eLife

||__D A newer version is
available. Read the
latest version.

Version of Record
September 15, 2025

Reviewed Preprint
v2 e+ March 3, 2025

Revised by authors

Reviewed Preprint
v1 e May 29, 2024

Evolutionary Biology

Rafting a waterfall: Artificial
selection for collective composition
can succeed or fail depending on
the initial and target values

Juhee Lee, Wenying Shou , Hye Jin Park

Department of Physics, Inha University, Incheon, Republic of Korea * Asia Pacific Center for Theoretical Physics,
Pohang, Republic of Korea « Centre for Life’s Origins and Evolution, Department of Genetics, Evolution and

Environment, University College London, London, United Kingdom

a https://en.wikipedia.org/wiki/Open_access
© Copyright information

eLife Assessment

This important study of artificial selection in microbial communities shows that the
possibility of selecting a desired fraction of slow and fast-growing types is impacted
by their initial fractions. The evidence, which relies on mathematical analysis and
simulations of a stochastic model, is compelling. It highlights the tension between
selection at the strain and the community level. This study should be of interest to
researchers interested in ecology, both theoretical and experimental.
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Abstract

Collectives, such as microbial communities, can perform functions beyond the capability of
individual members. Enhancing these collective functions through artificial selection,
however, presents significant challenges. Here, we explore the ‘rafting-a-waterfall’
phenomenon, a metaphor illustrating how the success in achieving a target population
composition in microbial collectives depends on both the target characteristics and initial
conditions. Specifically, collectives comprising fast-growing (F) and slow-growing (S)
individuals were grown for a period of “maturation” time, and the collective with S-
frequency closest to the target value is chosen to “reproduce” (inoculate) offspring collectives.
Such collective selection is dictated by two opposing forces: during collective maturation,
intra-collective selection acts like a waterfall, relentlessly driving the S-frequency to lower
values, while during collective reproduction, inter-collective selection resembles a rafter
striving to reach the target frequency. Due to this model structure, maintaining a target
frequency requires the continued action of inter-collective selection. Using simulations and
analytical calculations, we show that intermediate target S frequencies are the most
challenging, akin to a target within the vertical drop of a waterfall, rather than above or
below it. This arises because intra-collective selection is the strongest at intermediate S-
frequencies, which can overpower inter-collective selection. While achieving low target S
frequencies is consistently feasible, attaining high target S-frequencies requires an initially
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high S-frequency — much like a raft that can descend but not ascend a waterfall. The range of
attainable target frequencies depends on the initial population size of the collectives: as the
population size in Newborn collectives increases, the region of achievable target frequency is
reduced until no frequency is achievable. In contrast, the number of collectives under
selection plays a less critical role. In scenarios involving more than two populations, the
evolutionary trajectory must navigate entirely away from the metaphorical ‘waterfall drop.’
Our findings illustrate that the strength of intra-collective evolution is frequency-dependent,
with implications in experimental planning.

Introduction

Microbial collectives can carry out functions that arise from interactions among member species.

perform artificial selection (directed evolution) on collectives: Low-density “Newborn” collectives
are allowed to “mature” during which cells proliferate and possibly mutate, and community
function develops. “Adult” collectives with high functions are then chosen to reproduce, each
seeding multiple offspring Newborns. Artificial selection of collectives have been attempted both
in experiments [5(Z-19%] and in simulations [20 (% -31 (%], often with unimpressive outcomes.
One of the major challenges in selecting collectives is to ensure the inheritance of a collective
function [32 %, 33 2 ]. Inheritance from a parent collective to offspring collectives can be
compromised by changes in genotype and species compositions. During maturation of a collective,
genotype compositions within each species can change due to intra-collective selection favoring
fast-growing individuals, while species compositions can change due to ecological interactions.
Furthermore, during reproduction of a collective, genotype and species compositions of offspring
can vary stochastically from those of the parent.

Here, we consider the selection of collectives comprising two or three populations with different
growth rates, and our goal is to achieve a target composition in the Adult collective. This is a
common quest: whenever a collective function depends on both populations, collective function is
maximised, by definition, at an intermediate frequency (e.g. too little of either population will
hamper function [23(%]). A selection cycle consists of three stages (Fig. 12). During collective
maturation, intra-collective selection favors fast-growing individuals within a collective. At the
end of maturation, inter-collective selection acts on collectives and favors those achieving the
target composition. Finally during collective reproduction, offspring collectives sample

stochastically from the parents, a process dominated by genetic drift.

We mathematically examine the selection of composition in collectives consisting of populations
growing at different rates. Earlier work has demonstrated that nearly any target species
composition can be achieved when selecting communities of two competing species with unequal
growth rates [24 &, 34 (2], so long as the shared resource is depleted during collective maturation

was preserved due to stochastic fluctuations in species composition during collective
reproduction. Eventually, both species evolved to grow sufficiently fast to deplete the shared
resource during collective maturation, and evolution in competition coefficients then acted to
stabilize species ratio to the target value [24 (Z]. Regardless, earlier studies are often limited to
numerical explorations, with prohibitive costs for a full characterization of the parameter space
for such nested populations (population of collectives, and populations of mutants within a
collective). We made simplifying assumptions so that we can analytically examine the
evolutionary tipping point between intra-collective and inter-collective selection. We show that
this tipping point creates a “waterfall” effect which restricts not only which target compositions

are achievable, but also the initial composition required to achieve the target. We also investigate
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how the range of achievable target composition is affected by the total population size in
Newborns and the total number of collectives under selection. Finally, we show that the waterfall
phenomenon extends to systems with more than 2 populations.

Results and discussions

To enable the derivation of an analytical expression, we have made the following simplifications.
First, growth is always exponential, without complications such as resource limitation, ecological
interactions between the two populations, or density-dependent growth. Thus, the exponential
growth equation can be used. Second, we consider only two populations (genotypes or species):
the fast-growing F population with size F and the slow-growing S population with size S. We do not
consider a spectrum of mutants or species, since with more than two populations, an analytical
solution becomes very difficult. Finally, the single top-functioning community is chosen to
reproduce, which allows us to employ the simplest version of the extreme value theory (see
section below for further justification.)

Our goal is to select for collective composition in terms of F frequency f= FAS + F), or equivalently,
S frequency s = 1 - f. More precisely, we want collectives such that after maturation time 7, f(7) is
as close to the target value f as possible (Fig. 12). Note that even if the target frequency has

been achieved, since F frequency will always increase during maturation, inter-collective selection
is required in each cycle to maintain the target frequency.

We will start with a complete model where S mutates to F at a nonzero mutation rate y. We made
this choice because it is more challenging to attain or maintain the target frequency when the
abundance of fast-growing F is further increased via mutations. This scenario is encountered in
biotechnology: an engineered pathway will slow down growth, and breaking the pathway (and
thus faster growth) is much easier than the other way around. When the mutation rate is set to
zero, the same model can be used to capture collectives of two species with different growth rates.
We show that intermediate F frequencies or equivalently, intermediate S frequencies, are the
hardest targets to achieve. We then show that similar conclusions hold when selecting for a target
composition in collectives of more than two populations.

Model structure
A selection cycle (Fig. 1 @) starts with a total of g Newborn collectives. At the beginning of cycle k

(t = 0), each Newborn collective has a fixed total cell number N, = S}, + F,') where S|’} and F}’),

denote the numbers of S and F cells in collective i (1 < i< g) at time t (0 < t < 7) of cycle k. The
average F frequency among the g Newborn collectives is fj o, such that the initial F cell number in
each Newborn is drawn from the binomial distribution Binom (N, f o).

Collectives are allowed to grow for time 7 (‘Maturation’ in Fig. 1@2). During maturation, S and F
grow at rates rgand rg + w (w > 0), respectively. If maturation time 7 is too small, a matured
collective (“Adult”) does not have enough cells to reproduce g Newborn collectives with N, cells.
On the other hand, if maturation time 7 is too long, fast-growing F will take over. Hence we set the
maturation time 7 = In(g +1)/rs, which guarantees sufficient cells to produce g Newborn collectives
from a single Adult collective. At the end of a cycle, a single Adult with the highest function (with F
frequency fclosest to the target frequency f) is chosen to reproduce g Newborn collectives each

with N cells (‘Selection’ and ‘Reproduction’ in Fig. 1 %). Note that even though S and F do not
compete for nutrients, they compete for space: because the total number of cells transferred to the
next cycle is fixed, an overabundance of one population will reduce the likelihood of the other
being propagated.
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Figure 1.

Schematic for artificial selection on collectives.

Each selection cycle begins with a total of g Newborn collectives, each with N total cells of slow-growing S population (light
gray dots) and fast-growing F population (dark gray dots). During maturation (over time 7), S and F cells divide at rates rg and
r¢+ w (w > 0), respectively, and S mutates to F at rate p. In the selection stage, the Adult collective with F frequency f closest to
the target composition f is chosen to reproduce g Newborns for the next cycle. Newborns are sampled from the chosen
Adult (yellow star) with N cells per Newborn. The selection cycle is then repeated until the F frequency reaches a steady
state, which may or may not be the target composition. To denote a variable x of i-th collective in cycle k at time t (0 <t < 1),
we use notation 13?.)( where x € {S, £, s, f}. Note that time ¢t = 0 is for Newborns and t = t is for Adults.
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Collective function is dictated by the Adult’s F frequency f. Among all Adult collectives, the selected
Adult is the one whose F frequency is closest to the target value, f . In contrast with findings from

an earlier study [23 (2 ], choosing top 1 is more effective than the less stringent “choosing top 5%”.
In the earlier study, variation in the collective trait is partly due to nonheritable factors such as
random fluctuations in Newborn biomass. In that context, a less stringent selection criterion
proved more effective, as it helped retain collectives with favorable genotypes that might have
exhibited suboptimal collective traits due to unfavorable nonheritable factors. However, since this
study excludes nonheritable variations in collective traits, selecting the top 1 collective is more

effective than selecting the top 5% (see Fig. 11 in Supplementary Information).

