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 61 
Table S1. Network metrics  
Number of nodes (genotypes) 17,765 
Number of peaks  2,092 
Number of low peaks1  2,034 (97.2%) 
Number of high peaks2  58 (2.8%) 
Number of squares3  83,100 
Magnitude epistasis or additivity4,5 35% 
Simple sign epistasis5 34% 
Reciprocal sign epistasis5 30%  

1 Low peaks are peaks with repression levels below the  wild sequence. Percentages refer to 62 
the proportion of all genotpyes. 63 
2 High peaks are peaks with repression levels above the wild-type sequence. Percentages refer 64 
to the proportion of all peaks. 65 
3 A square represents the connection between a focal sequence (ab) and a double mutant (AB) 66 
via two single mutants (Ab and aB).  67 
4 This category includes both magnitude epistasis and additivity (no epistasis) without 68 
distinguishing them, because neither of the two subcategories affects peak accessibility 1,2  69 
5 Percentages refer to the proportion of all squares. 70 
 71 
 72 
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Table S2. Table of strains 74 

Strain Genotype 
SIG10-MAX 
from Sigma 
Aldrich 

F- mcrA Δ(mrr-hsdRMS-mcrBC) endA1 recA1 Φ80dlacZΔM15 
ΔlacX74 araD139 Δ(ara,leu)7697galU galK rpsL nupG λ- tonA (StrR) 

 75 
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Table S3. Table of plasmids used in this study 77 

Name Selective 
antibiotics 
(concentration 
µg/ml) 

Relevant 
features 

Source T, 
°C 

Description 

pCAW-Sort-Seq Chloramphenicol 
(50) 

pBBR1, 
TetR, sfgfp 

This study 37 Vector used 
for library 
generation and 
sort-seq 

pCAW-Sort-
Seq-Neg 

Chloramphenicol 
(50) 

pBBR1, 
TetR, 
promoterless 
sfgfp 

This study 37 pCAW-Sort-
Seq vector 
without a 
promoter for 
sfgp (negative 
control) 

 78 
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Table S4. Primers for engineering the pCAW-sort-seq plasmid 80 

Name Sequence Function 
pCAW_frag1_F 

CGTCCGACTTACGGAAGGTAGATTTTACGGC 

Linearizing the 
pCAW-Sort-Seq 
fragment1 for 
Gibson Assembly 

pCAW_frag1_R 

CTCGTGCCTAACGGAAGGTAGATTTTACGGC 

Linearizing the 
pCAW-Sort-Seq 
fragment1 for 
Gibson Assembly 

pCAW_frag2_F 

TAAGATTGCCACGGAAGGTAGATTTTACGGC 

Linearizing the 
pCAW-Sort-Seq 
fragment2 for 
Gibson Assembly 

pCAW_frag2_R 

AGGCCTGACTACGGAAGGTAGATTTTACGGC 

Linearizing the 
pCAW-Sort-Seq 
fragment2 for 
Gibson Assembly 

 81 
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Table S5 Primers for constructing libraries  83 

Name Sequence Function 
Ultramer_ds_F TTCTCAAAAGCTTCCTGC

AGTATTC 
Amplifying Ultramer® libraries 

Ultramer_ds_R CGGAAAGCACATCCGGTG
AC 

Amplifying Ultramer® libraries 

TFBS_R CCGTTTGTAGCATCACCTT
C 

Sequencing the TFBS region 

pCAW_Gibs_
Lib_F 

GTCTGATGAGTCCGTGAG
GACG 

Linearizing the pCAW-Sort-Seq 
plasmid 

pCAW_Gibs_
Lib_R 

GAGAAAAGAAAACCGCC
GATCCTG 

Linearizing the pCAW-Sort-Seq 
plasmid 

Ultramer_Gibs
_F 

GGTGGACAGGATCGGCGG
TTTTCTTTTCTCTTCTCAA
AAGCTTCCTGCAGTATTC 

Amplifying Ultramer® libraries for 
Gibson Assembly 

Ultramer_Gibs
_R 

GGCTGTTTCGTCCTCACG
GACTCATCAGACCGGAAA
GCACATCCGGTG 

Amplifying Ultramer® libraries for 
Gibson Assembly 

 84 
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Table S6. Primers with barcodes for demultiplexing sequencing bins: 86 

