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ABSTRACT 17 

 18 

Biological processes are highly dynamic and are regulated by genes that connect with one and 19 

another, forming regulatory circuits and networks. Understanding how gene regulatory circuits 20 

operate dynamically requires monitoring the expression of multiple genes in the same cell. 21 

However, it is limited by the relatively few distinguishable fluorescent proteins. Here, we 22 

developed a multiplexed real-time transcriptional imaging method based on two RNA stem-23 

loop binding proteins, and employed it to analyze the temporal dynamics of synthetic gene 24 

circuits. By incorporating different ratios of MS2 and PP7 stem-loops, we were able to monitor 25 

the real-time nascent transcriptional activities of up to five genes in the same cell using only 26 

two fluorescent proteins. Applying this multiplexing capability to synthetic linear or branched 27 

gene regulatory cascades revealed that propagation of transcriptional dynamics is enhanced by 28 

non-stationary dynamics and is dictated by the slowest regulatory branch in the presence of 29 

combinatorial regulation. Mathematical modeling provided further insight into temporal multi-30 

gene interactions and helped to understand potential challenges in regulatory inference using 31 

snapshot single-cell data. Ratiometric multiplexing should scale exponentially with additional 32 

labelling channels, providing a way to track the dynamics of larger circuits.  33 

 34 
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INTRODUCTION 40 

 41 

Gene regulatory networks play critical roles in orchestrating diverse biological processes1,2, 42 

from embryo development to tissue homeostasis, and network malfunction can lead to abnormal 43 

phenotypes and diseases3–5. To interfere with dysregulated processes and to precisely engineer 44 

cells, it is critical to understand the structure and function of the underlying gene regulatory 45 

networks or the core circuits in the networks6–10. Complementary to population-level assays 46 

that investigate networks by averaging across cells, single-cell approaches can offer unique 47 

insights into the structure and function of gene circuits and networks11–17. Nevertheless, new 48 

single-cell approaches, especially those that provide temporal dynamical information, are 49 

needed to systematically understand circuits and networks. 50 

 51 

A growing list of studies has demonstrated the crucial roles of temporal dynamics in gene 52 

circuits and networks. For example, it has been shown that some critical biological processes 53 

are controlled by regulatory circuits that are highly dynamic, including differentiation18, 54 

development19, and stress response20. In these systems, the temporal dynamics of regulators, 55 

rather than the levels of their expression, have been suggested to control cell fate11–13. More 56 

recently, coordinated transcriptional bursting of multiple genes within a network has been 57 

suggested to underlie the transition into physiologically important cell states such as drug 58 

resistance in cancer21,22. Thus, studying the temporal dynamics of circuits and networks at the 59 

single-cell level is necessary for understanding their functions. 60 

 61 

Arguably the most direct approach for analyzing gene circuit dynamics would be to monitor 62 

the temporal changes in gene expression for all circuit components within the same single cell23–63 

25. Along this direction, multiplexed time-lapse imaging techniques based on fluorescent 64 

reporter proteins have been developed for real-time quantifications of multiple genes of interest 65 

in natural or synthetic circuits26–30. However, this type of technique faces limitations, including 66 

the limited number of distinguishable fluorescent proteins31 and the difficulty of capturing fast 67 

gene regulatory signals. The latter limitation arises because fluorescent protein expression level 68 

reflects both transcriptional and post-transcriptional regulation, and fast transcriptional 69 

dynamics could be averaged away. Furthermore, the relatively slow and variable maturation 70 

rates of fluorescent proteins add an additional layer of complexity23,32,33. Therefore, alternative 71 

methodologies for monitoring fast temporal dynamics of gene circuits would be desirable. 72 

 73 

In this work, towards the goal of temporal and scalable interrogation of gene circuits, we 74 

introduce a multiplexed transcriptional reporter system based on two phage-derived RNA 75 
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binding proteins, MCP (bacteriophage MS2 coat protein34,35) and PCP (bacteriophage PP7 coat 76 

protein36). These two RNA binding proteins have been used in conjunction with their cognate 77 

RNA stem-loops to enable real-time quantitative imaging of transcriptional activities in 78 

different biological systems across organisms34,35,37,38,36,39–44. Based on the orthogonality of 79 

these two RNA binding protein systems, which was demonstrated in previous work39,45–49, we 80 

devised a ratiometric barcoding scheme by incorporating different ratios of MS2 and PP7 stem-81 

loops, and achieved multiplexed reporting of the transcriptional activities of up to five genes in 82 

a circuit using only two fluorescent colors. This methodology allowed us to simultaneously 83 

monitor multi-gene interactions over a long period of time inside the same single mammalian 84 

cells. Through temporal, multiplexed analysis of synthetic gene circuits containing linear or 85 

branched regulatory cascade, we uncovered characteristics and limits for transcriptional burst 86 

propagation, and discovered that burst propagation is imbalanced for different branches of a 87 

cascade. The quantitative time-lapse data also allowed us to extract kinetic parameters, and to 88 

construct mathematical models that recapitulate the measured dynamics. Together, we envision 89 

that this method, as well as the integrated approach for analyzing gene circuit dynamics 90 

presented here, should enable multiplexed temporal decoding of other gene regulatory systems 91 

in single cells. 92 

 93 

 94 

RESULTS 95 

 96 

Design of a multiplexed transcriptional reporter system 97 

 98 

To analyze the fast temporal dynamics in gene circuits using time-lapse imaging, we need a 99 

reporter system that (a) can report real-time transcriptional activities of genes; (b) is scalable to 100 

allow multiplexed temporal analysis of multiple genes in the same cell; and (c) uses as few 101 

fluorescent channels as possible in order to reduce phototoxicity caused by light illumination. 102 

 103 

After surveying existing live-cell transcriptional reporter systems50,51, we chose to construct our 104 

system based on two widely-used RNA binding protein systems MCP/MS2 and PCP/PP7, 105 

because they have been shown to enable co-localized and quantitative detection of single 106 

mRNAs39. To enable multiplexing, we leveraged the spatial dimension, as the nascent 107 

transcription occurs in a defined genomic locus, and proposed a ratiometric barcoding scheme 108 

(Fig. 1A) that would allow quantifying multiple spatially-separated nascent transcription sites 109 

(Fig. 1B). The fluorescence intensity ratios of these nascent sites would be uniquely mapped to 110 
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individual genes in a circuit, enabling temporal, multiplexed circuit analysis (Fig. 1C). Such a 111 

reporter system would satisfy the preceding requirements as follows: a) RNA binding protein-112 

based transcriptional reporter systems allow quantifications of nascent transcriptional activities; 113 

b) these systems are modular and can be used in combination, thus enabling scalability and 114 

multiplexability; c) only two fluorescent proteins that are separately fused to MCP and PCP are 115 

needed.  116 

 117 

Testing the multiplexed transcriptional reporter system 118 

 119 

As a pilot experiment, we transiently transfected reporter plasmids into U2OS cells and tested 120 

whether different barcodes could be distinguished (Methods; see Supplementary Fig. 1A-B 121 

for illustration of experimental and analysis workflows). In cells separately transfected with 122 

each of five barcode-containing genes, we observed clear nascent transcription sites upon the 123 

addition of the inducer (doxycycline), where barcodes were bound by MCP and/or PCP 124 

molecules (Supplementary Fig. 1C). The two RNA binding proteins are indeed orthogonal in 125 

our cell line as previously reported 39,45–49, i.e., PCP does not bind to MS2 arrays while MCP 126 

does not bind to PP7 arrays (Supplementary Fig. 1C). Further quantifications of the two 127 

fluorescent protein intensities at the nascent transcription sites showed clear separations of the 128 

five different barcodes (Supplementary Fig. 1D).  129 

 130 

Because temporal circuit analysis requires time-lapse imaging for a long duration (> 10 hours), 131 

we next constructed stable cell lines containing ratiometrically barcoded reporter genes and 132 

tested the long-term performance of the barcodes using microscopy (see Supplementary Fig. 133 

