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Microbes express an incredible range of lifestyles, from the 
myriad of planktonic life forms floating in the oceans 
to the sessile biofilms sticking to our teeth1–5. In many 

cases, cells adjust their lifestyle in response to specific environmen-
tal conditions4,6,7. They can ‘choose’ to swim, to form colonies or 
to become dormant depending on these conditions8. When stud-
ied in the context of a life cycle, these flexible lifestyles are often 
referred to as life stages through which cells transition in time3,9–11. 
Over recent decades, lifestyle transitions have been characterized in 
great detail by deciphering the gene regulatory networks underlying 
cellular decision making12–15. Most of these studies focus on the role 
of a few specific regulators underlying one of the lifestyle transi-
tions, in part because it is challenging to monitor the hundreds of 
genes underlying life cycle progression across the entire life cycle of 
a microbe. Here, we overcome this challenge in Bacillus subtilis by 
employing a machine learning approach to reconstruct the expres-
sion changes along its complete life cycle. We subsequently use this 
reconstruction to study both the organization and evolution of life 
cycles across the phylogenetic order of the Bacillales.

Bacillus subtilis can adopt a variety of lifestyles (Fig. 1). First, 
its cells can swim either individually or through swarming motil-
ity as part of a group16,17. Second, cells can form sessile colonies, 
which are typically called biofilms18–20. These colonies can, for 
example, arise on plant roots, where cells consume root exudates 
to produce the extracellular polysaccharides that hold the colony 
together21. Third and finally, cells can enter dormancy by trig-
gering the endosporulation process12. During sporulation, cells 
undergo asymmetric cell division in which the smaller (daugh-
ter) cell is engulfed by the larger (mother) cell and develops into a 
spore. Spores are released into the environment following lysis of 
the mother cell. They can resist extreme environmental stresses22 
while being spring-loaded with life23, ready to germinate whenever 
conditions improve.

We start our analysis by synthesizing data from previous stud-
ies on the global transcription network of B. subtilis, with a par-
ticular focus on the global regulatory modules underlying lifestyle 
transitions. Then, we reconstruct the life cycle of B. subtilis using 
auto-associative artificial neural networks based on hundreds of 
previously acquired gene expression profiles. This analysis provides 
a detailed timeline of the expression of genes across the B. subtilis 
life cycle. We use this timeline to examine the evolution of Bacillales 
life cycles, through both comparative genomics and experimental 
evolution of Bacillales strains and species. Our results demonstrate 
the key importance of the life cycle in linking regulatory modularity 
to mosaic evolution.

Results
The global transcription network has a simple organization, 
shaped by a few global regulators and complementary regulatory 
modules. Before examining how different lifestyles are embedded 
in the life cycle of B. subtilis, we first briefly examine their regula-
tory underpinnings by reviewing the global transcription network 
of B. subtilis12,18,24–34; specifically, we compare four reconstruc-
tions of its transcription network. These reconstructions were 
made as part of three independent studies28,34,35, in an attempt to 
match the real transcription network of B. subtilis as closely as pos-
sible (Supplementary Text 1). Even though the studies differed in 
respect to both the timing and methodology by which the network 
was reconstructed, their reconstructions share many similarities 
(Supplementary Fig. 1). First, the majority of regulatory interac-
tions are controlled by a small number of transcriptional regula-
tors32. Depending on the specific reconstruction, between seven and 
17 regulators control most regulatory interactions inside the cell. 
We refer to these regulators as ‘global regulators’. Second, consistent 
with findings in Escherichia coli and Saccharomyces cerevisiae36–39, 
there are many regulatory interactions among the global regulators 
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whereas regulatory interactions in general are sparse. Hence, global 
regulators do not act independently but act together in affecting 
the global expression state of a cell. Third, global regulators consist 
of both transcription factors and sigma factors, of which the lat-
ter account for most interactions40–42. Sigma factors are part of the 
RNA polymerase holo-enzyme and are essential for the initiation of 
transcription in bacteria43.

Given that global regulators control the expression of most genes, 
the question emerges of whether they control complementary or 
overlapping sets of genes. To address this question, we compare the 
regulons of the top 15 global regulators—that is, the regulators that 
regulate the most genes—in a pairwise fashion. We detail our obser-
vations for the most recent reconstruction of the global transcrip-
tion network35, but obtain similar results for other reconstructions 
(Supplementary Fig. 2). The circles in Fig. 2 show the expected and 
observed overlap between regulons for each pairwise combination 
of regulators. The expectation is based on the null hypothesis that 
global regulators affect a random set of genes of the same size as 
the observed regulon, while ignoring regulatory structures such as 
operons (see Methods). When the overlap between two regulons is 
higher than expected, a circle is coloured red and when it is lower, 
a circle is coloured blue. Figure 2 reveals a strikingly simple global 
organization, in which most regulons show little to no overlap (that 
is, most circles are blue) but where five modules of regulons overlap 
strongly (see black squares). These modules correspond to distinct 
sets of previously identified cellular functions32,35, including the 
stress response, metabolism and—especially relevant here—the dif-
ferent lifestyles of B. subtilis, with many global regulators regulating 
sporulation. In sum, the global expression state of a cell depends on 
a small number of global regulators, which regulate each other and 
a small number of downstream functional programmes.

The timeline of the B. subtilis life cycle can be reconstructed 
from expression data. To study how the lifestyles of B. subtilis are 
embedded in its overall life cycle, we investigate how regulators and 
their downstream targets are expressed over time. Experimental 
studies broadly use two different approaches to acquire such data. 
The first employs fluorescent reporters to monitor the expression 
of genes by time-lapse microscopy14,15,44,45. This approach allows 
for data acquisition at high temporal resolution, but is limited by 
the number of genes and environments that can be monitored. 
The second acquires transcriptomic data, which yield information 
about hundreds of genes simultaneously but usually for a limited  
number of time points46–48. Inspired by ‘pseudo-time’ reconstruction  

in developmental biology49–54, we developed a third approach: we 
use machine learning to reconstruct the expression changes under-
lying life cycle progression from many previously acquired gene 
expression profiles.

