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A B S T R A C T   

Study of spatial and temporal aspects of signaling between individual cells is essential in understanding devel
opment, the immune response, and host-pathogen interactions. We present an automated high-throughput 
microfluidic platform that chemically stimulates immune cells to initiate cytokine secretion, and controls the 
formation of signal gradients that activate neighboring cell populations. Furthermore, our system enables con
trolling the cell type and density based on distance, and retrieval of cells from different regions for gene 
expression analysis. Our device performs these tasks in 192 independent chambers to simultaneously test 
different co-culture conditions. We demonstrate these capabilities by creating various cellular communication 
scenarios between macrophages and fibroblasts in vitro. We find that spatial distribution of macrophages and 
heterogeneity in cytokine secretion determine spatiotemporal gene expression responses. Furthermore, we 
describe how gene expression dynamics depend on a cell’s distance from the signaling source. Our device ad
dresses key challenges in the study of cell-to-cell signaling, and provides high-throughput and automated analysis 
over a wide range of co-culture conditions.   

1. Introduction 

Tissues consist of a mixture of specialized cell types that are spatially 
organized and communicate via secreted signaling molecules. Individ
ual cells within tissue reside in a dense and heterogeneous physical 
environment, which affects the diffusion of secreted molecules, metab
olites, and even dissolved gases (Josan et al., 2012; Kumar et al., 2019; 
Oyler-Yaniv et al., 2017). As a result, these molecules form spatial 
gradients where the local signal concentration rapidly change across 
space. The diffusivity of signaling molecules is also determined by their 
physical and chemical properties such as polarity, concentration, or 
mass (Madura et al., 1995). Modeling and in vitro study of these resultant 
signaling gradients and their effects on cellular response is necessary for 
a proper understanding of collective cell behavior (Ellison et al., 2016; 
Mugler et al., 2016). 

Signals from a small number of cells can induce population-wide 
responses. For example, damage signals from a small population of 
injured cells rapidly propagate to activate wound healing responses over 

a large area (Handly et al., 2015; Handly and Wollman, 2017) or induce 
local apoptosis in tissue (Riegman et al., 2019). A single infected cell or 
activated sentinel cell can trigger or suppress broader inflammatory 
response (Avraham et al., 2015; Neupane et al., 2020; Shalek et al., 
2014; Son et al., 2022; Xue et al., 2015). Furthermore, morphogen 
gradients produced by localized groups of cells control development of 
organs, limbs, and intra-organ structures (Christian, 2012; Durrieu et al., 
2018; Zinski et al., 2017). Quorum-sensing molecules secreted by single 
bacteria or subpopulations can diffuse and coordinate population level 
responses like biofilm formation and swarming (Daniels et al., 2004; 
Parsek and Greenberg, 2005; Zhou et al., 2020). 

Despite the importance of individual cell responses and their spatial 
and temporal characteristics, the majority of cell signaling research has 
used population-level responses to well-mixed stimuli, due to technical 
limitations in generating, controlling and measuring single cell re
sponses with sufficient spatial and temporal resolution. This approach 
fails to capture local production and consumption of signaling molecules 
and its effect on cellular decision-making. Accurate study of cellular 
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signaling requires developing novel approaches that reproduce spatio
temporal communication between cells, track signaling responses in 
single cells, and produce spatially resolved measurements of phenotypic 
difference due to signaling. 

Microfluidics enables precise and adaptable liquid handling and 
presents a powerful platform for studying cell-cell communication 
involving diffusion of secreted signals. Previous microfluidic designs 
created signal gradients over a cell population for the study of chemo
taxis and cell to cell communication (Ambravaneswaran et al., 2010; 
Chang et al., 2014; Englert et al., 2009; Frank and Tay, 2015; Hind et al., 
2018; Selimović et al., 2011). However, these designs were limited by 
low throughput, fixed cellular distributions, and did not have the ability 
to study gene expression in a spatially resolved manner. Recently, we 
used a device which enabled studying regional gene expression during 
inflammatory signaling over space, but the previous designs still 
remained low-throughput and was unable to control cell type and den
sity effectively (Son et al., 2022). 

