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Table S1: Average growth rates for the four replicate H and L populations in each generation. For these 16 

measurements, we grew all replicate H and L populations from each generation in 96-well plates on LB Kan for 17 

24h. We recorded the optical density at 600nm (OD600) every ~20minutes, and used this data to determine 18 

the growth rate of each population using GrowthRates1. p-values are Bonferroni-corrected and based on 19 

unpaired t-tests comparing H and L populations every generation. H populations have significantly higher 20 

growth rates in generations 2 and 3. The data show that the misfolding toxicity of highly expressed GFP is not 21 

likely to play a major role in our experiments, because otherwise H populations would show lower growth 22 

rates than L populations.  23 

 24 

Generation H L P 

1 0.011273 0.010253 0.44 

2 0.010425 0.008885 0.0036 

3 0.01105 0.00917 0.024 

4 0.010358 0.008868 0.1398 

5 0.010468 0.008955 0.24 

6 0.011328 0.009428 0.066 

 25 

  26 
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Table S2: Cyan fluorescence of H and L populations in each generation of directional evolution 27 

 28 

 29 

  30 
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 31 

 32 

Figure S1: Low expression level results in faster adaptation towards the new phenotype. Fold change in 33 

cyan fluorescence, compared to the ancestor during six generations of directed evolution in four high 34 

expression (‘H’, red) and four low expression populations (‘L’, blue). Bold lines represent an average trajectory 35 

over the four replicates. L populations evolved faster than H populations (p=0.0005, n=4, general linear 36 

model, Methods). 37 

  38 
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Table S3: Average fold change in green and cyan fluorescence in high frequency variants engineered into the 39 

ancestral H and L genetic background. Data is based on two replicate fluorescence measurements for each 40 

engineered variant and for the ancestor (Methods). 41 

  
  

Cyan fluorescence 
 

Green fluorescence 
 

H L H L 

A65S 3.43407 4.137543 0.092806 0.094614 

D133N 0.89378 5.97646 0.93282 4.232363 

S147P 2.539378 2.838488 0.911046 0.886537 

K156R 1.374349 5.421649 1.33432 3.948028 

K166N 1.378042 6.525172 1.247993 4.28698 

S175G 5.028223 8.641581 3.990286 5.57894 

T203S 1.238521 4.012543 0.774058 0.099869 

A206T 1.114903 6.984794 1.09536 4.968531 

G232A 1.480591 6.724141 1.450302 4.755498 
  42 
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 43 

Figure S2: Characterization of individual high frequency variants using two-fluorescence plots. The 44 

horizontal and vertical axes show logarithmically (base 10) transformed green fluorescence (λex=488nm, 45 

λem=530±15nm) and cyan fluorescence (λex=405nm, λem=510±25nm) respectively. The two panels show the 46 

logarithm of green and cyan fluorescence in the H (left) and L (right) populations. The red cloud denotes the 47 

ancestral fluorescence, the orange cloud shows the fluorescence of the neo-functionalizing (color-shifting) 48 

mutation A65S2 and the light blue cloud denotes the fluorescence of the mutation S175G which improves 49 

stability/foldability of GFP3. Note the shift to higher cyan and lower green fluorescence for the orange cloud 50 

(neofunctionalizing mutation), and enhancement of both green and cyan fluorescence for the light blue cloud.  51 

  52 
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 53 

 54 

Figure S3: Fold change in green and cyan fluorescence after three rounds of accumulation of cryptic 55 

variation. Average fold change in green (panel A) and cyan (panel B) fluorescence during  three generations 56 

of directed evolution under weak stabilizing selection did not differ significantly between H and L populations  57 

(unpaired t-tests, n= 3, p = 0.77, Cohen’s d= 0.32±2.28, t= -0.39, 95%CI= -0.83,0.69, df=2   and n= 3, p = 0.99, 58 

Cohen’s d= 0.04±2.26, t= 0.05, 95%CI= -0.54, 0.56, df=2  for green fluorescence; n= 3, p = 0.43, Cohen’s 59 

d=0.77±2.35, t=-0.95, 95%CI= -1.34,0.85, df=2  and p = 0.55, Cohen’s d=0.56±2.31, t=-0.69, 95%CI= -1.01,0.73, 60 

df=2.11  for cyan fluorescence of H and L populations respectively). Green fluorescence was statistically 61 

indistinguishable similar between L (blue) and H (red) populations after the last round of stabilizing selection 62 

(unpaired t test, n=4, p=0.96, Cohen’s d= 0.03±1.72, t= 0.04, 95%CI= -0.14,0.15, df=2) and  changed on average 63 

~1.2-fold relative to the ancestor in both L and H populations (panel A). Cyan fluorescence was statistically 64 

indistinguishable between L (blue) and H (red) populations after the last round of stabilizing selection 65 

(unpaired t test, n=4, p=0.91, Cohen’s d= 0.04±1.64, t= -0.1, 95%CI= -0.23,0.21, df=2). Fluorescence changed 66 

on average ~1.4-fold in both L and H populations after the last round of stabilizing selection (panel B). In both 67 

the panels the box represents the interquartile range while the solid line represents the median. The whiskers 68 

extend to the lowest and the highest values in the dataset. 69 

  70 
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 71 

Figure S4: Map of the modified plasmid pMS201 used in this study with the relevant regions. The plasmid 72 

carries a kanamycin marker. The promoter region, both for high (H) or low ( L) expression, is flanked by XhoI 73 

and BamHI restriction sites. GFP is flanked by the BamHI site, which lies downstream of the promoter at the 5’ 74 

end, and by an XbaI site at the 3’ end. 75 

            76 
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Table S4: Mean and standard deviation of expression in absolute fluorescence units, measured in triplicate, 77 

for the ancestral H (acpP) and L (argW) promoters. 78 

H (acpP) L (argW) 

Mean Standard deviation Mean Standard deviation 

1005 125.3 358 201 

1041 122.1 349 208.2 

1065 125.3 358 255.6 

 79 

  80 
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Table S5: Primer sequences 81 

Name Sequence Purpose 

GFP_5F_synth CGGGATCCTNTNGATTTAAGAAGGAGATATACATATGAGTAAAGGAGAAGAA For the construction of expression 
plasmid 