1A for workflow). The integration of barcoded genes was accomplished by using piggyBac 134 

transposase (Methods). Reassuringly, the RNA stem-loop cassettes provided multiplexing 135 

capabilities in stable cell lines (Fig. 2A-B, Supplementary Fig. 2A) as in transiently 136 

transfected cells (Supplementary Fig. 1C-D), and we could capture the temporal activation 137 

and deactivation events at the nascent transcription sites (Fig. 2A, Supplementary Video 1).  138 

 139 

We further asked whether multiple ratiometric barcodes could be resolved inside the same 140 

single cells during imaging. We constructed stable cell lines, each integrated with two genes 141 

separately fused with distinct barcodes. By conducting time-lapse imaging on these cell lines, 142 

we could monitor and track the nascent transcription sites of different genes in the same cells 143 

over time (Fig. 2C, Supplementary Fig. 2B, Supplementary Video 2), and resolve spatially 144 

separated barcodes with two fluorescent colors (Fig. 2D, Supplementary Fig. 2C). Note that 145 
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we often observed multiple integration events for each barcoded gene (e.g., Supplementary 146 

Fig. 2B), a commonly observed outcome for piggyBac-mediated plasmid integration52. 147 

Furthermore, temporal recordings of the barcodes are necessary for the accurate determination 148 

of barcode identities, as data from single time points might deviate from the average behavior 149 

(see Fig. 2D for an example allele). Together, these data indicated that we could use the 150 

barcodes to analyze the temporal dynamics of multi-gene circuits (Fig. 1C).  151 

 152 

Multiplexed analysis of a synthetic three-gene circuit 153 

 154 

We sought to study the temporal behaviors of gene circuits with the reporter system. We focused 155 

on synthetic gene circuits, as we could analyze synthetic circuits with known regulatory 156 

interactions and relatively low interference from the host cell, allowing us to extract quantitative 157 

parameters and construct mathematical models of circuit dynamics. Additionally, because static 158 

single-cell expression data has been widely used for inferring regulatory relationships between 159 

genes17,53, temporal data from synthetic circuits would allow us to analyze whether and how the 160 

measurement timing of the snapshot data affects the inference of regulatory interactions, which 161 

could help to identify limitations when reconstructing regulatory relationships using static data. 162 

 163 

Because two prominent features of human gene regulatory network are the hierarchical 164 

organization of transcription factors and the combinatorial regulation of genes54, we sought to 165 

construct and analyze synthetic circuits that recapitulate these features. We first constructed a 166 

monoclonal U2OS cell line containing a three-gene circuit constituting a hierarchical 167 

transcription factor cascade, where the external signal (doxycycline) is transmitted to an 168 

‘effector’ protein (i.e., YFP) through two synthetic regulators, LacI-VP64 and Gal4-VP64 (Fig. 169 

3A). These synthetic regulators were constructed with microbial (LacI, lac repressor from E. 170 

coli; Gal4, DNA binding domain of Gal4 from budding yeast) or viral components (VP64, four 171 

tandem copies of VP16 from Herpes simplex virus). For simplicity, we hereafter refer to the 172 

first regulator LacI-VP64 as gene A, the second regulator Gal4-VP64 as gene B, and the third 173 

protein YFP as gene C. For multiplexed detection, genes were fused with distinct ratiometric 174 

barcodes that can be distinguished by MCP and PCP intensity ratios (Supplementary Fig. 3A). 175 

Upon doxycycline addition, we observed that the three genes were transcriptionally activated 176 

in apparently sequential order over a time course of ~24 hours and the YFP signals emerged at 177 

later time points (Fig. 3B-C, Supplementary Video 3). Both population-averaged dynamics 178 

(Supplementary Fig. 3B) and cross-correlation functions (Supplementary Fig. 3C) indicated 179 
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temporal signal transmission from gene A to gene B, and then to gene C, suggesting that this 180 

circuit transmits dynamic signals through cascading activation of circuit components.  181 

 182 

The data above prompted questions regarding the quantitative behaviors of the circuit dynamics, 183 

for example, how external signal temporally transmits along the cascade. To address this, we 184 

first focused on gene A of the cascade, which is activated by a regulator (i.e., rtTA55, rTetR-185 

VP48) that is post-translationally switched on by the external signal, doxycycline. These 186 

regulatory interactions resemble how nuclear receptors activate downstream target genes in 187 

response to extracellular signals such as steroid hormones56.  188 

  189 

By analyzing the time it takes for gene A to activate in response to the external signal (i.e., 190 

doxycycline addition), we found that the response time (i.e., the time from signal addition to 191 

the first transcriptional burst) of gene A is exponentially distributed (Fig. 3D), indicative of a 192 

rate-limiting reaction step dictating the transmission from doxycycline to gene A. Because 193 

doxycycline switches on the DNA binding capacity of the regulator rtTA and its concentration 194 

affects the response time of gene A (Fig. 3D, Supplementary Fig. 3B), this rate-limiting step 195 

could result from the rtTA-dependent alternation of the chromatin state. To test this, we 196 

performed the experiment in the presence of TSA (trichostatin A, a histone deacetylase 197 

inhibitor), and found that the response time distribution was perturbed (Supplementary Fig. 198 

3D). In addition to delaying the response of gene A, TSA also reduced its expression level 199 

(compare Supplementary Fig. 3E with Supplementary Fig. 3B). These results suggest that 200 

chromatin state alteration could be the rate-limiting step for the activation of the gene from the 201 

initially off state. Such TF-dependent chromatin state alternation has been described in models 202 

of quantitative gene regulation57,58. We noted that TSA slowed down gene activation and 203 

reduced gene activation level, suggesting that inhibiting histone deacetylation could reduce the 204 

expression of certain genes59–61. Thus, these results indicate that epigenetic mechanisms likely 205 

play a key role in shaping the kinetics of target gene activation in this synthetic cascade. 206 

 207 

Analyzing temporal multi-gene interactions in the linear cascade 208 

 209 

Because this synthetic circuit captures the hierarchical organization of human transcription 210 

factors54, understanding how the synthetic regulators temporally interact with each other could 211 

shed light on the temporal organization of human transcription factor network. To dissect the 212 

temporal interactions between synthetic regulators, we analyzed the propagation of 213 

transcriptional bursts in the cascade. Analogous to analyzing spike propagation between 214 
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neurons in a neural circuit62, analyzing the propagation of bursts between genes in a gene circuit 215 

could reveal the extents and characteristics of temporal gene-gene interactions.  216 

