minimize
p

gðpÞ ¼
XE
j¼ 1

e2j;residual; (5)

where E is the total number of edges in the colony, and ej is the residual

error from the pressure balance at the jth edge. Tension and pressure solu-

tions were normalized to an average of 1 and 0, respectively, similar to pre-

vious work (37–39). In contrast to previous methods, DLITE uses the values

of tension at each edge and pressure in each cell from the previous time

point as an initial guess for the current time point. This mode of time

stepping in the optimization procedure enables us to use information

from previous time points to predict the values of tension and pressure

at the current time point and forms the basis of DLITE’s improved

performance across time series. Our model optimization pipeline was im-

plemented using SciPy’s unconstrained optimization algorithm ‘‘Limited-

memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS)’’ (46). The global

optimization technique ‘‘Basinhopping’’ was used to seek a global

minimum solution at the first time point (47).
Tracking nodes and edges

An essential distinguishing characteristic of DLITE is the ability to provide

an initial guess for each edge tension and each cell pressure, allowing us to

incorporate a time history of cell-cell forces. However, this requires node,

edge, and cell tracking over time. To implement tracking, we first assign
1716 Biophysical Journal 117, 1714–1727, November 5, 2019
labels to nodes, edges, and cells at the initial time point. Then, nodes are

tracked by assigning the same label to the closest node at the next time

point. Edges are tracked by comparing edge angles connected to nodes

with the same label, and cells are tracked by matching cell centroid loca-

tions across time.
Geometries for model validation

Validation of DLITE requires the generation of dynamic 2D geometries

with curvilinear edges whose cortical tensions are known. Many standard

mathematical models describe the modification of cell shape via applied

forces that are either explicitly or implicitly specified. Such models include

cellular Potts models (48,49), Vertex models (50,51), and cell-level finite-

element models (52–54). Implicit models define an energy function relating

the variation of tension and other properties in a 2D monolayer to cell

shape. The gradient of this energy function leads to the movement of

each vertex. Here, we employ an implicit model using the energy minimi-

zation framework Surface Evolver (55), which was designed to model soap

films. The energy function (W) was defined as follows:

W ¼
XE
j¼ 1

tjLj

|fflfflfflffl{zfflfflfflffl}
tension energy

þ
XC
k¼ 1

pkAk

|fflfflfflfflffl{zfflfflfflfflffl}
pressure energy

; (6)

where tj, Lj are the tension and length of the j
th edge and pk, Ak are the pres-

sure and area of the kth cell, respectively. E and C are the total number of

edges and cells in the colony (see Supporting Materials and Methods for

details). Here, the tension energy represents a net energy contribution

caused by adhesion forces that stabilize a cell-cell interface and actomyosin

cortical tensions that shorten cell-cell contacts. Pressure was enforced as a

Lagrange multiplier for an area constraint. Cell boundaries were free to

move along the surface. Such a model outputs a minimum energy configu-

ration through gradient descent, providing ground-truth tensions to which

we compare inference model outputs. Although the model utilized here de-

scribes a monolayer as a 2D surface embedded in three-dimensional (3D)



TABLE 1 Comparison of CPU Time for MacBook Pro for

CellFIT and DLITE

Dynamic Tension Estimation
space, it is possible to extend this work to 3D, covering the complex 3D

structure present in many systems (39).
Figure CellFIT DLITE

1. Fig. 2 3 min 25 s 14 min 50 s

2. Fig. 3 D 1 min 4 s 8 min 25 s

3. Fig. 5 12 s 1 min 21 s

4. ZO-1 time series 1 (Fig. 7 A) 12 s 13 min 4 s

5. ZO-1 time series 2 (Fig. 7 B) 14.3 s 18 min 23 s

6. ZO-1 time series 3 (Fig. 7 C) 12.6 s 5 min

7. ZO-1 time series 4 (Fig. 8) 13.9 s 17 min 18 s

MacBook Pro specifications were as follows: 2 GHz Intel Core i5 6360U
Sources of error due to digitization

