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Abstract 9 

 10 

The Ras/ERK pathway drives cell proliferation and other oncogenic behaviors, and quantifying its 11 

activity in situ is of high interest in cancer diagnosis and therapy. Pathway activation is often 12 

assayed by measuring phosphorylated ERK. However, this form of measurement overlooks 13 

dynamic aspects of signaling that can only be observed over time. In this study, we combine a 14 

live, single-cell ERK biosensor approach with multiplexed immunofluorescence staining of 15 

downstream target proteins to ask how well immunostaining captures the dynamic history of ERK 16 

activity. Combining linear regression, machine learning, and differential equation models, we 17 

develop an interpretive framework for immunostains, in which Fra-1 and pRb levels imply long 18 

term activation of ERK signaling, while Egr-1 and c-Myc indicate recent activation. We show that 19 

this framework can distinguish different classes of ERK dynamics within a heterogeneous 20 

population, providing a tool for annotating ERK dynamics within fixed tissues. 21 

 22 

Introduction  23 

  24 

The RAS/ERK pathway directs multiple cellular behaviors and regulates tissue homeostasis 25 

(Lavoie et al., 2020). The terminal kinase in this pathway, Extracellular Signal-Regulated Kinase 26 
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(ERK), is essential for cellular decisions to enter the cell cycle, migrate, or differentiate. Elevated 27 

ERK activity drives cancer and other diseases, and the quantitative strength and timing of ERK 28 

signaling play a critical role in disease progression and treatment. For example, individual cell 29 

fates can be altered by minor interruptions in ERK activity (Min et al., 2020). Additionally, residual 30 

ERK activity following targeted kinase inhibitor treatment determines therapeutic efficacy (Bollag 31 

et al., 2010), showing that proper measurement of pathway activation is an essential clinical 32 

parameter. Measuring phosphorylated ERK within patient tissue samples is a widely used 33 

diagnostic for cancer drivers and treatment potency. However, such methods to assay ERK 34 

activation are limited in their spatiotemporal resolution and quantitative accuracy.  35 

 36 

The complexity of measuring ERK activity arises from the fact that the duration and amplitude of 37 

ERK activation influence the cellular interpretation of its signal. The pattern of activity influences 38 

expression of numerous target genes (ETGs), including the Immediate Early Genes (IEGs), both 39 

by activating mRNA production and by enhancing protein stability (Cook et al., 1999; Murphy et 40 

al., 2002, 2004; Nakakuki et al., 2010; Uhlitz et al., 2017). Advances in live-cell imaging and 41 

CRISPR tagging have allowed a higher-resolution view of how patterns of activation and 42 

deactivation (ERK dynamics) correlate with ETG expression at the single-cell level. Dynamic 43 

features of the ERK signal have been shown to differentially drive its target genes. ERK amplitude 44 

and duration are integrated over time by stabilization of Fra-1 protein levels, whereas c-Fos, Egr-45 

1, and other genes are reported to respond maximally to intermediate frequencies of activation 46 

(Gillies et al., 2017; Saito et al., 2013; Wilson et al., 2017). In some systems, ERK pulsatility also 47 

correlates with proliferation and protection from apoptosis, while sustained activity correlates with 48 

cell cycle arrest (Aikin et al., 2020; Ender et al., 2022). These results highlight that the dynamic 49 

nature of ERK signaling can differentially activate genes, and therefore control cellular processes.  50 

 51 
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Current assessments of Ras/ERK pathway activation measure levels of phosphorylated ERK 52 

(pERK) using antibody-based assays (Bollag et al., 2010; Escobar-Hoyos et al., 2020; Flaherty 53 

et al., 2010). However, a more informative measure of ERK activity would capture its dynamic 54 

history, enabling the observer to distinguish between cells with long-term constitutive activity or 55 

intermittent activation. Live-cell reporters provide a method to achieve this resolution in 56 

experimental settings, but cannot be used in humans and are often inaccessible in animal models. 57 

Furthermore, phospho-ERK concentration does not necessarily capture its activity within the cell, 58 

given the variable role of competing phosphatases (Gillies et al., 2020), and changes in ERK 59 

phosphorylation can occur rapidly within the cell, especially during pharmacological inhibition of 60 

the pathway or tissue isolation (Kleiman et al., 2011). Therefore, detection of pERK is an 61 

unreliable indicator of the longer-term activation history of ERK (Albeck et al., 2013). In this study, 62 

we explore the feasibility of estimating past ERK activity using antibody-based measurements of 63 

ETGs. Previous work has demonstrated that synthetic ETGs can capture ERK dynamics 64 

(Ravindran et al., 2022). While incorporation of such biosensors remains impractical, endogenous 65 

ETGs have a range of different sensitivities to dynamic ERK activity (Davies et al., 2020; Wilson 66 

et al., 2017), which could potentially be used to infer pathway activation history using fixed-cell 67 

measurements only. Such inferences could be used in biopsy tissues to infer the dynamic nature 68 

of ERK activity within tumor tissue. Oncogene induced ERK activation has been shown to be 69 

distinct from normal physiological patterns, and is often sustained (Aikin et al., 2020; Bugaj et al., 70 

2018), thus knowledge of the types of signaling found in a tissue can be informative about the 71 

source of stimulating activity. Moreover, the duration of signaling suppression by inhibitors is of 72 

high interest, therefore this could be a way of assessing the efficacy of a treatment over a long 73 

window of time.  74 

 75 

To date, most studies of ETGs have considered how changes in ERK signaling dynamics impact 76 

the expression of a given ETG. We pose the reverse question: can an individual cell's ETG 77 
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expression profile be decoded to infer the history of ERK activation? Furthermore, what are the 78 

best quantitative indicators of ERK activation, and how can the strength, duration, and frequency 79 

of ERK activation be predicted? To investigate these questions, we used a live-cell biosensor of 80 

ERK in combination with cyclic immunofluorescence for ETGs and other proteins regulated by 81 

ERK, including the canonical ETGs Egr-1, Fra-1, c-Jun, c-Myc, c-Fos, and phosphorylated 82 

proteins such as pERK, pc-Fos, and pRb (a downstream marker of ERK-dependent cell cycle 83 

entry; for convenience we collectively refer to all of these markers as ETGs). Using statistical 84 

models and machine learning to predict ERK activity features based on the expression of each 85 

protein, we find that each gene product reports ERK history with a different memory span. Of the 86 

measurements used, long-term, average ERK activity is predicted best by levels of Fra-1, while 87 

short term, recent ERK activation is predicted best by levels of Egr-1 and c-Myc. Lastly, we tested 88 

the limits of our method by mathematical simulations of ERK driven gene expression, finding that 89 

in theory, static immunofluorescence measurements can well recapitulate dynamic activation 90 

history with as few as 16 targets.  91 

 92 

Results  93 

 94 

A dataset linking live-cell ERK activity to ERK target immunofluorescence  95 

 96 

To create a dataset that enables correlation of ERK activation to downstream target expression 97 

and modification, we first collected live ERK activity measurements in response to differential 98 

activation of the RAS/MAP Kinase pathway. We used EKAR 3.5, a calibrated, FRET-based 99 

biosensor of ERK activity, to measure single-cell activation in MCF10A mammary epithelial cells 100 

(Fig. 1a, S1a-d). With a series of Epidermal Growth Factor (EGF) concentrations, ERK activity 101 

was stimulated in a dose-dependent manner (Fig. 1b, S1e). To increase the diversity of activity 102 

patterns, we added MEK inhibitor (MEKi) at varying times after EGF stimulation, and included 103 
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treatments where EGF was added at different timepoints of the experiment (Fig. 1c, S1e, 104 

Supplementary Table 1). The combination of MEKi treatments and the dose curve of EGF led to 105 

a broad spectrum of ERK signaling behaviors, with pulsatile activity varying in both duration and 106 

amplitude (Fig. 1d). Consistent with previous studies (Gillies et al., 2017; Ryu et al., 2015), we 107 

found that ERK activation is heterogenous from cell to cell within each dose of EGF stimulation.  108 

 109 

Immediately following live-cell data collection, we fixed the cells, and conducted cyclic 110 

immunofluorescence (4i) staining to measure levels of eight targets downstream of ERK (Fig. 1a, 111 

e, Supplemental Movie 1). This protocol was adapted from Gut et al. (Gut et al., 2018), and 112 

validated for our 96-well plate experiments (Fig. S2a-d). After quantifying antibody staining 113 

intensities, we found that most targets were dose responsive to EGF and suppressed by MEKi 114 

treatment (Fig. 1f, S1e). The one exception was c-Jun, which increased moderately with both 115 

MEK inhibition and EGF concentration, suggesting that its expression is not directly regulated by 116 

ERK activity in these cells.  117 

 118 

We then analyzed the correlation between ERK activity and the expression of each target. To link 119 

live-cell ERK activity measurements with the respective 4i data for each cell, we aligned the 120 

corresponding image datasets and generated a heatmap arranged by the mean ERK activity 121 

measurement in each cell (Fig. 2a). While both ERK activity and 4i targets were variable across 122 

the data set, most of the 4i targets exhibited some discernible correlation with mean ERK activity, 123 

which was especially strong for Fra-1 and pRb. We calculated the Pearson correlation between 124 

ERK pulse features, such as frequency and duration for each cell, and each ETG measurement 125 

(Fig. 2b, c). The strongest correlations were between the sum of pulse duration to Fra-1 and pRb. 126 

Interestingly, Egr-1 was uniquely correlated with the average derivative of ERK activity, supporting 127 

the previous notion that Egr-1 selectively decodes pulsatile ERK activation (Saito et al., 2013). Of 128 

note, c-Jun had little to no correlation with any feature of ERK activation, implying again that its 129 
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expression is not directly controlled by ERK in these cells and providing a useful negative control 130 

for subsequent analyses. We also performed a more granular time-sensitive analysis by 131 

calculating the Pearson correlation between each target and the EKAR FRET measurement at 132 

each timepoint of the live-cell movie (Fig. 2e). The correlation of Fra-1 and pRb was distributed 133 

across most of the time series (r= ~0.5, 0.4, respectively) from the initial stimulus, apart from a 134 

period where ERK activity is weakest, about 2 to 4 hours after EGF addition. In contrast, c-Myc, 135 

c-Fos, and pc-Fos mildly correlate to ERK activity about 5 hours from prior to fixation (r= ~0.3), 136 

and the correlation is highest (r= ~0.55) during the last hour before fixation. As expected, pERK 137 

most correlates to ERK activity immediately prior to fixation (r= ~0.6). Finally, Egr-1 correlates 138 

only to ERK activities 30 minutes to 1 hour prior to fixation (r: ~0.5).   139 

 140 

To visualize spatial correlations of ERK-ETG signaling within the dataset, we plotted a spatial 141 

heatmap of signaling and gene expression, where cells within a single image are clustered in a 142 

heatmap visualization by proximity to one another (Fig. 2d). This analysis shows spatial ERK 143 

activation of groups of cells throughout the experiment. Interestingly, recent activation events are 144 

typically marked by strong Egr-1 expression within a local group of cells (Fig. 2f). 145 

