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Abstract 1 

Compelling evidence shows that cancer persister cells represent a major limit to the long-term 2 

efficacy of targeted therapies. However, the phenotype and population dynamics of cancer persister 3 

cells remain unclear. We developed a quantitative framework to study persisters by combining 4 

experimental characterization and mathematical modeling.  We found that, in colorectal cancer, a 5 

fraction of persisters slowly replicate. Clinically approved targeted therapies induce a switch to drug-6 

tolerant persisters and a temporary 7- to 50-fold increase of their mutation rate, thus increasing the 7 

number of persisters-derived resistant cells. These findings reveal that treatment may influence 8 

persistence and mutability in cancer cells and pinpoint inhibition of error-prone DNA polymerases as 9 

a strategy to restrict tumor recurrence.  10 

 11 

 12 

Main Text 13 

When cancer patients are treated with targeted agents, tumor relapse is often observed after an initial 14 

response 1,2. Emergence of resistance after prolonged response and disease stabilization is also 15 

frequent 3,4. Indeed, when cancer cells are exposed to lethal doses of targeted therapies, the emergence 16 

of a sub-population of drug-tolerant “persister” cells prevents tumor eradication5-10. Unlike 17 

genetically resistant cells, persisters tolerate drug pressure through reversible, non-genetical, non-18 

inheritable mechanisms of resistance5,10,11. However, it is unclear if persisters enter a quiescent state 19 

or slowly progress through the cell cycle. It is also unknown if the persister phenotype is drug-20 

induced, or is pre-existing. Additionally, the population dynamics governing persisters evolution to 21 

resistance are only partially elucidated 8.  22 
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Exposure of colorectal cancer (CRC) cells to targeted therapies induces DNA damage and impairment 23 

of DNA repair proficiency, a phenotype recently confirmed in other studies 12,13. Drug treatment leads 24 

to error-prone DNA replication in cancer cells, suggesting that mutability of persisters could increase 25 

during therapy-induced stress 14. 26 

 27 

Measuring mutational processes by DNA sequencing is challenging, owing to tumor heterogeneity 28 

and the difficulties of tracking lineages 12. A complementary strategy is represented by the 29 

“fluctuation test” developed by Luria and Delbrück to characterize the onset of resistance in bacterial 30 

populations 15. This assay exploits multiple replicates of clonal populations to bypass lineage-tracking 31 

issues and provides an elegant strategy to estimate mutation rates.  32 

 33 

The fluctuation test has been previously modified to infer the acquisition of resistance to therapy in 34 

tumors16-19, particularly for the evolution of pre-existing resistant cells before treatment initiation, and 35 

estimation of cancer cells’ mutation rate in basal conditions20. However, it is not designed to quantify 36 

mutation rates in cancer persisters during drug treatment. 37 

 38 

Here, we present a general quantitative methodology to characterize the transition of cancer cells to 39 

persistence and measure their population dynamics during drug treatment. We deployed a two-step 40 

fluctuation test to quantify phenotypic mutation rates of CRC cells. Importantly, our assay 41 

discriminates pre-existing resistant clones from persister-derived ones, allowing a quantification of 42 

spontaneous (i.e., in untreated conditions) and drug-induced mutation rates. 43 

 44 

Results 45 

 46 

Growth dynamics of CRC cells. 47 
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We first aimed to quantify how CRC growth dynamics parameters were affected by drug treatment. 48 

Our experiments included: (i) growth rates in standard conditions , (ii) population dynamics under 49 

treatment and (iii) population dynamics of persisters (Supplementary note). 50 

 51 

We used two microsatellite-stable (MSS) CRC cell models, RAS/RAF wild type DiFi and BRAF 52 

V600E-mutated WiDr,  which are respectively sensitive to the anti-EGFR antibody cetuximab alone 53 

13,21 or in combination with BRAF inhibitor13, two clinically approved regimens for CRC22-24.  To 54 

reduce the possibility that pre-existing resistant cells were present in the populations at the beginning 55 

of the assay, we isolated individual clones for each cell model, with growth and drug sensitivity 56 

profiles comparable to those of the parental population (Supplementary figure 1a and b).  57 

 58 

We measured birth and death rates of clones in standard cell-culture conditions (Supplementary figure 59 

2, and Supplementary table 1  ̧Supplementary note). We collected data from two sets of drug-response 60 

growth assays (Fig. 1a). The first, the doses-response assay, in which CRC clones were exposed to 61 

increasing concentrations of targeted therapies (Fig. 1b, Extended data fig. 1a), was used to analyze 62 

growth curves defined as number of live cells vs time and drug concentration (Fig. 1c, Extended data 63 

fig. 1b), and to quantify the intertwined processes of growth and transition to persister state upon drug 64 

treatment. Supplementary figure 3 shows the normalization process of the doses-response assay data 65 

used to obtain growth curves (Supplementary note). The second, the single-dose assay, consisting of 66 

3 weeks of exposure to a constant drug concentration, highlighted a biphasic (two time-scale) killing 67 

curve (Fig. 1d, Extended data fig. 1c), characterized by a rapid decline of sensitive cells followed by 68 

a slower decline 25,26, a hallmark of the emergence of persisters in bacteria 25. The fraction of surviving 69 

persisters displayed a slow but measurable decay in cell number (Extended data fig. 2), suggesting a 70 

tendency of persisters to slowly die over time.  71 

 72 
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CRC persister cells slowly replicate during drug treatment.  73 

We next aimed to elucidate dynamics of persisters proliferation and death under drug treatment. 74 

Staining of CRC persisters with Carboxy Fluorescein Succinimidyl Ester (CFSE), a cell-permeable 75 

fluorescent dye allowing flowcytometric monitoring of cell divisions27, and EdU (5-ethynyl-2'-76 

deoxyuridine), a modified thymidine analogue that is efficiently incorporated into DNA during active 77 

DNA replication, revealed that a fraction between 0.2 and 2.5 % of persisters slowly replicates during 78 

treatment (Extended data fig. 3a-c; Supplementary note), in line with recent data 28.  We next used a 79 

live cell microscopy imaging assay (Supplementary note). While the majority of CRC persisters were 80 

non-replicating, cell division events were visible in all the CRC clones analyzed (Extended data fig. 81 

3d and Supplementary movies 1-4). The cell division was occasionally successful and viable  82 

(Extended data fig. 3d). We also detected cell death events after cell division and in non-dividing 83 

cells (Extended data fig. 3e and f).  84 

 85 

The persister phenotype is induced by targeted therapies in CRC.  86 

To quantify cell population dynamics during drug treatment, we developed a mathematical model of 87 

the transition of CRC cells to the persister state, which we term “transition to persisters" (TP) model. 88 

This model incorporates birth-death parameters and phenotypic switching in the deterministic limit 89 

(i.e., neglecting fluctuations due to stochastic demographic effects, see Supplementary note) 29,30.  90 

Fig. 2a summarizes the TP model dynamics. We exploited the model to quantify the transition rate 91 

and assess whether a sub-population of persisters predated drug administration or if the persister 92 

phenotype emerged upon drug treatment. The TP model considers three possible fates for drug-93 

treated cells: i) death; ii) replication; iii) switching to persister state at a rate 𝜆 in the presence of the 94 

drug; it further considers the pre-existence of an arbitrary steady fraction f0 of persisters (Fig. 2a).  95 

 96 

The following equations define the dynamics of sensitive (X(t)) and persister cells (Z(t)) according 97 

to the TP model (under drug treatment): 98 
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 {

𝑑

𝑑𝑡
 X(t) = (𝐵 − 𝐷([𝑀])) X(t) − 𝜆([𝑀]) 𝑋(𝑡)