The rationale behind life cycle reconstruction is that global 
expression changes occur gradually in time, and can therefore be 
reconstructed by sorting gene expression profiles according to 
their similarity along a single dimension, even though such pro-
files may have been acquired from very different environments 
(see Methods). To achieve this reconstruction, we use the largest 
transcriptomic analysis that is currently available for B. subtilis. 
This used tiling micro-arrays with a resolution of 22 base pairs to 
examine the expression of B. subtilis 168 under 104 different envi-
ronmental conditions42. These environments are highly diverse: 
they include minimal and rich media, low and high temperatures, 
liquid and solid media, harsh and benign conditions and germina-
tion and sporulation conditions. Of the 269 gene expression profiles 
in this study42, we used those 252 derived from the same genetic 
variant (see Methods). For our analysis, we specifically focus on 
‘lifestyle’ genes, which we define as genes in the core regulatory 
cascades underlying lifestyle transitions, including their associated 
regulatory targets. For our purpose, it is not important to identify 
all such genes. Instead, we focus on genes that (1) have repeatedly 
been associated with lifestyle biology in B. subtilis, (2) are exten-
sively studied in the literature8,18,19,22,31,35,55–57 and (3) are part of the 
global transcription network discussed above. Supplementary Fig. 3  
gives an overview of the genes included in our analysis and of the 
regulatory interactions among them. Importantly, our results do not 
rely on the specific selection of genes, because the same qualitative 
results are obtained for alternative random selections of lifestyle 
genes (see Methods and Supplementary Fig. 7).

To sort the expression profiles of the lifestyle genes along a single 
dimension, we use auto-associative artificial neural networks58–60. 
Such networks are central to a machine learning approach that maps 
a multi-dimensional dataset onto a single dimension (see Methods 
and Supplementary Text 2). In this approach, a neural network is 
trained such that the input—here, the gene expression profile of life-
style genes—matches the output as closely as possible. Importantly, 
the network employed in this approach harbours an information 
bottleneck in the form of a single node through which all infor-
mation must pass (Supplementary Fig. 5). This forces the network 
to reduce multi-dimensional gene expression profiles onto a single 
dimension, which effectively sorts such profiles according to their 
similarity in this dimension59,60 (see Methods). Figure 3a shows the 
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Fig. 1 | lifestyles of B. subtilis. Examples of different lifestyle of B. subtilis. a, Motile lifestyle (flagella not visible). b, Colony-forming lifestyle, in which cells 
secrete extracellular polysaccharides and amyloid fibres that result in bundle formation20. c, Dormant lifestyle, in which cells form phase-bright spores. 
Some of these spores are germinating, shown by the transition from a phase-bright to a phase-dark spore.
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results of training a single neural network on our expression data-
set. Each blue data point corresponds to one of the 252 expression 
profiles. The straight red-lined segments indicate how these pro-
files are mapped onto the single dimension (curved red line). Most 
expression profiles align closely to this single dimension: when 
training 100 independent neural networks (Fig. 3b), only ten of the 
252 expression profiles cannot robustly be mapped onto the single 
dimension (Supplementary Fig. 6). We excluded these ten ambigu-
ous profiles, corresponding to three environmental conditions, in 
subsequent analyses (see Methods).

In principle, the single dimension that is the outcome of this 
dimensionality reduction method could correspond to any envi-
ronmental variable. Nevertheless, in line with our expectations, it 
turns out that this variable relates to time and captures the temporal 
expression changes along the life cycle of B. subtilis. First, expres-
sion profiles at one end of the single dimension are consistently 
associated with germination conditions, while those at the opposite 
end are associated with sporulation conditions (Fig. 3a). Second, 
for time series expression data shown in ref. 42, we observe a strong 
correlation between the experimental time at which an expression 
profile is acquired and the projection of the profile onto the single 
dimension (Supplementary Figs. 10 and 11). Thus, the dimension 
can best be interpreted as pseudo-time, a relative time along the life 

cycle of B. subtilis, from the moment of germination to sporulation. 
Our interpretation of pseudo-time corresponds to that in develop-
mental biology, where sorted expression profiles are often used to 
infer temporal expression changes in both cell differentiation and 
embryogenesis49–54. By the same token, the pseudo-time dimension 
gives us the unique opportunity to examine all expression changes 
over the life cycle of B. subtilis.

The life cycle of B. subtilis has a modular organization, guided 
by the serial expression of global regulators. Our observation that 
most regulatory interactions are controlled by only a few global reg-
ulators (Fig. 2) led us to the next hypothesis: the expression changes 
in pseudo-time result from the serial expression of global regulators 
and their downstream regulatory modules. To test this hypothesis, 
we first focus on effector genes underlying the distinct lifestyles. 
Effector genes bring forth the phenotypic properties of a cell and are 
not involved in regulation. In consequence, they have fewer pleio-
tropic effects than regulatory genes. We divide the lifestyle effec-
tor genes into three categories (Supplementary Table 3): (1) those 
underlying motility (for example, flagella formation, chemotaxis); 
(2) those underlying colony formation and associated starvation 
phenotypes, such as antimicrobial production, surfactin produc-
tion and competence; and (3) those underlying sporulation and 
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Fig. 2 | Global transcriptional regulation shows a modular organization. The overlap between regulons of each pairwise combination of 15 global 
regulators is illustrated by three circles: the outer circle represents the regulon of the global regulator shown on the left (for simplicity, all outer circles 
are of the same size even though they represent different regulon sizes); the inner circle represents the fraction of this regulon that is expected to be 
coregulated with the upper global regulator; and the grey circle shows the observed fraction that is coregulated. When the observed fraction (that is,  
the grey circle) is smaller/greater than the expected fraction (that is, the inner circle), the background of the outer circle is shown in blue/red.  
A hierarchical clustering algorithm to detect higher-level regulatory modules among the regulons of global regulators reveals five clearly distinct  
modules that are outlined by black squares. Functional categories of the global regulators are based on the functional annotation of the SubtiWiki 
database35,137 (Supplementary Text 1).
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subsequent germination, such as germinant receptors. Figure 4a 
shows that, in agreement with our expectations, the lifestyle effector 
genes are sequentially expressed in pseudo-time. First, cells express 
motility genes, then genes involved in colony formation and, finally, 
genes required for sporulation. Thus, our life cycle analysis, which is 
based on expression data alone, shows that the lifestyles of B. subtilis 
appear as clearly distinct and consecutive life stages.

