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SUMMARY

Chemotaxis is ubiquitous in many biological processes, but it still remains elusive
how cells sense and decipher multiple chemical cues. In this study, we postulate a
hypothesis that the chemotactic performance of cells under complex cues is regu-
lated by the signal processing capacity of the cellular sensory machinery. The un-
derlying rationale is that cells in vivo should be able to sense and process multiple
chemical cues, whose magnitude and compositions are entangled, to determine
their migration direction. We experimentally show that the combination of trans-
forming growth factor-b and epidermal growth factor suppresses the chemo-
tactic performance of cancer cells using independent receptors to sense the
two cues. Based on this observation, we develop a biophysical framework sug-
gesting that the antagonism is caused by the saturation of the signal processing
capacity but not by the mutual repression. Our framework suggests the signifi-
cance of the signal processing capacity in the cellular sensory machinery.

INTRODUCTION

Cell chemotaxis – the biased migration of cells toward a chemical cue – is a critical step in various patho-

logical and physiological processes, including cancer metastasis, embryogenesis, and wound healing

(Welch and Hurst, 2019). For multiple cell types, including cancer, cells are exposed to multiple signals

within the complex chemical and physical environments during migration (Quail and Joyce, 2013; Roussos

et al., 2011). These include multiple cytokines such as transforming growth factor-b (TGF-b), epidermal

growth factor (EGF), stromal cell-derived factor-1a (SDF-1a), and CCL2 (Fernandis et al., 2004; Mantovani

et al., 2002; Quail and Joyce, 2013; Roussos et al., 2011). Furthermore, the nature of the cytokine signals

varies in space and time (Odenthal et al., 2016; Van Haastert and Devreotes, 2004). Cellular sensing is

critical for deciphering the complex signals and accurately migrating in the direction of the physical and

chemical cues whose temporal and spatial characteristics are tangled.

Prior studies on chemotaxis have focused on identifying molecules to establish the signal transduction

network for a given chemical cue. Intracellular signaling networks involve a series of processes relevant

to diverse cell physiological responses (Han and Lo, 2012; Ikushima and Miyazono, 2010). Research efforts

to identify the associated signaling molecules and systematically construct their networks have advanced

our understanding of how cells process the signals that result in a chemotactic response (Miyagawa et al.,

2018; Odenthal et al., 2016; Roussos et al., 2011; Swaney et al., 2010). Quantitative modeling involving

chemical kinetics or logical circuits has extensively contributed to constructing signaling networks in sys-

tems biology (Barberis and Verbruggen, 2017; Le Novère, 2015). These approaches elucidate the behavior

of the cellular machinery, in which the physical and chemical components of the cell function together to

carry out sensing, processing, and migration. At the same time, biophysical approaches have measured

cellular sensing capacity in a quantitative manner (Hu et al., 2010; Thomas and Eckford, 2016; Varennes

and Mugler, 2016). Physical limits to the precision of sensing have been investigated considering the

biochemical nature of signal-receptor binding relations (Hu et al., 2010; Varennes and Mugler, 2016).

The effect of receptor crosstalk in enhancing the precision of chemical sensing of multiple ligands has

been demonstrated with quantitative modeling (Carballo-Pacheco et al., 2019). In cellular signal process-

ing, intracellular protein diffusion and activation are critical to understanding the cellular sensory function

(Soh et al., 2010). Not only the spatial variation but also the temporal relations were used to develop a

better understanding and physically predictable models (Gupta et al., 2020).
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Cells are exposed to multiple cues whose chemical composition and physical nature are complex. Cellular

capability to process the multiple signals has been addressed in functional crosstalk between either recep-

tors or pathways (Hart et al., 2005; Lappano and Maggiolini, 2011; Shi and Chen, 2017; Wang et al., 2011).

The EGFR cascade, an example of RTK, cross-communicates with the GPCR-mediated chemotaxis path-

ways in breast cancer (Hart et al., 2005). RTKs also interplay with transforming growth factor-b (TGF-b)

through Smad-dependent transcription, or PI3K/AKT activation (Shi and Chen, 2017). The crosstalk at

either the molecular or network level is reflected in cellular responses. Mosadegh et al. showed that

EGF was cooperative in mediating breast cancer chemotaxis induced by SDF-1a gradient (Mosadegh

et al., 2008). In addition, Uttamsingh et al. (Uttamsingh et al., 2008) showed a synergistic effect of EGF

and TGF-b in inducing invasion/migration capability in epithelial cells.

However, howcells transducemultiple signals is still poorly understood. This is a significant knowledgegap since

cells in vivoneed toprocess complex chemical cues todetermine themigration direction. Thequestion remains:

Is there a limit to cellular capacity to process multiple signals, and if so, what happens when cells exceed it?

In this study,we investigate theeffectsof thesignalprocessingcapacityof thecellular sensorymachineryonchemo-

taxis. Our central hypothesis is that chemotaxis performance is regulated by the signal processing capacity of the

cellular sensory machinery. This hypothesis is tested by assessing chemotaxis of human breast cancer cells (MDA-

MB-231) andmurinepancreatic cells (eKIC) under single or combined cues of TGF-b1 (denotedas TGF-b) andEGF

by use of a microfluidic platform. On the microfluidic platform, chemical cues of TGF-b and EGF are created with

different gradient strengths and background concentrations. Then, a minimal signal processing machinery is

modeled to address the experimental results. Using mathematical modeling, we hypothesize that the saturation

of thepathwaysafter theyconvergedownstreamlimits thechemotacticperformance.We furtherdiscuss theeffects

of signal processingon chemotaxis to lay thegroundwork of a general theoreticalmodel. Themodel based on the

hypothesis reproduces theexperimental results andpredicts that the suppressionof chemotacticperformancecan

alternatively be causedby saturating the sharedpathwaywith background signal strength.We confirm this predic-

tionwith further experiments on both cell lines. Our results constitute a biophysical framework of cellular response

to multiple inputs and suggest that cellular capacity determines chemotactic accuracy under complex signals.
RESULTS

The combination of TGF-b and EGF gradients is not synergistic for the chemotaxis of breast

cancer cells

To understand the cell chemotactic response to multiple signals, we present gradient signals simulta-

neously using a microfluidic platform. The chemotaxis platform has been widely used to apply a chemical

gradient to the cells embedded in the 3D extracellular matrix (Varennes et al., 2019; Wu et al., 2013). The

platform is composed of three microfluidic channels, as shown in Figure 1A. A center channel contains cells

with a type I collagen matrix, supplementing nutrients from the two side channels of the source and sink

filled with the basic culture medium. A chemical gradient is developed in the center channel by diffusion

caused by a concentration difference between source and sink channels. We verify the concentration pro-

files by simulating the diffusion behaviors of TGF-bwith 10kDa FITC-dextran (Figure 1A). The concentration

gradient is developed as a linear profile in the center channel, stably retained for more than 9 hours from 3

hours after perfusing FITC-dextran solution through the source channel while the sink channel is filled with

FITC-dextran free medium. When we perfuse the FITC-dextran solution with the same concentration for

both source and sink channels, the uniform concentration is quickly established in the platform (Figure 1A).