In this study, we present an automated high-throughput co-culture 
device and integrated live-cell imaging system for spatiotemporal study 
of cell signaling. This system controls the communication between two 
cell populations, generates diffusion-mediated signaling gradients, iso
lates cells based on location, and controls regional cell distribution and 
density (cell patterning). These functions can be performed simulta
neously in 192 samples with up to 96 unique stimulus conditions. Using 
this device, we study how heterogeneity of macrophage cytokine 
secretion affects the responses in neighboring fibroblasts, how distance 
from a signaling source affects gene expression, and how fibroblast 
response depends on local macrophage densities. 

2. Material and methods 

2.1. Microfluidic device design and mold fabrication 

The device uses two-layer microfluidics for valve control (Unger 
et al., 2000), which is highly multiplexed for increased throughput and 
functional control of the device. The chip design was drawn using 
AutoCAD®, and was fabricated using conventional soft-lithography 
process (Gomez-Sjoberg et al., 2010; Son et al., 2021). More details 
about the design and the fabrication process can be found in the sup
plemental information. 

2.2. Microfluidic device fabrication 

The microfluidic device was fabricated using the same protocol as 
described in our previous study (Son et al., 2021). For the thin PDMS 
layer with fluid layer features, ~10 g of mixture was poured on the fluid 
mold (pretreated with chlorotrimethylsilane) and was spun at 2,300 
RPM to generate ~ 50 μm height PDMS layer. After curing, this thin 
layer was aligned with the thick PDMS slab that has control features 
using a custom stereomicroscope with a XYZ translation stage. After 
punching holes and cleaning, the PDMS layers were bonded to a large 
glass substrate (127.8 x 85.5 × 1 mm, Marienfeld). All layers and sub
strates were bonded using oxygen plasma (Harrick, PDC-001). 

2.3. Cell culturing and media 

RelA− /− RelA-DsRed NIH3T3 mouse embryonic fibroblasts (3T3s) 
were cultured in DMEM high glucose (Gibco) supplemented with 10% 
fetal bovine serum (Omega Scientific), 2 mM GlutaMAX (Gibco), and 1% 
penicillin/streptomycin (Lonza). 3T3s were resuspended at 5*105 cells/ 
mL for loading the microfluidic device. Details for isolating and 
culturing primary murine fibroblast and macrophage (RAW264.7 and 
BMMΦ) are described in supplemental information. 

2.4. Experiment preparation and procedure 

Prior to the experiment, the 88 control inputs in the device (Fig. S1) 
were connected to solenoid valves (Festo, 197334) through Tygon tubes 
(Cole-Parmer, ND-100-80). Each solenoid valve was controlled by a 
custom-developed graphic user interface (Matlab) (Gomez-Sjoberg 
et al., 2010), which can also execute pre-written code. Cell chambers 
were coated with fibronectin (Sigma-Aldrich, FC010), and washed with 
fresh medium before loading cells. Fibroblasts were loaded at ~70% 
confluency to collect sufficient single cell data while avoiding significant 
overlap between cells. After fibroblasts were attached on the substrate, 
macrophages were loaded at different densities and locations of the 
chamber as required in the experiment. After waiting 4–6 h to give cells 
sufficient time to spread out evenly in the chamber, cells were stained 
with 1 μM Hoescht 33342 if necessary for nucleus tracking, then either 
TNF-α (R&D Systems, aa80-235) or LPS (InvivoGen, tlrl-3pelps) was 
loaded in pre-chamber. The formation of the stimulus gradient over the 
cell population was initiated by opening the separating valve between 
pre-chamber and cell chamber and by continuously flushing the sink 
channel at the end of chamber through gentle peristaltic pumping. More 
details for the experimental setup and procedure are described in the 
supplemental information. 

2.5. Imaging and image analysis 

Epifluorescence images were acquired using Nikon Ti2 microscope, 
and analyzed through custom software. Briefly, our method evaluates 
the median nucleus and cytosol p65 levels for each cell, and uses the 
ratio of nucleus over cytosol intensity to quantify activation strength, 
similar to the method described in previous NF-κB study (Kudo et al., 
2018). More details of imaging settings and analysis steps are described 
in the supplemental information. 