GFP_3R_synth GCTCTAGAGCTTGCATGCCTG 

Mut_5F GGATCCTTTAAGAAGGAGATATACAT For mutagenesis 

Mut_3R CTTTCGTTTTATTTGATGCCTCTAGA 

Quiet_5F gcagtcgaacatgtagctgactcaggtcacGGGCGTTAAGCAGGAAGAAGTTAC For attaching universal sequence 

Noisy_5F gcagtcgaacatgtagctgactcaggtcacGATATAACGAGCCCCTCCTAAG 

Reverse tggatcacttgtgcaagcatcacatcgtagCAGTCTTTCGACTGAGCCTTTC 

1F CAGCAGATCATGTCGAgcagtcgaacatgtagctgactcaggtcac Primers with unique barcodes 

2F TACGATCGTAGCTGCTgcagtcgaacatgtagctgactcaggtcac 

3F GTACACGCTGTGACTAgcagtcgaacatgtagctgactcaggtcac 

4F ACAGTGCGCTGTCTATgcagtcgaacatgtagctgactcaggtcac 

5F TATCAGCACGACATGCgcagtcgaacatgtagctgactcaggtcac 

6F ACTGCGAGATACACACgcagtcgaacatgtagctgactcaggtcac 

7F CATACATCGCGCAGTAgcagtcgaacatgtagctgactcaggtcac 

8F CACATATCAGAGTGCGgcagtcgaacatgtagctgactcaggtcac 

9F GATAGCTGCTAGCTGAgcagtcgaacatgtagctgactcaggtcac 

10F TCACTGTGTGTGTCTGgcagtcgaacatgtagctgactcaggtcac 

11F GATCTGTCGTGAGCGTgcagtcgaacatgtagctgactcaggtcac 

12F TATCTGAGCGCGAGCAgcagtcgaacatgtagctgactcaggtcac 

13F CTCACGTACGTCACACgcagtcgaacatgtagctgactcaggtcac 

14F CGTGTCGCGCATATCTgcagtcgaacatgtagctgactcaggtcac 

15F TGTGCACGACAGCAGTgcagtcgaacatgtagctgactcaggtcac 

16F ACGTCAGCACTGCTCTgcagtcgaacatgtagctgactcaggtcac 
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17F GACTGCACATGCACGAgcagtcgaacatgtagctgactcaggtcac 

18F CTACGAGACAGATCGCgcagtcgaacatgtagctgactcaggtcac 

1R CGAGTAGACAGTGACTtggatcacttgtgcaagcatcacatcgtag 

2R AGTGCACGAGCATATGtggatcacttgtgcaagcatcacatcgtag 

3R CGTGTGATGTCTACAGtggatcacttgtgcaagcatcacatcgtag 

4R ACACGCGATCTAGTGTtggatcacttgtgcaagcatcacatcgtag 

5R AGCGCAGTGTATAGTGtggatcacttgtgcaagcatcacatcgtag 

6R GATGAGAGAGCTCTCTtggatcacttgtgcaagcatcacatcgtag 

7R TATGCAGTCTGTCGTCtggatcacttgtgcaagcatcacatcgtag 

8R TCACGCTCTGTCTACTtggatcacttgtgcaagcatcacatcgtag 

9R GCGATCTAGCTATGTCtggatcacttgtgcaagcatcacatcgtag 

10R GCTATACGCTCGATACtggatcacttgtgcaagcatcacatcgtag 

11R GTGACTGCGTGTCTAGtggatcacttgtgcaagcatcacatcgtag 

12R CGAGTGCTAGACGATGtggatcacttgtgcaagcatcacatcgtag 

13R ACGCACTATGACGTCGtggatcacttgtgcaagcatcacatcgtag 

14R CTGTCAGAGTAGCTCGtggatcacttgtgcaagcatcacatcgtag 

15R TCGCGATAGTCTCGCAtggatcacttgtgcaagcatcacatcgtag 

16R GATGCTCGAGTCGATCtggatcacttgtgcaagcatcacatcgtag 

17R GTGAGCGCAGTGAGTAtggatcacttgtgcaagcatcacatcgtag 

18R ACAGATGTCTGTGCGCtggatcacttgtgcaagcatcacatcgtag 

A206T_5F CAATCTACCCTTTCGAAAGATCCCAACGAAAAGAGAGAC For engineering single mutants 

A206T_3R GAAAGGGTAGATTGTGTGGACAGGTAATGGTTGTCTG 

A65S_5F CACTACTTTCTCGTATGGTCTTCAATGCTTTGCGAG 

A65S_3R AGACCATACGAGAAAGTAGTGACAAGTGTTGGCCAT 

D133N_5F TTTAAAGAAAATGGAAACATTCTTGGACACAAATTGGAAT 
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D133N_3R ATGTTTCCATTTTCTTTAAAATCAATACCTTTTAACTCG 

G232A_5F GATTACACATGCCATGGATGAACTATACAAATAAATGTC 

G232A_3R CATCCATGGCATGTGTAATCCCAGCAGCTGTTA 

K156R_5F CATGGCAGACAGACAAAAGAATGGAATCAAAGTTAACTTC 

K156R_3R ATTCTTTTGTCTGTCTGCCATGATGTATACATTGTGTG 

K166N_5F TAACTTCAATATTAGACACAACATTGAAGATGGAAGCGT 

K166N_3R GTGTCTAATATTGAAGTTAACTTTGATTCCATTCTTTTG 

K3R_5F TACATATGAGTAGAGGAGAAGAACTTTTCACTGGAGTT 

K3R_3R GTTCTTCTCCTCTACTCATATGTATATCTCCTTCTTAAA 

S147P_5F CAACTATAACCCACACAATGTATACATCATGGCAGACAAAC 

S147P_3R CATTGTGTGGGTTATAGTTGTATTCCAATTTGTGTCCA 

S175G_5F TGAAGATGGAGGCGTTCAACTAGCAGACCATTATCAACA 

S175G_3R AGTTGAACGCCTCCATCTTCAATGTTGTGTCTAATTTTGAA 

T203S_5F TACCTGTCCTCACAATCTGCCCTTTCGAAAGATCCC 

T203S_3R GCAGATTGTGAGGACAGGTAATGGTTGTCTGGTAAAAGG 

  82 
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 83 

Figure S5. Relative fluorescence intensity of WT GFP in H population (in red) and L population (in blue). For 84 

both distributions, the relative fluorescence intensity is calculated by dividing all fluorescence values by the 85 

maximum fluorescence intensity in the population. The two distributions are statistically distinct (p~10-16, 86 

two-sided Kolmogorov-Smirnov test), and the H population has a low relative fluorescence intensity (p<10-16, 87 

two-sided Wilcoxon’s rank-sum test, effect size calculated as Z/√N = 0.75). 88 

  89 
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Supplementary information for the theoretical analysis and simulations of GFP evolution 90 

