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Abstract 

From gene expression to protein abundance, biological measurements have 

traditionally been taken as population averages. Studies over the past decade, however, 

have established the biological relevance of population heterogeneity, even for cells with 

identical genetic background. The advancements of our understanding, albeit 

transformative, have been almost exclusively focused on the generation and the 

regulation of population heterogeneity and its implications in cell-fate decisions. What’s 

less appreciated is the potential of using population heterogeneity measurements as an 

information source of cellular physiology and network dynamics. While gene expression 

from a signaling network in a single cell is stochastic and unpredictable, the distribution 

of the gene expression in a sufficiently large cell population is uniquely determined by 

the signaling network and is deterministic. This distribution represents a quantitative 

fingerprint for the cell population under a specific environmental condition. I 

established and characterized a computational platform using stochastic modeling of the 

Myc/Rb/E2F network that supports the analysis of distributional data—how it changes 

as a function of perturbation and how it can be used to infer cellular or external 

variables of interest. I then demonstrated that a viral-mediated gene expression probe 

can be effectively and efficiently employed to generate heterogeneity fingerprints of cell 

populations and differentiate different cell lines as well as characterize drug activities.  
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line). The distribution-based stochastic sensitivity (inter-state divergence, black) to kE2Fm 
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differentiation between different cellular contexts. b) An illustration of how distribution 
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design of the virus, no modifications either to the virus or to the cell sample are needed 
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cell types of the same cell type treated with different drugs. Given the complexity and 

high degree of nonlinearity of probed network, the shape of the distribution fingerprint 
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Figure 11: Reconstructed fingerprints from Gaussian Mixture Models (GMM) and the 

computation of distance between two fingerprints using the fitted GMMs. a) GMM was 

fitted for each fingerprint in Figure 2a and used to reconstruct the fingerprint. For each 

model, 7 components were used. This is to ensure that the shape of each distribution is 

fully captured. We did not use the parameters of the GMM directly in any downstream 
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a non-parametric manner. b) For each raw distribution, 15 GMMs were fitted 

independently. The expectation maximization (EM) algorithm employed my Matlab to 
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is run on the same raw distribution data. As a result, technical noise is incurred in the 

fitting process and the distance between the GMMs corresponding to two fingerprints 
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lines, each with three biological replicates (rows within each panel). The range and scale 
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Figure 13: Clustering of cancer cell lines using pixelated feature vectors. A 30 by 30 grid 

was imposed onto each normalized and GMM fitted distribution and the probability 

value at each grid point was used as the feature to constitute a 900-element vector. 

Euclidean distance and the ward method were used to calculate the distance between 

each pair of distributions. The linkage function in Matlab was used to compute the 

hierarchical clustering dendrogram. Ward’s minimum variance criterion minimizes the 

total within-cluster variance. The clusters with minimum between-cluster distance are 

merged. Specifically, to calculate the distance between two clusters r and s with centroid 

x and y respectively, ward’s linkage uses the incremental sum of squares—the increase 

in the total within-cluster sum of squares as a result of joining two clusters. The within-

cluster sum of squares is defined as the sum of the squares of the distances between all 

objects in the cluster and the centroid of the cluster: , 
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where  and  are the number of elements in the cluster r and s respectively. At the 

initial step, all clusters are singletons. Although the input feature and the distance used 

here are different from the one used in Figure 12b, the accuracy of the clustering is 

comparable. The exact cluster structure, however, is different from that in Figure 12b. 

Such difference indicates the possibility of a preference for a particular feature selection 
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closer-to-blue colors off-diagonal. However, when cell lines are compared across the 

whole panel of 10 growth conditions, by summing the individual distance matrices, the 

distinguishability between any pair of cell lines is significantly enhanced, as represented 

by the all red colors off-diagonal. We kept the color scale the same to emphasize the 

increased distance between cell lines when multiple growth conditions were combined.

 ....................................................................................................................................................... 61 

Figure 15: Construction of distributional dose response curves with respect to drug 

concentration and time. a) The fingerprints of MDA-MB-231 and T47D under the 

perturbation of Topotecan at increasing concentrations (0, 0.05, 0.1, 0.2, 1, 4, 10, 20, 

100 µM, left to right). b) Dose response curve calculated using Euclidean distance 

between the means of each drug perturbed fingerprint and that of the basal fingerprint. 

c) Dose response curve calculated using KL divergence between each distribution and 

the basal fingerprint. Note the significant change in the overall shape of the dose 

response, which can be more drastic for certain cellular contexts (e.g. T47D) than others 

(e.g. MBA-MD-231). This suggests that distribution fingerprint dose response may 

provide additional information when selecting dosages with respect to a particular 

phenotypic outcome of interest. In particular, the difference between dose 6 or 7 and the 

basal state is bigger according to distribution dose response compared to the mean dose 
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response. d) Distributional fingerprints of rat embryonic fibroblasts (REF52) in response 

to CDK inhibitor over time. e) Dose response over both concentration and time using KL 
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Figure 16: The pixelated feature vectors are used here to compute the dose response 

curves. As the grid size decreases (number of grid points increase), the sampling 
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the difference in the shape of the curve at lower doses in comparison to Figure 15c. b) 
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vectors, extracted with 10 by 10 grid, of drug perturbed fingerprints and that of the basal 
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Figure 17: Self-organized pattern formation in engineered bacteria. A) Circuit logic. Our 

circuit consists of an activator T7 RNAP (T) activating itself and a diffusible signal, AHL 

(A). AHL can lead to repression of the activator by inducing T7 lysozyme (L) (see Figure 

18 for a more detailed circuit diagram). T’s transcriptional reporter is CFP (represented 

by the blue reporter), and L’s transcriptional reporter is mCherry (represented by the red 

reporter). B) The engineered bacteria developed a self-organized ring pattern. Images of 

a 1.2 mm X 1.2 mm field after 20, 30, 40, 50, and 60 hours of incubation (as labeled). The 

microcolony was imaged using a Leica DM16000B fluorescence microscope with a 
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mercury excitation lamp at 5X objective in the phase (1st row), CFP (2nd row), and RFP 

(3rd row) channels. For the CFP and RFP images, the color scheme is defined by the 

darkest blue and darkest red representing saturation in the CFP and RFP channels, 

respectively, and white representing background levels. The phase images are raw 

images; the white scale bar on the 20-hour phase image indicates a length scale of 500 

µm. The scale bars to the right of each row represent the intensity scales for each image 

in its respective row, where the top indicates saturating intensity and the bottom 

indicates background intensity.  C) CFP (green dots) and mCherry (cyan dots) at the 30th 

hour at varying radial distance from the center. The solid blue and red lines are the 

running averages of the CFP and mCherry intensities, respectively. The black dashed 

line indicates the radial distance at which the running average of mCherry intensity is 

maximal outside of the core. This distance is defined as the mCherry ring radius plotted 

versus time in D). Intensity values were calculated as the average intensity values across 

all angles at fixed radii about the microcolony core center. Each of these intensity values 

had background signal subtracted.  This processing was carried out using a custom 

MATLAB algorithm. D) mCherry ring radius (red line) and colony radius (black line) 

over time. The mCherry ring radius was calculated as described in C). The colony radius 

was calculated as the distance from the center of the microcolony core to the 

microcolony edge averaged across angles spanning π/6 to π/4. Both computations were 

performed using a custom MATLAB algorithm. E) mCherry image in the presence of 

100 nM AHL. An mCherry bullseye pattern, albeit smaller pattern, still occurs after 

initial exogenous addition of 100 nM AHL. These data suggest that an AHL morphogen 

gradient is not necessary to obtain the mCherry bullseye pattern. The image is prepared 

as described in B) row 3. F) mCherry ring radius (red line) and colony radius (black line) 

over time. The base parameter set for the 1D simulation is listed in Table 1. See Materials 

and Methods for details. The y-axis is distance from Δ=0. Processing of the simulated 

data was done in the same way as for the experimental data in D). ................................... 73 

Figure 18: Full circuit diagram. The activation module (green dashed box) is mediated 

by a mutant T7 RNA polymerase (T7), which activates itself by binding its own 

promoter. T7 leads to the activation of the protein LuxR (R) and a diffusible signal 
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activator complex.  This complex activates expression of T7 lysozyme (Lys), which 

inhibits T7. Thus, the quorum-sensing mediated expression of the T7 inhibitor, Lys, 

constitutes the inhibition module (red dashed box). CFP and mCherry are co-expressed 

with T7 and Lys, respectively, as readouts of the programmed circuit dynamics. ........... 75 
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Figure 19: T7 lysozyme inhibits the activation module. The mean CFP levels of the BL21 

DE3 cells transformed with pET15bLCFPT7 (the activation module) are displayed for 

varying IPTG concentration with (red) and without (blue) pLysS after 8 hrs of growth at 

30°C.  For each cell included in the data analysis, background was subtracted based on 

the mean intensity of several hundred BL21 DE3 untransformed cells prepared in the 

same manner. ............................................................................................................................... 76 
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circuit were grown for 12 hours at 37°C. They were diluted significantly, while molten 

agar (0.7% in 2xYT (pH=6.5) was prepared. A small amount of diluted culture was 

added to the molten agar supplemented with appropriate antibiotics and IPTG once it 

had cooled sufficiently. Five-µl droplets from the agar were then placed into the wells of 

the multi-well device. b) Schematic depicting the dimensions of the multi-well device 

used in the experiment. Note that another coverglass was placed on top of the multi-

well device (side view) to engulf the soft agar droplets. In addition, a silicone flap in the 

x-direction was excised using a razor blade. .......................................................................... 77 

Figure 21: Montage of patterns demonstrating reproducibility of circuit function. Raw 

1.7 mm X 1.4 mm composite images of patterns obtained for the base-case condition 

described in Figure 20 derived from six different single cell colonies, spanning five 
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Figure 22: Pattern formation for the synthetic gene circuit in a different cell strain under 

a different experimental condition. MG1655 (motile) cells containing the full synthetic 

gene circuit were printed onto a rigid surface of 2xYT (pH=6.5) medium with 0.3% agar. 

Raw (1.7 mm X 1.4 mm) composite images of two replicates of the printed microcolonies 

(a-b) were taken after 24 hours of growth. .............................................................................. 80 

Figure 23: Knocked out LuxR or LuxI eliminates the mCherry ring pattern. MC4100Z1 

cells containing the full synthetic gene circuit with LuxR (a) or LuxI (b) knocked out of 

pTuLys2CMR2 were placed into droplets containing 0.7% agar in 2xYT (pH=6.5) 

medium and grown using the same protocol implemented in Main Fig. 1. Raw (1.7 mm 

X 1.4 mm) composite images were obtained at 18, 24, 30, 36, and 48 hrs after incubation 

at 30°C for representative microcolonies. The exposure times for CFP and RFP were 0.6 

and 10 seconds, respectively. In each case, no discernible mCherry ring pattern is 

present, indicating the essentiality of AHL signaling in forming the mCherry ring. ....... 81 



 

 

xviii

Figure 24: Experimental demonstration of spatial-dependent gene expression. 

MC4100Z1 cells containing the plasmid ptetmCherry were placed into droplets 

containing 0.7% agar in 2xYT (pH=6.5) medium supplemented with 50 µg/ml 

chloramphenicol and 0.1 µg/ml anhydrotetracycline (aTc) and grown using the same 

protocol implemented in Figure 17. Raw (1.7 mm X 1.4 mm) composite images were 

obtained at 18, 24, 30, and 36 hrs after incubation at 30°C for a representative 

microcolony. Here, green represents the phase channel, and red represents the RFP 

channel. Note that the mCherry ring moves with the edge of the microcolony, indicating 

spatial-dependent gene expression. We note that, while the ring can form from mCherry 

by a single inducible promoter, this ring is fundamentally different from that by the full 

circuit. The ring in this experiment expands along with the microcolony as it reflects the 

spatial dependence of the gene expression capacity of the cells. In contrast, the ring 

formed by the full circuit is triggered by a sufficiently high concentration of AHL (the 

timing cue) and a sufficiently high gene expression capacity. The ring then stays at a 

constant size despite subsequent colony expansion, and in this manner, ring size is 

decoupled from later microcolony expansion. ....................................................................... 83 

Figure 25: Simulated spatiotemporal dynamics of key species for the base case. a)-d) 

Heat maps displaying cell density (a), AHL (b), T7 RNAP (c), and T7 lysozyme (d) for 

varying distance (x-axis) over time (y-axis) for the simulation shown in Main Fig. 2 (the 

base case). The intensity values for a)-b) represent cell and AHL numbers per spatial 

grid Δ, respectively, across a 1-dimensional (1D) spatial domain spanning length 300 Δ 

(3000 µm). The intensity values for c)-d) represent the number of T7 RNAP and T7 

lysozyme molecules per cell, respectively, across the 1D spatial domain. ......................... 85 

Figure 26: Proposed mechanism for ring formation and maintenance. A) AHL dynamics 

drive ring formation in the base case simulation. A single AHL temporal pulse gives rise 

to a single T7 lysozyme ring. Here, the y-axis corresponds to the number of AHL 

molecules per spatial unit Δ.  These dynamics are derived from the same simulation 

analyzed in Figure 1F with the same base parameter set listed in Table 1. B) Cell density 

dynamics for the base case simulation. Cell density is plotted as the number of cells per 

Δ for time points 1-3 of A) (corresponding to 5, 10, and 38 hours) from top to bottom. 

After AHL exceeds the ring-forming threshold, T7 lysozyme accumulates at the edge of 

the microcolony (C).  Lysozyme induces a metabolic burden on cells at the edge of the 

microcolony, leading to a stunting of cell growth for several hours (top two panels).  

Once AHL decreases over time (since T7 lysozyme decreases AHL production), 

lysozyme’s metabolic burden on the cells decreases at the very edge of expansion front, 

eventually leading to resumed cell growth (bottom panel). C) Lysozyme dynamics for 

the base case simulation. T7 lysozyme is plotted as the number of T7 lysozyme 



 

 

xix

molecules per cell for time points 1-3 of A) (corresponding to 5, 10, and 38 hours) from 

top to bottom. As AHL increases over time, T7 lysozyme accumulates at the edge of the 

spatial domain (top two panels). Eventually, lysozyme level decreases on the very edge 

of the microcolony (bottom panel), giving rise to microcolony growth resumption (B, 

bottom panel), while the position of the ring is maintained. D) Lysozyme ring arises due 

to differential gene expression capacity throughout the microcolony. In the simulations, 

it is assumed that gene expression capacity increases with decreasing distance from the 

microcolony edge. Thus, T7 lysozyme production can be viewed as an AND gate, where 

both high AHL (A) and high gene expression capacity (G) are necessary to trigger 

lysozyme production. In this manner, at a time when A is uniformly high throughout 

the entire spatial domain, high A and low G give rise to low lysozyme levels towards the 

center of the microcolony. However, at the microcolony’s edge, high A and high G give 

rise to high lysozyme levels (red line)...................................................................................... 86 

Figure 27: 3-Dimensional (3D) confocal image of a typical base-case mCherry pattern. a) 

Tilted (top) and side (bottom) views of a 3D reconstruction of the mCherry pattern based 

on a series of z-slice images 5.21 µm in depth spanning x- and y-dimensions of length 

1214 µm taken by a Zeiss LSM 780 upright confocal microscope. The pattern was excited 

at a 561 nm wavelength, and the emission filter used collected wavelengths between 576 

and 696 nm. The pattern was obtained for the base-case condition described in Fig. S3. 

The 3D reconstruction was done using MetaMorph (Molecular Devices, LLC, Sunnyvale, 

CA). b) Raw 1.7 mm X 1.4 mm composite fluorescent image of the pattern displayed in 

a). c) Heat map displaying mCherry intensity in both the vertical (y-axis) and radial (x-

axis) directions as derived from the confocal microscope image reconstructed in a).  The 

radial intensity values are the average intensity values across angles spanning 3π/4 to 

7π/4.  Processing was carried out using a custom MATLAB code. ..................................... 89 

Figure 28: Simulated and measured modulation of pattern formation by environmental 

factors. A) Modulation of patterns by perturbing AHL temporal dynamics. The base case 

occurs when a single pulse of AHL exceeds a threshold necessary to trigger ring 

formation (left, e.g., as in Figures 17 and Figure 26). Adding exogenous AHL allows 

AHL to exceed the threshold concentration faster, leading to the formation of a smaller 

ring (center). Increasing the domain size slows down AHL accumulation due to 

increased spatial dilution, leading to the formation of a larger ring (right).  B) Simulated 

dependence of ring radius on initial, exogenously added AHL concentration. Average 

mCherry ring radii obtained at 25 hours and 13.3 hours for 1D simulations of 

microcolonies growing from initial AHL concentrations of 0-1200 molecules per Δ and 

1500-4000 molecules per Δ. For each replicate, the time chosen for data analysis 

corresponds to the time at which only the first mCherry ring radius has emerged. All of 
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the mCherry ring radii were calculated in the same manner as described in Figure 17. 

The error bars represent standard error among ten replicates. The black curve indicates a 

best-fit Hill function calculated using a custom MATLAB code. C) Measured 

dependence of ring radius on initial, exogenously added AHL concentration.  Average 

mCherry ring radii obtained for microcolonies growing from an initial AHL 

concentration of 0, 10, 30, and 100 nM AHL, respectively. These values were obtained 

from replicates at 24-hour time points for 10, 30, and 100 nM AHL and from replicates at 

36-hour time points for 0 nM AHL (no mCherry rings emerged for this condition at the 

24-hour time point). All of the mCherry ring radii were calculated in the same manner as 

described in Figure 17. The error bars for 0, 10, 30 and 100 nM AHL represent standard 

error among 7, 10, 9, and 5 replicates, respectively. Cropped representative mCherry 

images to scale of microcolonies growing in the absence (top middle panel) or presence 

(bottom right panel) of an initial AHL concentration of 100 nM at 24-hour and 36-hour 

time points, respectively, are shown. The color scheme is defined as in Figure 17D) 

Simulated dependence of ring radius on the domain size.  Average mCherry ring radii 

obtained at 25 hours for 1D simulations of microcolonies growing in domain lengths 

spanning 100 to 500 Δ (1000 to 5000 µm). All of the mCherry ring radii were calculated 

in the same manner as described in Figure 1. The error bars represent standard error 

among ten replicates.  The black curve indicates a best-fit linear function calculated 

using Microsoft Excel.  E) Measured dependence of ring radius on the droplet size. 