2.6. Cell retrieval 

Before retrieval, a portion of the chip outlet was cut through the 
green dotted line (Fig. S1F) and removed. This allowed the retrieved 
cells to accumulate in a droplet on the glass slide (Fig. 2D), which makes 
it easier to recover with a pipette. After the desired stimulation interval, 
TrypLE (Gibco) was flowed through the inlet channel and into the 
receiving chamber for ~10 s. Before cells detached from the surface, all 
the valves including the partitioning valves (Fig. 2A) were closed, 
dividing the chamber into near, mid, and far regions relative to the pre- 
chamber. Cells in the chamber were further incubated for ~60 s to allow 
cells to fully detach from the surface, then PBS (Gibco) was rapidly 
flowed through the cell retrieval channels and to one of the outlets 
(Fig. S1F, also see Video V1). The vast majority of the cells (~100 per 
section) come from the corresponding region, with only a few boundary 
cells being included from the bordering regions. The cells were collected 
in a ~2 μl droplet, which was then deposited in 10 μL ice cold lysis buffer 
containing 0.1% Triton-X-100 and RNAse inhibitor (Takara). After 
retrieving cells from each section of chamber, the channels were flushed 
with PBS for a few seconds, then the process was repeated to retrieve 
other samples. Cell retrieval was constantly monitored in real time 
through microscope. We have tracked more than 100 retrievals without 
observing signs of significant cross-contamination. After retrieval, the 
PCR tubes containing cell lysate were stored at − 80◦C until further 
processing. 

Supplementary video related to this article can be found at htt 
ps://doi.org/10.1016/j.bios.2023.115089 

2.7. qPCR analysis and simulation for downstream gene expression 

The retrieved cells were reverse transcribed and pre-amplified ac
cording to the SmartSeq2 RNA processing pipeline (Picelli et al., 2014), 
then the gene expression levels were quantified through qPCR. 
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Additionally, to compare the NF-κB activity with the downstream gene 
expression, the expressed mRNA levels were simulated using NF-κB 
translocation dynamics at each distance as an input to a gene expression 
equation. More details about the qPCR procedure, primer sequences, 
and description for fitted parameters and differential equation, can be 
found in supplemental information. 

3. Results and discussions 

3.1. Design principle of the high throughput microfluidic co-culture system 

We designed a device which allowed us to study two modes of 
signaling in cell populations: activation of a small group of signaling 

Fig. 1. Overview of the microfluidic co-culture system for testing diverse signaling conditions. (A) The co-culture system enables stimulation of sentinel or 
signaling cells (blue) located in the pre-chamber. Secreted signals (purple) diffuse into another chamber loaded with receiving cells (green). At three different 
distances from the pre-chamber, receiving cells can be retrieved and analyzed. (B) The same design can be used to load signaling cells at different concentrations and 
distributions in a population of receiving cells, modeling the uneven distribution of sentinel cells in vivo. (C) Photo of the integrated imaging and chip control 
apparatus. The microfluidic chip is controlled by a custom GUI and the experiment is automated by custom code (red box). (D) Photo of the two-layer high- 
throughput co-culture device described in (A) and (B). Red dye fills control channels, while green dye fills the cell chambers and fluid passages. The inset on the left 
shows one of the repeating units in the design (See Fig. 2A). 

M. Son et al.                                                                                                                                                                                                                                     



Biosensors and Bioelectronics 225 (2023) 115089

4

cells which communicate with receiving cells (Fig. 1A), and communi
cation among a population with spatially varying densities of signaling 
and receiving cells (Fig. 1B). Additionally, our device enables live cell 
imaging of single cells during stimulation and endpoint retrieval of cells 
based on region for analysis (Fig. 1A). This design is versatile and useful 
for tracking cellular responses under biologically relevant signaling 
gradients. 

In order to increase precision, we automated control of the device 
using a custom-developed graphic user interface (GUI) and integrated it 
with the live cell imaging setup (Fig. 1C). The PDMS-based two-layer 
microfluidic device is controlled by pneumatic valves, which can be 
actuated manually or automatically through execution of pre-written 
scripts. The device is housed in a temperature, CO2, and humidity 
controlled live-imaging setup mounted on an epifluorescence micro
scope (Fig. 1C). 