The selected Adult, with F frequency denoted as f * is then used to reproduce g offspring
collectives, each with N total cells. The number of F cells in a Newborn follows a binomial
distribution B(Ny, f ). By repeating the selection cycle, we aim to achieve and maintain the target
composition f .

Overall our model considers mutational stochasticity, as well as demographic stochasticity in
terms of stochastic birth and stochastic sampling of a parent collective by offspring collectives.
Other types of stochasticity, such as environmental stochasticity and measurement noise, are not
considered and require future research.

The success of collective selection is constrained by the target
composition, and sometimes also by the initial composition

Since intra-collective selection favors F, we expect that a higher target f (a lower target 3) is
easier to achieve. By 'achieve’, we mean the absolute error d between the target frequency f and

the selected frequency averaged among independent simulations (f *) is smaller than 0.05 (i.e.
d=|(f*) - f| < 0.05).

We fixed N, the total population size of a Newborn, to 1000, and obtained selection dynamics for
various initial and target F frequencies by implementing stochastic simulations (Sec. I in
Supplementary Information). If the target f is high (e.g. 0.9, Fig. 2a® magenta), selection is

successful (computed absolute errors in Supplementary Information Fig. 4 @): regardless of the
initial frequency, f * of the chosen collective eventually converges to the target f and stays around

it. In contrast, without collective-level selection (e.g. choosing a random collective to reproduce), F
frequency increases until F reaches fixation (Supplementary information Fig. 3b @).

In contrast, an intermediate target frequency (e.g. f = (.5 ; Fig. 2b green (@) is never achievable.

High initial F frequencies (e.g. 0.6 and 0.95) decline toward the target, but stabilize at the “higher-
threshold” f H (~ 0.7, solid orange line segment in Fig. 2a-c(@) above the target. Low initial F
frequencies (e.g. 0) increase toward the target, but then overshoot and stabilize at the f H yalue.

If the target frequency is low (e.g. f — ().1; Fig. 2c @ dark blue), artificial selection succeeds when

the initial frequency is below the “lower-threshold” f L (dotted orange line segment in Fig. 2a-c(@).
Initial F frequencies above fL (e.g. 0.45 and 0.95) converge to fH instead. Initial F frequencies near
fL display stochastic trajectories, converging to either f¥ or fL.

To achieve target f , inter-collective selection must overcome intra-collective selection. We can

visualize the distributions of f over two consecutive cycles (bottom to top, Fig. 2d @) where f
started above target f . When Newborns matured into Adults, the distribution of fup-shifted due

to intra-collective selection. The distribution of fwas then down-shifted toward the target due to
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‘ Variable | Representing

S Number of slower-growing (S) cells
F Number of faster-growing (F) cells
s Frequency of S cells, s = S/(S + F)
f Frequency of F cells, f=F/(S+ F)=1-3s
rs Growth rate of S
w >0 Growth rate advantage of F over S
I Mutation rate from S to F
g Total number of collectives
T Maturation time
N Total cell numbers in a collective, N = S + F'
Ny Total number of cells in Newborn, or Newborn size
s, f Target frequency in s or f
f* F frequency of the selected collective in a cycle
fL.fH |Low and High thresholds of inaccessible f (fF < inaccessible f<re )
R, Fold-growth of S cells over time 7, R, = e"s™
W, Fold ratio change of F cells over S cells over time 7, W, = e“7

Table I.

Nomenclature
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Figure 2.

Initial and target compositions determine the success of artificial selection on collectives.

(a-c) F frequency of the selected Adult collective (f *) over cycles at different target { values (dashed lines). f between f!
ande (orange dotted and solid line segments) is inaccessible where selection will fail. a A high target F frequency (e.g.
f=0.9> f¥; magenta dotted line) can be achieved from any initial frequency (black dots). b An intermediate target
frequency (e.g. ¥ < f = 0.5 < f¥; green dotted line) is never achievable, as all initial conditions converge to neaer. cAlow
target frequency (e.g. f = 0.1 < L) is achievable, but only from initial frequencies below fL. For initial frequencies at f£,
stochastic outcomes (grey curves) are observed: while some replicates reached the target frequency, others reached fH. For
parameters, we used S growth rate rg = 0.5, F growth advantage w = 0.03, mutation rate y = 0.0001, maturation time 7= 4.8,
and N = 1000. The number of collectives g = 10. Each black line is averaged from independent 300 realizations. d Inter-
collective selection opposes intra-collective selection. We plot probability density distributions of F frequency f during two
consecutive cycles when selection is successful. Data correspond to cycles 31 and 32 from the second lowest initial point in c.
Afis selection progress (see Box). Black triangle: median. e Two accessible regions (gold). Either high f (f > ¥ ; region 2) or
low f starting from low initial f ( f < f%and ?110 < fE : region 1) can be achieved. We theoretically predict (by
numerically integrating Eq. (1)@ ) f* (orange solid line) and f* (orange dotted line), which agree with simulation results
(gold regions). f Example trajectories from initial compositions (black dots) to the target compositions (dashed lines). The
gold areas indicate the region of initial frequencies where the target frequency can be achieved. g The tension between intra-
collective selection and inter-collective selection creates a “waterfall” phenomenon. See the main text for details.
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inter-collective selection. If the magnitude of down-shift exceeded that of up-shift, progress toward
the target was made. During reproduction, the distribution of fretained the same mean but
became broader due to stochastic sampling by the Newborns from their parent.

In summary, two regions of target frequencies are “accessible” in the sense that a target value in
the region can be reached (gold in Fig. 2e, f2): (1) target frequencies above f# (f > fH) or(2)

target frequencies below fL (f < fF) and starting at an average frequency below

g (7},[1 < fh).

Intra-collective evolution is the fastest at intermediate

F frequencies, creating the “waterfall” phenomenon

To understand what gives rise to the two accessible regions, we calculated Af, the selection
progress in F frequency over two consecutive cycles (Box 1, Eq. (2) ). The solution (Fig. 3a &,
green) has the same shape as results from numerically integrating Eq. (1) @ (Fig. 3a 2, orange)
and from stochastic simulations (Fig. 3a &2, blue).

If Afis negative, then inter-collective selection will succeed in countering intra-collective selection
and reducing ftoward the target. Af is negative if the selected f;; is low or high, but not if it is
intermediate between f and f¥ (Fig. 3a). This is because fincrease during maturation is the
most drastic when Newborn fis intermediate (Fig. 3b @), for intuitive reasons: when Newborn fis
low, the increase in fwill be minor; when Newborn fis high, the fitness advantage of F over the
population average is small and hence the increase is also minor. Thus, when Newborn F
frequency is intermediate, intra-collective selection is the strongest and may overwhelm inter-
collective selection (Fig. 3b (2 and Fig. 6a ™ in Supplementary Information). Not surprisingly,
similar conclusions are derived where S and F are slow-growing and fast-growing species which
cannot be converted through mutations (Sec. IV and Fig. 82 in Supplementary Information).

Thus, inter-collective selection is akin to a raftman rowing the raft to a target, while intra-
collective selection is akin to a waterfall. This metaphor is best understood in terms of S frequency
s =1 - f. The lower-threshold f corresponds to higher-threshold in s¥ = 1 - £, while higher-
threshold f¥ corresponds to lower-threshold in s’ = 1 - £, Intra-collective selection is akin to a
waterfall, driving the S frequency s from high to low (Fig. 2g @). Intra-collective selection acts the
strongest when s is intermediate (st < s < sH), similar to the vertical drop of the fall. Intra-collective
selection acts weakly at high (> sty or low (< sb) s, similar to the gentle sloped upper and lower
pools of the fall (regions 1 and 2 of Fig. 2e, g(@). Thus, an intermediate target frequency can be
impossible to achieve - a raft starting from the upper pool will be flushed down to s (fH), while a
raft starting from the lower pool cannot go beyond s (fH). In contrast, a low target S frequency (in
the lower pool) is always achievable. Finally, a high target S frequency (in the upper pool) can only
be achieved if starting from the upper pool (as the raft can not jump to the upper pool if starting
from below).

Box 1:

Changes in the distribution of F frequency f after one cycle

We consider the case where f}, the F frequency of the selected Adult at cycle k, is above the target
value (f¥ > f ). This case is particularly challenging because intra-collective evolution favors
fast-growing F and thus will further increase faway from the target. From f;;, Newborns of cycle
k + 1 will have ffluctuating around f;, and after they mature, the minimum fis selected

(ffe1 = min [fff]_,, I ey f;"Ql_T}). If the selected composition at cycle k + 1 can be reduced compared

to that of cycle k (i.e. fi+1 < fi), the system can evolve to the lower target value.
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Intra-collective selection and inter-collective selection
jointly set the boundaries for selection success.

a The change in F frequency over one cycle. When f; is sufficiently low or high, inter-collective selection can lower the F
frequency to below fi (Af < 0).The points where Af= 0 (in the orange line) are denoted ast and fH, corresponding to
the boundaries in Fig. 2. b The distributions of frequency differences obtained by 1000 numerical simulations. The cyan,
purple, and black box plots respectively indicate the changes in F frequency after intra-collective selection (the mean
frequency among the 100 Adults minus the mean frequency among the 100 Newborns during maturation), after inter-
collective selection (the frequency of the 1 selected Adult minus the mean frequency among the 100 Adults), and over one
selection cycle (the frequency of the selected Adult of one cycle minus that of the previous cycle). The box ranges from 25% to
75% of the distribution, and the median is indicated by a line across the box. The upper and lower whiskers indicate
maximum and minimum values of the distribution. ***: P <0.001 in an unpaired t-test.
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To find f}; values such that fiy, < fi, we used the median value of the conditional probability
distribution ¥ of f;,, (the F frequency of the selected Adult at cycle k + 1 being f) given the
selected f}; at cycle k (mathematical details in Sec. I in Supplementary Information). If the
median value (Median [¥(f;,,|f7)]) is smaller than f}, then selection will likely be successful since

the selected Adult in cycle k + 1 has more than 50% chance to have a reduced F frequency
compared to cycle k.