Average mCherry ring radii obtained for microcolonies growing in 5-µl, 10-µl, and 15-µl 

droplets, respectively. These values were obtained from replicates at 36-hour time points 

for 5-µl and 10-µl droplets and from replicates at 48-hour time points for 15-µl droplets 

(only one mCherry ring emerged for this condition at the 36-hour time point). All of the 

mCherry ring radii were calculated in the same manner as described in Figure 17. The 

error bars for 5-, 10-, and 15-µl droplets represent standard error among 3, 6, and 6 

replicates, respectively. Cropped representative mCherry images of microcolonies to 

scale growing in 5-µl (top left panel) and 15-µl droplets (bottom right panel) at 36-hour 

and 48-hour time points, respectively, are shown. The color scheme is defined as in 

Figure 17. ...................................................................................................................................... 92 

Figure 29: Simulated spatiotemporal dynamics of key species for an initial AHL 

concentration of 4000 molecules/Δ. a)-d) Heat maps displaying cell density (a), AHL (b), 

T7 RNAP (c), and T7 lysozyme (d) for varying distance (x-axis) over time (y-axis) for a 

typical simulation with an initial AHL concentration of 4000 molecules/Δ. Units are as 

described in Figure 25 and he simulation took place across a 1-dimensional (1D) spatial 

domain spanning length 300 Δ (3000 µm). .............................................................................. 93 
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Figure 30: Simulated spatiotemporal dynamics of key species for a domain size of 100 Δ 

(1000 µm). a)-d) Heat maps displaying cell density (a), AHL (b), T7 RNAP (c), and T7 

lysozyme (d) for varying distance (x-axis) over time (y-axis) for a typical simulation with 

a 1-dimensional (1D) spatial domain spanning length 100 Δ (1000 µm). Units are as 

described in Figure 25. ............................................................................................................... 94 

Figure 31: Simulated spatiotemporal dynamics of key species for a domain size of 500 Δ 

(5000 µm). a)-d) Heat maps displaying cell density (a), AHL (b), T7 RNAP (c), and T7 

lysozyme (d) for varying distance (x-axis) over time (y-axis) for a typical simulation with 

a 1-dimensional (1D) spatial domain spanning length 500 Δ (5000 µm). Units are as 

described in Fig. 25. .................................................................................................................... 95 

Figure 32: Predicted and measured double-ring formation. A) Simulated AHL dynamics 

for the double-ring case. AHL in molecules per Δ over time for the double-ring case 

simulation. Here, the simulation is implemented with the parameters listed in Table 1. 

The initial AHL concentration in the simulation is 3000 molecules per Δ. AHL crosses 

the threshold necessary for ring formation at two discrete time periods.  B) mCherry 

intensity (red line) at varying radii for time points 1 and 2 in A). The line plots indicate 

T7 lysozyme in molecules per Δ for the two time points indicated in A) (4-hour and 21-

hour time points, respectively). A single ring forms at ~50 Δ (~500 µm) for the 4-hour 

time point.  This ring is also maintained for the 21-hour time point.  However, after a 

second instance of crossing the AHL threshold necessary for ring formation, another 

ring at ~150 Δ (~1500 µm) emerges at the 21-hour time point. C) An experimentally 

obtained mCherry double-ring pattern. These images were obtained after culturing a 

single microcolony for 36 (top) and 48 (bottom) hours at an initial AHL concentration of 

100 nM. The color scheme is as described in Figure 17. D) mCherry intensity (cyan dots) 

at varying radii for the images in C). The solid red line is the running average at varying 

radii. mCherry was calculated as described in Figure 1 across angles spanning 5π/6 to 

3π/2 for the 36-hour time point and across angles spanning π to 7π/6 for the 48-hour 

time point. .................................................................................................................................... 97 

Figure 33: Simulated spatiotemporal dynamics of key species for the double-ring case 

(an initial AHL concentration of 3000 molecules/Δ). a)-d) Heat maps displaying cell 

density (a), AHL (b), T7 RNAP (c), and T7 lysozyme (d) for varying distance (x-axis) 

over time (y-axis) for the simulation showed in Figure 32 with an initial AHL 

concentration of 3000 molecules/Δ. Units are as described in Figure 25, and the 

simulation took place across a 1-dimensional (1D) spatial domain spanning length 300 Δ 
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image was obtained after culturing a microcolony for 42 hours at an initial AHL 

concentration of 100 nM. The experimental protocol is as described for Figure 32. The 

color scheme is as described in Figure 17. b) mCherry intensity (cyan dots) at varying 
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Figure 35: Pattern formation for single colonies per droplet. MC4100Z1 colonies 
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1. Predictive power of cell-to-cell variability 

Much of our current knowledge in biology has been generated based on 

population-average measurements. However, advances in single-cell analysis have 

demonstrated the omnipresent nature of cell-to-cell variability in any population. 

Tremendous efforts have been put into examining how such variability arises, how it is 

regulated by cellular networks, and how it can influence cell-fate decisions at the single-

cell level.  On the other, recent studies suggest that the variability may carry valuable 

information that can facilitate the elucidation of underlying regulatory networks or the 

classification of cell states. To this end, a major challenge of is to determine what aspects 

of variability bear significant biological meaning. Addressing this challenge requires the 

development of new computational and experimental tools to more effectively describe 

and interpret data on cell-cell variability. Here, we discuss examples of when population 

heterogeneity plays critical roles in determining biologically and clinically significant 

phenotypes, how it serves as a rich information source of regulatory mechanisms, and 

how we can extract such information to gain a deeper understanding in biological 

systems.   

1.1 Introduction 

Phenotypic heterogeneity in cell populations is a widespread phenomenon 

observed across physiological processes and pathological conditions [1-9]. Such 

heterogeneity stems from fluctuations in cellular components (e.g. RNA and protein) 
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and states (e.g. cell-cycle phase and stress), compounded by differences in the 

microenvironment experienced by the cell (e.g. local cell density and cell-cell contact) [8-

18]. The fluctuation in internal cellular state fundamentally arises from the discrete 

nature of molecules and the randomness in their interactions, also known as “noise” [19-

21]. Phenotypic heterogeneity often manifests as divergent fate determination, such as 

growth, senescence, and death, in response to either natural (e.g. growth factors) or 

artificial (e.g. therapeutics) stimulus. Functional implications of cell-to-cell variability in 

various biological contexts have been well established in the past decade [3, 7, 22-30].  

Historically, biological models (e.g. cellular networks and signal processing) 

have been conceived based on experimental measurements on the population-average 

behavior (e.g. western blot). However, given the large degree of phenotypic cell-to-cell 

variability even between genetically homogeneous individuals and in response to 

identical stimulus, conclusions reached as such may be misleading [9, 31, 32].  For 

example, p53 dynamics in response to DNA damage was previously thought of as 

damped oscillations, until single-cell experiments showed that individual cells give rise 

to varying numbers of p53 pulses of fixed amplitude and duration [33]. In another case, 

single-cell analysis of E2F responses to different levels of Myc expression revealed a 

biphasic dependency of the former on the latter, shedding new light on cell-cycle 

regulation [34]. 
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Most studies to date have been focusing on the explanation of cell-to-cell 

variability (the forward problem), such as the delineation of its source, mechanisms of 

generation, propagation along cellular networks, as well as the development of 

computational methods to predict variability given a particular mechanistic structure 

[21, 35-46]. The reverse problem, that is, if and how critical information can be gained 

from cell-to-cell variability, is only starting to be appreciated and will be the subject 

under review here. We focus on two specific aspects of the information capacity in 

heterogeneity observation: first, in constraining mathematical models of the biological 

system (e.g. signaling pathways); second, in associating with and predicting functional 

population-level phenotypes (e.g. drug efficacy).   

1.2 Using cell-to-cell variability to infer regulatory mechanisms 

Efforts in addressing the aforementioned forward problem have offered evidence 

of regulatory mechanisms underlying cellular pathways dictating the characteristic cell-

to-cell variability pattern in single-cell attributes, such as gene or protein expression 

levels (Figure 1, a) [35, 39, 47-50]. Such regulatory mechanisms are often described in the 

form of mathematical models that quantitatively capture the production, degradation, 

and interaction between cellular components. Different mechanisms correspond to 

different model structures and parameterization.   Given such a model, the variability in 

single-cell behaviors can be attributed to either intrinsic or extrinsic noise sources. 

Intrinsic noise can be explicitly accounted for by the mechanistic model itself and the 
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assumed probability distribution dictating the random events involved in the model. 

Extrinsic noise, on the other hand, refers to the fluctuation in the cellular state or the 

microenvironment not included in the model, yet affecting system dynamics in a 

“predetermined manner”, usually by influencing model parameters. Great efforts have 

been dedicated to identifying such extrinsic factors, the success in which would 

eliminate the uncertainty in such sources and result in what’s called “regulated cell-to-

cell variability”. We refer the readers elsewhere for extensive review on this topic [18].   

The inverse problem of inferring the regulatory mechanism is much more 

challenging than the forward problem [51], largely due to the daunting complexity 

incurred by the inclusion of stochastic elements in the modeling framework and the 

requirement of more sophisticated statistical toolbox to handle distributional data.   

Several studies have made a case for a general framework whereby a priori 

construction of a mapping between the regulatory mechanism (e.g. network structure or 

parameter) and the distribution of some output measure (e.g. protein abundance) allows 

subsequent inference of the mechanism based on variability observation. In one case, 

analytically derived relationships between the moments of distribution from an 

expanded chemical master equation and the structure of the cis-regulatory input 

function are established to infer the cooperativity as well as the combinatorial logic 

(‘AND’ vs. ‘OR’) between transcription factors in promoter regulation[52, 53]. Different 

sources of intrinsic noise, namely promoter fluctuation and mRNA birth/death 
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fluctuation in a transcriptional system, are also distinguishable based on variability 

measures [54]. It was shown in this case that the coefficient of variance in the protein 

product as a function of time after transcription blockade changes more slowly if 

promoter fluctuation dominates. It is interesting to note that the steady-state distribution 

of the protein alone is not sufficient in discriminating between these two noise sources. 

This is partly because the variability in protein expression mainly scales with the natural 

protein abundance, which can be treated as a constant extrinsic noise regardless of how 

the intrinsic noise is generated [55]. 

Efforts have also been made in developing parameter estimation schemes based 

on variability measures to better constrain the mathematical model of a biological 

system, as the majority of parameters are difficult to measure directly through 

experimentation. Although stochastic time-series data in single cells may be highly 

informative [56], we focus on the analysis of snapshot distributional data over the 

population at fixed time points. Such distributional data can be easily made available 

using mature platforms such as flow cytometry and microscopy with low cost and high 

efficiency.  
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Figure 1: Inference of regulatory mechanisms from population variability 

measurements. a) Two slightly different transcription regulatory mechanisms 

generate distinctive distribution of mRNA molecules under stochastic reaction 

dynamics over a population. Above, the promoter of the gene randomly switches 

between on and off states. When the promoter is on, mRNA molecules are produced, 

which in turn undergoes decay. Below, the mRNA molecule (or its protein product) 

and feedback to the promoter and enhance the transcription rate when it’s on, 

resulting in a bimodal distribution of the mRNA molecule. By counting RNA 

molecules in single cells and obtain its variability measure over the population, the 

regulatory mechanism of transcription may be distinguished between alternative 

hypotheses. b) Given a regulatory mechanism, a mathematical model capable of 

simulating stochastic chemical dynamics (such as stochastic differential equations), 

whose structure best represent the current understanding the biological system, can 
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be constructed. The parameters (or parameter distributions) of the model and hence 

the biological system can be more efficiently inferred by comparing the 

experimentally observed distribution of one or more system components with that 

generated by the model with varying parameter values and selecting one generating 

the best matching distribution. 

In one of the pioneering studies, Munsky et al developed a scheme that takes 

single-cell readout distributions at multiple time points before reaching steady state and 

applies discrete state space probability matching [57]. Importantly, they showed that 

stationary moments of any arbitrary order are insufficient in uniquely identifying model 

parameters. For simple systems, analytical expressions of parameters as functions of 

distribution statistics can be derived. For complex systems, a parameter search process, 

which identifies the parameters generating distributions most consistent with the 

experimental observation, proved to be equally effective (Figure 1, b). Using IPTG-

induced gene expression as a test model, the authors showed that the fitted model 

captures gene expression distribution at unlearnt induction levels despite drastically 

different overall shape of the distributions. The efficiency and accuracy of the scheme, 

however, do depend on the choice of the molecular species and the order of the 

statistics.  

Similar to the earlier examples of regulatory mechanism inference, extrinsic 

noise, which has been shown to be dominating in most biological systems, is ignored [6, 

42, 55]. Subsequent studies took on the task of incorporating extrinsic noise into the 

inference scheme [6, 42, 55]. This can be accomplished by imposing a distribution over 
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the model parameters and initial conditions [58]. Instead of finding the best point 

estimation of each parameter, a distribution of parameter values is obtained [59]. Despite 

the constraints on the extrinsic noise structure and the necessity to parameterize its 

density, results from these studies would allow better statistical modeling of 

experimentally observed variability. 

One concern in performing such inference is the scalability of the scheme: 

whether the algorithm can handle systems of much greater size than what is 

demonstrated as a proof of concept with reasonably high efficiency and low 

computational cost. To address this issue, moment-based approaches and convolution 

techniques have been proposed to combine intrinsic and extrinsic noise [45, 60]. 

Conventional parameter search algorithms, such as the Metropolis-Hastings MCMC 

sampler, are used to maximize the likelihood of the parameter posterior. The power of 

such a framework has been demonstrated by fitting a stochastic model of osmo-stress 

induced transcriptional activation in budding yeast using only the mean and the 

variance of the measured distribution. The fitted model successfully predicted the 

transient bimodality in gene expression, and provided evidence for the role of chromatin 

remodeling in regulating population variability. Such moment-based frameworks have 

the potential of alleviating the curse of dimensionality and the prohibitive 

computational cost of the integer-valued state-space models [34, 61]. However, their 

success may depend on the choice of moment closure method, the accuracy of which 
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depends on both the network structure and the unknown parameters. Aside from such 

heuristic aspects, existing work seems to warrant certain level of confidence in moment-

based parameter estimation, which has been argued to be inadequate to handle 

complicated distributions [51]. 

Others have proposed various moment or density based frameworks to perform 

parameter estimation, as well as model selection, using cell-to-cell heterogeneity 

distributional data as input [62-64]. Alternative approaches include noise autocorrelation 

function [65] and spectral analysis [66]. Studies examining relationships between noise 

properties and network topology have been examined as well [67]. These alternative 

approaches simply take advantage of different statistical features of the distribution of 

cellular readouts. Regardless of the specific implementation, inference based on 

variability measures has been proven advantageous over population mean measures, 

and even necessary under certain circumstances.  

For the mechanistic model selection task, a ‘library’ of models has to be 

constructed a priori, which is limited to our current biological knowledge base and the 

scope of our conception. It would be interesting to further investigate more efficient, 

exhaustive, and less biased ways of constructing such model candidate library.  

The explicit modeling of extrinsic noise statistics enables the computational 

model to shed light on the roles certain modulators play in the regulation of cell-cell 

variability, whose mechanism of noise generation is not directly captured by the 
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mechanistic model. We note that regulated cell-to-cell variability falls exactly under the 

category of extrinsic noise. The fundamental idea in regulated cell-to-cell heterogeneity 

is that there exists high degree of correlation between molecular or dynamical readouts, 

which may be hidden from the observer, and single cell behaviors, as well as between 

molecular readouts (e.g. different signaling molecules). As almost all studies in 

identifying hidden determinants of cell-to-cell variability take a single-cell readout to 

single-cell activity mapping approach, adequate and flexible modeling of extrinsic noise 

may be exactly what we need to bridge the gap between population level manifestation 

of regulated variability and underlying regulatory mechanisms. The regularity and 

determinism at the single-cell level may be reflected in the exact pattern of the extrinsic 

noise parameter distribution [68].  

1.3 Functional characterization of population through 
heterogeneity profiling 

So far, we have discussed how cell-to-cell variability can provide useful 

information on the underlying regulatory mechanisms. However, the complexity of 

cellular heterogeneity often stretches beyond our knowledge base and cognitive 

boundaries. Nonetheless, as we will show in this section, such complexity does not keep 

us from exploiting cell-to-cell variability as an effective tool to capture population-level 

phenotypes (Figure 2, a) that may be difficult to characterize or even ill-posed at the 

single-cell level. 
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Figure 2: Characterizing population phenotypes with heterogeneity measures. a) Cell 

populations manifest various population level emergent phenotypes, for example, the 

overall growth rate of various cancer cell populations (of different origins and 

malignancy) in response to anti-cancer therapeutics. Such phenotypes can be 

classified into qualitatively different categories, such as good or poor responses to 

therapeutics shown here. b) Population phenotypes may correlate with population 

heterogeneity in certain single cell attributes, including gene express, surface marker, 

and signaling molecule co-localization mentioned in the text. That is, similarity in the 

population heterogeneity measure (shape of the distribution clustering in the 

distribution feature space) coincides with the classification in population phenotype. 

Here the heterogeneity measure is represented by 2-D joint distributions (red, higher 

probability density; blue, lower probability density). Consequently, after curating a 

large database of phenotype-heterogeneity correlations, one can predict population 

phenotype by measuring population heterogeneity and determining which 

distribution pattern category the observation belongs to.  

 

 

The awareness of phenotypic heterogeneity at the population or tissue level 

being a critical issue in disease (e.g. cancer) diagnostics and treatment has been raised 

substantially [17, 45, 69-75]. Subpopulations of cancer cells are believed to underlie the 

emergence of drug resistance [69, 70, 72, 75-77]. It has been suggested that the dynamic 

maintenance of a specific fractional composition of different subpopulation, each with 
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different cellular characteristics, distinguishes different cancer cell populations [78]. 