For increased throughput, we incorporated 192 chambers organized 

in an 8x24 array and multiplexed the control valves for inlet channels 
(Fig. 1D and Fig. S1). Each of 96 pairs of repeating units can be inde
pendently controlled by selecting the desired row and column. In each 
unit, the smaller pre-chamber and larger receiving chamber are sepa
rated by a valve and can be independently loaded with different cell 
types. The receiving chamber can be partitioned into three regions based 
on proximity to the pre-chamber. Cells in each region can be retrieved 
independently through a dedicated side channel (Fig. 1A). Different cell 
types and densities can also be patterned in each region through these 
side channels (Fig. 1B). A forest of pillars is placed between the bottom 
of the receiving chamber and the sink channel. Each sink channel is 
flushed slowly using peristaltic pumps to provide shear-free sinking of 
multiple chambers (Fig. 2A and Fig. S1). This sink channel mimics the 
biological action of capillaries, which provide tissues with nutrients and 
oxygen and remove waste products and secreted cytokines (Kumar et al., 
2019). 

Fig. 2. Co-culture chamber design and procedures for spatially resolved cell-cell communication and cell retrieval. (A) Magnified image of single co-culture 
unit. Green dye shows the channel and chambers in the fluid layer, while red shows the valves in the control layer. (B) Series of diagrams describe the experimental 
procedure for pre-chamber stimulation, signal diffusion, and cell retrieval for downstream expression measurement. (C) Demonstration of gradient formation using 
Cy5. After opening the separator valve, the bottom end of the receiving chamber was continuously washed. Label above each fluorescence image indicates the 
elapsed time after opening the separator. Heatmap on right shows the kinetics of gradient formation and degradation over the cell chamber. (D) Cells from different 
positions are trypsinized and flowed to a designated output. The droplet containing cells are retrieved, added into lysis buffer, and processed for measurement of 
gene expression. 

M. Son et al.                                                                                                                                                                                                                                     



Biosensors and Bioelectronics 225 (2023) 115089

5

In order to test the control and generation of a diffusion gradient over 
the receiving chamber, we loaded the pre-chamber with cyanine 5 (Cy5) 
and opened the separator while flushing the sink channel (Fig. 2C). We 
observed a rapid increase in fluorescence in the receiving chamber near 
the pre-chamber, followed by a gradual increase in fluorescence in 
farther regions of the receiving chamber. Our chip successfully 
“grounded” the fluorescence at the bottom of the chamber near zero 
without disturbing the gradient across the chamber (Fig. 2C). 

3.2. Operation of the co-culture device for the study of cell-cell signaling 
and cell retrieval 

To study the signaling processes involved in sentinel cell detection of 
pathogens and communication with neighboring cells, we used a lipo
polysaccharide (LPS)-macrophage-fibroblast model (Fig. 1A). LPS is a 
potent activator of inflammatory signaling in sentinel macrophages (Lu 
et al., 2008). These macrophages then secrete numerous proin
flammatory cytokines, which act on fibroblasts and other tissue cells in 
the local environment to relay the inflammatory response (Frank and 
Tay, 2015; Junkin et al., 2016; Neupane et al., 2020; Sheu et al., 2019; 
Son et al., 2022). 

We tracked activation and propagation of signaling in this system 
through measuring NF-κB activation dynamics, which play a central role 
in inflammatory signaling (Hoffmann et al., 2002; Junkin et al., 2016; 
Kellogg et al., 2015; Son et al., 2022; Tay et al., 2010). We loaded 
RelA-DsRed tagged RelA− /− 3T3 fibroblasts (3T3s) through the cell 
loading channel into the receiving chamber (Fig. 2B i) (DeFelice et al., 
2019). Then, RAW264.7 macrophage-like cells expressing RelA-GFP 
were loaded into the pre-chamber through the source channel (Fig. 2B 
ii) (Junkin et al., 2016). We tracked activation of the canonical NF-κB 
pathway by monitoring nuclear translocation of RelA. We exposed the 
macrophages to 50 ng/mL of LPS (Fig. 2B iii ─ iv) for 10 min, then 
washed them with fresh medium to remove the LPS. We then opened the 
separator valve to allow secreted cytokines to diffuse into the receiving 
chamber (Fig. 2B v). For downstream gene expression measurements, 
each pair of chambers was filled with trypsin to begin detaching cells 
(Fig. 2B vi), then the partitioning valves were closed. Detached cells in 

each region were flowed out, collected from the outlet (Fig. S1F), and 
placed into lysis buffer (Fig. 2B vii, D, also see Video V1). The lysates can 
be stored long-term at − 80◦C and are suitable for qPCR or RNA 
sequencing. This approach combines isolated stimulation of a subpop
ulation of cells, generation of a signaling gradient, live cell imaging, and 
region-based gene expression measurement. These features present a 
significant advance over other methods for spatially resolved study of 
cell-cell communication and signaling. 