  146 

Regression modeling of the ERK-ETG relationship predicts features of ERK dynamics  147 

 148 

For a rigorous statistical analysis of the relationship between ERK activity and ETG expression, 149 

we performed cross-validated linear regression using the 4i measurements as predictors and ERK 150 

pulse features as response variables. We first created single predictor models to assess how well 151 

each target individually predicts each ERK feature in an individual cell. Analysis of the variance 152 

explained (R2) for each model confirms the results from the Pearson correlation analysis. Fra-1 153 

and pRb best predict the sum of duration of ERK pulses (R2 of 0.42, 0.31, respectively), and the 154 

average ERK activity in each cell (R2 of 0.28 and 0.23) (Fig. 3a, b., S3a). These results suggest 155 
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the duration of ERK activation seems to have a stronger influence on gene expression than the 156 

strength of the activation.   157 

 158 

To assess whether the prediction models can be improved by considering multiple stains 159 

simultaneously, we generated several multiple linear regression (MLR) models using all 4i 160 

measurements as predictors at once (Fig. 3a, c). The ERK parameter with the highest variance 161 

explained was the sum of duration (R2 of 0.52) The models for derivative benefited the most from 162 

the multivariable models, however, they still only explained ~33% of the variation in the data. c-163 

Jun again served as a negative control, as those models did not explain any of the variation in 164 

ERK activity.   165 

 166 

We then investigated which antibody combinations are most important in the MLR models. For 167 

each ERK feature, we created models that successively added predictors, and measured the 168 

resulting R2, and test-set error for each new predictor (Fig. 3d, S3b). For most ERK features, we 169 

found that the maximum R2 values can be achieved with just 2 to 3 predictors, where adding Fra-170 

1 and pRb typically caused the highest improvement in R2 values and decrease in test-set error. 171 

The best model for the average derivative of ERK had a similar R2 with the model for the ERK 172 

mean (R2: 0.36, 0.33, respectively). The main distinction for the average derivative model is the 173 

strong contribution from Egr-1. To understand why adding more predictors does not improve 174 

models, we calculated the pairwise correlation between each 4i target, and found that many 175 

targets were moderately correlated with each other (Fig. S3c). The slight co-linearity between the 176 

predictors suggests that they share mutual information and thus explains why only a few 177 

predictors are needed to achieve the best possible models. These results indicate that ERK 178 

strength and duration are best inferred using Fra-1 and pRb, while ERK variability (derivative) are 179 

best inferred using Egr-1 and pRb. The fact that pRb predicts both long term ERK activation and 180 
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variability suggests that Rb phosphorylation (cell cycle entry) is sensitive to different types of ERK 181 

activity (Min et al., 2020; Zwang et al., 2011).  182 

 183 

We repeated the regression analysis on treatment averages to explore the difference between 184 

population and single-cell models. To calculate the treatment average for each measurement, we 185 

simply grouped cells with similar treatment conditions, and averaged their respective 4i 186 

measurements and ERK features. Overall, bulk models were superior to the single-cell models, 187 

as Fra-1 and pRb individually were excellent predictors for ERK dynamics (R2 > 0.7, Fig. 3e, f). 188 

Treatment average MLR models notably improved the predictions for average inter-peak interval, 189 

average duration, and frequency (R2 = 0.85, 0.72, 0.39, respectively). Fra-1 and pRb retained the 190 

most consistent relationship to ERK dynamics and were the most important predictors in all 191 

models. These results further solidify the importance of Fra-1 and pRb as markers for ERK 192 

activity. Furthermore, population average models reconcile the modest predictive power of the 193 

single-cell models and confirm the classical view that ERK determines gene expression.  194 

 195 

Both the regression analysis and Pearson correlation indicate the pERK was not strongly 196 

correlated to long-term ERK activation in single cells. The poor relationship is partly due to the 197 

treatments that inhibit MEK at varying times after EGF addition, which lead to the virtually no 198 

pERK signal. When we remove these treatments from the analysis, the regression models notably 199 

improve for pERK, and slightly improve for other 4i measurements (Fig. S3d). These results 200 

indicate that pharmacological inhibition renders pERK an unreliable predictor of ERK histories, 201 

and that relying solely on pERK staining can lead to misinterpretations of pathway activation. 202 

Many studies assess the effect of pathway inhibitors using pERK staining; consequently, we 203 

argue other markers should be used. The Fra-1 and pRb models are robust to MEKi treatments, 204 

and therefore are the best predictors of long-term ERK activation.   205 

  206 
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Neural network-based models of the ERK-ETG relationship reveals non-linear time dependence 207 

of ERK dynamics  208 

 209 

While the previous models of featurized ERK activity provide interpretable correlations that help 210 

to understand the underlying biological process, they assume linearity and may not capture more 211 

complex relationships in the data. Additionally, some ERK parameters are correlated with each 212 

other, and other features of the time series may be missed. To examine the importance of the 213 

timing of ERK activation and identify which timepoints have the greatest impact on final 214 

expression levels, we trained a convolutional neural network (CNN) to use the ERK activity time 215 

series to predict expression levels of each ERK target in individual cells (Fig. 4a, top). As a 216 

comparison to the CNN, we also fit linear regression models (TS linear) using the values at each 217 

timepoint of the ERK time series as individual variables to predict final ERK target levels (Fig. 4a 218 

bottom left). Finally, we compared the performance of these time series-based models with that 219 

of ERK dynamics feature-based models (Featurized linear). These feature-based models used 220 

all nine featurized ERK measurements (i.e. mean/duration/frequency) to predict the expression 221 

of each ERK target (Fig. 4a bottom right).  222 

 223 

We found that the CNN achieved the highest performance in predicting all ERK targets, except 224 

for pERK (Fig. 4b). To account for overfitting, we calculated the mean squared error (MSE) on 225 

unseen data (test set) and the CNN exhibited the least error for all targets, except for pERK (Fig. 226 

4b bottom). Although the CNN yielded better performance for most targets, a significant amount 227 

of variance is still not captured by the model (Fig. 4c). Notably, the CNN models for Egr-1 and 228 

pRb explained much more variance than linear regression models of other targets, implying that 229 

Egr-1 and pRb likely respond to ERK activation with significant non-linearity. Finally, for many 4i 230 

targets, the featurized linear models underperformed the other two methods, both in R2 and test 231 
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set error, indicating that the featurization method often does not capture important aspects of ERK 232 

signaling that influence gene expression.  233 

 234 

We then used the CNN model parameter weights (feature importance) to investigate which 235 

timepoints most influenced the final expression of each target. However, feature importance 236 

across much of the time series was overshadowed by a strong correlation to the initial stimulus 237 

response, which likely reflects a correlation with the treatment delivered rather than direct 238 

biochemical regulation of ETGs (Fig. S4a). Therefore, we limited the model to using only time 239 

points more than 5 hours after the initial treatment when training our time series models, which 240 

resulted in a minimal decrease of the CNN performance (Fig. S4b). A CNN trained on fewer time 241 

points further confirms our regression results, and captures nuances of the ERK-ETG relationship 242 

(Fig. 4d). The findings reinforce the observations from the linear regression analysis, and highlight 243 

the importance of considering both the timing and intensity of ERK activation in understanding 244 

how gene expression is regulated. Fra-1 is influenced by a wide time span with peak influence 245 

starting as early as 12 hours prior; the most recent two hours have little effect. c-Fos and pc-Fos 246 

are also influenced by time spans of more than six hours, but focused on the last two to four 247 

hours. Egr-1 is strongly influenced by ERK activation within the last two hours, while pERK, c-248 

Myc and pRb are influenced strongly by the last hour of ERK activation. This alternate modeling 249 

approach confirms that each ETG is differentially sensitive to timing of ERK activity, and that in 250 

some cases, this relationship is not well characterized as a linear relationship.  251 

  252 

 253 

Classification models uncover prototypical patterns of ERK signaling with distinct gene expression 254 

profiles 255 

 256 
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Thus far, we have trained models that predict several continuous variables that represent ERK 257 

history; however, the application of these models is limited by the challenge of concurrently 258 

visualizing the predictions. Therefore, we demonstrate here how spatiotemporal ERK predictions 259 

can be represented in a concise and intuitive manner. To do so, we first used k-means clustering 260 

to group cells into similar response classes, or prototypes, of ERK activity. We clustered cells into 261 

five classes: low activation (cluster 1), recent deactivation (cluster 2), long term activation (cluster 262 

3), mid-term activation (cluster 4), and recent activation (cluster 5) (Fig. 5a, S5a). Analysis of the 263 

4i target expression levels in each cluster was consistent with our previous statistical models (Fig. 264 

5b). Long-term activation led to the highest expression of pERK, Fra-1, and pRb, while low 265 

activation displayed the lowest for all targets. Cells with recent activation highly expressed Egr-1 266 

and c-Myc.  267 

 268 

We next trained a decision tree classifier that predicts prototypes of ERK signaling history using 269 

ERK target expression levels (Fig. 5c, d). The overall prediction accuracy of our model was 51% 270 

(compared to 20% for random selection), while individual class predictions varied in accuracy. 271 

Long-term activation class predictions were the most accurate (64%), and mid-term activation 272 

classifications were the least accurate (36%). These /findings indicate that long term and recent 273 

activation result in distinct patterns of the expressed genes we measured, while mid-term 274 

activation produces the highest variability in gene expression. The residual confusion in the 275 

classifier reflects that some classes are not well separated in the dataset, and that individual cells 276 

vary quite widely in their ERK activity (Fig. 5d, S5a). For classification, the predictor importance 277 

ranked pc-Fos as the most important predictor, followed by Fra-1 and pRb (Fig. S5b). This result 278 

indicates that, while pc-Fos may not explain a high amount of variance in ERK history, it carries 279 

particularly useful information for distinguishing among the five classes identified here. Finally, to 280 

simulate a potential use case with fixed tissue samples, we then used our classifier to predict ERK 281 

activity classes, and therefore histories, in cells from a single well in our dataset (Fig. 5e). Our 282 
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analysis effectively quantifies the distinctiveness in gene expression associated with different 283 

ERK signaling prototypes and illustrates the utility of ETG stains in predicting the spatiotemporal 284 

signaling history of individual cells.  285 

 286 

Dynamical systems modeling of ERK-driven gene expression  287 

 288 

To investigate the theoretical limits of predicting ERK dynamics from ETG levels, we extended an 289 

ordinary differential equation (ODE) model representing the regulation of ETGs (Davies et al., 290 

2020; Gillies et al., 2017) (Fig. 6a). For a given ERK activity time series, the model simulates the 291 

mRNA and protein levels of a hypothetical ERK-responsive gene (sim-ETG). We constructed 292 