𝑑

𝑑𝑡
 𝑍(𝑡) = −𝐷𝑝 𝑍(𝑡) + 𝜆([𝑀]) 𝑋(𝑡)

  , 

 

(1) 

   

where 𝐵 and 𝐷([𝑀]) are, respectively, the birth and drug-dependent death rates of sensitive cells , 99 

while [M] is the drug concentration. Persisters emerge with a drug-dependent transition rate 𝜆([𝑀]). 100 

Under drug treatment, persisters die with rate Dp > 0 (Extended data figs.2 and 3). The model assumes 101 

that persisters that attempt to divide before acquiring drug-resistance mutations die; therefore a 102 

possible back-switching from persister to sensitive in the presence of drug would effectively 103 

contribute to the death rate (Supplementary note).   104 

 105 

The initial condition that specifies the solution to Equation (1) is key for quantifying to what extent 106 

the transition to persister state is induced by the drug treatment. Specifically, if the sensitive-to-107 

persister transition is fully drug-induced, then untreated populations would not contain any persisters, 108 

i.e., f0 = 
𝑍(𝑡0)

𝑁(𝑡0)
 = 0.  109 

 110 

Conversely, if some persisters pre-exist, then the initial fraction of persister cells has a finite positive 111 

value (f0 > 0). If f0 is very small, some persisters may pre-exist, but the transition is mainly drug-112 

induced. If, f0 is actually comparable to the fraction of residual persisters after weeks of treatment, 113 

then the transition to persistence is not drug-induced. 114 

 115 

To determine the most likely scenario, we used experimental data collected from drug-response 116 

assays (Fig. 1). Using results from the doses-response assay, we defined parameters governing the 117 

dynamics of the model over a short timeframe, such as the initial fraction of persisters f0 and the 118 

effective growth rate of treated cells. Similarly, the single-dose assay was used to quantify model 119 

parameters that affect long-term dynamics, such as the transition rate of sensitive to persister cells (λ) 120 

and the effective death rate of persisters (Dp). By constraining model parameters from experimental 121 
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data, we established which scenario would best describe the cell-based results. The inferred 122 

parameters are compatible with the values obtained by live cell microscopy assay, supporting a 123 

balance between proliferation and cell death skewed slightly towards the latter (Extended data fig. 124 

3g, Supplementary note).  125 

 126 

Upon treatment, the number of cells started to decline within 1 to 3 days (t0), depending on the initial 127 

seeding density (Supplementary figure 4). The observed cell dynamics were coherent in experiments 128 

with different seeding densities once the growth curves were scaled (both in time and measured 129 

viability) to the maximum value reached at t = t0 (Supplementary figure 4). 130 

 131 

The parameters of the TP model were inferred with a standard Bayesian inference framework for both 132 

cell lines (Supplementary table 2 and Supplementary note). DiFi displayed slower ‘dying’ dynamics 133 

compared to WiDr. In light of this, in WiDr we performed a joint fit of both the doses-response and 134 

single-dose datasets, while in DiFi we assessed growth curves in response to multiple doses of 135 

targeted therapies for up to 19 days, which allowed performing a model fit based on the doses-136 

response dataset only (Supplementary note).  137 

 138 

We identified the best-fit TP model parameters given the experimental data, considering different 139 

values of the initial number of persisters (f0). The best fit between the inferred TP model and 140 

experimental data occurs when f0=0, while the concordance decreases when f0 increases; we note that 141 

a value of f0 of 10% already leads to significantly deviations from the data (Fig. 2b). Therefore, the 142 

TP model is consistent with the persister phenotype being predominantly drug-induced. In addition, 143 

the model properly describes the dynamics of the single-dose assay (Fig. 2c).  144 

 145 

To further confirm the validity of the TP model, we next focused on the Bayesian statistics of the two 146 

model parameters describing the dynamics of persisters: the transition rate λ and initial fraction of 147 
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persisters f0. The joint posterior distribution of the Bayesian inference of these two parameters is 148 

shown in Fig. 2d and Supplementary figure 5. We found that the transition rate to persistence λ 149 

estimated by the model fit does not vary when considering different values of the initial fraction of 150 

persisters f0 (Fig. 2d). The marginalized posterior probability of f0 is peaked at zero (Fig. 2d, bottom 151 

panel), and its upper bound is much smaller than the ratio between the persister population size (after 152 

all persister cells have emerged) and the total population size at the beginning of treatment. This 153 

implies that the inferred value of transition rate λ is independent from f0, and that the best concordance 154 

of the TP model to the experimental data is obtained for f0=0.  155 

 156 

Finally, to compare the scenarios f0=0 and f0>0, we used the Bayesian Information Criterion (BIC) 157 

and the Akaike Information Criterion (AIC), which are standard Bayesian criteria used for model 158 

selection. According to both, the TP model with f0=0 is preferred over f0 > 0 (Extended data fig. 4 159 

and Supplementary table 3, Supplementary note). We summarize the best-fit TP model parameters in 160 

Supplementary table 4. Interestingly, we found the transition rate of WiDr and DiFi cells to 161 

persistence to be drug-dependent (Extended data fig. 4 and Supplementary figure 6). These results 162 

indicate that even if few persisters exist in the population before drug treatment, the majority of them 163 

must have transitioned to the persister phenotype after drug exposure. Our finding that WiDr cells 164 

show a transition rate to persistence that increases with drug concentration could be applied to design 165 

innovative strategies to restrict persisters evolution. Notably, our analysis predicts that a linear 166 

increase of drug concentration, compared to a constant dosage, might reduce the number of persisters 167 

(Extended data figure 5).  168 

 169 

Persisters distribution supports a drug-induced scenario. 170 

We then measured how the number of persisters varied across multiple wells, since the distribution 171 

of this parameter is expected to be different between a drug-induced and a pre-existing scenario31.  172 

We seeded DiFi cl.B6 and WiDr cl.B7 in multiple 96-well plates and quantified the distribution of 173 
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persisters (residual cell viability) among >400 independent wells after 3 weeks of drug treatment 174 

(Extended data fig. 6a). The observed abundance distribution across wells was consistent with a 175 

Poisson distribution (Extended data fig. 6b), supporting a drug-induced scenario, as confirmed by 176 

computational simulations (see 31, where a similar method was used for mutational processes, and 177 

Extended data fig. 6c). These numerical simulations show that, provided that persisters do not pre-178 

exist drug treatment, the number of persisters emerging from sensitive cells under treatment is 179 

Poisson distributed. Conversely, pre-existing persisters would be generated with a constant rate from 180 

an exponentially expanding population before treatment administration. Hence the number of pre-181 

existing cells is not Poisson distributed, but is described by a Luria-Delbruck15 distribution (with 182 

Variance ≫ Mean). We found that the final distribution of persisters across wells is Poisson, in line 183 

with emergence after drug treatment. 184 

 185 

 186 

A fluctuation assay quantifies persisters’ mutation rates.  187 

Measurement of mutation rates in the absence or presence of anticancer drugs required the 188 

development of a second model, hereafter the “Mammalian Cells–Luria-Delbrück” or “MC-LD” 189 

model. The MC-LD model is a fully stochastic birth-death branching process, describing the growth 190 

of resistant cells before and during drug treatment (Fig. 3a). We designate with μ the effective rate at 191 

which one individual (cell) develops resistance while μs and μp indicate mutation rates of sensitive 192 