3.3. High throughput testing of co-culture conditions reveals correlation 
between signaling range and macrophage densities, and heterogeneity in 
responding populations 

Using this approach, we tracked signaling between 10 and 100 LPS- 
stimulated RAW macrophages and a large population of 3T3s (200 ─ 
400 cells). We visualized fibroblast responses throughout the receiving 
chamber as macrophage-secreted cytokines diffused through the 
chamber (Fig. 3A and B; Fig. S2 and S3 for examples of single cell traces 
and macrophage images; also see Video V2). We noticed significant 
changes in the signaling range (distance to farthest activated fibroblast) 
depending on the macrophage number, with more macrophages in the 
pre-chamber exhibiting NF-κB activation at longer distances (Fig. 3B). 
However, samples with similar macrophage numbers produced com
parable signaling ranges (Fig. 3C). These results suggest that signaling 
range is determined by sentinel macrophage number despite heteroge
neity within macrophage and fibroblast populations. Previously, we 
showed that while fibroblast variability does not affect signaling range 
or mean NF-κB behavior at various distances, single macrophage vari
ability can significantly change both (Son et al., 2022). In this work, 
however, we observed that at increased macrophage densities, macro
phage variability is buffered and signaling range becomes consistent. 
Nonetheless, heterogeneity within the macrophage population can still 
play a major role in determining fibroblast dynamics. Even between 
conditions with similar, large numbers of macrophages (~60), fibroblast 
response dynamics varied widely, especially during the later period of 
activation (Fig. 3C). Response heterogeneity in sentinel cells is well 
established, and early responding sentinel cells play a crucial role in 

Fig. 3. Macrophage to fibroblast signaling experiments reveal how heterogeneity in the signaling population produces variable responses in the receiving 
population. (A) Fluorescence images show stimulated RAWs (green) secreting products which activate the 3T3 population over space (black and white). At − 10 min, 
the pre-chamber was filled with medium containing 50 ng/ml LPS. At 0 min, the pre-chamber was washed with fresh medium and the separator was opened. The 
inset in the green box shows the example of NF-κB activation in a RAW cell, while the red arrows indicate the examples of activated 3T3s. (B) Heatmap showing 
single fibroblast NF-κB dynamics by distance from the macrophages. Different number of macrophages (roughly 10, 30, 60, and 100 macrophages from left to right) 
were loaded in the pre-chamber and were stimulated with 50 ng/ml LPS for 10 min. (C) Same as (B) but from samples with similar number of macrophages (~60) to 
show variability in activation dynamics. 
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paracrine signaling and development of initial immune response in 
larger populations (Alexander et al., 2021; Avraham et al., 2015; Junkin 
et al., 2016; Kaestli et al., 2017; Lee et al., 2009; Shalek et al., 2014; Xue 
et al., 2015). Here, we demonstrate that heterogeneity in a population of 
sentinel macrophage does not affect the signaling range but still signif
icantly influences response dynamics in tissue-like mixed cell 
populations. 

Supplementary video related to this article can be found at htt 
ps://doi.org/10.1016/j.bios.2023.115089 

3.4. Co-culture system enables spatially resolved gene expression 
measurements downstream of NF-κB 

To demonstrate the ability of our system to measure gene expression 
based on distance to a signaling source, we first used a simplified model 
of cellular communication. Previous studies showed that TNF-α is the 
dominant NF-κB-activating ligand released during the early inflamma
tory period; however its secretion level can vary significantly between 
macrophages (Adelaja et al., 2021; Junkin et al., 2016; Son et al., 2022). 
Thus, for consistent and accurate comparison between multiple samples, 
30 ng/ml of TNF-α was loaded into the pre-chamber and the separator 
was opened to simulate the early phase of an inflammatory stimulus. 
3T3s near the pre-chamber displayed rapid and strong NF-κB activation 
dynamics, followed by rapid decrease in activation (Fig. 4A). In contrast, 
3T3s in farther regions activated more slowly and with lower activation 
amplitudes. Additionally, the activation dynamics became more 

heterogeneous at farther regions, with variable activation times and 
oscillatory periods, possibly due to lower concentration of TNF in this 
region (Tay et al., 2010). These results largely reproduced results from 
the co-culture experiments (Fig. 3). 