Name Sequence 
Bin_1_F AGTCTCGGCAACGGAAGGTAGATTTTACGGC 
Bin_2_F GATATAGCTCACGGAAGGTAGATTTTACGGC 
Bin_3_F CGTCCGACTTACGGAAGGTAGATTTTACGGC 
Bin_4_F CTCGTGCCTAACGGAAGGTAGATTTTACGGC 
Bin_5_F TAAGATTGCCACGGAAGGTAGATTTTACGGC 
Bin_6_F AGGCCTGACTACGGAAGGTAGATTTTACGGC 
Bin_7_F GTCAATCTTCACGGAAGGTAGATTTTACGGC 
Bin_8_F ATGACGGTAAACGGAAGGTAGATTTTACGGC 
Bin_9_F AGGCTCAAGGACGGAAGGTAGATTTTACGGC 
Bin_10_F GCTCAGTAATACGGAAGGTAGATTTTACGGC 
Bin_11_F ACGATGAAGTACGGAAGGTAGATTTTACGGC 
Bin_12_F GAGCAGATATACGGAAGGTAGATTTTACGGC 
Bin_13_F CGATAGCGAGACGGAAGGTAGATTTTACGGC 
Bin_R_1 TCCTCACGGACTCATCAGAC 

Barcodes are represented in bold letters 87 
 88 
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Supplementary figures: 91 

 92 

 93 

Supplementary Figure S1. The pCAW-SortSeq-TetR plasmid. The plasmid system pCAW-94 

SortSeq encodes a broad-host, low-copy number replication origin (pBBR1 replication origin 95 

– 5 to 10 copies) 3, an interchangeable regulatory region where the TFBS is located and placed 96 

between a constitutive promoter (BBa_J23110 4,5), a superfolder GFP (sfgfp) fluorescent 97 

reporter gene 6, as well as a tetr gene. The tetr gene is derived from the original Tn10 transposon 98 

7,8 under the control of a low-strength constitutive promoter (pLac promoter variant developed 99 

by 9 ).  100 

101 

J23100 insulator BBa_J23110 (medium)

Barcode_Region

spacer

RBS_B0034_Strong

L3S2P56_synterm

pCAW-SortSeq-TetR
4899 bp



 102 

Supplementary Figure S2. The repression measurement module of the pCAW-SortSeq-103 

TetR plasmid. This module encodes the promoter insulator J23100_Insulator upstream of the 104 

BBa_J23110 constitutive promoter from 10. Promoter insulators are transcriptional terminators 105 

that alleviate contextual effects of upstream sequences on promoter regions. Bold underlined 106 

letters represent -35 and -10 boxes. The constitutive promoter of this module is the 107 

BBa_J23110 promoter from the iGEM registry of parts 108 

(http://parts.igem.org/Part:BBa_J23110)4,5, which has medium promoter strength. We placed 109 

the tetO2 sequence11 at the +10 position relative to the sfgfp transcription start site, which is the 110 

optimal distance for synthetic repression 12. The transcriptional insulator RiboJ has been 111 

described in 13. It is a synthetic ribozyme that removes 5’UTR interferences with variable TFBS 112 

sequences in the mRNA by self-cleavage with high efficiency14. We obtained the strong 113 

synthetic RBS sequence from ref. 15, the reporter gene superfolder GFP (sfgfp) from ref. 6, and 114 

the strong synthetic transcriptional terminator (synterm) from ref. 16. 115 
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 118 

Supplementary Figure S3. Validating the pCAW-SortSeq-TetR plasmid with tetO2 119 

mutants. We validated the pCAW-SortSeq-TetR plasmid with tetO2 mutants by measuring 120 

the percentage of repression (vertical axis) for each of the five tetO2 variants (WT, M5, M4, 121 

M3, M6, horizontal axis). For calculating percentages of repression, we measured GFP 122 

fluorescence distributions for each variant in triplicate in a flow cytometer, divided the mean 123 

fluorescence (over triplicate measurements) of each variant by the mean of the WT tetO2, and 124 

multiplied by 100. Light blue bars represent the data from a previous study17 characterizing 125 

each of the five TetR TFBS variants. Dark blue bars correspond to measurements obtained in 126 

the present study. Error bars represent standard deviations among replicates. Source data are 127 

provided with this paper.  128 



129 

Supplementary Figure S4. Flow cytometry gating and fluorescence expression levels for 130 

controls and library. a. Gating of three representative cell populations. We measured the 131 

forward (FSC.H, vertical axis) and side scatter (SSC.H, horizontal axis) for 200,000 cells per 132 