Most studies on cancer heterogeneity so far aim at associating subpopulations with 

differentially activated pathways, and consequently targeting them with rationally 

designed drugs [69, 73, 74, 79-83]. Though this strategy may seem promising in many 

cases, the limitation is still the confinement to the existing biological knowledge base. As 

demonstrated in a recent study [84], functional subpopulations may be masked by 

‘blind’ adoption of previously established gating strategy and marker set. This is an 

example of how hidden subpopulations, and thus information critical to the functional 

output of the entire population, can be lost in naïve handling of distributional 

heterogeneity profiles. As discussed in the previous section, cell-to-cell variability 

patterns contain an enormous amount of information regarding the regulatory network 

underlying cellular behavior; heterogeneity profiling may therefore serve as a robust 

predictor of population phenotype, which must emerge from the aggregation of single 

cell behaviors. This is a largely under-appreciated field. However, we point to a couple 

of pioneering studies from the Altschuler and Wu group along this line of inquiry. 

In one study, Slack et al developed an imaging-assay based platform to extract 

measurements on the co-localization patterns of fluorescently labeled cellular 

components from a large number of cells under diverse conditions. For different cells in 

the same population under identical environmental condition, such co-localization 

patterns differ significantly and represent phenotypic variability in the signaling state of 
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individual cells. Here, each cell is represented by a point in the pattern space and the 

phenotypically heterogeneous population hence corresponds to a distribution in such a 

space (Figure 2, b). By applying an unsupervised learning algorithm to phenotypic 

distributions of a large number of cell populations under diverse conditions, unique 

phenotypic “stereotypes” are assigned to cells residing in different regions of the pattern 

space. Each population is subsequently represented by the fractional composition, or a 

heterogeneity profile, of each stereotype. They found that drugs of similar mechanism 

usually induce similar patterns in the population heterogeneity profile (Figure 2). 

Although the markers used to establish the subpopulation profile may not be directly 

involved in the pathways relevant to the perturbation of interest (such as drug action), 

the proximity in the heterogeneity profile does suggest a high likelihood of resemblance 

in the underlying biological process between different perturbations. This 

correspondence can facilitate the generation of novel biological insights (such as modes 

of drug action) by referencing to established biological knowledge base (comparing to 

the heterogeneity profile that is induced by drugs of known action mode). The authors 

also explored the potential benefit of increasing the number of phenotypic stereotypes 

(the number of subpopulations), and found that the performance of classification 

plateaus at a relative small number of subpopulations, around 5. This diminished 

marginal return may points to the drawback of introducing artificial non-biological 

separation in phenotypes. That is, not all dimensions in the heterogeneity profile are 
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informative. One can potentially incur unnecessary computational cost by non-

selectively keeping all facets of such distributions. Note that the lack of clear mechanistic 

understanding of each subpopulation and their association with environmental 

perturbation does not jeopardize the predictive power of the framework. The operation 

of the computational platform does not depend on how the heterogeneity profile is 

generated, as long as the single-cell level measurements can be converted into 

distributional data. 

 The same group later used the same platform to demonstrate that basal 

signaling heterogeneity contains information predictive of population response to 

perturbation, specifically drug sensitivity of both cancer and noncancerous clonal 

populations. For multiple clones derived from the same population of parental clone of 

H460 cancer cells, the resemblance in drug sensitivity highly correlate with the similarity 

in the pattern of basal signaling heterogeneity (Figure 2). Moreover, the predictive 

information resides in multiple marker sets examined, implying the potential of using 

patterns of general nonspecific markers in reflecting “deeper” similarities of underlying 

regulatory networks. This may not be too surprising given the densely connected nature 

of cellular networks [85]. Interestingly, a collection of noncancerous clone populations 

(human bronchial epithelial cell, HBEC) showed reduced ranges of overall heterogeneity 

and drug sensitivities in comparison with the cancer cell clones. This observation 

supports the notion that cancer cells possess much greater and clinically relevant 



 

15 

phenotypic heterogeneity compared to normal cells. They also demonstrated the power 

of heterogeneity profiling in differentiating different cancer types. It was noted that the 

stereotypes of subpopulations are common between different cell populations, and the 

difference lies in the exact composition of different subpopulation. Critically, increase or 

decrease in the fraction of a certain subpopulation may be sufficient to account for 

functional differences between populations in some cases, resembling conventional 

gating practices in subpopulation identification [74]; however, higher order 

characterization of the entire ensemble of subpopulations is generally required.  

It is important to note that molecular states of each specific subpopulation and 

their relationship to population phenotype (drug response) is far from clear, 

highlighting the potential of unbiased and systematic heterogeneity profiling of general 

biomarkers in serving as a robust predictor of complex population phenotype as well as 

a tool to aid the generation of novel biological insights. Such mapping may not be 

captured by characterization of single-cell behavior, as it is by definition a statistical 

property of the population. Several subsequent studies have applied similar imaging 

based heterogeneity profiling platforms in different biological context to classify 

population phenotypes [86, 87].  We note that imaging only represents one of many 

mature and emerging techniques of acquiring single-cell attributes. Others include flow 

cytometry and single-cell sequencing. In fact, distributional data collected through flow 

cytometry has been strongly suggested to provide diagnostically useful information in 
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myelodysplastic syndrome and related marrow diseases, where differential mixtures of 

various cell types and maturation stages influence disease progression and treatment 

outcomes [88-91].  However, in such cases, the analysis of the distribution still focus on 

the extraction of fractional composition of various pre-defined cell types, rather than 

through an unbiased and unsupervised learning algorithm. On the other hand, several 

studies have laid some computational ground work for carrying out such systematic 

unbiased analysis on flow cytometry data [92-95]. We speculate that by applying such 

computational platforms to various biological and clinical contexts, where analysis of 

distributional data has been of paramount importance, such as immunology, stem cell 

biology, and cancer, major advances will be on the horizon.  

Combining the herein reviewed two aspects of heterogeneity-based inquiries, we 

think that the major gap in making sense of cell-to-cell variability and population-level 

phenotype remains in relating single-cell activity output to population-level phenotypes 

where single-cell phenotypic heterogeneity is functionally relevant. If such a mapping 

can be defined, one can potentially predict population-level phenotype more accurately 

and efficiently by first predicting single-cell activity output using either deterministic or 

stochastic model simulations, and then applying the mapping function. This union may 

be confounded by spatial factors in cell-to-cell communication and cooperation in 

defining population context and phenotype, which dictate and depend on single-cell 

level activities. We envision that the integration of stochastic modeling, parameter 
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inference, and functional mapping between heterogeneity profile and population 

phenotype will provide novel insights into how variable single-cell activities are 

determined by underlying molecular regulatory mechanisms and how they cooperate to 

generate a complex population.  
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2. Stochastic sensitivity analysis and kernel inference 
via distributional data 

Cellular processes are “noisy” due to the stochastic nature of biochemical 

reactions. As such, it is impossible to predict the exact quantity of a molecule or other 

attributes at the single cell level. Their distribution over a population, however, is often 

deterministic, and is governed by the underlying regulatory networks relevant to the 

cellular functionality of interest. Recent studies have started to exploit this property to 

infer network states. To facilitate the analysis of distributional data under a general 

experimental setting, we introduce a computational framework to efficiently 

characterize the sensitivity of distributional output to changes in external stimuli. We 

further establish a probability divergence-based kernel regression model to accurately 

infer signal level based on distribution measurements. Our methodology is applicable to 

any biological system subject to stochastic dynamics and can be used to elucidate how 

population-based information processing may contribute to organism-level 

functionality. It also lays the foundation for engineering synthetic biological systems 

that exploit population decoding to more robustly perform various bio-computation 

tasks such as disease diagnostics and environmental pollutant sensing.  

2.1 Introduction 

As information-processing units, cellular networks transform diverse stimuli, 

such as DNA damage and pathogenic infection, to appropriate responses [96]. In each 
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cell, this process can be highly noisy due to the discrete nature of biochemical reactions. 

[7, 21, 22, 24, 28, 37, 42, 97]. As a result, single-cell responses are often highly 

heterogeneous even in an isogenic population [9, 26, 31, 98]. Phenotypic heterogeneity 

often manifests as differential fate determination, including cell growth, senescence, and 

death, which can be triggered by both natural (e.g. growth factors) and artificial (e.g. 

therapeutics) stimuli [4, 99]. Functional implications of cell-to-cell variability have been 

established under various biological contexts [3, 7, 22-30]. Historically, biological models 

(e.g. network structure) have been conceived based on cell population-average 

measurements (e.g. western blot) [100]. Given the large degree of phenotypic 

heterogeneity, however, biologically relevant information may be lost in the process of 

averaging [9, 31, 32].  For example, p53 used to be thought to undergo damped 

oscillation in response to DNA damage. Single-cell experiments, however, showed that 

individual cells give rise to varying numbers of p53 pulses of fixed amplitude and 

duration [33]. In another case, single-cell analysis  revealed a biphasic dependence of 

E2F on Myc expression, shedding new light on cell-cycle regulation [98]. 

The presence of noise may fundamentally limit the information processing 

capacity at the single cell level [36]. However, some tissue- and organism-level 

responses rely on the constructive use of noise [68, 78, 101-103]. One example is the 

generation of robust acute and recall immunity in response to infection via the 

diversification of individual naïve antigen-specific T cells [103]. Another example is the 
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decoding of motion components via the firing rate distribution over the population of 

‘noisy’ neurons in the area MT [104]. The key rationale behind noise-aided information 

processing is statistical regularity. The shape of the distribution is governed by network 

properties, including structure and parameterization, and can be captured by observing 

a sufficiently large sample population [101, 105-108]. This population-level determinism 

justifies the use of distribution data as a quantitative phenotype of a signaling network 

and its corresponding cellular output (e.g. cell proliferation). The implications of this 

perspective are twofold. First, distribution data can be used to gain insight into and 

constrain the regulatory property of the underlying network model. Second, it provides 

the basis for deciphering information processing mechanisms in naturally occurring cell 

populations and for engineering synthetic gene circuits that exploit stochastic dynamics 

and population codes. These applications will advance our understanding in basic 

biological principles and clinical practices such as disease diagnostics [91, 107, 109]. 

Here we present a streamlined computational framework to quantify stochastic 

network sensitivity to parameter perturbations, using distribution as the readout. We 

further implement a kernel regression model with probability-distance measure that 

enables accurate inference of external stimuli. While our framework is established using 

a mechanistic model of a well-defined biological network, it is entirely data-driven and 

does not require a priori mechanistic knowledge. In addition, we use perturbations on 

network parameters as an emulation of realistic external stimuli, such as growth factor 
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and environmental pollutant. This mechanism-free nature renders our method 

particularly suitable for complex biological phenomena like cancer where simple 

mechanistic model wouldn’t do the whole system justice and population heterogeneity 

is physiologically or pathologically relevant. 

Various methods have been proposed to exploit stochastic dynamics in 

estimating model parameters and selecting optimal model structures [16, 47, 51, 53, 54, 

57, 59, 60, 62-65, 90, 93, 95, 100, 110]. Our method expands the toolkit. It allows intuitive 

exploration of biological systems via characterizing its distributional response to 

environmental stimuli. More importantly, our method exploits the totality of the 

distribution, whereas past methods primarily rely on low-order statistics and are limited 

by the analytical tractability of the mechanistic model. 

2.2 Methods 

2.2.1 Stochastic simulation of the MYC/Rb/E2F model 

We adopt a previously developed stochastic model for this network [111, 112]. It 

consists of a set of stochastic differential equations, which has the general form of  

,                 (1) 

where  represents the number of molecules of a molecular species i (i = 1, …, 

N) at time t, and X(t) = (X1(t), .., XN(t)) is the state of the entire system at time t. X(t) 

evolves over time at the rate of  (j = 1, …, M), and the corresponding changes in 
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the number of individual molecules are described in ,  and  are temporally 

uncorrelated, statistically independent Gaussian noises.  is the standard normal 

distribution with mean 0 and variance 1.  tunes the level of empirical additive 

extrinsic noise [99]. The stochastic differential equations are simulated using Matlab. The 

distributional output corresponding to a network state (parameterization) is generated 

by performing temporal simulations of the network for 5000 times and take the level of 

the nodal activity of interest (E2F) at a fixed time point (24h). Therefore, the immediate 

raw distributional output is a histogram with 5000 samples. 

2.2.2 Calculating modified Kullback-Leibler divergence and stochastic 
sensitivity 

We fit each histogram, as depicted in the paragraph above, by a Gaussian 

Mixture Model (GMM) with 20 components to capture its totality and ease downstream 

computational analysis. A Gaussian Mixture Model is a parametric probability density 

function represented as a weighted sum of Gaussian component densities. Suppose 

there are two such GMM density functions f and g. We define a modified Kullback-

Leibler (KL) divergence (D), a statistical distance, to quantify the difference between two 

distributions (i.e. f and g) [113]. By its original definition, KL divergence is asymmetric:  

the KL divergence of g from f,  is in general different from that of f from g, 
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. Our metric symmetrizes the divergence by taking the average of the two 

(Figure 3). There is no analytical equation to calculate the KL divergence between two 

GMM density functions. To approximate the KL divergence, we draw n samples  

from , from which we calculate . Similarly, we can calculate 

. Note that the samples here are from the fitted GMM density, not from the 

original stochastic simulations. For a large n, which we set to be 10000, this Monte Carlo 

sampling approximation converges to the true divergence between  and  [113] We 

define the symmetrical divergence measure . This is also 

known as the Jensen-Shannon divergence and is routinely used in bioinformatics 

analysis [114, 115]. 

 



 

24 

Figure 3: Computation of the symmetric divergence measure D from KL divergence. a) 

Symmetrized divergence measure D with respect to kEFm perturbation is derived from 

conventional KL divergence. Each red dot represent KL divergence between Pi and 

Pi+1, that is, the samples are drawn from the GMM model corresponding to network 

state Pi and Pi+1. Each green dot represents KL divergence between Pi+1 and Pi. The error 

bar represents the standard error. All possible unique pairs of 30 bootstrapped 

distributions of each network state are used to estimate the KL divergence. The black 

dot is the average, or the symmetric divergence measure D, of the two KL divergences 

in opposite directions. The solid lines of all colors are smoothing fit over the data 

points. b) Symmetrized divergence measure D with respect to kRb perturbation is 

similarly derived from conventional KL divergence in opposite directions. 

 

 We bootstrap the raw distribution to emulate the variability in the distributional 

response over multiple observations. The original distribution is sampled with 

replacement N times, with N equal to the number of samples in the original distribution. 

The green and red lines in Figure 3a and B show the KL divergence calculated in reverse 

directions, with the black line being the average of the two, or the symmetric divergence 

. The statistics on intra-condition variability generated by bootstrapped distributions 

are consistent with those generated by independent SDE simulations. We also reason 

that the sufficient sampling of the distribution generated by a single run of the 

simulation makes bootstrapping an appropriate procedure to represent the variability of 

the distribution under the same condition. Exemplary codes can be found at 

http://www.genome.duke.edu/labs/YouLab/software/index.php. 

KL divergence can be calculated directly from the observed sample distribution 

using empirical cumulative distribution function (cdf) without an intermediate density 
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estimation step [116]. However, the exploitation of an intermediate parametric GMM 

does convey convenience and computational efficiency in evaluating the probability of 

samples, which will be performed repeatedly during prediction. 

 

Figure 4: Summary of our computational framework. We use a stochastic model of the 

Myc/Rb/E2F network dynamics to generate distributional data. For each parameter 

set, we generate a distribution of E2F protein levels at 24hr from 5000 simulations.  

The distribution is bootstrapped with replacement to generate 30 replicates to 

represent potential variability in the distributional output for the same condition. 

Each distribution is fitted with a Gaussian mixture model (GMM) with 20 

components, from which pairwise KL divergence between distributions within the 

same condition and between different conditions is calculated.  
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2.3 Results 

2.3.1 The basic computational framework 

To generate simulated data, we employ a well-established stochastic model of 

the Myc/Rb/E2f network (Figure 4; Methods), which plays critical roles in regulating cell 

cycle progression and cell-fate decisions [30].  The model consists of stochastic 

differential equations accounting for both intrinsic and extrinsic variability associated 

with the network dynamics [45]. Conventional computational tools for analyzing 

distributions are often developed using data generated by relatively simple stochastic 

models, which are more amenable to analytically tractable approaches [52, 53, 57]. 

Natural biological systems, however, are more complex and may generate less regular 

distributions, which demand a different computational treatment.  

We carry out 5,000 rounds of independent simulations to generate a distribution 

of network output (E2F protein) at a fixed time point. Experimentally, such a 

distribution can be obtained via flow cytometry. We perform bootstrapping to 

characterize intra-state variability due to finite sample size and “experimental” noise. 

Parameter perturbation is carried out over three orders of magnitude on a log scale 

centered around the base value [45], while the other parameters are held constant. This 

perturbation range is divided into 1000 equal units on the log scale with unit width , 

the smallest perturbation step in our study. 
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2.3.2 Sensitivity analysis using distributional data 

Figure 5a shows representative distribution responses to parameter 

perturbations. The stochastic sensitivity at a parameter value is defined as the 

divergence between distributions corresponding to that parameter value and one 

perturbation step apart (in either direction defined by the user). The goal is to quantify 

the change in distribution shape with respect to a unit perturbation. Using sets of 

distributional data similar to those shown in Figure 2A but with a much smaller 

perturbation step ( ), we obtain stochastic sensitivity curves over the entire 

perturbation range for various parameters (Figure 5b, c). It is critical that the inter-state 

divergence is greater than intra-state variability. The sensitivity level (black curve) varies 

with parameter value.  

 

Figure 5: E2F distribution changes with differential sensitivity for perturbations to 

different parameters. a) E2F distributions corresponding to 10 different perturbation 
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levels for either E2F mRNA synthesis rate (kE2Fm) or Rb synthesis rate (kE2Fm). At each 

perturbation level, GMM are fitted over bootstrapped distributions and 10 are 

plotted. The variation in the distributions within each condition (same network state) 

exists. However, the variation between perturbation levels is much larger for certain 

perturbation increments. The higher the divergence, the more drastic the network 

distributional output changes in response to an incremental change in the 

perturbation level. b) The black dots are average divergence between all pairs of 

bootstrapped distributions generated by adjacent parameter values (inter-state 

divergence); the green line represents the average divergence between all pairs of 

distributions generated by the same network state (i.e. intra-state variability). The 

error bar shows the standard error. The solid lines are smoothing curves fitted over 

the corresponding dots. c) The inter- and intra-state divergence for E2F distributions 

resulting from different kRb values. d) Comparison of divergence-based stochastic 

sensitivity and lower-order statistic sensitivities (mean, red; variance, green) to kE2Fm 

perturbation. There are significant discrepancies in the functional form of the 

sensitivity curves. e) Comparison of divergence-based stochastic sensitivity and 

lower-order statistic sensitivities (mean, red; variance, green) to kRb perturbation. 