We next examine the expression of upstream regulators during 
the B. subtilis life cycle. For this analysis, we consider all 40 reg-
ulators in the global transcription network that have 20 or more 
downstream regulatory targets, which includes the global regula-
tors shown in Fig. 2. Following stringent significance criteria (see 
Methods), we identify 25 regulators that show significant expres-
sion changes in pseudo-time (Supplementary Figs. 12 and 13).  
Figure 4b,c shows the expression peaks and ranges for each of 
these regulators. Just like the effectors, the regulators allow us to 
distinguish the distinct life stages of B. subtilis. In brief, the motile 
life stage is associated with the expression of sigD, swrAA and 
degU61; the colony-forming life stage with the expression of remA, 
comA, sigH, comK and spo0A; and the sporulation life stage with 
the expression of sigE, sigF, sigG, spoIID, sigK, gerE and spoVT. 
Supplementary Figs. 14–19 show the expression profiles at six 
pseudo-time points highlighted in Fig. 4b, and they underscore 
that distinct regulatory modules are expressed serially in pseudo-
time. The same life stages can also be identified in time series data 
of other Bacillales strains and species, although at much lower tem-
poral resolution (Supplementary Fig. 20).

The order in which regulators are expressed over pseudo-time 
corresponds closely to what is known from studies that focus on the 
expression of individual regulators. For example, the expression pat-
terns in Fig. 4b are consistent with the endosporulation programme 
(Supplementary Text 3): first, spo0A is expressed which leads to the 
expression of both sigF and sigE, which results in the expression of 
sigG and sigK. In addition, as observed in experimental studies47, 
repressors are expressed early in the life cycle of B. subtilis (for 
example, AbrB and PurR) during the prosperous conditions that 
trigger germination. Finally, Fig. 4b shows that regulators that con-
trol life stage transitions, such as DegU and Spo0A, are expressed 

at the intersection between life stages30,61–63. Both these regulators 
induce different life stages depending on the level at which they 
are expressed and phosphorylated. DegU induces motility when 
phosphorylated at low levels and colony formation at high levels30,61. 
Spo0A induces colony formation when phosphorylated at low levels 
and sporulation at high levels17,62,64,65.

Mosaic evolution of life cycles in the Bacillales. The modular 
organization of the B. subtilis life cycle, rooted in the serial expres-
sion of global regulators, raises the question: to what extent does 
life cycle modularity also affect evolution? To address this ques-
tion, we study life cycle divergence in the Bacillales, the phyloge-
netic order to which B. subtilis belongs66. Specifically, we compare 
each of 384 complete genome sequences that cover the phylogenetic 
breadth of the Bacillales (Supplementary Fig. 21 and Supplementary 
Text 4) to the reference genome of B. subtilis67,68. For each pairwise 
comparison, we determine the presence of orthologous genes using 
bi-directional best BLAST hits69–71 (Supplementary Text 4). To study 
the conservation of life stages, we focus on the life cycle regulators 
we identified in Fig. 4b, as well as on the downstream target genes 
they regulate. Specifically, we determine for each regulator how 
well the downstream regulon is conserved compared to the average 
conservation of genes across the entire genome. For our purpose, 
conservation is measured by the absence and presence of genes. 
We reason that weakly conserved regulons—with a high fraction 
of gene loss—may indicate the loss of a particular life stage whereas 
strongly conserved regulons—with a low fraction of gene loss—sug-
gest its conservation.

Figure 5a shows the phylogenetic tree of the Bacillales together 
with the conservation of regulons plotted across the life cycle 
timeline. Weakly conserved regulons are shown in dark orange 
and strongly conserved regulons in dark blue. The phylogenetic 
data reveal a striking mosaic pattern, in which blocks of regulons 
are conserved and lost in a discrete fashion across species. These 
mosaic blocks correspond to the distinct life stages. In particular, 
the motility and sporulation life stages show highly repeatable and 
parallel losses across taxonomic families. Consistent with previous 
phylogenetic studies66,69,72,73 (Supplementary Table 7), motility is 
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lost independently at least three times whereas sporulation is lost at  
least five times. In some species, only one of the life stages is lost 
(Fig. 5b; for example, Exiguobacterium sibiricum, Listeria mono-
cytogenes and Bacillus mycoides), whereas in others both are lost 
(for example, Staphylococcus aureus). Importantly, the observed 
life stage losses cannot be attributed to a lack of phylogenetic sig-
nal since the life cycles of species both closely and distantly related 
to B. subtilis show very similar conservation patterns. Also, when 
corrected for phylogenetic distance, life stage conservation remains 
modular (Supplementary Fig. 27)—that is, regulons expressed in 
the same life stage have similar conservation patterns.

We hypothesized that the mosaic conservation pattern directly 
reflects the modular organization of the life cycle, in which life 
stages are conserved or lost depending on their utility in a spe-
cies’ habitat74–78. For example, some of the taxonomic families that 
lost sporulation have a symbiotic lifestyle (Staphylococcaceae and 
Listeriaceae). Their ancestors presumably underwent a lifestyle 
switch from a free-living planktonic lifestyle, in which sporulation 
is essential for dispersal, to a symbiotic lifestyle. In association with 
the host, sporulation was probably useless and therefore lost66,79. 
Laboratory evolution experiments show that B. subtilis can lose its 
capacity to sporulate when grown under an excess of nutrients for 
thousands of generations80–83. Although such conditions are highly 
unlikely to occur in nature, these experiments illustrate that life 
stages could in principle be lost through the accumulation of neu-
tral mutations. Rather, we wanted to explore whether sporulation 
could also be lost under a selective regime that simply favours one 
of the other life stages, without the need to impose artificial labora-
tory conditions such as excessively long periods of nutrient excess.  
To this end, we designed an evolution experiment that favours  
colony growth, the life stage that is conserved among all Bacillales 
species, including those with a symbiotic lifestyle. We reasoned 
that, by selecting for colony growth, mutations that would promote 
growth by mitigating sporulation could readily fixate.