Transforming single- or multichannel z-stacks of cell colonies into a connected

network suitable for tension inference requires 1) image preprocessing to pro-

duceabinaryor otherwise simplified representation, 2) skeletonization, creating

a network of 0-width lines connecting nodes at junction points, and 3) postpro-

cessing of the skeletonized representation. Inherent ambiguities in this process

introduce several challenges to successful tension inference. Someof these chal-

lenges, such as incorrectly detecting an edge, occur in single frames (Fig. 1 C,

time t�1), whereas others, such as edge tracking across biological network

reorganization, are only present in time series data (Fig. 1 C, time t). These

challenges tend to occur more frequently as digitization is increasingly

automated, creating a trade-off between data reliability and throughput.
Code availability

Our code is freely available with Jupyter Notebook tutorials at www.github.

com/AllenCellModeling/DLITE with documentation at https://dlite.

readthedocs.io/en/latest/. To helpwith download and installation,we have pro-

vided a step-by-step screencast as a Video S7 (also available at: https://vimeo.

com/360665873). An example notebook is also provided here: https://github.

com/AllenCellModeling/DLITE/blob/master/Notebooks/Example.ipynb.
RESULTS

DLITE is built to use the tension at a specific cell-cell junction
at a given time point as an initial guess to calculate tensions at
the next time point. This logical progression then allows us to
infer forces over time and test the strength of the inference
method by correlation to ground-truth values for synthetic
geometries. We demonstrate robustness and sensitivity of
DLITE by validating it against ground-truth tensions for mul-
tiple synthetic geometries, multiple tension perturbations
within a colony, connectivity ambiguities at single or multiple
time points, curve-fit errors, node location errors, and topolog-
ical changes like the shrinkage of cell-cell contacts. At each
point, we compare predictions to those produced by the
state-of-the-art CellFIT technique. We use CellFIT as
the benchmark model for comparison and validation as
the assumption of curved edges outperforms nearly
all previous force-inference models that assume straight
edges (38,41–43). We then apply DLITE to videos of
skeletonizations of endogenously tagged tight junction ZO-1
(zonulae occludentes-1) in an hIPS cell line and demonstrate
improved tension stability in the inference of cell-cell forces
during colony dynamics.A comparisonofCPU times required
to generate each figure is provided in Table 1.
Validation of DLITE as a dynamic tension-
inference tool

We validated DLITE in three steps. First, we compared edge
tension and cell pressure solutions obtained using our imple-
mentation of the CellFIT algorithm and DLITE to ground
truth values in synthetic geometries made available via the
current version of CellFIT called ZAZU (Fig. S1). We reim-
plemented the CellFIT algorithm in Python because the
source code of ZAZU is not publicly available. Both our re-
implementations of CellFIT (Fig. S1 B) and implementation
of DLITE (Fig. S1 C) perform identically with respect to the
ground truth for single frames (Fig. S1 A), with an average
error of �0.02 (Fig. S1 D).

Second, to generate a time series of synthetic geometries,
we simulated colonies that deformed smoothly across time
using Surface Evolver (55). Initial geometries were created
from random Voronoi tessellations followed by Lloyd relax-
ation (56). To generate a time series, we performed multiple
Evolver simulations in which the tension of a few randomly
selected edges were either increased or decreased between
time points (Fig. 2 A). Average edge tension at each time
point was normalized to 1. We then stripped all tension
and pressure information from the resulting shapes and
used these shapes as input to our method. Using DLITE
and CellFIT separately, we inferred colony forces and
compared the two approaches (Fig. 2, B and D). Initially,
both methods performed identically but began to show
divergence after three frames. Importantly, we observed
that the values of tension predicted using our method remain
closer together over time and are better correlated (r ¼ 0.94
(DLITE) versus r ¼ 0.75 (CellFIT)) to the ground truth
(Fig. 2, B and D). Further, we observed that the variation
in tension defined by the change in edge tension over time
(denoted as Dtension) using DLITE also correlates better
to the ground-truth change in edge tension (Fig. 2 C). The
improved performance of DLITE at later time points
(Fig. S2 B) results from DLITE use of information from pre-
vious time points to improve tension predictions in the pres-
ence of large curve-fit residuals (Fig. S2 A), thereby
reducing sensitivity to curve-fitting errors. In the absence
of an informed prior (i.e., when we use random initial
guesses sampled from a random Gaussian distribution at
every time point), we observed worse performance of
DLITE (Table S1). Colony pressures for the time series in
Fig. 2 showed a minor improvement (Fig. S3) because the
pressure equations are well conditioned.