 217 

We first asked whether and how the initial transcriptional burst of gene A could propagate to 218 

gene B. The distribution of time delay between the first burst of gene A and the first burst of 219 

gene B (i.e., the response time distribution of gene B) was peaked (Fig. 3E top), as with the 220 

response time of gene C (Fig. 3E bottom). In contrast to the exponential response time 221 

distribution of gene A (Fig. 3D), peaked distributions indicate the presence of better-defined 222 

timescale for the transmission of dynamic signals, which is mostly unaffected by doxycycline 223 

concentration (Supplementary Fig. 3F). We reasoned that how upstream regulator is activated 224 

would affect the shape of response time distribution of the downstream gene. More specifically, 225 

the regulator for gene A (i.e., rtTA, Fig. 3A) was already expressed when doxycycline was 226 

added, and thus the regulator can quickly activate gene A without delay, whereas the regulators 227 

for B and C were induced to express and needed to accumulate to sufficient concentrations, 228 

resulting in a relatively well-defined time delay from the regulator’s first transcriptional burst 229 

to the target gene’s first transcriptional burst. 230 

 231 

Importantly, the observation of peaked response time distribution may not necessarily indicate 232 

the presence of regulatory interactions, as such a distribution could also result from other 233 

scenarios, for example, two unrelated genes being independently and separately activated by 234 

two temporally spaced signals. Therefore, we reasoned that an alternative quantification of burst 235 

propagation is necessary for studying temporal gene-gene interaction at the level of individual 236 

bursts (Fig. 3F). We noticed that the relationship between burst starting times of two genes 237 

could allow assessing the presence or absence of gene-gene interaction (Supplementary Fig. 238 

4A). We thus generated scatter plots of the starting time of the upstream gene’s first burst versus 239 

the starting time of its immediate downstream gene’s first burst, and found that for both gene 240 

pairs, the two starting times are significantly correlated (Supplementary Fig. 4B). The data 241 

points are along a line that is mostly parallel to the diagonal (Supplementary Fig. 4B), 242 

recapitulating the peaked response time distributions (Fig. 3E). These results indicate that the 243 

first burst of the upstream regulator gene can propagate to the downstream target gene.  244 

 245 

To examine the propagation of subsequent bursts, we computed analogous correlations for 246 

additional bursts of upstream and downstream genes (Fig. 3G left). Unexpectedly, we found 247 

that the correlations are insignificant (Fig. 3G right), suggesting that these successive bursts of 248 

upstream genes were not effectively propagated downstream.  249 
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 250 

Constructing a kinetic model using multiplexed temporal data 251 

 252 

To explain these perplexing dynamics and gain further insight into the temporal circuit 253 

dynamics, we next sought to describe the circuit behaviors with a chemical kinetic model. We 254 

needed to use a three-state model to describe the transcriptional bursting dynamics of gene A 255 

(Supplementary Fig. 5A), whose state transition rate constants can be inferred from dwell time 256 

distributions (Supplementary Fig. 5B). The rationale for using a three-state model is because 257 

that the initial OFF state is different from the later OFF state based on the differences in their 258 

dwell times. More specifically, by examining the time from doxycycline addition to the first 259 

burst of gene A, we could infer the activation rate constant kon1 for this reaction (Fig. 3D). By 260 

plotting the dwell time distributions for the subsequent burst events, we found that the 261 

distributions for both ON and OFF states are exponential (Supplementary Fig. 5C), indicative 262 

of the presence of single rate-limiting steps for both state transition reactions. Notably, the rate 263 

of OFF to ON switch (Supplementary Fig. 5C bottom) is much faster compared to the switch 264 

from the initial OFF state to ON (Fig. 3D), supporting the use of a three-state model. 265 

Mechanistically, the difference in the switching rates from the two OFF states to the ON state 266 

could arise from the difference in chromatin states, because cells were maintained in a 267 

doxycycline-free medium prior to experiments and the promoter had remained silenced for an 268 

extended period of time before adding doxycycline. 269 

 270 

We next asked whether a three-state model is necessary for describing the dynamics of genes B 271 

and C, or in other words, whether all genes in the circuit need to be described by two OFF states. 272 

We thus needed to extract the rate constants for OFF to ON transitions for both genes B and C. 273 

As discussed above, the activation of the first transcriptional burst for gene A is kinetically 274 

different from that for gene B or C, as reflected by the response time distributions (Fig. 3D-E). 275 

For both genes B and C, their regulator concentrations are changing during the activation of 276 

their first bursts. Because these reactions are non-stationary, we performed maximum-277 

likelihood estimations of their rate constants (Supplementary Fig. 5D and Methods). Of note, 278 

there appear to be two distinct types of gene B loci that have different activation kinetics 279 

(Supplementary Fig. 5D left, see Methods). For the subsequent bursts, we estimated the rate 280 

constants from the dwell time distributions (Supplementary Fig. 5E). By doing so, we found 281 

that the rate constants for activating the first burst are slower than that for activating the 282 

subsequent bursts for genes B and C, which suggests the necessity of using three-state models 283 

for describing both genes (Supplementary Fig. 5A). 284 
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 285 

Besides state transition rate constants, additional parameters are needed to describe the circuit 286 

dynamics. For example, we needed to estimate RNA synthesis rate during the ON state. Because 287 

each burst produces an integer count of pre-mRNA molecules, we estimated each molecule’s 288 

fluorescence intensity by performing fast Fourier transforms on the density function of the bust 289 

amplitude (Supplementary Fig. 5F), allowing us to approximately estimate RNA synthesis 290 

rate (Methods).  291 

 292 

Together, based on the experimental time-lapse data, we parameterized three-state models for 293 

describing transcriptional bursting dynamics of each gene in the synthetic three-gene circuit, 294 

allowing us to investigate further what parameters affect the propagation of dynamic signals in 295 

the cascade.  296 

 297 

Dissecting temporal gene-gene interactions using model simulations 298 

 299 

Using the model, we performed stochastic simulations to study the temporal transcriptional 300 

dynamics of the circuit in response to a step signal analogous to the experiment (Methods). We 301 

successfully recapitulated key features of the experimental data, including the sequential 302 

activation of transcriptional bursts in the cascade (Supplementary Fig. 6A-B), and 303 

exponentially or peaked response time and dwell-time distributions (Supplementary Fig. 6C), 304 

which are unaffected when doubling the value of KT parameter (Supplementary Fig. 6D). The 305 

simulated results also captured the propagation of the first, but not subsequent, burst of 306 

transcription from the upstream gene to its immediate downstream target (Supplementary Fig. 307 

6E top).  308 

 309 

By examining the simulated temporal traces of molecular species in the circuit, including 310 

mRNA and protein (Supplementary Fig. 6B), we sought to identify parameters influencing the 311 

transmission of dynamic bursts from the upstream regulator to downstream target. Focusing on 312 

the interaction between A and B, we speculated that the transmission of burst from A to B occurs 313 

only during the transient stage of the circuit’s response to the external signal, or when the 314 

protein level of gene A has not yet saturated gene B’s dose response curve. In contrast, when 315 

protein A level saturates, additional bursts of gene A’s transcription would not alter the kinetics 316 

of gene B’s bursting. To test this hypothesis in silico, we performed the simulation by lowering 317 

mRNA and protein stabilities of gene A (Methods), and observed an overall enhanced 318 

propagation of bursts (Supplementary Fig. 6E-F). The result indicates that the propagation of 319 
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transcriptional burst from the upstream regulator to downstream target is enhanced when the 320 

dynamics is more non-stationary. 321 

 322 

While simulations provided insights into the propagation of dynamic transcriptional bursts in 323 

this linear cascade, our model cannot capture the observation that gene A appears to be switched 324 

off at later time points in some cells even in the presence of doxycycline (Fig. 3C and 325 

Supplementary Fig. 3B), indicating that mechanisms in addition to transcription factor binding 326 

likely control the activity state of the gene. 327 

 328 

Interrogating temporal interactions in the presence of combinatorial regulation 329 

 330 

We next sought to construct and analyze a different synthetic circuit to interrogate how 331 

transcription factors temporally interact in the presence of hierarchical organization and 332 

combinatorial regulation, i.e., the two features of human gene regulatory network54.  333 