To evaluate the high-throughput capability of our system in exam
ining gene expressions from specific regions, we measured the kinetics 
of gene expression in all three positions after TNF-α stimulation. For all 
positions, cells were collected in triplicate at 0, 1, 2, 4, 6, and 8 h after 
opening the separator. The collected cells were lysed and kept on ice. 
After reverse-transcription and pre-amplification (Kellogg et al., 2014; 
Son et al., 2021), we quantified three well-studied NF-κB response genes 
(Tnfaip3, Casp4, and Ccl5) and a control gene (GAPDH) using qPCR (Son 
et al., 2022; Tay et al., 2010). Tnfaip3 (A20) is strongly induced and 
rapidly degraded during constant stimulation with TNF-α (Tay et al., 
2010), while Ccl5 (RANTES) and Casp4 (CASP4) accrue gradually during 
constant stimulation (Tay et al., 2010). By measuring these genes, we 
studied how different expression profiles of NF-κB target genes affect 
their response at different distance from the signal-secreting source. In 
near positions, Tnfaip3 rose rapidly after exposure to TNF-α, peaking at 
60 min after opening of the separator and decreasing rapidly (Fig. 4B). 
However, in mid and far positions, Tnfaip3 rose more gradually and to a 
lesser extent, peaking at 120 min after opening of the separator. Thus, 
the transcriptional dynamics of Tnfaip3 are sensitive to distance and 
regional cytokine profile. In contrast, Ccl5 and Casp4 rose gradually over 
time in all positions, peaking at 4 ─ 6 h after opening of the separator 
and decreasing slowly (Fig. 4B). The magnitude of increase was also 

Fig. 4. Spatiotemporal gene expression measurements show different spatial expression dynamics. (A) 30 ng/ml of TNF-α was loaded in the pre-chamber and 
allowed to diffuse into the receiving chamber loaded with 3T3s. The heatmap shows the dynamics of single cell NF-κB dynamics (>600 cells) at various distances 
from pre-chamber. Thin colored lines on the right show six random single cell traces from three different regions, while thick black lines show the median behavior in 
corresponding region. (B) Median NF-κB dynamics were tracked from each region (black lines) and overlaid with gene expression from three NF-κB target genes (A20, 
CASP4, and RANTES). The error bar indicates the standard deviation from three biological replicates. Each gene level is normalized to the maximum level measured 
in all samples. (C) Using median NF-κB dynamics as an input, downstream gene expression is simulated through an ordinary differential equation. Red indicates early 
genes with fast degradation rate, while blue indicates late genes with slow degradation rate. (D) Spatial gene expression measurements were performed using similar 
number of macrophages (60 ± 15) instead of fixed dose of TNF-α. At 4 h, cells from three different regions were retrieved and their gene expressions were quantified. 
Four colored lines indicate the expression levels from four different samples. (E) For easy comparison, the gene expression levels at 4 h from previous 30 ng/ml TNF-α 
is replotted in the same format. 
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similar for all three positions. Thus, late genes appear to be less sensitive 
to distance in their transcriptional dynamics. 

Degradation rate plays a key role in determining dynamics of NF-κB 
target gene expression (Sen et al., 2020; Tay et al., 2010); which led us to 
hypothesize it also plays a significant role in each gene’s sensitivity to 
distance. To briefly examine this hypothesis, we simulated the kinetics 
of target gene expression with various degradation rates. We used the 
measured NF-κB dynamics (black lines in Fig. 4B and C) as an input to a 
simple gene expression equation, and changed the degradation rate by 
20-fold while keeping other parameters similar to each other (less than 
0.3-fold difference, Methods) (Alon, 2006). Our simulation with just one 
differential equation successfully reproduced complex gene expression 

profiles occurring at different distances from source (Fig. 4C), which 
suggests that the different degradation rate can explain 
distance-dependent patterns of gene expression. 