In total, we evolved eight Bacillales strains and species. These 
included B. subtilis and four of its close relatives (B. subtilis, B. subtilis  
spizizenni, Bacillus licheniformis and Bacillus amyloliquefaciens), as 
well as three more distantly related species (Bacillus megaterium, 
Bacillus cereus and Bacillus thurigiensis). For each strain or species, 
we grew cells on a nutrient-poor solid growth medium and, every 
week, transferred cells from the outermost colony edge to a fresh 
growth medium, thereby allowing the colony to evolve (Fig. 6a).  
In total, we transferred cells ten times, which resulted in 11 consecu-
tive growth cycles. Each growth cycle is equivalent to approximately 
20–25 generations. From analogous experiments in other species, 
we know that this is sufficient to observe a selective response84–86. 
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Fig. 5 | Mosaic conservation patterns in the phylogenetic order of the Bacillales. a, Phylogenetic tree of the Bacillales with conservation of life cycle  
regulons plotted in pseudo-time. Horizontal coloured bars to the right of each species indicate conservation of regulons corresponding to the regulators 
shown in Fig. 4b, relative to the average conservation of genes across the entire genome: dark orange, lower conservation of regulon than average 
conservation; dark blue, higher conservation of regulon than average conservation (white, average conservation). Some branches show the average 
conservation pattern for multiple, closely related strains (as indicated by the numbers in parentheses following species names). Sizes and colours of circles 
at phylogenetic branches show branch support: green dots indicate strongly supported branches whereas red dots indicate weakly supported branches 
(Supplementary Text 4). b, Example of life cycle divergence in six species (1–6), using the same colour scheme as in a but with the circular life cycle depiction 
from Fig. 4c. Numbers in parentheses next to each species name indicate the number of genomes analysed for that species. When the majority of genomes 
associated with a particular species lack an orthologous gene for a regulator, the name of that regulator is shown in grey in the corresponding life cycle.
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Fig. 6 | Rapid mosaic adaptation in experiment evolution with Bacillales strains and species. a, Example of colony growth in B. licheniformis on Petri dishes 
(pictured) during the evolution experiment. From left to right, colony growth in the 11 consecutive growth cycles. b, Flow cytometry results of cells obtained 
from B. licheniformis colony edge after 4 d of growth, plotted by forward scatter (FSC), height of fluorescent signal (FLpeak height) and width of fluorescent signal 
(FLpeak width). Flow cytometry events are gated in four groups, as shown by the 3D convex hulls (see Methods and Supplementary Fig. 28): (1) single cells, 
gated by low FSC, high FLpeak height and low FLpeak width; (2) filamentous cells, gated by low FSC, high FLpeak height and high FLpeak width; (3) sporulating cells, gated by 
high FSC, high FLpeak height and low FLpeak width; and (4) spores, gated by high FSC, low FLpeak height and low FLpeak width. Filaments are shown in separate sub-groups, 
from the shortest (blue) to the longest (green) filaments. Grey dots show debris and dead cells. c, Imaging cytometry pictures corresponding to the four 
cell states. Normalized fluorescence values show images with maximized contrast; white lines denote cell outlines. d, Tetrahedron showing evolutionary 
changes in cell state composition at colony edge. For simplicity, and because germinating spores were absent in most samples, spores and germinating 
spores are pooled. Ancestors are denoted by black dots and lines show change in cell state composition in evolved populations. Line colours denote the 
fraction of spores present in the evolved populations: red, 100%; green, 0%. e, Confocal scanning laser microscopy images showing loss of sporulation at 
the colony edge in the evolved B. licheniformis colonies: green, SYBR Green-stained DNA; red, MitoTracker Deep Red FM-stained cell membranes. Spores 
can be recognized by the presence of red membrane stain and absence of green DNA stain (Supplementary Fig. 33). f, Schematic overview of mutations in 
regulatory cascade that caused the loss of sporulation across species (see also Supplementary Fig. 3). Bs, B. subtilis; Bl, B. licheniformis; Bc, B. cereus.
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Our selective regime favours advanced colony spreading, which 
may result from increased cell division rates, decreased lag times 
and altered growth patterns, such as filamentous growth. Because 
we evolved four replicates of each strain or species, our experiment 
comprised a total of 32 evolving populations.

We examined the ancestral and evolved populations using flow 
cytometry, which enabled us to examine the phenotypes of mil-
lions of individual cells by distinguishing five distinct cell states (see 
Methods): (1) single cells; (2) filamentous cells; (3) sporulating cells; 
(4) spores; and (5) germinating spores. Figure 6b,c shows an example 
of flow cytometry results from the colony edge of B. licheniformis, in 
which only the first four cell states are present (see also Supplementary 
Figs. 28 and 29). We compared the cell state composition of the 
ancestral and evolved populations at both the colony centre and edge, 
using at least three biological replicates per colony. This resulted in a 
total of 286 flow cytometry samples. The tetrahedron in Fig. 6d shows 
the evolutionary changes in cell state composition at the colony edge. 
Two species, B. megaterium and B. amyloliquefaciens, showed no evo-
lutionary changes in either cell state composition or colony size. Of 
the remaining 24 evolved populations, 13 showed a significant reduc-
tion in sporulation whereas only one evolved a higher rate of sporula-
tion (Supplementary Figs. 30 and 31). In most cases the reduction in 
sporulation was associated with larger colonies, which suggests that 
the reduction was adaptive for colony growth.

Strikingly, even though our evolution experiment lasted for 
only 11 weeks, sporulation was completely lost in five popula-
tions (Supplementary Fig. 32): one population of B. licheniformis  
(Fig. 6a,e), two populations of B. subtilis and two populations  
B. cereus. These losses often occurred within the first few growth 
cycles and were sometimes associated with strong filamen-
tous growth, which is known to facilitate colony spreading20 
(Supplementary Fig. 33). To identify the genetic changes that 
underlie these remarkably rapid losses, we sequenced clones before 
and after the loss of sporulation for each of the five populations 
(see Methods). This revealed a striking genetic parallelism. In total, 
we identified seven mutations underlying the loss of sporulation 
(Supplementary Table 9). Six of these mutations affected the same 
global regulator, Spo0A, by preventing either its expression or acti-
vation (that is, by affecting the phosphorylation cascade; Fig. 6f). 
Spo0A plays a pivotal role in the life stage transition from colony 
growth to sporulation—without the activation of Spo0A, cells can-
not sporulate (Fig. 4b and Supplementary Text 3). Thus, the evolu-
tion experiment corroborates our findings at the phylogenetic level 
and shows that selection in favour of colony growth is sufficient  
to drive the loss of sporulation. Moreover, the observed genetic  
parallelism again stresses the key importance of the life cycle, and  
its modular organization, in shaping evolutionary change12,62.

Discussion
We conclude that a life cycle perspective is critical for our under-
standing of both transcriptional regulation and evolution. The life 
cycle of B. subtilis is organized in a modular fashion, where the 
alternating life stages come about through the serial expression 
of global regulators and their respective regulatory modules32,48. 
We were able to reproduce the expression changes underlying 
life cycle progression by sorting a large number of previously 
acquired expression profiles along a single dimension, using 
machine learning. The simplicity of our methods suggests that 
cells also process and encode global regulatory information along 
one or few dimensions87,88. Indeed, global regulators often func-
tion as intermediates in regulatory cascades. That is, their activity 
and expression rely on many upstream sensory proteins and they 
affect many downstream effector proteins. As such, global regula-
tors may reduce the dimensionality of the environment sensed by 
a cell onto a single dimension, which determines whether a down-
stream response is elicited87–89.