Third, to ensure robustness of the performance of DLITE,
we tested multiple tension perturbations via different com-
binations of increasing and decreasing edge tension in the
Biophysical Journal 117, 1714–1727, November 5, 2019 1717
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FIGURE 2 Comparison of DLITE and CellFIT force-inference tech-

niques for digitized time series. Synthetic colonies were generated from

random Voronoi tessellations and morphed to minimum energy configura-

tions (Eq. 6) using Surface Evolver (55). A random set of edges within the

colony were perturbed by decreasing or increasing their tensions, resulting

in a new colony structure; repeating this process produced a time series of

Vasan et al.
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same geometry (Fig. S4) and similar perturbations in other
randomly generated geometries (Fig. S5). In all cases, we
observed equivalent or better correlation of both the tension
and change in edge tension with the ground truth using
DLITE as compared to CellFIT.
DLITE is robust to digitization ambiguities

The input to a force-inference model is a map of colony
shape as a series of curved edges and the nodes where edges
join (Fig. 1 B). Segmentation transforms image data into in-
formation about the isolated geometric structures (57,58).
Subsequently, skeletonization methods extract lines that
characterize the topology and connectivity of the tension
bearing network in the colony. Ambiguities or errors in
this mapping present challenges to force-inference tech-
niques that rely on precise colony connectivity and edge
tracing (37–39). Some of these conditions are shown in
Fig. 1 C. New methods have improved the quality and
repeatability of predicted network topology and connectiv-
ity; both deep learning models and traditional computer
vision techniques have made significant advances in 2D/
3D biological segmentations (59–62). Despite these ad-
vances, current skeletonization methods continue to require
semimanual postprocessing because of the ambiguities pre-
sent in the structures during imaging and errors resulting
from the image capturing modalities. This semimanual
cleanup becomes increasingly impractical for larger col-
onies and time series. As a result, we require force-inference
techniques robust to errors in mapping a given cell mono-
layer to a series of interconnected curved edges. As we
demonstrate below, our inference method has increased
robustness to multiple edge/node mapping errors. There-
fore, our method decreases the number of manual correc-
tions required and increases the tractability for inferring
forces. Here, we evaluate the effects of edge/node mapping
errors on force-inference in a single image and in a time
series.

We first analyzed, at a single time point, the effect of a
missing intersection between two edges, a commonly occur-
ring connectivity error. As before, we generated a synthetic
colony image to initialize the system with known edge ten-
sions. Fig. 3 A shows a random Voronoi tessellation gener-
ated using Surface Evolver in which 50 edges (out of 330
total) have larger values of tension than others. The
ground-truth tensions were the inputs given to Surface
Evolver (Fig. 3 A). A single edge was deliberately traced
colony rearrangement. (A) A time series of a synthetic colony showing the

decrease in tension of 70 edges in the middle of the colony and the increase

in tension of 40 edges along the boundary. (B) A heat map of dynamic edge

tensions for ground truth, CellFIT, and DLITE. (C) A heat map of dynamic

change (derivative of tension) in edge tensions for ground truth, CellFIT,

and DLITE. (D) A comparison of inferred versus ground-truth tensions

for CellFIT (r ¼ 0.75) and DLITE (r ¼ 0.94). Here, r is the Pearson’s

correlation coefficient. To see this figure in color, go online.
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FIGURE 3 Reduced sensitivity to connectivity

errors in DLITE. (A) Ground-truth tensions for a

synthetic geometry containing 330 edges gener-

ated used Surface Evolver with a single-edge con-

nectivity error (circled in red). (B) Edge tensions

computed using CellFIT for the geometry in (A).