By using the chemotaxis platform, we expose the cells to single or combined cues, track cells’ migration, and

analyze the chemotaxis characteristics of the cell trajectories to compute chemotactic index (CI) and speed

(Video S1, and Figure S1). The CI is the cosine of the angle between a cell’s displacement and the gradient di-

rection for a trajectory, indicating chemotactic accuracy toward the gradient (Figure 1C). The CI can range be-

tween �1 and 1. Higher CI indicates more accurate chemotaxis in response to an attractant. CI = 1 means that

the cell perfectly follows the gradient direction, whereas CI = 0 means that the cell is unbiased. The CI distribu-

tion of the unbiased group of cells is U-shaped with a median of 0. In contrast, cell trajectories showing biased

motions exhibit a biased CI distribution toward 1 with a positive median (Figure 1D).

The signal processing capacity of cells under multiple cues is anticipated to either synergistically or antag-

onistically affect the cell chemotactic performance. To elucidate the effect of combined cues on chemo-

taxis, we simultaneously expose both TGF-b and EGF gradients to the cells using the chemotaxis platform.
2 iScience 24, 103242, November 19, 2021



Figure 1. Chemotaxis platform and chemotaxis characteristics

(A) Schematic description of a microfluidic chemotaxis platform to induce the chemical gradient. 10kDa FITC dextran (simulating TGF-b) develops a linear

profile when supplied at the sink channel, or a uniform profile when supplied at both channels in the chemotaxis platform. Data points indicate average G

standard deviation of multiple measurements (N R 3).

(B) Representative micrographs of MDA-MB-231 cells with their trajectories for 9 hours.

(C) Characterization of the measured cell trajectory.

(D) Schematics of angular (q) distribution of cell trajectories and corresponding chemotactic index (CI) distributions of unbiased (gray) and biased motions (blue).
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We use a triple-negative breast cancer cell line, MDA-MB-231, recognized as a highly metastatic cell type

(Chavez et al., 2010). Chemotactic response of MDA-MB-231 has been reported with several growth fac-

tors, including TGF-b and EGF (Varennes et al., 2019; Wang et al., 2004). Our previous study reported

that MDA-MB-231 cells were significantly biased toward the TGF-b gradient direction (Varennes et al.,

2019). Here, we investigate four groups: no growth factor (control), a 50nM/mm TGF-b gradient, an

800nM/mm EGF gradient, and the two gradients of TGF-b and EGF combined (FigureS 1B; 2). In control,

we see that the cell migration shows random movement with uniformly distributed migratory directions,

whose CI distribution is U-shaped (Figure 2C gray). On the other hand, the CI distribution for cells with

either the TGF-b or EGF gradient shows a biased distribution toward 1 with significantly higher median

CIs compared with the control (Figure 2C red and blue). Surprisingly, the CI in response to the combined

gradients decreases compared to the response to each individual gradient (Figure 2C, purple),

demonstrating that combining the two gradients has no synergistic effect on the CI.

It is a remarkable result since many studies have reported the functional cooperation of multiple signals

rather than the antagonism that we see here (Pang et al., 2016; Uttamsingh et al., 2008). In fact, cells

lose their chemotactic ability if the gradient strength is not sufficient. However, we observe similar CI values

when either TGF-b or EGF gradient is applied individually, even though the gradient strengths are different

from each other. This suggests that they are appropriately tuned to their corresponding receptors. The

observed lack of synergy is surprising also because TGF-b and EGF bind to independent receptors on

the cell surface: TGF-b binds to the TGF-b receptors, which are transmembrane serine/threonine kinase

complexes composed of type 1 and type 2 subunits (Ikushima and Miyazono, 2010); whereas EGF binds

EGFR which is a receptor tyrosine kinase superfamily (Han and Lo, 2012). Thus, the combined effect of

TGF-b and EGF reflects cellular signal processing, excluding an interplay in a receptor-binding level.
iScience 24, 103242, November 19, 2021 3



Figure 2. Chemotactic performance of breast cancer cells is not synergistically augmented when TGF-b and EGF gradients are simultaneously

imposed

(A) Cell trajectories of a representative sample for control, 50nM/mm TGF-b gradient (VT), 800nM/mm EGF gradient (VE), and combined gradients of 50nM/

mm TGF-b with 800nM/mm EGF (VT+VE) collected for 9 hours. Trajectories in a sample include >35 cells.

(B) Angular (q) distribution of cell trajectories from a representative sample for control (gray), VT(red), VE(blue), and VT+VE(purple).

(C) Distribution of chemotactic index (CI) from all trajectories collected from experimental trials (N > 3) including 158–233 trajectories per condition. Box

represents quartiles with a median line in the middle of the box (*: p < 0.05 in Mann-Whitney test).

(D) Distribution of speed with a median line from all collected trajectories. Box: interquartile range (IQR) G 1.5 IQR whiskers. A dot represents data from a

single trajectory. (***: p < 0.001, N.S: no significance with p > 0.05 in Mann-Whitney test) (See also Figure S1).
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Interestingly, cells show significantly enhanced speed compared to control in both the individual gradient cases

and under the combined gradients (Figure 2D). In fact, the cell speed is not significantly enhancedwith the com-

binedgradients comparedwith the individual gradient cases. This demonstrates that combining thegradients of

two chemoattractants does not have a synergistic nor antagonistic effect on the cell speed.
4 iScience 24, 103242, November 19, 2021
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The multitasking response is not cell-type specific

To evaluate the cell-type dependency in cellularmultitasking, we investigatemultiple-cue chemotaxis in pancre-

atic cancer cells. eKIC is used in this study, which is a murine pancreatic cancer cell line. eKIC is driven by the

genetically engineered mouse model having Kras and p16 mutations showing epithelial phenotype (Bradney

et al., 2020; Seeley et al., 2009). The cell line is known tobe responsive to TGF-b, showing invasion features (Brad-

ney et al., 2020). First, we evaluate the migratory behaviors of eKIC in the chemotaxis platform as a control,

excluding any growth factors. The trajectories show an average CI close to 0, as shown in Figure 3 (gray).

Then, we expose a single cue of either a 10 nM/mm TGF-b gradient or a 200 nM/mm EGF gradient. We find

that the eKICs are highly responsive to both TGF-b gradient and EGF gradient (Figure 3, red and blue). Indeed,

the median CI values are significantly enhanced in both gradient groups compared to the control group. Inter-

estingly, weobserve the antagonism in eKIC in the presenceof the combinedTGF-b and EGFgradients: theCI is

significantly lower than the CIs of both groups of a single gradient (Figure 3C, purple). The speed is enhanced

significantly compared with the control (Figure 3D), and again the speed under combined TGF-b and EGF gra-

dients does not show significant differences to the speeds in single gradient groups, neither TGF-b nor EGF

gradient. These results indicate that the lack of synergy in the chemotactic performance is not cell-type-specific

responses. Instead, the present results suggest that the cell’s multitasking response might be governed by

physical principles rather than cell-type-specific details.

The multitasking response cannot be explained by mutual repression but can be explained by

a shared pathway

Because TGF-b and EGF bind to different receptors (Han and Lo, 2012; Ikushima and Miyazono, 2010), the fact

that combining both signals suppresses the CI is not due to receptor saturation but rather due to the signaling

network downstream. To understand this effect, we turn tomathematical modeling.We suppose that themigra-

tory response is ultimately governed by an internal molecular speciesM. In order for the TGF-b or EGF gradient

to be translated into biased migration, there must be a difference in the concentration of M between the front

and back halves of the cell (Ellison et al., 2016). Therefore, we take this difference Dm to be a proxy for the CI

(Figure 4A). We have seen that the cell speed increases significantly in the presence of either TGF-b or EGF (Fig-

ures 2D and 3D). Therefore, we take the average concentrationofM in both halves of the cell,m, to be a proxy for

speed (Figure 4A). In principle, the speed could also depend on the biasDm. However, we have checked exper-

imentally that cell speed for a given background level of TGF-b or EGF is not significantly different whether the

corresponding gradient is present or not (Figure S2). Thus, we take speed to be a function of m alone. It now

remains to propose amodel of the signaling network connecting TGF-b and EGF toM that can explain the data.