Although inducing reproducible NF-κB activation profiles across 
samples was not feasible with macrophages due to cellular variability 
(Fig. 3C), we still tried to measure regional gene expression from indi
vidual chambers in our co-culture setup. Instead of a fixed concentration 
of TNF-α, we loaded macrophages (60 ± 15) in the pre-chamber, stim
ulated with 50 ng/ml LPS for 10 min, washed with fresh medium, and 
opened the separator to initiate signaling between the two populations. 
After 4 h, cells from three different regions were retrieved and their gene 
expression levels quantified. In these experiments, gene expression 

Fig. 5. Spatially-patterned co-culture experiments show how distribution of sentinel cells affects the response in population level. (A) Diagrams illustrate 
the procedures for patterning cell distributions in our device: i) different densities of macrophages are loaded in each region of the cell chamber, ii) cells are allowed 
to adapt to the device, iii) stimulus is loaded in the pre-chamber, iv) stimulus diffusion is initiated, and v) secretion from macrophages activate other cells. (B) 
Primary fibroblasts are loaded throughout the cell chamber (yellow crosses), then bone-marrow-derived macrophages (red circles) are loaded close to the pre- 
chamber at two different densities. After releasing 3 ng/ml LPS from pre-chamber, NF-κB dynamics in fibroblasts are evaluated and plotted on the right. Gray 
lines show five random single cell dynamics, while red lines show the median dynamics in each region (Fig. S4 for more detailed single cell traces). (C) Macrophages 
are loaded in the middle of the cell chamber through different side channels, and resulting NF-κB dynamics in fibroblasts are plotted on the right similar to (B) 
(Fig. S5 for more detailed single cell traces). 
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patterns varied from the fixed dose experiments (Fig. 4D and E). For 
example, A20 showed the highest expression at early positions in 
contrast to mid positions from fixed TNF-α dose experiments, while Ccl5 
(RANTES) showed the highest expression levels at mid positions. These 
differences could be due to different TNF-α secretion profile from mac
rophages and/or other cytokines secreted by macrophages. 

3.5. Spatial distribution and density of sentinel cells determines local NF- 
κB response 

Our new design also allows different cell types and densities to be 
patterned throughout the receiving chamber (Fig. 2A). For example, 
fibroblasts can be loaded throughout the chamber (Fig. 5A i) and 
different macrophage densities can be patterned through the side 
channels (Fig. 5 ii). By varying the density of macrophages in each re
gion, our chip can reproduce an arbitrary combination of macrophage- 
fibroblast densities. Thus, our chip can simulate an infection scenario 
in which cell populations with different distributions of sentinel cells 
densities are exposed to a bacterial challenge (Fig. 5A iii-iv). 

First, to demonstrate our device’s ability to control regional cell 
density, we prepared two different concentrations of macrophages and 
loaded them in the near position of two different chambers pre-loaded 
with fibroblasts (Fig. 5B). To increase the relevance of our study to in 
vivo inflammatory signaling, we used primary murine adult fibroblasts 
and bone-marrow-derived-macrophages from a mouse expressing 
endogenously tagged RelA-YFP for this test (Adelaja et al., 2021). After 
loading cells, we filled the pre-chamber with a low dose of LPS (3 
ng/mL) and opened the separating valve to expose the 
macrophage-fibroblast co-culture to diffusing pathogenic signals and 
secreted molecules. This LPS dose is low enough that fibroblasts do not 
respond (Kellogg et al., 2015). Thus, any NF-κB activation in fibroblasts 
would be due to LPS-induced secretion by the macrophages. When a 
different density of macrophages was loaded in the same position in 
fibroblast population, we observed a dramatic change in the signaling 
range (Fig. 5B). The lower macrophage number in the early position 
resulted in a shorter signaling range, which also corresponds with our 
results from the pre-chamber experiments (Fig. 3B). 