 334 

We constructed a monoclonal U2OS cell line containing a five-gene circuit constituting a 335 

branched regulatory cascade (Fig. 4A). This circuit can respond to an external signal (i.e., 336 

doxycycline), and the last gene is combinatorially regulated by two upstream regulators, which 337 

acts as a three-input AND gate (two regulators plus rapamycin). Using this circuit, we can study 338 

how dynamic regulatory signals are propagated along two parallel branches and whether logic 339 

gate shapes burst propagation. With five distinct barcodes (Fig. 4A), we were able to resolve 340 

five genes in single cells (Supplementary Fig. 7A), and quantify the transcriptional dynamics 341 

of each gene in response to a step increase in the external signal (Fig. 4B-C, Supplementary 342 

Video 4). Population-averaged trajectories (Fig. 4D) revealed sequential and cascading 343 

activation over a time course of >1.5 days. Interestingly, the two parallel branches appeared to 344 

be activated at different rates (i.e., gene B and gene E were not synchronously activated, see 345 

Fig. 4D).  346 

 347 

To quantify signal propagation through the AND gate (Fig. 4E), we performed correlation 348 

analysis analogous to the three-gene circuit (Supplementary Fig. 4B) between the two 349 

upstream regulators (gene B and gene E) and their co-regulated target gene (gene C). Note that 350 

when rapamycin is present throughout the time course, the three-input AND gate effectively 351 

becomes a two-input AND gate. We found that the target gene C's first burst exhibited a 352 

significant correlation with its upstream regulator gene B (Fig. 4F), but not with its other 353 

regulator gene E (Fig. 4G). Because target gene C can only be turned on when these two 354 
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regulators are both present (Fig. 4A), such an imbalanced dynamic transmission is likely due 355 

to the slower arrival of gene B’s first burst compared to that of gene E (Fig. 4C-D), suggesting 356 

that the slowest-expressing regulator in this AND gate determines the initial burst timing of the 357 

target gene. 358 

 359 

To test this picture, we sought to artificially control the timing of the rapamycin signal, which 360 

is an input signal of the AND gate and can be externally manipulated (Fig. 4A). Because the 361 

arrival time of the target gene C’s first burst is between 600~2000 min in the preceding 362 

experiment (Fig. 4F-G), we hypothesized that administering rapamycin signal within this time 363 

window would set a lower temporal bound for target gene’s response (Supplementary Fig. 364 

7B). As expected, we found that adding rapamycin at ~1000 min, instead of adding rapamycin 365 

at time zero in the preceding experiment, caused the target gene C to delay its first burst until 366 

after the rapamycin signal (Supplementary Fig. 7C). Importantly, gene C still exhibited a 367 

significant correlation with its regulator gene B (Supplementary Fig. 7C), but not with its 368 

other regulator gene E (Supplementary Fig. 7D), indicating the robustness of imbalanced burst 369 

propagation to the perturbation of the rapamycin signal.  370 

 371 

Together, these results demonstrated that the propagation of bursts of upstream regulators to 372 

their downstream targets may depend on other regulatory inputs controlling the target, and that 373 

a regulatory relationship between two genes may not necessarily result in a correlational 374 

relationship between them. 375 

 376 

 377 

DISCUSSION  378 

 379 

Gene regulatory circuits are inherently dynamic, yet there have been few tools for temporal 380 

analysis of complex gene circuits in single cells, partially due to the limited number of 381 

distinguishable fluorescent proteins. In this work, we developed a multiplexed transcriptional 382 

imaging method based on ratiometric RNA labeling using PP7 and MS2 stem-loops. We 383 

showcased the capability of this method by interrogating multi-gene interactions in synthetic 384 

circuits that recapitulate prominent features of human gene regulatory network54 such as 385 

hierarchical organization and combinatorial regulation. 386 

 387 

Compared to analyzing genetic circuits at the level of protein products by using fluorescent 388 

proteins23–25, analyzing circuits at the level of transcriptional activities provides several 389 

advantages. Importantly, transcriptional activity-level analysis avoids influences from post-390 
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transcriptional regulation, yielding direct information regarding gene regulation. Compared to 391 

other tools for RNA imaging51,63,64, although RNA stem-loop-based approach requires relatively 392 

more complicated cloning and genetic manipulation procedures, it allows multiplexed 393 

barcoding and quantitative reporting of nascent transcriptional activities. With this method, one 394 

could examine multi-gene circuits in the same single cells at a high temporal and spatial 395 

resolution.   396 

 397 

While temporal gene-gene interactions can also be studied with fluorescent protein-based 398 

reporters29,65, the current approach describes multi-gene interactions at the level of nascent 399 

transcriptional activity bursts. With such a temporal resolution, we revealed that gene-gene 400 

interactions can be best captured during the non-stationary phase of the system (i.e., when the 401 

dynamics have not yet reached a steady state) (Fig. 3F-G). This finding suggests that it is 402 

critical to consider the measurement timing when inferring gene regulatory relationships using 403 

static single-cell snapshots (such as single-cell RNA-seq data). More specifically, considering 404 

the linear gene regulatory cascade in Fig. 3A, one could not obtain a high correlation between 405 

the regulator gene and the target gene when their mRNA (or protein) levels in individual cells 406 

are measured at later time points of the time course (Supplementary Fig. 8 and Methods). 407 

Additionally, gene-gene interaction can also be influenced by combinatorial regulatory logic 408 

(Fig. 4). Altogether, we illustrated several scenarios where a casual regulatory relationship 409 

might not necessarily confer a correlational behavior, highlighting potential challenges for 410 

inferring gene regulatory relationships using static single-cell gene expression data17,53.  411 

 412 

We believe that the presented method should be highly scalable by incorporating additional 413 

RNA binding proteins66, other RNA labeling techniques64, or new multiplexing modalities. 414 

While it currently utilizes two channels to analyze five genes simultaneously, further 415 

developments towards expanded multiplexing capacity may allow one to temporally decode 416 

large natural or synthetic regulatory networks in live single cells. 417 

 418 

 419 

MATERIALS AND METHODS 420 

 421 

Plasmid construction 422 

All PP7/MS2 barcode cassettes were constructed from two building blocks, i.e., 2xPP7 stem-423 

loops and 2xMS2 stem-loops, which were based on the literature 49 and were synthesized.  Due 424 

to the repeated nature of the sequences, cassettes were cloned based on isocaudomers digestion 425 

and T4 ligase ligation (NEB), and were checked by Sanger sequencing. Other plasmid 426 
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components (see Supplementary Table 1) were synthesized or PCR amplified with PrimerSTAR 427 

MAX DNA polymerase (TAKARA) and checked by Sanger sequencing. Backbones were 428 

linearized with restriction endonucleases (NEB). All the DNA fragments were cloned into 429 

plasmids by Gibson assembly or by ligation using T4 ligase (NEB). Plasmids were replicated 430 

in DH5α cells (CWBIO) using standard protocols. Transgenes were cloned into the plasmids 431 

from the PiggyBac transposon system, except PCP-3×mCherry and MCP-3×CFP, which were 432 

cloned into the plasmids from the lentiviral packaging system (a gift from P. Wei). DNA 433 

sequences of barcodes and synthetic components used in our synthetic circuits are listed in 434 

Supplementary Table 1. 435 

 436 

Cell transfection and viral transduction 437 

Transgenes were integrated using standard transfection or electroporation protocols, except for 438 