A straightforward hypothesis for the observed antagonism in the CI is the presence of mutual repression:

TGF-b activates M through pathway one, and EGF activates M through pathway two, but TGF-b also re-

presses pathway two and vice versa. A minimal example of such a mutually repressive network is shown

in Figure 4B. Here we have introduced species X and Y, which are the targets of the repression, and dimen-

sionless parameters hX ;hY ;mT ;mE ;bT , and bE which define the strength of the edges. Writing down the rate

equations for this network and solving for the steady-state, we find

mf
hXð1+mT Þ
1+ bE

+
hY ð1+mEÞ
1+ bT
Dmf
hX ðmT � bEÞ
ð1+ bEÞ2

+
hY ðmE � bT Þ
ð1+ bT Þ2

(Equation 1)

where the dimensionless parameters are defined in terms of the reaction rates (see Method details). These

expressions apply to the case where both signals are present, while specific limits apply to the case where

only the TGF-b gradient is present (mE = bE = 0), the case where only the EGF gradient is present (mT =

bT = 0), and the control (mT = bT = mE = bE = 0).

To investigate whether this model can explain the data in Figures 2 and 3, we focus on parameters for which

Dm is smaller when both gradients are present than when either is present alone (Figures 2C and 3C). The

result, averaged over all such parameters (see Method details), is shown in Figure 4C, and we see that this

model can explain an antagonistic effect on the CI. However, for these same parameters, we also see an

antagonistic effect on m in Figure 4D, which is inconsistent with the speed data in Figures 2D and 3D.

The reason that antagonism for Dm and m coincide in this model is that the mutual repression suppresses

the front-back bias in the output molecule M by suppressing the production of M itself. We conclude that

crosstalk cannot explain the data.
iScience 24, 103242, November 19, 2021 5



Figure 3. Antagonism of pancreatic cancer cells in the combined signal environment

(A) Cell trajectories of a representative sample for control, 10nM/mm TGF-b gradient (VT), 200nM/mm EGF gradient (VE), and combined gradients of 10nM/

mm TGF-b with 200nM/mm EGF (VT+VE) collected for 3 hours. Trajectories in a sample include >35 cells.

(B) Angular (q) distribution of cell trajectories from a representative sample for control (gray), VT(red), VE(blue), and VT+VE(purple).

(C) Distribution of chemotactic index (CI) from all trajectories collected from experimental trials (N > 3) including >100 trajectories per condition,

respectively. Box represents quartiles with a median line in the middle of the box (*: p < 0.05 in Mann-Whitney test).

(D) Distribution of speed from all collected trajectories. Box: interquartile range (IQR) G 1.5 IQR whiskers with a median line. A dot represents data from a

single trajectory. (***: p < 0.001, N.S: no significance with p > 0.05 in Mann-Whitney test) (See also Figure S1).
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We, therefore, put forward an alternative hypothesis that the antagonism in the CI is due to a shared

signaling pathway. Specifically, if the pathways by which TGF-b and EGF activate M converge at a certain

point, it could be that the shared pathway is saturated when both signals are present, but not when each

signal is present alone. A minimal example of such a network is shown in Figure 4E. Here X is the shared
6 iScience 24, 103242, November 19, 2021



Figure 4. Mathematical model explains antagonism by saturation of a shared pathway

(A) In the model the cell speed and chemotactic index (CI) scale with the concentration m of an intracellular speciesM, and its concentration difference Dm

between the front and back of the cell, respectively.

(B) In the mutual repression model, TGF-b and EGF mutually repress the other’s activation pathway.

(C) Dm exhibits antagonism (the response to both gradients is smaller than that of either alone).

(D) m also exhibits antagonism.

(E) In the shared pathway model, TGF-b and EGF convert a common component to its active state.

(F) Dm exhibits antagonism.

(G) m does not exhibit antagonism. Only the shared pathway results are consistent with the data in Figures 2 and 3. C, D, F, and G each shows results

averaged over parameter space (see Method details) and normalized by the TGF-b gradient case (red) (See also Figure S2).
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component, and TGF-b and EGF catalyze the reversible conversion of X to an activated state X*, which pro-

duces M. The presence of a convertible species introduces the possibility of saturation, where all X mole-

cules have been converted to the X* state, and no further conversion can occur. The dimensionless param-

eters hT and hE define the strengths of the catalysis reactions, and m defines the degree to which the

conversion reaction is unsaturated (m/0) or saturated (m/1). Again, writing the rate equations and solving

for the steady-state, we find

mf
m+ hT + hE

1+ hT + hE

ð1� mÞðh + h Þ

Dmf T E

ð1+ hT + hEÞ2
(Equation 2)

where hT ;hE and m are defined in terms of the reaction rates, and the limiting cases are the same as those in

Equation 1. Again, averaging over all parameters for which Dm is smaller with both gradients than with

either alone (Method details), we see that this model can explain both antagonism for the CI (Figure 4F)

and a lack of antagonism for the speed (Figure 4G), consistent with the data in Figures 2 and 3. The reason
iScience 24, 103242, November 19, 2021 7



Figure 5. Model predicts and experiments confirm that elevated signal background reduces chemotactic bias but

not speed

(A–D) The model predicts that (A) the bias Dm decreases when a TGF-b gradient is combined with a uniform background of

either EGF or TGF-b, whereas (B) the averagem does not (See also Figure S3). Experiments confirm that for either cell type, (C)

the chemotactic index (CI) is significantly suppressedwhen the TGF-b gradient is combined with a uniform background of either

EGF or TGF-b, whereas (D) the speed is not, consistent with the predictions. (*: p < .05, **: p < .01 in Student t-test). In all panels,

the values are normalized by the TGF-b gradient case (red). The model uses Equation 2 with De = 0 (EGF background) or {e = 0,

De= 0, t/ 10t} (TGF background) and the same parameters as in Figure 4. The experiment uses the same TGF-b gradient as in

Figures 2 and 3 (50 nM/mm forMDA-MB-231, 10 nM/mm for eKIC) combinedwith either uniformEGF (400 nM forMDA-MB-231,

100 nM for eKIC) or uniform TGF-b (200 nM for MDA-MB-231, 50 nM for eKIC). In experiment, bar represents mean of the

mediansGS.E (nR 3). The medians are collected from >35 trajectories in a sample, respectively. (*: p < 0.05, **: p < 0.01, and

N.S: no significance with p > 0.05 in student’s t-test) (See also Figure S1).
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that antagonism occurs for Dm but not m in this model is due to the saturation: as all Xmolecules become

converted to the X* state, the difference in the concentration of M molecules from front to back vanishes,

while the total concentration of M molecules remains high. The saturation causes loss of synergy in the

value (m), but it causes antagonism in the slope (Dm). Because gradient sensing depends on the slope

(Dm), a value-saturating function causes slope-antagonism, which indicates a saturation of signal process-

ing capacity. This can be understood by thinking about what happens to Dm whenm is close to saturation.