sample. Inside each grid, we depict individual cells as circles. Heatmap colors represent 133 

population densities (see color legend). From left to right: cells harbouring a negative control 134 

plasmid (pCAW with promoterless GFP), a positive tetO2 control (pCAW with the wild-type 135 

tetO2 instead of the mutant library), and tetO2 variants (pCAW with variant library). All 136 

populations were grown in the absence of anhydrotetracycline.  The red box represents the 137 

region of each scatter plot where cell density was the highest, from which cells were sorted in 138 

subsequent experiments. Source data are provided with this paper. b. Fluorescence 139 

distributions of three cell populations transformed with different plasmids. Density plot 140 

with the fluorescence distribution for the same three samples described above (see color 141 



legend). The horizontal axis represents the range of values for GFP fluorescence as FITC-H 142 

(arbitrary units, note the log2 scale). The vertical axis represents the relative frequency of 143 

observations for each fluorescence value on the horizontal axis. Density smoothing was 144 

performed using a Gaussian kernel function to create a smooth density plot – ggplot2 145 

package18. Source data are provided with this paper. 146 
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 148 

Supplementary Figure S5. Distribution of fluorescence levels after sorting of cells 149 

expressing the library into fluorescence bins.  The distribution of fluorescence values for 150 

each bin is shown as individual density plots. The color gradient represents changes in GFP 151 

expression levels (as quantified in the FITC-H channel, arbitrary units) across the horizontal 152 

axis, with lighter green corresponding to low GFP expression (and thus higher repression) and 153 

darker green corresponding to higher GFP expression (and thus weaker repression). The 154 

vertical dashed line represents the autofluorescence threshold based on the obtained geometric 155 

mean calculated over the fluorescence distribution for the negative control population. We 156 

determined the distribution of values for each bin from a population of 200,000 cells. Source 157 

data are provided with this paper.  158 



 159 

Supplementary Figure S6.  Distribution of sequence reads per bins. Gradient bar colours 160 

depict GFP expression levels across bins. The total number of sequence reads in each bin is 161 

represented on the vertical axis on a logarithmic scale. Source data are provided with this paper. 162 
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 164 

Supplementary Figure S7. Number of genotypes obtained by choosing different 165 

sequencing depth (read count) cutoffs. The plot shows the number of unique sequences 166 

obtained when applying different sequencing depth (read count) cutoffs. The x-axis represents 167 

different read count thresholds in the interval (1, 500), indicating the minimum number of 168 

required reads across all bins to include a genotype in our analysis. The left y-axis shows the 169 

absolute number of unique sequences, while the right y-axis expresses this number as a 170 

percentage of the complete sequence space of 48 sequences. When the read count threshold 171 

equals one, the number of unique sequences is 48,937 genotypes, or approximately 75% of 172 

genotype space. The dashed line represents the threshold of 30 reads we used in our analysis, 173 

leading to 17,851 or 26% of genotype space. Source data are provided with this paper.174 



  175 

Supplementary Figure S8. Number of bins per genotype. The figure shows a histogram of 176 

the distribution of the number of bins (horizontal axis) into which each TFBS variant was 177 

sorted. The secondary vertical axis on the right shows the same information, but as a percentage 178 

of the total number of sequences (100% =17,851 sequences). 32% of sequences were sorted 179 

only into a single bin; 65% of sequences were sorted into 2 to 6 bins. Source data are provided 180 

with this paper. 181 

 182 

 183 
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 186 

 187 

Supplementary Figure S9. Correlation of read coverage among replicates of the tetO2 188 

mutant library. Note the logarithmic scale in all panels. Correlation plots are represented as 189 

scatter plots in the lower panels, the red line in each plot is the x=y line. The R in the upper 190 

figure panels represent the Pearson correlation coefficients calculated for each pair of 191 

replicates. Source data are provided with this paper. 192 

 193 

 194 
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 197 

Supplementary Figure S10. Genotypes per fluorescence bin and overlaps between them. 198 

a. Number of individual genotypes per bin. The vertical axis shows the number of unique 199 

genotypes per bin for each of the 13 fluorescence bins (horizontal axis) into which we sorted 200 

cells. Low fluorescence bins correspond to TFBS variants conferring strong repression, of 201 

which there are fewer, hence, there are also fewer unique genotypes in these bins.  Source data 202 

are provided with this paper. b. Heatmap of the fraction of genotypes shared between 203 

different bins. The data is represented as a symmetric matrix of pairwise fractional overlaps 204 

calculated using the Jaccard index coefficient 19,20 between all possible pairs of the13 bins. Each 205 

row and each column corresponds to a bin. Red values represent complete overlap between bin 206 

sequences and dark blue values represent the minimum overlap observed (40%). We ordered 207 

and clustered bins using an Euclidean distance with a complete-linkage clustering method. The 208 