1,000 hypothetical sim-ETGs by randomly assigning each one with different parameters values 293 

for mRNA degradation rate, protein degradation rate, phosphorylated protein degradation rate, 294 

protein dephosphorylation rate, negative feedback half-max concentration, and fractional 295 

expression at baseline (Fig. 6c, Supplementary Table 2). These 1,000 gene parameter 296 

configurations survey the parameter space with the goal of identifying sim-ETGs that capture 297 

different aspects of ERK signaling. Using 10,000 randomly selected live-cell ERK activity 298 

measurements from our experimental data, we simulated responses of all 1,000 sim-ETGs for 299 

each cell (Fig. 6b, S6A). Using the end point sim-ETG protein values (representing a fixed-cell 4i 300 

measurement of the hypothetical protein), we applied single variable regression modeling to 301 

characterize each sim-ETG’s capacity to predict ERK dynamics features. For predicting average 302 

ERK activity throughout the experiment, we found that 49% of sim-ETGs exhibited a R2 above 303 

0.5 and over 100 were excellent predictors (R2 > 0.8) (Fig. 6d). For predicting the maximum 304 

activation and average pulse height, only 12% of sim-ETGs exhibited a R2 above 0.5, with a 305 

maximum R2 around 0.6 (Fig. S6c). Models for predicting dynamic ERK features like the 306 

frequency or the average derivative were overall worse than integrative features like the mean or 307 
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sum of duration, reflecting that sim-ETGs under this model are variations on an integrator of ERK 308 

activity (Fig. S6c).  309 

 310 

To visualize the gene expression response, we plotted a single cell’s ERK signal along with the 311 

response of the top five predictors of the mean (Fig. 6f). These response profiles show that both 312 

genes activated by or inhibited by ERK can serve as reliable predictors of ERK activity. While our 313 

experimental ETG measurements were selected based on known positive responders to ERK, 314 

20% of sim-ETGs were negatively regulated by ERK (Fig. S6b); experimental prediction of ERK 315 

activity would likely be improved by including genes that are inhibited by ERK (Yamamoto et al., 316 

2006). We then analyzed which gene parameters most influence how well an individual sim-ETG 317 

predicts mean ERK activity by examining the weights from a MLR model of sim-ETGs (Fig. S6d, 318 

e). Consistent with the known behavior of Fra-1, slow mRNA and phosphorylated protein 319 

degradation rates allow for accurate recording of the average ERK history.  320 

 321 

Our 4i data analysis determined that while Fra-1 predicts long-term history, Egr-1 and c-Myc 322 

predict recent history. To examine this distinction in sim-ETGs, we calculated the correlation 323 

between the ERK activity at each timepoint and end-point protein expression (analogous to the 324 

experimental data in Fig. 2e). As expected, genes that predict mean ERK activity tend to be 325 

correlated with ERK activity over a wide time span, similarly to Fra-1. Those that are less effective 326 

at predicting mean are correlated with recent activation, behaving more like Egr-1 or c-Myc (Fig. 327 

6e). Notably, no sim-ETG under this model was specifically predictive of intermediate timescales 328 

of activation (i.e. 5-10 hours prior to fixation).  329 

 330 

Finally, to investigate how many gene measurements are required to accurately predict the 331 

different aspects of ERK signaling, we created MLR models which used many sim-ETGs at once 332 

to predict multiple ERK pulse features. These models greatly improved our predictions, as most 333 
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explained 75 to 99% of the variance in the dataset (Fig. 6g). Of note, the derivative and frequency 334 

model predictions drastically improved as the number of predictors increased. This result was not 335 

obtained through overfitting, as the test set error of the models also decreased with more sim-336 

ETGs (Fig. S6f). For most ERK features, between 16 to 20 sim-ETGs are required for obtaining 337 

good models (R2 ~ 0.7) (Fig. 6g inset). From an experimental standpoint, these results 338 

demonstrate that predicting dynamic features of ERK is highly feasible, and depends largely on 339 

which gene products are measured. From a practical standpoint, measuring for 20 proteins using 340 

a multiplex staining protocol is readily achievable (Comandante-Lou et al., 2022; Stallaert et al., 341 

2022). In all, the ODE model indicates that our ERK activation inference method is a feasible 342 

solution for fixed tissue analysis, and will benefit from further exploration of potential endogenous 343 

gene products to measure. 344 

  345 

  346 

Discussion  347 

 348 

Here, we provide proof of principle that end-point ETG staining can be used to infer key aspects 349 

of long-term ERK activity within fixed cell samples. While differences in ETG activation by ERK 350 

were previously known, our analysis formalizes these differences and shows how quantitative 351 

models can be used to infer ERK’s activity history with single-cell resolution. The ETG 352 

measurements in these experiments provide information about two broad types of ERK behavior, 353 

long-term and short-term activation. Additionally, our model analysis of simulated ETGs 354 

demonstrates that additional measurements could even more finely resolve signaling patterns, 355 

such as intermittent pulses. The experimental and biological limits of these predictions remain to 356 

be established; however, this model framework can be used to estimate properties of ETGs that 357 

would optimally improve the measurement set.  358 

 359 
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While the main characteristics of ERK activity are captured by our models, a significant amount 360 

of unexplained variance in ERK activity in our analysis prompts the question of what other 361 

parameters can be used to improve ERK history predictions. While our dynamical systems 362 

modeling suggests that other direct ERK targets could be used, a recent study identified 363 

orthogonal markers of cellular state, such as Sec13 (a nuclear pore component) and Calreticulin 364 

(an Endoplasmic Reticulum-resident protein), that correlate highly with phosphorylated ERK 365 

(Kramer et al., 2022). These results imply that intrinsic cellular factors modify ERK signaling, and 366 

that these markers can improve our ERK prediction models. Furthermore, other cell state 367 

measurements that may improve predictions include protein translation rates, chromatin 368 

accessibility, or transcription factor availability.  369 

 370 

The statistical models in this study were trained on data from diploid non-tumor mammary 371 

epithelial cells. Generalizing these methods for use in other cell lines or tissues will require similar 372 

datasets from a broad array of cellular settings because there are reported differences in some 373 

ETG responses among various cell types. For example, B-Raf inhibition disrupts signal 374 

transmission and alters the transcriptional response of c-Jun, Egr-1, and Cyclin-D1 (Bugaj et al., 375 

2018). Additionally, different mutations in B-Raf can lead to induction or suppression of c-Jun 376 

(Comandante-Lou et al., 2022). Accordingly, prediction models should be trained on cell-line 377 

specific data, especially from cancer cells with different MAPK pathway mutations. Potentially, a 378 

much larger scope of experiment is needed to train a model to simultaneously capture many cell 379 

lines, for example by identifying either ETGs whose responses remain consistent, or additional 380 

targets that sufficiently reflect the cellular context. However, it is also possible that a small set of 381 

well-chosen measurements may be sufficient to generate a broadly useful model (Janes et al., 382 

2005). 383 

  384 
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In the dataset presented here, phosphorylated-Rb was a surprisingly good predictor of both long 385 

term and short term signaling in both single-cell and population-level models. An important caveat 386 

about these results is that ERK biosensors (EKAR and ERK Kinase translocation reporter) have 387 

some sensitivity to cyclin-dependent kinases (CDKs). EKAR 3.5 in particular is sensitive to CDK1 388 

during mitosis (Hirashima, 2022). Though mitotic events are typically much rarer than changes in 389 

ERK activity, some of the variation in our EKAR measurements likely arises from this CDK1 390 

activity. Since EGF increases mitotic activity, pRb levels, and EKAR measurements, there will be 391 

some correlation between EKAR and pRb that is an artifact. This serves as a reminder that co-392 

variance, or cross-talk, among measurements will bias these types of machine learning analyses, 393 

and should be carefully evaluated. 394 

     395 

The results of this study suggest that the duration of signaling plays a stronger role in protein 396 

expression than the integrated activity. Such an effect could arise from saturation of a particular 397 

gene’s response to ERK, or from differences among genes in phosphatase specificity or other 398 

competing regulators. An alternative explanation for this result is that our ERK biosensor fails to 399 

capture the high ranges of ERK activation. However, we resolved this by calibrating the reporter 400 

to provide a linear readout of ERK substrate phosphorylation (Gillies et al., 2020). This leads to 401 

the possibility that ERK target genes have been selected for duration responders rather than 402 

signal integrators. Nonetheless, a fundamental question remains to be further explored: What is 403 

the biological resolution of strength, duration, and other features of ERK activity, with respect to 404 

gene expression? Our analysis provides some quantitative answers to how ERK activation 405 

patterns specify a subset of gene expression. Finally, the method can be employed further to 406 

more closely investigate the effect of ERK signaling on cell fate changes rather than gene 407 

expression.  408 

 409 
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Our method could be used to provide important details of ERK signaling within fixed tissue 410 

samples in a clinical setting. The ability to infer the long-term patterns of ERK activity in samples 411 

from patients treated with MEK, EGFR, or other targeted pathway inhibitors would provide a more 412 

reliable indication of the effectiveness of long-term ERK activity suppression, helping to reveal 413 

areas of drug resistance. By analogy, measurements of hemoglobin A1C provide a reliable 414 

indication of a patient’s time-averaged blood sugar that is useful in the clinical management of 415 

diabetes. We propose that inferring the longer-term characteristics of ERK activity will be of similar 416 

use in managing tumors that rely on aberrant signaling in this pathway. This strategy can further 417 

be applied to other dynamically regulated pathways implicated in disease such as metabolic, 418 

inflammatory, or stress response signaling. Both generalized and patient-specific models would 419 

allow for more accurate diagnoses and improve personalized medicine. 420 

 421 

Methods  422 

Reporter cell line generation  423 

For these experiments, two stable cell lines were created by electroporating MCF10A 5e cells 424 

with the EKAR 3.5 construct on the piggyBAC transposase system (Pargett et al., 2017). Cells 425 

were selected with neomycin (250 μg/ml 2 weeks) until they were resistant to selection (~2 426 

weeks).  427 

Cell culture and media  428 

All experiments were conducted with MCF10A 5e (Janes et al., 2010). Cells were maintained in 429 

DMEM/F12 supplemented with 5% horse serum, 20 ng/ml EGF, 10 μg/ml Insulin, 500 ng/ml 430 

hydrocortisone, and 100 ng/ml cholera toxin. 10cm plates were passaged approximately every 431 

four days and re-plated at a 1:10 dilution. Imaging experiments were conducted in custom 432 

DMEM/F12 lacking phenol red, riboflavin, and folate. This “imaging media” was supplemented 433 

with 500 ng/ml hydrocortisone, 17.5 mM glucose, 1 mM sodium pyruvate, 2 mM glutamine, 434 

50μg/ml Penicillin/Streptomycin. Before plating cells for imaging experiments, 5 μlof Rat tail 435 
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collagen was added to the middle of each well of a glass bottom 96-well plate (Cellvis) and 436 

incubated for 45 mins at 37°C. Cells were typsinized, plated at 6000 cells per well, and then 437 

incubated at 37°C for 45-60 mins. Growth media was then added, and the plate was left overnight 438 

in the incubator. The next day, immediately before the imaging experiment, the plate was washed 439 

3x with imaging media, and the media was changed to imaging media. The experiment began 440 

one hour after this media change.  441 

  442 

Live cell microscopy and data acquisition.  443 

Prepared 96-well plates were imaged on a Nikon Ti-E inverted microscope with a stage-top 444 

incubator (37°C, 5% CO2). Coordinates within each well of the 96-well plate were imaged at 6 445 

minute increments which were automated by the Nikon Elements AR software. Images were 446 

captured using an Andor Zyla 5.5 scMOS camera and a 20x/0.75 NA objective. Chroma #49001 447 