In our system when only one gradient is present, m is away from saturation, so there is a large Dm. But if

both gradients are applied simultaneously, thenm is close to the saturating value, andDm is small. Because

the response depends on the differenceDm in molecule number between the front and back of the cell, the

decrease in Dm is sufficient to explain the antagonism behavior in cells. We conclude that the saturation of

a shared pathway can explain the data.
The shared pathway model successfully predicts the cellular response to elevated signal

background

The key mechanism behind the shared pathway model is that the presence of a second gradient signal brings

the shared pathway too close to its saturation point and therefore reduces the chemotactic bias while not

reducing the speed. Given this mechanism, the model makes an important prediction: the second signal

need not be graded to bring the shared pathway to its saturation point. Indeed, we see in Figure 5 that if the
8 iScience 24, 103242, November 19, 2021



ll
OPEN ACCESS

iScience
Article
TGF-b gradient is combined with a uniform EGF background alone, then the bias Dm is reduced (Figure 5A,

black), whereas the average m is not (Figure 5B, black). In fact, the model also makes a second prediction:

the elevatedbackgroundneednot even come from the other signal; it could come from the same signal. Indeed,

we also see that if the TGF-bgradient is combinedwith an additional uniformTGFbackground, then the biasDm

is reduced (Figure 5A, maroon) whereas the average m is not (Figure 5B, maroon).

To test these predictions, we expose each cell type to its respective TGF-b gradient as in Figures 2 and 3,

combined with a uniform EGF background (equal to the EGF concentration in the center of the device in

Figures 2 and 3). We see that in both cases, the CI is significantly suppressed (Figure 5C, black), whereas the

speed is not (Figure 5D, black), as predicted. Then, we expose each cell type to the TGF-b gradient

combined with a uniform TGF-b background concentration. Again, we see that in both cases, the CI is

significantly suppressed (Figure 5C, maroon), whereas the speed is not (Figure 5D, maroon), as predicted.

These results support the hypothesis that the growth factors are saturating a shared signaling pathway, and

therefore that the capacity of the cell to multitask is being exceeded.

Notably, the mutual repression model makes predictions in these two cases that are distinct from those of

the shared pathway model and, therefore, inconsistent with the data (Figure S3).
DISCUSSION

We have investigated cellular multitasking capacity in the context of the migratory response to simulta-

neous growth factor gradients in a 3D microfluidic environment. Surprisingly, for two different cell types,

we have found that the chemotactic bias is suppressed below that for either growth factor alone, whereas

the cell speed remains high. Because the growth factors bind to separate receptors, the suppression is not

a consequence of simple receptor saturation, rather must result from the signaling network downstream.

Using mathematical modeling, we have found that the suppression cannot be explained by a network with

mutually repressive crosstalk but can be explained by the convergence to a shared pathway. Our shared

pathway model has predicted that the chemotactic bias, but not speed, can be alternatively suppressed

by elevating the background level of either growth factor, which our experiments have confirmed. Our re-

sults emphasize the fact that the quantitative features, not just the topological features of a signaling

network, are necessary to understand a behavioral response, especially a counterintuitive response such

as antagonism.

Themodel successfully predicts the cellular response regardless of cell type. This suggests that chemotaxis

is critically moderated by not only specific environmental cues and cell-type-specific biochemistry, but also

the intrinsic cell capability to process information within an inherently limited channel. Indeed, genetic mu-

tations commonly observed in cancer cells strongly affect the migration by promoting the invasion process

via specific signaling pathways such as Snail and Twist (Muller et al., 2011). Yet, the present results show that

the cell response could be predicted from our framework regardless of the cancer type, implying that

cellular multitasking capacity is not a cancer type-specific signaling effect.

The antagonistic response to two signals in the model results from the saturation of a shared pathway. In

this saturating regime, we have seen that the model explains the experimental data and makes predictions

that our further experiments confirmed. Yet, the model also predicts more conventional synergistic

behavior outside the saturating regime. Specifically, defining an amplification factor a=hT + hE and a rela-

tive pathway strength r=hT=hE in terms of the parameters of Equation 2, we see in Figure 6A that themodel

supports both antagonistic and synergistic regimes (see Method details). Intuitively, antagonism arises

when each individual pathway is amplified (a>>1) and the two pathways are balanced (r � 1), as illustrated

in Figure 6B. In contrast, synergy arises when the amplification is not as strong, as then the shared pathway

is not saturated, and the capacity of the channel is not exceeded.

The fact that the proposed signaling mechanism supports either antagonism or synergy may help explain

why previous work has observed synergistic effects between growth factors, including TGF-b and EGF.

Both of these growth factors have been identified to regulate cell invasiveness and motility (Hou et al.,

2012; Moustakas and Heldin, 2008; Roussos et al., 2011), with TGF-b in particular known to promote epithe-

lial-mesenchymal transition, which is a critical step in cancer invasion (Ikushima and Miyazono, 2010; Mous-

takas and Heldin, 2008). In fact, TGF-b is generally considered a cooperative effector when it combines with

other growth factors (Pang et al., 2016; Uttamsingh et al., 2008). Most notably, Uttamsingh, et al. reported
iScience 24, 103242, November 19, 2021 9



Figure 6. Schematic of cellular multitasking capacity for chemotaxis

(A) The shared pathway model predicts antagonism in the chemotactic response (as in the experiments) for large

amplification factor a and balanced relative pathway strength r but synergy in the response for small a (see Method

details for phase boundaries).

(B) Illustration of a and r in the general context of a signaling network defined by pathway convergence.
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that the roles of TGF-b- and EGF-mediated signaling pathways combine synergistically in inducing cell in-

vasion and migration (Uttamsingh et al., 2008). However, it is important to note that this study focused on

motility and invasiveness, not directional bias, and indeed here, we do not observe an antagonistic effect

on cell speed. This comparison emphasizes the need to distinguish directional and non-directional mea-

sures of cell motility, as well as the difference between cell-intrinsic motility factors and the physical aspects

of the signaling environment (Clark and Vignjevic, 2015; Endres andWingreen, 2008; Varennes et al., 2019).

Our discovery of antagonism by the cellular capacity suggests the necessity of a quantitative approach to

multiple-cue cell migration studies.

Both TGF-b and EGF are secreted by stromal cells, which typically surround the solid tumors (Bulle and Lim,

2020; Roussos et al., 2011; Shibue and Weinberg, 2017). Thus, we anticipate that these growth factors are

usually imposed along with the aligned directions. However, considering the spatial and temporal hetero-

geneity of tumor tissue structure, it may depend on the tumor structure and development stage. The other

scenarios for the gradient alignments could be further investigated with the controllable microfluidic plat-

form, for example, by imposing conflicting gradients. Nonetheless, the present study provides insight into

how combined gradients of multiple growth factors in the tumor microenvironment could affect cancer cell

migration behavior.

Our framework proposes that two receptor-activated signaling pathways converge to a single pathway

to promote migration (Figure 6B), and there is ample biochemical evidence that this structure is plau-

sible. From a general standpoint, although many signaling pathways regulate chemotaxis (Charest and

Firtel, 2007; Chung et al., 2001; Gandalovi�cová et al., 2016; Stuelten et al., 2018), all must converge to

activate a set of common cellular responses, including actin polymerization and organization, cytoskel-

eton dynamics, and adhesion (Roussos et al., 2011; Swaney et al., 2010; Van Haastert and Devreotes,

2004). More specifically, complex signaling pathways are known to converge onto central functional

molecules (idealized in our model by the species X) such as PIP3 in Dictyostelium, cofilin in breast

carcinoma cells (Swaney et al., 2010), Rho GTPases, Smad-dependent transcription, or PI3K/AKT activa-

tion cascades (Charest and Firtel, 2007; Chung et al., 2001; Corallino et al., 2018; Hart et al., 2005; Lap-

pano and Maggiolini, 2011; Li et al., 2013; Miyagawa et al., 2018; Shi and Chen, 2017; Swaney et al.,

2010).