  

To fairly compare the stochastic sensitivity in perturbing different parameters, 

we choose two ends of the perturbation spectrum for both  and  independently 

such that the distributional response (i.e. distribution shape) of the network at the 

endpoints match up as closely as possible (Figure 6). One end point for both 

perturbation spectra is by default the basal state of the network. The other end point of 

the two spectra is determined by finding the minimum pairwise divergence between all 

network distributional outputs resulting from the perturbation of the two parameters. 

The perturbation range of  required for the network distribution to morph from  

to  is much smaller than that of  (Figure 6c). For Rb synthesis rate, the 
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sensitive region is restricted to a narrower domain compared to E2F mRNA synthesis 

rate. There are also differences in the gross sensitivity of the network distributional 

output to the perturbation of different parameters (Figure 7). For example, it is lower for 

kCD perturbation (Figure 7k) compared to kEFm or kEFp perturbation (Figure 7 c, o). 

 

Figure 6: Evolution of the network distributional output as a function of kE2Fm and kRb. 

a) Representative distributional output at various kEFm values. b) Representative 

distributional output at various kRb values. c) Cumulative divergence (D) from same 

network state (leftmost distribution, baseline parameterization) to the two end states 

(since two different parameters are perturbed) with closely matching distributional 

output (rightmost distribution). Note that although the distributions at the end of the 

perturbation spectra match up close, the distribution-morphing trajectories taken by 

the two parameter perturbation are different, resulting in drastically different 

sensitivities, as shown in Figure 5. 

 

The sensitivity of either the mean or the variance to parameter perturbation is 

lower compared to that of the whole distribution (Figure 5 d, e). This suggests that 
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relying solely on lower-order statistics fails to capture all the changes in distribution and 

incur a loss of information. This is expected given the large deviation of the distributions 

from simple statistical models such as Gaussian or Poisson (Figure 5a). Note that the 

degree of discrepancy varies between parameters - larger for  compared to . 

This suggests that for certain stimulus, it is critical to examine the totality of 

distributions.  

While our computational framework is defined using simulated data, it is 

applicable to any distributional data. To illustrate the versatility of our method, we 

analyze a previously collected dataset on the distribution of E2F activation by serum 

stimulation [1]. At different serum concentrations, the evolution of the E2F activity 

distribution as a function of time (here, time is the “stimulus”) is qualitatively different. 

Specifically, bimodal distribution emerges at low serum concentration (0.3%), while 

mono-modal distribution persists at high serum concentration (5%) with the mean 

increasing in a graded manner (Figure 8a). Applying our sensitivity analysis allows the 

identification of sensitive time intervals during which more drastic distribution changes 

occur (Figure 8b, c). This information will facilitate the design of further experiments 

that would reveal more information regarding the functionality of the network or 

constrain mathematical models by zooming into the more sensitive regions. The 

increased sensitivity of KL-divergence to parametric perturbations (compared to the 



 

31 

mean and variance) allows more quantitative constraints when comparing results from 

modeling to single-cell experiments. 
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Figure 7: Distributional fingerprinting outperforms mean fingerprinting in parameter 

inference for multiple parameters across the entire perturbation domain. a) Inference 

of kEFm via distributional fingerprinting. b) Inference of kEFm via mean fingerprinting. 

c) Divergence-based stochastic sensitivity of distributional output with respect to kEFm 

perturbation. d) Euclidean distance–based mean sensitivity with respect to kEFm 

perturbation. e) Inference of kRb via distributional fingerprinting. f) Inference of kRb 

via mean fingerprinting. g) Divergence-based stochastic sensitivity of distributional 
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output with respect to kRb perturbation. h) Euclidean distance–based mean sensitivity 

with respect to kRb perturbation. i) Inference of kCD via distributional fingerprinting. 

j) Inference of kCD via mean fingerprinting. k) Divergence-based stochastic sensitivity 

of distributional output with respect to kCD perturbation. l) Euclidean distance–based 

mean sensitivity with respect to kCD perturbation. m) Inference of kEFp via 

distributional fingerprinting. n) Inference of kEFp via mean fingerprinting. o) 

Divergence-based stochastic sensitivity of distributional output with respect to kEFp 

perturbation. p) Euclidean distance–based mean sensitivity with respect to kEFp 

perturbation. 

 

Figure 8: Stochastic sensitivity analysis of experimentally measured E2F activity 

distribution over time. a) E2F activity distributions following serum stimulation at 

0.2% (left) and 5% (right) were measured at consecutive time points[99]. b) The black 

dots are average divergence between all pairs of bootstrapped distributions measured 

at adjacent time points (inter-state divergence) for low serum concentration; the green 

line represents the average divergence between all pairs of distributions measured at 

the same time point (i.e. intra-state variability). The error bar shows the standard 

error. The solid lines are smoothing curves fitted over the corresponding dots. c) Same 

as in B for high serum concentration.  
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2.3.3 Inference of network state using distributional data 

Here, we demonstrate how distributions can be used as “landmarks” to 

fingerprint populations with unique network state or subjected to different external 

stimuli. Similar to the development of stochastic sensitivity analysis framework, we use 

parameter perturbation to represent both scenarios.  

The foundation of our distributional fingerprinting method is an empirically 

established knowledge base, in which each distribution, denoted as a “fingerprint”, 

corresponds to a known parameter value (Figure 9a). We ask if the parameter 

corresponding to a query distribution can be inferred based on this knowledge base and 

using probability divergence as a distance measure. To this end, we combine divergence 

with a kernel method in a statistical framework and apply kernel regression. The kernel 

method allows interpolation between learnt network states [117]. This becomes useful 

under real biological settings, given the large network state space and the often-limited 

capability to acquire a large enough dataset required for other algorithms such as the 

nearest neighbor matching.  

We define the kernel function to be . This kernel function is 

symmetric with respect to the two input probability functions. It converts the similarity 

(measured by D) between two distributions to a real number between zero and one.  

Specifically, it equals to one if  and diminishes to zero as the dissimilarity between 
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the two probability densities increases. Furthermore, the conversion is nonlinear so as to 

better represent the correlation between similarity in distributional output and 

proximity in network state.  

 

Figure 9: Distributional fingerprinting via divergence-based kernel regression is 

advantageous over mean fingerprinting via lower-order statistic-based regression 

using the same kernel. a) Illustration of distributional fingerprinting. The more the 

query distribution resembles the fingerprint distribution, the closer the network state 

corresponding to the query lies to the state of that particular fingerprint. The 

inclusion of multiple fingerprints increases the accuracy of the kernel inference via 

training, which essentially instructs the optimal weighing of fingerprints. b) 

Prediction of network state (kE2Fm) using distributional fingerprints and divergence-

based kernel regression. The predicted network states (black dots) lie closely on top 

of the true network state (red line). The distribution-based stochastic sensitivity 

(inter-state divergence, black) to kE2Fm perturbation is much higher than the intra-state 

variability (green). The axes represent state indices, with corresponding adjacent 

states Δs apart. Only a fraction of all states are plotted here to better show the 

difference between distributional fingerprinting and mean fingerprinting. c) 

Inference of kE2Fm using only the mean and Euclidean distance-based kernel 

regression. The predicted network states (black dots) are scattered further away from 

the true network state (red line), corresponding to lower inference accuracy. The mean 
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sensitivity (inter-state difference, black) is much closer to the intra-state variability 

(green). d) Inference of kRb using distributional fingerprints and divergence-based 

kernel regression. The predicted network states (black dots) lie closely on top of the 

true network state (red line). e) Inference of kRb using only the mean and Euclidean 

distance-based kernel regression. Bigger separation between the mean sensitivity and the 

intra-state variability results in more accurate inference compared to kE2Fm perturbation in c. 

 

With this kernel function, we apply weighted kernel regression to predict the 

parameter ( ) corresponding to a query distribution using the equation 

, where . Each reference fingerprint ( ) corresponds to a known 

parameter ( ).  is an offset parameter. To demonstrate the ability of this kernel to 

interpolate between reference fingerprints, we endow 125 reference fingerprints that are 

 apart (  as defined previously) to the kernel, which is then trained and used to 

infer all 1000 network states (  apart). There are 7 network states that are not explicitly 

included in the kernel between two reference fingerprints. Using the training set, we 

optimize the values for and  associated with each reference fingerprint. These 

parameters determine the weighing of the fingerprints in the neighborhood of the 

signal. Specifically, for and  associated with the  distributional fingerprints, we 

minimize an error function: , 
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, where , the perturbation step size, 

and i is the index of the ordered perturbation input. We choose m to be 4. In other 

words, this algorithm optimizes the kernel parameters for the  distributional 

fingerprint by minimizing the prediction error of the signal in the vicinity of the  

fingerprint, specifically within 2  on either side of . The optimized number of 

fingerprints ranges from around 5 to 15. There is an inverse correlation between the 

stochastic sensitivity and the optimal number of kernel fingerprints for a given network 

state. 

To carry out the inference, an anchor reference fingerprint is first determined by 

finding among all (125) reference fingerprints the one with the smallest divergence from 

the query. The optimal parameters associated with this anchor fingerprint are then 

applied to the kernel function. The intuition behind distributional fingerprinting is that 

the more similar the query distribution is to a reference fingerprint, the closer the query 

network state is to that underlying the reference fingerprint (Figure 9a). Subsequently, 

including multiple reference fingerprints in the vicinity of the query distribution 

increases the resolution, analogous to triangulation of the physical location of a signal. 

On the other hand, including fingerprints corresponding to network states too disparate 

from the query offers little information yet incurs computational cost. As shown in 
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Figure 9 b, d and Figure 7 a, e, the predicted parameter values, plotted as the black dots, 

lie closely on top of the red line, which indicates the true network states. The average 

deviation from true parameter values is 1.3  for  and 12.8  for . Moreover, 

the prediction accuracy in the mid-range (Figure 9d, inset) of the perturbation spectrum 

is much higher than the two ends (Figure 7e) for kRb. This poorer performance is due to 

low stochastic sensitivity and a lack of balanced reference fingerprints on both sides of 

the query at either end of the spectrum. 

To examine whether using distributions is superior to using lower-order 

moments in predicting network state, we apply the same weighted kernel regression 

using the Euclidean distance between the mean of distributions in constructing the 

kernel function. The kernel regression parameters are similarly optimized. The accuracy 

of mean fingerprinting is significantly lower than distributional fingerprinting, with an 

average deviation from true parameter values of 4.3  for  and 18.1  for  

(Figure 9 c, e and Figure 7 b, f).  

A key requirement for accurate fingerprinting of network state is for the inter-

state divergence (or Euclidean distance) to be significantly higher than intra-state 

divergence. This relative sensitivity is represented by the ratio between the sensitivity 

curve and the intra-state variability curve. As shown in Figure 9 b-e inset and Figure 7 c, 

d, g, h, the relative sensitivity is much higher for the distribution than the mean, 
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explaining the better performance of the kernel via distributional fingerprinting. Even 

within each mode of fingerprinting, the accuracy correlates with the relative sensitivity, 

as in the case of kRb. This pattern also manifests on a more global level between different 

parameters. For example, the relative sensitivity for kCD perturbation is low throughout 

the entire range of perturbation; consequently, the accuracy of inference is significantly 

lower than that of other parameters, yet still outperforming mean fingerprinting (Figure 

7 i-l). 

2.3.4 Connection to Bayesian methodology 

Given the popularity of conventional Bayesian methodologies and to better 

facilitate the understanding of our proposed methodology, we briefly establish a 

connection between the two. To facilitate the argument, we’ll use discrete distributions. 

Let be the type of histogram representing each observed distributional response. Q is 

expressed in terms of histograms ,  where  is the number of observations 

in the  bin. Note that the binning would be the same between all distributional 

fingerprints. Let  be the distribution at each stimulus level , where n is the index of 

the stimuli. Then the probability of observing  conditional on the stimulus level  can 

be expressed by a multinomial distribution: 

, 
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where  is the true distributional fingerprint corresponding to the nth stimulus . 

Let α be the total count of the observed histogram  and   be the normalized 

observed distribution. By the definition of KL-divergence and Shannon entropy, we 

have: 

, 

where . 

Then we can apply the Bayes rule, assuming uniform prior on , to obtain the 

probability of the stimulus  conditional on the observation : 

. 

With normalization by a partition function and using the equations above, we 

can derive the expected stimulus: 

. 

Compared to our proposed kernel model , the term derived 

using the Bayesian methodology is asymmetric. Such asymmetry incurs difficulty in 

applying various kernel methods such as SVM. However, we also want to note the 
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similarity between the two models and emphasize the similarity in the functional form 

between the two. Our proposed kernel model does provide the flexibility to 

accommodate a wide range of machine learning algorithms as well as the efficiency in 

computation. 

2.3.5 Discussion 

We present a streamlined framework to characterize distributional responses of a 

cell population. The distributional sensitivity analysis examines how the entire 

distribution changes in response to perturbation. The divergence-based kernel inference 

allows one to use a finite set of distributional fingerprints to infer the system state or 

external stimulus level, even when they have not been explicitly learnt during the 

training phase. Here, the distribution can be that of any quantifiable single-cell readout, 

such as surface markers and intracellular concentrations of signaling proteins.  

Our method does not impose any simple statistical model structure (such as 

Gaussian or Poisson) onto the observed distribution. The rationale is that a significant 

amount of information is actually embedded in the higher order moments of the 

distribution (i.e. the fine features of its shape), which cannot be adequately represented 

by conventional distribution models. Thus, we chose Gaussian Mixture Model to 

capture as many features of the distribution as possible. However, such statistical 

rendering and over-fitting makes the application of conventional Bayesian methods 

difficult and computationally expensive. For example, it is difficult to extract a 
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distribution of statistical model parameters (e.g. mean and variance) to characterize the 

intra-condition variability of total distribution (i.e. a distribution of distributions), as can 

be easily done for simple statistical models such as Gaussian and Poisson. Our kernel 

method offers one practical solution that simultaneously preserves the totality of the 

distribution and analyzes the data with a systematic and coherent machine-learning 

framework. The various practices in establishing and characterizing our method, such as 

bootstrapping and measuring prediction error, are standard in the field of machine 

learning. To our knowledge, kernel regression using distribution divergence has not 

been demonstrated in studying non-neuronal biological systems.  

For some biological systems, the behavior of an entire cell population is the sum 

of subpopulations with clearly defined functions, such as the immune system consisting 

of multiple cell types (e.g., different T-cells and B-cells), each with its own 

responsibilities. A common practice in analyzing population heterogeneity data, such as 

those obtained via flow cytometry, is to decompose the entire population into 

subpopulations. However, such decomposition may not always be possible, as in the 

case of motion perception. Neither is it always desirable, as doing so may hinder the 

discovery of novel “subpopulations” or incur a loss of information embedded in higher 

order structures of the distribution [84]. Under such circumstances, one should consider 

the possibility that the totality of the distribution is of informational value and biological 

significance.  
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In fact, population distribution has been implicated in multiple biological 

systems. One example is the distribution of cardiac clonal populations in the 

development of the heart and its correlation with the overall size and the shape of the 

heart [118]. Large variation in the size of each clone was observed, yet quantification of 

the exact distribution of the sizes or how such distribution would change in response to 

genetic or environmental perturbation has not been carried out. Another example is the 

development of immune repertoire. It is well appreciated that naïve T cells can give rise 

to diverse effector cell types with different phenotypes and functionalities, implicating 

the functional role of regulated population heterogeneity. Yet the focus so far has been 

placed on assigning cells into one of several defined categories based on a set of surface 

markers. Recent studies have demonstrated that the constituent cells within such a 

heterogeneous population differ from each other on a rather continuous spectrum [16, 

68]. These observations blur the exact boundaries between discrete cell “types”. In the 

context of cancer, it has been shown that one differentiating feature between tumor 

samples is the distribution of cellular subtypes. Furthermore, this distribution is robustly 

associated with each sample [97, 107]. Our methodology equips experimentalists with an 

intuitive platform to address questions on how populations of somatic cells can 

potentially act as a unit to process environmental cues and how the whole organism can 

benefit from population-level information processing.  
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We demonstrated the inference of a continually varying signal (a single network 

parameter) using divergence-based kernel regression. However, the same framework 

can be applied in categorical learning and inference. Different categories may represent 

experimental conditions that cannot be connected in any network state parameter space. 

Yet, they can be ordered based on their pairwise divergence and indexed. The index will 

be treated as the ‘parameter’ to be inferred and the corresponding category can then be 

retrieved. 

Finally, our sensitivity analysis method can help better integrate modeling and 

experimentation. The stochastic sensitivity analysis can be applied as an initial 

constraint on parameters of the mechanistic model to check its overall validity. The 

rationale here is that a sound mechanistic model should adequately capture how the 

distribution of a network output responds to experimental perturbation. In this context, 

it is possible to restrict the perturbation to a single parameter and examine the 

distributional response, both computationally and experimentally. The model prediction 

on stochastic sensitivity can also direct experimental perturbation to a targeted 

parameter domain in order to achieve either improved resolution in parameter 

estimation or enhanced system sensitivity to subsequent perturbations. Examining the 

stochastic sensitivity curve corresponding to different cellular states will also enable 

optimal sampling of fingerprints and enhance the accuracy and efficiency of the kernel 

predictor. 
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3. Distributional fingerprinting of cancer cell lines 

Cell-cell variability can pose a challenge for reliable performance of biological 

processes. It also represents a symmetry-breaking mechanism to drive cell-fate decisions 

or differentiation. An underappreciated property of cell-cell variability, however, is that 

it contains dynamic information on a cell population. While gene expression from a 

signaling network in a single cell is stochastic and unpredictable, the distribution of the 

gene expression in a sufficiently large cell population is uniquely determined by the 

signaling network and is deterministic. This distribution represents a quantitative 

fingerprint for the cell population under a specific environmental condition. Here, we 

demonstrated this idea by using an engineered viral probe to generate and measure 

distribution fingerprints of cell populations. The probe encodes an input protein (Myc) 

tagged with a fluorescent protein (mCherry). The virus-encoded Myc stimulates the Rb-

E2F network, whose response is gauged by E2F transcriptional activity and reported by 

another fluorescent protein (Venus). By profiling diverse normal and cancer cell lines, 

we showed that distribution fingerprint for a cell population was highly reproducible 

and unique to the population under a specific growth condition. We propose that such a 

platform can be used to classify or authenticate cell lines or to screen drug effects. 