(C) Edge tensions computed using DLITE for

the geometry in (A). (D) Time series of a synthetic

geometry containing 37 edges generated using

Surface Evolver with a single-edge connectivity

error at time 8 (circled in red). This edge is found

again in time step 10 (representing a transient en-

coding error) but treated as a new edge. (E) A heat

map of dynamic edge tensions for ground truth,

CellFIT (r ¼ 0.14), and DLITE (r ¼ 0.87) for

the time series in (D). (F) A heat map of dynamic

change (derivative of tension) in edge tensions for

ground truth, CellFIT, and DLITE for the time se-

ries in (D). To see this figure in color, go online.

Dynamic Tension Estimation
incorrectly to introduce a connectivity error (Fig. 3 A, inset).
This error resulted in the loss of a triple junction and loss of
cellular integrity. Because the node of interest is now con-
nected to two edges instead of three, we can no longer
conduct a tension balance at that location. Such an ill-posed
problem results in a singular tension matrix GT (Eq. 2),
implying that CellFIT is unable to infer a correct tension dis-
tribution (Fig. 3, A and B). However, the use of a regularizer
in DLITE (Eq. 4) reduces the effect of local tension errors
on the global data set. As a result, we find that at a given
time point, DLITE is able to provide a good estimate of
the tension of the neighboring edges, even in the presence
of connectivity errors (Fig. 3 C; see also Figs. S6 and S7).

A commonly occurring digitization challenge results
from poor estimation of edge curvature due to incorrect
values of between-edge angles at a particular node. Errors
in curve fitting can lead to poor tension residuals (Eq. 1)
or large condition numbers of tension matrices (Eq. 2),
which is defined as the ratio of the largest to smallest sin-
gular values in the SVD of the given tension matrix. Sub-
sequently, this leads to poor inference of tension (Fig. 2).
This is especially problematic when cell-cell junctions are
distinctly noncircular, as they commonly are. To simulate
this, we generated a time series of synthetic geometries
using Surface Evolver such that later time points are
distinctly noncircular (Fig. S8 A). The large curve-fit re-
siduals at later time points (Fig. S8 B) lead to ill-condi-
tioned tension matrices and errors in tension inference
(Fig. S8 C). However, DLITE uses tension information
from previous time points to retain the distribution of ten-
sions and is not poorly scaled by these curve-fit errors
(Fig. S8 C).

Another major digitization challenge for force-inference
models is the accurate determination of node locations.
Localization errors in node coordinates also have the down-
stream impact of changing connected edge curvatures
(Fig. 4 B). We simulated this type of error by adding levels
of Gaussian noise to nodes in a synthetic colony (Fig. 4 A,
red nodes). Noise levels 1 (Fig. 4, C and F), 2 (Fig. 4, D
and G), and 3 (Fig. 4, E and H) refer to the Gaussian noise
terms with a mean of 0 and SDs of 0.1, 0.5, and 1, respec-
tively. In all cases, we observed equivalent (noise level 1)
or improved performance (noise levels 2, 3) when using
DLITE compared to CellFIT. Thus, DLITE offers improved
quality of tension inference in the presence of ambiguities in
node location.

Finally, we considered a class of mapping challenges
that are unique to time-series data, that of identification
Biophysical Journal 117, 1714–1727, November 5, 2019 1719