Our results suggest that the antagonistic response to two gradient signals in these cells is due to saturation

of the sensory pathway. However, well-characterized networks in other sensory systems, such as the bac-

terial chemotaxis network, avoid saturation by adapting their operating point to the background concen-

tration (Alon et al., 1999; Mello and Tu, 2007). This adaptation relies on a timescale separation between

effector phosphorylation and receptor methylation that, for whatever reason, may be difficult to achieve

in the cells studied here. Alternatively, the growth factor concentrations at which saturation sets on in
10 iScience 24, 103242, November 19, 2021
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our system may be outside of the physiological range to which these cells are typically exposed. Further

characterization of the sensory network is needed to shed light on the question of adaptation in these cells.

Limitations of the study

Although the biophysical framework is capable of illustrating the cellular multitasking capacity shown in the

experiments, further research is warranted. The present framework may limit the explanation regarding a

mode of migration. The physical constraints driven by the extracellular matrix (ECM) regulate features of

cell migration as well. Since the chemotactic response and the relevant signaling pathways inducing

chemotaxis could be varied depending on the mode of the migration (Clark and Vignjevic, 2015; Ganda-

lovi�cová et al., 2016), the model may be improved further by considering migration modes highly regulated

by physical confinement.
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Brábek, J. (2016). Cell polarity signaling in the
plasticity of cancer cell invasiveness. Oncotarget
7, 25022–25049.
12 iScience 24, 103242, November 19, 2021
Gupta, S., Fancher, S., Korswagen, H.C., and
Mugler, A. (2020). Temporal precision of
molecular events with regulation and feedback.
Phys. Rev. E 101, 062420.

Han, W., and Lo, H.-W. (2012). Landscape of
EGFR signaling network in human cancers:
biology and therapeutic response in relation to
receptor subcellular locations. Cancer Lett. 318,
124–134.

Harley, B.A., Kim, H.-D., Zaman, M.H., Yannas,
I.V., Lauffenburger, D.A., and Gibson, L.J. (2008).
Microarchitecture of three-dimensional scaffolds
influences cell migration behavior via junction
interactions. Biophysical J. 95, 4013–4024.

Hart, S., Fischer, O.M., Prenzel, N., Zwick-
Wallasch, E., Schneider, M., Hennighausen, L.,
and Ullrich, A. (2005). GPCR-induced migration of
breast carcinoma cells depends on both EGFR
signal transactivation and EGFR-independent
pathways. Biol. Chem. 386, 845–855.

Hou, Y., Hedberg, S., and Schneider, I.C. (2012).
Differences in adhesion and protrusion
properties correlate with differences in migration
speed under EGF stimulation. BMC Biophys. 5, 8.

Hu, B., Chen, W., Rappel, W.-J., and Levine, H.
(2010). Physical limits on cellular sensing of spatial
gradients. Phys. Rev. Lett. 105, 048104.

Ikushima, H., and Miyazono, K. (2010). TGFb
signalling: a complex web in cancer progression.
Nat. Rev. Cancer 10, 415–424.

Lappano, R., and Maggiolini, M. (2011). G
protein-coupled receptors: novel targets for drug
discovery in cancer. Nat. Rev. Drug Discov. 10,
47–60.

Le Novère, N. (2015). Quantitative and logic
modelling of molecular and gene networks. Nat.
Rev. Genet. 16, 146–158.

Li, H., Yang, L., Fu, H., Yan, J., Wang, Y., Guo, H.,
Hao, X., Xu, X., Jin, T., and Zhang, N. (2013).
Association between Gai2 and ELMO1/Dock180
connects chemokine signalling with Rac
activation and metastasis. Nat. Commun. 4, 1–12.

Mantovani, A., Sozzani, S., Locati, M., Allavena, P.,
and Sica, A. (2002). Macrophage polarization:
tumor-associated macrophages as a paradigm
for polarized M2 mononuclear phagocytes.
Trends Immunol. 23, 549–555.

Mello, B.A., and Tu, Y. (2007). Effects of
adaptation in maintaining high sensitivity over a
wide range of backgrounds for Escherichia coli
chemotaxis. Biophysical J. 92, 2329–2337.

Miyagawa, T., Koteishi, H., Kamimura, Y.,
Miyanaga, Y., Takeshita, K., Nakagawa, A., and
Ueda, M. (2018). Structural basis of Gip1 for
cytosolic sequestration of G protein in wide-
range chemotaxis. Nat. Commun. 9, 1–13.

Mosadegh, B., Saadi, W., Wang, S.J., and Jeon,
N.L. (2008). Epidermal growth factor promotes
breast cancer cell chemotaxis in CXCL12
gradients. Biotechnol. Bioeng. 100, 1205–1213.

Moustakas, A., and Heldin, C.-H. (2008). Dynamic
control of TGF-b signaling and its links to the
cytoskeleton. FEBS Lett. 582, 2051–2065.
Muller, P.A., Vousden, K.H., and Norman, J.C.
(2011). p53 and its mutants in tumor cell migration
and invasion. J. Cell Biol. 192, 209–218.

Odenthal, J., Takes, R., and Friedl, P. (2016).
Plasticity of tumor cell invasion: governance by
growth factors and cytokines. Carcinogenesis 37,
1117–1128.

Pang, M., Georgoudaki, A., Lambut, L.,
Johansson, J., Tabor, V., Hagikura, K., Jin, Y.,
Jansson, M., Alexander, J., and Nelson, C.M.
(2016). TGF-b1-induced EMT promotes targeted
migration of breast cancer cells through the
lymphatic system by the activation of CCR7/
CCL21-mediated chemotaxis. Oncogene 35,
748–760.

Quail, D.F., and Joyce, J.A. (2013).
Microenvironmental regulation of tumor
progression and metastasis. Nat. Med. 19, 1423–
1437.

Roussos, E.T., Condeelis, J.S., and Patsialou, A.
(2011). Chemotaxis in cancer. Nat. Rev. Cancer
11, 573–587.

Seeley, E.S., Carrière, C., Goetze, T., Longnecker,
D.S., and Korc, M. (2009). Pancreatic cancer and
precursor pancreatic intraepithelial neoplasia
lesions are devoid of primary cilia. Cancer Res. 69,
422–430.

Sempere, L.F., Gunn, J.R., and Korc, M. (2011). A
novel 3-dimensional culture system uncovers
growth stimulatory actions by TGFb in pancreatic
cancer cells. Cancer Biol. Ther. 12, 198–207.

Shi, Q., and Chen, Y.-G. (2017). Interplay between
TGF-b signaling and receptor tyrosine kinases in
tumor development. Sci. China Life Sci. 60, 1133–
1141.

Shibue, T., and Weinberg, R.A. (2017). EMT,
CSCs, and drug resistance: the mechanistic link
and clinical implications. Nat. Rev. Clin. Oncol.
14, 611–629.

Skoge, M., Yue, H., Erickstad, M., Bae, A., Levine,
H., Groisman, A., Loomis, W.F., and Rappel, W.-J.
(2014). Cellular memory in eukaryotic chemotaxis.
Proc. Natl. Acad. Sci. U S A 111, 14448–14453.