Euclidean distance measures the similarity or dissimilarity between bins, and the complete-209 

linkage clustering merge clusters based on the distance between their farthest points. Note that 210 

overlaps do not consider read counts. For example, two bins might share 40% of their 211 

sequences but the read count between the same sequence in each bin might differ by orders of 212 

magnitude. Note also that the overlap is greatest for high fluorescence bins, which also contain 213 

the most genotypes (panel a). The higher genotype overlap between higher bins (Bins 8-13) 214 



can be explained by a higher number of cells sorted into these bins in comparison to lower bins. 215 

Source data are provided with this paper. 216 
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 218 

Supplementary Figure S11. Reproducibility of estimated repression levels. Figure 219 

Legend. Fluorescence-based sorting methods are inherently noisy, especially at the highest and 220 

lowest bounds of a fluorescence distribution. To assess how such variability could impact our 221 

estimate of repression strengths, we computed the correlation of repression strength derived 222 

from the fluorescence data between the three replicates we performed. Each point in each 223 

scatter plot represents a distinct genotype, plotted according to its repression strength in the 224 

two replicates indicated in the grey rectangles on the top and to the right of the plot matrix. The 225 

color gradient in the plots represents the density of genotypes (purple: low density; yellow: 226 

high density). The red line in each plot represents a linear model's fit to the data. Pearson 227 

correlation coefficients for the replicates are high (R=0.84 to 0.92, upper triangle of the plot 228 

matrix) and demonstrate high reproducibility of our estimates, although somewhat lower than 229 

for read counts (Supplementary Figure S9). Source data are provided with this paper. 230 

 231 
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 234 

 235 

Fig. S12. Validation of regulation strength differences in the lowest fluorescence bins 236 

(strongest repression). a. Increase in repression strength expressed as a percentage 237 

relative to the wild-type, for 45 sequences with the highest repression strength, measured 238 

using a plate reader. The selected sequences repressed gene expression substantially more 239 

strongly than the WT, with a mean relative repression strength increase of 14.6% ± 3.2%. b. 240 

Histogram of the relative change in repression for the 45 selected sequences. The vertical 241 

dashed blue line indicates the mean repression strength increase relative to the wild-type of 242 

14.6%. This difference is significantly greater than zero (Welch one-sample t-test, t = -55.737, 243 

df = 44, p-value < 2.2 x 10-16). Source data are provided with this paper. 244 
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Supplementary Figure S13. DNA Sequence logo obtained by a previous study. Using 247 

the MITOMI21 in vitro technique, the 2011 iGEM team of the École polytechnique fédérale de 248 

Lausanne (EPFL) studied the DNA binding landscape of the wild-type TetR sequence. To do 249 

so, they designed and generated a library of double-stranded DNA sequences that covered all 250 

possible single base substitutions within the tetO2 binding site sequence. Based on that library, 251 

the team measured the dissociation constants of each variant relative to the average constant of 252 

all the tetO2-like variants of the library. Then, they determined the specificity of TetR for the 253 

binding site variant sequences, expressed as a position-weight matrix (PWM). The figure 254 

shows the corresponding DNA sequence logo. Original figure available at 255 

https://2011.igem.org/Team:EPF-Lausanne/Our_Project/TetR_mutants/MITOMI_data). 256 
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 258 

Supplementary Figure S14. Quantitative analysis of TetR landscape sparsity. a. 259 

Distribution of relative connectivity among genotypes. Violin plots augmented with 260 

embedded boxplots illustrate the distribution of relative connectivity, i.e., the ratio of the 261 

empirically observed number of adjacent genotypes to the theoretical maximum number of 262 

24(=8×3) within a fully connected network. Genotypes are stratified into the three categories: 263 

"other” (non-peak genotypes), "peaks" (excluding high peaks), and "high peaks". Mean relative 264 



connectivities and standard deviations are shown above each categorical division, revealing 265 

lower relative connectivity in peaks relative to non-peak genotypes (Two-sample Welch’s t-266 

test, p-value = 4.6 x 10-177, N1= 15,671; N2 = 2,092). High peaks exhibit superior connectivity 267 

relative to other peak genotypes (Two-sample Welch’s t-test, p-value = 3.1 x 10-144, N1 = 2,092; 268 