Part 1: Fitness function 91 

To model the evolution of fluorescent proteins, we used the following fitness function, which equates the 92 

fitness of a GFP variant in our experiments to its fluorescence intensity. This intensity in turn results from 93 

various biophysical properties of GFP, as well as from instrument properties, as follows: 94 

 95 

𝐹𝑝𝑟𝑜𝑡𝑒𝑖𝑛 ≡ 𝐹𝑙𝑢𝑜𝑟𝑒𝑠𝑐𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 = k∅ [ 1 − 10−𝜀𝑏𝐶]   (Equation S1) 96 

 97 

In Equation S1, k is an instrument proportionality constant, ∅ is the quantum yield of the fluorescent protein, 98 

𝜀 is the extinction coefficient, b is the path length of the detector, and C is the concentration of protein in 99 

solution.  Assuming  𝜀 = 55900 𝑀−1𝑐𝑚−1 for GFP 40, a 1 cm path length of the cuvette used to detect 100 

fluorescence, ~50000 sorted cells in a 500 µl volume of PBS buffer as in our experimental protocol, and a copy 101 

number of ~20 GFP-expressing pMSs201 plasmids per cell (E.coli promoter collection, GE healthcare 102 

Dharmacon), the product  𝜀𝑏𝐶 calculates as ~ 55900 𝑀−1𝑐𝑚−1  ×  1 𝑐𝑚 ×  
5×104×20 𝑐𝑜𝑝𝑖𝑒𝑠

5×10−4 𝐿
 ×103 

 
1𝑚𝑜𝑙

6.02×1023 ~ 1.8 × 10−10. This small value allowed us to expand 1 − 10−𝜀𝑏𝐶   as 1 − 1 + 𝜀𝑏𝐶 + 𝑂(𝜀𝑏𝐶2) ~𝜀𝑏𝐶.  104 

This expansion helps to simplify Equation S1, which yields the following simpler instrument-independent 105 

fitness function: 106 

 107 

𝐹𝑝𝑟𝑜𝑡𝑒𝑖𝑛(𝑖𝑛𝑠𝑡𝑟𝑢𝑚𝑒𝑛𝑡 − 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 ) =
𝐹𝑝𝑟𝑜𝑡𝑒𝑖𝑛

k 𝐼0𝑏
= 𝜀∅𝐶 =  𝜉𝐶   (Equation S2) 108 

 109 

In this expression, the product of the extinction coefficient (ε) and quantum yield (∅) define the fluorescence 110 

output ξ of GFP. This quantity describes the brightness of a single GFP molecule when it absorbs light with a 111 

specific wavelength. The fluorescence intensity is then the product of the fluorescence output of a single GFP 112 

molecule and the concentration C of GFP in solution. To apply our fitness function to single cells, we assumed 113 

that C= A×f(∆G) where A is the basal expression of GFP in the cell, and f(∆G) is a function that relates the 114 

fluorescence intensity of a single GFP molecule to its free energy of folding stability (∆G). This gives rise to 115 

Equation S3 which is the cellular fitness function we use for fluorescence intensity: 116 

 117 
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𝐹𝑝𝑟𝑜𝑡𝑒𝑖𝑛 = 𝜉𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 𝑓(∆𝐺)       (Equation S3) 118 

 119 

As previously proposed and motivated by experimental data 4, we used a sigmoidal function to model the 120 

dependence of f(∆G) on ∆G  : 121 

  122 

 𝑓(∆𝐺𝑚𝑢𝑡)~
𝑒−(∆𝐺𝑚𝑢𝑡−∆𝐺𝑊𝑇)

1+𝑒−(∆𝐺𝑚𝑢𝑡−∆𝐺𝑊𝑇)       (Equation S4) 123 

 124 

In equation S4, ∆𝐺𝑊𝑇 and ∆𝐺𝑚𝑢𝑡  are the free energy of folding of wild-type (ancestral) GFP and of a given 125 

mutational variant.  We used ∆𝐺𝑊𝑇 = −12 kcal/mol which is in the range of experimentally reported free 126 

energies of folding for GFP (~-10 to -16 kcal/mol)5-7. For mathematical brevity we refer to 𝑓(∆𝐺𝑚𝑢𝑡) as the 127 

stability factor of GFP molecules, to distinguish it from protein stability, ∆𝐺. 128 

 129 

Part 2: The theoretical relationship between selection strength, protein stability, and expression level in 130 

GFP populations 131 

To better understand how selection strength and expression level can affect the stability of selected GFP 132 

molecules in each generation, we first use a simple theoretical model. In our experiments, we selected cells 133 

for survival whose fluorescence intensity lay in the top 0.05% of the population. Mathematically, we represent 134 

this relative fluorescence intensity as Frel, which equals 135 

 136 

𝐹𝑟𝑒𝑙 =
𝐹𝑚𝑎𝑥−𝐹𝑠𝑒𝑙

𝐹𝑚𝑎𝑥
= 1 −

𝐹𝑠𝑒𝑙

𝐹𝑚𝑎𝑥
  ,          (Equation S5) 137 

where Fmax denotes the maximum fluorescence intensity among all cells in a population and Fsel denotes the 138 

fluorescence intensity of the cells that survive selection. The criterion that a cell has to fulfill in order to be 139 

selected then becomes 140 

 141 

𝐹𝑠𝑒𝑙 >  𝐹𝑚𝑎𝑥 (1 − 𝐹𝑟𝑒𝑙)       (Equation S6) 142 

 143 
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Note that our strong selection implies a small value of Frel (Frel =0.0005) because only those cells survive whose 144 

fluorescence (Fsel) is very close to Fmax. Replacing fluorescence intensity in Equation S6 with its molecular 145 

determinants from Equation S3 yields 146 

 147 

[𝜉𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 𝑓(∆𝐺)]
𝑠𝑒𝑙

>  [𝜉𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 𝑓(∆𝐺)]
𝑚𝑎𝑥

 (1 − 𝐹𝑟𝑒𝑙)  (Equation S7) 148 

 149 

Here, the subscripts max and sel denote cells with maximum fluorescence, and cells that are selected for 150 

survival. If GFP is equally abundant in all cells (i.e., Amax = Asel), and the fluorescence output of all selected 151 

molecules is the same, ((𝜉𝑝𝑟𝑜𝑡𝑒𝑖𝑛)𝑚𝑎𝑥 = (𝜉𝑝𝑟𝑜𝑡𝑒𝑖𝑛)𝑠𝑒𝑙), Equation S7 simplifies to 152 