There are two points where the median values are the same as [; (Fig. 3a(@), which are assigned
as lower-threshold (f£) and higher-threshold (fH).

Following the extreme value theory, the conditional probability density function ¥(f;,, = f|f;) is

f 9-1
V(fer1=fIfR) = 9Psp, . (FIFR) ll —A df'Pm]‘f(f'lfﬁ)] , (1)

Equation (1) can be described as the product between two terms related to probability: (i)
9P, (f1f;) describes the probability density that any one of the g Adult collectives achieves f

given [, and (ii) [1 — fldr Py, () f;f)} " describes the probability that all other g - 1 collectives

achieve frequencies above fand thus not selected.

Since computing the exact formula of Adults’ f distribution in cycle k + 1 is hard, we approximate it
as Gaussian with mean f(r) and variance cr?(r) .The Gaussian approximation on Eq. (1)@
requires sharp Gaussian distributions of S(7) and F (7) (i.e. S(7)> os(7) and F(r) > op(7)).
Compared to Gaussian, the exact S(7) (negative binomial) distribution and F (7) (Luria-Delbriick)
distribution are right-skewed and heavy-tailed. However these problems are alleviated when the
initial numbers of S and F cells are not small (on the order of 100). Additionally, the sharpness of
distributions could be achieved (see Fig. 1% in Supplementary Information).

To obtain an analytical solution of the change in fover one cycle, we first assume that in a
Newborn collective, the number of S cells is distributed as Gaussian with mean S, = Ny (1—f .ff)
and variance 0%, = Nofi (1 — f;). Then, the number of F cells, Fy = Ny - Sy, is distributed as
Gaussian with mean Fo = Ny f7 and variance crf_U = Nofii(1 — fi;). From these, we can
calculate for Adult collectives the mean and variance of population sizes F (7) (i.e. F(7),c%()) and
S(7) (i.e. S(7), o%(7)) (mathematical details in Sec. I in Supplementary Information). This task is
simplified by the exponential growth of Sand F: R_. = e"s7 describes the fold-growth of S over
maturation time 7, and since w is the fitness advantage of F over S, W, = e describes the fold
change of F/S over time 7. From F-, W, £ (mutation rate scaled with the fitness difference), f; (F
frequency in the selected collective at cycle k), Ny (Newborn size), % (relative fitness advantage),
we can calculate the mean and variance of F frequency among the Adults of k + 1 cycle

T(T); (I;zr(T), detailed formula in Eqs. (40) ™ and (41) @ in Supplementary Information).

Selection progress - the difference between the median value of the conditional probability
distribution ¥(f;,,|f;) and the selected frequency of f}; (Sec.II in Supplementary Information) -

can be expressed as:

_ ]
5 = Median{0(f3,al 70 - £ =T+ |87 (22 | o) - g @)

Juhee Lee et al., 2025 eLife. https://doi.org/10.7554/eLife.97461.2 10 of 65


https://doi.org/10.7554/eLife.97461.2

7 eLife

where ®71(...) is the inverse cumulative function of standard normal distribution (see main text
for an example). We chose median because compared to mean, it is easier to get analytical
expression since ®1(...) is known in a closed form. Regardless, using median generated results
similar to simulations (Fig. 7@ in Supplementary Information). As expected, selection progress Af

is governed by both the mean (f(7)) and the variation (o7(7)) in famong Adults.

When mutation rate ;. =0, f(r) and g (7) can be simplified to:

fi

f(r) = 1= .
wo+ I

and

# * ¢ * * 1—fi o
iy o LSO (o2 - i - ) "
O—f T = = — 1 v £
E (7 + 7)

In the limit of small f; < 1, Equation (3) becomes f(7)|f:«1 = f;W while Equation (4)
becomes rfj‘}('rﬂf}:<<l =(2- ﬁ)f,j W2 /Ny . Thus, both Newborn size (Ny) and fold-change in

F/S during maturation (W) are important determinants of selection progress.

Manipulating experimental setups to

expand the achievable target region
In Eq. (2) @ (Box 1), selection progress Af depends on the total number of collectives under
selection (g). Af also depends on the mean and the standard deviation of Adult F frequency

F(7) and O'f(T). Egs. (3)= and (4) @ (Box 1) provide simplified expressions of f(r) and of
(7) when mutation rate g has been set to 0. When mutation rate y is not zero (Eqs. (40) &2 and
(41) 2 in Section II of Supplementary Information), selection progress is additionally influenced
by £ (mutation rate u scaled with fitness difference w).

Our goal is to make Af as negative as possible so that any increase in f'during collective maturation
may be reduced. From Eq. (2) @ (Box 1), a small f (7) will facilitate collective-level selection.
Additionally, a large oy (7) will also facilitate collective-level selection due to negative ¢~ (1—/2) Note

In2
g

a standard normal random variable being less than or equal to y is

that since

<0.5 for g>2, ¢! (’—,2) corresponding to the number y such that the probability of
In2

g9

— is negative.

From Eq. (4)&2 (Box 1®), af(r) will be large if Newborn size N is small. Indeed, as Newborn size
Ny declines, the region of achievable target frequency expands (larger gold area in Fig. 4a%). If
the Newborn size N is sufficiently small (e.g. < 700 in our parameter regime), any target
frequency can be reached. An analytical approximation of the maximal Newborn size permissible
for all target frequencies is given in section III in Supplementary Information.

From Egs. (3) @ and (4) @ (Box 1 @), maturation time 7 affects f(7) through W, = %7 (the fold
change in F/S over 7), and affects crfr('r) additionally through R, = ¢"s7 (fold-growth of S over 7).
Longer 7 increases f(7) and is thus detrimental to selection progress. The relationship between o¢

(9) and 7 is not monotonic (Fig. 6¢ @ in Supplementary Information), meaning that an
intermediate value of 7 is the best for achieving large gy (7). However, the effect of f(7) dominates
that of of(r) and therefore, the region of success monotonically reduces with longer maturation
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Figure 4.

Expanding the success region for artificial collective selection.

a Reducing the population size in Newborn Ny expands the region of success. In gold area, the probability that f 41
becomes smaller than f in a cycle is more than 50%. We used g = 10 and 7 = 4.8. Figures 23-3 correspond to N = 1000.
Black dotted line indicates the critical Newborn size Ng, below which all target frequencies can be achieved. b Increasing the
total number of collectives g also expands the region of success, although only slightly. We used a fixed Newborn size Ny =
1000. The maturation time 7 (z = log(100)/rg= 9.2) is set to be long enough so that an Adult can generate at least 100
Newborns. ¢ Increasing the maturation time t shrinks the region of success. We used a fixed Newborn size Ny = 1000 and
number of collectives g = 10.
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time (Fig. 4c ). Similarly, f(7) will be small if w (fitness advantage of F over S) is small. Indeed,
as w become larger, the region of success becomes smaller (Fig. 97 in Supplementary
Information).

g, the number of collectives under selection, also affects selection outcomes. As g increases, the
value of 2! (%) becomes more negative, and so does Af - meaning collective-level selection will be

more effective. Intuitively, with more collectives, the chance of finding a f closer to the target is
more likely. Thus, a larger number of collectives broadens the region of success (Fig. 4b ).
However, the effect of g is not dramatic. To see why, we note that the only place that g appears is
Eq. (2)2 in @~ (1). When g becomes large, #-' (%) is asymptotically expressed as

P! (%) ~ —/2Ig—Tn[lng]+ - In (Section II in Supplementary Information)[35(2], and thus does not

change dramatically as g varies.

The waterfall phenomenon in a higher dimension

To examine the waterfall effect in a higher dimension, we investigate a three-population system
where a faster-growing population (FF) grows faster than the fast-growing population (F) which
grows faster than the slow-growing population (S) (Fig. 5a and Sec. VIII in Supplementary
Information). In the three-population case, the evolutionary trajectory travels in a two-
dimensional plane. A target population composition can be achieved if inter-collective selection
can sufficiently reduce the frequencies of F as well as FF (accessible regions, gold in Fig. 5b 2).

From numerical simulations, we identified two accessible regions: a small region near FF and a
band region spanning from S to F (gold in Fig. 5b i ). Intuitively, the rate at which FF grows faster
than S+F is greater than the rate at which F grows faster than S (see section VIII in Supplementary
Information). Thus, the problem can initially be reduced to a two-population problem (i.e. FF
versus F+S; Fig. 5¢ @ left), and then expanded to a three-population problem (Fig. 5¢ & right).

Similar to the two-population case, targets in the inaccessible region are never achievable (Fig. 5b
ii@), while those in the FF region are always achievable (Fig. 5b i2). Strikingly, a target
composition in an accessible region may not be achievable even when the initial composition is
within the same region: once the composition escapes the accessible region, the trajectory cannot
return back to the accessible region (Fig. 5biii (2, the leftmost initial condition). However, if the
initial position is closer to the target in the accessible region, the target becomes achievable (Fig.
5b iii 2, initial condition near the bottom). Note that here, selection outcome is path-dependent in
the sense of being sensitive to initial conditions. This phenomenon is distinct from hysteresis
where path-dependence results from whether a tuning parameter is increased or decreased.