(ET-CFP) and #49003 (ET-YFP) excitation/emission filter cubes were used for mTurquoise2 and 448 

YPet measurements, respectively. Further details are described in (Pargett et al., 2017). 449 

Coordinates of each acquisition area were saved for future imaging of immunostaining 450 

experiments.  451 

  452 

Cyclic immunofluorescence  453 

Immediately after the final acquisition of the live cell experiment, cells were fixed in freshly 454 

prepared 12% paraformaldehyde for 10 min. Cells were then permeabilized with fresh, cold 455 

methanol for 10 mins (2 times total). Cells were then ready for iterative rounds of staining using a 456 

protocol adapted from (Gut et al., 2018). Briefly, the iterative protocol involves rounds of elution, 457 

blocking, primary staining, secondary staining, Hoechst staining, and finally image acquisition in 458 

a specific imaging buffer. Recipes for buffers are as follows: Elution buffer (0.5M Glycine, 3M 459 

Urea, 3M Guanidinium Chloride, 70mM TCEP), Blocking buffer (200mM NH4Cl, 300mM 460 

Maleimide, 2% BSA in PBS), primary/secondary staining buffer (200mM NH4Cl, 2% BSA in PBS), 461 
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Hoechst-33342 stain (1:10,000 in PBS), and 4i imaging buffer (700 mM N-Acetyl Cysteine). 462 

Antibodies were incubated 24 to 48 hours from varying concentrations recommended by the 463 

manufacturer. The protocol was validated during the first replicate experiment to ensure that 464 

antibodies were properly eluted, data is shown in Fig. S2b-d. For the second and third replicate 465 

experiment, a visual inspection was completed prior to each round of staining to ensure proper 466 

antibody elution.  467 

  468 

Phos-tag western blotting  469 

MCF10A 5e cells were plated on 6-well dishes the day before lysing. Cells were treated with EGF, 470 

PD0235901, or imaging media and lysed at the indicated timepoints. This procedure involved 471 

rinsing each well twice with ice cold PBS, cell scraping, and lysis with RIPA buffer (Sigma) with 472 

Halt protease inhibitor cocktail and 1 μM DTT. Cells were lysed at 80-90% confluency with a 50 473 

μlof lysing buffer per well. 2 μlof each sample was then loaded in pre-cast phos-tag gels (Wako-474 

Chem) and ran at 100V for 3 hours. The gel was chelated two times with transfer buffer and 10 475 

mM EDTA for 15 minutes each and rinsed once more with just transfer buffer. Proteins were 476 

transferred overnight at 50V. The membrane was blocked with Li-COR Odyssey blocking buffer 477 

and blotted with anti-GFP antibody (24 hr incubation). The membrane was then blotted with Li-478 

COR 800 anti-Mouse secondary antibody and imaged using a fluorescent scanner (Sapphire-479 

Azure Biosystems). Intensities of the resulting phosphorylated EKAR 3.5 reporter and total EKAR 480 

3.5 bands were measured in ImageJ.  481 

  482 

Image processing  483 

Imaging data were saved as .nd2 files and accessed using the Bio-Formats toolbox for MATLAB 484 

(available from www.openmicroscopy.org/bio-formats), and processed with a custom MATLAB 485 

cell segmentation pipeline (Pargett et al., 2017). The procedure identified each cell’s nucleus 486 

using either EKAR 3.5 (live-cell) or Hoechst 33342 (IF) as a nuclear marker. The cytoplasm was 487 
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defined as a ring around each cell’s nucleus. Background signal intensity was measured by 488 

imaging a well with no cells, but containing live-cell imaging media or 4i imaging buffer. Cell 489 

position tracking and linking was performed using uTrack 2.0 (Jaqaman et al,. 2008). The resulting 490 

single-cell data was filtered to remove cells with less than 15 hours of tracking data. FRET 491 

measurements of ERK activity for each cell were calculated with 1 – ( (CFP/YFP) / Rp), where 492 

CFP and YFP are the intensities of Cyan and YFP channels measured in each cell, respectively. 493 

Rp is the ratio of total power collected of CFP over YFP where the power of each channel is the 494 

integral of the spectral product of excitation intensity, filter transmittances, exposure time, 495 

fluorophore absorption and emission properties, and quantum efficiency of the camera (detailed 496 

in appendix of (Gillies et al., 2020)).   497 

  498 

Batch effect correction 499 

To correct for batch effects in the immunofluorescence measurements across three replicates, 500 

we scaled measurements in logspace. For each 4i target, we calculated the median value for 501 

each treatment and matched identical treatments across replicates. These treatments included 502 

all EGF doses at timepoint 30, MEKi at timepoint 30, and imaging media control. We then took 503 

the log10 of these values and fit a linear model (equation 1): 504 

 505 

Intensityreplicate3 = β1(Intensityreplicate_n) + β0 506 

(Equation 1) 507 

Where Intensityreplicate_n represents log10 median values for either replicate 1 or replicate 2, 508 

Intensityreplicate3 represents the corresponding log10 median values for the third experimental 509 

replicate, and β0  and β1 are the scaling factors. These scaling factors were then used to correct 510 

all single-cell values for replicate 1 and 2. The corrected values were then returned to the linear 511 

scale by exponentiating.  512 

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

https://paperpile.com/c/bO3riN/gfyC
https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


21 

 

 

 513 

EKAR 3.5 Calibration 514 

FRET measurements were calibrated to deliver a quantitative linear readout of ERK activity, as 515 

described previously (Gillies et al., 2020). Briefly, we used Phos-Tag immunoblotting to quantify 516 

the fraction of the EKAR 3.5 reporter that is phosphorylated in 3 concentrations of EGF (15 mins), 517 

phosphorylation inhibited (MEKi for 2 hours), and control conditions. These values were then 518 

linearly fit against the average EKAR 3.5 signal for the same conditions (equation 2).  519 

                                       520 

 
𝐸𝐾𝐴𝑅𝐴

𝐸𝐾𝐴𝑅𝑇
= (𝐾𝐴𝑈 + 𝐾𝐴𝑃)

𝐸𝐾𝐴𝑅𝑃

𝐸𝐾𝐴𝑅𝑇
 521 

(Equation 2) 522 

Where EKARP/EKART represents the phos-tag ratio between phosphorylated and total reporter, 523 

and EKARA/EKART represents the average FRET measurement in the corresponding condition.). 524 

KAU and KAP represent fractions of EKAR in the “associated” state when completely 525 

unphosphorylated and when completely phosphorylated, respectively. Single-cell FRET 526 

measurements (fA) were then used to estimate the concentration ratio of active ERK to the 527 

competing phosphatase(s) (equation 3). This ratio is the quantitative measure of ERK activity in 528 

a cell (ERKA / PPASEA). 529 

𝐸𝑅𝐾𝐴

𝑃𝑃𝐴𝑆𝐸𝐴
=

𝑓𝐴 − 𝐾𝐴𝑈

𝐾𝐴𝑃 −  𝑓𝐴
 530 

(Equation 3) 531 

Data analysis and regression modeling  532 

Cells with less than 15 hours of data were removed prior to analysis, and cells out of the expected 533 

range of the FRET measurements were removed. FRET measurements were then adjusted using 534 

the reporter calibration model created from the phos-tag experiments. Thus, statistical models 535 

were created on cells that had complete EKAR and ETG measurements. Models were created 536 
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using 10-fold cross validation. The data was randomly assigned to 10 groups, in which the 10th 537 

group was held out of the model fitting procedure. The model was then tested against the 10th 538 

group (test-set) to collect the test error (residual mean squared error, RMSE). This procedure is 539 

repeated for a total of 10 times to collect RMSE values from 10 test sets. The model that produced 540 

the lower test-set error was then refitted to the entire dataset to calculate the reported RMSE 541 

values.  542 

 543 

Pulse analysis and peak detection 544 

The findpeaks function in MATLAB was used to find local maxima (peaks) for each cell’s ERK 545 

activity. Pulse features were then calculated based on the identified peaks. Frequency was 546 

calculated using the meanfreq function in MATLAB.This function estimates the mean normalized 547 

frequency of the power spectrum of each ERK activity trace.  548 

 549 

Statistical tests 550 

For single-cell immunofluorescence data, each statistical comparison was made by t-test with 551 

unequal variances, and false discovery rate was controlled within each dataset via the Benjamini 552 

and Hochberg Step-Up procedure (α = 0.05). The variance for each experiment was determined 553 

from single-cell samples and added to variance across experiments. This corresponds to a linear 554 

error model: εi = εcell + εexp, where the error (from the mean) of an individual cell εi equals the sum 555 

of the errors arising from cell-to-cell variation εcelland from experiment variation εexp.  556 

  557 

Spatial heatmap generation  558 

Each cell’s time averaged coordinates were used to calculate the average Euclidean distance 559 

between each pair of cells within each well of the 96-well plate. Hierarchical clustering was 560 

performed on this distance matrix. The optimal leaf order was calculated by maximizing the sum 561 
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of the similarity between adjacent leaves by flipping tree branches and without dividing the 562 

clusters. This order was then used to sort and display the live-cell and fixed-cell data.  563 

 564 

ETG prediction models and evaluation.  565 

For convolutional neural networks, we trained a CNN per ETG prediction. Each model consisted 566 

of 1) feature learning module and 2) prediction module. Feature learning module consists of 2 567 

convolutional layers (16 channels and kernel size of 16) followed by an FC layer with size of 192 568 

to match the initial input size. Prediction module consists of 2 FC layers (each size of 64 with relu 569 

activations) followed by a final linear FC layer that outputs a single ETG prediction. We trained 570 

one model per ETG for 100 epochs using Adam optimizer with learning rate of 0.001 and L2 571 

regularization of 0.001. For the linear model, linear regression was implemented using sklearn 572 

python package with default parameters. The inputs were either the raw or featurized ERK activity 573 

for linear model or featurized linear model respectively. Evaluation on the model was performed 574 

using 5-fold cross validation with each fold roughly having the same representation from each 575 

well of origin and treatment.  576 

 577 

Identification of significant input timepoints: For feature attribution approach, we used feature 578 

attribution, specifically Integrated Gradient (Sundararajan et al., 06--11 Aug 2017), to identify input 579 

timepoints that the model considers significant to prediction of ETG. Integrated Gradient was 580 

implemented using the python package Captum (Kokhlikyan et al., 2020). Feature attribution 581 

outputs score from each input time point to ETG per cell, which was averaged across cells for 582 

summarized visualization in the form of heatmap. 583 

 584 

Backwards feature selection with timepoints after stimulation with CNN. To test the 585 

importance of the timepoints after the initial stimulation, we trained new CNN models to only use 586 

timepoints 2 hours after stimulation for ETG prediction. This model was trained on 15 hours of 587 
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ERK activity data. The model and training setup used is identical to the setup used for the model 588 

with all the time points (19 hours of ERK activity data). 589 

  590 

Decision Tree Classifier 591 

EKAR time series data were clustered into five groups using k-means clustering. Each group was 592 

assigned its class label. An optimized decision tree was fit using 8 ETG measurements to predict 593 

class labels of each cell. Leaf optimization was done by fitting multiple cross validated models 594 

and recording test-set error. This was done using MATLAB’s fitctree function. The model with the 595 

lowest test set error was chosen. Predictor Importance was estimated by summing the changes 596 

in the risk due to splits on every predictor and dividing the sum by the number of branch nodes–597 