 153 

𝑓(∆𝐺)𝑠𝑒𝑙

𝑓(∆𝐺)𝑚𝑎𝑥
>  1 − 𝐹𝑟𝑒𝑙        (Equation S8) 154 

 155 

We refer to the ratio 
𝑓(∆𝐺)𝑠𝑒𝑙

𝑓(∆𝐺)𝑚𝑎𝑥
 as the normalized GFP stability factor, that is the stability factor of surviving 156 

protein molecules divided by the maximal stability factor among all proteins in the population.  157 

Equation S8 states that in the absence of any variation in GFP abundance in a population, the 158 

strength of selection (1-Frel) determines a lower bound for this normalized stability factor, i.e., only GFP 159 

proteins above a given value of 
𝑓(∆𝐺)𝑠𝑒𝑙

𝑓(∆𝐺)𝑚𝑎𝑥
 will survive selection. The stronger selection becomes (the smaller 160 

𝐹𝑟𝑒𝑙  becomes), the larger the value of 
𝑓(∆𝐺)𝑠𝑒𝑙

𝑓(∆𝐺)𝑚𝑎𝑥
  that is necessary for a cell to survive selection.  161 

We next examine the more realistic case that GFP abundance varies among cells in a population, leaving the 162 

main assumption that 𝜉𝑝𝑟𝑜𝑡𝑒𝑖𝑛is the same for all selected variants in place. In this case, we can rewrite 163 

Equation S7 as  164 

 165 

𝑓(∆𝐺)𝑠𝑒𝑙

𝑓(∆𝐺)𝑚𝑎𝑥
×

𝐴𝑠𝑒𝑙

𝐴𝑚𝑎𝑥
>   (1 − 𝐹𝑟𝑒𝑙)    (Equation S9) 166 

 167 

Equation S9 governs the relationship between protein stability and abundance that GFP molecules surviving 168 

selection must have.  That is, the product of the normalized stability factor and the (analogously defined) 169 

normalized abundance of surviving GFP molecules must be higher than the strength of selection (1-Frel). In 170 
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sum, this theoretical model illustrates the idea of stability compensation, that is, GFP variants with low 171 

stability can survive selection, as long as their low stability is compensated by increased protein abundance. 172 

 173 

Part 3: Details of evolutionary simulations 174 

3.1. Overview of the simulation model 175 

We simulated the evolution of GFP populations towards cyan fluorescence by developing a mechanistic 176 

model that relates the fluorescence intensity of a GFP expressing cell to the biophysical properties of GFP, 177 

namely its fluorescence output, stability, and cellular abundance (Equation S3). Figure S6 illustrates the 178 

structure of this model. Any one cell expresses GFP molecules whose fluorescence output, folding stability, 179 

and cellular abundance can vary among cells in the same population (Figure S6A). Only protein stability and 180 

fluorescence output can change by mutation and are thus evolvable. In contrast, the abundance of GFP can 181 

vary among individuals in a population due to gene expression noise, but we do not allow it to be affected by a 182 

mutation. This is motivated by our experimental design, which does not subject the GFP promoter to 183 

mutagenesis. Our simulations assume a population with a constant size of  10000 cells, all of which initially 184 

encode wild-type GFP with an initial fixed stability and protein fluorescence output (Figures S6B-C, also see 185 

sections 3.2 and 3.3).  186 

 187 

We then start the first round of mutation and selection. For the mutation step, we assume that individual 188 

GFP-coding genes experience one point mutation per round of mutation, which corresponds roughly to the 189 

amino acid mutation rate of ~0.8 in our experiments. Each such mutation changes the stability and 190 

fluorescence output of a GFP variant according to distributions estimated from a library of GFP mutants and 191 

from FoldX stability calculations, as detailed in sections 3.2 (Equation S10) and 3.3 (Equation S11, Figure S6B-192 

C). Because we model the evolution of a population of 10000 cells, we repeat this mutational step 10’000 193 

times for ancestral GFP. We convert the thermodynamic stabilities of each resulting variant (in kcal/mol), to a 194 

stability factor that ranges from 0 to 1, corresponding to minimum and maximum stability in our model 195 

(Equation S4).  196 

 197 

We allow cells that carry a GFP variant with a given fluorescence output and stability to vary in their 198 

expression level due to gene expression noise. To model such noise, we randomly assign GFP abundance 199 
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values to each of the 10000 cells that are sampled at random from a log-normal distribution with mean 𝜇 and 200 

standard deviation 𝜎, such that  𝜎 = 0.3𝜇. This scaling is motivated by an experimentally observed 201 

relationship between the mean and the standard deviation of gene expression driven by 1523 E. coli 202 

promoters8 (Figure S6F). We then calculate the fluorescence intensity of each cell by multiplying the values of 203 

fluorescence output, the stability factor and GFP abundance. The end result is a population of 10000 cells that 204 

differ in their GFP fluorescence intensities because of variation in these three factors (Figure S6D).  205 

 206 

We next describe how we model selection in a way that allows us to keep population size constant.  Of the 207 

10000 cells in a modeled population, we select those cells for survival whose fluorescence intensity lies in a 208 

top fixed percentile of the population (Figure S6G). For example, to select the top 1% of fluorescing cells we 209 

allow the top 100 fluorescing cells from this population to survive. To create a population of survivors that is 210 

equal in size to that of the pre-selection population, we repeat the selection process for replicates of our 211 

original population of 10000 cells until we collect 10000 survivors. For example, if we target the top 1% of cells 212 

to survive selection, we repeat selection for 100 replicate populations of 10000 cells to collect 10000 213 