The modular organization of the life cycle probably results from 
the alternating environmental conditions to which Bacillales species 
are exposed in nature90–93. Our experiments show that selection in 
favour of one life stage could quickly result in the loss of another. 
This suggests that life stages can be conserved only when species 
frequently encounter conditions that favour their expression94–96. 
Because life stages are generally well conserved across the Bacillales, 
which occupy a diverse range of habitats97, they probably convey 
an advantage in many different environments. In other words, life 
stages do not express specialist phenotypes beneficial in a few envi-
ronments only, but general-purpose phenotypes that are useful 
across a wide range of ecological habitats98.

Our results also show that the modular organization of the life 
cycle has important implications for evolution. It provides com-
mon routes of adaptive change99–103, which lead to parallelism at 
widely different time scales, from the few weeks of our evolution 
experiment to the millions of years of Bacillales species’ diver-
gence66,69,73. We postulate that life stages might typically be lost 
in the following way: first, species acquire mutations that inacti-
vate a global regulator, thereby preventing the expression of a life 
stage. These mutations can fixate whenever a life stage becomes 
maladaptive, as in our evolution experiment. Second, through the 
accumulation of mutations, the regulatory modules that were ini-
tially controlled by the global regulator will gradually deteriorate, 
eventually resulting in mosaic conservation patterns as observed in 
our phylogenetic analysis80,81.

Our study was necessarily restricted to the stages present in the 
life cycle of B. subtilis for which we had sufficient expression data 
for life cycle reconstruction. This does not imply that these are the 
only life stages present among the Bacillales. There exist Bacillales 
species with much larger genomes than that of B. subtilis72,104. These 
species often have many more sigma factors as well, sometimes 
even twice as many as B. subtilis105,106 (Supplementary Fig. 34). Since 
sigma factors are known to play a key role in global transcriptional 
regulation40–42 (Fig. 2), it is plausible that these Bacillales species 
express life stages that are absent in B. subtilis. At this moment, we 
can only speculate about the nature of such life stages. They might 
be involved in alternative types of colony growth or perhaps even 
primitive forms of fruiting body formation, a common bacterial 
adaptation to facilitate spore dispersal5,107. Exploring such putative 
life stages is an exciting task for future work.

Methods
Widefield images of B. subtilis in Fig. 1. We acquired the images of  
B. subtilis NCBI 3610 in Fig. 1 from two different culturing conditions.  
We harvested motile cells from a liquid lysogeny broth culture (37 °C, 220 r.p.m.) 
using serial passaging at early exponential growth (OD600 = 0.004), which  
results in a population of solely motile cells (for details on the passaging see  
ref. 20). To acquire images of colony formation and sporulation, we grew cells 
on chemically defined agar medium at 37 °C, as described by in ref. 108, in which 
cells at the colony edge form filaments whereas starved cells in the colony centre 
sporulate. We used a Nikon Eclipse TE2000-U microscope equipped with a  
Nikon ×60/1.4 numerical aperture (NA) PlanApo oil objective to acquire phase 
contrast images.

Global transcription network of B. subtilis. We compared four independent 
reconstructions of the global transcription networks of B. subtilis: (1) the database 
of transcriptional regulation in B. subtilis (DBTBS) from ref. 28; (2) the SubtiWiki 
database of transcriptional regulation35; and the transcriptional regulation network 
of ref. 34, both before (3) and after (4) inferring new regulatory interactions. 
For more details on these reconstructions, see Supplementary Text 1 and 
Supplementary Table 1. For each pair of regulators, we compared the observed 
fraction of coregulated genes to the expected fraction of coregulated genes. We 
calculated the expected overlap between regulons by randomizing the identity (but 
not the number) of genes under their regulatory control. In other words, when 
two regulators have large regulons the expected fraction of coregulated genes will 
increase. We determined the grouping of regulators based on the overlap between 
their respective regulons (Fig. 2 and Supplementary Fig. 2) through complete-
linkage clustering of the ratio between the observed and expected overlap of 
regulons, using the stats library in R v.3.4.3.
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Life cycle reconstruction. Gene expression data and lifestyle genes. To reconstruct 
the timeline of the B. subtilis life cycle, we used the processed gene expression 
profiles provided in ref. 42. However, since those data were acquired from two 
different strains, we had to discard some gene expression profiles from our analysis. 
Supplementary Table 2 shows the list of profiles included in our analysis (see  
also Supplementary Table 1 in ref. 42). Furthermore, we specifically wanted to focus 
on the expression of genes that are important for lifestyle transitions in B. subtilis. 
To determine these lifestyle genes, we made use of three information sources:  
(1) reviews that have extensively discussed the gene regulatory network underlying 
lifestyle transitions in B. subtilis8,18,19,22,31,35,55–57; (2) the SubtiWiki database,  
which provides a complete functional annotation of B. subtilis genes35; and  
(3) reconstructions of the global transcription networks of B. subtilis, as described 
in Methods and Supplementary Text 1. In our analysis we included only genes that 
were consistently associated with lifestyle biology in all three information sources 
(see Supplementary Table 3 and Supplementary Figs. 3 and 4 for an overview of 
these genes). However, we note that our results are not dependent on our specific 
selection of lifestyle genes because we obtained qualitatively similar results for 
different selections of such genes (Supplementary Fig. 7).