MATLAB predictorImportance function.  598 

 599 

Ordinary Differential Equation Modeling  600 

The ODE model was adapted from Davies et al. 2020 (Davies et al., 2020). The model of ERK 601 

dependent gene expression (Equations 4, 5, 6, and 7) was constructed from a mass action 602 

approximation. This process is modeled in four steps (equation 4) phosphorylation of a 603 

transcription factor by ERK (TFP), (equation 5) transcription of target mRNA (mRNA), (equation 604 

6) translation of target protein (P), and (equation 7) potential stabilization of target protein by ERK-605 

dependent phosphorylation (PP). A regulatory term is included in the transcription process 606 

allowing negative feedback from target protein onto its own production. The model is formulated 607 

as a delay differential equation to account for the effective lag times of transcription and translation 608 

without explicitly addressing the complex processes involved. 609 

𝑑

𝑑𝑡
 𝑇𝐹𝑃(𝑡) =  𝑘𝑝𝑇𝐹 ∗ 𝐸𝑅𝐾(𝑡) ∗ (𝑇𝐹𝑇 − 𝑇𝐹𝑃(𝑡)) −  𝑘𝑑𝑇𝐹 ∗ 𝑇𝐹𝑃 (𝑡) 610 

(Equation 4) 611 
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𝑑

𝑑𝑡
 𝑚𝑅𝑁𝐴(𝑡) =  

𝑘𝑏 + 𝑘𝑚 ∗ 𝑇𝐹𝑃(𝑡 −  𝜏𝑚)

(
𝑃(𝑡 −  𝜏𝑚) +  𝑃𝑃(𝑡 −  𝜏𝑚)

𝑘𝐷
)

𝑣

+ 1

− 𝑘∅𝑚 ∗ 𝑚𝑅𝑁𝐴(𝑡) 612 

(Equation 5) 613 

𝑑

𝑑𝑡
 𝑃(𝑡) =  𝑘𝑃 ∗ 𝑚𝑅𝑁𝐴(𝑡 − 𝜏𝑃) + 𝑘𝑑𝑃 ∗ 𝑃𝑃(𝑡) − (𝑘∅𝑃 +  𝑘𝑃𝑃) ∗ 𝑃(𝑡) 614 

(Equation 6) 615 

𝑑

𝑑𝑡
 𝑃𝑃(𝑡) =  𝑘𝑝𝑃 ∗ 𝐸𝑅𝐾(𝑡) ∗ 𝑃(𝑡) − (𝑘∅𝑃𝑃 +  𝑘𝑑𝑃) ∗ 𝑃𝑃(𝑡)  616 

(Equation 7) 617 

Data availability statement 618 

Raw and unprocessed data will be uploaded to BioStudies made publicly available. Processed 619 

data are uploaded as a .zip in the supplementary files of this manuscript.  620 

 621 

Code availability 622 

Custom MATLAB code for data analysis used in this study are uploaded as a .zip file in the 623 

supplementary files of this manuscript.  624 

 625 

Author contributions 626 

A.R., M.P., and J. A. conceptualized the study, interpreted data, and wrote the manuscript. A.R. 627 

conducted the imaging experiments and data analysis. M.P. created the ordinary differential 628 

equation model and the subsequent scripts that allowed for gene simulations. Y.C. trained the 629 

convolutional neural networks. D.M. assisted with western blot and image registration. M.C. 630 

assisted with cell culture. N.K assisted with data analysis. 631 

 632 

Acknowledgements 633 

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


26 

 

 

This work was supported by the National Institute of General Medical Sciences (R01GM115650 634 

and R35GM139621 to JGA; T32GM007377 and 5R25GM056765 to AR) and the National Heart, 635 

Lung, and Blood Institute (R01HL151983 to JGA). We thank Carolyn Teragawa and Taryn Gillies 636 

for their helpful feedback on the manuscript.  637 

 638 

Conflict of Interest 639 

John Albeck has received research grants from Kirin Corporation. 640 

References 641 

 642 

Aikin, T. J., Peterson, A. F., Pokrass, M. J., Clark, H. R., & Regot, S. (2020). MAPK activity 643 

dynamics regulate non-cell autonomous effects of oncogene expression. eLife, 9. 644 

https://doi.org/10.7554/eLife.60541 645 

Albeck, J. G., Mills, G. B., & Brugge, J. S. (2013). Frequency-modulated pulses of ERK activity 646 

transmit quantitative proliferation signals. Molecular Cell, 49(2), 249–261. 647 

Bollag, G., Hirth, P., Tsai, J., Zhang, J., Ibrahim, P. N., Cho, H., Spevak, W., Zhang, C., Zhang, 648 

Y., Habets, G., Burton, E. A., Wong, B., Tsang, G., West, B. L., Powell, B., Shellooe, R., 649 

Marimuthu, A., Nguyen, H., Zhang, K. Y. J., … Nolop, K. (2010). Clinical efficacy of a RAF 650 

inhibitor needs broad target blockade in BRAF-mutant melanoma. Nature, 467(7315), 596–651 

599. 652 

Bugaj, L. J., Sabnis, A. J., Mitchell, A., Garbarino, J. E., Toettcher, J. E., Bivona, T. G., & Lim, 653 

W. A. (2018). Cancer mutations and targeted drugs can disrupt dynamic signal encoding by 654 

the Ras-Erk pathway. Science, 361(6405). https://doi.org/10.1126/science.aao3048 655 

Comandante-Lou, N., Baumann, D. G., & Fallahi-Sichani, M. (2022). AP-1 transcription factor 656 

network explains diverse patterns of cellular plasticity in melanoma cells. Cell Reports, 657 

40(5), 111147. 658 

Cook, S. J., Aziz, N., & McMahon, M. (1999). The repertoire of fos and jun proteins expressed 659 

during the G1 phase of the cell cycle is determined by the duration of mitogen-activated 660 

protein kinase activation. Molecular and Cellular Biology, 19(1), 330–341. 661 

Davies, A. E., Pargett, M., Siebert, S., Gillies, T. E., Choi, Y., Tobin, S. J., Ram, A. R., Murthy, 662 

V., Juliano, C., Quon, G., Bissell, M. J., & Albeck, J. G. (2020). Systems-Level Properties of 663 

EGFR-RAS-ERK Signaling Amplify Local Signals to Generate Dynamic Gene Expression 664 

Heterogeneity. Cell Systems, 11(2), 161–175.e5. 665 

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

http://paperpile.com/b/bO3riN/rN6w
http://paperpile.com/b/bO3riN/rN6w
http://paperpile.com/b/bO3riN/rN6w
http://paperpile.com/b/bO3riN/rN6w
http://paperpile.com/b/bO3riN/rN6w
http://paperpile.com/b/bO3riN/rN6w
http://paperpile.com/b/bO3riN/rN6w
http://dx.doi.org/10.7554/eLife.60541
http://paperpile.com/b/bO3riN/qPLA
http://paperpile.com/b/bO3riN/qPLA
http://paperpile.com/b/bO3riN/qPLA
http://paperpile.com/b/bO3riN/qPLA
http://paperpile.com/b/bO3riN/qPLA
http://paperpile.com/b/bO3riN/qPLA
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/XsnD
http://paperpile.com/b/bO3riN/iCXY
http://paperpile.com/b/bO3riN/iCXY
http://paperpile.com/b/bO3riN/iCXY
http://paperpile.com/b/bO3riN/iCXY
http://paperpile.com/b/bO3riN/iCXY
http://paperpile.com/b/bO3riN/iCXY
http://paperpile.com/b/bO3riN/iCXY
http://dx.doi.org/10.1126/science.aao3048
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/315G
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/SJF5
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
http://paperpile.com/b/bO3riN/rc7m
https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


27 

 

 

Ender, P., Gagliardi, P. A., Dobrzyński, M., Frismantiene, A., Dessauges, C., Höhener, T., 666 

Jacques, M.-A., Cohen, A. R., & Pertz, O. (2022). Spatiotemporal control of ERK pulse 667 

frequency coordinates fate decisions during mammary acinar morphogenesis. 668 

Developmental Cell, 57(18), 2153–2167.e6. 669 

Escobar-Hoyos, L. F., Penson, A., Kannan, R., Cho, H., Pan, C.-H., Singh, R. K., Apken, L. H., 670 

Hobbs, G. A., Luo, R., Lecomte, N., Babu, S., Pan, F. C., Alonso-Curbelo, D., Morris, J. P., 671 

4th, Askan, G., Grbovic-Huezo, O., Ogrodowski, P., Bermeo, J., Saglimbeni, J., … Leach, 672 

S. D. (2020). Altered RNA Splicing by Mutant p53 Activates Oncogenic RAS Signaling in 673 

Pancreatic Cancer. Cancer Cell, 38(2), 198–211.e8. 674 

Flaherty, K. T., Puzanov, I., Kim, K. B., Ribas, A., McArthur, G. A., Sosman, J. A., O’Dwyer, P. 675 

J., Lee, R. J., Grippo, J. F., Nolop, K., & Chapman, P. B. (2010). Inhibition of mutated, 676 

activated BRAF in metastatic melanoma. The New England Journal of Medicine, 363(9), 677 

809–819. 678 

Gillies, T. E., Pargett, M., Minguet, M., Davies, A. E., & Albeck, J. G. (2017). Linear Integration 679 

of ERK Activity Predominates over Persistence Detection in Fra-1 Regulation. Cell 680 

Systems, 5(6), 549–563.e5. 681 

Gillies, T. E., Pargett, M., Silva, J. M., Teragawa, C. K., McCormick, F., & Albeck, J. G. (2020). 682 

Oncogenic mutant RAS signaling activity is rescaled by the ERK/MAPK pathway. Molecular 683 

Systems Biology, 16(10), e9518. 684 

Gut, G., Herrmann, M. D., & Pelkmans, L. (2018). Multiplexed protein maps link subcellular 685 

organization to cellular states. Science, 361(6401). https://doi.org/10.1126/science.aar7042 686 

Hirashima, T. (2022). Live imaging approach of dynamic multicellular responses in ERK 687 

signaling during vertebrate tissue development. Biochemical Journal, 479(2), 129–143. 688 

Janes, K. A., Albeck, J. G., Gaudet, S., Sorger, P. K., Lauffenburger, D. A., & Yaffe, M. B. 689 

(2005). A systems model of signaling identifies a molecular basis set for cytokine-induced 690 

apoptosis. Science, 310(5754), 1646–1653. 691 

Janes, K. A., Wang, C.-C., Holmberg, K. J., Cabral, K., & Brugge, J. S. (2010). Identifying 692 

single-cell molecular programs by stochastic profiling. Nature Methods, 7(4), 311–317. 693 