A B

C D E

F G H

FIGURE 4 Reduced sensitivity to node location errors in DLITE. Noise levels 1, 2, and 3 correspond to random Gaussian noise added to red node loca-

tions, all with a mean 0 and SD of 0.1, 0.5, and 1, respectively. Red node coordinates are (480.95, 525.7), (487.76, 536.94), (498.63, 522.1), (524.25, 503.43),

and (535.62, 515.97), arranged from left to right. (A) A time series of synthetic colony generated using Surface Evolver. The five nodes subject to perturbation

with noise are shown in red. (B) Change in shape of a single triple junction around the red node in the presence of noise. (C–E) A heat map of dynamic edge

tensions for ground truth, CellFIT, and DLITE at noise levels 1, 2, and 3, respectively. (F–H) A heat map of dynamic change (derivative of tension) in edge

tensions for ground truth, CellFIT, and DLITE at noise levels 1, 2, and 3, respectively. To see this figure in color, go online.
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of edges from one frame to the next. Misidentification of
edges frequently occurs when an edge is lost for a single
frame, severing the edge’s connection to its previous
label. Fig. 3 D shows a time series with a missing edge
and two missing cells at time point 8. The missing edge
leads to the loss of a triple junction and consequently a
singular tension matrix (Fig. 3 E, CellFIT). For tracking
purposes, missing an edge also means that the edge that
was being tracked up to that point no longer exists; there-
fore, a new edge label is assigned. Because edges with
new labels do not have an initial tension guess from an
1720 Biophysical Journal 117, 1714–1727, November 5, 2019
identical label at previous time points, these edges are
given an initial guess for the value of tension equal to
the average initial guess of all edges connected to that
edge. By using such a scheme, DLITE can predict tension
and Dtension (change in edge tension of an edge label
between adjacent time points) that correlates well with
the ground truth (Fig. 3, E and F). Thus, in both images
and videos of colonies, we find that use of information
from the neighboring region allows DLITE to handle
digitization ambiguities and errors better and robustly
predict the distribution of cell-cell forces.
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DLITE is robust to topological changes

Network topology or the structure of edges and vertices often
display changes in time-series data. In Fig. 3 D, for example,
there are two topological changes at time points 6 and 8 (edge
labels 8 and 25, respectively) that result in differences
between CellFIT and DLITE (Fig. 3, E and F), with DLITE
showing better correlation to the ground truth. Handling of a
time-ordered network requires the tracking of nodes, edges,
and cells over time. This can be done in two ways; if, for
example, a single edge ceases to exist at a certain time point,
we can choose to either keep that edge label and assume that
it has temporarily left the field of view or assign new edge
labels ensuring that the lost edge label ceases to exist (63).
Here, we choose the second option to condition the network
based only on the immediately previous time point. Thus, an
edge label that could not be tracked after a time point no
longer exists and is assigned a new label. These rules were
applied to nodes and cells as well.

If the observed topologies of a cellular network are
constantly changing, how then does it affect inferred cell-
cell forces? To study the effect of topological changes, we
take advantage of the fact that decreasing the tension of
two edges in a triple junction results in a decrease of the
length of the third connected edge in Surface Evolver.
Fig. 5 A shows an example time series in which edge label
15 disappears at time point 18. This single topological
A

B C

FIGURE 5 Reduced sensitivity to topological changes in DLITE. (A) Time s

Evolver in which edge label 17 disappears at time 17 (circled in red). (B) A

and DLITE (r ¼ 0.98). DLITE shows reduced disruption to tension prediction

(C) A heat map of dynamic change (derivative of tension) in edge tensions for
change leads to an ill-conditioned tension matrix (Eq. 2;
Fig. 5, B and C). However, DLITE retains the correct distri-
bution of tensions at time point 18 (see also Fig. 3 E, edge
label 25 at time point 8, and Fig. S9 A) using the initial guess
from previous time points. Although this specific network
structure led to an ill-conditioned tension matrix after a sin-
gle edge loss, this is not always the case. If the tension ma-
trix is well conditioned after the topological change (Fig. 3
E, edge label 8 at time point 6, and Fig. S9 B), then CellFIT
retains a good solution quality. However, Dtension is less
smooth, and both the tension and Dtension still correlate
better to the ground truth while using DLITE (Fig. 3, E
and F; Fig. S9 B).