In conclusion, we have investigated the evolutionary trajectories of population compositions in
collectives under selection, which are governed by intra-collective selection (which favors fast-
growing populations) and inter-collective selection (which, in our case, strives to counter fast-
growing populations). Intra-collective selection has the strongest effect at intermediate
frequencies of faster-growing populations, potentially creating an inaccessible region of target
frequency, analogous to the vertical drop of a waterfall. High and low target frequencies are both
accessible, analogous to the lower- and the upper-pools of a waterfall, respectively. A less
challenging target (high f; low §) is achievable from any initial position. In contrast, a more

challenging target (low f; high $) is only achievable if the entire trajectory is contained within the

region, similar to a raft striving to reach a point in the upper-pool must start at and remain in the
upper pool. Our work suggests that the strength of intra-collective selection is not constant, and
that strategically choosing an appropriate starting point can be essential for successful collective
selection.
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In higher dimensions, the success of artificial selection requires the
entire evolutionary trajectory remaining in the accessible region.

a During collective maturation, a slow-growing population (S) (with growth rate rs ; light gray) can mutate to a fast-growing
population (F) (with growth rate rs + w; medium gray), which can mutate further into a faster-growing population (FF) (with
growth rate rg + 2w; dark gray). Here, the rates of both mutational steps are y, and w > 0. b Evolutionary trajectories from
various initial compositions (open circles) to various targets. Intra-collective evolution favors FF over F (vertical blue arrow)
over S (horizontal blue arrow). The accessible regions are marked gold (see Sec. I in Supplementary Information). We obtain
final compositions starting from several initial compositions while aiming for different target compositions in i, ii, and iii. The
evolutionary trajectories are shown in dots with color gradients from the initial to final time. (i) A target composition with a
high FF frequency is always achievable. (i) A target composition with intermediate FF frequency is never achievable. (iii) A
target composition with low FF frequency is achievable only if starting from an appropriate initial composition such that the

The accessible region in the three-population problem is interpreted as an extension of the two-population problem. First the
accessible region between FF and S+F is given, and then the S+F region is stretched into S and F.
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Methods

Stochastic simulations
A selection cycle is composed of three steps: maturation, selection, and reproduction At the

beginning of the cycle k, a collective i has S{’Z, slow-growing cells and FA fast-growing cells. At

the first cycle, mean F frequency of collectives are set to be f;,. F} ?, is sampled from the

binomial distribution with mean Nof, ;. Then, 5V)(= N, — F{)) S cells are in the collective i. In

the maturation step, we calculate S\’ and #|") by using stochastic simulation. We can simulate
the division and mutation of each individual cell stochastically by using tau-leaping algorithm
[37¢& Z](see Fig. 3a@ and b in Supplementary Information). However individual-based

simulations require a long computing time. Instead, we randomly sample § A__T and F{l from the

joint probability density distribution P(s}", F{")). To obtain P(s\", F{"), we solve the master

k.7
equation which describes a time evolution of probability distribution P(s{), ¥{")) under the
random processes (see Sec. I in Supplementary Information). We assumed that S(’ and Fy ” are
independent (as S and F populations grow independently without ecological interactions), and
thus P(s\"), F")) is product of two probability density functions P(S{"”.) and P(F,"). Each
distribution follows a Gaussian distribution, with the mean and variance numerically obtained
from ordinary differential equations derived from the master equation (see Sec. Iin
Supplementary Information). We choose the collective with the closest frequency to the target f

to generates g Newborns. The number of F cells is sampled from the binomial distribution with the
mean of Nofj;. We start a new cycle with those Newborn collectives. Then, the number of S cells
o="No- F)

in a collective i is §!") E41.0°

k+1,

Analytical approach to the conditional probability

The conditional probability distribution ¥(f;, ,|f}) of observing f;,, ata given f is calculated
by the following procedure. Given the selected collective in cycle k with f};, the collective-level
reproduction proceeds by sampling g Newborn collectives with No cells in cycle k + 1. Each

Newborn collective contains certain F numbers F; }r)l o ,F9 %, o at the beginning of the cycle k +
1, which can be mapped into £, ;, ---, f\%, , with the constraint of Nj cells. If the number of

cells in the selected collective is large enough, the joint conditional distribution function

I (fﬁ‘i’l,(,‘ wm, Fa2h O\fk) is well described by the product of g independent and identical Gaussian
distribution .4 (1, 0®). So we consider the frequencies of g Newborn collectives as g identical copies
of the Gaussian random variable f; .4 g. The mean and variance of f,q ¢ are given by m = f and
o* = fr(1 — f{)/No. Then, the conditional probability distribution function of f;,; o being {'is given
by

Prua(€l1D) = o= e (- S50 ). Q

After the reproduction step, the Newborn collectives grow for time 7. The frequency is changed
from the given frequency ¢ to fby division and mutation processes. We assume that the frequency
fof an Adult is also approximated by a Gaussian random variable N (T(T),o—f(?)) . The mean f(r)
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and variance 0'? (7) are calculated by using means and variances of S and F (see Sec. I in
Supplementary Information.) Since f(r) and Gf(‘r) also depend on ¢, the conditional probability

distribution function of f;,, , being fis given by

(f-Fm)?

1
Py = ——e¢ ; 6
.fk+1,T(f|C) exp 20_?(7_) ( )

V2T

The conditional probability distribution of an Adult collective in cycle k + 1 (.1 ;) to have
frequency fat a given [}, is calculated by multiplying two Gaussian distribution functions and
integrating overall { values, which is given by

1
Py (FIF2) = / d¢ Py (FIC) Prws o CI1D). (7)

Since we select the minimum frequency fﬁﬂ'ﬁ among g identical copies of fi,q , the conditional

min

probability distribution function of f;"] follows a minimum value distribution, which is given in
Eq. (1) 2. Here, for the case of f < f%, the selected frequency fiy, is the minimum frequency

,fﬁf}:‘l’. So we have ¥(f;,,|fi) by replacing f;g}ﬂ with fi;.

We assume that the conditional probability distribution in Eq. (7) & follows a normal distribution,
whose mean and variances are describe by Eq. (40) & and Eq. (41) @. Then, the extreme value
theory [39(7 ] estimates the median of the selected Adult by

In2

Median(fr.,) = f(7) + [@‘1(7)

st 0

Data and source code availability

Data and source code of stochastic simulations are available in https://github.com/schwarzg/artificial
_selection_collective_composition 4.
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Supplementary information

In this supplementary information (SI), we present the mathematical details of all calculations in
the main text, as well as additional figures. The SI is organized as follows: In section I, we provide
the mathematical details of stochastic simulation of the selection cycle. In section II, we show the
mathematical process to obtain the analytical expression of the selection progress in £q.(2) 2 in
the main text. In section III, we provide the analytical approximation of the critical Newborn size.
In section IV, we discuss a limiting case when mutation rate is zero. Section V provides the
boundary of the region of success with different selective advantages. In section VI, we discuss
specific scenarios under which mutation converts F to S. In section VII, we present an example in
which more than one collective is selected for reproduction. In section VIII, we provide the
mathematical details of the selection cycle for a three-population system. Finally, in section IX, we
provide detailed derivations of equations from section I to section II.

I. Stochastic simulation of the selection cycle

In the main text, we design a simple model of artificial selection on collectives. The selection cycle

starts with g “Newborn” collectives which consist of two populations - slow-growing population (S)
and fast-growing population (F). S mutate to F at a rate u. The Newborns mature for a fixed time 7.
The matured collective (“Adult”) with the highest function (with F frequency f closest to the target

f) is chosen to reproduce g Newborn collectives each with N cells.

In our selection cycle, variation among collectives mainly resulted from demographic noises
during cell birth, cell mutation, and collective reproduction. In this section, we provide details of
the simulation.

Maturation

Here, we calculate the cell numbers during maturation. Each collective i (i = 1, ..., ) has Sﬁ”t S cells
and F,f‘,’ F cells where k is the cycle number and ¢ indicates time (0 < t < 7). At the beginning of
cycle k (t = 0), each Newborn collective has a total of N, = 5\") + F\') cells. The collectives are

allowed to “mature” for t = 7 during which S and F grow at rates rg and rg + w (w > 0), respectively.
In this subsection, we ignore the cycle number index k and the collective index (i) for convenience.
That is, we denote S{') and F}) as S(t) and F (1), respectively.

We describe cell divisions of S and F cells and mutation from S to F with following chemical
reaction rules:

S = S+8, (1)
F 5t g4 F, (2)
w>0
s &4 F, (3)

One can run an individual-based simulation by counting the number of events occurring during
collective maturation via the tau-leaping algorithm [1 %, 2 (2] to generate a sample trajectory of
S(t) and F (t) for each collective. However, the individual-based simulation requires long
computing times due to a large number of random events to be counted. Hence we used a

‘sampling method’ by sampling the numbers of S and F cells in collectives from a joint probability
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density distribution (jpdf) P (S, F, t) which denotes the probability density to have S number of S
cells and F number of F cells at time ¢ in the cycle. To do so, we require an analytical expression of
P(S E ).

First, we assume that the chemical reactions in Egs. (1) 2 -(3) & occur independently, and never

occur simultaneously within a short time interval [¢, t + dt). Then, the differential of P (S, F, t) with
respect to time is given by

dP(8, F,t)

S =rs(S—1)P(S ~ 1L, F\1) (4)

H(rg + W) (F = )P(S,F —1,1)
Fu(S +1)P(S+1,F —1,t)
—(rgS + (rs +w)F + uS)P(S, F,t).

This master equation describes a probability density ‘flux’ at the state (S, F). The first term
describes the scenario where a single birth event of a S cell happens during time interval [¢, t + dt),
which changes the collective’s composition from (S- 1, F) to (S, F). Similarly, the second term comes
from a birth event of a F cell. The third term indicates the mutation event from (S +1, F- 1) to (S, F).
The last term corresponds to the outflow of probability density by birth and mutation processes,
which describes the changes from (S, F) to any other states.