3.1 Introduction 

Cellular processes are highly variable from cell to cell even in a clonal 

population[1]. At the fundamental level, such heterogeneity arises from the probabilistic 
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nature of biochemical reactions in cellular networks, especially when interacting 

molecules are present in small numbers. Extensive studies have been carried out 

primarily in two lines of inquiry. One focuses on the origin, propagation, and regulation 

of heterogeneity in well-defined, relatively simple cellular networks[35-37, 40, 47]. The 

other focuses on the phenotypic consequences of heterogeneity, including cell-fate 

decisions and adaptation to changing environments[7, 23, 25, 27-29].  

Another important, but much less appreciated potential of population 

heterogeneity is that it can be used as a quantitative phenotype to profile different 

biological states, including cell types and effects of drugs. Though the presence of 

heterogeneity may fundamentally limit the information processing capacity at the single 

cell level[36], it has been demonstrated that some tissue- and organism-level responses 

rely on the constructive use of heterogeneity[68, 78, 101-103]. One example is the 

generation of robust acute and recall immunity in response to infection via the 

diversification of individual naïve antigen-specific T cells; another example is the 

decoding of motion components via the firing rate distribution over the population of 

neurons with heterogeneous firing patterns in the middle temporal visual area [104]. 

The key rationale behind heterogeneity-driven information processing is statistical 

regularity. The shape of the distribution is governed by network properties, including 

structure and parameterization, and can be captured by observing a sufficiently large 

population[101, 105-108]. This population-level determinism suggests the possibility of 
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using distributional data as a quantitative phenotype of a signaling network and its 

corresponding cellular output[119].  

 

Figure 10: Using an engineered viral probe for distributional fingerprinting. a) An 

integrated adenovirus delivers both the functional MYC fusion input gene and the 

output E2F reporter construct into each infected cell. The input and the output levels 

are highly heterogeneous within a population of cells due to both noisy viral 

infection process and stochastic network dynamics. By measuring both the input and 

the output at the single-cell level over the entire population using flow cytometry, a 

distribution fingerprint is obtained that represents the specific biological context. 

Such functional input-output probing of a biological network maps out the 

performance of the network not just under endogenous conditions, but over a wide 

range of perturbed states, essentially embedding a dose response of the output (E2F) 

to input (Myc) in a distribution snapshot. Such stretching of the signaling state of a 



 

48 

cellular context has been shown to increase the informational content of the 

measurement and enhance the differentiation between different cellular contexts. b) 

An illustration of how distribution fingerprints can be used to distinguish different 

biological contexts.  Given the universal design of the virus, no modifications either 

to the virus or to the cell sample are needed to obtain the distribution fingerprint. 

Different biological contexts can be either different cell types of the same cell type 

treated with different drugs. Given the complexity and high degree of nonlinearity of 

probed network, the shape of the distribution fingerprint would be unique to each 

biological context. 

 

To demonstrate this concept, we engineered an integrated viral probe (Figure 10 

a) to generate distributional outputs by perturbing and interrogating  the Myc/Rb/E2F 

pathway[98]. The probe encodes Myc protein fused with an mCherry protein, which is 

driven by a strong promoter (CMV promoter). When delivered to a cell, the Myc-

mCherry protein expressed from the viral probe can stimulate the Myc/Rb/E2F pathway 

to generate a response in the transcriptional activity of E2F. The E2F output is reported 

by Venus controlled by an E2F1 promoter, also encoded in the probe. By measuring the 

input (Myc) and the output (E2F) within every single cell simultaneously over the entire 

population, we can obtain a distribution of input-output relationships (distribution 

fingerprint). Generation of this distribution fingerprint takes advantage of the highly 

variable nature of the viral infection process, which can be due to a combination of 

factors, including the type and the density of adenovirus receptors[120-122]. Cells within 

a population will receive differential levels of input. This endows the single distribution 

fingerprint with a built-in dose response. Furthermore, cells expressing the same level of 
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Myc-mCherry can exhibit different levels of E2F response, due to the stochastic nature of 

gene expression and variability in cellular environments.  

The distribution fingerprint is dictated by the underlying network connecting the 

two nodes, as well as the growth environment. The Myc/Rb/E2F network varies in its 

architecture or its parameters between cell types, which may carry mutations in the 

Myc/Rb/E2F network or its peripheral networks. The growth environment can reflect 

use of varying concentrations of growth factors or drug perturbations.  Altogether, we 

hypothesized that the distributional fingerprint would be uniquely associated with a 

specific cell line under a specific growth condition (Figure 10b).  

3.2 Methods 

3.2.1 Construction of viral probe 

For adenoviruses expressing MYC, the full-length cDNA for the murine 

myelocytomatosis proto-oncogene (c-Myc; accession number NM_010849) contained in 

the plasmid pRc/CMV-cmyc was amplified by PCR with primers cMYC KOZAK 

FORWARD (5′-ACCATGGCCCTCAACGTGAACTTCACC-3′) and cMYC REVERSE (5′-

ACCGGTTGCACCAGAGTTTCGAAG-3′)[123]. PCR products were cloned into the 

pCR2.1-TOPO vector using the TOPO TA Cloning Kit (catalog number 451641; 

Invitrogen) to form Kozak-cmyc2-PCR2.1 and subsequently sequenced. The complete 

mCherry coding sequence was isolated as a NotI fragment by first amplifying the coding 

sequence from pCMV-mCherry with primers  MCPolyNotF (5'- CGG TAC CGC GGC 
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CGC GGG ATC CAC C -3') and MCPolyNotR (5'- GGT GGA TCC CGC GGC CGC GGT 

ACC G -3') and cloned into the NotI restriction site downstream of myc inside Kozak-

cmyc2-PCR2.1. This was subsequently subcloned into the Gateway pENTR1A vector 

(catalog number 11813-011; Invitrogen) to produce pENTR1A-myc-mCherry-pA. E2f1 

promoter was amplified from a pQCXIP vector containing a 736 bp fragment using 

primers pE2F1F (5'- CTC GAG ACG CCA CTT CAT CGT ATT GTA AAC GTC TG -3') 

and pE2F1R (5'- ACC GGT GCC TGC AAA GTC CCG GCC ACT TTT ACG CG -3') and 

sub-cloned into pCR2.1-TOPO using the TOPO TA Cloning Kit to generate Topo-pE2f1. 

The vector pVenus-N1 (plasmid #61854; Addgene) contains an EYFP variant[124]. A 790 

bp fragment of the coding sequence was cloned downstream of E2f1 inside Topo-pE2f1 

to generate pCR2.1-pE2f1-Venus-pA. Finally, a fragment containing the pE2f1-Venus-pA 

sequence inside pCR2.1-pE2f1-Venus-pA was excised and placed downstream of 

mCherry inside pENTR1A-myc-mCherry-pA the final entry vector pENTR1A-mCherry-

pA-pE2f1-Venus-pA. Adenoviral plasmids were generated using the destination vector 

pAd/CMV/V5-DEST (catalog number V493-20; Invitrogen). Recombination of the 

pENTR1A-mCherry-pA-pE2f1-Venus-pA with pAd/CMV/V5-DEST was accomplished 

using the ViraPower Adenoviral Gateway Expression Kit (catalog number K4930-00) 

according to the manufacturer's instructions. Growth and maintenance of replication-

incompetent adenoviral vectors have been described previously[125]. 
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3.2.2 Cell culture and viral infection 

For typical flow cytometry experiments, the cancer cell lines were plated in 12-

well dishes at a density of 0.8× 104 per well and cultured in DMEM with 8% FBS for 12 

hours before viral infection. For adenoviral infection, adenoviruses were diluted into 

500 µl DMEM without serum, added drop-wise onto cells, and incubated for 90 min at 

37°C with periodic rocking. Postinfection, cells were then supplemented with 1 ml of the 

appropriate culture media. REF52 cells were passaged in α-MEM (catalog number 1257-

063; GIBCO) supplemented with bovine growth serum (i.e., “BGS”; catalog number 

SH30541.03; Hyclone). 

3.2.3 Flow cytometry and data analysis 

For flow cytometry without sorting, cells were harvested by trpsinization and 

resuspended in phosphate buffered saline (PBS) supplemented with 3.7% formaldehyde, 

and subsequently analyzed with a MACSQuant Analyzer 10. Flowjo was used to 

analyze the raw flow cytometry data. 

3.2.4 Computational analysis 

We first normalize the raw data collected from the flow cytometer with respect to 

MYC expression levels. We divide the range of MYC expression into 10 intervals and a 

fixed number of samples are drawn from each interval. Such normalization reduces the 

experimental noise in the viral infection process—that is, the variability in the 

distribution of myc expression levels. For Kullback-Leibler (KL) divergence based 
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analysis of fingerprints, we used a symmetric KL divergence described in our previous 

study. To enhance computational efficiency and to smooth the raw distribution, 7 

Gaussian Mixture Models (GMM) were first fitted to each distribution. To derive the KL 

distance between two fingerprints, we computed the symmetric KL divergence between 

all pairs of GMM corresponding to each fingerprint (225) and calculated the average 

(Figure 11b)[119]. This is designed to mitigate the technical noise incurred in the fitting 

of the GMM.  
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Figure 11: Reconstructed fingerprints from Gaussian Mixture Models (GMM) and the 

computation of distance between two fingerprints using the fitted GMMs. a) GMM 

was fitted for each fingerprint in Figure 2a and used to reconstruct the fingerprint. For 

each model, 7 components were used. This is to ensure that the shape of each 

distribution is fully captured. We did not use the parameters of the GMM directly in 

any downstream analysis, but rather used them to more efficiently generate and 

compare distributions in a non-parametric manner. b) For each raw distribution, 15 

GMMs were fitted independently. The expectation maximization (EM) algorithm 
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employed my Matlab to fit GMM is a stochastic algorithm that will return slightly 

different results every time it is run on the same raw distribution data. As a result, 

technical noise is incurred in the fitting process and the distance between the GMMs 

corresponding to two fingerprints can be either smaller or greater than the true 

distance. To minimize such distortion of the distance, we computed the distance 

between every pair (225 total) of GMMs corresponding to each fingerprint and used 

their average.  

 

For 1D feature extraction, we used the GMM fitted to each fingerprint to 

generate the probability at each node of a grid with uniform boundary positions across 

all fingerprints and prescribed grid size. Bigger grid size (fewer nodes on the grid) 

corresponds to coarser rendering of the original fingerprint, resulting in a loss of finer 

details of its shape features. After evaluating the GMM function at each node, we turned 

the matrix into a 1-D feature vector.   

The linkage function in Matlab was used to perform the clustering analysis. The 

linkage function in Matlab was used to compute the hierarchical clustering dendrogram. 

Ward’s minimum variance criterion minimizes the total within-cluster variance. The 

clusters with minimum between-cluster distance are merged. Specifically, to calculate 

the distance between two clusters r and s with centroid x and y respectively, ward’s 

linkage uses the incremental sum of squares—the increase in the total within-cluster 

sum of squares as a result of joining two clusters. The within-cluster sum of squares is 

defined as the sum of the squares of the distances between all objects in the cluster and 

the centroid of the cluster: , where  and  are the 
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number of elements in the cluster r and s, respectively. At the initial step, all clusters are 

singletons.  

Matlab was used to perform all computations. For clustering based on KL 

divergence, we wrote a customized code to calculate the distance matrix, which is then 

fed into the linkage function in Matlab. We refer the readers to our codes for details. 

3.3 Results 

3.3.1 Classification of cancer cell lines using distribution fingerprints 

To use distribution fingerprints to distinguish cell lines or the same cell line 

under different conditions, the distribution fingerprints associated with different cellular 

states must be sufficiently different to overcome variability in experimental 

manipulation. To test this notion, we used the viral probe to generate distribution 

fingerprints of 42 well-established cancer cell lines selected from NCI-60 and ATCC 

breast cancer cell line panel. Here, different cell lines represent different biological 

contexts. The distribution fingerprints were highly reproducible for biological replicates 

of the same cell line and significantly different between cell lines (Figure 12a). These 

replicates were examined on different days with different batches of media and 

reagents. Furthermore, they were cultured from different frozen vials of the cell stock, 

some of which were from different labs.  
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Figure 12: Fingerprinting selective cancer cell lines. a) The fingerprints of 42 cancer 

cell lines, each with three biological replicates (rows within each panel). The range 

and scale of both the x- and the y-axis are fixed across all fingerprints. The 

distribution fingerprints are highly reproducible for the same cell line and 

distinguishable between different cell lines. These fingerprints are shown as raw 

measurements without any computational preprocessing to emphasize the robustness 

of the experimental platform. b) Clustering of all fingerprints from (A) based on 

symmetric KL distance. The pairwise KL distance between all 126 samples was 

calculated, which constituted a distance matrix. This matrix was then used to create 

the hierarchical dendrogram shown here. 

 

We used clustering to demonstrate the reproducibility and the distinguishability 

of the distribution fingerprints associated with a unique cell line. To this end, we 

constructed a distance matrix consisting of pairwise distance between all fingerprints 

calculated with a defined metric. First, we employed the symmetrized Kullback-Leibler 

(KL) divergence (Online Methods)[119]. We performed unsupervised clustering using a 

built-in Matlab algorithm. As shown in Figure 12b, all the same cell lines were correctly 

clustered together except for two. Underscoring the reproducibility and robustness of 

the experimental data, an alternative feature extraction method led to a classification 

with the same level of accuracy (Figure 13). Specifically, we imposed a 30 by 30 grid 

onto each distribution and used the probability value at each grid point as the feature to 

constitute a vector. Euclidean distances between pairs of feature vectors were used to 

construct the distance matrix.  

For both data processing algorithms mentioned above, we employed Gaussian 

Mixture Models to capture the geometrical features of each fingerprint. This approach 
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enables the rendering of a distribution into a feature vector composed of the fraction of 

each Gaussian component as well as the mean and variance corresponding to each 

component. The GMM can be used to reconstruct each distribution fingerprint (Figure 

11a). By using a sufficiently large number of components (7) in the fitting procedure, we 

can minimize information loss while facilitating downstream data processing and 

storage by directly resorting to the GMM feature vector[119]. Such fitting serves the 

important function of smoothing the raw data, for it is the coarse-grained geometry of 

the distribution that we believe carries critical information on cellular states.  
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Figure 13: Clustering of cancer cell lines using pixelated feature vectors. A 30 by 30 

grid was imposed onto each normalized and GMM fitted distribution and the 

probability value at each grid point was used as the feature to constitute a 900-

element vector. Euclidean distance and the ward method were used to calculate the 

distance between each pair of distributions. The linkage function in Matlab was used 

to compute the hierarchical clustering dendrogram. Ward’s minimum variance 

criterion minimizes the total within-cluster variance. The clusters with minimum 

between-cluster distance are merged. Specifically, to calculate the distance between 

two clusters r and s with centroid x and y respectively, ward’s linkage uses the 

incremental sum of squares—the increase in the total within-cluster sum of squares as 

a result of joining two clusters. The within-cluster sum of squares is defined as the 

sum of the squares of the distances between all objects in the cluster and the centroid 
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of the cluster: , where  and  are the number of 

elements in the cluster r and s respectively. At the initial step, all clusters are 

singletons. Although the input feature and the distance used here are different from 

the one used in Figure 12b, the accuracy of the clustering is comparable. The exact 

cluster structure, however, is different from that in Figure 12b. Such difference 

indicates the possibility of a preference for a particular feature selection and 

clustering algorithm in supervised learning scenarios. 

 

3.3.2 Fingerprint response to drug perturbation 

We next tested the effect of several commonly used chemotherapeutic drugs on 

the distribution fingerprint for a subset of the breast cancer cell lines. We fixed the dose 

of the drug at roughly the medium GI50 concentration based on existing database and 

literature. The changes induced by different drugs are distinct for a given cell line 

(Figure 14a). Furthermore, for a given drug, different cell lines respond in unique 

manners. This unique drug-cell line perturbation effects serve as the foundation for two 

potential applications. First, by applying multiple drug perturbations, a particular cell 

line can be identified with higher sensitivity and specificity. Two cell lines may have 

similar fingerprints in the basal states or even respond similarly to some drugs, but it is 

unlikely for them to respond similarly to a large panel of drugs with diverse 

mechanisms of action. Indeed, we observed a significant increase in the pairwise KL 

distance between fingerprints of different cell lines when all drug perturbations were 

taken into account (Figure 14b). Second, the differential responses of a panel of cell lines 

can be treated as a profile for each drug.  
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Figure 14: Drug perturbation of fingerprints. a) Fingerprints of a selected set of breast 

cancer cell lines perturbed by a panel of drugs: doxorubicin (1 µM); epirubicin (1 

µM); topotecan (1 µM); docetaxel (0.1 µM); paclitaxel (0.1 µM); cisplatin (100 µM); 

LY294002 (100 µM); trichostatin A (25 µM); rapamycin (1 µM). Each drug has a unique 

effect on changing the shape of the distribution fingerprint across the cell line panel. 

The collection of perturbed fingerprints across a set of cell lines (the columns) 

constitutes a biological activity profile of a drug. The collection of perturbed 

fingerprints induced by a set of drugs on a particular cell line (the rows) constitutes a 
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profile of that cell line. b) Pairwise distance (KL divergence) between cell lines in (A) 

under both basal and perturbed states. The ordering of the cell lines (left to right; up 

to down) is the same as in (A). When compared under a singer growth condition 

(basal or single drug perturbation), confusion between cell lines may occasionally 

arise, as indicated by the closer-to-blue colors off-diagonal. However, when cell lines 

are compared across the whole panel of 10 growth conditions, by summing the 

individual distance matrices, the distinguishability between any pair of cell lines is 

significantly enhanced, as represented by the all red colors off-diagonal. We kept the 

color scale the same to emphasize the increased distance between cell lines when 

multiple growth conditions were combined. 

 

Dose responses are commonly examined to explore effects of perturbations, such 

as a drug, on a biologically relevant measurement. Traditional dose responses, however, 

are measured as population averages. Since the effect of a drug on a population of cells 

is always heterogeneous, averaging necessarily renders the quantification less sensitive. 