N2 = 58). High peaks exhibit comparable or superior connectivity relative to non-peak 269 

genotypes (Two-sample Welch’s t-test, p-value = 1, N1 = 15,671; N2 = 58). Source data are 270 

provided with this paper. b. Weak association between connectivity and repression 271 

strength. Scatterplot of relative connectivity against repression strength. The density of 272 

genotypes (circles) in the scatterplot area is represented by a color gradient from purple (low 273 

density) to yellow (high density). The weak association (Pearson correlation, R = -0.13; t = -274 

23.888; degrees of freedom (df) = 31,973; p-value < 2.2e-16) indicates that strongly regulating 275 

genotypes are not necessarily densely connected. Marginal histograms adjacent to the 276 

scatterplot quantify the distributions of repression strength and relative connectivity. Source 277 

data are provided with this paper. c. Visualization of TetR landscape based on repression 278 

strength. Visual overview of the TetR landscape with genotypes color-coded according to 279 

repression strength (low strength: purple; medium: green; high: yellow; grey: genotypes with 280 

missing data). To enhance clarity, edges between genotypes are not shown. The landscape is 281 

projected onto a 2D space through a force-directed algorithm22, with axes representing arbitrary 282 

units. Source data are provided with this paper. d. Spatial distribution of repression 283 

strengths. Each panel shows a density contour plot of the distribution of repression strength 284 

scores of genotypes within one of four repression strength categories (No data [genotypes with 285 

missing data], low, medium, high). It indicates the density of genotypes within each of the four 286 

categories through a color gradient from blue (low density) to yellow (high density). Source 287 

data are provided with this paper. e. Visualization of TetR landscape based on relative 288 

connectivity. Analogous to panel c, but for relative connectivity. Color-codes indicate relative 289 



connectivity (see color legend). Source data are provided with this paper. f. Spatial 290 

distribution of relative connectivity. Like panel d, but for four categories of relative 291 

connectivity (no data, low, medium, high).  Source data are provided with this paper.  292 



 293 

 294 

   295 

Supplementary Figure S15. The contribution of individual tetO2 nucleotides in principal 296 

component analysis. A PCA (Principal Component Analysis) contribution plot is a way to 297 

visualize the relative importance of different variables to the variation observed in the data. In 298 

this plot, the contribution of each variable is expressed as the square of the cosine of the angle 299 

(cos2) between the variable's vector (column representing the presence/absence of a base letter 300 

at each position in the sequence) and each principal component axis. This quantity is 301 

represented as an arrow that indicates the correlation of the variable with PC1 and PC2, the 302 

two principal components that capture the largest amount of variation in the data. Both length 303 

and color of the arrow represent the contribution of the variable to the variation observed in the 304 

data. A high cos2 value (red) indicates that the variable is strongly correlated with the principal 305 



component, and therefore makes a large contribution to the variation observed in the data. A 306 

low cos2 value (blue) indicates that the variable is weakly correlated with the principal 307 

component, and therefore makes a small contribution to the variation observed in the data. The 308 

arrow size represents the importance of the variable's contribution relative to other variables in 309 

the plot. Each nucleotide is represented as a base letter (A, T, C, G) followed by a number that 310 

indicates the position of that base in the binding site sequence (e.g., G12 stands for a guanine 311 

at position 12 of the binding site). Source data are provided with this paper. 312 
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 314 

Fig. S16. Principal component analysis (PCA) of peak and non-peak genotypes. a. The 315 

proportion of variation explained by each principal component. Given the combinatorial 316 

complexity and high dimensionality of our genotype space, each principal component accounts 317 

for only a small fraction of the genetic variation. Source data are provided with this paper. b-318 

k. PCA plots for all pairs of the first five principal components. We performed PCA after 319 

one-hot encoding all genotypes in the landscape. Each circle represents one of the 17,851 320 

variants in the landscape, with colors indicating the class assigned to each genotype: non-peak 321 

variants are shown in grey, low peaks in blue, and high peaks in red. Source data are provided 322 

with this paper. 323 
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 325 

Supplementary Figure S17. The distribution of basin sizes among peaks. Peaks are ranked 326 

along the horizontal axis according to the size of their basins of attraction (vertical axis). The 327 

secondary vertical axis on the right represents basin size as a percentage of variants (100% 328 