Calculating the exact form of P (S, F, t) is not simple. Instead, we assume that the mutation rate is
much smaller than the growth rates, and hence the correlation between S and F is sufficiently
small. Additionally, S and F do not interact ecologically. Then, we can express P (S, F, t) as a product
of two probability density functions (pdf) of S(t) and F (t), P (S, F, t) = P (S, )P (F, t). We assume that
each pdf of S and F can be approximated as Gaussian (.4), which is supported by the Central Limit
Theorem and Fig. 1. In more detail, the cell numbers S and F are mainly determined by growth
(Egs. (1)@ and (2) @), and also mutations (Eq. (3) ). Even though the number of events would
be different among different realizations, the mean numbers of events will follow Gaussian
distributions. So, we can simply assume that the distributions of cell numbers also follow Gaussian
distributions. This assumption requires that the distributions have insignificant skewness and no
heavy tails, which we will numerically check afterwards. The pdfs of S(¢) and F (¢) are given by

1 _(8(#)—5())?
: 202 (t) .

P(S.t)= ————e (5)
V2mo3(t)
and
1 _(Fm—f(m?
P(Ft) = ————e¢ 2F® | (6)

2
V2mo%(t)
That is, P (S, F, t) is written as
1 1 _(8®)-5)? _ (F)—F))?

202.(t) 202, (t) (7)
> = e s F
V2mo2(t) \/2mo%(t)

Now we need means ('S(t) and F(¢)) and variances (¢%(t) and o%(t)) of S and F cell numbers to

P(S,F,t) =

express the distribution analytically.
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The means are defined by S(¢) = Y5, Y7o S P(5, F,t) and
F(t) =30 o X5 o F P(S, F,t). The differential equations for means are obtained by

applying the definition to the master equation in Eq. (4) 2, as

dfi(tt) = rsS(t) — uS(t)
@ = (rs +w)F(t) + uS(t)

(8)

(9)

We assume that the mutation rate ¢ is much smaller than rg and w. By solving Eq. (8) & and Eq.

(9) 3, the means S(t) and F(t) are given by

B(t) = Spelrs ) n B¢,

(10)

F() = Fucts 9 4 20 (ot _ glrs=id) o Ferstdt 4 £ ((srar _grot) (11)
W+ ’
where S 0 = _([]) and F, = F(0) are the mean numbers of S and F cells at the beginning of

cycle, t = 0. Note that the second term of Eq. (11) & is consistent with previous studies [3(Z]. Now

we introduce factors R, = e"s* and W, = e“! in Egs. (10) and (11) @ in order to simplify the

formula. R, is the multiplying factor by which the S cell number increases after time . W, is the

fold change in F/S. Then, we can rewrite

S(t) = S,R;, (12)
§r "l ﬂgo
F(t) = FoRiWi + —Ry(W; — 1) Us)
w
We define the second momenta of S and F as
82=Y Y S%P(5,F,), (14)
S5=0F=0
F2=3"%"F?P(S,F,t). (15)
S=0 F=0
Then, the corresponding differential equations are given by
ds? - -
—— =2(rs = )5 + (rs + w5, \16)
dF? =5 = Lo TF LT
= 2(rs + w)F? + (rs + w)F +2uSF + pS. (17)
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?(t) = rs +IJ‘§ (,u—'rs)i‘. -1 e2(1‘5—,u.)!. +§Oe2(r's—;m)t (18)
H—Ts
Ao S_{%EQrst +§ﬂerst(ersi‘. _ 1), (19)

where S_g = ?({}) is the second moment of initial values. Thus, the variance

o%(t) = S2(t) — [S(t))? is
03(t) = 0§ g™ + o ("5 — 1) (20)

= 03B} + BuRy(R: — 1) (1)

= D aro dopeo SFP(S, F,t) tocalculate J2(¢).Eq. (4) 2 provides a differential

equation for SF(t) as

dSF — S
g (2rg +w—p)SF+,u(52 —S) ; (22)

The solution of Eq. (22) (3 is given by

SF(t) = SF,elZrste)t (23)
Jrﬂ (ﬁn +§n) (8(2r5+w)t _ e?a'st)
w

_ 2”‘30 (6(21'5+w)t _ ergt) .
rs +w

By using Eq. (23) @, the solution of Eq. (17) & is given by

ﬁ(t) F2 82(?s+w)t +F e(vs—l—w)t( (1s+w}f 1) (24)
+.PU’SO 2w e‘Z(v‘g-{—u)t . e(i‘_g—l-w)t + r e'.r'_gf.
w \r+2w r+ 2w
+Q!£5F06(1-5+w)r. (6(1'5+w)t - e-.-sf.)
W
+0(u?),

where F2 FZ( ) is the second moment of initial values. Thus, the variance

o%(t) = F2(t)—[F(t)]? is given, up to the order of y, by
O'F(t) — o'F 2(75‘+w}f + F e(? s+w}t(e(fs+w)t 1) (25)
PG (20 slrerwt _ sl TS st
T w (?'ngQwe ¢ +T'S+2we
2u(SFo — SoFy) (rs+w)£( (Fati)t _ ersty

w
+0(u?).
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Using 7. = €"7 and W, = e“7, we rewrite

on(t) = 0% REW2 + FoRWy (R W, — 1) (26)
§0 R 2 T
e Y RWZ - W, + —il—
w rs + 2w s+ 2w

21(SFy — SoFy) ..
+ “( 0 0 U) Rf VI/} (1(1/15 . ])
w

+0(u?).

Using Egs. (10) @2,(11) @2,(20) 2 ,(25) &, we construct pdfs for S(¢) and F (¢) at the end of cycle t = 7.
Then, we randomly sample a number from P (S, 7) for S(7) and another number from P (F, 7) for F
(7). Those two numbers are cell numbers in a single Adult. We repeat this process for each
Newborn to get cell numbers of all Adults. Note that the initial values for the Newborn i are

So =8 Fy=FE" o%,=0,and 0%, = 0. This process only requires two random numbers per

collective while the result is consistent with the individual-based simulation.

Now, we check validity of Gaussian approximation for probability density functions of S and F
populations. If we consider mutation from S to F as death in S population, then the process in S
corresponds to a branching process with death. Also, the birth process in F including mutation
results in a Luria-Delbriick distribution[3 %]. Thus the distributions of Adults’ S and F numbers
are more skewed and heavy-tailed than Gaussian. But this problem is alleviated by larger initial S
and F numbers and when the maturation time 7 is not very long (see Fig. 1®). Since we usually
consider larger initial cell numbers, we use the Gaussian approximation on S and F populations in

further calculations.

Selection

After sampling cell numbers of each Adult in the maturation step, we compute the F frequencies in
each collectives {f\'),- -, f,f;f’j} . We denote the F frequency of collective i at time ¢ = 7 in cycle k as

f,fjl . Among the g Adults, we select one collective with the F frequency which is the closest value to

the target frequency f . The selected Adult’s F frequency value is denoted by f:.
In mathematical expression, the selected frequency is defined by
fr= argminf:i!ée{l___’ 51 \f,f‘,)r — fl. (27)

Reproduction

Using the chosen Adult, we generate g Newborn collectives for the next cycle k + 1. The most
natural way is consecutive random sampling N, cells from the selected Adult without replacement.
In mathematical expression, we first randomly sample £, = F cells and draw

k41,0
Sé-l‘gl o= No— F

1o S cells from the selected Adult. Next, we sample FA(Q)l o, F cells and

52 o = No — F2), S cells from the remalnmg cells in the Adult. We repeat the process g times.
Then the jpdf to choose Fy.), .- . F7, o Fcells, P(EY, .- F%, ), follows a multivariate

hypergeometric distribution.

Juhee Lee et al., 2025 eLife. https://doi.org/10.7554/eLife.97461.2 21 of 65


https://doi.org/10.7554/eLife.97461.2
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Comparison between the calculated Gaussian distribution (“Gauss”, with the mean and variances computed from Egs.

(10)2,(11)3,(20) Z,(25) @ ) and simulations using tau-leaping (“tau”). The simulations run 3000 times. The initial number of
cells are (Sq, Fp) = (990, 10), (500, 500), and (10, 990) for each column. The parameters r = 0.5, w = 0.03, y = 0.0001, and T = 4.8

are used.
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Fig. 2.

Congruence between consecutive sampling (MHG for multivariate hypergeometric distribution) and independent binomial
(BN) sampling. The initial numbers of cells are S = 8000 and F = 2000 for the left panel, and S = 20 and F = 5 for the right panel.
10000 samples are drawn for each distribution. Here, a parent collective is divided into 10 collectives.
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If we assume that the selected Adult size N} = S} + F}' is large enough compared to Newborn
size Ny, the consecutive sampling is well approximated to the independent binomial sampling (see

Fig. 22). Thus, we independently sample g numbers of F cells, {F{), .-, F(?, ,}, from the
binomial distribution. The probability mass function of each F}ﬁ Lo 18 given by
No! " Wy
(0 (F) = T - T R (= A 25)

After sampling, the numbers of S cells are set to be s}"),

(0) = No — F), , for each collective.
We can now start cycle k + 1 with these Newborn collectives. By repeating the above three steps
(maturation, selection, and reproduction), we run the simulation until F frequency reaches a
stationary state.

Simulation Result

Figure 32 presents the composition trajectories of all collectives using tau-leaping algorithm in
the maturation step. The selected Adults have the closest composition to the target composition f .

The selected Adult can have smaller F frequency than its parent Adult, so F frequency can be
lowered after cycles.

In Fig. 4@, we plot the absolute error d between the target frequency f and g — |(f*) — f| at
the end of simulations (1000 cycles). Since the computing time for Tau-leaping algorithm
(individual-based simulation) to reach 1000 cycles is very long, we used the sampling scheme in
the above subsection. In the colormap, errors higher than 0.15 are marked with gray, which
indicates selection failure. The dashed lines indicate the same boundary in Fig 2e® in the main
text.