Furthermore, when the heterogeneity structure within the population is of clinical 

relevance, averaging could mask the changes in the distribution. In such a scenario, the 

dosage that induces the most significant change in the distributional structure of the 

population may not coincide with the dosage that causes the most dramatic shift in the 

mean of the distribution. A direct consequence of such difference between distribution 

dose response and average dose response may be that the threshold dosage determined 

by the distributional dose response curve is more predictive of the biological and the 

clinical effect of the drug in an in vivo model or in patients. In Figure 15a, we show the 

perturbation of the fingerprint corresponding to breast cancer cell lines MDA-MB-231 

and T47 by the drug Topotecan at increasing dosages. The leftmost fingerprints were 
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generated under the basal condition. We next compared different metrics of quantifying 

the perturbation effects of the drug. The fingerprint at a particular dosage was always 

compared to the basal fingerprint. The mean fluorescence of the distributions could not 

distinguish the effects of low and high doses of T47D (Figure 15b, green). In fact, the 

means at dosage 6 and 7 were closer to the mean at the basal level than at any other 

dosage.  

In addition, the shapes of the dose response curve based on KL divergence 

(Figure 15c) and linear feature extraction—at sufficiently high resolution (Figure 16d)—

are qualitatively the same, in comparison to that based on the mean. Similar to the 

classification task, various methods in calculating the distance between distribution 

features were equally effective in capturing the drug perturbation effects, again 

emphasizing the intrinsic information in the totality of the distribution.  

Similarly, the evolution of a distributional fingerprint as a function of time can 

also be described by the same framework. Figure 15d shows the distribution fingerprints 

of rat embryonic fibroblasts (REF52) in response to varying concentrations of a CDK 

inhibitor over time. Figure 15e quantifies the change using KL divergence and the 

fingerprint at 0 nM CDK inhibitor at 12h as the reference fingerprint. 
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Figure 15: Construction of distributional dose response curves with respect to drug 

concentration and time. a) The fingerprints of MDA-MB-231 and T47D under the 
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perturbation of Topotecan at increasing concentrations (0, 0.05, 0.1, 0.2, 1, 4, 10, 20, 

100 µM, left to right). b) Dose response curve calculated using Euclidean distance 

between the means of each drug perturbed fingerprint and that of the basal 

fingerprint. c) Dose response curve calculated using KL divergence between each 

distribution and the basal fingerprint. Note the significant change in the overall 

shape of the dose response, which can be more drastic for certain cellular contexts 

(e.g. T47D) than others (e.g. MBA-MD-231). This suggests that distribution 

fingerprint dose response may provide additional information when selecting 

dosages with respect to a particular phenotypic outcome of interest. In particular, the 

difference between dose 6 or 7 and the basal state is bigger according to distribution 

dose response compared to the mean dose response. d) Distributional fingerprints of 

rat embryonic fibroblasts (REF52) in response to CDK inhibitor over time. e) Dose 

response over both concentration and time using KL divergence metric.  

 

Figure 16: The pixelated feature vectors are used here to compute the dose response 

curves. As the grid size decreases (number of grid points increase), the sampling 

resolution increases. As a result, more shape features are retained. The overall shape 

of the dose response curve at high enough sampling resolution resembles that of the 

dose response curve calculated using the KL divergence metric. Note that the 

underlying distance metrics for these two calculations are fundamentally different. 

Such resemblance further demonstrates that it is the conceptual shift to focusing on 

the totality of the distribution shape is the primary contributor to the observed 
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difference compared to mean analysis. a) Dose response curves calculated using 

Euclidean distance between the shape feature vectors, extracted with 5 by 5 grid, of 

drug perturbed fingerprints and that of the basal fingerprint. Since the sampling 

resolution of the original distribution is low, the shape of the fingerprints is not 

adequately retained. Note the difference in the shape of the curve at lower doses in 

comparison to Figure 15c. b) Dose response curve calculated using Euclidean distance 

between the shape feature vectors, extracted with 10 by 10 grid, of drug perturbed 

fingerprints and that of the basal fingerprint. c) Dose response curve calculated using 

Euclidean distance between the shape feature vectors, extracted with 20 by 20 grid, of 

drug perturbed fingerprints and that of the basal fingerprint. d) Dose response curve 

calculated using Euclidean distance between the shape feature vectors, extracted with 

40 by 40 grid, of drug perturbed fingerprints and that of the basal fingerprint. Note 

the convergence in the shape of the response curve between the KL-based calculation 

in Figure 15c and the pixelated calculation (Figure 16b-d) as the sampling frequency 

in the later increases. e) GMMs fitted to each fingerprint were divided into two 

subsets. Each subset was independently used to compute the KL-based dose response 

curve. The overlapping of the two curves indicates that the divergence between the 

fingerprints is not an artifact of the technical noise incurred by fitting. 

 

3.4 Discussion 

In the last 15 years, research on biological noise has focused on understanding its 

generation and regulation, its impact on performance of natural or engineered circuits, 

or its implications in cell-fate decisions[126]. In contrast, our work uses the distribution 

of gene expression in a signaling network as a source of information – a quantitative 

phenotype to distinguish network states. The fundamental premise of the approach is 

twofold[119]. First, each distribution is statistically deterministic despite the stochastic 

nature of cellular processes. Second, the state of a biological network is uniquely 

reflected in the shape of such a distribution.  
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To generate and record such distributions in a manner that is independent of cell 

lines, we leveraged a well-established adenoviral platform as a chassis to encode a 

probing circuit to interface with an endogenous network.  This design strategy provides 

tremendous flexibility in our ability to probe diverse cell lines and growth conditions in 

a streamlined manner. This strategy is applicable to any biological network of interest. 

Furthermore, it can be extended to encode more sophisticated probing circuits or by 

using other living agents as a circuit carrier, such as phage or bacteria, depending on the 

target organisms[127]. 

The Myc/Rb/E2F network is suited for our platform for a number of reasons. 

First, it plays a central role in regulating diverse cellular functions, including growth, 

proliferation, and apoptosis. In such capacity, it interfaces with a wide range of 

regulatory mechanisms underlying other cellular functionalities[128-131]. As 

demonstrated, unique perturbation effects can be induced by an array of drugs with a 

wide range of mechanisms of action, including targeting microtubules and DNA 

damage. Such targets may not be directly involved in the regulation of the viral probe, 

but they nonetheless influence its dynamics given the interconnectedness of the probed 

network (Myc/Rb/E2F) and its peripheral networks. Similarly, mutations or other 

characteristic network properties of a particular cell type would leave footprints on the 

probed circuit. In the long term, we envision the construction of a library of such viral 

probes, each probing a key hub circuit like the Myc/Rb/E2F pathway. Such a library 
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could enable characterization of a wide array of cell types as well as to capture the key 

differences in the mechanisms of actions and biological effects of a wide array of drugs.
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Appendix A 

Temporal control of self-organized pattern formation 
without morphogen gradients in engineered bacteria 

Diverse mechanisms have been proposed to explain natural pattern formation 

processes, such as slime mold aggregation [132, 133], feather branching and tissue 

stratification. Regardless of the specific molecular interactions, the vast majority of these 

mechanisms invoke morphogen gradients, which are either predefined [134, 135] or 

generated as part of the patterning process [136, 137]. However, using E. coli 

programmed by a simple synthetic gene circuit, we demonstrate here the generation of 

robust, self-organized ring patterns of gene expression in the absence of an apparent 

morphogen gradient. Interestingly, our modeling and experimental tests show that the 

temporal dynamics of the global morphogen concentration serve as a timing mechanism 

to trigger formation and maintenance of these ring patterns, which are readily tunable 

by experimentally controllable environmental factors. This mechanism represents a 

novel mode of pattern formation that has implications for understanding natural 

developmental processes. 

Introduction 

A major challenge in biology is to better understand the mechanisms driving 

pattern formation in diverse processes, including slime mold aggregation [132, 133], 

stripe formation [138], and limb bud development [139]. To date, primarily two types of 
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mechanisms have been invoked to explain biological pattern formation. Both 

mechanisms rely on morphogens, or signaling molecules produced by a local source that 

activate a specific and distinct cellular response in a concentration-dependent manner 

[140]. The first relies on the notion of self-organization. A classic example is the Turing 

mechanism [136, 137, 141]. By using interlocking positive- and negative-feedback loops, 

the mechanism can generate self-organized spatial patterns of two diffusible 

morphogens, which can then control patterns of downstream processes. The other, 

widely invoked mechanism is the French flag model [134, 135]. The essence of this 

mechanism is a pre-defined morphogen gradient that is interpreted by downstream 

genes, where different genes are activated at different ranges of morphogen 

concentration. The common thread connecting these two types of mechanisms is the 

requirement for morphogen gradients. Indeed, the generation and interpretation of 

morphogen gradients have been the focus of most studies on biological pattern 

formation. However, using E. coli programmed by a synthetic gene circuit, we 

demonstrate here the formation of self-organized patterns without an apparent 

morphogen gradient. These patterns are self-organized in that they are not generated by 

pre-defined spatial cues.  

Our circuit (Figure 17, 18) consists of a mutant T7 RNA polymerase (T7 RNAP) 

[115] activating its own expression via a T7 promoter carrying a lac operator. T7 RNAP 

also activates expression of LuxR and LuxI. LuxI mediates synthesis of acyl-homoserine 
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lactone (AHL), which can diffuse across the cell wall. When enough AHL accumulates in 

cell culture, intracellular AHL binds to and activates LuxR, which induces expression of 

T7 lysozyme. Lysozyme can inhibit T7 RNAP by forming a complex with it and 

preventing it from binding its cognate promoter (Figure 19). To report the circuit 

dynamics, a cyan fluorescent protein (CFP) is co-expressed with T7 RNAP, and an 

mCherry protein is co-expressed with T7 lysozyme. The circuit can thus be divided into 

two modules: an activation module consisting of the T7 RNAP positive-feedback loop 

and an inhibition module consisting of quorum-sensing-mediated lysozyme expression. 

Its logic resembles that of the classical Turing mechanism [136, 141]: activation is local 

since T7 RNAP is confined in the cells, whereas inhibition is global due to fast diffusion 

of AHL.  

However, our circuit differs from the classical Turing mechanism in two critical 

aspects. First, in contrast to the Turing mechanism, which utilizes two diffusible 

morphogens, our circuit only contains a single morphogen: the AHL molecule. T7 RNAP 

transport is cell-mediated and thus not driven by Fickian diffusion, which is assumed to 

take place in most reaction-diffusion models describing pattern formation. While 

underappreciated in theoretical studies, this mechanism of activator transport is likely 

common in natural developmental processes, such as stripe formation and limb bud 

outgrowth [138, 142-144]. Second, circuit activation induces a metabolic burden on the 

growth of its host cell. This metabolic burden is critical for enhancing the nonlinearity in 
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the system [115] and exhibiting microcolony size control, which in turn facilitate robust 

pattern formation. Therefore, our circuit defines a tight coupling between intracellular 

gene expression, signal diffusion, and modulation of cell growth and motility. This 

coupling is often neglected in variants of Turing models invoked to explain self-

organized pattern formation; yet, it is likely critical for diverse natural developmental 

processes, ranging from limb bud outgrowth [139] to somitogenesis [145] to tissue 

stratification [146]. 

Results 

To explore the spatiotemporal dynamics of our system experimentally, we used a 

multi-well device (Figure 20) to culture microcolonies initiated from individual E. coli 

cells programmed by our gene circuit. Briefly, we added serially diluted overnight 

culture to molten soft agar containing growth medium supplemented with the 

appropriate antibiotics and 1000 µM IPTG. Five-µl droplets of the agar containing about 

1-4 E. coli cells were then placed into wells of the multi-well device. We then observed 

the growth and gene expression of the expanding microcolonies in each well at 30°C.  
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Figure 17: Self-organized pattern formation in engineered bacteria. A) Circuit logic. 

Our circuit consists of an activator T7 RNAP (T) activating itself and a diffusible 

signal, AHL (A). AHL can lead to repression of the activator by inducing T7 lysozyme 
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(L) (see Figure 18 for a more detailed circuit diagram). T’s transcriptional reporter is 

CFP (represented by the blue reporter), and L’s transcriptional reporter is mCherry 

(represented by the red reporter). B) The engineered bacteria developed a self-

organized ring pattern. Images of a 1.2 mm X 1.2 mm field after 20, 30, 40, 50, and 60 

hours of incubation (as labeled). The microcolony was imaged using a Leica 

DM16000B fluorescence microscope with a mercury excitation lamp at 5X objective in 

the phase (1st row), CFP (2nd row), and RFP (3rd row) channels. For the CFP and RFP 

images, the color scheme is defined by the darkest blue and darkest red representing 

saturation in the CFP and RFP channels, respectively, and white representing 

background levels. The phase images are raw images; the white scale bar on the 20-

hour phase image indicates a length scale of 500 µm. The scale bars to the right of 

each row represent the intensity scales for each image in its respective row, where the 

top indicates saturating intensity and the bottom indicates background intensity.  C) 

CFP (green dots) and mCherry (cyan dots) at the 30th hour at varying radial distance 

from the center. The solid blue and red lines are the running averages of the CFP and 

mCherry intensities, respectively. The black dashed line indicates the radial distance 

at which the running average of mCherry intensity is maximal outside of the core. 

This distance is defined as the mCherry ring radius plotted versus time in D). 

Intensity values were calculated as the average intensity values across all angles at 

fixed radii about the microcolony core center. Each of these intensity values had 

background signal subtracted.  This processing was carried out using a custom 

MATLAB algorithm. D) mCherry ring radius (red line) and colony radius (black line) 

over time. The mCherry ring radius was calculated as described in C). The colony 

radius was calculated as the distance from the center of the microcolony core to the 

microcolony edge averaged across angles spanning π/6 to π/4. Both computations 

were performed using a custom MATLAB algorithm. E) mCherry image in the 

presence of 100 nM AHL. An mCherry bullseye pattern, albeit smaller pattern, still 

occurs after initial exogenous addition of 100 nM AHL. These data suggest that an 

AHL morphogen gradient is not necessary to obtain the mCherry bullseye pattern. 

The image is prepared as described in B) row 3. F) mCherry ring radius (red line) and 

colony radius (black line) over time. The base parameter set for the 1D simulation is 

listed in Table 1. See Materials and Methods for details. The y-axis is distance from 

Δ=0. Processing of the simulated data was done in the same way as for the 

experimental data in D). 
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Figure 18: Full circuit diagram. The activation module (green dashed box) is mediated 

by a mutant T7 RNA polymerase (T7), which activates itself by binding its own 

promoter. T7 leads to the activation of the protein LuxR (R) and a diffusible signal 

(AHL, red dots). AHL can diffuse freely inside and outside the cell wall.  When 

enough intracellular AHL accumulates, AHL binds R efficiently, giving rise to a 

transcriptional activator complex.  This complex activates expression of T7 lysozyme 

(Lys), which inhibits T7. Thus, the quorum-sensing mediated expression of the T7 

inhibitor, Lys, constitutes the inhibition module (red dashed box). CFP and mCherry 

are co-expressed with T7 and Lys, respectively, as readouts of the programmed circuit 

dynamics. 
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Figure 19: T7 lysozyme inhibits the activation module. The mean CFP levels of the 

BL21 DE3 cells transformed with pET15bLCFPT7 (the activation module) are 

displayed for varying IPTG concentration with (red) and without (blue) pLysS after 8 

hrs of growth at 30°C.  For each cell included in the data analysis, background was 

subtracted based on the mean intensity of several hundred BL21 DE3 untransformed 

cells prepared in the same manner.    
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Figure 20: Experimental setup for pattern formation demonstration. a) The 

experimental results displayed in Figure 17 were obtained after using the following 

general protocol: LB overnight cultures containing MC4100Z1 cells containing the full 

synthetic gene circuit were grown for 12 hours at 37°C. They were diluted 

significantly, while molten agar (0.7% in 2xYT (pH=6.5) was prepared. A small 

amount of diluted culture was added to the molten agar supplemented with 

appropriate antibiotics and IPTG once it had cooled sufficiently. Five-µl droplets 

from the agar were then placed into the wells of the multi-well device. b) Schematic 

depicting the dimensions of the multi-well device used in the experiment. Note that 

another coverglass was placed on top of the multi-well device (side view) to engulf 

the soft agar droplets. In addition, a silicone flap in the x-direction was excised using 

a razor blade.  
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Figure 17B shows growth and gene expression dynamics in a representative 

microcolony, which gives rise to a self-organized pattern with a length scale of ~500 µm. 

The pattern consisted of a CFP core and an mCherry ring (Figures 17B-C), whose 

formation appeared to be tightly coupled with colony expansion. Prior to 30 hours of 

incubation, CFP slowly accumulated in the microcolony interior before mCherry 

underwent a switch-like transition from a low state to a high state in a ring pattern in 

less than 5 hours. Initiation of the mCherry ring was concurrent with a pause in colony 

expansion (Figure 17D). Though colony expansion resumed after ~20 hours, the ring size 

was maintained (Figure 17D) for ~35 hours (until the end of the experiment). During this 

time, the intensity of the ring gradually decreased (Figure 17D), suggesting that 

formation of the ring resulted from transient circuit dynamics. As indicated by 

additional results acquired under the same conditions, the dominant features of the self-

organized patterns were robust and reproducible (Figure 21). Similar patterns were also 

generated using a different strain (MG1655) grown under a different experimental 

condition (Figure 22). These results again reinforce that our circuit is robust in that its 

characteristic behavior is persistent. Furthermore, this characteristic behavior is 

dependent on AHL signaling since the original cell strain (MC4100Z1) containing the 

full synthetic circuit with LuxR or LuxI knocked out did not exhibit a detectable and 

clear mCherry ring pattern (Figure 23).  