Jaqaman, K., Loerke, D., Mettlen, M., Kuwata, H., Grinstein, S., Schmid, S. L., & Danuser, G. 694 

(2008). Robust single-particle tracking in live-cell time-lapse sequences. Nature Methods, 695 

5(8), 695–702. 696 

Kleiman, L. B., Maiwald, T., Conzelmann, H., Lauffenburger, D. A., & Sorger, P. K. (2011). 697 

Rapid phospho-turnover by receptor tyrosine kinases impacts downstream signaling and 698 

drug binding. Molecular Cell, 43(5), 723–737. 699 

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/8B9z
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/ycLq
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/Suci
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/97sw
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/gfyC
http://paperpile.com/b/bO3riN/XdY0
http://paperpile.com/b/bO3riN/XdY0
http://paperpile.com/b/bO3riN/XdY0
http://paperpile.com/b/bO3riN/XdY0
http://paperpile.com/b/bO3riN/XdY0
http://paperpile.com/b/bO3riN/XdY0
http://dx.doi.org/10.1126/science.aar7042
http://paperpile.com/b/bO3riN/pURb
http://paperpile.com/b/bO3riN/pURb
http://paperpile.com/b/bO3riN/pURb
http://paperpile.com/b/bO3riN/pURb
http://paperpile.com/b/bO3riN/pURb
http://paperpile.com/b/bO3riN/pURb
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/b88r
http://paperpile.com/b/bO3riN/zBup
http://paperpile.com/b/bO3riN/zBup
http://paperpile.com/b/bO3riN/zBup
http://paperpile.com/b/bO3riN/zBup
http://paperpile.com/b/bO3riN/zBup
http://paperpile.com/b/bO3riN/zBup
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/Ott7
http://paperpile.com/b/bO3riN/AJBs
http://paperpile.com/b/bO3riN/AJBs
http://paperpile.com/b/bO3riN/AJBs
http://paperpile.com/b/bO3riN/AJBs
http://paperpile.com/b/bO3riN/AJBs
http://paperpile.com/b/bO3riN/AJBs
http://paperpile.com/b/bO3riN/AJBs
https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


28 

 

 

Kokhlikyan, N., Miglani, V., Martin, M., Wang, E., Alsallakh, B., Reynolds, J., Melnikov, A., 700 

Kliushkina, N., Araya, C., Yan, S., & Reblitz-Richardson, O. (2020). Captum: A unified and 701 

generic model interpretability library for PyTorch. In arXiv [cs.LG]. arXiv. 702 

http://arxiv.org/abs/2009.07896 703 

Kramer, B. A., Sarabia Del Castillo, J., & Pelkmans, L. (2022). Multimodal perception links 704 

cellular state to decision-making in single cells. Science, 377(6606), 642–648. 705 

Lavoie, H., Gagnon, J., & Therrien, M. (2020). ERK signalling: a master regulator of cell 706 

behaviour, life and fate. Nature Reviews. Molecular Cell Biology, 21(10), 607–632. 707 

Min, M., Rong, Y., Tian, C., & Spencer, S. L. (2020). Temporal integration of mitogen history in 708 

mother cells controls proliferation of daughter cells. Science, 368(6496), 1261–1265. 709 

Murphy, L. O., MacKeigan, J. P., & Blenis, J. (2004). A network of immediate early gene 710 

products propagates subtle differences in mitogen-activated protein kinase signal amplitude 711 

and duration. Molecular and Cellular Biology, 24(1), 144–153. 712 

Murphy, L. O., Smith, S., Chen, R.-H., Fingar, D. C., & Blenis, J. (2002). Molecular interpretation 713 

of ERK signal duration by immediate early gene products. Nature Cell Biology, 4(8), 556–714 

564. 715 

Nakakuki, T., Birtwistle, M. R., Saeki, Y., Yumoto, N., Ide, K., Nagashima, T., Brusch, L., 716 

Ogunnaike, B. A., Okada-Hatakeyama, M., & Kholodenko, B. N. (2010). Ligand-specific c-717 

Fos expression emerges from the spatiotemporal control of ErbB network dynamics. Cell, 718 

141(5), 884–896. 719 

Pargett, M., Gillies, T. E., Teragawa, C. K., Sparta, B., & Albeck, J. G. (2017). Single-Cell 720 

Imaging of ERK Signaling Using Fluorescent Biosensors. Methods in Molecular Biology , 721 

1636, 35–59. 722 

Ravindran, P. T., McFann, S., Thornton, R. H., & Toettcher, J. E. (2022). A synthetic gene 723 

circuit for imaging-free detection of signaling pulses. Cell Systems, 13(2), 131–142.e13. 724 

Ryu, H., Chung, M., Dobrzyński, M., Fey, D., Blum, Y., Lee, S. S., Peter, M., Kholodenko, B. N., 725 

Jeon, N. L., & Pertz, O. (2015). Frequency modulation of ERK activation dynamics rewires 726 

cell fate. In Molecular Systems Biology (Vol. 11, Issue 11, p. 838). 727 

https://doi.org/10.15252/msb.20156458 728 

Saito, T. H., Uda, S., Tsuchiya, T., Ozaki, Y.-I., & Kuroda, S. (2013). Temporal decoding of MAP 729 

kinase and CREB phosphorylation by selective immediate early gene expression. PloS 730 

One, 8(3), e57037. 731 

Sparta, B., Pargett, M., Minguet, M., Distor, K., Bell, G., & Albeck, J. G. (2015). Receptor Level 732 

Mechanisms Are Required for Epidermal Growth Factor (EGF)-stimulated Extracellular 733 

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

http://paperpile.com/b/bO3riN/U4j3
http://paperpile.com/b/bO3riN/U4j3
http://paperpile.com/b/bO3riN/U4j3
http://paperpile.com/b/bO3riN/U4j3
http://paperpile.com/b/bO3riN/U4j3
http://paperpile.com/b/bO3riN/U4j3
http://arxiv.org/abs/2009.07896
http://paperpile.com/b/bO3riN/qiOI
http://paperpile.com/b/bO3riN/qiOI
http://paperpile.com/b/bO3riN/qiOI
http://paperpile.com/b/bO3riN/qiOI
http://paperpile.com/b/bO3riN/qiOI
http://paperpile.com/b/bO3riN/qiOI
http://paperpile.com/b/bO3riN/fqvB
http://paperpile.com/b/bO3riN/fqvB
http://paperpile.com/b/bO3riN/fqvB
http://paperpile.com/b/bO3riN/fqvB
http://paperpile.com/b/bO3riN/fqvB
http://paperpile.com/b/bO3riN/fqvB
http://paperpile.com/b/bO3riN/U2Bf
http://paperpile.com/b/bO3riN/U2Bf
http://paperpile.com/b/bO3riN/U2Bf
http://paperpile.com/b/bO3riN/U2Bf
http://paperpile.com/b/bO3riN/U2Bf
http://paperpile.com/b/bO3riN/U2Bf
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/4wNJ
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/XEqR
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/VMAN
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/oH40
http://paperpile.com/b/bO3riN/B62W
http://paperpile.com/b/bO3riN/B62W
http://paperpile.com/b/bO3riN/B62W
http://paperpile.com/b/bO3riN/B62W
http://paperpile.com/b/bO3riN/B62W
http://paperpile.com/b/bO3riN/B62W
http://paperpile.com/b/bO3riN/pl6k
http://paperpile.com/b/bO3riN/pl6k
http://paperpile.com/b/bO3riN/pl6k
http://paperpile.com/b/bO3riN/pl6k
http://paperpile.com/b/bO3riN/pl6k
http://paperpile.com/b/bO3riN/pl6k
http://dx.doi.org/10.15252/msb.20156458
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/39eI
http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/pmpl
https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


29 

 

 

Signal-regulated Kinase (ERK) Activity Pulses. The Journal of Biological Chemistry, 734 

290(41), 24784–24792. 735 

Stallaert, W., Taylor, S. R., Kedziora, K. M., Taylor, C. D., Sobon, H. K., Young, C. L., Limas, J. 736 

C., Varblow Holloway, J., Johnson, M. S., Cook, J. G., & Purvis, J. E. (2022). The molecular 737 

architecture of cell cycle arrest. Molecular Systems Biology, 18(9), e11087. 738 

Sundararajan, M., Taly, A., & Yan, Q. (06--11 Aug 2017). Axiomatic Attribution for Deep 739 

Networks. In D. Precup & Y. W. Teh (Eds.), Proceedings of the 34th International 740 

Conference on Machine Learning (Vol. 70, pp. 3319–3328). PMLR. 741 

Uhlitz, F., Sieber, A., Wyler, E., Fritsche-Guenther, R., Meisig, J., Landthaler, M., Klinger, B., & 742 

Blüthgen, N. (2017). An immediate–late gene expression module decodes ERK signal 743 

duration. Molecular Systems Biology, 13(5), 928. 744 

Wilson, M. Z., Ravindran, P. T., Lim, W. A., & Toettcher, J. E. (2017). Tracing Information Flow 745 

from Erk to Target Gene Induction Reveals Mechanisms of Dynamic and Combinatorial 746 

Control. Molecular Cell, 67(5), 757–769.e5. 747 

Yamamoto, T., Ebisuya, M., Ashida, F., Okamoto, K., Yonehara, S., & Nishida, E. (2006). 748 

Continuous ERK activation downregulates antiproliferative genes throughout G1 phase to 749 

allow cell-cycle progression. Current Biology: CB, 16(12), 1171–1182. 750 

Zwang, Y., Sas-Chen, A., Drier, Y., Shay, T., Avraham, R., Lauriola, M., Shema, E., Lidor-Nili, 751 

E., Jacob-Hirsch, J., Amariglio, N., Lu, Y., Mills, G. B., Rechavi, G., Oren, M., Domany, E., 752 

& Yarden, Y. (2011). Two phases of mitogenic signaling unveil roles for p53 and EGR1 in 753 

elimination of inconsistent growth signals. Molecular Cell, 42(4), 524–535. 754 

 755 

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/pmpl
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/ThKR
http://paperpile.com/b/bO3riN/Jshl
http://paperpile.com/b/bO3riN/Jshl
http://paperpile.com/b/bO3riN/Jshl
http://paperpile.com/b/bO3riN/Jshl
http://paperpile.com/b/bO3riN/Jshl
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/aiV0
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/bZN6
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/7BgY
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
http://paperpile.com/b/bO3riN/g757
https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


a
Figure 1

d

e

f

b c

0 2 4 6 8 10 12 14 16 18
Time (hr)

Time (hr)

Time (hr)

0

0.2

0.4

0.6

E
rk

ac
tiv
ity

ERK activity

Cyclic immunofluorescence

0 0
.1

0
.2

0
.3

0
.4

0
.5

0
.6

0
.7

0
.8

0
.9

1

Low High

Live cell ERK
measurements Egr-1c-Jun

pERK

c-Myc
pc-Fos

c-Fos

pRb

Fra-1

ERK activity treatment averageERK activity treatment average
EGF (ng/ml)