(=100*100) survivors. To generate a replicate population, we use bootstrapping, i.e., we sample 10000 value 214 

with replacement from the pre-selection distribution of each GFP property (protein stability, abundance and 215 

fluorescence output). This process mimics the selection of cells by fluorescent activating cell sorting (FACS).  216 

 217 
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218 

 219 

Figure S6. The principles behind our simulation model: A. We simulate the evolution of the fluorescence 220 

intensity of GFP populations. Each cell expresses GFP molecules whose fluorescence output and folding 221 

stability can be altered by mutations. GFP abundance may vary among cells due to gene expression noise, but 222 

we do not allow it to evolve. Evolution proceeds through cycles of mutation and selection. The details of 223 

mutation and selection cycles are shown in blue and green boxes, respectively. We partition the range of 224 

sensible phenotypic values for both folding stability and fluorescence output into n=100 equidistant bins, 225 

ranging from the lowest value of the property of interest to its highest value. We refer to these bins as states 226 
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in our model. B. To model the effect of mutations on protein stability, we sample a distribution of the stability 227 

of single point mutations calculated by the free energy estimator, FoldX. We assume that the stability of a 228 

pre-mutated protein (shown here as WT for ‘wild-type’), can change to different values with different 229 

transition probabilities (Equation S13). Calculating these transition probabilities for all possible stability values 230 

yields a transition probability matrix. C. To model the effect of single mutations on fluorescence output, we 231 

sample an empirically known distribution of the fluorescence intensity of a GFP library with single point 232 

mutations of our ancestral GFP genotype (Equation S12). Similar to protein stability, the fluorescence output 233 

of a pre-mutated protein can change to different values, which yields a matrix based of mutational transition 234 

probabilities. D. Collectively, mutations in folding stability and fluorescence output generate variants with 235 

different values of these properties in the population. E. To simulate the mutation process efficiently, we use 236 

a formalism akin to Markov chains to simulate 10000 evolutionary trajectories starting from ancestral GFP. 237 

We advance the 10000 trajectories by one mutational step and record the resulting states, which correspond 238 

to 10000 values for protein stability and fluorescence output. F. Protein abundance can change the 239 

fluorescence intensity of our simulated cells. Because of gene expression noise, some cells will have a higher 240 

fluorescence intensity than others, even if they express GFP variants with identical stability and fluorescence 241 

output. G. We implement selection by letting a fixed percentile of cells with high fluorescence survive. 242 

Stronger selection leads to the survival of molecules with higher stability and fluorescence output. H. To keep 243 

the population size constant in our simulations, we create replicates of pre-selected population and selected 244 

10,000 cells from these replicate populations. The surviving cells express different values for protein stability 245 

and fluorescence output that we use as starting points for the second round of evolution.  246 

 247 

  248 

3.2. Calculating stability distribution of single GFP mutants and the stability factor 249 

To model how mutations affect protein stability, we used FoldX11 to calculate the folding free energy change 250 

(∆∆𝐺) of all single point mutations, based on the crystal structure of GFP (PDB ID: 1EMA). These 251 

computationally predicted values had a bi-Gaussian distribution, and we used the following equation to 252 

model this distribution: 253 

 254 

𝑃(∆∆G) = 𝑃1
1

𝜎1√2𝜋
𝑒

−(
∆∆G−𝜇1

2𝜎1
2 )

+ (1 − 𝑃1)
1

𝜎2√2𝜋
𝑒

−(
∆∆G−𝜇2

2𝜎2
2 )

              (Equation S10) 255 
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 256 

We estimated the parameters of this distribution by fitting mixture models to the distributions of ∆∆G  for 257 

single point mutations (estimated by FoldX) using the mixtools package in R12. This procedures yielded 𝜇1 =258 

0.54, 𝜎1 = 0.98,  𝜇2 = 2.05,  𝜎2 = 1.91, P1=0.49, and P2=1-P1=0.51.  259 

 260 

3.3. Calculating the fluorescence intensity distribution of single GFP mutants 261 

To generate protein variants with different fluorescence intensities and to simulate fluorescence evolution 262 

realistically, we need to know the distribution of the effect of mutations on fluorescence intensity and protein 263 

stability in GFP. We evaluated the distribution of fluorescence intensities from the logarithmically 264 

transformed intensities of a library of single point GFP mutants10. These intensities have a bimodal 265 

distribution whose first mode is centered on ~1.52 (log10 intensity units) which corresponds to non-fluorescent 266 

(or ‘dark’) GFP variants. The second mode is centered on ~ 3.37 and mainly represents the nearly-neutral 267 

variants where fluorescence intensity is close to that of WT GFP. We fitted the following bi-lognormal 268 

distribution to these experimentally measured intensities: 269 

 270 

𝑃(log (𝜉)) = 𝑃1
1

𝜎1√2𝜋
𝑒

−(
log(𝜉)−𝜇1

2𝜎1
2 )

+ (1 − 𝑃1)
1

𝜎2√2𝜋
𝑒

−(
log(𝜉)−𝜇2

2𝜎2
2 )

  (Equation S11) 271 

 272 

We estimated the parameters of Equations S11 by fitting mixture models to the distributions of fluorescence 273 

intensities and folding stabilities, using the mixtools package in R12. This procedure yielded 𝜇1 = 1.52, 𝜎1 =274 