Soh, S., Byrska, M., Kandere-Grzybowska, K., and
Grzybowski, B.A. (2010). Reaction-diffusion
systems in intracellular molecular transport and
control. Angew. Chem. Int. Edition 49, 4170–
4198.

Stuelten, C.H., Parent, C.A., and Montell, D.J.
(2018). Cell motility in cancer invasion and
metastasis: insights from simple model
organisms. Nat. Rev. Cancer 18, 296–312.

Swaney, K.F., Huang, C.-H., and Devreotes, P.N.
(2010). Eukaryotic chemotaxis: a network of
signaling pathways controls motility, directional
sensing, and polarity. Annu. Rev. Biophys. 39,
265–289.

Thomas, P.J., and Eckford, A.W. (2016). Capacity
of a simple intercellular signal transduction
channel. IEEE Trans. Inf. Theor. 62, 7358–7382.

Uttamsingh, S., Bao, X., Nguyen, K.T., Bhanot, M.,
Gong, J., Chan, J.L.K., Liu, F., Chu, T.T., and
Wang, L.H. (2008). Synergistic effect between

http://refhub.elsevier.com/S2589-0042(21)01210-4/sref1
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref1
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref1
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref2
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref3
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref3
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref3
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref3
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref4
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref4
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref4
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref4
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref5
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref5
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref5
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref5
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref5
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref6
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref6
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref6
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref7
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref7
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref7
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref7
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref7
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref8
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref8
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref8
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref9
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref9
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref9
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref9
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref10
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref11
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref12
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref12
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref12
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref12
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref13
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref13
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref13
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref13
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref14
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref14
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref14
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref14
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref14
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref15
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref15
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref15
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref15
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref16
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref16
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref16
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref16
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref16
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref17
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref17
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref17
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref17
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref17
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref18
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref18
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref18
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref18
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref18
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref18
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref19
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref19
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref19
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref19
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref20
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref20
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref20
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref21
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref21
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref21
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref22
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref22
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref22
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref22
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref23
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref23
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref23
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref24
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref24
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref24
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref24
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref24
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref25
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref25
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref25
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref25
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref25
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref26
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref26
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref26
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref26
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref27
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref27
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref27
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref27
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref27
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref28
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref28
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref28
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref28
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref29
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref29
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref29
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref30
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref30
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref30
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref31
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref31
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref31
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref31
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref32
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref33
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref33
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref33
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref33
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref34
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref34
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref34
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref35
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref35
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref35
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref35
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref35
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref36
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref36
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref36
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref36
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref37
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref37
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref37
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref37
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref38
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref38
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref38
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref38
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref39
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref39
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref39
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref39
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref40
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref41
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref41
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref41
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref41
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref42
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref42
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref42
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref42
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref42
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref43
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref43
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref43
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref44
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref44
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref44


ll
OPEN ACCESS

iScience
Article
EGF and TGF-b1 in inducing oncogenic
properties of intestinal epithelial cells. Oncogene
27, 2626–2634.

Van Haastert, P.J.M., and Devreotes, P.N. (2004).
Chemotaxis: signalling the way forward. Nat. Rev.
Mol. Cell Biol. 5, 626–634.

Varennes, J., Moon, H.-r., Saha, S., Mugler, A.,
and Han, B. (2019). Physical constraints on
accuracy and persistence during breast cancer
cell chemotaxis. PLoS Comput. Biol. 15,
e1006961.
Varennes, J., and Mugler, A. (2016). Sense and
sensitivity: physical limits to multicellular sensing,
migration, and drug response. Mol.
Pharmaceutics 13, 2224–2232.

Wang, S.-J., Saadi, W., Lin, F., Minh-Canh
Nguyen, C., and Li Jeon, N. (2004). Differential
effects of EGF gradient profiles on MDA-MB-231
breast cancer cell chemotaxis. Exp. Cell Res. 300,
180–189.

Wang, Y., Chen, C.L., and Iijima, M. (2011).
Signaling mechanisms for chemotaxis. Dev.
Growth Differ. 53, 495–502.
Welch, D.R., and Hurst, D.R. (2019). Defining the
hallmarks of metastasis. Cancer Res. 79, 3011–
3027.

Whipple, C.A., Young, A.L., and Korc, M. (2011). A
KrasG12D-driven genetic mouse model of
pancreatic cancer requires glypican-1 for efficient
proliferation and angiogenesis. Oncogene 31,
2535.

Wu, J., Wu, X., and Lin, F. (2013). Recent
developments in microfluidics-based chemotaxis
studies. Lab Chip 13, 2484–2499.
iScience 24, 103242, November 19, 2021 13

http://refhub.elsevier.com/S2589-0042(21)01210-4/sref44
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref44
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref44
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref45
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref45
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref45
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref46
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref46
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref46
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref46
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref46
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref47
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref47
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref47
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref47
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref48
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref48
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref48
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref48
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref48
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref49
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref49
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref49
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref50
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref50
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref50
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref51
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref51
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref51
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref51
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref51
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref52
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref52
http://refhub.elsevier.com/S2589-0042(21)01210-4/sref52


ll
OPEN ACCESS

iScience
Article
STAR+METHODS

KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals and recombinant proteins

Human recombinant epidermal growth factor

(EGF)

Life Technologies CAT#: PHG0315

Human recombinant Transforming growth

factor1 (TGF-b1)

Life Technologies CAT#: PHG9204

Dulbecco’s Modified Eagle Medium/Ham’s

F-12

Life Technologies CAT#: 12634010

RPMI 1640 with 2.05mM L-glutamine Life Technologies CAT#: SH3002701

Fetal bovine serum Life Technologies CAT#: 16000044

L-glutamine Life Technologies CAT#: 35050061

penicillin/streptomycin Life Technologies CAT#: 15140122

0.05% trypsin and 0.53mM EDTA Life Technologies CAT#: 25300062

Rat tail type I collagen Corning CAT#: 354249

NaOH Sigma-Aldrich CAT#: S2770

HEPES Life Technologies CAT#: 15630106

10X PBS Life Technologies CAT#: 70013032

Experimental models: cell lines

Human mammary gland adenocarcinoma cell

(MDA-MB-231)

ATCC CRM-HTB-26

Murine pancreatic ductal adenocarcinoma

isolated from genetically engineered mice

(eKIC)

Dr. Murray Korc’s laboratory at the

Indiana University (Sempere et al., 2011;

Whipple et al., 2011)

N/A

Software and algorithms

ImageJ National Institutes of Health https://imagej.nih.gov/ij/

Origin Pro 2021 OriginLab Corporation https://www.originlab.com/2021

MATLAB MathWorks https://www.mathworks.com/

products/matlab.html

MATLAB algorithms This paper: Zenodo https://doi.org/10.5281/zenodo.5512182
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by

the lead contact, Bumsoo Han (bumsoo@purdue.edu).
Materials availability

This study did not generate new unique reagents.