(untreated) and persister cells, respectively (Fig. 3b, Supplementary note). 193 

 194 

WiDr and DiFi cells were seeded in twenty 96-multiwell plates each and allowed to grow for a fixed 195 

number of cell divisions in drug-free standard culture conditions (Fig. 3c); afterwards, a constant 196 

clinically relevant drug concentration was applied (Fig. 3d). The number of wells, the initial 197 

population size in each well and the time of cell replication in the absence of drug treatment were set 198 
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by theoretical considerations incorporating the population dynamics parameters we previously 199 

measured (Supplementary tables 1 and 4; Supplementary note).  200 

 201 

In accordance with our previous work 6, a small number of early-emerging resistant colonies was 202 

detected after 3-4 weeks of treatment (Fig. 3d, e). Conversely, in the vast majority of the wells 203 

sensitive cells died, while drug-tolerant persisters survived, as detected by measurement of residual 204 

cell viability (Extended data fig. 6) 6. After several weeks of constant treatment of the residual 205 

persister cells (Fig. 3d), late-emerging resistant colonies appeared in a subset of wells in which 206 

persisters had previously been detected (Fig. 3d, e).  207 

 208 

We ran multiple MC-LD model simulations, with input parameters inferred with the TP model, and 209 

found that resistant clones emerging at late time points (>4 weeks of treatment) are unlikely to 210 

originate from pre-existing resistant cells (Fig. 4a and Extended data fig. 7). In accordance with 211 

previous work 6 we considered the resistant colonies that became microscopically visible within the 212 

first 4 weeks of drug treatment (early-emerging resistant) as those representing pre-existing resistant 213 

cells, i.e., mutant cells that emerged during the expansion phase by spontaneous mutation. We also 214 

reasoned that resistant colonies that slowly emerged after ≥10 weeks of drug treatment (late-emerging 215 

resistance) in persisters-containing wells could have developed drug resistance mutations through the 216 

adaptive mutability process which we and others have observed 12,13 (Fig. 4a and Extended data fig. 217 

7). 218 

 219 

As in a standard fluctuation test, the mutation rate can be inferred from the observed fraction of wells 220 

containing resistant cells. In the model, this fraction corresponds to the expected probability of 221 

observing a resistant clone in a well in a given time interval [0,T]. To compute this probability in the 222 

MC-LD model, we assumed that resistant cells divide with rate b and die with rate d, just like 223 

untreated cells. Supplementary figure 7 supports the stability of the inferred values of the mutation 224 
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rates against variation of the division rate of resistant cells. Because of reproductive fluctuations 225 

(genetic drift), cells carrying drug-resistance mutations can still go extinct, and only a fraction of the 226 

mutants, which we refer to as “established mutants”, survive stochastic drift. The probability of 227 

surviving stochastic drift in a time interval ∆t, denoted here as  𝜓(Δ𝑡), is a well-known result of the 228 

birth-death process 32,33 (Supplementary note).   229 

 230 

We derived analytically an approximate solution of the model, by considering that the number of 231 

mutant cells established in the time interval [0,T] follows a Poisson distribution with expected value 232 

ℳ(𝑇). Consequently, the probability of having at least one mutant is given by 233 

 𝑃(𝑇) = 1 − 𝑒−ℳ(𝑇)  . (2) 

 234 

In order to quantify the spontaneous mutation rate of cancer cells before drug administration, we 235 

focused on the resistant cells established by the time Ttreat  before treatment administration. The 236 

expected number of resistant cells that emerged from sensitive cells in this time interval reads:  237 

                        ℳ𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑡𝑟𝑒𝑎𝑡 ) = 𝜇 𝑠 ∫ 𝑋(𝑡)
𝑇𝑡𝑟𝑒𝑎𝑡

0 𝜓(𝑇𝑡𝑟𝑒𝑎𝑡 − 𝑡)𝑑𝑡 , (3) 

   

 238 

where μs is the mutation rate of sensitive cells.   239 

 240 

To quantify the mutation rate of persister cells μp, we consider resistant cells that emerged by the time 241 

𝑇 since the beginning of the drug treatment. The expected number of resistant cells emerged from 242 

persister cells reads: 243 

 
 ℳ𝑝𝑒𝑟𝑠𝑖𝑠𝑡𝑒𝑟𝑠 (𝑇) = 𝜇𝑝 ∫ 𝑍(𝑡)

𝑇

0
𝜓(𝑇 − 𝑡)𝑑𝑡 . 

(4) 

   

 244 
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We emphasize that Equation (2-4) are connected to the solution of the TP model, Equation (1). Hence, 245 

the solution of the MC-LD model is defined in terms of the same parameters that were estimated with 246 

the TP model (Supplementary note). 247 

 248 

We used this solution of the MC-LD model to derive estimators of mutation rates of sensitive cells μs 249 

(encompassing the fraction of wells with early-emerging resistant cells) and of persister cells μp 250 

(corresponding to the fraction of wells with late-emerging resistant clones). 251 

 252 

Persisters show increased mutation rate under treatment.  253 

Data collected with two-step MC-LD fluctuation tests for each clone allowed inferring mutation rates 254 

of sensitive (μs) and persisters (μp). We conservatively evaluated the mutational processes as 255 

chronological (measured in mutations per day) rather than replicative (mutations per generation). This 256 

choice is safe, as the ratio between replicative mutation rates of cells displaying the two phenotypes 257 

must always be higher than for chronological rates, since (beyond any uncertainty) measured cell 258 

division in persister cells was very low compared to that of untreated cells. 259 

 260 

We found that mutation rates were increased by a factor of 7- to 50-fold in cells that survived and 261 

tolerated for several weeks doses of targeted therapies that were lethal for the majority of the parental 262 

population (Fig. 4b and Supplementary table 5). This result was consistent across multiple biologica l 263 

replicates, both in DiFi and WiDr cells and in response to clinically relevant concentrations of either 264 

EGFR blockade or EGFR/BRAF concomitant inhibition, respectively (Fig. 4b and Supplementary 265 

table 5).   266 

 267 

To further validate the consistency of the mutation rate inference based on the MC-LD model, we ran 268 

multiple simulated replicates of the experiment, using a set of sensitive (μs) and persister (μp) mutation 269 

rates, and we then used the MC-LD estimators on the synthetic data. Fig. 4c compares boxplots of 270 
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the estimated mutation rates across replicates of simulated experiments with the actual values of 271 

mutation rates used as inputs to the simulations. The agreement between these values validates our 272 

estimates.  273 

 274 

We next assessed whether and to what extent the inferred value of the mutation rate is affected by the 275 

presence of different numbers of pre-existing persister cells f0 using our estimators within a Bayesian 276 

framework (Fig. 4d). This approach returns the mutation rate, considering a range of realistic values 277 

of f0, and their probability. We obtained the fold increase of the mutation rate of persister cells as a 278 

function of f0, in the entire range of values that are compatible with the dynamics observed in the 279 

growth curve assays experimentally assessed in Figs. 1 and 2.  Fig. 4d summarizes the results of this 280 

inference. We found that, considering all representative values of f0 that are compatible with our 281 

experimental data, the increase of mutation rate in persister cells remains strongly supported. 282 

 283 

To corroborate these results we replicated the full set of experiments and ran the analysis pipeline for 284 

two additional clones, one for each cell model (WiDr cl. B5 and DiFi cl. B3), thereby confirming our 285 

findings and excluding a clonal bias effect (Extended data figs. 8 and 9). Molecular profiling of 286 

persisters-derived resistant clones isolated from the fluctuation assays revealed acquisition of single -287 

nucleotide variations (SNV) or copy-number alterations (CNA) in genes involved in the RAS-MEK 288 

pathway, which are known drivers of resistance to anti-EGFR/anti-BRAF inhibitors in CRC21,34,35 289 