0.18, 𝜇2 = 3.37, 𝜎2 = 0.37, P1=0.23 and P2=1-P1=0.77.   275 

 276 

3.4. Markov chain implementation of the mutation step 277 

To simulate how mutation changes fluorescence output and folding stability, we used a formalism akin to 278 

discrete time Markov chains, which describes how single mutations change these properties. To this end, we 279 

first partitioned the range of sensible phenotypic values for both fluorescence output and folding stability into 280 

n=100 equidistant bins, ranging from the lowest value of the property of interest to its highest value. These 281 

bins correspond to the possible states of fluorescence output and stability of individual proteins expressed in a 282 

cell.  283 
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More specifically, we allowed protein stability to range between ∆𝐺 =-20 kcal/mol and ∆𝐺=0 kcal/mol, and we 284 

subdivided this range into bins of width 0.2 kcal/mol. This provides a wide dynamic range for changes in 285 

protein stability. For example, the average stability of E.coli proteins is ~ -7.1 kcal/mol, with 99% of proteins 286 

having stabilities higher than -4 kcal/mol13.  Similarly, we allowed fluorescence output to range between 287 

log(𝜉)=0 to log(𝜉)=10 in bins of width 0.1 log fluorescence intensity. This range also covers the naturally 288 

observed range of log(fluorescence intensity), which lies between ~1 to ~5 log units4. During a simulation, the 289 

fluorescence output and stability of a GFP molecule expressed in a cell is in one of these n states, which we 290 

refer to as nstab and nFL. For instance, if the stability of a GFP variant is in state nstab=1, it lies in the bin covering 291 

the interval between -20 kcal/mol and -19.8 kcal/mol). Likewise, if fluorescence output is in state nFL =1, the 292 

logarithm of its value lies in the 0 to 0.1 bin.   293 

At the beginning of a simulation, we initialize all members of a population (10000 cells) to be in the state of 294 

the ancestral GFP molecule that our experiments started with. The measured stability of ancestral GFP is ~ -295 

12 kcal/mol and corresponds to nstab=60. The experimentally observed log fluorescence intensity of ancestral 296 

GFP is ~ 3, which corresponds to nFL=30.   297 

To subject this ancestral GFP to mutation, we need to calculate the post-mutation states nstab and nFL of GFP 298 

for all 10000 cells. For this purpose, we need to know the transition probabilities between all possible protein 299 

stability (nstab) and fluorescence output states (nFL). We next describe how to calculate these transition 300 

probabilities.  301 

To model mutational changes in protein stability, we calculated the transition probability between different 302 

stability values as a result of a single mutation with the following equation, which is identical to equation S10 303 

but centered on the stability of pre-mutated protein (∆G𝑖): 304 

 305 

𝑃𝑖𝑗
𝑆𝑡𝑎𝑏 = 𝑃1

1

𝜎1√2𝜋
𝑒

−(
(∆G𝑗−∆G𝑖)−𝜇1

2𝜎1
2 )

+ (1 − 𝑃1)
1

𝜎2√2𝜋
𝑒

−(
(∆G𝑗−∆G𝑖)−𝜇2

2𝜎2
2 )

  (Equation S13) 306 

 307 

From this equation, a single mutation will most likely decrease the stability of the pre-mutated protein ( ∆G𝑖) 308 

by ~1.27 kcal/mol (the average of the two modes centered on µ1=0.54 and µ2=2.05 kcal/mol, with P1=0.49 and 309 

P2=0.1).   310 
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For fluorescence output, we calculated the transition probability of the ith state to the jth state as a result of a 311 

single point mutation with the following equation: 312 

𝑃𝑖𝑗
𝐹𝐿 = 𝑃1

1

𝜎1√2𝜋
𝑒

−(
(log(𝜉𝑗)−log(𝜉𝑖))−𝜇1

2𝜎1
2 )

+ (1 − 𝑃1)
1

𝜎2√2𝜋
𝑒

−(
(log(𝜉𝑗)−log(𝜉𝑖))−𝜇2

2𝜎2
2 )

   (Equation S12) 313 

This equation is identical to Equation S11 except that its probability densities is centered on log(𝜉𝑖)), i.e.,  the 314 

GFP’s fluorescence output of the pre-mutated state. The equation reflects the assumption that the mutation-315 

induced change in GFP’s fluorescence output (log (𝜉𝑖)) follows a bimodal distribution. The first mode (µ1) of 316 

fluorescence output is centered on fluorescence intensities that are indistinguishable from a negative control 317 

population (log10 intensity =1.52 ± 0.18). These are non-fluorescing (‘dark’) molecules. The second mode 318 

(µ2), is centered on the state of interest (log (𝜉𝑖)), and represents nearly-neutral variants (i.e., variants whose 319 

fluorescence are slightly higher and lower than that of pre-mutated GFP). Biologically speaking, single point 320 

mutations in any GFP molecule can create two sub-populations, one sub-population that is non-fluorescent 321 

and the other sub-population whose fluorescence is very similar to the pre-mutated GFP molecule.  The 322 

empirically estimated values of P1=0.23 and P2=0.77 show that any GFP molecule can become non-fluorescent 323 

with a probability of ~0.23 or stay fluorescent with a probability of ~0.77. 324 

We used Equations S12 and S13 to generate two 100x100 transition probability matrices, 𝑀𝑖𝑗
𝑠𝑡𝑎𝑏  and  𝑀𝑖𝑗

𝐹𝐿 for 325 

protein stability and fluorescence output, respectively. We note that in these matrices, the sum of transition 326 

probabilities in each row equals 1, i.e.,  327 

 328 

 ∑ 𝑃𝑖𝑗
𝐹𝐿 =𝑛

𝑗=1 ∑ 𝑃𝑖𝑗
𝑆𝑡𝑎𝑏 = 1𝑛

𝑗=1                (Equation S14) 329 

 330 

This means that a mutation will cause the stability or fluorescence of the pre-mutated GFP to either remain 331 

unchanged, or to become changed to one of the other 99 (=100-1) states. If a Markov chain is in the ith state, 332 

the next state is sampled from a multinomial distribution whose probabilities are expressed by the ith row of 333 

the corresponding transition probability matrix.  334 

 335 

3.5. Modeling protein abundance 336 

To model the variation of protein abundance in each population, we assumed that the standard deviation of 337 

protein abundance (𝜎𝐴) scales linearly with the average protein abundance (𝜇𝐴) as 𝜎𝐴~ 0.3 𝜇𝐴. This scaling is 338 
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derived from experimental data on the relationship between mean and standard deviation of fluorescence 339 

intensity for 1523 E. coli promoters studied by Silander et al.9 (Figure S7). Note that the mean protein 340 

abundance distinguishes the H and L populations, so that GFPs in H populations are on average three-fold 341 

more abundant than their counterparts in L populations. 342 

 343 

 344 

 345 

Figure S7: The relationship between the mean and standard deviation of fluorescence intensity of GFP 346 

expressed from 1523 natural E. coli promoters9. We used this relationship to model protein abundance 347 

variation caused by gene expression noise in our evolving GFP populations. 348 

 349 

 350 

3.6. Calculating the fluorescence intensity of simulated cells  351 

We calculated the fluorescence intensity of a cell containing a given GFP variant using equation S3, which 352 

depends on the values of GFP protein abundance (A), fluorescence output (ξ), and folding stability (∆𝐺). We 353 

used the randomly assigned abundances for our 10000 cells in the population as described in section 3.2, and 354 

obtained the values of fluorescence output and stability from the post-mutation values as described in section 355 