Another source of error in force-inference methods arises
from temporal edge discontinuities when multiple edges
appear and disappear between frames. To check the robust-
ness of our method to temporal edge discontinuities, we
simulated a field-of-view (FOV) drift within a single colony
(Fig. 6 A). We did this by cropping out all cells outside a
small FOV located in the lower left corner of the colony
geometry. This FOV was then moved across the colony to-
ward the upper right corner to generate a time series (Fig. 6
A). We performed this experiment at multiple speeds of
frame drift so as to simulate a varying number of temporal
edge discontinuities. For example, a slow FOV drift corre-
sponds to the case with a few edge discontinuities between
eries of a synthetic geometry containing 24 edges generated using Surface

heat map of dynamic edge tensions for ground truth, CellFIT (r ¼ 0.75),

on topological change and more closely matches the ground-truth tension.

ground truth, CellFIT, and DLITE. To see this figure in color, go online.
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FIGURE 6 Reduced sensitivity to FOV (field-of-view) drift within a single colony when using DLITE compared to CellFIT. (A) FOV drift within a single

synthetic geometry. The first frame is at the lower left corner. (B–D) Colony time series and heat map of dynamic edge tensions for ground truth, CellFIT, and

DLITE generated via FOV drift with a small speed ((B) r¼ 0.11 versus r¼ 0.83), medium speed ((C) r¼ 0.04 versus r¼ 0.87), and large speed ((D) r¼ 0.11

versus r ¼ 0.87). To see this figure in color, go online.
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time steps (Fig. 6 B; Video S1) and a large FOV drift corre-
sponds to the case in which multiple edges are discontin-
uous between time steps (Fig. 6, C and D; Videos S2 and
S3). The FOVat time point 0 has a single edge that is discon-
nected from the rest of the colony (Fig. 6, B–D, time point
0), leading to tension errors during force inference using
CellFIT. Such errors can be observed in time points 0–8
for speed 1 (Fig. 6 B), time points 0–4 for speed 2 (Fig. 6
C), and time points 0–2 and 4–7 for speed 3 (Fig. 6 D).
These connectivity errors do not lead to errors when using
DLITE (see Videos S1, S2, and S3 for DLITE predictions
across time). In all cases, we observed a stable force infer-
ence when using DLITE, suggesting a reduced sensitivity
to FOV drift.
Application to ZO-1 tight junctions

Finally, we applied DLITE to experimental images of col-
onies of hIPS cells (64). ZO-1 in hIPS cells was tagged at
its endogenous locus with monomeric enhanced GFP
(mEGFP) and visualized using a spinning confocal disk
microscope (see Supporting Materials and Methods for
1722 Biophysical Journal 117, 1714–1727, November 5, 2019
more details). We chose this system because tight junctions
(zonulae occludentes) are known to form a selective barrier,
regulating paracellular diffusion through the spaces between
cells. Injury of tight junctions can impair barrier function,
leading to complications in lungs (65,66), kidneys (67),
eyes (68), or the small intestine (69). The actin cytoskeleton
plays an important role in the regulation of this barrier func-
tion (70) and is connected to the rest of the tight junction
complex through ZO-1 proteins (71,72). Recent studies sug-
gest that actin polymerization and transient Rho activation
(‘‘Rho flares’’) act to quickly restore barrier function upon
localized ZO-1 loss at cell-cell contacts (73). Mechanical
cues from the polymerization and branching of the actin
network can lead to reshaping of tight junctions, resulting
in varying barrier phenotypes.

Using a skeletonization of segmented GFP images, we pre-
dicted the evolution of intercellular forces in three different
ZO-1 time series using both DLITE and CellFIT (Fig. 7,
A–C). The edge lengths, angles, and curvatures of the syn-
thetic colonies described in this study were chosen such
that they qualitatively match well with the experimental
data (Fig. S10). Because no ground truth is available in this
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FIGURE 7 DLITE shows increased tension stability during tension infer-