100.510-0.510-1.5 101.510110010-110-20

Egr-1Fra-1pERK c-Junc-Myc pc-Fos c-Fos pRbHoechst

MEKi

Control

EGF
10 ng/ml

EGF
1 ng/ml

EGF
0.1 ng/ml

5 10 15
0

0.7

E
R
K
ac

tiv
ity

EGF 0.1ng/ml
C 1

C 2

C 3

C 4

C 5

Mean

Time (hr)
5 10 15

C 1

C 2

C 3

C 4

C 5

Mean
0

0.7

EGF 1ng/ml

Time (hr)
5 10 15

C 1

C 2

C 3

C 4

C 5

Mean
0

0.8

EGF 10ng/ml

Time (hr)
5 10 15

C 1

C 2

C 3

C 4

C 5

Mean
0

0.8

EGF 10ng/ml + MEKi

Time (hr)
5 10 15

C 1

C 2

C 3

C 4

C 5

Mean
0

0.7

EGF 10ng/ml

100.5

10¹

10-0.5

10-1.5

101.5

100

10-1

10-2

00
EGF

(ng/ml)

Antibody Intensity (log)
0 1 2 3

Egr-1

1

2 3 4

pERK

1 2 3

c-Jun

1 2 3

c-Myc

1 2 3

pc-Fos

***

***

***

***

**

2 3 4

c-Fos

***

**

***

***

*

1 2 3 4

pRb

2 2.5 3 3.5

Fra-1

1

Control

20 4 6 8 10 12 14 16 18

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65

+MEKi+EGF

***

***

***

***

*

***

***

***

***

*

***

***

***

***

*

***

**

**

*

***

***

***

***

*

***

***

***

***

**

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

The copyright holder for this preprintthis version posted February 17, 2024. ; https://doi.org/10.1101/2024.02.16.580760doi: bioRxiv preprint 

https://doi.org/10.1101/2024.02.16.580760
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

Figure 1: ERK activity and target genes are dose-responsive to Epidermal Growth Factor. a Schematic of 

the experimental method. Live cells were imaged in 96-well plates for 19 hours and immediately fixed. Plates 

were subsequently stained for antibody-based measurements. b Treatment average response measurements 

for live-cell ERK biosensor (EKAR) with increasing concentrations of EGF. Data are presented as the mean of 

each treatment (nwell replicates = 9-11 for each dose of EGF, 21 for control). c Treatment average response 

measurements depicted as a heatmap. Each row is the treatment average EKAR measurement (FRET 

measurements are indicated by color). EGF concentration indicated by colored triangles from Fig. 1b. MEKi = 

MEK inhibitor PD0325901 (100nM) (nwell replicates = 2-4 for each treatment). d Single-cell response plots to 

indicated treatment. Bold line indicates the average of all cells in one well of the treatment. e MCF10A cells 

immuno-stained with cyclic immunofluorescence. Each row depicts the same group of cells. Scale bar = 100 um. 

f Quantification of cyclic immunofluorescence measurements from listed EGF treatment. Dashed line indicates 

median of vehicle control condition (0 ng/ml EGF). Variance corrected t-tests were conducted by comparing each 

EGF treated condition to vehicle control nreplicates = 3. * p-val < 0.05, ** p-val < 0.005, *** p-val < 0.0005.  
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Figure 2: ERK target gene expression moderately correlates with features of ERK 

dynamics. a Single-cell heatmap for EKAR FRET measurements and corresponding ETG 

intensity, each row represents one cell (ncells = 97,960, nreplicates = 3). ETG expression colored by 

log of antibody intensity from immunofluorescence measurements. b Features of ERK dynamics 

analyzed. Frequency was also calculated by estimating the mean normalized frequency of the 

power spectrum of the EKAR FRET measurement time series for each cell. c Pearson correlation 

(r) between each ERK feature and each cyclic immunofluorescence measurement, where single-

cell values were used. d Spatial heatmap of EKAR (left) and ETG (right) measurements from a 

single well (control condition). Heatmap is organized by proximity of cells to each other so that 

neighboring cells in the well are plotted closer to each other in the heatmap. ETG colormap 

indicates relative log intensity of data within each column; outliers in pERK column skew colormap 

towards red. (black = NA). Magenta box indicates cells in Fig. 2f. White arrows indicate cells that 

recently activated ERK which resulted in higher Egr-1 expression (right). e Pearson correlation (r) 

between single-cell ETG measurements and the EKAR FRET measurement at each timepoint 

from the live-cell experiment. f Corresponding cells from magenta box in Fig. 2d. Scale bar = 

50um.  
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Figure 3: ERK target gene expression predicts history of ERK activation 

a Single-cell regression showing the coefficient of determination (R2) of linear regression models which use 

ETGs to predict each ERK feature. 10-fold cross-validation was conducted to retrieve the best test-set model. 

This model was then fitted on the full dataset. b Scatter plots of single-cell regression models showing line of 

best fit. Color indicates relative density of the data. c Scatter plot showing each cell's predicted (x-axis) vs true 

(y-axis) value in the multiple linear regression (MLR) models. d Results of adding predictors to MLR models. 

Color of each point indicates which predictor was added at each step. e Average values were calculated for all 

cells with the same treatment. These values were then used to fit regression models that predict each ERK 

feature using ETGs. f Scatter plots showing line of best fit and confidence intervals for treatment average 

regression models.  
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Figure 4: Convolutional neural network identifies non-linear signal transmission. a For each ETG, three
types of prediction models were separately trained. Top: Simplified schematic of convolutional neural network
architecture containing two convolutional layers and three fully connected layers. Bottom left: Multiple variable
regression where ERK activity at each time point is considered as a predictor variable (TS linear). Bottom right:
Multiple variable linear regression where nine features of ERK activity are considered as predictor variables
(Featurized linear). b Top: Bar plot indicating R2 for three models used to predict ETG levels. Bottom: Bar plot
indicating mean square error for three models used to predict ETG levels. Error bars represent standard error
calculated using values from each fold of the 5-fold cross-validation partitions. c Scatter plot of the predicted
and observed values of the CNN trained on all 190 timepoints (19 hr). The data represent standardized (z-
scored) values. d Feature attribution heatmap showing the importance of each timepoint in the CNN model
trained on 150 timepoints (15 hr). Color map represents relative values within each row.
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Figure 5: Annotating spatiotemporal ERK patterns in images using Decision Tree model. a Average ERK
activity in each cluster identified by k-means clustering of EKAR time series data. Cells per cluster: C119325,
C29989, C316325 ,C46244, C521523. b Box plot showing median, quartiles, and range of ETG intensity in each cluster.
c Confusion matrix showing the amount of accurate (green) and mis-classified (gray) cells in each class.
Decision tree leaf size was optimized by cross-validation and collecting the leaf size with the minimum test-set
error (129). d Receiver operating characteristic curves for each class in the decision tree model. e MCF10A cell
stained with Hoechst (gray) overlayed with predicted signaling histories. Dark lines indicate the mean ERK
activity for each cluster (as in Fig. 5a), and shaded regions indicate 25th and 75th percentiles.
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Figure 6: Mathematical model identifies limits of ERK activity prediction method.  

a Ordinary differential equation model representing ERK-dependent modification of a transcription factor (TF), 

expression of mRNA, and expression of a protein (P) product. Superscript P denotes phosphorylation of a 

molecule. Lowercase k’s indicate rate parameters, uppercase K indicates a dissociation constant for feedback 

effects. Clock icons indicate a time delay (τ). b 10,000 cells were randomly picked from our main dataset. We 

simulated the gene response of 1000 genes for each cell using our experimentally collected EKAR 

measurements. c 1000 simulated genes (sim-ETGs) were randomly assigned the listed rate parameters while 

other rate parameters in the model remained constant. d Coefficient of determination (R2) of single variable linear 

regression models using each sim-ETG to predict the average ERK activity in each cell. e Pearson correlation 

(r) between each sim-ETG (rows) measurement and the EKAR values at each timepoint from the live-cell 

experiment. f Top: one ERK activity trace from one cell in the dataset. Rest: gene expression response of the 

top 5 predictors of the mean ERK activity. g Multiple regression models fit to predict each ERK feature. For each 

ERK feature prediction model, a single sim-ETG was added as a predictor at each step. To determine the order 

of sim-ETGs to add, we performed single regression and ranked sim-ETG by their ability to individually predict 

each feature.  
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Supplementary Figure 1: Live cell measurements with a calibrated ERK reporter followed by 

immunofluorescence. a Schematic of EKAR 3.5 FRET-based reporter. When ERK is inactive, mTurquoise2 

and Ypet are distanced from each other. Active ERK binds the reporter substrate and induces a conformational 

change, bridging the two fluorescent proteins together. This causes a change in the ratio of mTurquoise2 and 

Ypet fluorescence intensities. b Phos-Tag immunoblot for phospho-EKAR 3.5 under 4 conditions that span the 

full range of ERK activity levels. Samples treated with EGF for 15 minutes, or MEKi for 2 hours. nwell replicates = 4 

for each treatment. c Quantified ratio of the phosphorylated EKAR 3.5 over total EKAR 3.5 immunoblot intensities 

(x-axis). Y-axis represents the average live-cell FRET measurement in all cells within each treatment. FRET 

measurements were calculated at 15 minutes after EGF treatment, or 2 hours after MEKi. Each point represents 

the average of the 4 replicates. Model indicates the line of best fit. d Slope and intercept of the Phos-Tag model 

were used to calibrate the live-cell FRET measurements. e Left: Treatment average responses of EKAR 

biosensor data. Right: Histogram and box plot showing immunofluorescence quantifications for each treatment 

corresponding to the biosensor data. Box plot indicates median, quartiles, and range of the data. Dashed line 

indicates the median of the control (imaging media). Variance-corrected t-tests were conducted by comparing 

each EGF treated condition to vehicle control (imaging media) (nreplicates = 3). * p-val < 0.05, ** p-val < 0.005, *** 

p-val < 0.0005.  
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Supplementary Figure 2: Batch effect correction and cyclic immunofluorescence protocol validation. a 

Box plot showing immunofluorescence quantifications for each treatment in each replicate experiment. Box plot 

indicates median, quartiles, and range of the data. Dots indicate outliers. nreplicates = 3. b Scatter plot of Fra-1 (left) 

and Egr-1 (right) intensity in the first round of staining vs. the ninth round from replicate plate 1. Data includes 

cells treated with EGF (all doses), imaging media, or MEKi. nwell replicates = 2 for each treatment. c Quantification 

of pixel intensities of cells in d. Box plot indicates median, quartiles, and range of the data. Dots indicate outliers. 

d Images of cyclic immunofluorescence rounds of staining. Cells were incubated with primary+secondary, eluted, 

and re-incubated with secondary only to ensure proper elution of the primary. Egr-1 and Fra-1 antibodies were 

both incubated together in round 1. Rab: anti-rabbit primary. Ms: anti-mouse primary. Cells treated with 31.64 

ng/ml EGF. nwell replicates = 1. Five other wells treated with lower concentrations of EGF were also imaged and 

validated for proper elution (data not shown).  
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Supplementary Figure 3

Supplementary Figure 3: Regression modeling of ERK and ETGs. a Scatter plots and line of best fit for
ETGs and ERK features. Color indicates relative density of data. b Test error (RMSE) of MLR models where
additional predictors were added at each step. c Pearson correlation between each ETG. d Single variable
regression models using single-cell data, cells treated with MEKi were removed from this analysis.
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Supplementary Figure 4

Supplementary Figure 4: CNN feature importance is overshadowed by initial response. a Convolutional
neural net feature importance of each timepoint in predicting levels of each ETG. Color map represents relative
values within each row. b Comparing CNNs trained on 190 timepoints (19 hr) or 150 time points (15hr). Top: Bar
plot of R2 value for predicting each ETG using k-fold cross-validation (k=5). For each ETG, data was partitioned
into 5 groups. Within each k-fold, a training, test, and final set were created. Bar represents the average final
set R2 value across all 5 groups. Error bars (Standard error) were calculated by dividing the standard deviation
of R2 values for each ETG by the square root of five. Bottom: Test set mean squared error values for each ETG.
Bar height and error bars were calculated as described above.
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Supplementary Figure 5: Single-cell variation with clusters. a ERK activity of 20 individual cells from each
cluster identified by k-means clustering. Bottom line represents the cluster average, and the shading represents
the 25th and 75th percentiles. b Predictor importance estimates for the decision tree classification model.
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Supplementary Figure 6: Ordinary differential equation modeling. a Left: single-cell ERK activity heatmap 

sorted by the mean of each cell (highest mean at the top). Right: Corresponding sim-ETG end point values. 