PCP-3×mCherry and MCP-3×CFP, which were integrated into U2OS cells through viral 439 

transduction. For viral transduction, lentiviral particles were produced by transient transfection 440 

of HEK-293T cells using polyethylenimine MW 25 000 (PEI, Polyscienc). U2OS cells were 441 

then transduced with lentiviral particles and were harvested 2 days post-transduction. Stable 442 

cell lines were constructed and utilized for subsequent integrations of synthetic genes carrying 443 

barcode cassettes. For transient transfections or stable integrations of single barcodes into 444 

U2OS cells, plasmids were transfected using PEI. Transfections were performed in 12-well 445 

plates, where cells reached ~80% confluency at the day of transfection. For transfection of one 446 

well, 2 μg DNA and 6 μl of 10 mM PEI solution were used. For stably integrating dual barcodes 447 

into cells, plasmids were transfected using Lipofectamine LTX with PLUS™ (Invitrogen). 448 

Transfections were performed in 12-well plates with ~80% cell confluency at transfection. 2 μg 449 

DNA, 2 μl Plus reagent, 6.0 μl LTX reagent were used for each well. For integrating three- or 450 

five-gene synthetic circuits into cells, plasmids were transfected into cells via electroporation 451 

following manufacturer’s cell type-specific protocol (NAPA21 TypeII Electroporator, NAPA 452 

GENE). 1x106 U2OS cells were electroporated with 20 μg (three-gene circuit) or 40 μg (five-453 

gene circuit) plasmids for each reaction. Cell culture conditions were as described 44.  454 

 455 

Stable cell line construction 456 

Stable cell lines were obtained after antibiotic resistance selection and fluorescence-activated 457 

cell sorting (FACS), except that monoclonal cell lines were obtained from single cells deposited 458 

into 96-well plates using FACS. Prior to sorting, the inducible fluorescent protein was induced 459 

by adding 1 μg/ml doxycycline (Clontech) alone or together with 100 nM rapamycin 460 

(Harveybio) (for five-gene synthetic circuits) into the culture media for 12 hours (for cell lines 461 
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with one or two barcodes) or for > 24 hours (for cell lines with synthetic circuits). Note that a 462 

longer time was needed to ensure the full activation of gene cascades. Cells with positive 463 

fluorescence signals were gated and deposited by FACS. The resulting polyclonal cells or single 464 

cells were cultured and expanded in antibiotic-containing and doxycycline-free culture media  465 

 466 

Cell lines used in figures 467 

For Fig. 2A, five different polyclonal cell lines were used. Each cell line was integrated with a 468 

reporter gene fused with a distinct barcode (pTRE3G-Citrine-barcode), together with plasmids 469 

carrying rtTA for inducible expression of the barcoded reporter. For Fig. 2C and Supplementary 470 

Fig. 2B, polyclonal cell lines integrated with two types of reporter genes fused with distinct 471 

barcodes were used (pTRE3G-Citrine-2:1 and pTRE3G-iRFP-1:2, or pTRE3G-Citrine-0:1 and 472 

pTRE3G-iRFP-1:0). These cell lines were also integrated with plasmids carrying rtTA. Details 473 

of other cell lines have been appropriately described in various locations. 474 

 475 

Time‐lapse fluorescence microscopy 476 

Cells were seeded into wells of a 24-well glass-bottom plate (Eppendorf) ~12 hours prior to 477 

imaging, and reached ~60-70% confluency at the time of imaging. Time-lapse microscopy was 478 

performed on an automated inverted microscope (Nikon Ti-E) using a Plan Apo Lambda 40x 479 

objective. The microscope is equipped with a white-light LED (Lumencor SOLA), standard 480 

fluorescence filter sets (Chroma and Semrock), an automated sample stage, and a sCMOS 481 

camera (Hamamatsu ORCA-Flash4.0V2). The glass-bottom plate was maintained in an 482 

environmental chamber under 37°C and 5% CO2. Multi-color images were automatically 483 

acquired using Micro-Manager program67 at different frame rates for different types of 484 

experiments. For Single barcode experiments, the frame rates are 20 or 30 min/frame and for 485 

synthetic circuits the frame rates are 10 min/frame. Images were acquired continuously for ~10 486 

hours (for single- and dual-barcode cell lines) or for 40 hours (for cell lines with synthetic 487 

circuits). 488 

 489 

Time-lapse image analysis 490 

Fluorescence images were loaded into a custom MATLAB GUI and were analyzed semi-491 

automatically using the graphic user interface created by the software. Each nascent 492 

transcription site was first identified manually, and then the software automatically identified 493 

the pixel location with maximum fluorescence intensity. The intensity of each transcription site 494 

was calculated by subtracting the signal intensity by the background intensity. For calculating 495 

the signal intensity, a 3×3-pixel square was defined around the local maximal pixel, and the 496 
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intensities of the top four pixels were averaged. For calculating the background intensity, a 9×9-497 

pixel square was defined around the local maximal pixel, and the pixels with intensity values 498 

ranking from 20% to 50% were regarded as background pixels whose intensities were averaged. 499 

Transcription site traces were manually marked for each frame and the resulting pixel locations 500 

were automatically tracked by the program. Each gene could have multiple transcription sites, 501 

corresponding to multiple integration events. Note that there are often scenarios where the 502 

transcription site did not appear on specific frames, and the intensity of the specific gene locus 503 

for these frames would be defined as zero. 504 

Transcriptional burst is defined as a continuing series of transcription events. In our 505 

measurement, a burst starts from a frame that the intensity is larger than zero and the intensity 506 

of the last frame of the burst is zero or smaller than zero. That said, a burst ends at the first 507 

frame that the intensity is 0 or smaller than 0 after the initial frame. We can then define the burst 508 

duration and interval as the time between start and end frames, and between end and start frames, 509 

respectively. 510 

 511 

Estimation of exponential decay constant 512 

The distributions of the response time of gene A, burst interval, and burst duration of all 513 

measured genes were exponential-like. As these reactions could be single-step, we assume those 514 

distributions are exponential and we could estimate the decay constants λ by moment estimators. 515 

Because our measurements were performed every 10 minutes, the event occurring within 10 516 

minutes could not be detected. The decay constant λ of the exponential distribution is estimated 517 

by moment estimation: λ = 1/[E(x)-10], in which x is the time variable that obeys exponential 518 

distribution. 519 

 520 

Estimations of transcription rate constant 521 

To construct the kinetic model of the three-gene circuit, we needed parameters describing the 522 

rate of mRNA transcription (kT) for each gene. Because parameter kT is not as important as other 523 

parameters and the choice of its value does not affect our conclusion, we here provide a rough 524 

estimation of kT. To do so, we needed to convert the fluorescent intensity of nascent 525 

transcription sites into mRNA molecules that are being produced.  526 

Assuming that transcription occurs at a constant rate kT, the mRNA count detected within 527 

every 10-minute duration should obey Poisson distribution. Correspondingly, the distribution 528 

of fluorescent intensity should be unimodal and long-tailed. We found that the fluorescent 529 

intensity distributions are indeed unimodal and display some periodicity, indicating the 530 

presence of discrete counts of mRNA molecules with the intensity of each mRNA 531 
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corresponding to the period. To extract the potential period of such distributions, we first 532 

estimated the density of the intensity by Kernel density estimation with two different 533 

bandwidths. For gene A the bandwidths are 2 and 20, and for genes B and C the bandwidths are 534 