ence in multiple time series of ZO-1-labeled hIPS cells. Example frames

from three time series are shown in (A)–(C) and arranged as ZO-1 GFP

(upper) and colony edge tensions predicted by CellFIT (middle) and DLITE

(lower). Here, we use k to denote the condition number of the tension ma-

trix Gg (Eq. 2). (A) DLITE shows increased stability to curvature errors

(time 0, k ¼ 69), new edges (time 5, k ¼ 32.5), connectivity errors (time

10, k ¼ 136). (B) DLITE shows increased stability to curvature errors

(time 0, k ¼ 23), node location errors (time 5, k ¼ 1016), and topological

changes (time 25, k ¼ 46). (C) DLITE shows increased stability to node

location errors (time 0, k ¼ 1016), missing edges (time 3, k ¼ 31), and con-

nectivity errors (time 6, k ¼ 1018). To see this figure in color, go online.
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case, we determined the quality of predicted tensions using
condition numbers (k) of the tension matrix (Eq. 2) and
tension residuals. We note that the relative distribution of
tensions range from 0 to 3, such that the average tension is
normalized to 1. The time interval between adjacent time
points was 3 min. The example frames shown in Fig. 7,
A–C are organized as raw GFP (upper), CellFIT-predicted
tensions (middle), and DLITE-predicted tensions (lower).
In every frame, we observed at least one kind of digitization
error, leading to poor tension matrix condition numbers or
tension residuals. Single-frame errors such as curvature errors
(Fig. 7 A, time 0, k ¼ 69; Fig. 7 B, time 0, k ¼ 23), connec-
tivity errors (Fig. 7 A, time 10, k ¼ 136; Fig. 7 C, time 6,
k ¼ 1018), node location errors (Fig. 7 B, time 5, k ¼ 1016;
Fig. 7 C, time 0, k ¼ 1016) and time-series-specific errors
such as new edges (Fig. 7 A, time 5, k¼ 32.5), missing edges
(Fig. 7 C, time 3, k ¼ 31), and topological changes (Fig. 7 B,
time 25, k ¼ 46) result in loss of tension stability and errors
(Fig. 7 A, CellFIT). Despite these digitization errors, DLITE
shows increased tension stability (Fig. 7 A, DLITE), demon-
strating its utility for experimental data sets as well. Heat
maps of dynamic edge tension and change in edge tension
(Dtension) for the time series in Fig. 7 are also shown in
Fig. S11. The improved performance of DLITE is predicated
on reduced tension residuals at every time point (Fig. S12).
Importantly, the reduction in tension residuals is accompa-
nied by a reduced dynamic change in edge tension (Dtension;
Fig. S11), indicating a smoothness across time.

Interestingly, we observed an increase in tension adjacent
to a dividing cell immediately after a mitotic event (Fig. 8 A,
red box) in a time series of ZO-1 GFP with a single mitotic
event at time point 14 (see Videos S4, S5, and S6 for
selected edge tension tracks). This increase in tension post-
mitosis was observed using both methods (Fig. 8 C, edge
labels 3, 10, and 11) but only after the removal of digitiza-
tion errors during a semimanual skeletonization process.
This step was important to ensure non-poorly scaled Cell-
FIT solutions, such as the ones at time points 2 and 13.
As before, both the tension residuals (Fig. 8 B) and the
dynamic change in tension (Dtension; Fig. 8, D and E)
were reduced when using DLITE. The reduction inDtension
was determined to be sensitive to the time interval. The SD
of Dtension across time was significantly reduced at a time
lag of one frame (3 min) but showed no difference between
methods for a time lag of five frames (15 min).
DISCUSSION

In this study, we have presented a newmethod, DLITE, which
is based on a local optimization of tension residuals to
compute dynamic cell-cell forces. We validated the predictive
power of DLITE using synthetic geometries generated by
Surface Evolver (55) and showed that DLITE performs better
than the previous state-of-the-art method CellFIT when
applied to time-series data. Importantly, this method incorpo-
rates a framework to track nodes, edges, and cells across time.