(Supplementary figure 8 and Supplementary table 6). 290 

 291 

We propose a quantitative model for the evolutionary dynamics of CRC cells exposed to targeted 292 

therapies (Fig. 5a).  Untreated cancer cells replicate and spontaneously acquire mutations that can 293 

confer resistance to targeted therapies (pre-existing resistant mutations) at a replicative mutation rate 294 

μs. However, when cells are exposed to targeted therapies, the majority quickly die while a subset of 295 

parental cells switch to a long-lasting surviving persister state at a rate λ and in a drug-induced 296 
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fashion. Previous and current findings indicate that persister cells, under constant exposure to lethal 297 

doses of drugs, initiate a stress response that affects DNA replication fidelity 12,13, thus leading to a 298 

measurable increase of their mutation rate (μp), therefore raising the probability that alterations 299 

conferring drug resistance could occur.  300 

 301 

Inhibition of mutagenic REV1 extends the efficacy of targeted therapy.  302 

We previously reported that, in response to drug treatment, cancer cells switch from high- to low-303 

fidelity DNA replication through downregulation of DNA repair genes and upregulation of 304 

specialized error-prone DNA polymerases 13. This in turn could foster the temporary increase of 305 

mutation rate observed in persister cells as quantitively measured in the current study.  Among the 306 

DNA polymerases that are upregulated in cancer cells upon targeted therapy13, REV1 carries out 307 

translesion synthesis (TLS), a mutagenic process that allows cells to tolerate DNA damage by 308 

bypassing lesions that block normal DNA replication, resulting in the introduction of mutations36,37.  309 

Interfering with TLS with a REV1 inhibitor has been shown to enhance chemotherapy efficacy and 310 

suppress tumor growth both in vitro and in vivo38,39. Based on the above, we hypothesized that 311 

inhibition of mutagenic TLS would likely increase the cytotoxic effects of targeted therapies-induced 312 

DNA damage, therefore delaying the acquisition of resistance during adaptive mutability. 313 

 314 

To assess this possibility, we performed a Time-To-Progression (TTP) assay, an approach we 315 

previously established 40 to monitor the development of secondary resistance in cancer cells. MSS 316 

DiFi and WiDr CRC cells, as well as the MSS BRAF V600E-mutated cell line (JVE207), were treated 317 

with either a MAPK pathway inhibitor, the REV1 inhibitor or their combination. Pharmacological 318 

blockade of REV1 significantly delayed or prevented the development of secondary resistance to 319 

EGFR/BRAF inhibitors (Figure 5b, Extended data fig. 10). 320 

 321 

 322 
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Discussion 323 

 324 

We present an experimental framework that integrates biological assays and mathematical modelling 325 

to investigate population dynamics of cell lines exposed to environmental perturbations. The MC-LD 326 

assay allows quantitative comparisons of spontaneous and drug-induced mutation rates and could in 327 

principle be applied to measure whether and how a wide range of environmental conditions affect 328 

persister phenotype and mammalian cells’ mutation rates in a considerable number of biological 329 

systems.  330 

 331 

An important caveat of our technique is that fluctuation tests measure “phenotypic” mutation rates, 332 

i.e., rates of conversion to a phenotype (here, resistance to targeted therapies) that could result from 333 

different mutational routes, including SNV and CNA, both of which we found to drive resistance in 334 

our persister-derived resistant clones. Nevertheless, our approach has the advantage to bypass several 335 

hurdles associated to sequencing-based measurement of mutation rates.  336 

 337 

Although we and others have recently shown that adaptive mutability fosters the acquisition of 338 

secondary resistance by increasing genomic instability in surviving persister cells 12,13, the lack of 339 

models to quantitatively characterize the behavior of persisters under treatment has so far prevented 340 

reliable quantification of persisters’ mutation rate. While limited to cell lines, our controlled two-step 341 

fluctuation assay overcomes these issues. The results could be used to infer features of more complex 342 

systems (such as patient samples), where mathematical models are postulated and cannot be 343 

analogously validated.   344 

 345 

Our results indicate that drug-induced sensitive-to-persister transition is a predominant path to the 346 

development of this phenotype. This is in line with recent evidence of a chemotherapy-induced 347 
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persister state in CRC41. Although our results are coherently explained by the existence of a 348 

phenotypic switch of sensitive to persister cells, no direct observation of the switching is yet available. 349 

Alternative models whereby slower-proliferating tolerant cells generate faster-proliferating non-350 

tolerant phenotypes would also give rise to a biphasic killing curve42,43. In our framework, this would 351 

correspond to the case where 𝑓0 ≫ 0, which is ruled out by our analysis. Hence, the interpretation 352 

linking the phenotypic switch to persistence with treatment appears to be the most likely scenario. 353 

 354 

Importantly, even a small subset of pre-existing persisters does not affect our findings that mutation 355 

rates of cancer cells significantly increase under treatment. Persister-derived resistant clones keep 356 

emerging after several weeks of continuous drug treatment. In the absence of an increased mutation 357 

rate, it would typically take (in a conservative estimate) >100-1,000 weeks for the cells in a single 358 

well to develop resistance based on the mutation rate of sensitive (untreated) cells. Equivalently a 359 

fluctuation assay performed on 2x105-2x106 wells would be required to observe few resistant clones 360 

after 10 weeks. Additionally, the contribution of sensitive cells to resistance is exhausted after a few 361 

weeks of treatment, since we show that they become extinct within a few days (Fig. 1d). The evidence 362 

of active cell cycle progression alongside an increase of mutagenic rate in persister cells further 363 

supports previous findings of ongoing adaptive mutagenesis fostering acquisition of resistance 13.  364 

 365 

A recent study concluded that the impact of adaptive mutability on the mutational load in the protein-366 

coding genome is small 44. This in line with previous findings showing that tumor mutational burden 367 

is not significantly increased in cells that acquired therapy resistance 12,13. There are many 368 

confounding factors in these not precisely controlled systems. Indeed, the adaptive mutability 369 

phenotype is likely restricted in time (i.e., when the cells are maladapted to the new environment13), 370 

confined to a small sub-population of cells and masked by the outgrowth of pre-existing resistant 371 

cells. Bulk analysis on tumor samples at relapse cannot disentangle these factors. Our characterization 372 

of persisters’ dynamics and increased mutation rate have potential clinical relevance. First, the finding 373 
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that higher drug concentrations induce an increased death rate of sensitive cells, and an increased 374 

transition to persistence, a reservoir for the emergence of resistance, provides a rationale for 375 

therapeutic strategies to impair the emergence of persistence.  Second, the involvement of error-prone 376 

DNA polymerases during adaptive mutability13 offer opportunities for non-obvious combinatorial 377 

strategies to restrict drug resistance. Indeed, we show that inhibition of mutagenic TLS significant ly 378 

delays the acquisition of secondary resistance. 379 

 380 

Our methodology infers that clinically approved anticancer therapies can induce a temporary increase 381 

in the mutation rate of CRC cells. Our framework can be used to systematically measure mutation 382 

rates in mammalian cells exposed to a wide range of environmental stressors and to define drug 383 

combinations to restrict the emergence of therapeutic resistance. 384 

 385 
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Figure legends 

Figure 1. Population dynamics of CRC clones in response to targeted therapies.  a, Schematic 

representation of the drug screening growth curve assays performed on CRC clones. b, In the doses-

response assay, WiDr cells were treated with increasing concentrations of dabrafenib (Dab) + 

50μg/ml cetuximab (CTX), while DiFi received increasing concentrations of cetuximab. Cell viability 

was measured by the ATP assay at the indicated time points. Results represent the average ± SD (n=3 
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biologically independent experiments for WiDr; n=5 biologically independent experiments for DiFi).  

c, Growth curves of the indicated cells under treatment, reported as fold-change of viable cells (log 

scale) vs time of drug exposure, were calculated from doses-response assay data, by normalizing cell 

viability at the indicated time points by the viability measured at day 0. Growth curves for three 

different drug concentrations for each clone are shown as average ± SD (n=3 for WiDr; n=5 for DiFi).  

d, Fold-change of viable cells (log scale, assessed by ATP assay) vs time of drug exposure for 

indicated cells in the single-dose assay. The total number of viable cells is compatible with an 

exponential decay with two-time scales, supporting the outgrowth of persisters (the dashed line 

indicates the initial slope). Symbols indicate means (n=2 biologically independent experiments).  