=17,765 variants). Heatmap colors represent the number of peaks at each position of the ranked 329 

scatterplot (see color legend). The marginal histogram on the right shows the distribution of 330 

basin sizes. Source data are provided with this paper. 331 
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 333 

Supplementary Figure S18. Adaptive walks in which each mutational step is chosen with 334 

uniform probability among all repression-increasing steps. Data displayed here are based 335 

on 1,000 adaptive walks starting from each non-peak genotypic variant (N= 15.671). a. 336 

Adaptive walks leading to high repression peaks are predominantly short. The vertical 337 

axis presents the number of mutational steps in adaptive walks that initiate from a random 338 



variant and converge at a high repression peak. The horizontal axis reflects the shortest genetic 339 

distances between the starting variant and the attained peak. The blue line (y=x) signifies the 340 

most direct distance to a high repression peak, equated by the genetic distance. Violin plots 341 

summarize the shape of distributions with a probability density function. A wider probability 342 

density function indicates that a value on the y-axis occurs more frequently, and a narrower 343 

density function indicates that a value occurs less frequently. Each box covers the range 344 

between the first and third quartiles (IQR). The horizontal line within the box represents the 345 

median value, and whiskers span 1.5 times the IQR. Values beyond the 1.5 IQR interval are 346 

shown. Adaptive walks were only marginally longer than shortest paths. Source data are 347 

provided with this paper. b. Accessible paths to high repression peaks tend to be short. The 348 

blue histogram shows the distribution of the genetic distances for all pairs of variants and their 349 

respective attainable high peaks. The green histogram shows the distribution of the number of 350 

mutational steps for the shortest accessible paths between variants and their respective 351 

attainable peaks. Source data are provided with this paper. c. Most accessible paths to any 352 

(high or low) repression peak are short. The blue histogram shows the distribution of the 353 

genetic distances for all pairs of variants and their respective attainable peaks. The green 354 

histogram shows the distribution of the number of mutational steps for the shortest accessible 355 

paths between variants and their respective attainable peaks (high or low).  Source data are 356 

provided with this paper. d. Some peaks are attained more frequently than others. We 357 

ranked all peaks along the horizontal axis according to the number of times they are reached 358 

across all adaptive walk simulations (N= 15.671 × 103, vertical axis, note the logarithmic scale). 359 

The marginal density histogram on the right shows the distribution of the number of times each 360 

peak was reached from an individual variant. Heatmap colors represent the number of peaks at 361 

each position of the ranked scatterplot (see color legend). Source data are provided with this 362 

paper. e. High peaks tend to be attained more often. The scatter plot shows the repression 363 



level conveyed by a peak variant (horizontal axis) and the number of times a peak with this 364 

repression level was reached across all adaptive walks (N= 15.671 × 103, vertical axis, note the 365 

logarithmic scale). The dashed vertical line represents the repression level for the wild-type 366 

sequence. The red curve represents a semi-logarithmic linear regression line for the data, and 367 

the grey shade around it represents its 95% percent confidence interval. R is the linear Pearson 368 

correlation coefficient, and R2 is the goodness of fit of the logarithmic linear regression model 369 

(N= 15.671). Heatmap colors represent the number of peaks at each position of the ranked 370 

scatterplot (see color legend). Source data are provided with this paper. 371 
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 373 

Supplementary Figure S19. Adaptive walks using the Kimura model with different 374 

population sizes. Data displayed here are based on 106 adaptive walks starting from 103  375 

random variants (103 random walks per variant) for small (N=102), medium (N=105) and large 376 

(N=108) population sizes. a. Distribution of repression levels of attained peaks for each 377 

population size. Violin plots summarize the shape of distributions for each population size 378 

(horizontal axis). Each box covers the range between the first and third quartiles (IQR). The 379 

horizontal line within the box represents the median value, and whiskers span 1.5 times the 380 

IQR. The white circle inside each boxplot represents the mean of each distribution, which is 381 

0.72±0.34, 0.64±0.25 and 0.63±0.25 (mean ±s.d.) for small, medium, and large population 382 

sizes, respectively. The median repression level of attained peaks for small populations (102) 383 

is significantly higher than that for medium and large populations (two-sided Mann–Whitney 384 