We demonstrated that DLITE is robust to digitization
challenges common in time-series data such as poor esti-
mates of edge angle, errors in node location, connectivity
Biophysical Journal 117, 1714–1727, November 5, 2019 1723
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FIGURE 8 Dynamic cell-cell forces from a time series of ZO-1 tight junction locations in hIPS cells. DLITE shows reduced fluctuation in tension change,

showing more temporally correlated tension predictions. (A) A time series of ZO-1 GFP images (upper) and dynamics of colony edge tension predicted by

DLITE (lower). The following time points are shown: 0, 5, 10, 15, 20, and 25. Time 15 shows an increase in tension along a ridge in the middle of the colony

after a mitotic event and the forming of a new edge (circled in red). The time interval between adjacent time points was 3 min. (B) Tension residuals at every

time point showing an estimate of central tendency and corresponding confidence interval. (C) A heat map of dynamic edge tensions predicted by CellFIT

and DLITE. (D) A heat map of dynamic change (derivative of tension) in edge tensions predicted by CellFIT and DLITE. (E) The distribution of Dtension

(derivative of tension) at every time point for CellFIT and DLITE. To see this figure in color, go online.
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errors, and topological changes that occur as cells move and
encounter different neighbors. Finally, we applied DLITE to
estimate edge tensions in multiple time series of ZO-1 tight
junctions and showed improved stability in tension predic-
tions and an increase in tension postmitosis. We indicated
that DLITE displays a reduced Dtension compared to
CellFIT, indicating greater temporal smoothness. We
observed this reduction in three other scenes of the ZO-1
tight junction.

The need for dynamic force-inference tools to understand
cell shape and colony rearrangement is driven by their appli-
cability to morphogenic processes from wound healing to
germ-band extension to colony reorganization (1–4). These
processes rely on transient mechanical forces that are
1724 Biophysical Journal 117, 1714–1727, November 5, 2019
ideally detected by the extended nonperturbing observations
for which DLITE is designed. Computing the dynamics of
cell-cell forces via this computational framework comple-
ments experimental advances and enable data-driven esti-
mation of intercellular forces, particularly as biological
data sets grow in size.

Although useful, DLITE makes assumptions about the
system that create limitations. Specifically, DLITE assumes
1) edges are circular arcs, 2) that tension is correlated from
time point to time point, 3) that sufficient computational re-
sources are available, and 4) that tensions and pressures in
the system are homogeneous across interfaces. 1) The
tensions calculated using DLITE depend on fitting circular
arcs to every edge. This approximation breaks down if the
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edge is not under sufficient tension or the cytoskeleton is
strongly perturbing it inhomogeneously across the interface
(74). Under these conditions, the inferred tensions will not
approach the ground truth. 2) Using local optimization
seeded with tensions from the previous time point assumes
that the tensions are correlated across these time points. This
is evidently true as the interframe interval approaches zero
and evidently false as the same interval approaches infinity.
DLITE’s informed prior decreases in usefulness as we in-
crease this interval or the timescale of our system’s force
variance decreases. 3) As the amount of biological data in-
creases, implementation of DLITE must be optimized for
computation speed in large colonies (Table 1). Global opti-
mization routines at the first/zeroth time point can further
slow down computation without providing substantial bene-
fits. 4) Finally, without extensions beyond the current form,
DLITE is not suitable for examining cases in which the
actomyosin cortex is subject to substantial inhomogeneities
or nonlinearities (8,74–77). Tracking local strains and
including viscous damping can potentially incorporate
inhomogeneities (78,79). This can be validated against
Surface Evolver models utilizing local forces (80).

DLITE offers comparable tension inference to existing
methods when applied to single time points, increased per-
formance when applied across time points, increased stabil-
ity in the face of segmentation challenges, and increased
stability when applied to limited experimental data sets.
Future use of DLITE will look at dynamic changes in
cell-cell forces in larger data sets of ZO-1 tight junctions,
allowing the visualization of cell-cell forces during large-
scale colony reorganization.
SUPPORTING MATERIAL

Supporting Material can be found online at https://doi.org/10.1016/j.bpj.

2019.09.034.
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