 

79 

 

Figure 21: Montage of patterns demonstrating reproducibility of circuit function. Raw 

1.7 mm X 1.4 mm composite images of patterns obtained for the base-case condition 

described in Figure 20 derived from six different single cell colonies, spanning five 

independent experiments. Each pattern was imaged after 35-37 hours of incubation. 
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Figure 22: Pattern formation for the synthetic gene circuit in a different cell strain 

under a different experimental condition. MG1655 (motile) cells containing the full 

synthetic gene circuit were printed onto a rigid surface of 2xYT (pH=6.5) medium with 

0.3% agar. Raw (1.7 mm X 1.4 mm) composite images of two replicates of the printed 

microcolonies (a-b) were taken after 24 hours of growth.  
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Figure 23: Knocked out LuxR or LuxI eliminates the mCherry ring pattern. MC4100Z1 

cells containing the full synthetic gene circuit with LuxR (a) or LuxI (b) knocked out 

of pTuLys2CMR2 were placed into droplets containing 0.7% agar in 2xYT (pH=6.5) 

medium and grown using the same protocol implemented in Main Fig. 1. Raw (1.7 

mm X 1.4 mm) composite images were obtained at 18, 24, 30, 36, and 48 hrs after 

incubation at 30°C for representative microcolonies. The exposure times for CFP and 

RFP were 0.6 and 10 seconds, respectively. In each case, no discernible mCherry ring 

pattern is present, indicating the essentiality of AHL signaling in forming the 

mCherry ring. 
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These results were counterintuitive considering the kinetic properties of the 

“morphogen” AHL. It is a small molecule with an estimated diffusivity of 0.4 cm2/hr 

[147]. On the time scale of our experiments (~50 hrs), the diffusion length scale is ~9 cm, 

which is about 2 orders of magnitude greater than that of our observed patterns. 

However, at the very early stage, AHL may form a transient gradient that could be 

critical for forming the pattern. To test this notion, we cultured cells in the presence of an 

initial concentration of AHL (100 nM). Introducing the AHL at this high concentration 

exogenously eliminates the possibility of a significant AHL gradient early in the 

experiment. Even under this condition, the microcolony was able to generate a similar 

(albeit smaller) pattern, confirming the ability of the system to generate patterns without 

requiring an AHL gradient (Figure 17E).  

To help resolve this paradox, we developed an agent-based model [148, 149] to 

simulate the circuit-mediated spatiotemporal dynamics. Briefly, we modeled the cells as 

agents within which production and degradation of T7 RNAP, T7 lysozyme, and AHL 

take place. AHL degradation also takes place outside of the cell. We assume that cells 

undergo a random walk on a 1-Dimensional (1D) spatial domain, where their growth 

and movement is sensitive to a metabolic burden induced by T7 RNAP [115] and T7 

lysozyme [150]. Due to very fast diffusion of AHL, we assume that its concentration is 

uniform across the entire spatial domain. In addition, we also assume that a cell’s gene 

expression decreases with increasing distance from the microcolony edge via a variant 
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of the Hill function. Through mathematical modeling, we have shown that spatial-

dependent gene expression is essential in generating the patterns we observe. Several 

mechanisms can account for this spatial-dependent gene expression. These include 

contact inhibition [151] and mechanical stress [152] due to higher cell packing in the 

interior of the microcolony. Another possible contributing factor is that a cell’s gene 

expression capacity increases with local nutrient concentration [153, 154]. Regardless of 

the underlying mechanisms, our assumption is consistent with our experimental 

observation (Figure 24). Specifically, we observed the formation of the mCherry ring at 

the edge of growing microcolonies of MC4100Z1 cells expressing mCherry from a ptet 

promoter for several different time points. This result provides direct evidence for the 

spatial-dependence of gene expression capacity. 

 

Figure 24: Experimental demonstration of spatial-dependent gene expression. 

MC4100Z1 cells containing the plasmid ptetmCherry were placed into droplets 

containing 0.7% agar in 2xYT (pH=6.5) medium supplemented with 50 µg/ml 

chloramphenicol and 0.1 µg/ml anhydrotetracycline (aTc) and grown using the same 

protocol implemented in Figure 17. Raw (1.7 mm X 1.4 mm) composite images were 

obtained at 18, 24, 30, and 36 hrs after incubation at 30°C for a representative 

microcolony. Here, green represents the phase channel, and red represents the RFP 

channel. Note that the mCherry ring moves with the edge of the microcolony, 

indicating spatial-dependent gene expression. We note that, while the ring can form 

from mCherry by a single inducible promoter, this ring is fundamentally different 
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from that by the full circuit. The ring in this experiment expands along with the 

microcolony as it reflects the spatial dependence of the gene expression capacity of 

the cells. In contrast, the ring formed by the full circuit is triggered by a sufficiently 

high concentration of AHL (the timing cue) and a sufficiently high gene expression 

capacity. The ring then stays at a constant size despite subsequent colony expansion, 

and in this manner, ring size is decoupled from later microcolony expansion. 

 

Starting from 10 cells per spatial unit Δ, spanning Δ=1-10, our model can 

reproduce the observed self-organized patterns (Figures 17F, 2A-C, Figure 24) using 

biologically feasible parameters (see Table 1). In particular, the simulation demonstrates 

several salient pattern features, including an initial confined T7 RNAP core, a T7 

lysozyme ring with robust size over time, and the tight coupling between microcolony 

expansion and initiation and maintenance of the lysozyme ring (Figure 17F).  
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Figure 25: Simulated spatiotemporal dynamics of key species for the base case. a)-d) 

Heat maps displaying cell density (a), AHL (b), T7 RNAP (c), and T7 lysozyme (d) for 

varying distance (x-axis) over time (y-axis) for the simulation shown in Main Fig. 2 

(the base case). The intensity values for a)-b) represent cell and AHL numbers per 

spatial grid Δ, respectively, across a 1-dimensional (1D) spatial domain spanning 

length 300 Δ (3000 µm). The intensity values for c)-d) represent the number of T7 

RNAP and T7 lysozyme molecules per cell, respectively, across the 1D spatial domain. 

 

Importantly, the simulation confirms the notion that robust pattern formation 

does not require an AHL gradient. Instead, it underscores the critical interplay between 

cell growth and gene expression, which converts temporal information regarding the 

history of cell growth into spatial patterns (Figure 26, Figure 25). Initially, AHL 

concentration is low due to diffusion-mediated dilution spanning the entire spatial 

domain. Thus, the early circuit dynamics are dominated by T7 RNAP positive-feedback.  
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Figure 26: Proposed mechanism for ring formation and maintenance. A) AHL 

dynamics drive ring formation in the base case simulation. A single AHL temporal 

pulse gives rise to a single T7 lysozyme ring. Here, the y-axis corresponds to the 

number of AHL molecules per spatial unit Δ.  These dynamics are derived from the 

same simulation analyzed in Figure 1F with the same base parameter set listed in 

Table 1. B) Cell density dynamics for the base case simulation. Cell density is plotted 

as the number of cells per Δ for time points 1-3 of A) (corresponding to 5, 10, and 38 

hours) from top to bottom. After AHL exceeds the ring-forming threshold, T7 

lysozyme accumulates at the edge of the microcolony (C).  Lysozyme induces a 

metabolic burden on cells at the edge of the microcolony, leading to a stunting of cell 

growth for several hours (top two panels).  Once AHL decreases over time (since T7 

lysozyme decreases AHL production), lysozyme’s metabolic burden on the cells 

decreases at the very edge of expansion front, eventually leading to resumed cell 
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growth (bottom panel). C) Lysozyme dynamics for the base case simulation. T7 

lysozyme is plotted as the number of T7 lysozyme molecules per cell for time points 

1-3 of A) (corresponding to 5, 10, and 38 hours) from top to bottom. As AHL increases 

over time, T7 lysozyme accumulates at the edge of the spatial domain (top two 

panels). Eventually, lysozyme level decreases on the very edge of the microcolony 

(bottom panel), giving rise to microcolony growth resumption (B, bottom panel), 

while the position of the ring is maintained. D) Lysozyme ring arises due to 

differential gene expression capacity throughout the microcolony. In the simulations, 

it is assumed that gene expression capacity increases with decreasing distance from 

the microcolony edge. Thus, T7 lysozyme production can be viewed as an AND gate, 

where both high AHL (A) and high gene expression capacity (G) are necessary to 

trigger lysozyme production. In this manner, at a time when A is uniformly high 

throughout the entire spatial domain, high A and low G give rise to low lysozyme 

levels towards the center of the microcolony. However, at the microcolony’s edge, 

high A and high G give rise to high lysozyme levels (red line).  

 

The high T7 RNAP in the microcolony interior eventually gives rise to faster 

production of AHL, leading to a uniform elevation of AHL concentration throughout the 

entire spatial domain. Once AHL accumulates to a critical threshold level, it can activate 

T7 lysozyme production. This activation occurs on the colony edge, where the gene 

expression capacity of the cell is high, leading to an mCherry ring (Figures 26C-D). 

Towards the microcolony interior, however, low gene expression capacity results in low 

lysozyme production and mCherry expression. Thus, lysozyme synthesis can be viewed 

as the result of an AND logic gate: specifically, synthesis only occurs as the result of both 

high AHL and high gene expression capacity. This logic gate results in low mCherry in 

the microcolony interior and high mCherry at the microcolony edge at a uniformly high 

AHL concentration. These mCherry dynamics are confirmed by confocal imaging 

(Figure 27), where we observe that the apparent mCherry core from fluorescence 
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microscopy (Figure 17B) indeed is the result of another mCherry ring pattern occurring 

in the z-direction in the microcolony core. On the x-y plane where subsequent growth 

outside of the core is observed, a single mCherry ring forms on the microcolony edge as 

the model predicts. At the ring, expression of lysozyme causes significant growth 

inhibition and a pause of colony expansion (Figures 17D, F, Figure 26B, Figure 25). 

Consequently, growth inhibition leads to a reduced dilution rate of lysozyme, 

reinforcing its accumulation. Thus, the interplay between expression of lysozyme and 

growth inhibition creates a local positive feedback, which facilitates the maintenance of 

the ring pattern.  
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Figure 27: 3-Dimensional (3D) confocal image of a typical base-case mCherry pattern. 

a) Tilted (top) and side (bottom) views of a 3D reconstruction of the mCherry pattern 

based on a series of z-slice images 5.21 µm in depth spanning x- and y-dimensions of 

length 1214 µm taken by a Zeiss LSM 780 upright confocal microscope. The pattern 

was excited at a 561 nm wavelength, and the emission filter used collected 

wavelengths between 576 and 696 nm. The pattern was obtained for the base-case 

condition described in Fig. S3. The 3D reconstruction was done using MetaMorph 

(Molecular Devices, LLC, Sunnyvale, CA). b) Raw 1.7 mm X 1.4 mm composite 

fluorescent image of the pattern displayed in a). c) Heat map displaying mCherry 

intensity in both the vertical (y-axis) and radial (x-axis) directions as derived from the 

confocal microscope image reconstructed in a).  The radial intensity values are the 

average intensity values across angles spanning 3π/4 to 7π/4.  Processing was carried 

out using a custom MATLAB code. 
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Over time, AHL concentration gradually decreases due to reduced T7 RNAP 

strength (Figure 26A). As a result, lysozyme decays on the colony’s very edge and thus 

lysozyme-induced metabolic burden is alleviated, leading to the resumption of cell 

growth and colony expansion. Now, AHL concentration is too low to trigger expression 

of mCherry at the colony expansion front. As a result, the ring radius is maintained over 

time at its initial position in a manner that is decoupled from further colony expansion. 

An open question in developmental biology is the exact mechanism by which 

pattern sizes are controlled by genetic and environmental factors. In our system, the 

critical determinant of pattern size is the timing of AHL accumulation, rather than its 

spatial gradient, which is negligible within the small dimensions of the microcolony. 

This timing can be modulated by changing the domain size or by simply adding 

exogenous AHL (Figure 28A). The negative-feedback loop mediated by the inhibition 

module has the potential to generate one or more AHL pulses. Indeed, the base-case 

circuit dynamics result in a single pulse of AHL, which triggers ring initiation when the 

AHL threshold is exceeded. The initial addition of exogenous AHL to the droplet is 

expected to decrease the time necessary to reach the AHL threshold and thus leads to 

earlier formation of a smaller ring (Figure 28A). In contrast, an increase in the domain 

size is expected to prolong the time necessary for AHL to reach the threshold due to 

greater spatial dilution, leading to later formation of a larger ring (Figure 28A).  
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Figure 28: Simulated and measured modulation of pattern formation by 

environmental factors. A) Modulation of patterns by perturbing AHL temporal 

dynamics. The base case occurs when a single pulse of AHL exceeds a threshold 

necessary to trigger ring formation (left, e.g., as in Figures 17 and Figure 26). Adding 

exogenous AHL allows AHL to exceed the threshold concentration faster, leading to 

the formation of a smaller ring (center). Increasing the domain size slows down AHL 

accumulation due to increased spatial dilution, leading to the formation of a larger 

ring (right).  B) Simulated dependence of ring radius on initial, exogenously added 

AHL concentration. Average mCherry ring radii obtained at 25 hours and 13.3 hours 

for 1D simulations of microcolonies growing from initial AHL concentrations of 0-

1200 molecules per Δ and 1500-4000 molecules per Δ. For each replicate, the time 

chosen for data analysis corresponds to the time at which only the first mCherry ring 

radius has emerged. All of the mCherry ring radii were calculated in the same manner 

as described in Figure 17. The error bars represent standard error among ten 

replicates. The black curve indicates a best-fit Hill function calculated using a custom 

MATLAB code. C) Measured dependence of ring radius on initial, exogenously added 

AHL concentration.  Average mCherry ring radii obtained for microcolonies growing 

from an initial AHL concentration of 0, 10, 30, and 100 nM AHL, respectively. These 

values were obtained from replicates at 24-hour time points for 10, 30, and 100 nM 

AHL and from replicates at 36-hour time points for 0 nM AHL (no mCherry rings 

emerged for this condition at the 24-hour time point). All of the mCherry ring radii 

were calculated in the same manner as described in Figure 17. The error bars for 0, 10, 

30 and 100 nM AHL represent standard error among 7, 10, 9, and 5 replicates, 

respectively. Cropped representative mCherry images to scale of microcolonies 

growing in the absence (top middle panel) or presence (bottom right panel) of an 

initial AHL concentration of 100 nM at 24-hour and 36-hour time points, respectively, 

are shown. The color scheme is defined as in Figure 17D) Simulated dependence of 

ring radius on the domain size.  Average mCherry ring radii obtained at 25 hours for 

1D simulations of microcolonies growing in domain lengths spanning 100 to 500 Δ 

(1000 to 5000 µm). All of the mCherry ring radii were calculated in the same manner 

as described in Figure 1. The error bars represent standard error among ten replicates.  

The black curve indicates a best-fit linear function calculated using Microsoft Excel.  

E) Measured dependence of ring radius on the droplet size. Average mCherry ring 

radii obtained for microcolonies growing in 5-µl, 10-µl, and 15-µl droplets, 

respectively. These values were obtained from replicates at 36-hour time points for 5-

µl and 10-µl droplets and from replicates at 48-hour time points for 15-µl droplets 

(only one mCherry ring emerged for this condition at the 36-hour time point). All of 

the mCherry ring radii were calculated in the same manner as described in Figure 17. 

The error bars for 5-, 10-, and 15-µl droplets represent standard error among 3, 6, and 6 

replicates, respectively. Cropped representative mCherry images of microcolonies to 
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scale growing in 5-µl (top left panel) and 15-µl droplets (bottom right panel) at 36-

hour and 48-hour time points, respectively, are shown. The color scheme is defined as 

in Figure 17. 

 

We carried out further simulations and experiments to test these notions. Indeed, 

our simulations predict that the ring size decreases with increasing initial AHL 

concentration (Figure 28B, Figure 29). This prediction was consistent with our 

experimental observation: the mCherry ring radius decreased from 655 µm to 282 µm as 

we increased the initial AHL concentration from 0 to 100 nM (Figure 28C). Similarly, our 

simulations predict that the ring size increases with domain size (Figure 28D, Figure 30-

31). Our experiments confirmed this prediction: mCherry ring radius increased from 572 

µm to 1145 µm as we increased the droplet size from 5 µl to 15 µl (Figure 28E).   

 

Figure 29: Simulated spatiotemporal dynamics of key species for an initial AHL 

concentration of 4000 molecules/Δ. a)-d) Heat maps displaying cell density (a), AHL 
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(b), T7 RNAP (c), and T7 lysozyme (d) for varying distance (x-axis) over time (y-axis) 

for a typical simulation with an initial AHL concentration of 4000 molecules/Δ. Units 

are as described in Figure 25 and he simulation took place across a 1-dimensional (1D) 

spatial domain spanning length 300 Δ (3000 µm).  

 

Figure 30: Simulated spatiotemporal dynamics of key species for a domain size of 100 

Δ (1000 µm). a)-d) Heat maps displaying cell density (a), AHL (b), T7 RNAP (c), and 

T7 lysozyme (d) for varying distance (x-axis) over time (y-axis) for a typical simulation 

with a 1-dimensional (1D) spatial domain spanning length 100 Δ (1000 µm). Units are 

as described in Figure 25. 
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Figure 31: Simulated spatiotemporal dynamics of key species for a domain size of 500 

Δ (5000 µm). a)-d) Heat maps displaying cell density (a), AHL (b), T7 RNAP (c), and 

T7 lysozyme (d) for varying distance (x-axis) over time (y-axis) for a typical simulation 

with a 1-dimensional (1D) spatial domain spanning length 500 Δ (5000 µm). Units are 

as described in Fig. 25. 

 

Finally, our simulations indicate that our system can generate a double-ring 

pattern when the AHL threshold necessary to initiate ring formation is exceeded twice 

during two discrete time intervals (Figure 32A-B). Multiple rings were obtained within a 

reasonable time frame most easily for high initial AHL concentrations that exceeded the 

ring-forming threshold from the start of colony formation (Figures 32A-B, Figure 33). 

Again, this prediction was validated experimentally. A double-ring pattern was 

observed after 48 hours of incubation for a single microcolony in a 5-µl droplet when 

supplied with an initial AHL concentration of 100 nM (Figure 32C-D). Note that in both 
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the simulated and experimental cases for which a double ring occurs, the rings emerge 

sequentially with one ring first occurring at a smaller radius, followed by a second ring 

occurring at a larger radius (Figures 32B, D, Figure 33). Here, the first ring corresponds 

to the initial time interval in which AHL exceeds the ring-forming threshold, and the 

second ring corresponds to the second time interval in which AHL exceeds the ring-

forming threshold (Figures 32A-B, Figure 33-34).  
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Figure 32: Predicted and measured double-ring formation. A) Simulated AHL 

dynamics for the double-ring case. AHL in molecules per Δ over time for the double-

ring case simulation. Here, the simulation is implemented with the parameters listed 

in Table 1. The initial AHL concentration in the simulation is 3000 molecules per Δ. 