3.5.  356 

 357 

3.7. Implementing selection 358 
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We allowed only those cells to survive into the next generation whose fluorescence intensity lay in a fixed 359 

percentile of the population’s fluorescence distribution. In the simulations we used 4 different percentiles, i.e., 360 

0% (no selection), 10%, 50%, and 90% to find out how selection and expression affect the accumulation of 361 

mutations with destabilizing effects.  362 

 363 

 364 

3.8. Simulating cycles of mutation and selection 365 

To initialize our simulations, we assumed the following initial state of our populations: nStab=60, and nFL=30. 366 

Just in our experiments, we then applied six cycles of mutation and selection, except that the simulations 367 

allowed us to simulate different strengths of selection (as described in section 3.6).  368 

After the selection step of any given round, we calculated the average stability and fluorescence output of the 369 

surviving GFP variants.  370 

To keep population size constant in our simulations, we created replicates of pre-selected population and 371 

selected 10,000 cells from these replicate populations. The number of such replicate populations depends on 372 

the stringency of selection. For example, if only the top 1% of cells from pre-selected population are to survive 373 

selection, we needed to generate 100 replicate populations to obtain the same number of surviving cells as 374 

our population size prior to selection. We generated the GFP stability and fluorescence output values for the 375 

cells in a replicate population by sampling with replacement 10000 values from the pre-selection distribution 376 

of protein stability and fluorescence output. In addition, we assigned protein abundance values to cells of 377 

each replicate populations from the log-normal distribution described in section 3.5.  378 

 379 
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 380 

Figure S8. The stability of selected GFP molecules for different mean protein abundance levels in the 381 

simulations with (A) and without (B) gene expression noise (protein abundance distribution). In panel A, 382 

protein abundance distribution for each population is modeled by a log-normal distribution where the mean 383 

expression level is indicated on the x-axis, and the standard deviation (𝜎𝐴) scales linearly with the average 384 

protein abundance (𝜇𝐴) as 𝜎𝐴~ 0.3 𝜇𝐴. In panel B, all cells have the same mean expression level indicated on 385 

the x-axis, with zero standard deviation. For both panels, we evolved simulated GFP populations with a 386 

selection strength of 0.9, i.e., only 10% of GFP molecules survive selection. We selected n=10,000 387 

independent cells from 10 replicate pre-selection populations each having 100,000 cells. The boxes in the box 388 

plots range from the first quantile to the third quantile. The median is represented by a line across the box. 389 

Whiskers show 1.5 times of the interquartile range. The circles located above the top whisker or below the 390 

bottom whisker are outliers whose values are either higher or lower than 1.5 times the interquartile range 391 

(third quartile – first quartile), respectively. 392 

 393 

 394 
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 395 

Figure S9. The stability of selected GFP molecules for different mean protein abundance levels in the 396 

simulations.  A. Gene expression noise (protein abundance distribution) is modeled by a log-normal 397 

distribution. B. Gene expression noise (protein abundance distribution) is modeled by a normal distribution. 398 

For both panels the standard deviation of protein abundance (𝜎𝐴) scales linearly with the average protein 399 

abundance (𝜇𝐴) as 𝜎𝐴~ 0.3 𝜇𝐴. For both panels, we evolved simulated GFP populations with a selection 400 

strength of 0.9, i.e., only 10% of GFP molecules survive selection. We selected n=10,000 independent cells 401 

from 10 replicate pre-selection populations each having 100,000 cells. The boxes in the box plots range from 402 

the first quartile to the third quartile. The median is represented by a line across the box. Whiskers show 1.5 403 

times of the interquartile range. The circles located above the top whisker or below the bottom whisker are 404 

outliers whose values are either higher or lower than 1.5 times the interquartile range (third quartile – first 405 

quartile), respectively. 406 

 407 

 408 

 409 

Part 4: enforcing an association between variance and skewness of a gamma distribution of protein 410 

abundances 411 

 412 
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A gamma distributions is defined by its ‘shape’ parameter (𝛼) and its ‘rate’ parameter (𝛽). Its mean, variance 413 

and skewness are equal to 
𝛼

𝛽
, 

𝛼

𝛽2, and 
2

√𝛼
. To increase mean, variance and skewness at the same time, we 414 

decided to decrease both 𝛼 and 𝛽 parameters, such that the 𝛽 parameter decreases to a greater extent than 415 

the 𝛼 parameter. Specifically, we used 416 

 417 

𝛼 =
1

𝑖
      (Equation S15) 418 

𝛽 = (
1

𝑖
)

2

     (Equation S16) 419 

 420 

where 𝑖 ∈ {10, 100, 500, 1000, 5000}. Mean protein abundances for these values in our simulations equal 421 

111, 852, 1424, and 11471, respectively.  422 

 423 

 424 

Figure S10. Stability of selected GFP molecules for different mean protein abundance levels in the 425 

simulations. We assume that protein abundances are gamma distributed with means indicated on the x-axis. 426 

We used Equations S15 and S16 to ensure that both variance and skewness of these distributions increase as 427 

their mean increases. For all population we evolved simulated GFP populations with a selection strength of 428 

0.9, i.e., only 10% of GFP molecules survive selection. We selected n=10,000 independent cells from 10 429 

replicate pre-selection populations each having 100,000 cells. The boxes in the box plots range from the first 430 
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quartile to the third quartile. The median is represented by a line across the box. Whiskers show 1.5 times of 431 

the interquartile range. The circles located above the top whisker or below the bottom whisker are outliers 432 

whose values are either higher or lower than 1.5 times the interquartile range (third quartile – first quartile), 433 

respectively. 434 

 435 

 436 

 437 

 438 

 439 

 440 

 441 

Figure S11. A. A probabilistic selection scheme where GFP molecules with different fluorescence intensities 442 

are allowed to survive with different probabilities. In this scheme, we allowed 100% of GFP molecules whose 443 

fluorescence intensity was in the top 10% of a population to survive, 70% of GFP molecules whose 444 

fluorescence intensity was in the top 30%, and 50% of molecules whose fluorescence intensity was in the top 445 