Data and code availability

All data reported in this paper will be shared by the lead contact upon request.

All original code has been deposited at Zenodo and is publicly available as of the date of publication. DOIs

are listed in the key resources table.
14 iScience 24, 103242, November 19, 2021

mailto:bumsoo@purdue.edu
https://imagej.nih.gov/ij/
https://www.originlab.com/2021
https://www.mathworks.com/products/matlab.html
https://www.mathworks.com/products/matlab.html
https://doi.org/10.5281/zenodo.5512182


ll
OPEN ACCESS

iScience
Article
Any additional information required to reanalyze the data reported in this paper is available from the lead

contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cell lines

A human breast cancer cell line (MDA-MB-231) and a murine pancreatic cell line (eKIC) were used in this

study. MDA-MB-231 cells (ATCC, VA, USA) were maintained in Dulbecco’s Modified Eagle Medium/

Ham’s F-12 (Advanced DMEM/F-12, Lifetechnologies, CA, USA) supplemented with 5% v/v fetal bovine

serum (FBS), 2 mM L-glutamine (L-glu), and 100 mg ml�1 penicillin/streptomycin (P/S). eKIC was obtained

from Dr. Murray Korc’s laboratory at the Indiana University. eKIC was isolated from KIC mice, which were

established as a genetically engineered mouse model of PDAC (GEM). For the KIC mice, Kras was com-

bined with the deletion of the Ink4a locus (Ink4a/ArfL/L) to generate the Pdx1-Cre;LSL-KrasG12D;Ink4a/

Arf-/- GEM (Sempere et al., 2011; Whipple et al., 2011). The eKIC cells were cultured in RPMI 1640 with

2.05mM L-glutamine (GE Healthcare Bio-Sciences Corp., MA, USA) supplemented by 5% v/v fetal bovine

serum (FBS) and 100 mgml�1 penicillin/streptomycin (P/S). BothMDA-MB-231 and eKIC cells were regularly

harvested by 0.05% trypsin and 0.53mM EDTA (Lifetechnologies, CA, USA) when grown to �80% conflu-

ency in 75 cm2 T-flasks and incubated at 37�C with 5% CO2. The harvested cell suspensions were used

for experiments or sub-cultured. Both cells were maintained below 15th passage while regularly kept in

cryopreservation.
METHOD DETAILS

Chemotaxis assay

For the chemotaxis assay, cells were implanted in the chemotaxis platform, which is an in vitromicrofluidic

device developed to engineer the chemical environment.as shown in Figure 1A. The chemotaxis platform

was designed for engineering the chemical environment surrounding the cells embedded in the 3D extra-

cellular matrix. The platform is composed of three microfluidic channels with 100mm in thickness. A center

channel of 1mm wide, which aims to contain cells with a collagen matrix, is located in between source (top)

and sink (bottom) channels with 300mmwide. At the end ports, the source and sink channels are connected

to large reservoirs so that the culture medium can be supplemented through the channels. For the cell cul-

ture, the basic culturemedium is filled in both source and sink channels. In order to develop a concentration

gradient in the center channel, growth factor solution (TGF-b or EGF) based on the medium is added

through the source channel. On the other hand, the sink channel is filled with growth factor-free medium.

Assuming that there is neither flow nor any pressure differences between the channels, the concentration of

the given growth factor (i) can be illustrated by the conservation equation of chemical species:

vCi

vt
= Di,VCi

At the steady state, the concentration profile in the center channel goes to a linear. The linear profile can

persist for a while with an assumption that is the concentration at the source and side channels are constant

with a large volume of reservoirs. Consequently, cells cultured in the collagenmatrix are exposed to a linear

gradient of a specific soluble factor. The detailed technique to develop the microfluidic device and the

diffusion principle in the platform was described in our previous study (Varennes et al., 2019).

Cells were embedded uniformly to type I collagen mixture (Corning Inc., NY, USA) supplemented with 10X

PBS, NaOH, HEPE solution, FBS, Glu, P/S, and cell-culture level distilled water. Initial cell density was

consistently 53105 cells/ml for MDA-MB-231 and 83105 cells/ml for eKIC respectively in the 2mg/ml

type I collagen mixture. The cell-collagen mixture was loaded in the center channel of the microfluidic

device. After loading, the cells in the collagen matrix were cultured with basic mediums for 24 hours.

MDA-MB-231 cells were then exposed by serum-reduced medium for another 24 hours. The serum-

reduced medium was supplemented by 1% v/v FBS instead of 5% v/v FBS in the basic medium. Due to a

critical viability change in the serum-reduced culture condition (data is not shown), serum starvation was

not conducted for eKIC. Then, cells were exposed by concentration gradients of growth factors,

either Transforming growth factor beta-1 (TGF-b1, Invitrogen, CA, USA) or epidermal growth factor

(EGF, Invitrogen, CA, USA).
iScience 24, 103242, November 19, 2021 15
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Characterization of cell migration

Live-cell imaging technique with time-lapse microscopy was used to characterize cell migration. An in-

verted microscope (Olympus IX71, Japan) was equipped with a stage top incubator as described in

(Varennes et al., 2019), which maintain the microfluidic chemotaxis platform at 37�C with 5% CO2 envi-

ronment during imaging. MDA-MB-231 cells in the chemotaxis platform were captured every 15 minutes

for 9 hours. eKIC cells were captured every 5 minutes for 3 hours. The temporal intervals and durations

for the time-lapse imaging were optimized for each cell line by considering the cell motility, �12mm/h

for MDA-MB-231 and �50mm/h for eKIC in control, respectively (Figures 2D and 3D). In both cases, the

time-lapse imaging was started 3 hours after applying the growth factors for sufficient adjusting time to

develop gradient profiles accordingly (Figure 1B). The bright-field images were further processed

to analyze cell migration. The cell area was defined by using the contrast differences between cells

and background and converted to monochrome images by using ImageJ. A cell trajectory was illus-

trated as a collection of the centroid positions of cell areas at different time points. In tracking the

cell movement, we excluded the cells undergoing division to avoid extra effect for cell polarity (Harley

et al., 2008). Also, we excluded the stationary cells defined when the cells moved less than their

diameter.

Biased cell motion is commonly characterized by directional accuracy, persistence, and motility (Endres

and Wingreen, 2008; Roussos et al., 2011; Skoge et al., 2014; Varennes et al., 2019). In our previous study

(Varennes et al., 2019), we have shown that the directional accuracy is a dominant metric in the chemotaxis

of the 3D cultured cells migrating in ECM whereas cell persistence is barely changed by the chemical

gradient. In this study, we therefore focus on accuracy and motility, not persistence.

We measure directional accuracy y with the commonly used chemotactic index (CI) (Endres and Wingreen,

2008; Skoge et al., 2014)

CI = cos q

where q is the angle between the net displacement of a trajectory and the gradient direction. The displace-

ment is defined as a straight line connecting the initial and final points of a trajectory where we measure

each trajectory for 9 hours for MDA-MB-231 and 3 hours for eKIC (Figure S1B). In an experimental trial, mul-

tiple cells’ CI values are distributed throughout the range of�1 to 1 due to variations of cell response to the

attractant. The CI distribution is U-shaped without any attractant, indicating that the cell migration direc-

tions are uniformly distributed; in contrast, the CI distribution with an attractant shows a biased distribution

toward 1 (Figure 1D) (Varennes et al., 2019).