4 and 40. These bandwidths were chosen to better visualize the periodicity with the smaller 535 

bandwidth, and to better visualize the unimodal distribution with the larger bandwidth. We 536 

estimated the period by performing a fast Fourier transformation of the difference between these 537 

two densities. We ensured that most mRNA counts are larger than 0. After obtaining the density 538 

of mRNA counts, kT was estimated by maximum likelihood estimation. 539 

 540 

Gene B in the three-gene circuit 541 

To describe the regulatory relationship between upstream regulator and downstream target gene, 542 

we first generated scatter plots using upstream transcription rate (i.e., mean upstream gene’s 543 

transcription site intensity before the response of downstream target) versus target’s response 544 

time (Supplementary Fig. 5D). We found that gene B’s response is slower when upstream 545 

transcription rate increases, which is counterintuitive. To explain this, we found that the dots in 546 

the scatter plot could be divided into two clusters, indicating two different activation kinetics 547 

for gene B loci. We then used mixture Gaussian model to fit (MATLAB function fitgmdist) the 548 

log(upstream transcription rate) versus response time data to generate two clusters. By doing 549 

so, we effectively divided gene B loci into two distinct groups. In each group, gene B responded 550 

faster when upstream transcription rate increases. 551 

 552 

Estimation of input functions 553 

For model construction, we needed to estimate the input function that describes the dependence 554 

of kon1 of the downstream gene on upstream TF concentration. Note that in contrast to kon1, 555 

which cannot be simply estimated by steady-state data, kon was estimated by the steady-state 556 

dwell time distribution. To estimate input function, we first estimated the TF concentration. 557 

Because we only measured transcriptional activity, we assumed that translation occurs at a 558 

constant rate kP of 10 protein per mRNA per min 68, and did not consider the degradation of 559 

both mRNA and protein. We then used the cumulative sum of transcribed mRNA counts as the 560 

mRNA counts at given time points, and the cumulative sum of these counts multiplied by kP 561 

was used as TF protein counts. The rationale for doing so is that we only needed an estimation 562 

of relative, rather than absolute, protein counts.  563 

We next used a Hill equation to describe the input function: 564 

𝑘 = _ [ ]

[ ]
. 565 
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In this equation, n is the Hill coefficient, kon1_max represents the maximal rate of kon1 when TF 566 

saturates, and K represents the dissociation constant. In our experiment, we induced the 567 

expression of the TF and measured the transcriptional dynamics of both the TF and the target 568 

gene. Because TF protein accumulates over time, the turning-on event of the target gene should 569 

be modeled as an inhomogeneous Poisson process, where kon1 varies across the process. Thus, 570 

the probability of the first passage time T1 (i.e., the appearance of the first transcriptional burst 571 

of the target gene or the response time) can be described as following: 572 

P(𝑇 = 𝑡) = 𝑘 e ∫ ( ) . 573 

It is noted that when kon1 is constant, the above equation becomes: 574 

P(𝑇 = 𝑡) = 𝑘 e , 575 

which describes a Poisson process and the mean of T1 (i.e., E(T1)) equals the inverse of kon1. 576 

The TF protein count monotonically increases with time, and thus kon1 would similarly increase 577 

with time, which can be illustrated by the increase in 1/E(T1) as TF protein (or TF transcription 578 

rate) increases. Because of the relatively small sample size, we used kernel density estimation 579 

to estimate the mean of T1 at the same upstream transcription rate. We then used the preceding 580 

data to estimate the parameters kon1_max and K in the above Hill equation using maximum 581 

likelihood estimation. Note that we chose a Hill coefficient (n) of 2 in order to achieve a better 582 

performance of the estimation process.  583 

 584 

Model simulation 585 

We simulated the kinetic model for the three-gene circuit using experimentally estimated or 586 

empirical parameters. Because individual reaction steps occur as Poisson processes, an accurate 587 

method for simulating such a stochastic system would be the Gillespie algorithm69. However, 588 

it is computationally heavy and we do not need such a high temporal resolution, as we 589 

experimentally sampled the system every 10 min. A tau-leaping version of the Gillespie 590 

algorithm would help to improve the speed of simulation but it is still slow. Thus, we used 591 

Markov process to simulate this process, which could be fast when sampling every 10 min. 592 

More specifically, the products of transcription and translation reactions for every 10 min were 593 

simulated by drawing from Poisson distributions. In every 10 min, TF protein counts would 594 

determine kon1 and kon, then the probability for turning-on and turning-off events occurring 595 

within 10 min could be calculated as the dwell time distribution is exponential. To simplify the 596 

simulation, we assumed there is only one allele of each gene. The degradation rates of mRNA 597 

and protein are unknown in our experiments so we took 0.00116/min (half-life of about 10 h)  598 

as the mRNA degradation rate70, and 0.000566/min (median turnover of the human proteome) 599 

as the protein degradation rate71. 600 
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 601 

Model simulation with different protein degradation rates 602 

In Supplementary Fig. 6E-F, we aimed to study how protein degradation rate would affect burst 603 

propagation. To do so, we simulated the model of the three-gene circuit using two sets of 604 

parameters in order to compare different degradation rates. More specifically, the degradation 605 

rates of the mRNA and protein were multiplied by a factor k. To ensure that the reduced 606 

concentration of protein can still activate the downstream gene, the K in the input function was 607 

divided by k. k was set to 1 and 100 for the scenarios of slow and fast degradation, respectively. 608 

 609 

Using simulations to analyze time-dependent correlation between genes 610 

In Supplementary Fig. 8, we simulated the three-gene circuit using preceding parameters 611 

(Supplementary Fig. 5) to obtain 1,000 single-cell traces of all molecular species (pre-mRNA, 612 

mRNA, and protein) for each gene. Using these single-cell traces, we computed Pearson 613 

correlation between regulator gene and target gene at different time points after the addition of 614 

the signal at time zero. The correlation was computed for all three molecular species. Note that 615 

for typical gene regulatory network inference algorithms based on single-cell RNA-seq data72, 616 

correlation (or a similar measure such as mutual information) is calculated using mRNA levels 617 

of regulator and target genes, which is analogous to the middle panels of Supplementary Fig. 618 

8B. 619 

 620 

Data and code availability  621 

The data and code used in this paper can be downloaded from the following link:     622 

https://github.com/IndigoMad/Multiplexed-transcriptional-reporter 623 
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Figure 1 | Conceptual scheme: MS2 and PP7 allow live cell dynamic transcriptional 809 

readouts of multiple genes. 810 

(A-B) Design of the reporter system. Gene of interest is fused with a barcode cassette composed 811 

of two types of RNA stem-loops, PP7 and MS2, which would recruit cognate binding proteins 812 

(i.e., PCP-3xmCherry and MCP-3xCFP) when transcribed (A, top). The ratio between the 813 

numbers of PP7 and MS2 stem-loops provides a ratiometric barcoding mechanism (A, bottom). 814 

Because genes with different barcodes are integrated into distinct chromatin loci, the spatial 815 

separation between these loci allows reading out the barcode identity as well as the 816 

transcriptional activity of each gene locus using two fluorescent channels (B).  817 

(C) Multiplexed temporal analysis of a synthetic circuit (schematic). The ratiometric barcodes 818 

would allow reading out temporal transcriptional activities of all genes in the circuit. 819 
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Figure 2 | Five-channel transcriptional imaging using two fluorescent protein colors. 820 

(A-B) Characterizations of cells stably integrated with individual barcode-labeled genes. 821 

Snapshots and temporal fluorescence intensity traces of representative single cells stably 822 

integrated with genes fused with indicated barcodes are shown (A). Fluorescence intensities of 823 

all barcodes were plotted together in (B) (n = 19, 20, 23, 20 and 22 cells respectively for 1:0, 824 