II. Conditional probability distribution of the selected

collective frequency f * and selection progress Af

In the main text, we identify the region of success by using selection progress

Af = Median[W(fz,,|f{)]— fi, which is obtained from conditional pdf of f;,; the F frequency of the
selected Adult at cycle k + 1) given the selected f}* at cycle k, written as ¥ (f;,, = f|f). We consider
the challenging case where [ is above the target value (f; > f} , and therefore the Adult with
minimum F frequency will be selected. To get an analytical expression of ¥(f},, = f|f{), we first
find the conditional pdf of f of Adults in cycle k + 1 given f;* at cycle k. Then, we find ¥(f;,,|/;)
from the minimum value distribution of F frequencies among g Adults. Below, we describe
mathematical details of this process.

Let us start from the reproduction step from the selected Adult in cycle k. We reproduce g
Newborns in next cycle k + 1. Then the probability distribution of the F cell numbers in Newborn
collectives is given in Eq. (28) . If the total number of cells in a Newborn collective N is large
enough, Eq. (28) 2 is approximated by the Gaussian distribution Fk(fﬂ 1o~ NWNofe, Nofr(l = f).

Then, the probability density function that f.”/, ; to be {in Newborn collective i is

N _ No(¢—17)?
P, (|f)= 0 e HFRO-IT) (29)
Fet1.0 : 2nfr(l — 1)

The Newborn collective i has initial cell numbers Sﬁi A

we ignore cycle index k + 1 in subscript and i superscript for convenience.

= No(1—¢) and £

1.0 = No¢. From here,
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Fig. 3.

a Trajectories of F frequency for 10 collectives (g = 10) over time. The collective whose frequency is closest to the target value
is selected in every cycle (black lines). The gray lines denote the other collectives. For parameters, we used S growth rate rs =
0.5, F growth advantage w = 0.03, mutation rate y = 0.0001, maturation time 7= 4.8, and Ny = 1000. b Comparison between
frequency trajectories with selection (the chosen one Adult producing all offspring; black) and without selection (each Adult
producing one offspring; blue) clearly shows the effect of artificial selection. The black line indicates F frequency of the
selected collective fj ateach cycle in a. The blue line indicates the average trajectory without selection fyg (the average of

g =10 individual lineages without inter-collective selection at the end of each cycle).
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Color map of the absolute error d = |{f*)— fl averaged selected collectives at the end of simulations (k = 1000) and the
target frequency f . The solid and dashed lines are drawn by the arguments in the main text. For parameters, we used rg=
0.5, w =0.03, y = 0.0001, Ng = 1000, g = 10 and 7 = 4.8. The result is the average of 300 independent simulations. Compared to

Fig. 2e (2, this figure has a higher resolution.
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Next, we write conditional pdf of Adults’ F frequency with given Newborn F frequency ¢. We
assume that cell numbers in Adult S(7) and F (7) follow Gaussian distributions as in Eqgs. (5)& and
(6) . Based on Egs. (10) 2, (11) 2, (20) 2, and (25) @, we have

S(7) = 8(7) + o5(7)Gs(7), (30)
F(r) ~ F(1) + op(T)Gr(7), (31)

where Gg(7) and G (7) are random variable following the standard distribution .#(0, 1). Note that
each Gaussian is sharp if Newborn size Ny is sufficiently large (S5(7)> os(7)and F(7) > op(7).
Then, we can approximately write f(7) as

F(r) + op(T)Gr(7)

S(r) +os(t) G’S(TJ F(r)+or(T)Gr(T)
~ f(7) + oy ()G (7). (32)

f(r) ~

The mean of fis given by

F(r) Wr+ 50 - QW —1)

F(r) — il , 33
T = S )~ T=c+ W, + EQ = O, — 1) (33)
and the variance is

37y = LT + Fo)Po3(0) (345

N(r)2
1
0B (1 =)+ CWy + £(1 = (W, — 1))

ez ew v B (s oo o
[(1 ¢) (QIV,(RTIVT 1)1 g)(1+2(‘)/.%};’.,,1*[/:r W’+1+2w/rs))

(W4 2 -, - 1) (1 - (R, - 1)} |

where R. = 757 and W, = e”". The average Adult size is N(7) = 5(r) + F(r). Thus the Adult’s F
frequency f (7) = f; follows the Gaussian distribution N(f,, J}f ) whose pdf is given by

1 (fg—'f?ﬁ
Prfl) = Zgmme H (35)

Next, we get the conditional pdf of fi+1,- (offspring Adult’s F frequency in cycle k + 1) given f} .
We multiply Eqs. (29) @ and (35) & and take integral over {:

1
Phor (FIf2) = [ 4¢P - (F1C) Posro(CI12). (36)
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After maturation in cycle k + 1, the Adult with the smallest frequency is selected among g Adult
collectives, denoted as f;"} . The pdf of f;"} is obtained by the theory of extreme value statistics

[4C7]. The cumulative distribution function (cdf) of the minimum value f'}"} is given by

Cpmin (fIf7) = Prob[filf] < fIfi]
=1- Proh[fi.‘ffj > flfr]
=1-Prob[(fi} . = HAFH, = HA AL > IR (37)

Since frequencies are independent and identically distributed,
Crumn (1) = 1= [Prob(fiy1,- = )Ifi]°. Note that Prob

[fk+1n— > f‘fﬂj] == ffl dflpf'k+1,r(f’|f;) =1- fnj-df’Pka,r(f"fi:): 1- C,fk+l_7(f|fif)’ and Eq' (37)@
becomes

Cran (F1f8) =1— (1 = Cpp  (F1F0)° - (38)

Then, the probability density function ¥(f;,,|f) is obtained by differentiating Eq. (38) & with
respect to fand replacing f — f : +1°

V(fialfd) =9 (1= Cpopn s (Foal )™ P (| 2). (39)

We compute the probability density function(39) by using numerical integration and compare it
with the stochastic simulation results in Fig. 5. The two distributions are similar.

To get the analytic approximation of the median of Eq. (39)2, we assume that the Adult’s F
frequency distribution is Gaussian. Then we only need to calculate the mean f(r) and variance

O'JQc (T) of Adult’s F frequency. Instead of calculating the integral with respect to {'in Eq. (36) &3, we

put a set of initial value from Newborn’s F frequency distribution N (f}, fF(1 — f#)/Ny) in Egs.
(12)=,(13)=2,(20)2,(26) Z:

So = No(1 =tk Fo= Nofy, ‘79(1 = Nofi (1 - fz), UFu = Nof(1 - fi), and

SFy — SoFg=—Nyfr(1— f;). Then we have

sy, F() i, + B(1 = ) (W, —1)
ISy S +F(r) 1—=ff+ W+ 20— W, —1) (40)
o3 (t) = (1 =7%) y "

NoR, (1— ff + fiW, + £(1 — f)(W, — 1))*

AW {@ - 2 + 252 R W — (1= 1) — FiWs)

sea-fa-m (S -2 Rw-wir

rg
—— + 2 R W,
re + 2w + 2w +2Ji )

+2f5 (1 + )R, — YW (W, — 1)} +O0(1?)]

which give rise to Eq. (3) @ and Eq. (4) 2 in the main text, respectively. The functional form of
Eqgs.(40) 2 and (41) @ are plotted in Fig. 6a @
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Fig. 5.

The probability density functions of the selected Adult’s F frequency fi+1 subtracted by fj:. For simulations (blue), at each

integration. The median values of the distributions are shown in Fig. 4a in the main text.
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a Mean (Eq. (33) @) and variance (Eq. (34) 2 ) of fvalues of Adult collectives with respect to the Newborn frequency f,. b
Scaling relation of F frequency variance (Eq. (41) 2) with Newborn collective size Ny. The initial F frequency is 0.5. The
parameters are rg = 0.5, w = 0.03, y = 0.0001, and T = 4.8. ¢ Relation of F frequency variance (Eq. (41) 2 ) with maturation time
T. Other parameters are the same as b.
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The median (Median [W(f;,,[f})] = f) of Eq. (39) & satisfies C frmin (flf,() = 1, which means
=gt ( : ) If we assume that the distribution Eq. (39) @ is Gaussian, then the inverse function

o

7 fre41,r

Median{¥ (2 ] = Oz, (22) =)+ [0 (22) ] oy, (12)

g

('—1) can be written as

9

where ®1(y) is an inverse cumulative density function (CDF) of the normal distribution with
mean f(r) in Eq. (41)&@ and standard deviation o7 (1), a square root of Eq. (41) 2. Subtracting f;
from Eq. (42) &2 gives the selection progress

AF = Median[¥(f} 1| f)] - £ = F(r) + [@ (1“72)} os(r) - fi (43)

which is Eq. (2) @ in the main text.
Further, we get an asymptotic expression of ® (In 2/g) when g is large (or @~ (y) with small y).

Here, we introduce a method from [5]. We start from the CDF of the standard normal

distribution, &(z) = (erfe(—z/+/2)/2 Where the function erfc(x) is the complementary error
function. To get the expression of ® 1, we need an asymptotic expression of inverse of y = erfc(x)
function (x = erfc () as the inverse CDF ¢! (y) = —v2erfc™!(2y). The known asymptotic

expansion of y = erfc(x) for large x is erfe(z) = gt /x/T - By taking logarithm of both sides, we

have

; 1
r?~ —Iny — 3 In Ta2. (44)

Replacing x? on the righthand side in Eq.
logarithmic form of

)2 into the expression itself, we get continued

1 1 1
¥~ —Iny — §lnw(—hly— ihl?r(—lny— §1n---). (45)

Inserting x = erfc"l(y) (square root of Eq. (45) 3 ) into the inverse CDF

(I)_l(y) = _ﬂerfc—l(gy) we have ¢~ —+/—2In2y — Inw(—In2y—---). So, the
asymptotic expression of @~ (In 2/g) is given by

o~ (1112) —v/2Ing —In[lng] +---. (46)
g

III. Critical newborn size N, to allow all target frequencies

First we note that rr in Eq. (41) 2 is proportional to N~ ! for the following reasons. Variance

0) @ scales linearly with Ny since both ‘5, and O’S o scale linearly with N;. Variance

% also scales linearly with Ny because O’F os Fo, So, and covariance 57, — 5,

all scale hnearly with Nj. The mean Adult size N(r) = 5(r)+F(7) is also proportional to N

because the average cell numbers in Egs. (10) 2 and (11) & are linear with respect to Ny. Thus, the
scaling relation of Eq. (41) @ is given by

of(r) =[(1 = f(7))?0%(7) + F(7)?03(7)]/N(t)* ~ No/NG ~ 1/No.
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Fig. 7.