 

Figure 2. Emergence of CRC persister cells is predominantly drug-dependent. a, Schematic 

representation of cell population dynamics under constant drug treatment. When cancer cells are 

exposed to targeted therapies, the number of viable cells starts to decline. A homogeneous population 

of sensitive cells (grey cells) would shrink exponentially to extinction (grey dashed line). Some cells 

survive drug treatment due to the transition to a persister phenotype (dark yellow cells, dark yellow 

lines) at a rate λ, and residual cells (solid black line) show a bi-phasic decay. A finite fraction of 

persister cells (f0) might be present in the population prior to drug treatment (f0>0, dashed dark yellow 

line) or not (f0=0, solid dark yellow line). Persister cells show a reduced death rate during treatment, 

which results in a slow exponential decline of the cell population (dark yellow dashed line). b, Growth 

curves of CRC clones under treatment, calculated from the doses-response assay. Black symbols and 

bars represent averages ± SD of the doses-response dataset (n=3 biologically independent 

experiments for WiDr, n=5 biologically independent experiments for DiFi). Continuous lines indicate 

the TP model fit to the experimental data for different values of the initial fraction of persister cells 

(f0, color coded). c, Fold-change of viable cells vs time of drug exposure for the indicated cells 

assessed based on the single-dose dataset. Black symbols represent averages of the experimental data 
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(n=2 biologically independent experiments). The black dashed line indicates the fit of the TP model 

to the data, while the expected fraction of persisters cell is shown with the dark yellow solid line. d, 

Joint posterior distribution (contour plot, color coded with the normalized likelihood function) and 

marginalized posterior distributions (left and bottom panel, grey area indicates the Probability Density 

Function) of TP parameters describing the dynamics of persister cells: (i) the initial fraction of 

persister cells (f0, bottom panel) and (ii) transition rate of sensitive to persister cells (λ) induced by 

the drug treatment. The likelihood function measures the agreement of the model to the experimental 

data as a function of the value of the parameters considered.  

Figure 3. A modified Luria-Delbrück fluctuation test to measure mutation rates in mammalian 

cells. a, The modified fluctuation test, based on the inferred population dynamics and the MC-LD 

model, allows estimation of spontaneous (μs) and persisters (μp) mutation rates. b, Schematic 

representation of cell population dynamics of CRC cells during the fluctuation test. During the initial 

expansion in the absence of drug treatment CRC cells mutate with the spontaneous mutation rate (μs). 

When cells are exposed to targeted therapies, pre-existing resistant cells are selected by the drug and 

give rise to early emerging resistant colonies (red dashed line), while sensitive cells start to decline in 

number (black solid line) and switch to the persister state (dark yellow solid line). Resistant cells 

derive from persister with a mutation rate μp and give rise to late-emerging resistant colonies (blue 

dashed line). c, Schematic representation of the experimental design underlying the fluctuation assay. 

WiDr and DiFi cells were seeded in twenty 96-multiwell plates, for a total of 1,920 wells, and allowed 

to expand in the absence of drug for about 8 generations (reaching ~20,000 cells/well). After the 

expansion, all the wells were treated with targeted therapy (100 μg/ml cetuximab for DiFi and 1μM 

dabrafenib + 50 μg/ml cetuximab for WiDr). d, Two sets of resistant clones were identified during 

the MC-LD experimental assay: the early-emerging resistant clones grown after 3-4 weeks (Stage 1), 

and the late-emerging resistant clones arising after >10 weeks (Stage 2) of constant drug treatment. 

Scale bar 100μm. e , Each bar graph lists the number of resistant clones counted at the indicated 
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timepoints during MC-LD experiment for each CRC clone. Red bars indicate early-emerging resistant 

clones (appearing in the first 4 weeks of drug treatment); blue bars indicate late-emerging resistant 

clones (appearing after ≥10 weeks of drug treatment). Results of two independent biological replicates 

for each clone are shown.  

 

Figure 4. Quantification of mutation rates in persister cells. a, Simulated data for the assay 

described in Fig. 3. The experimentally measured MC-LD model parameters and the model-derived 

estimators of mutation rate, for sensitive and persister cells (dark yellow solid lines), were used to 

simulate the time of appearance of pre-existing (red) and persisters-derived (blue) resistant cells. b, 

Quantification of mutation rates for sensitive (red) and persister (blue) cells in the MC-LD 

experiment. The indicated cell models were seeded and treated as described in Fig. 3. Mutation rates 

were calculated from the experimental data based on population parameters and the number of pre-

existing (early-emerging) and persisters-derived (late-emerging) resistant clones as described in Fig.  

3. Results represent inferred mutation rates (for each clone of sensitive and persister cells) with bar 

plots showing mean of the posterior distributions of the mutation rates (n=2 biologically independent 

experiments). Here, the bar chart is used as graphical representation of inferred mutation rates 

(Supplementary table 5 for the corresponding numerical values). c, Validation of mutation rates 

estimator with model simulations. The box plots represent the distribution of the estimated mutation 

rates for n=100 independent simulations of the entire experiment using the parameters reported in 

Supplementary tables 1 and 4. Red and blue boxes indicate the interquartile ranges (25% and 75% 

percentiles) of the estimated mutation rates of sensitive and persisters, respectively, while the upper 

and lower whiskers represent the maximum and minimum value of the distribution. The median of 

the distribution, reported as a black line in the center, is shown together with its 95% confidence 

interval (nuanced area), indicated by the notches on both sides of the box. The mean of the distribution 

and the input value of the mutation rate used in the simulation are reported as a dashed white line and 
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a black dashed line, respectively. d, Joint posterior distribution (contour plot, color coded with the 

normalized likelihood function) and marginalized posterior distributions (left and bottom panel, grey 

area shows the Probability Density Function) of (i) the initial fraction of persister cells (f0, bottom 

panel) and (ii) fold increase of the mutation rate of persister cells compared to mutation rate of 

sensitive cells (μp/μs). The likelihood function measures the agreement of the model to the 

experimental data as a function of the value of the parameters considered.  