Color represents the relative expression within each column. ncells = 10,000. ngenes = 1,000. b Pearson correlation 

between mean ERK activity and end-point gene expression. c R2 of single variable models using end point 

values of each sim-ETG to predict each ERK feature. Dashed line represents the maximum value. d Linear 

regression using gene parameter values to predict how well each gene tracks with average ERK activity. The 

model uses the negative feedback rate, mRNA degradation rate, protein degradation rate, phosphorylated 

protein degradation rate, de-phosphorylation rate, and fraction baseline to predict the R2 value from Fig. 6d. e 

Coefficient weights for linear regression in Fig. S6d. f Test set error (residual mean squared error) for each newly 

added gene in the prediction model.  
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Supplementary table 1: List of treatments/conditions along with the number of replicate wells and replicate 

experiments.  

Treatment1 
T1 Time 
(hr) Treatment2 

T2 Time 
(hr) 

Well 
replicates 

Experimental 
replicates 
(days) 

EGF 0.01ng/ml 3     11 3 

EGF 0.03164ng/ml 3     11 3 

EGF 0.1ng/ml 3     9 3 

EGF 0.3164ng/ml 3     10 3 

EGF 1ng/ml 3     11 3 

EGF 3.164ng/ml 3     11 3 

EGF 10ng/ml 3     11 3 

EGF 31.64ng/ml 3     11 3 

PD 100nM 3     21 3 

Imaging media control 3     32 3 

EGF 0.01ng/ml 3 PD 100 nM 18 2 2 

EGF 0.03164ng/ml 3 PD 100 nM 18 3 3 

EGF 0.1ng/ml 3 PD 100 nM 18 3 3 

EGF 0.3164ng/ml 3 PD 100 nM 18 3 3 

EGF 1ng/ml 3 PD 100 nM 18 3 3 

EGF 3.164ng/ml 3 PD 100 nM 18 3 3 

EGF 10ng/ml 3 PD 100 nM 18 3 3 

EGF 31.64ng/ml 3 PD 100 nM 18 3 3 

EGF 0.01ng/ml 3 PD 100 nM 17 2 2 

EGF 0.03164ng/ml 3 PD 100 nM 17 3 3 

EGF 0.1ng/ml 3 PD 100 nM 17 3 3 

EGF 0.3164ng/ml 3 PD 100 nM 17 3 3 

EGF 1ng/ml 3 PD 100 nM 17 3 3 

EGF 3.164ng/ml 3 PD 100 nM 17 3 3 

EGF 10ng/ml 3 PD 100 nM 17 3 3 

EGF 31.64ng/ml 3 PD 100 nM 17 3 3 

EGF 0.01ng/ml 3 PD 100 nM 15 3 3 

EGF 0.03164ng/ml 3 PD 100 nM 15 4 3 

EGF 0.1ng/ml 3 PD 100 nM 15 4 3 

EGF 0.3164ng/ml 3 PD 100 nM 15 4 3 

EGF 1ng/ml 3 PD 100 nM 15 4 3 

EGF 3.164ng/ml 3 PD 100 nM 15 4 3 

EGF 10ng/ml 3 PD 100 nM 15 4 3 

EGF 31.64ng/ml 3 PD 100 nM 15 4 3 

Imaging media control 3 PD 100 nM 18 4 3 

Imaging media control 3 PD 100 nM 17 2 1 

Imaging media control 3 PD 100 nM 15 2 1 

EGF 31.64ng/ml 17.5     2 2 

EGF 10ng/ml 17.5     1 1 

EGF 0.01ng/ml 17.5     1 1 

EGF 3.164ng/ml 17.5     1 1 
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EGF 0.01ng/ml 13     1 1 

EGF 0.03164ng/ml 13     1 1 

EGF 0.3164ng/ml 13     2 2 

EGF 1ng/ml 13     4 2 

EGF 3.164ng/ml 13     2 2 

EGF 10ng/ml 13     2 2 

EGF 31.64ng/ml 13     2 2 
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Supplementary Table 2: List of gene parameters in the ordinary differential equation model 

Parameter Description Unit 

𝑇𝐹𝑇 Total transcription 
factor 

concentration 

nM 

𝑘pTF 

ERK-dependent 
transcription factor 

phosphorylation 
rate 

nM-1min-1 

𝑘dTF Transcription factor 
de-phosphorylation 

rate 

min-1 

𝑘b Baseline target 
mRNA 

transcription rate 

nM/min 

𝑘m ERK-dependent 
target mRNA 

transcription rate 
min-1 

𝑘∅m Target mRNA 
degradation rate 

min-1 

𝜏m Transcription delay min 

𝐾D Negative feedback 
half-maximal 
concentration 

nM 

ν Feedback Hill 
Coef. 

- 

𝑘P Target protein 
translation rate 

min-1 

𝑘∅P Target protein 
degradation rate 

min-1 

𝜏P Translation delay min 

𝑘pP 

ERK-dependent 
target 

phosphorylation 
rate 

nM-1min-1 

𝑘dP Target protein 
de- 

phosphorylation 
rate 

min-1 

𝑘∅pP Phosphorylated 
target degradation 

rate 

min-1 
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Supplementary Table 3: List of materials, software, and reagents used in the study. 

Reagent or Resource Source Identifier/RRID 

Antibodies 

Anti-Fra-1, clone C-12 Santa Cruz 
Biotechnology 

sc28310; AB_627632 

Anti-Egr-1, clone 44D5 Cell signaling 4153; AB_2097035 

Anti-phospho-ERK p44/42 
clone D13.14.4E 

Cell signaling 4370; AB_2315112 

Anti-cJun clone 60A8 Cell signaling 9165; AB_2130165 

Anti-c-Myc clone D84C12 Cell signaling 5605; AB_1903938 

Anti-phospho-c-Fos clone 
D82C12 

Cell signaling 5348; AB_10557109 

Anti-c-Fos clone abcam ab190289; AB_2737414 

Anti-phospho-Rb (Ser807/811) 
clone D20B12 

Cell signaling 8516; AB_11178658 

 Goat anti-Rabbit IgG Alexa 
Fluor 647 

ThermoFisher A-21245; AB_2535813 

Donkey anti-Rabbit IgG (H+L) 
Alexa Fluor 555 

ThermoFisher A-31572; AB_162543 

IRDye 800CW Donkey anti-
Mouse IgG 

Licor 926-32212; AB_621847 

Chemicals, Peptides, and Recombinant Proteins 

Epidermal growth factor Peprotech AF-100-15 

PD0325901 Selleck Biochemicals S1036 

Cholera Toxin Sigma-Aldrich C8052 

Hydrocortisone Sigma-Aldrich H0888 

Insulin Sigma-Aldrich I9278 

Bovine Serum Albumin  Sigma-Aldrich A7906 

Heat Inactivated Horse Serum  Life Technologies 26050 

DMEM/F-12 1:1 Life Technologies 11320 

Neomycin     

Collagen I, rat tail  Life Technologies  A10483-01 

l-Glutamine  Life Technologies  25030-081 

Penicillin streptomycin Life Technologies 15070-063 

0.25% Trypsin-EDTA  Life Technologies 25200-056 

Tris Base Fisher BP152 

Glycine (Crystalline Powder) Fisher BP381 

Ponceau S solution, suitable 
for electrophoresis, 0.1% (w/v) 

in 5% acetic acid, 1L 

Sigma-Aldrich P7170-1L 

Bromophenol blue Sigma-Aldrich B5525 
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Dithiothreitol Fisher BP172 

Ammonium chloride Sigma-Aldrich 254134 

Maleimide Sigma-Aldrich 129585 

N-Acetyl-L-cysteine Sigma-Aldrich A7250 

TCEP hydrochloride ApexBio B6055 

Hoechst-33342 Life Technologies H3570 

Odyssey Blocking Buffer 
(PBS) 

Licor 927-40000 

Urea Fisher U15-500 

Guanidinum Hydrochloride Fisher BP178-500 

Phosphate-buffered saline, Fisher BP399-1 

Paraformaldehyde ThermoFisher 043368.9M 

Glycine Fisher BP381-500 

Tween-20 Fisher BP337100 

Halt Protease inhibitor cocktail ThermoFisher 1861278 

Experimental Models/Cell Lines 

Human: MCF-10A, clone 5E Joan Brugge, 
Harvard Medical 

School 

RRID:CVCL_0598 

Recombinant DNA 

Plasmid: pPBJ-EKAR3.5nls-
neo 

 Sparta et a. 2015 Addgene # forthcoming   

Software and Algorithms 

NIS-Elements AR ver. 4.20  Nikon RRID:SCR_014329 

Bio-Formats ver. 5.1.1 (May 
2015)  

OME RRID:SCR_000450 

uTrack 2.0 (Jaqaman et al., 
2008) 

http://www.utsouthwestern.edu/labs/danuser/softw
are/ 

MATLAB 2020a Mathworks  SCR_001622 

ImageJ (1.52p) National Institues fo 
Health 

RRID:SCR_003070 

Python (3.8.16) Python Software 
Foundation 

RRID:SCR_008394 

Proofreading software  

Grammarly Grammarly, Inc www.grammarly.com/ 

ChatGPT OpenAI www.openai.com 

Other     

Glass Bottom Plates, #1.5 
cover glass  

In Vitro Scientific  P24-1.5H-N, P96-1.5H-N 

SuperSep Phos-tag gels 
(50 μmol/l), 12.5%, 17 wells 

Wako-Chem 195-17991 
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