50%. Selection strength on the x-axis shows the fraction of cells surviving selection with the probability of 446 

surviving selection on the y-axis. B. Stability of surviving GFP molecules for different mean protein 447 

abundances in simulations using the probabilistic selection scheme described in panel A. We selected 448 

n=10,000 independent cells from 10 replicate pre-selection populations each having 100,000 cells. The boxes 449 
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in the box plots range from the first quantile to the third quantile. The median is represented by a line across 450 

the box. Whiskers show 1.5 times of the interquartile range. The circles located above the top whisker or 451 

below the bottom whisker are outliers whose values are either higher or lower than 1.5 times the interquartile 452 

range (third quartile – first quartile), respectively. 453 

 454 

 455 

 456 

 457 

Part 5: Probabilistic selection based on a cell’s fluorescence intensity 458 

 459 

To investigate whether selecting cells in proportion to fluorescence intensity can also lead to the accumulation 460 

of destabilizing mutations in H populations, we performed new simulations. Briefly, we generated two 461 

ancestral populations with 50,000 cells each to represent H and L populations. The distribution of protein 462 

abundance was log-normal in these populations, the only difference being that the H population had a higher 463 

mean and standard deviation compared to the L population. We used a mean abundance of 100 and 300 GFP 464 

molecules, and a standard deviation of 30 and 90 GFP molecules for the L and the H populations, respectively. 465 

We also used a Gaussian distribution of protein stabilities (∆G) with ∆Gmean=-12 kcal/mol (corresponding to 466 

that of WT GFP), and ∆Gsd=2 kcal/mol. We chose these values from previously measured estimates of protein 467 

folding stabilities (see: PNAS 101.46 (2004): 16192-16197; Journal of molecular biology 369.5 (2007): 1318-1332). 468 

We then sampled 10,000 cells from these populations with replacement, such that the sampling probability 469 

increased linearly from the first to the 100th percentile of fluorescence intensity, 470 

P(sampling from percentile i) =
i

∑ i100
i=1

=
i

5050
,    (Equation S17) 471 

and repeated this sampling procedure 1000 times. Each time, we recorded the average stability of the GFP 472 

molecules that survived selection in the simulated H and L populations. We then compared their average 473 

stabilities. This analysis shows that GFPs in the L population are more stable than in the H population (see 474 

figure S12, p ~ 10-16; Wilcoxon rank sum test).   475 
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 476 

Figure S12: Average folding stability of selected GFPs in H and L populations in 1000 simulations. In each 477 

simulation, we sampled n=10,000 GFPs independently from an ancestral populations with 50,000 cells. The 478 

probability that a cell survives selection in these simulations was proportional to its fluorescence intensity 479 

(Equation S17). The boxes in the boxplots ranges from the first quantile to the third quantile. The median is 480 

represented by a line across the box. Whiskers show 1.5 times of the interquartile range. The circles located 481 

above the top whisker or below the bottom whisker are outliers whose values are either higher or lower than 482 

1.5 times the interquartile range (third quartile – first quartile), respectively. We calculate the value of p=10-483 

16from a two-sided Wilcoxon rank sum test with effect size calculated as Z/√N=1.07. 484 

 485 

 486 

 487 

 488 

 489 

 490 

 491 

 492 

 493 

 494 
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 499 

 500 

 501 

 502 
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 504 

 505 

 506 

 507 

Part 6: Checking the convolution of log-normal distributions  508 

 509 

Figure S13: The convolution of log-normal distributions is a log-normal distribution itself. A) An example 510 

where gene expression noise is modelled by log-normal distributions. We generated 100 log-normal 511 

distributions (shown in grey) and show the convolution of all these 100 distributions in black. B) The convolution 512 

of 105 log-normal distributions is log-normally distributed. We used a likelihood ratio test to compare the 513 

likelihoods of a normal and a log-normal distribution fitting the data. In both panels A and B, the mean and 514 

standard deviation of each log-normal distribution were taken from a normal distribution with µ=300 and σ=90 515 

GFP molecules, respectively. 516 

 517 

 518 

 519 

 520 

 521 

 522 

 523 

 524 

 525 

 526 

 527 
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 528 

Figure S14.  Increased skewness of relative GFP abundance in H populations can explain the retention of more 529 

destabilizing mutations in these populations compared to L populations.  the figure shows the stability factor 530 

versus protein abundance (panel A), the density distribution of the stability factor (panel B), and the  density 531 

distributions of protein abundances for L and H populations (panel C). We represent the stability of the L and H 532 

populations by the same distribution (shown in green), because the stability of generated mutants does not 533 

change with expression level. The distribution of protein abundances for L and H populations are shown in blue 534 

and red, respectively, in panel C. For both panels A and B, the blue and red rectangles show the ranges of protein 535 

abundance from zero to maximum protein abundance in L and H populations, respectively. Note the overlap 536 

between the two rectangles, which we indicated by moving the red rectangle slightly further up. The horizontal 537 

dashed line shows an example of a stability percentile of GFPs in cells surviving selection. The vertical dashed 538 

lines show the corresponding abundance percentiles of GFPs in surviving cells for the L and H populations. The 539 

reason that surviving cells are scattered in two isoclines rather than the confined rectangles between the 540 

dashed lines in each population is the synergy between stability and abundance, as described in the main text.  541 

For both populations, GFPs whose stability is lower than the specific percentile (the horizontal dashed lines) 542 

survive selection only if their abundances in host cells is higher than the selection threshold (percentile; vertical 543 

dashed lines). Conversely, the stability of surviving GFPs can be higher than the specific percentile (the 544 

horizontal dashed line) only if their abundances in host cells are lower than the selection threshold ( percentile; 545 

vertical dashed lines). In H populations, because of the log-normal distribution of protein abundance, the same 546 

percentile corresponds to an absolute expression level that is further away from the maximum protein 547 

abundance, compared to the L population. Stability-scarcity synergy then contributes to a lower stability of 548 

selected GFPs in H population than in L population. 549 

 550 
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