U = 425,000,000, n1 = 106, n2 = 106 , p = 2.13 × 10-15). Source data are provided with this 385 

paper. b-d. Small population sizes attain higher peaks. Each panel shows the cumulative 386 

distribution of repression values reached by 106 adaptive walks starting from 1,000 random 387 

variants (1,000 walks per variant) in the landscape (Methods). The population size of each 388 

panel is represented by the N letter on the upper left of each plot. The dashed vertical line x=1 389 

shows the repression value of the wild type. The area highlighted in red corresponds to the 390 

percentages of adaptive walks that reached peaks with repression 1 or greater; 25%, 20% and 391 

20% of adaptive walks for small, medium, and large population sizes, respectively. Source data 392 

are provided with this paper. 393 

 394 



 395 

Supplementary Figure S20. Greedy adaptive walk simulations. We performed one greedy 396 

adaptive walk starting from each of N= 15,671 non-peak genotypes (Methods). Each such 397 

walk is deterministic. a. Adaptive walks leading to high repression peaks are 398 

predominantly short. The vertical axis presents the number of mutational steps in adaptive 399 



walks that initiate from a random variant and converge at a high repression peak. The horizontal 400 

axis reflects the shortest genetic distances between the starting variant and the attained peak. 401 

The blue line (y=x) signifies the most direct distance to a high repression peak, equated by the 402 

genetic distance. Violin plots summarize the shape of distributions with a probability density 403 

function. A wider probability density function indicates that a value on the y-axis occurs more 404 

frequently, and a narrower density function indicates that a value occurs less frequently. Each 405 

box covers the range between the first and third quartiles (IQR). The horizontal line within the 406 

box represents the median value, and whiskers span 1.5 times the IQR.  Values beyond the 1.5 407 

IQR interval are shown. Adaptive walks were only marginally longer than shortest paths. 408 

Source data are provided with this paper. b. Accessible paths to high repression peaks tend 409 

to be short. The blue histogram shows the distribution of the genetic distances for all pairs of 410 

variants and their respective attainable peaks. The green histogram shows the distribution of 411 

the number of mutational steps for the shortest accessible paths between variants and their 412 

respective attainable peaks. Source data are provided with this paper. c. Most accessible paths 413 

to any (high or low) repression peak are short. The blue histogram shows the distribution of 414 

the genetic distances for all pairs of variants and their respective attainable peaks. The green 415 

histogram shows the distribution of the number of mutational steps for the shortest accessible 416 

paths between variants and their respective attainable peaks (high or low). Source data are 417 

provided with this paper. d. Some peaks are attained more frequently than others. We 418 

ranked all peaks along the horizontal axis according to the number of times they are reached 419 

across all adaptive walk simulations (N= 15.671, vertical axis, note the logarithmic scale). The 420 

marginal density histogram on the right shows the distribution of the number of times each 421 

peak was reached from an individual variant. Heatmap colors represent the number of peaks at 422 

each position of the ranked scatterplot (see color legend). Source data are provided with this 423 

paper. e. High peaks tend to be reached more often. The scatter plot shows the repression 424 



level conveyed by a peak variant (horizontal axis) and the number of times a peak with this 425 

repression level was reached across all adaptive walks (N= 15.671, vertical axis, note the 426 

logarithmic scale). The dashed vertical line represents the repression level for the wild-type 427 

sequence. The red curve represents a semi-logarithmic linear regression line for the data, and 428 

the grey shade around it represents its 95% percent confidence interval. R is the linear Pearson 429 

correlation coefficient, and R2 is the goodness of fit of the logarithmic linear regression model 430 

(N= 15.671). Heatmap colors represent the number of peaks at each position of the ranked 431 

scatterplot (see color legend). Source data are provided with this paper. f. High repression 432 

peaks are attainable through adaptive evolution. The panel shows the cumulative 433 

distribution of repression values reached by 103 adaptive walks starting from each non-peak 434 

variant in the landscape (Methods). The dashed vertical line at x=1 shows the repression value 435 

of the wild type. Only 20% of adaptive walks reached a repression value of 1 or higher. Source 436 

data are provided with this paper. 437 
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 450 