Neural network analysis. Before applying non-linear dimensionality reduction58 
with auto-associative artificial neural networks59,60, we preprocessed the expression 
data by normalizing the expression of each gene between zero (minimum 
expression level that has been measured) and one (maximum expression level 
that has been measured). We then applied an orthogonal transformation to the 
data, in the form of a principal component analysis, and used the first 12 principal 
components (that is, linearly uncorrelated variables) to train the auto-associative 
artificial neural networks (applying a standard principal component analysis 
before training the artificial neural network strongly accelerates training). Each 
auto-associative artificial neural network has the same symmetrical topology 
consisting of five layers (Supplementary Fig. 5). The first two layers compress 
the gene expression data onto the central node in the third layer of the network, 
which represents the single dimension, while the subsequent two layers de-map 
the data from the central node into the output layer. The output layer represents 
gene expression levels as predicted by the trained network. We trained the neural 
network such that the input of the network (that is, observed gene expression 
levels) matches the output (that is, predicted gene expression levels) as closely as 
possible. To this end, we made use of the Nonlinear PCA toolbox in Matlab, as 
developed in refs. 59,60. We trained the networks with a weight decay coefficient of 
0.005 and a maximum of 1,000 iterative steps. At each iteration, gene expression 
profiles are first compressed onto the central node and subsequently expanded 
towards the output nodes. The network weights are then simultaneously updated 
using a backward propagation algorithm that minimizes the sum of squared 
errors between the network input and output59. Importantly, alternative weight 
decay coefficients and numbers of iterative steps yield qualitatively similar results 
(Supplementary Fig. 7). In total, we trained 100 artificial neural networks on the 
entire set of expression profiles. These profiles were sorted according to their 
average mapping on the resulting 100 single dimensions (Supplementary Fig. 6). 
Since the single dimension strongly correlates with time (Supplementary Figs. 10  
and 11), we refer to this dimension as pseudo-time. Ten expression profiles 
could not robustly be mapped to the pseudo-time dimension, given the large 
standard deviation (>0.4) in their mapping on the 100 independently produced 
single dimensions (see Supplementary Fig. 6); we excluded these profiles from 
further downstream analyses. These corresponded to the following environmental 
conditions (see also Supplementary Table 2): confluent colonies on lysogeny broth 
plates (BC_1; BC/t_1; BC/t_2; BC_2), high osmolarity stress (HiOs_1; HiOs_2; 
HiOs_3) and stationary stage cultures from M9 medium (M9stat_1; M9stat_2; 
M9stat_3). Finally, we also explored an alternative type of dimensionality reduction 
by training auto-associative artificial neural networks that produce circular 
dimensions, as shown in ref. 109. However, this alternative method did not yield 
robust results probably because there were insufficient data between the latest 
stages of sporulation and the earliest stages of germination.

The expression of effector genes and regulators in pseudo-time. We define effector 
genes as genes that are not involved in information transduction, but instead 
form the downstream target genes of the regulatory cascades underlying lifestyle 
transitions. As such, effector genes are responsible for expressing the phenotype 
of a cell (for example, flagella formation, chemotaxis, surfactin production, 
antimicrobial production, polysaccharide production, spore coat formation). 
We examined the expression of effector genes and regulators in pseudo-time. 
We focused specifically on effector genes underlying lifestyle transitions 
(Supplementary Fig. 4) and categorized these into three groups: (1) those 
underlying motility; (2) those underlying colony formation and related starvation 
phenotypes (for example, antimicrobial production, competence); and (3) those 
underlying sporulation. This categorization is based on the functional annotation 
of genes in the SubtiWiki database as well as of their upstream regulators 
(Supplementary Table 3). We normalized the expression levels of each gene 
between zero and one. Figure 4a gives equal weight to each gene by showing the 
average normalized expression of the genes assigned to a given lifestyle category 
over pseudo-time.

For our analysis of regulators, we focused on those present in the global 
transcription network of B. subtilis with 20 or more downstream regulatory  
targets, regardless of their function. For each of these regulators (n = 40), we 
normalized the expression level between zero and one and examined how this 
expression level changed over pseudo-time through a polynomial regression 
analysis. Specifically, we fitted first-, second- and third-order polynomial 
regressions through each regulator’s expression trajectory and determined the  
best fit, based on the Bayesian information criterion. We used only those 
25 regulators for which the polynomial regression met stringent significance 
criteria (R2 > 0.3, P < 10−5) for further downstream analyses. We determined the 
expression peak as well as the interval in pseudo-time at which each of these 
regulators reached the top 5% of their expression levels, as shown in Fig. 4b and 
Supplementary Figs. 12 and 13.

Comparative genomics and phylogenetic analysis. Supplementary Table 5 
shows the list of genomes included in our comparative genomic analysis of the 
order Bacillales (NCBI taxonomy identifier 1385). We included all available 
genomes of the highest assembly level (NCBI assembly level = Complete Genome), 
except for the genomes of S. aureus and L. monocytes, from which we randomly 
selected only ten genomes each because otherwise they would have been highly 
over-represented. In addition, we excluded genomes from our analysis for 
which important information, such as annotated protein-coding sequences, was 
lacking. We compared all genomes to the same reference genome of B. subtilis 168 
(AL009126 (refs. 67,68)). In line with previous studies69–71, we used bi-directional-
best BLAST hits as a proxy for gene orthology, with conservative cut-offs for 
protein BLAST hits (<1 × 10–10 and gene overlap (that is, qcovs) >70% (ref. 110); the 
percentage of identical amino acids is not reported).

To construct the phylogenetic tree of our Bacillales species, we used a 
predefined set of 87 marker genes as identified in refs. 111,112. Based on HMMER 
profiles (HMMER3.0 (refs. 113,114)), we identified these marker genes in each of our 
genomes (Supplementary Table 5). Since not all marker genes were universally 
present among our genomes, we reduced the list of marker genes using a few 
simple criteria, which are specified in Supplementary Text 4. For each marker gene, 
we aligned the sequences between genomes using MUSCLE v.3.8.31 (ref. 115). Then, 
we trimmed the alignments using gBLOCKS v.0.91b to eliminate poorly aligned 
regions and end gaps116. Finally, we concatenated the marker gene sequences so 
that, for each genome, we ended up with a single concatenated sequence. We used 
these sequences to construct a maximum likelihood tree with RAxML v.8.2.10  
(ref. 117), based on the LG plus gamma model of evolution (PROTGAMMALG in 
the RAxML model section) and 200 bootstrap replicates.

To test the robustness of our phylogenetic tree construction we also 
systematically explored alternative methods, which are discussed in detail 
in Supplementary Text 4. In short, we varied the selection of marker genes 
using strict, intermediate or lenient criteria. We tried three types of alignment 
algorithms, MAFFT v.7.299, MUSCLE v.3.8.31 and PRANK115,118–121. And we tried 
two different trimming algorithms, trimAl v.1.2 and gBLOCKS v.0.91b116,122,123. 
The topologies of the phylogenetic trees that we constructed with these alternative 
methods were largely consistent with the tree shown in Fig. 5a and Supplementary 
Fig. 21 (Supplementary Text 4).

For visualization of the phylogenetic tree we employed the ETE 3.0 
package124,125, collapsing all branches with a phylogenetic distance <0.01 in the 
visualization. We performed all bioinformatic analyses in python, using the 
Biopython library126, except for the phylogenetic principal component analysis 
(pPCA) shown in Supplementary Fig. 27, which we performed in R v.3.4.3 with the 
help of the libraries ape127 and phytools128. For pPCA we assumed the Brownian 
motion evolutionary model.