Median (orange) and mean (violet) have similar distributions. We performed 1000 simulations to get probability density. a g =

10, b g =100, and ¢ g = 1000. Initial F frequency is fi = 0.5.The parameters are rg=0.5, w = 0.03, y = 0.0001 and 7 =

In[1000)/rs.
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Small Ny makes all target frequencies achievable shown in Fig. 4a in the main text. That is
because small N induces large o5, and thus Ny smaller than a certain critical value N, makes the
selection progress Af always negative regardless of the value of f} (i.e.

Af =F(r)+ [6*1(%)} or(r)= fi <0). That means the inter-collective selection overcomes intra-collective
selection in any target frequencies. To get an analytical approximation of the critical newborn size
N, , we simply assume that selection progress Afis maximum at f = 1 — f}! = % where the
changesin f and rrfr are fastest. If the maximum value of Afis zero, all other values of Eq. (42) &
are negative, which naturally states all targets are achievable. Putting f; = %,Eqs. (40) & and
(41) @ become

(7) W, + LW, — 1)

OE(T)| ot = X (48)
£ fr=3 1+VV " (I‘V-,—*l))q

F(BRW, —1-W,)

l—|

+

M 2w 5 g o
fal = W2 — W, v, QWL (W —
w {((7'S+2W 1) Rl H”-in?"s-i-QwﬁnﬁtL )+{3R* )W (W I)H

So, by setting Afl;.—y = F(r)lsz—y + [07(22)] o(7)l 5,y — § =0 with N, = N, we get a solution of

“ _1 (In2 8
Ny = [q (7)] R, [1+VV + AW, 71)] [17 r*%(erl)]Q X (49)

lw, BRW, —-1-W;)

‘2 3 a
I Y _1)R W2 -W, + —5 + R,W, | + (3R, — 2)W, (W, — 1)
w rg + 2w rg + 2w

Thus, all target frequencies are successfully selected with Newborn size Ny smaller than ¥, . If

mutation rate is zero, the critical value becomes

i {q)_l (1112)]2 8W, 3R, W, — W, — 1) (50)
' g R, (W2—-172

IV. Selection without mutation y =0
When the mutation rate is zero, two genotypes behave as two distinct species. The compositional
change is provided by Eq. (42) > with setting u = 0. Corresponding f in Eq. (40)@ and a? in Eq.

(41) @ become

fiW:
L= ff "+'f4r:'fI’rV'r1

_ (= FOWe (2 - 28 +22) R W, — (1 - £7) — Fi W]
NoR, (1 - f7 + frW,)*

f(r) = (51)

(52)

Juhee Lee et al., 2025 eLife. https://doi.org/10.7554/eLife.97461.2 30 of 65


https://doi.org/10.7554/eLife.97461.2

-
o

! 0.15
o~
0.8 v
«
3 g
c ~
§ 06 010 g
g S
@ s
w ]
o 0.4 'du,
2 0.05 5
[l [<}
0.2 §
0.0 0.00

-0.05 0.20 0.40 0.60 0.80 0.95
Initial Frequency f,

Fig. 8.

Simulation with zero mutation rate. Color map of the absolute error d = |{f*) — f| between frequency (f*) of the averaged
selected collectives at the end of simulations (k = 1000) and the target frequency f . For parameters, we used r¢ = 0.5, w =

0.03,4=0, Ny =1000,g =10 and t=4.8.
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Equations (51) @ and (52) @ suggest that when a community consists of two competing species,
we obtain similar conclusions on the accessible region for target composition. The stochastic
simulation results are present in Fig. 8 2.

V. STronger or weaker advantages w

The solution of equation (2) in main text provides the boundary values with varying the w, the
fitness advantage of F over S. We numerically calculate the solutions and plot in Fig. 9(%.

VI. Deleterious mutation w <0

In the main text, we show the target composition can be achieved in some ranges of initial and
target values when the mutation is beneficial to growth. The same analogy can be applied when
the mutation is deleterious. Since the F cells grow slower than the S cells (w < 0), the F frequency
naturally decreases in the maturation step. Then, the challenging case is selecting larger F
frequency against to the intra-collective selection. So the conditional probability distribution

U(fE 1| fE) that we consider now is a maximum value distribution of Eq. (36) . Thus, instead of
Eq. (37) 2, we look for the cumulative distribution function of the maximum value f{7F such that

Cpmax (fIf) = Prob[fi%F > fI 7]
= Prob((f, (1) 2 HAGEL() = DA AT 2 DI 6G3)

If all frequencies are independent and identical distributed random variables, the cumulative
distribution function becomes

Crmac(f117) = (Cpopn . (L1117 - (54)

Likewise in the previous section, we get the conditional probability density function by
differentiating Eq. (54) 2 with respect to fand replacing f — f;,, as

\Ir(f:+l|f:) =g (kaﬂ.r(f:Jrllf;))gil Pfk+l.'r(f£+l[f;)‘ (55)

The distribution in Eq. (55) 2 is evaluated for various /7 in Fig. 10a with numerical
simulations, and the median values of distributions are presented in Fig. 10b ™. In the case of w =
-0.03, the target frequency lower than around 0.3 and larger than around 0.7 can be selected.
Since the sign of w is opposite to the result in the main text, the diagram is reversed from Fig. 2e @
in the main text.

VII. Selecting more than one collective

In the main text, we choose one collective which has the closest frequency to the target among g
collectives. Such ‘top 1’ strategy allows us to apply extreme value theory. However, ‘top 1’ may be
too restrictive [6 (2 ]. Thus, we test the ‘top-tier’ strategy by choosing top 5 among 100 Adults (Fig.

heritable variations-such as stochastic fluctuations in species composition introduced by pipetting
- caused nonheritable variations in collective function. Nonheritable variations could potentially
mask desired mutations if these mutations happened to occur in an ‘unlucky’ environment that
yielded lower collective functions. Hence, lenient selection would allow the preservation of these
mutations. In contrast here, stochastic fluctuations in genotype composition is heritable: a parent
Newborn with lower F frequency fwill tend to have offspring Newborns with lower fvalues.
Hence, top-1 is more effective in this study.
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Fig. 9.

Change of success region in varying selective advantage w. rg= 0.5, w = 0.03, y = 0.0001, Ny = 1000, g = 10 and t = 4.8.
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Artificial selection also works for deleterious mutation. a Conditional probability density functions of _f;+1 — f;: for

various f; values. The left-hand side distribution is obtained from simulations and the right-hand side distribution is
numerically obtained by evaluating Eq. (55) @. Small triangles inside indicate the median values of the distributions. b the
median value of distributions at a glvenff:The points where the shifted median becomes zero, Median

(W (fiyr — flf7)]) = 0 are denoted as fL and f Y, respectively. ¢ The relative error between the target frequency f and the
ensemble averaged selected frequency {f5) is measured after 1000 cycles starting from the initial frequency [, o . Either the
lower target frequencies or the higher target frequencies starting from the high initial frequencies can be achieved. The black

dashed lines indicate the predicted boundary vaIuest and fL in a.
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VIII. Extension to three-population system

We assume that collectives consist of three genotypes with slow-growing(S), fast-growing(F), and
faster-growing(FF) types. The growth rate of S is rg. Each mutation adds w to the growth rate. Thus,
the F and FF types have growth rates rg + w and rg + 2w, respectively. The mutation rate is y. So,
the birth and mutation events are written by the chemical reactions:

S 5 S48, (56)
F ﬁ F +F, (57)
FF %f;’) FF + FF (58)
S & F, (59)
F & FF (60)

We write a master equation of the processes for P (S, F, FF, t) which is the probability to have S, F
and FF numbers of S, F, and FF cells at time ¢, respectively.

M =rg(8—1)P(S — 1, F, FF,t) — rsSP(S, F, FF, ) (61)

[
+(rs +w)(F —1)P(S,F — 1, FF,t) — (rs + w)FP(S, F, FF, t)
+(rs + 2w)(EF — 1)P(S, F, FF — 1,t) — (rs + 2w)FFP(S, F, FF, t)
+1(S+1)P(S +1,F — 1, FF,t) — uS P(S, F, FF, 1)

+u(F +1)P(S,F + 1,FF — 1,t) — uF P(S, F, FF, ).