AHL crosses the threshold necessary for ring formation at two discrete time periods.  

B) mCherry intensity (red line) at varying radii for time points 1 and 2 in A). The line 

plots indicate T7 lysozyme in molecules per Δ for the two time points indicated in A) 

(4-hour and 21-hour time points, respectively). A single ring forms at ~50 Δ (~500 µm) 
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for the 4-hour time point.  This ring is also maintained for the 21-hour time point.  

However, after a second instance of crossing the AHL threshold necessary for ring 

formation, another ring at ~150 Δ (~1500 µm) emerges at the 21-hour time point. C) An 

experimentally obtained mCherry double-ring pattern. These images were obtained 

after culturing a single microcolony for 36 (top) and 48 (bottom) hours at an initial 

AHL concentration of 100 nM. The color scheme is as described in Figure 17. D) 

mCherry intensity (cyan dots) at varying radii for the images in C). The solid red line 

is the running average at varying radii. mCherry was calculated as described in Figure 

1 across angles spanning 5π/6 to 3π/2 for the 36-hour time point and across angles 

spanning π to 7π/6 for the 48-hour time point. 

 

 

Figure 33: Simulated spatiotemporal dynamics of key species for the double-ring case 

(an initial AHL concentration of 3000 molecules/Δ). a)-d) Heat maps displaying cell 

density (a), AHL (b), T7 RNAP (c), and T7 lysozyme (d) for varying distance (x-axis) 

over time (y-axis) for the simulation showed in Figure 32 with an initial AHL 

concentration of 3000 molecules/Δ. Units are as described in Figure 25, and the 

simulation took place across a 1-dimensional (1D) spatial domain spanning length 300 

Δ (3000 µm). 
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Figure 34: An additional experimentally obtained mCherry double-ring pattern. a) 

The image was obtained after culturing a microcolony for 42 hours at an initial AHL 

concentration of 100 nM. The experimental protocol is as described for Figure 32. The 

color scheme is as described in Figure 17. b) mCherry intensity (cyan dots) at varying 

radii for the image in a). The solid red line is the running average at varying radii. 

mCherry was calculated as described in Figure 17 across angles spanning π to 5π/4.  

 

Materials and Methods 

Liquid Medium 

The 2xYT medium was made following the protocol in [155]: 16 g tryptone (Difco 

Laboratories), 10 g yeast extract (Difco Laboratories), and 5 g NaCl were added to 1 L 

deionized H2O.  The 2xYT medium was then buffered to pH=6.5 with KOH solution in 

20.92 g/L MOPS (Omnipur, ≥99%).  

Plasmids and Cell Strains 

Our circuit consists of two plasmids: pET15bLCFPT7 and pTuLys2 CMR2. 

pET15bLCFPT7 was constructed as described in [156]. This plasmid contains the 
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activation module (Figure 18, green dashed box). pTuLys2 CMR2 was constructed from 

the parent plasmids pLuxRI [157], pLuxmCherry [158], pET15bLCFPT7, and pLysS 

(Novagen; Madison, WI). pLuxmCherry and pET15bLCFPT7 were used as templates for 

polymerase chain reactions (PCRs) which produced two DNA segments containing the 

pluxI promoter upstream of mCherry and LacI, respectively. The two segments were 

joined using overlapping PCR. The 5’ primer used to amplify the pluxI promoter and 

mCherry contained an overhanging 16-base pair region constituting the pT7 promoter in 

the reverse orientation relative to the pluxI promoter. The resulting PCR segment had 

EcoRI and AatII overhangs at the 5’ and 3’ ends, respectively. Both the PCR segment and 

pluxI were digested with EcoRI and AatII and ligated to yield pTuLac2 with kanamycin 

resistance and a p15A origin of replication (ori). The Kanr gene was then removed and 

replaced with a Cmr gene by digesting pTuLac2 and pLuxGFPuv (Cmr) with SpeI and 

AatII and ligating the appropriate segments together. The resulting plasmid was named 

pTuLac2 CMR2. T7 lysozyme was then amplified from pLysS using PCR with a 5’ 

primer containing an AatII overhang and a 3’ primer containing an NheI overhang (all 

primers used in this study can be found in Table 2). Upon digestion of pTuLac2 CMR2 

and the PCR product with NheI and AatII, a ligation reaction was performed to yield the 

final plasmid, pTuLys2 CMR2. This plasmid contained the inhibition module (Figure 18, 

red dashed box).  Both plasmids were sequence verified. 
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The cell chassis used in this study is MC4100Z1 (gift of Michael Elowitz), which 

is MC4100 [araD139 (argF-lac)205 flb-5301 pstF25 rpsL150 deoC1 relA1] with a Z1 cassette 

for lacIq, tetR, and spect(R). For the activation module characterization, BL21 DE3 and 

BL21 DE3 pLysS cell strains (Novagen; Madison, WI) were used. 

Activation Module Characterization 

The activation module was tested for inhibition in response to T7 lysozyme. This 

test was conducted by comparing the CFP expression of cells in liquid culture 

containing the activation module plasmid (Figure 18, green dashed box) in a BL21 DE3 

cell chassis with or without the pLysS plasmid in response to a varying input of 

Isopropyl-1-thio-β-D-galactopyranoside (IPTG) concentration. The BL21 DE3 cell chassis 

expresses T7 RNAP from a lacUV5 promoter, which is inducible by IPTG. The pLysS 

plasmid constitutively expresses T7 lysozyme. At each IPTG concentration, the mean 

CFP expression level of the cells containing pLysS is dramatically lower than that of the 

cells without the plasmid (Figure 19). This result indicates that the T7 lysozyme 

expressed from the pLysS plasmid is indeed decreasing T7 RNAP expression as 

designed. Furthermore, this effect was observed across a large span of IPTG induction 

levels, indicating that inhibition of the activation module occurs over a wide range of 

gene expression levels. This result is again consistent with the circuit design. Additional 

characterization of the activation module (e.g., demonstration of activation by T7 RNAP 

and IPTG induction) was conducted previously [156].   
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Experimental Setup 

For Figures 17, 28C, and 32 and Figure 21, 23, and 35, overnight LB cultures of 

our engineered cells supplemented with 75 µg/ml carbenicillin and 50 µg/ml 

chloramphenicol were prepared and diluted to ~1-4 cells in 5 µl of 0.07% 2xYT (pH=6.5) 

soft agar. The soft agar was supplemented with the same concentration of antibiotics 

and 1000 µM IPTG. Eight 5-µl aliquots of the soft agar mix were placed into 8 1-mm 

deep, 6-mm diameter wells of a CultureWellTM multiwell chambered coverslip (Grace 

Bio-Labs; Bend, OR, USA; Item #103380), and a glass coverslip was applied to the top 

(see Figure 20). 

 

Figure 35: Pattern formation for single colonies per droplet. MC4100Z1 colonies 

containing the synthetic gene circuit were prepared as in Figure 17. These three 
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colonies (a-c) were the sole colonies in their respective droplets. Raw (1.7 mm X 1.4 

mm) composite images were obtained at 36 (left) and 48 (right) hrs after incubation at 

30°C. As is evident, the observed ring patterns are larger and appear later (48 hrs 

versus 36 hrs) than typical colonies in Figure 28, which were not the sole colonies in 

their respective droplets. 

 

For Figure 28E, the same process was done for 5-µl, 10-µl, and 15-µl soft agar 

droplets with ~1-4 cells per droplet. However, four aliquots of soft agar mix were placed 

into 4 1-mm deep, 9-mm diameter wells of a CultureWellTM multiwell chambered 

coverslip (Grace Bio-Labs; Bend, OR, USA; Item #103340). 

Mathematical Modeling 

We model the experimental pattern formation system with an agent-based-

model in one spatial dimension. The main goal of this simplified model is to 

demonstrate the generic feasibility of pattern formation through a timing mechanism 

controlled by a uniformly distributed morphogen (i.e., AHL). The model captures the 

key aspects of the experimental system: interactions between major circuit components, 

as well as cell proliferation and movement.  

In our model, cells are treated as individual agents within which intracellular 

reactions, namely the production and degradation of T7 RNAP and T7 lysozyme, as well 

as the production of AHL, take place. Whereas the T7 RNAP and T7 lysozyme proteins 

are confined to their cell of origin, AHL freely diffuses across the cell membrane, and its 

degradation occurs both inside and outside the cell. We assume that metabolic activity 
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decreases as the distance between the host cell and the edge of the colony increases 

[159], and we model this spatial dependence by means of a steep Hill function. More 

precisely, only a boundary layer of cells located close to the edge of the colony can 

efficiently synthesize proteins. T7 RNAP enhances its own production through a 

positive-feedback loop, and activates the production of AHL. AHL then induces 

lysozyme expression, which in turn inhibits T7 RNAP production. T7 RNAP and 

lysozyme are known to bind and form the T-L complex (denoted hereafter as P), and the 

corresponding reversible first order kinetics takes place on a very fast time scale [160]. 

Additionally, T-L complex can inhibit T7 synthesis on the transcriptional level as 

described in [161]. In summary, the chemical reactions are captured by the following 

differential equations: 

 

 

 

 
where 
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and r is the distance between the cell where the reactions take place, and the edge 

of the “cell colony” (the position of the cell furthest from the left end of the 1D grid, see 

below). Based on the fast diffusion of AHL, we assume instantaneous diffusion of AHL 

by setting . Furthermore, the T-L complex is treated as a quasi-stationary field 

based on its fast reaction dynamics. The effect of changing φ by the multiplicative factor 

α is a corresponding decrease in the lysozyme (mCherry) ring radius (see Figure 36). The 

multiplicative factor α is set to one for every simulation but those in Figure 36.   

The simulation is performed on a 1D grid of length L, with grid elements of 

length Δ=10 µm. As explained above, the 1D framework is based on the radial symmetry 

of the experimental system, and the computational domain should be interpreted as a 

radial section of the expanding colony with the leftmost grid element corresponding to 

its center. Here, we impose the assumption that all cells within the same grid element 

have identical intracellular contents (i.e., they harbor identical T and L concentrations). 

Consequently, the equations for T and L are solved locally in each grid element, 

provided that at least one cell is present. On the other hand, the equation for A is solved 

over the entire spatial domain. T and L have units of #/cell. A has units of #/Δ. As an 

initial condition, one hundred seeding cells are placed uniformly throughout the 10 

leftmost grid elements at a concentration of 10 cells per element. Each seeding cell 

initially contains 100 T7 RNAP molecules and 1 lysozyme molecule. 
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Figure 36: Effect of perturbing gene expression capacity φ. φ was perturbed by 

multiplicative factor α (base condition: α=1). a) Average mCherry ring radii obtained 

at 25 hours for 1D simulations of microcolonies growing for α=1, 2, 3, and 4. All of the 

mCherry ring radii were calculated in the same manner as described in Main Fig. 1. 

The error bars represent standard error among eight replicates. b)-e) Heat maps 

displaying T7 lysozyme for varying distance (x-axis) over time (y-axis) for the 

simulations with α=1 (b), 2 (c), 3 (d), and 4 (e). The intensity values represent the 

number of T7 lysozyme molecules per cell across the 1D spatial domain.  

 

The simulation of cell dynamics is built upon a previously established 

framework [148, 149], and is carried out based on a set of rules chosen empirically to 



 

107 

capture the proliferation and jump dynamics of the cells. For each time step Δt = 1 min, 

one of two potential actions can be taken for each grid element that harbors at least one 

cell: division or movement, chosen randomly with equal probability. If division is the 

chosen event, a new cell is generated with probability 

, 

increasing the cell number from c to c+1 in the respective grid element. 

Consequently, the intracellular contents summed up over c cells (before division) are 

distributed equally among (c+1) cells. If movement is the chosen event, one cell inside 

the grid element moves with probability 

 

into one of the two adjacent grid elements. If both adjacent grid elements have 

fewer cells than the central element, the moving cell chooses one of the two elements to 

move into with equal probability; if only one adjacent element has fewer cells, the 

moving cell moves into that element; if neither element has fewer cells, no jump takes 

place. The cells in the leftmost grid element can only jump to the right. As long as a 

jump occurs, the cell number in the original grid element is reduced by one. 

Consequently, the total number of each intracellular molecular species summed over the 

c cells (before movement) in the destination grid element and the moving cell is divided 



 

108 

equally among the (c+1) cells (after movement) in the destination grid element; the 

intracellular contents (T and L per cell) of the remaining (c-1) cells in the original grid 

element are unchanged. Note that both the division and jump probabilities decrease 

with increasing intracellular lysozyme and T7 RNAP concentration.  and  are 

parameters controlling the baseline motility and growth potentials. 

To constrain our model, we use literature values where available (see references 

in Table 1), and choose the remaining parameters (within a reasonable range) in such a 

way that the simulated dynamics capture the salient features of the experimentally 

observed system. We expect that the critical role played by the uniformly distributed 

morphogen can be coupled to a wide array of intracellular and intercellular chemical 

and physical interactions to generate sophisticated yet controllable patterns. The exact 

pattern may depend on the specifics of the chemical and physical interactions, yet the 

controllability of the pattern actuated through the uniformly distributed morphogen is 

generally applicable and not restricted to our specific circuit. 

 

Data Processing 

For the experimental data presented in Figures 17, 28, and 34 and Figure 21-24 

34, and 35, the RFP imaging was done with the excitation filter set to 546/12 and the 

emission filter set to 605/75.  The CFP imaging was done with the excitation filter set to 

436/20 and the emission filter set to 480/40. The exposure levels were chosen 
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independently for each image to avoid saturation, except in the case of Figure 17 and 23, 

where the exposure settings were kept constant.   

An edge detection algorithm was used to segment the core of the microcolony 

based on the phase image. The center of the microcolony was then calculated as the 

centroid of the microcolony core. For Figure 17, the intensity values were calculated by 

averaging across all angles spanning 0 to 2π after subtracting for background. For 

Figures 28, 32, and 34, the intensity values were then calculated by averaging across all 

angles of a sector at fixed radii after subtracting for background. mCherry ring radius 

was defined as the radius corresponding to the maximum running average of mCherry. 

Sectors were chosen to avoid edges of the droplet and interference from other 

microcolonies growing in the same well. For Figure 28E, some microcolonies were so 

large such that a microcolony core did not appear within the frame of the image. In these 

cases, another algorithm was used to quantify mCherry ring radius. The algorithm 

calculated the running average of mCherry across the whole image, excluding edges of 

the droplet. Then, the maximum running average of mCherry was indexed by location 

for each horizontal row in the image. A function relating this location to vertical distance 

was fitted to an equation for a perfect circle. Based on this best-fit function, the mCherry 

ring radius was extrapolated. All of these data analyses were conducted using custom 

code in MATLAB. In addition, single microcolonies per well were excluded from the 

data analysis process since their dynamics were significantly different in that the 
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mCherry rings emerged later and were of larger size than other samples under the same 

condition (see Figure 35). Furthermore, microcolonies were initially excluded from being 

imaged if they rested too close to the edge of the droplet or were too close in proximity 

to another microcolony. In total, for Figure 28C, seven, ten, nine, and five samples were 

analyzed for the 0, 10, 30, and 100 nM AHL data points, respectively. For Figure 28E, 

three, six, and six samples were analyzed for the 5-µl, 10-µl, and 15-µl droplet data 

points, respectively.  

All of the processing of the simulation results was done in the same manner 

described above for the experimental data.  However, all molecule and cell numbers 

were taken directly from the 1D spatial domain as opposed to being averaged across 

angles.  

Table 1: Definition of model parameters and base parameters 

Parameter Description Basal Value 

kT0 Synthesis rate of T7 RNAP 20 #/(cell·min) 

KT Half-activation threshold of T7 RNAP 10 #/cell [156] 

dT Decay rate of T7 RNAP 5*10-3 /min [156]† 

kA0 Synthesis rate of AHL 32 #/(cell·min) 

KA Half-activation threshold of AHL 20 nM [158]†† 

dA Decay rate of AHL 5*10-3 /min [162] 

kL0 Synthesis rate of T7 lysozyme 95 #/(cell·min) 

KP Half-inhibition threshold of T-L complex 50 #/cell 

KTL Dissociation constant for T-L complex 0.02 # [160] 

dL Decay rate of T7 lysozyme 2.4*10-4 /min 

Da Diffusivity of AHL 6.7*105 µm 2/min 

 

Cell division probability parameter 767 

 

Cell movement probability parameter 2*104 
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m Hill coefficient of AHL binding to the pluxI 

promoter 

2 

 

Half-activation distance for synthesis 6.5Δ 

 

Basal synthesis 0.1  

γ Hill coefficient for distance dependency 5 

 

Hill coefficient for T7 lysozyme burden 10 

 

Hill coefficient for T7 RNAP burden 2 

 

Half-inhibition level of T7 lysozyme on growth 5*104 

 

Half-inhibition level of T7 RNAP on growth 1.4*104 

 

Half-inhibition level of T7 lysozyme on motility 620 

 

Half-inhibition level of T7 RNAP on motility 3 

†- The value used in this publication was 0.003 1/min. Our value is within 2-fold. 

††- The value measured in this publication was 10 nM. Our value is within 2-fold. 

Table 2: Primers used 

Amplified 

Region 

Direction Sequence (5’� 3’) 

Reverse pT7-

pLux-mCherry 

Forward ATTGAGAATTCTATAGTGAGTCGTATTATCATGA 

GTCACACTATTGTATCGCTGGGAAT 

Reverse pT7-

pLux-mCherry 

Reverse  ACATAGCCAGTAACTCGAGGCTAGCTAGTCAAGCTTTTAC

TTGTACAGCTCGTCC 

LacI Forward ACTAGCTAGCCTCGAGTTACTGGCTATGTGATAGCGCCCG

GAAGAGAGTC 

LacI  Reverse ATTGCGACGTCCCTCGCCGAAAATGACCCAGA 

T7 lysozyme Forward ACTAAGACGTCCGCCCAGTCCTGCTC 

T7 lysozyme Reverse ACGGAGCTAGCGGAAAGGAGGAAAGAAATAATGGCTC 
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