 413 

Figure 5. Inhibition of error-prone DNA polymerases delays the onset of acquired resistance to 414 

targeted therapies. a, Schematic representation of CRC cells mutational dynamics during drug 415 

treatment. Untreated cells spontaneously acquire resistant mutations at a replicative spontaneous 416 

mutation rate μs. When cancer cells are exposed to targeted agents, a surviving persister phenotype is 417 

induced in a drug-dependent manner. Persister cells under constant drug exposure reduce DNA 418 

replication fidelity and increase their mutation rate at rate μp. This in turn boosts genetic diversity and 419 

favors the emergence of resistant clones driving tumor recurrence and treatment failure. b, The 420 

indicated CRC cells were treated with the anti-EGFR inhibitor cetuximab (CTX) alone, or in 421 

combination with anti-BRAF inhibitor dabrafenib (DAB), the REV1 inhibitor was added where 422 

indicated. The number of cells was monitored during the treatment, until the emergence of resistance 423 

(n=1 biological experiment for each cell line). 424 

 425 

 426 
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 522 

 523 

METHODS  524 

Experimental setup and data collection 525 

Cell cultures. Cells were routinely supplemented with FBS 10%, 2mM L-glutamine, antibiotics 526 

(100U/mL penicillin and 100 mg/mL streptomycin) and grown in a 37°C and 5% CO2 air incubator. 527 
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Cells were routinely screened for absence of Mycoplasma contamination using the Venor® GeM 528 

Classic kit (Minerva biolabs). All the cell lines used were confirmed negative for Mycoplasma 529 

contamination in all the tests performed. The identity of each cell line was checked no more than 530 

three months before performing the experiments using the PowerPlex® 16 HS System (Promega), 531 

through Short Tandem Repeats (STR) tests at 16 different loci (D5S818, D13S317, D7S820, D16S539, 532 

D21S11, vWA, TH01, TPOX, CSF1PO, D18S51, D3S1358, D8S1179, FGA, Penta D, Penta E, and 533 

amelogenin). Amplicons from multiplex PCRs were separated by capillary electrophoresis (3730 534 

DNA Analyzer, Applied Biosystems) and analyzed using GeneMapper v.3.7 software (Life 535 

Technologies). STR results for all the cell lines and corresponding clones matched the profiles 536 

previously published45. WiDr and DiFi CRC cell populations were obtained by Prof. Bernards and 537 

Prof. Baselga, respectively, as we previously reported45. JVE207 CRC cells were obtained by Dr. 538 

Wezel, Department of Pathology, University Medical Center, Leiden (The Netherlands).  539 

 540 

Isolation of CRC-derived clones. CRC clones were obtained by seeding WiDr and DiFi CRC 541 

populations at limiting dilution of 1 cell/well in 96-multiwell plates in complete medium. Clones 542 

were then selected for having growth kinetics and drug sensitivity comparable to the parental 543 

counterparts. For growth testing, WiDr and DiFi populations and derived clones were seeded in 96-544 

multiwell plates (2x103 cells/well and 3x103 for WiDr and DiFi respectively) in complete medium. 545 

Plates were incubated at 37°C in 5% CO2. Cell viability, assessed every day for 4 days by measuring 546 

ATP content through Cell Titer-Glo® Luminescent Cell Viability assay (Promega) using the Tecan 547 

SparkTM 10M plate reader with the Tecan SparkControl MagellanTM software (v. 2.2), was compared 548 

to cell viability assayed at day 1. For drug sensitivity testing, cells were seeded at different densities 549 

(2x103 cells/well and 3x103 for WiDr and DiFi respectively) in medium containing 10% FBS in 96-550 

multiwell plates at day 0. The following day, serial dilutions of the indicated drugs in serum-free 551 
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medium were added to the cells (ratio 1:1) in technical triplicates, while DMSO-only treated cells 552 

were included as controls. Plates were incubated at 37°C in 5% CO2 for the indicated time. Cell 553 

viability was assessed by measuring ATP content with the Cell Titer-Glo® Luminescent Cell Viability 554 

assay (Promega), using the Tecan SparkTM 10M plate reader with the Tecan SparkControl MagellanTM 555 

software (v. 2.2). Dabrafenib was obtained from Selleckchem. Cetuximab was kindly provided by 556 

MERCK. 557 

 558 

Growth rates of CRC cell clones before drug treatment. Clonal spontaneous growth is defined by 559 

the following parameters: the rate at which cells are born (birth rate, b), the rate at which cells die 560 

(death rate, d) and the net growth rate b−d. To estimate the b−d rate, CRC cell clones were seeded 561 

at 3.5-4x105 cells/well in 6-multiwell plates. Plates were incubated at 37°C in 5% CO2. Starting from 562 

the following day, the number of viable cells was assessed by manual count in trypan blue 0.4% 563 

(GibcoTM) by two operators independently at the indicated time points, in order to obtain the clones' 564 

net growth rate. To estimate d/b, cells were seeded at different densities (3.5-4x105 cells/well) in 565 

multiple 6-multiwell plates. Plates were incubated at 37°C in 5% CO2. At each time point, cells were 566 

collected and stained with Propidium Iodide (Sigma Aldrich) following manufacturer’s instructions. 567 

Cells were then analyzed by flow cytometry. Data were acquired with the Beckman Coulter CyAnTM 568 

ADP instrument using the Summit v. 4.3 software and analyzed with the FlowJo software (v. 7.6). 569 

The cells in sub-G1 phase were considered dead and used to estimate d/b. The values of birth (b) 570 

and death rate (d) were then obtained by combining b−d and d/b estimates (Supplementary note). 571 

 572 

Doses-response growth curve assay. CRC cell clones were seeded at different densities (2x103 573 

cells/well and 3x103 for WiDr and DiFi respectively) in medium containing 10% FBS in multiple 96-574 

multiwell plates at day 0. The following day, serial dilutions of the indicated drugs in serum -free 575 
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medium were added to the cells (ratio 1:1) in technical triplicates, while DMSO-only treated cells 576 

were included as controls. Cell viability of WiDr and DiFi clones was assessed at indicated time points 577 

over 5 and 19 days of constant treatment, respectively, by measuring ATP content through Cell Titer-578 

Glo® Luminescent Cell Viability assay (Promega), using the Tecan SparkTM 10M plate reader with the 579 

Tecan SparkControl MagellanTM software (v. 2.2). 580 

 581 

Single-dose growth curve assay. DiFi and WiDr CRC cell clones were seeded in multiple 96-multiwell 582 

plates at 1,000 or 500 cells/well, respectively. Cells were allowed to expand for a fixed number of 583 

generations until a population size of 10,000-20,000 cells/well was reached. At that point, treatment 584 

was added (100 µg/ml cetuximab for DiFi and 1µM dabrafenib + 50µg/ml cetuximab for WiDr). 585 

Plates were then incubated at 37°C in 5% CO2 and cell viability was assessed at the indicated time 586 

points by measuring ATP content with the Cell Titer-Glo® Luminescent Cell Viability assay (Promega), 587 

using the Tecan SparkTM 10M plate reader with the Tecan SparkControl MagellanTM software (v. 2.2), 588 

over 22 and 32 days of constant treatment (for WiDr and DiFi respectively).  Medium and treatment 589 

were renewed once a week. To test the effect of different seeding densities on the residual viability 590 

assayed, each clone was seeded at different densities (3-20x103 cells/well) in complete medium. 591 

The following day, treatment was added (100 µg/ml cetuximab for DiFi and 1µM dabrafenib + 592 

50µg/ml cetuximab for WiDr) and viability was assessed at the indicated time points by measuring 593 

ATP content. 594 

 595 

Staining with Carboxy fluorescein succinimidyl ester (CFSE).  CRC clones were seeded at 2.5x105 596 

(WiDr) and 6.5x105 (DiFi) cells in multiple 10cm dishes. The following day, untreated cells were 597 

stained with CellTrace™ CFSE Cell Proliferation Kit (Invitrogen™) according to manufacturer’s 598 

instructions. At the indicated timepoints, starting from the day after staining (T0), cells were 599 



 

28 

collected and resuspended in 1mL PBS with Zombie Violet™ 1,000x (BioLegend®) to exclude  dead 600 

cells. Cells were then analyzed by flow cytometry. For persisters proliferation analysis, CRC clones 601 

were seeded at 2x104 cells/well in several 24-multiwell plates. The following day, cells were treated 602 

with 100 µg/ml cetuximab (for DiFi) or 1µM dabrafenib + 50µg/ml cetuximab (for WiDr) and 603 

incubated at 37°C in 5% CO2 for 14 days (renewing treatment after 1 week) until a population of 604 

persister cells emerged in each well. Then, cells were stained with CellTrace™ CFSE Cell Proliferation 605 