Evolution experiment. We examined the evolution of eight Bacillales strains and 
species (Supplementary Table 8) by growing them for 11 consecutive growth cycles 
on a chemically defined growth medium in which we selected for advanced colony 
spread. The medium was derived from ref. 108 but specifically adapted to our  
needs, as specified in Supplementary Table 10. For every growth cycle we prepared 
our growth plates freshly, by solidifying our growth medium with 3% agar  
(No. A0949-500, AppliChem) and pouring it at a fixed temperature of 85 °C. 
We used 20 ml of growth medium for each standard Petri dish (Ø = 94 mm; 
No. 633181, Greiner Bio-One). After pouring we left plates on the bench for 
60 min, sufficient for the medium to solidify, and then inverted them to prevent 
condensation droplets from falling onto the medium. We let the plates dry on  
the bench for approximately 20 h before inoculation of cells.

For each strain and species we prepared one starting population. We derived 
this starting population from an overnight culture, which was grown in 4 ml of 
our growth medium inoculated from a single clone. We archived the starting 
populations by mixing 500 µl of overnight culture with 500 µl 40% glycerol and 
freezing this in 2 ml CryoTubes (No. 72.380, Sarstedt) at −80 °C, having one 
starting population stock for each strain and species. We subsequently used the 
starting populations to initiate four independently evolving cell lines for each strain 
and species in the evolution experiment.

For the first growth cycle of the evolution experiment, we inoculated cells from 
the eight frozen starting populations on eight growth plates that we incubated 
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overnight at 37 °C. The next morning, we harvested cells from the plates with a 
10-µl inoculation loop (No. 86.1562.010, Sarstedt) and resuspended them in 500 μl 
PBS. We subsequently normalized the cell density of the eight cell suspensions to 
an optical density (λ = 600 nm) of 0.01 (OD600). From each of these normalized 
cell suspensions we inoculated four growth plates by pipetting 2 µl in the centre 
of the plate. This procedure ensures that the replicate populations of each strain 
and species are derived from the same clonal ancestral population. In total we 
inoculated 32 plates, four replicate cell lines for each strain and species. When the 
inoculation droplets had dried, we wrapped plates in parafilm and subsequently 
incubated them upside down for a week at 37 °C.

For the remaining ten growth cycles, we transferred cells every week using a 
standard procedure. With a 10-µl inoculation loop, we scraped cells either from 
the outermost colony edge or from an arbitrary edge if the colony was round. We 
resuspended these cells in 500 μl PBS buffer, normalized cell density to OD600 = 0.01 
and plated 2 μl (corresponding to approximately 104 cells) of cell suspension to start 
the next growth cycle. As in the first growth cycle, we waited until the inoculum 
droplets had dried then wrapped the plates in parafilm and incubated them at 
37 °C. We used part of the remaining cell suspensions (200–300 µl) to archive the 
32 cell lines by mixing them with 200 µl 40% glycerol in CryoTubes and storing 
these at −80 °C.

In principle the colony morphology alone is sufficient to discriminate between 
all strains and species, yet to completely exclude cross-contamination we also 
performed regular PCR checks on all 32 evolved cell lines (using GoTaq G2 Green 
Master Mix, No. M7822, Promega). We specifically amplified genes unique to each 
given strain or species (see Supplementary Table 11 for primer sets). In this way, we 
could discriminate between all strains and species, except for two strains that were 
too closely related. We checked each cell line about once per month and found no 
incidences of cross-contamination.

Phenotyping. Flow cytometry and imaging cytometry. For flow cytometry and 
imaging cytometry, we first grew colonies according to our standard growth 
cycle as described above. We harvested cells from either the colony edge (Fig. 6b 
and Supplementary Figs. 28, 29 and 31) or centre (Supplementary Figs. 29 and 
32) using a 10-µl inoculation loop, then resuspended them in 500 μl PBS. For 
flow cytometry, we diluted cell suspensions to OD600 = 0.001 and, for imaging 
cytometry, we diluted them to OD600 = 0.05. To each resulting OD-normalized cell 
culture of 500 µl we added 5 µl of 100× SYBR Green I staining solution, consisting 
of SYBR Green I stock solution (No. S7563, Invitrogen, Thermo Fisher Scientific) 
dissolved in 10 mM Tris (pH 8.0) buffer, as described in the protocol of Thermo 
Fisher Scientific. We subsequently vortexed and incubated the samples either for 
15 min at 37 °C on a heat block or for 20 min at 37 °C in an incubator. For flow 
cytometry, we used the BD Accuri C6 flow cytometer (Becton Dickinson, device 
used from Drinking Water Microbiology group at Eawag) to analyse 50 μl of each 
sample at the maximum flow rate of 66 μl min–1. Between all samples we flushed the 
cytometer with 150 μl of filter-sterilized water (0.1 μm pore size, No. SLVV033RS, 
Millex-VV, Merck Millipore) or 70% ethanol solution. For imaging flow cytometry, 
we used the Image Stream X Mark II imaging flow cytometer (Amdis, Merck 
Millipore) with an extended-depth of field camera (provided by Cytometry Facility, 
University of Zürich). We analysed image cytometry data using IDEAS Software 
(Merck Millipore) and the Image Processing Toolbox of Matlab 2016 (MathWorks).

We analysed all flow cytometry data with R v.3.4.3 using the libraries 
SDMTools, alphahull and rgl129–131. Since cell sizes, spore sizes and genome 
contents differed slightly between strains and species, we had to optimize the 
gating procedure for each strain and species separately. Nevertheless, within each 
strain and species we applied the same gating on all samples. Generally, we applied 
the gating procedure in three steps. First, we discriminated between low- and 
high-fluorescent events. High-fluorescent events correspond to individuals for 
which the DNA could be stained, such as cells, filaments and sporulating cells. 
Low-fluorescent events correspond to individuals for which the DNA could not 
be stained, such as (germinating) spores (that is, SYBR Green staining cannot 
penetrate the spore coat). Second, we discriminated between samples with low and 
high forward scatter. The increased refraction index of dehydrated (fore-)spores 
led to higher forward scatter, which allowed us to gate for spores and sporulating 
cells132. For individuals with low forward scatter and high green fluorescence—that 
is, non-sporulating cells—we used the fluorescent width to establish filament 
size. The width shows the length of the filament through the number of stained 
genomes and thus cells. For all flow cytometry experiments, we calibrated the 
results with 30-μm fluorescent beads (BD CT&T RUO Beads, No. 661414, Becton 
Dickinson). We examined the accuracy of our gating using negative control 
samples (in which cells were filtered out), microscopy (for example, Fig. 6c and 
Supplementary Fig. 33) and image flow cytometry (for example, Fig. 6c). Note that, 
in Fig. 6b and Supplementary Fig. 28, we show the outcome of the gating procedure 
using 3D convex hulls that surround the data points clustered together after gating. 
All flow cytometry data are publically available through the FlowRepository133,134 
(No. FR-FCM-ZYVN).