To further demonstrate the cell patterning capability of our device, 
we loaded macrophages at two different locations in the cell chamber 
and initiated the inflammatory signaling with the same dose of LPS (3 
ng/ml) (Fig. 5B and C). We observed that when macrophages were 
loaded near the signaling source (0–0.5 mm away), neighboring fibro
blasts exhibited strong NF-κB activation, while fibroblasts farther from 
the macrophages and LPS source responded weakly, and in a delayed 
manner over the course of imaging (Fig. 5B and S4). Similarly, when 
macrophages were loaded in the middle of cell chamber (1–1.5 mm 
away from the signaling source), fibroblast activation is strongest and 
most rapid in cells neighboring the macrophages (Fig. 5C, S5, also see 
Video V3). However, this fibroblast activation was weaker than when 
macrophages were loaded close to the LPS source. This observation 
could be explained by the longer distance between macrophages and the 
LPS source producing reduced cytokine secretion by macrophages. Most 
fibroblasts throughout the chamber displayed an obvious response when 
macrophages were loaded in the middle of the chamber, in contrast to 
the weak response or lack of response in the farthest positions when 
macrophages were loaded close to the source (Fig. 5C and S5). These 
results indicate that the spatial distribution of sentinel cells in a popu
lation can significantly affect population level response to a pathogenic 
stimulus. 

Supplementary video related to this article can be found at htt 
ps://doi.org/10.1016/j.bios.2023.115089 

4. Conclusion 

Previous theoretical and experimental studies highlighted how dis
tance and distribution of specialized cells shape the course of biological 

phenomena in developmental biology (Christian, 2012; Zinski et al., 
2017), chemotaxis (Ambravaneswaran et al., 2010), and immunology 
(Oyler-Yaniv et al., 2017). Particularly in the context of infection and 
inflammation, sentinel cells play a vital role in interpreting external 
signals and coordinating population-level responses through paracrine 
signaling (Alexander et al., 2021; Lee et al., 2009; Neupane et al., 2020; 
Oyler-Yaniv et al., 2021; Shalek et al., 2014). Up to this point, however, 
it has been difficult to reproduce and model the cell-cell interactions, 
which take place in a spatially resolved and physiological manner. Many 
attempts to understand spatial signaling relationships are inferred from 
staining fixed tissue (Christian, 2012; Oyler-Yaniv et al., 2017) or 
deconvolution of single-cell transcriptomic data (Cang and Nie, 2020; 
Jin et al., 2021). Furthermore, attempts to experimentally model spatial 
diffusion of signaling molecules are often limited by low throughput of 
custom systems (Ambravaneswaran et al., 2010; Frank and Tay, 2015) 
or reliance on semi-solid medium which restricts cell movement (Dilanji 
et al., 2012; Ellison et al., 2016). 

In this study, we present a new microfluidic design and protocol for 
generating and testing signal gradients and manipulate cell distributions 
in unprecedented scale. Through high-level of multiplexing and parallel 
peristaltic pumping, our new device enables independent stimulation of 
subpopulations of cells, formation of a signal gradient over the cell 
population, spatially resolved cell retrieval for gene expression analysis, 
and control of the cell densities and types at specific locations, all at 
high-throughput. Furthermore, we automate the operation of the device 
to precisely and consistently execute experiments, and integrated epi
fluorescence microscopy to track single cell behavior. Our brief tests to 
demonstrate these functions resulted in multiple unprecedented findings 
addressing the role of signal diffusion and impact of heterogeneous cell 
population in innate immune signaling (Fig. 3 ─ 5). Our design therefore 
addresses key challenges in studying spatial and temporal aspects of cell- 
cell signaling. 

However, our design has limitations, particularly with measurement 
or control at the single cell level. For instance, cell retrieval is only 
possible from three regions of the receiving chambers. Modifying the 
device or employing additional cell marking methods such as photo
activatable dyes may increase spatial resolution, while integrating single 
cell sequencing techniques could allow single cell resolution (Genshaft 
et al., 2021). Additionally, over the course of testing, we found accurate 
control over cell densities can be challenging especially at the single cell 
level. Due to large dead volumes in fluid channels and relatively slow 
response time of valves due to length of control channels, trapping single 
cells in the pre-chamber turned out to be difficult. Either optimizing 
fluid channels for single cell loading, possibly with single cell traps, or 
decreasing valve response time by shortening control line lengths (at the 
cost of lower throughput) can improve this. 

Although our tests mainly focused on innate immune signaling, we 
highlight that our device is broadly applicable to modeling signal 
diffusion and evaluating transcriptomic effects in other contexts. For 
example, morphogenic and chemotactic gradients play important roles 
in embryo development and in immune cell recruitment, respectively. 
While a number of computational models have been proposed to explain 
these phenomena (Durrieu et al., 2018; Ellison et al., 2016; Mugler et al., 
2016; Zinski et al., 2017), our device enables direct testing of those 
complex and biologically important models. 
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