2:1, 1:1, 1:2 and 0:1 barcodes). Doxycycline (1 μg/mL) was added before t = 0 min. See also 825 

Supplementary Fig. S2A and Supplementary Video 1.  826 

(C-D) Transcriptional imaging of two barcodes in the same cell. Two-color time-lapse images 827 

of a representative single cell integrated with two different genes carrying distinct barcodes (2:1 828 

and 1:2 barcodes) (C), and the fluorescence intensities of barcoded gene loci (D, n = 14 cells) 829 

are shown. The highlighted data points in (D) were from the temporal intensity traces of one 830 

example 2:1 barcoded gene, showing that barcode identity needs to be determined using data 831 

from multiple time points (as data from specific time points may deviate from the averaged 832 

behavior). Doxycycline (1 μg/mL) was added before t = 0 min. See also Supplementary Fig. 833 

S2B-C and Supplementary Video 2. 834 

 835 
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Figure 3 | Analyzing dynamic multi-gene interactions in a synthetic three-gene circuit. 836 

(A) Design of a synthetic three-gene circuit. In this circuit, signal propagates from extracellular 837 

doxycycline to the first gene, LacI-VP64, and then to the second gene, Gal4-VP64, and lastly 838 

to YFP. Each gene is fused with a distinct barcode.  839 

(B-C) Time-lapse images (B) and corresponding transcriptional activity traces (C) of a 840 

representative single cell. Doxycycline (1 μg/ml) was added at t = 0 min. Note that traces of all 841 

integrated loci were plotted together. See also Supplementary Video 3. 842 

(D-E) Characterizations of the response time distributions. Response time distributions of gene 843 

A at different doxycycline concentrations are exponential and the estimated decay constant kon1 844 

represents the rate constant for the activation of the initial burst of gene A (D). n = 40, 19, 53 845 

events for low, medium, high doxycycline, respectively. In contrast, the distributions for the 846 

other two genes are peaked (E). n = 58 (gene B) and 110 (gene C) events. 847 

(F) Illustration of temporal gene-gene interaction at the level of individual transcriptional bursts. 848 

See also Supplementary Fig. 4A.  849 

(G) Characterization of transcriptional burst propagation. When each burst of the upstream gene 850 

is perfectly propagated to its downstream gene, the burst intervals for both genes would be 851 
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positively correlated. We thus used the correlation between bust intervals for both genes to 852 

quantify burst propagation. The burst interval for the nth burst (Tn) is calculated as the time 853 

difference between the start of the preceding burst (or dox addition) to the start of the nth burst 854 

(left). The correlations between burst intervals for two gene pairs (i.e., A/B and B/C) are shown 855 

for the four initial bursts (right). See also Supplementary Fig. 4B. 856 
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Figure 4 | Multiplexed transcriptional imaging reveals imbalanced transcriptional burst 857 

propagation in a synthetic five-gene circuit. 858 
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(A) Schematic of a synthetic five-gene circuit. Doxycycline induces the expression of LacI-859 

VP64 (gene A) and ZFN-VP64 (gene D), which then activates VP64-FRB (gene B) and Gal4-860 

FKPB (gene E). In the presence of rapamycin, the last two proteins together activate YFP (gene 861 

C). 862 

(B-C) Time-lapse images (B) and corresponding transcriptional activity traces (C) of a 863 

representative single cell containing the five-gene circuit. Doxycycline (1 μg/ml) and 864 

rapamycin (100 nM) were added at t = 0 min. See also Supplementary Fig. 7A and 865 

Supplementary Video 4. 866 

(D) Population-averaged transcriptional activity traces of individual genes in the circuit (n = 33 867 

cells). Same experimental condition as in (B). 868 

(E) Illustration of temporal gene-gene interactions through the AND gate at the level of 869 

individual transcriptional bursts. 870 

(F-G) Evidence for imbalanced transcriptional burst propagation through the AND gate. Same 871 

experimental condition as in (B). Scatter plots of response times for two gene pairs are shown 872 

(n = 45 events for each panel). Response time refers to the start time of the first transcriptional 873 

burst after dox addition (see Fig. 3G for schematic). Red line is the least-squares fit of the data 874 

and gray shadow denotes 95% CI of the fitted line. The target, gene C, displays a significant 875 

correlation with upstream regulator gene B (panel F), but not with gene E (panel G), indicating 876 

that only the transcriptional burst of gene B propagated to gene C. See also Supplementary 877 

Fig. 7B-D.  878 
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Supplementary Figure 1 | Construction and characterization of the multiplexed reporter 

system. 

(A) Flowchart illustrating experimental procedures. For experiments with transient transfection, 

cells were imaged ~24 hours after transfection. Stable cell line construction was accomplished 

by flow sorting and antibiotic selection. See Methods for details.  

(B) Flowchart illustrating image analysis procedures. Image analysis was performed using a 

custom Matlab graphical user interface (GUI).  

(C) Time-lapse images (left) and temporal traces (right) of representative single cells transiently 

transfected with a single type of genes fused with indicated barcodes. See Fig. 1A for barcode 
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details. Doxycycline (1μg/mL) was added before t = 0 min. 

(D) Quantification of ratiometric barcodes using transiently transfected cells. U2OS cells 

transiently transfected with single type of barcode-labeled genes were analyzed (n = 15-20 cells 

for each barcode) and the fluorescence intensities for all barcodes were plotted together. 
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Supplementary Figure 2 | Transcriptional imaging of cells stably integrated with one or 

two barcode-labeled genes. 

(A) Snapshots of representative single cells stably integrated with genes fused with indicated 

barcodes. These cells are the same as in Fig. 2A. Doxycycline (1 μg/mL) was added before t = 

0 min. See also Supplementary Video 1. 

(B-C) Two-color time-lapse images of a representative single cell integrated with two different 

genes carrying distinct barcodes (1:0 and 0:1 barcodes) (B), and the fluorescence intensities of 

barcoded gene loci (C, n = 11 cells). Doxycycline (1 μg/mL) was added before t = 0 min. See 

also Supplementary Video 2. 
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Supplementary Figure 3 | Characterizations of the three-gene circuit.  

(A) Quantification of ratiometric barcodes in cells stably integrated with the synthetic three-

gene circuit. Barcode intensities of the single cell in Fig. 3B (left) and barcode intensities of all 

cells (right, n = 45 cells) are shown. Dashed lines are for visual guidance. 

(B) Population-averaged transcriptional activity traces of three genes under two indicated 

doxycycline conditions.  

(C) Averaged cross-correlation functions between gene A and gene C (top), and between gene 

B and gene C (bottom). Cross-correlation was calculated in individual cells and was averaged 

over 45 cells.  

(D) Distributions of the response times of gene A under indicated doxycycline conditions with 

or without TSA (100 nM). Note that TSA treatment at 0.05 μg/mL doxycycline altered the 

distribution from exponential to peaked distribution. n = 31 (left) and 20 (right) events for with 

TSA conditions.  

(E) Population-averaged transcriptional activity traces of three genes under two indicated 

doxycycline conditions in the presence of TSA. Note that TSA mainly affected the response 
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time or activation level of gene A.  

(F) Distributions of the response time of gene B (left) and gene C (right) under indicated 

doxycycline conditions. n = 17, 11, 30 events for gene B, and n = 49, 22, 39 events for gene C.  

  

34

.CC-BY 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 23, 2021. ; https://doi.org/10.1101/2021.09.23.461487doi: bioRxiv preprint 

https://doi.org/10.1101/2021.09.23.461487
http://creativecommons.org/licenses/by/4.0/


Supplementary Figure 4 | Analyzing temporal gene-gene interaction using transcriptional 

activity traces. 