Camera. For the entire duration of the evolution experiment, images were taken 6 d 
after inoculation (that is, 1 d before re-inoculation of cells onto fresh growth plates) 
using an EOS 1200D Canon Camera with EF-S 18–55-mm objective.

Microscopy. For microscopy, we cut the colony edge from the plate with a  
scalpel and placed it on a microscopy glass slide (Menzel Gläser 26 × 76 mm2,  
No. 10144633, Thermo Fisher Scientific), after which we applied 50–100 µl of 
staining solution. This solution consists of PBS buffer with 2% v/v formaldehyde 
(No. 47608-1L-F, Sigma) and the stains 1× SYBR Green and 1× MitoTracker Deep 
Red FM (No. M22426, Thermo Fisher Scientific). We made fresh staining solution 
for every round of microscopy, from stock solutions of both stains that were 
prepared in accordance with the protocol of Thermo Fisher Scientific. Although 
colonies can be strongly hydrophobic towards the colony centre, at the edge the 
staining solution was readily absorbed. We used SYBR Green to stain the DNA 
(like in the case of flow cytometry) and MitoTracker Deep Red FM to stain the cell 
membrane and spore coat. After staining, we placed the glass slide in a sterile Petri 
dish and incubated this at 37 °C for 25 min. We subsequently applied one or two 
droplets of ProLong Diamond Antifade Mountant buffer (No. P36965, Thermo 
Fisher Scientific) and placed a cover slip on top (Menzel Microscope Coverslips 
24 × 60 mm2, No. 11778691, Thermo Fisher Scientific). For the curing process of the 
mountant buffer, we left the microscopy sample in darkness at room temperature 
for a period of 3 d. After this, we sealed the microscopy sample airtight using 
VALAP (a 1/1/1 mixture of lanolin, paraffin and petroleum jelly) and subsequently 
examined the colony edge with confocal scanning laser microscopy. Specifically, we 
used the CSLM SP8 (Leica) upright microscope at The Center for Microscopy and 
Image Analysis of the University of Zürich, with a Leica ×63/1.4 NA HCX PL APO 
CS2 oil objective, 8,000-Hz resonant scanner, z-Galvo stage insert (Leica) and  
solid-state diode lasers at 488 nm (20 mW) and 638 nm (30 mW).

Whole-genomic sequencing. In the evolution experiment, five populations 
completely lost sporulation—replicate 2 of B. licheniformis, replicates 1 and 4 of  
B. subtilis subspecies subtilis and replicates 1 and 2 of B. cereus. For each 
population, we selected four clones for whole-genome sequencing (Supplementary 
Table 9)—one clone from the ancestor, one from the population before the loss 
of sporulation and two from the population after the loss of sporulation. In total, 
we sequenced the genomes of 18 clones (3 ancestral clones + 3 × 5 derived clones). 
We selected clones from different growth cycles, depending on the growth cycle 
at which sporulation was lost, as verified by flow cytometry. For each clone, we 
extracted DNA using the Promega Wizard Genomic DNA Purification Kit  
(No. A1120) following the manufacturer’s instructions, with the exception for the 
initial Gram-positive cell lysis step where we resuspended cell pellets in 480 μl of 
50 mM EDTA (Ambion, No. AM9260G) and 120 μl 100 mg ml–1 lysoszyme (Sigma, 
No. L4919) and incubated them for 60 min at 37 °C. We checked DNA quality using 
Qubit dsDNA BR Assay (Invitrogen, No. Q32853), a NanoDrop 1000 UV-VIS 
Spectrophotometer and a 0.7% agarose TBE gel. Subsequent library construction 
and whole-genome sequencing were performed by MicrobesNG (University of 
Birmingham, UK, https://microbesng.uk/), using Illumina HiSeq 2500 sequencing 
with 2 × 250-base pair paired-end reads. We used breseq v.0.32.0 (refs. 135,136) to map 
the sequencing reads against the respective reference genomes (see Supplementary 
Table 9) and, subsequently, compared genomic differences among clones.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The flow cytometry data are publically available through the FlowRepository, 
accession No. FR-FCM-ZYVN. The sequencing reads are publically available on 
the European Nucleotide Archive (ENA) database, accession No. PRJEB32792. 
The remaining data are included in the Supplementary information or available 
through public repositories as mentioned in the Supplementary information.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection Data was analyzed using R version 3.4.3, Matlab R2016a, Python 3.4.4

Data analysis All software packages and libraries that were used for data analysis are specified in the Methods.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers. 
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

The flow cytometry data is publically available through the FlowRepository, accession number: FR-FCM-ZYVN (http://flowrepository.org/id/FR-FCM-ZYVN). The 
sequencing reads are publically available on the European Nucleotide Archive (ENA) database, accession number: PRJEB32792 (http://www.ebi.ac.uk/ena/data/
view/PRJEB32792). The remaining data are included in the Supplementary Information or available through public repositories as mentioned in the Supplementary 
Information.
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Life sciences study design
All studies must disclose on these points even when the disclosure is negative.

Sample size Sample size was determined based on the largest number of bacterial populations that could be handled during the evolution experiment and 
subsequent phenotyping.

Data exclusions No data was excluded from this study.

Replication All phenotypes are characterized using common garden experiments in multiple independent replicates (the exact number of replicates is 
specified in the figure captions). All replicates gave qualitatively similar results.

Randomization Randomization was not relevant for this study, since all bacterial populations were exposed to the same experimental treatment.

Blinding Blinding was not possible in the phenotypic analysis, because strains and species can be recognized in phenotyping (incl. microscopy, flow 
cytometry and colony growth).

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology

Animals and other organisms

Human research participants

Clinical data

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Flow Cytometry
Plots

Confirm that:

The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

All plots are contour plots with outliers or pseudocolor plots.

A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Cells were collected from the edge or center of the colonies using a 10uL inoculation loop and resuspended in PBS buffer. These 
cell suspensions were subsequently diluted to an OD600 of 0.001. The normalized cell suspension was stained using SYBR Green 
I staining according to the protocol described in the methods and subsequently characterized using the flow cytometer.

Instrument BD Accuri C6 flow cytometer 

Software Flow cytometer data was analyzed in R version 3.4.3

Cell population abundance Cell abundances after gating are shown in Fig. 6d and Supplementary Fig. 31
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Gating strategy The gating strategy is specified in the Methods and illustrated in Fig. 6b and Supplementary Fig. 28

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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