Kit (Invitrogen™) according to manufacturer instructions. At the indicated timepoints, starting from 606 

the day after staining (T0), plates were checked to exclude from the analysis wells containing 607 

resistant clones, while cells from the remaining wells were collected, resuspended in 1mL PBS with 608 

Zombie Violet™ 1,000x (BioLegend®) to exclude dead cells, and analyzed by flow cytometry. 609 

Medium and treatment were renewed once every week throughout the experiment. Flow 610 

cytometry was performed using the Beckman Coulter CyAnTM ADP analyzer with the Summit v. 4.3 611 

software (Beckman Coulter) and analyzed with a Python 3 script based on standard libraries 612 

(FlowCal, FlowKit). The following gating strategy was used.  First, cells were selected with a light 613 

scattering gate (FSLin vs SS), excluding cell doublets with a single cell gate (FSArea vs SSArea). The 614 

following cutoffs were used (Supplementary figure 9): (i) FS Lin: lower 5000 and upper 60000; (ii) SS 615 

Lin: lower 3000 and upper 63000; (iii) FS Area: lower 3000 and upper 60000; SS Area: lower 2000 616 

and upper 63000.  We then evaluated the bi-dimensional distribution of the remaining data points 617 

in the space of the coordinates FS Area and SS Area, and retained all the data-points that were 618 

included in the 99nth percentile of the distribution. Viable cells were selected by excluding Zombie 619 

VioletTM-positive cells and CFSE signal was detected by measuring Fitc signal.  620 

 621 

Staining with 5-ethynyl-2'-deoxyuridine (EdU). DiFi and WiDr clones were plated on several glass 622 

coverslips at 5x104 and 4x104 cells/coverslip, respectively. The following day, cells were treated with 623 
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100 µg/ml cetuximab (for DiFi) or 1µM dabrafenib + 50µg/ml cetuximab (for WiDr) and incubated 624 

at 37°C in 5% CO2 for 14 days (renewing treatment after 1 week) until a population of persister cells 625 

emerged on each coverslip. Then, at indicated timepoints (renewing medium and treatment once 626 

every week throughout the experiment), residual cells were stained with the Click -iT™ EdU Cell 627 

Proliferation Kit for Imaging (InvitrogenTM) according to manufacturer’s instruction. Briefly, cells 628 

were incubated with 10µM EdU for 4 hours. After that, cells with fixed in 4% paraformaldehyde for 629 

20 minutes at room temperature and permeabilized with 0.5% Triton® X-100 in PBS for 20 minutes 630 

at room temperature. Coverslips were then incubated in Click-iT® reaction cocktail for 30 minutes, 631 

followed by nuclei staining with DAPI and F-Actin staining with Alexa Fluor® 555 Phalloidin (50 632 

μg/ml). Slides were then mounted using the fluorescence mounting medium  (Dako, Glostrup, DK). 633 

For quantification of EdU-positive persister cells, DAPI- and EdU-stained nuclei were detected with 634 

a Leica DMI6000B fluorescence microscope (Leica Microsystems, Wetzlar, Germany) under a 40X 635 

dry objective using the Leica Application Suite Advanced Fluorescence software (v. 2.6.3.8173). 636 

Images were analyzed with “Analyze particles” function in ImageJ (v. 1.53a) in order to calculate the 637 

percentage of EdU-positive cells out of the total number of cells in each slide (based on DAPI 638 

staining). Two separate technical replicates, with a minimum of 200 cells each, were analyzed for 639 

each timepoint for each biological replicate. Resistant colonies that had grown on each slide were 640 

manually identified in each image and excluded from the analysi s. Representative images shown for 641 

each cell clone were acquired with a confocal laser scanning microscope (TCS SPE II; Leica, Wetzlar, 642 

Germany) using the Leica Application Suite Advanced Fluorescence software (v. 2.6.3.8173) and 643 

processed with Adobe Photoshop CS5. 644 

 645 

Time-lapse microscopy assay. For live cell imaging experiments, DiFi and WiDr clones were seeded 646 

in 24-multiwell plates suitable for microscopy (μ-Plate 24 Well Black, ibidi®) at 5x104 and 4x104 647 
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cells/well, respectively. The following day, cells were treated with 100 µg/ml cetuximab (for DiFi) or 648 

1µM dabrafenib + 50µg/ml cetuximab (for WiDr) and incubated at 37°C in 5% CO2 for 14 days 649 

(renewing treatment after 1 week) until a population of persister cells emerged. Then, surviving 650 

persister cells were labeled with a fluorescent stain for nuclei (Nucblue ®, Invitrogen™, at 0.5 651 

drops/well) to track cell number and detect cell divisions, and a live fluorescent marker for the 652 

activation of Caspase3/7 (CellEvent™ Caspase-3/7 Green Detection Reagent, Invitrogen™, at 1 653 

drop/well) to detect cell death. Both dyes were used as recommended by the manufacturer. After 654 

labeling, cells were monitored for 5 days under an inverted widefield microscope (Nikon Lipsi, 20X 655 

Plan Apo objective with 0.75 NA) acquiring images every 45 minutes with the Nis -Element AR 656 

software (v. 5.21.03 64 bit; Nikon). For each clone, two separate wells with 16 fields of view each 657 

were monitored, for a total of more than 1300 cells for each cell model.  By digital image 658 

segmentation carried out with Ilastik (v. 1.3.3 opensource) 46,47, the number of cells as a function of 659 

time for each frame was quantified and then fitted to an exponential function in order to extract 660 

the net growth rate (b – d). Data analysis and manipulations were performed by means of custom 661 

written Matlab R2121a (the Mathworks) scripts. Representative snapshots of cell division events 662 

and apoptotic events (obtained with Fiji v. 1.53 opensource) are reported in Extended data fig. 3, 663 

while Supplementary Movies report whole time-lapse experiments for selected fields of view for 664 

each clone. Scale bar in supplementary movies: 200μm.  665 

 666 

Characterization of distribution of persister cells. DiFi and WiDr cell clones were seeded in multiple 667 

96-multiwell plates at 1,000 or 500 cells/well, respectively. Subsequently, cells were allowed to 668 

expand until they reached 10,000-20,000 cells/well. Cell viability was then assessed by measuring 669 

ATP content to normalize for cell number prior to treatment initiation. The remaining plates were 670 

treated with targeted therapies (100 µg/ml cetuximab for DiFi and 1µM dabrafenib + 50 µg/ml 671 
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cetuximab for WiDr). Medium and treatment were renewed once a week. After 3 weeks of constant 672 

drug treatment, residual viability was assessed by measuring ATP content with the Cell Titer-Glo® 673 

Luminescent Cell Viability assay (Promega), using the Tecan SparkTM 10M plate reader with the 674 

Tecan SparkControl MagellanTM software (v. 2.2). 675 

 676 

Two-steps fluctuation assay. DiFi and WiDr clones were seeded at 1,000 or 500 cells/well, 677 

respectively, in twenty 96-multiwell plates each, for a total of 1,920 independent replicates. Cells 678 

were allowed to expand for a fixed number of generations until they reached 10,000-20,000 679 

cells/well. Next, treatment was administered (100 µg/ml cetuximab for DiFi and 1µM dabrafenib + 680 

50 µg/ml cetuximab for WiDr). Plates were incubated at 37°C in 5% CO2 for the indicated time. 681 