451 

Supplementary Figure S21. The effect of experimental measurement noise on landscape 452 

features. In each panel, the horizontal axis shows varying simulated levels of experimental 453 

noise in measuring repression strengths that we used to determine how various landscape 454 

features (vertical axes) depend on such noise. Specifically, τnull reflects the assumption that all 455 

measurements are noise-free. Other noise values (τ to τ1.5), legend on right-hand side) depend 456 

on τ, the standard deviation of a genotype’s measured repression strengths across the three 457 

replicate experiments we performed (Methods). In the plots, the symbol τ corresponds to the 458 

actual experimental noise estimated from the data. Increasing experimental noise a) reduces 459 

the number of peaks, b) increases the accessibility of high peaks, c) increases the number of 460 

plateaus (cluster of connected neighboring peaks, Methods) and d) increases mean peak 461 

breadth. Peak breadth reflects the number of peaks composing a plateau and the mean peak 462 

breadth, the average number of peaks in each plateau. Error bars depict the diversity in the 463 

number of peaks composing individual plateaus. Source data are provided with this paper.  464 



465 

Supplementary Figure S22. The effect of experimental measurement noise on the 466 

accessibility of high peaks. The bar plot shows the percentage of adaptive walks (vertical axis, 467 

out of 106 walks, 103 adaptive walks from the same 103 starting genotypes at each noise value) 468 

reaching high peaks on landscapes generated with different noise levels (horizontal axis, 469 

Supplementary Materials 11). Specifically, τnull corresponds to the assumption that all 470 

measurements are noise-free. Other noise values (τ to τ1.5), legend on right-hand side) depend 471 

on τ, the standard deviation of a genotype’s measured repression strengths across the three 472 

replicate experiments we performed (Methods). As noise increases, the landscape becomes 473 

smoother (Supplementary Figure S21) and the percentage of adaptive walks reaching high 474 

peaks increases. Source data are provided with this paper. 475 

 476 



 477 

Supplementary Figure S23. Experimental measurement noise has little impact on 478 

genotype visitation during adaptive walks. The figure presents a pairwise comparison of the 479 

log-transformed number of visits to each genotype in Kimura adaptive random walks starting 480 

from 1,000 different genotypes, with 1,000 walks per starting genotype, across distinct 481 

experimental noise levels (τnull=0, τ=τ, τ1=1.1τ, τ1.2= 0.25τ, τ1.5=1.5τ). Each circle represents 482 

the visitation frequency of a distinct genotype in all 106 adaptive walks, i.e., the number of 483 

times each genotype is visited during these walks. Each plot compares the visitation frequency 484 

in the absence of experimental noise (x-axis) with the visitation frequency at various noise 485 

levels (y-axis, noise level on the top of each panel in grey). The density of genotypes within 486 

each plot is indicated by colors (low: purple, high: yellow). The red line in each plot depicts a 487 

linear model's fit to the data, illustrating the association between the frequency of visitation of 488 

genotypes across distinct noise values. Spearman correlation coefficients (R) are indicated at 489 



the top of each graph, along with the corresponding p-value for testing the null hypothesis that 490 

R=0. Source data are provided with this paper.  491 



 492 

Supplementary Figure S24. Epistatic interactions can influence adaptation and, hence, 493 

the ruggedness of adaptive landscapes. a. Overview of epistatic interactions. A ‘wild-type’ 494 

sequence (ab) can change to a double mutant (AB) via the single mutations Ab or aB. The 495 

upper left panel shows a mutational path without epistasis, where the repression value of the 496 

double mutant is the sum of the repression contributions of both single mutants (additive 497 

interaction). Magnitude epistasis changes the magnitude, but not the sign of a resulting 498 

repression value. In the example, the repression value associated with the AB genotype is 499 

higher than the sum of the repression values for Ab and aB (second panel). Sign epistasis occurs 500 

when one single mutant (Ab) has a lower repression value than both the ‘wild type’ and the 501 

double mutant, while the other single mutant (aB) shows intermediate repression (third panel). 502 

In reciprocal sign epistasis, both single mutations decrease repression individually, but increase 503 

repression jointly (in the double mutant). Note that the relationship between fitness and 504 

repression is dependent on the studied system. In the case of TetR, we have assumed that fitness 505 

and repression are positively associated, based on previous studies exploring such 506 

relationship23–26 Figure adapted from27. b. Prevalence of three types of epistasis in the 507 



landscape. The bar plot shows the prevalence of the three major types of epistatic interactions 508 

(panel a) in our data (N=83,100 double mutant pairs). The category called "no sign epistasis" 509 

comprises both magnitude epistasis and additivity (no epistasis), without any differentiation 510 

between them, as neither of them have an impact on peak accessibility 28,29. Source data are 511 

provided with this paper. 512 
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