Cell motility is quantified as an instantaneous speed along the cell trajectory:

Cell speed =
Path of a trajectory

Duration

where the cell path is taken from a trajectory where measurement is taken every Dt = 15 minutes.
Defining the mathematical models and deriving the equations in the main text

For themutual repression network in Figure 4B, denoting the concentrations of TGF-b, EGF, X, and Y as t, e,

x, and y, respectively, the rate equations are

dxi
dt

= kX + kTX ti � ðnX + nEXeiÞxi
dy
i
dt

= kY + kEYei � ðnY + nTY tiÞyi
dm
i

dt
= kXMxi + kYMyi � nMmi

where i = 1, 2 denotes the front or back half of the cell, t is time, k and n denote production and degradation

rates, respectively, and activation and repression are modeled as a linear dependence of production and

degradation on the regulator, respectively. In steady state, the solution takes the formmi = f ðti; eiÞ, where f
follows algebraically from the rate equations. Because the changes in TGF-b and EGF concentrations

across the cell, Dt = t2 � t1 =RVT and De = e2 � e1 = RVE, are much smaller than the average
16 iScience 24, 103242, November 19, 2021
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concentrations, t = ðt1 + t2Þ=2 and e = ðe1 +e2Þ=2, for all but the cells that are within a few cell radii R from

the sink channel of the device, the average m= ðm1 +m2Þ=2 and difference Dm=m2 �m1 can be approx-

imated as

mz f ðt;eÞ= kXMðkX + kTX tÞ
nMðnX + nEXeÞ +

kYMðkY + kEYeÞ
nMðnY + nTY tÞ

vf vf

Dmz

vt
Dt +

ve
De

=
kXM½kTXnXDt � nEXkXDe+ kTXnEXðeDt � tDeÞ�

nMðnX + nEXeÞ2
+
kYM½kEY nYDe� nTY kYDt + kEY nTY ðtDe� eDtÞ�

nMðnY + nTY tÞ2

We nondimensionalize these expressions by defining the concentration scale

m0 =
kXkXM
nXnM

+
kY kYM
nY nM

and dimensionless ratios

εT =
Dt

t
; εE =

De

e
; hX =

kXkXM
m0nXnM

; hY =
kY kYM
m0nY nM

;

k t k e n t n e

mT =

TX

kX
; mE =

EY

kY
; bT =

TY

nY
; bE =

EX

nX

with which they become

m

m0
=
hXð1+mT Þ
1+ bE

+
hY ð1+mEÞ
1+ bT

Dm h ½ε m � ε b +m b ðε � ε Þ� h ½ε m � ε b +m b ðε � ε Þ�

m0

= X T T E E T E T E

ð1+ bEÞ2
+ Y E E T T E T E T

ð1+ bT Þ2

Because both the TGF-b and EGF concentrations are zero at the sink channel (without the elevated back-

grounds), we have t = dVT , Dt = RVT , e = dVE, and De = RVE, where d is the distance of the cell from the

sink, and R is the cell radius. Therefore, we see that εT = εEhε, and the previous equation simplifies to

Dm

εm0
=
hXðmT � bEÞ
ð1+ bEÞ2

+
hY ðmE � bT Þ
ð1+ bT Þ2

These expressions for m and Dm are reproduced in Equation 1 of the main text.

For the shared pathway network in Figure 4E, the rate equations are

dx�i
dt

= ðkX + kTX ti + kEXeiÞ
�
x0 � x�i

�� nXx
�
i

dm
i

dt
= kXMx

�
i � nMmi

where x0 is the total concentration of X and X* molecules, which we assume to be constant and equal in

both halves of the cell. In steady state we have

m =
kXMx0
nM

�
kX + kTX t + kEXe

nX + kX + kTX t + kEXe

�
" #
Dm =
nXkXMx0

nM

kTXDt + kEXDe

ðnX + kX + kTX t + kEXeÞ2

where we have applied the same approximations as in the mutual repression model. We nondimensional-

ize these expressions by defining the concentration scale

m0 =
kMx0
nM

and dimensionless ratios

hT =
kTX t

nX + kX
; hE =

kEXe

nX + kX
; m=

kX
nX + kX

with which they become
iScience 24, 103242, November 19, 2021 17



ll
OPEN ACCESS

iScience
Article
m

m0
=
m+ hT + hE

1+ hT + hE
Dm

εm0
=
ð1� mÞðhT + hEÞ
ð1+ hT + hEÞ2

where again we take εT = εEhε as above. These expressions are reproduced in Equation 2 of the main text.
Parameter selection in the mathematical models

In the mutual repression model, we sample the ratios hX , hY , mT , mE , bT , and bE logarithmically in the range

½10�3 103� and accept each sample if Dm is smaller than (i) its value with only the TGF-b gradient (mE = bE =

0) and (ii) its value with only the EGF gradient (mT = bT = 0), (iii) and both i and ii are positive. The result,

averaged over 107 samples, is shown in Figures 4C and 4D.

In the shared pathway model, we sample the ratios hT and hE logarithmically in the range ½10�3 103� and m

uniformly in the range ½ 0 1 �, and accept each sample if Dm is smaller than (i) its value with only the TGF-b

gradient (hE = 0) and (ii) its value with only the EGF gradient (hT = 0), (iii) and both i and ii are positive. The

result, averaged over 107 samples, is shown in Figures 4F, 4G and 5A, 5B.
Derivation of the phase diagram in Figure 6A

The boundaries in the phase diagram in Figure 6A follow from the expression for Dm in Equation 2 of the

main text as

ð1� mÞðhT + hEÞ
ð1+ hT + hEÞ2

<
ð1� mÞhT

ð1+ hT Þ2
;

ð1� mÞðhT + hEÞ
ð1+ hT + hEÞ2

<
ð1� mÞhE

ð1+ hEÞ2

where the righthand sides are the cases with only the TGF-b gradient (hE = 0) and only the EGF gradient

(hT = 0), respectively. If both conditions are true, it is antagonism; if neither is true, it is synergy. Defining the

amplification factor and relative pathway strength

a = hT + hE ; r=
hT

hE

as in the main text, or equivalently

hT =
ar

1+ r
; hE =

a

1+ r

the conditions become

a

ð1+aÞ2 <
ar

ð1+ rÞ
�
1+ ar

1+ r

�2
;

a

ð1+aÞ2 <
a

ð1+ rÞ
�
1+ a

1+ r

�2

which simplify to

a>
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1+ r�1

p
; a>

ffiffiffiffiffiffiffiffiffiffi
1+ r

p
These curves are plotted in Figure 6A.
QUANTIFICATION AND STATISTICAL ANALYSIS

In evaluating the chemotactic characteristics, more than 30 trajectories were analyzed in an experimental

trial, which was repeated at least three times for all experimental groups. Each trajectory produced a value

of CI and speed. All collected CIs and speeds in each group were reported in the box plots. A data point in

the box plots indicates each metric of a cell trajectory showing the distribution characteristics of the metric

in a group. Differences in median CIs and speeds presented in the box plots were statistically analyzed

by Mann-Whitney U-test. The significant changes between comparisons were examined when the p

value < 0.05. To evaluate the chemotactic accuracy and cell motility, medians of CIs and speeds from

the repetitions (n > 3) were averaged and reported in a bar with an error bar representing a standard esti-

mated error (S.E.). Differences in CIs presented in the bar graphs were statistically analyzed by student

t-test. The significant changes between comparisons were examined when the p value <0.05.
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