Media and drug treatment were renewed once a week. After 3-4 weeks of treatment, pre-existing 682 

resistant colonies were clearly distinguishable at the microscope and counted by two independent 683 

observers. The number of pre-existing resistant clones was used to estimate the spontaneous 684 

mutation rate of CRC clones (Supplementary note section Estimator of mutation rate for sensitive 685 

cells). After 10-11 weeks, resistant colonies started to emerge in wells where only persisters were 686 

previously present. The number of persister-derived resistant clones was used to estimate the 687 

mutation rate of persister cells under constant treatment (Supplementary note section Estimator of 688 

mutation rate for persister cells). Pictures of the resistant colonies were acquired using a ZEISS Axio 689 

Vert. A1 microscope equipped with a True Chrome HD II camera. 690 

 691 

Droplet digital PCR analysis. Genomic DNA (gDNA) was extracted using ReliaPrep® gDNA Tissue 692 

Miniprep system System (Promega). Purified gDNA was amplified using ddPCR Supermix for Probes 693 

(Bio-Rad) using RAS (PrimePCR ddPCR Mutation Assay, Bio-Rad or custom designed) ddPCR assay 694 

for point mutations detection. ddPCR was performed according to manufacturer’s protocol. Briefly, 695 
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5 µl of DNA template was added to 10μL of ddPCR Supermix for Probes (Bio-Rad), 1 μL of the primer 696 

and probe mixture. Droplets were generated using the Automated Droplet Generator (Auto -DG, 697 

Bio-Rad) and transferred to a 96 well plate and then thermal cycled with the following conditions: 698 

10 min at 95 °C, 40 cycles of 94 °C for 30 s, 55 °C for 1 min followed by 98 °C for 10 min (Ramp Rate 699 

2.5 °C/s). Droplets were analyzed with the QX200 Droplet Reader (Bio-Rad) with the QuantaSoft 700 

software (v. 1.7.4.0917; Bio-Rad) for fluorescent measurement of FAM and HEX probes. Gating was 701 

performed based on positive and negative controls, and mutant populations were identified. The 702 

ddPCR data were analyzed with QuantaSoft analysis software (v. 1.7.4.0917; Bio-Rad) and results 703 

were reported as the percentage (fractional abundance) of mutant DNA alleles to total (mutant plus 704 

wild-type) DNA alleles. Fractional Abundance is calculated as follows: F.A.% = (Nmut/(Nmut + Nwt)) 705 

× 100), where Nmut is the number of mutant events and Nwt is the number of wild-type events per 706 

reaction. ddPCR analysis of normal control DNA (from cell lines) and no DNA template controls were 707 

always included.  708 

 709 

Library preparation and genetic analysis of Whole Genome Sequencing. Genomic DNA (gDNA) was 710 

extracted using ReliaPrep® gDNA Tissue Miniprep system System (Promega) and sent to IntegraGen 711 

SA (Evry, France) that performed library preparation. DNA libraries were paired-end sequenced on 712 

Illumina HiSeq4000 and FASTQ files produced by IntegraGen were analysed at Candiolo Cance r 713 

Institute. BWA-mem algorithm was performed to align sequences on the reference human genome 714 

version 19. Resulting files were cleaned of PCR duplicates by “rmdup” sam tools command. For each 715 

cell line, somatic mutation analysis was performed subtracting variations found in parental 716 

(sensitive) samples to resistant counterparts according to what has been previously published 48. 717 

For each cell line pre- and post-treatment, gene copy number (GCN) was computed as follows: first 718 

the median read depth of all genomic regions was calculated; next, for each gene the median read 719 
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depth was obtained and then divided by the former value. For each gene, its GCN in the pre- and 720 

post-treatment samples and the corresponding copy number variation (CNV, ratio between 721 

matched GCNs) were reported. DNAcopy R module was performed to cluster CNV using circular 722 

binary segmentation (CBS) algorithm. 723 

 724 

Time-to-progression assay. Time-to-progression assays were conducted as previously described40. 725 

Briefly, 5 million cells (for WiDr and DiFi cells) and 4.5 million cells (for JVE207 cells) were plated for 726 

each treatment condition. Then, cells were treated with either MAPK pathway inhibitors 727 

(dabrafenib 1µM + cetuximab 30µg/mL for WiDr and JVE207; cetuximab 50µg/mL for DiFi), or REV1 728 

inhibitor (2µM) or their combination, in parallel. Media and treatment(s) were renewed weekly. 729 

Cells were counted each week; counts as 0 represent time points in which cells were too few and 730 

only medium and drug refreshments were done. 731 

 732 

Materials availability 

The CRC cell clones generated in this study are available through Alberto Bardelli (Department of 

Oncology, University of Torino) under a Material Transfer Agreement.  

 

Theoretical modeling and computational analyses.  In this study we have developed and used two 733 

distinct mathematical models to investigate the dynamics of cell populations. The first model 734 

describes the transition to persister state (“TP model”), and is a birth-death model with phenotypic 735 

switching, which we explored in the deterministic limit. We considered four different model variants 736 

and we compared them to experimental data in order to infer the most likely scenario for the sensitive-737 

to-persister transition. The second model, which we named Mammalian Cells-Luria Delbrück or 738 

“MC-LD” model, is a fully stochastic birth-death branching process that includes the mutational 739 

processes of sensitive (untreated) and persister cells (under treatment). In order to measure the 740 
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mutation rate, stochastic fluctuations cannot be neglected. We simulated individual trajectories of the 741 

Markov process underlying the evolution of the MC-LD model by a coarse-grained version of the 742 

Gillespie algorithm49, which groups together all stochastic events happening in discrete time intervals 743 

of fixed duration ∆t. 744 

For the inference of the birth-death rates b and d, we used the data on growth rates of CRC clones 745 

before drug treatment. Our inference scheme is summarized in Supplementary figure 2a. The 746 

parameters of the TP model were inferred using a Bayesian framework using data from the single-747 

dose and dose-response assays. Posterior distributions of the model parameters were sampled using 748 

a Hamiltonian Monte Carlo (HMC) algorithm (Python 3, package pymc3, NUTS sampler) 50. TP 749 

model variants were compared by means of the standard Bayesian Information Criterion (BIC) and 750 

the Akaike Information Criterion (AIC). To infer mutation rates for the MC-LD model, we computed 751 

an approximate analytical expression for the probability of the emergence of one mutant in an 752 

expanding population of cells in a given time interval [0,T], and we used it to derive estimators for 753 

the emergence of mutations before and during treatment administration (from persisters). The 754 

mutation rate of persister cells was inferred with a Bayesian framework, in order to account for the 755 

uncertainty of the value of the initial fraction of persister cells, 𝑓0.  756 

All the details on the theoretical/computationa l protocols are provided in the Supplementary Note  757 

of the Supplementary Information document.  758 

 759 

Data availability 

Data used for the analysis, source data images of Edu staining and live microscopy assay are available 760 

as a repository on Mendeley Data (doi:10.17632/mvfm7hs9kw.1)51. Sequencing data are available at 761 

PRJEB49483 (ENA; https://www.ebi.ac.uk/ena/browser/home). The CRC cell clones generated in 762 

this study are available through Alberto Bardelli (Department of Oncology, University of Torino) 763 

under a Material Transfer Agreement. 764 

 765 
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Code availability 766 

All the custom code used in our analyses is available as a repository on Mendeley Data 767 

(doi:10.17632/mvfm7hs9kw.1)51. Bioinformatics code for sequencing data are available at 768 

https://bitbucket.org/irccit/idea/src/master/. The code have been written in C++ (C++ 14 and g++ 769 

10.3.0); Mathematica (Mathematica 10); Python (Python 3.9.7); Matlab (Matlab R2121a, The 770 

mathworks); Microsoft Excel (version 16.48). 771 
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