(A) Schematics illustrating how the correlation between burst starting times can capture the 

presence or absence of regulatory interaction between two genes. In a circuit that a step-like 

signal activates gene A, and A regulates B, the initial transcriptional burst of gene A would 

occur before that of gene B, leading to correlated burst starting times of the two genes (top). In 

the absence of such regulatory interaction where gene A and gene B are independently activated 

by external signals, there would not be a correlated behavior (bottom).  

(B) Correlations between the starting times of first transcriptional bursts of upstream and 

downstream genes in the three-gene circuit. These two scatter plots correspond to the first two 

bars in Fig. 3G. n = 39 (top) and 110 (bottom) events. Red line is the least-squares fit of the 

data and gray shadow denotes 95% CI of the fitted line. 
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Supplementary Figure 5 | A three-state model to describe genes in the three-gene circuit 

and model parameter estimations using temporal data.  

(A-B) A three-state model and the schematic for model parameter estimations. In the model, 

there are two OFF states, including the initial OFF state before the addition of upstream signal 

and the steady-state OFF state (A). Upon the addition of the upstream signal, the gene turns on 
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its first burst with a rate of kon1. During steady-state, it stochastically switches between ON and 

OFF states with indicated rates (kon and koff). When the gene is at the ON state, transcription 

occurs at a rate of kT. Using experimental traces, model parameters can be estimated as indicated 

(B).  

(C) Estimating gene A’s koff and kon parameters using burst duration (n = 1,426 events) and burst 

interval (n = 1,265 events) distributions. 

(D) Estimating promoter input functions for gene B (left) and gene C (right). Cells expressing 

gene B were divided into two subgroups based on the contour of upstream expression rate 

versus gene B’s response time (top left). In contrast, there is only one group for gene C (top 

right). For each group of cells, a Hill function was fitted to the data of upstream expression rate 

versus target gene’s response time, and the fitted input function was plotted (bottom). See 

Methods for details.  

(E) Estimating koff and kon parameters for B and C using burst duration and burst interval 

distributions. n = 565 (koff) and 489 (kon) events for gene B, and n = 853 (koff) and 741 (kon) 

events for gene C. 

(F) Converting fluorescence intensities into mRNA counts for the three genes in the circuit. For 

each gene, the period in the fluorescent intensity density was estimated and the fluorescent 

intensity was converted into mRNA counts. Top: the distribution of the fluorescence intensity 

(blue bars), the estimated density compared to local mean density (red line), and the intervals 

corresponding to one mRNA (red stripes). Middle: the period spectrum calculated by fast 

Fourier transformation, and the peaks of the density, i.e., the most possible periods (circles). In 

the presence of two peaks, the period was calculated as the mean of the peaks. Bottom: the 

distribution of the mRNA counts derived from the conversion of fluorescence intensities (blue) 

and the Poisson distribution (red) by fitting the mRNA count distribution. For gene A, the 

intensity of PCP-mCherry was used and for genes B and C, the intensity of MCP-CFP was used. 

Of note, the estimated KT parameter is likely not very accurate, albeit that this parameter is not 

very important for the dynamics (see Supplementary Fig. 6C-D). 
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Supplementary Figure 6 | Dissecting temporal gene-gene interactions in the three-gene 

circuit using model simulations.  

(A-B) Simulated transcriptional activity (i.e., nascent mRNA count) traces (A) and mRNA and 

protein count traces (B) of the three-gene circuit using parameters that are mostly derived from 

experimental data. See also Methods. 
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(C) Distributions of response times and dwell times of the simulated traces. From these 

distributions, parameters of the kinetic model can be quantified, and the resulting parameters 

are close to the input (experimental) parameters.  

(D) Analogous to (C) when parameter KT was set to 2×KT in the model. 

(E-F) Quantifications of burst propagation in two different groups of simulated traces (E). The 

two groups of traces were obtained by using two different parameter sets corresponding to 

different mRNA and protein degradation rates. Example simulated traces are shown in (F). See 

also Methods. Burst propagation was quantified analogous to Fig. 3G. 
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Supplementary Figure 7 | Barcode quantifications and additional analysis of temporal 

multi-gene interactions in the five-gene circuit. 

(A) Quantification of ratiometric barcodes in cells stably integrated with the synthetic five-gene 

circuit. Barcode intensities of the single cell in Fig. 4B (left) and barcode intensities of all cells 

(right; n = 33 cells) are shown. For the left plot, intensities from all time points are shown. For 

the right plot, only the data points with the highest intensities of each allele are shown for clarity. 

Dashed lines are for visual guidance.  

(B) Illustration of temporal gene-gene interactions through the AND gate at the level of 

individual transcriptional bursts. In this experiment, rapamycin was added at a later time point 

compared to the experiment in Fig. 4E.  

(C-D) Analysis of temporal interactions analogous to Fig. 4F-G. Rapamycin (100 nM) was 

added at t = 960 min (indicated by red dashed line). The target, gene C, displays a significant 

correlation with upstream regulator gene B (panel C), but not with gene E (panel D), indicating 

that only the transcriptional burst of gene B propagated to gene C. n = 37 (panel C) and 39 

(panel D) events. It is noted that gene C could not be activated until after the addition of 

rapamycin (dashed red line). 
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Supplementary Figure 8 | Correlation between genes is affected by the timing of the 

measurement.  

(A) Schematic illustrating how correlation is computed at different time points using simulated 

data. Dashed line on the left indicates data from a specific time point post stimulation by a step-

like signal. Each dot in the scatter plot indicates data from a single cell. X- or Y- axis represents 

the level of pre-mRNA, mRNA, or protein of the indicated gene. 

(B) Correlation between regulator and target genes along time points post stimulation. The 

three-gene circuit was simulated as in Supplementary Fig. 6 and traces analogous to 

Supplementary Fig. 6A-B were obtained for 1,000 cells. Pearson correlation coefficient was 

then computed across single cells at various time points post stimulation for each gene pair (A-

B or B-C) at the level of pre-mRNA, mRNA, or protein. See also Methods. From these results, 

it is evident that at the level of mRNA or protein, the correlation between the regulator and its 

target is maximal during the transient phase post stimulation, which decreases as the system 

approaches the steady-state.  
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Supplementary Video 1 | Representative two-color time-lapse movies of cells stably integrated 

with a single type of genes fused with five distinct barcodes. Doxycycline concentration is 1 

μg/mL. Scale bars indicate 10 μm. 

 

Supplementary Video 2 | Representative two-color time-lapse movies and intensity traces of 

cells stably integrated with two types of genes fused with two indicated barcodes. Note that for 

clarity, we only plotted the fluorescence intensities of one transcription site per barcode. 

Doxycycline concentration is 1 μg/mL. Scale bars indicate 10 μm. 

 

Supplementary Video 3 | Representative two-color time-lapse movie and intensity traces of a 

cell carrying the three-gene circuit. Note that for clarity, we only plotted the fluorescence 

intensities of one transcription site per barcode. Doxycycline concentration is 1 μg/mL. Scale 

bar indicates 10 μm.  

 

Supplementary Video 4 | Representative two-color time-lapse movie and intensity traces of a 

cell carrying the five-gene circuit. Note that for clarity, we only plotted the fluorescence 

intensities of one transcription site per barcode. Doxycycline concentration is 1 μg/mL. 

Rapamycin concentration is 100 nM. Scale bar indicates 10 μm.  

 

Supplementary Table 1 | DNA sequences of barcodes and components used in our study. 
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