The composition of collective i in cycle k is now represented with two frequencies

(0.0 (t)) = py” (t) where the F frequency is f i (1) = £, (6)/ (S (1) + " (1) + FF{" (1)) and
the FF frequency is hf) (t) = }Jyﬂé”(t) /(S}j’(t) i Ffi)(t) 4 1«'}'}5” ())- Then, the target composition is
set to be (f i}) . The composition of the selected Adult in cycle kis (f}, h}) = p}.. We apply the

processes used in the above section II to obtain the conditional probability ¥(p;.,|pi) by using the

whose composition is (f;,2;,)= p; . Then, Newborn collectives are independently sampled from a
multinomial distribution. For convenience, we drop the collective index (i). Then, the conditional
joint probability mass function of Fy4 o, FFy+1 g cells is represented by

No! y
(No — Frt1,0 — FFr41,0) Fot1,0' FFi41.0!
(1 s ff - hl‘.)f\rﬂ*Fk+l.U*FFk+l.0(f;)Fk+l.U(h::)FFk+l.U:

P(Frir1,0, F¥Frr1,0fi, i) = (62)

where the number of S S, 1 ¢ is automatically set to be Sy.q g = Ng = Fy11,0 = FFis1,0- Then, the
approximated multivariate normal distribution is N(Nypj, NoMy. ) Where the mean distribution
is pi = (fg,h;) and covariance matrix is M. The diagonal terms of My, are variances

gg( = X2_ [X“F and the off-diagonal terms are covariances gyy = XY — X Y . The matrix is

given by
Q=) _ ik 52 "
M i Ny N3 = fr+1,0 frt1,0his10 (63)
k1l = Jelhi  he(A=hp) | = |gy o2 4
- "’Vo —Ng_ .]‘F.!+1,0h-k+l,0 h‘kJrl-O
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Selecting Top-5% outperforms selecting Top 1. We bred 100 collectives and chose either top-1 collective (solid line) or top-5
collectives (dashed line) with f closest to the target value 7 (black dotted line).
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Then a Newborn’s composition p({, n) follows the multivariate Gaussian distribution
(¢,m) ~ N(p;,M;1) whose joint probability distribution is given by

* _ 1 ¥ =1 T
Ppk+1,o(p|pk): s(p—pi) M (p—py) _ (64)

1
: e
V 27{'2\ fdet M .41

At the beginning of cycle k, a newborn collective starts from (S, Fy, FFy) cells (for convenience,
cycle index k is dropped.) In terms of (¢, ), each initial numbers are Sy = No(1- { - 1), Fy = No¢, and

%&t) Bl — B (D) (65)
dF (t - = =
T — (rs +FW) + n(S(0) - F ) (66)
dFF(t S -

0 _ (v + 20)FF() + uF (1), (67)
Q2 _ _
O —2rs — WS 4 (r 4 S, (68)
dF? =5 7 SF LT
—— =2rs +w—WF? + (rs +w+ p)F + u(2SF + F), (69)
T2 - _ -
d‘j = 2rs + 20)FF? + (rs + 2w)FF + u(2FFF + F), (70)
dSF So— = =
— = (2rg +w — 2u)SF + p(S? - 5), (71)
M;SF = (2rs + 3w — u)FFF + u(SFF + F? — F), (72)
% = (2rg + 2w — p)SFF + uSF. (73)

The initial conditions of the system in coupled Egs. (65) 2-(73) 4 are obtained by the mean and
(co)variances of Eq. (62) . By solving equations numerically, we obtain a set of mean cell
numbers (S, F,FF) and a set of variances (¢%,0%,0%) as well as covariances (Ogr, Of pr, Osrp). We
assume that the covariances are smaller than the variances. We consider S, F, and FF as Gaussian

random variables

S(t) ~ S(t) + o5(t)Gs(t), (74)
F(t) ~ F(t)+ op(t)Gr(t), (75)
FF(t) ~ FF(t) + opp ()G rr(t). (76)
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Then, the F frequency becomes

~ F(t) +or(t)Gr(t)
S(t) +os(t)Gs(t) + F(t) + op()Gr(t) + FF(t) + o ()G e (t)
~ f(t) + o (t)G (1), (77)

ft)

where f=F/(S+F+FF) and o} = (72 (0% +03p) + (1 - TQ)(T%) /(S+T+TF). Similarly, the FF frequency

is

~ FF(t) + o (t)Grr(t)
S(t) +os(t)Gs(t) + F(t) + op(t)Gr(t) + FF(t) + opp(t)Grr(t)
~ Bi(t) + on(H)Ci(2), (78)

h(t)

where % = FF/(S+F +FF) and o2 = (E”(ag +o)+(1- EQ)J;F) /(S+F +FF). The dynamic flow of F and
FF frequencies during maturation is shown in Fig. 12a@. If the covariances are small enough, we
can approximate the joint probability distribution of Adult’s composition (f;, h;) = p; as

1 _u=TFn? 1 _ (h‘—Hrg?
Qﬂ'fT PR S 2th ) (79)

P, - ¢
p. (PP) By, amon.

With cycle index k, we get conditional probability of matured collectives Pp,., . (p|p}) by

1: 1
Pov.r.. (IDL) = f dc / i Pov. . (D16 1) Pouyeo (G 1IDL): (20)

We select the Adult collective among g Adult collectives such that the change in frequencies during
maturation could be compensated. During maturation, a frequency distribution moves in different
directions in (f; h) space depending on the initial composition (f}, h}) So, we take different
directions to obtain the extreme value distributions. Considering only the sign of the frequency
changes in fand h, we take either maximum or minimum. The mean change in h is always positive
in the whole (f; h) space since dFF/dt is always positive in Eq. (67) . Thus, we choose the
minimum value A}"{"} in every selection step.

If themean (), = ['df [\ di fP,,., (f h'|p}) islarger than f}, the minimum value among

B2 A, will be chosen in selection step to compensate the frequency change in

maturation step. Let us denote the selected valued of fand has f;,, = min(f{}, . fi7, .- f12 )

and hj,, = min(h), b, .- k), ). We temporarily drop time index  for simplicity.

Then, the joint cumulative distribution function Cpx  (f,hlpy) = Pr(fi , < fAhL, < hpi]is

*
k1

! h
Cpz,,(f-hlp}) = f df' f di' Py (S, |p})
0 0
1 1 1 il
Ry Ty
0 f 0 h e
1 1 1 1
:f df’[ dh’PpL.;.l(f,’h"pz)_/} d_f’f (Hl’Pp:_"_l(f’,h’|pZ)
0 0 h 0

o1 1 1 1
[ f di Pos_ (f', H|P) + f af’ f dh P, (f',1|p})
0 h g ' i h o

=1-Pr[fiy 2 fIpr] — Prlhgiq > hlpp] + PI'[f.f:.-‘H = fA h;::+1 > hlpg]. (81)
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The probability Pr[fi ., = f A ki, = hlpi] can be converted as

Pr(fii = fAhjyq > hipg]
=Prlfi 2 fAR ZRASE 2 FARD 2 hA- A S 2 f AR, > hip]]
= [Pr(fer1 2 f A b1 > b pi])Y
= [1 = Pr[feq1 < fIpp] — Prlhesy < hlpE] + Prfrsr < f A higa < hlpgll?
= [1 = Cjp (FIPR) = Chyyr (RIDR) + Co, (£, RIPR)] (82)

where ¢, (f,hlp;) = [ df' [ di' Py, (', |p}) is a conditional joint cumulative distribution

function of (f O p@), The marginal cumulative distribution functions are

i |
Crons (FlPL) = fo daf’ /; dh' Py, (F' 1|00, (83)

h
Chk+1 h[p;\)—/ dff dh’ Ple f’?h']p;).ype (84)

Similarly, the probabilities Pr[f;,, > flp;] and Pr[h}, , > h|p] are converted into

Prlft,, = flpil = [1 = Cp,, (fIP})]” and Pr[h} ., > hlp}] = [1—Cy,,,(kp})]”. Thus, the joint

cumulative distribution function is

Co,, (frhlp}) = 1= [1 = Cpy (F180)]° = [1 = Oty (lpR))°? (85)
+ [1 - ka-H (flp:') - Cr'!-k+1(h|p:) + Cpi.-+1 (fa h|p:)]y

Then, the conditional probability of the selected collective is given by

82
Por. (f, hlpy) = afoh Cpy,, (f; hlpk)
— g(g == 1) [1 - ka+l (f|p;:) = Chk+1 (”'|PI-—1} o CPA:+1 (.f ’1|PZ)]y_2 (86)

X (P (fIPr—1) — 05 Cpp sy (fs RIPE)) (P iy (MPE_1) — OrCpyy, (f; hlPL))
* * x319—1 i
+g [l - ka+1(f|ph) = le;.-+1(h|pkfl) + Cpk+1 (f? h"pk)]J Ppk+1 (f': hlp.k)i

where 8;Cp,.,,(f.hlp}) = ZCp,.,(f.hIp}) = [y dW' Py, (f.7/|p}) and
* 6 *Y f
MCpysr (FIDL) = ZCopii (£ 1IDE) = [ df' Py, (£, hIp})

If the mean f.1 . is smaller than f}, the chosen collective is likely to have maximum fvalues

among g matured collectives. Then, the definition of f " is written by

= (1) (9)
f}:+1 = HldX(fA_+1 fk+1a ty ;\-+1)'

We rewrite the joint cumulative distribution function €y, (f, h|p;) to be little different from Eq.
(81) because now we have to utilize the condition f* < finstead of f* > f,

h
Counr (F, BlDY) = f df’ ] dn' Py (1", K1p})

=/0 df’(/o 7[;: )dh' Pyy  (f', 1 |px)

! 1 f 1
= / daf’ / dh' Pog, (f', ' |P}) — ] df' [ dn Pog,, (F, 1 Ip}).
0 0 0 h
= Pr{fi < P} — Prlffys < £ A By 2 A}, (87)
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The probability Pr[fi , < fAhi,, > |pi] is converted as

Prfiyr < fAhiys = hipg)
=Prf, < FARD > hAFED < FARG S hA- A < FARD), > hip}] (88)
= [Pr[fis1 < f A bt 2 RIPR])’
= [Pr[fis1 < flPE] = Pr(frgr < f A hayr < h|pi]?

= [C}'L-+1 (f\PI) i Cpk+l (f ’1|PI)]H : (89)
Thus, the joint cumulative distribution function is given by
oy, (£, 1P = [Cross (F1PD]” = [Crosa (F1PE) = O (£, IR - (90)

In this case, the conditional probability distribution function is given by

* a? *
Ppr, (f, hlpy) = chzﬂ(f, h|p})

= 9(g — 1) [Cppr (IP}) — Coria (£, hIPP]* (91)
X(f’flﬁ»l(f‘p;) - OICPR-Jrl(f* ’1|PI:))3:'LCPA=+1(f> hlpE:)

il D — e T BB Bl RIS

By replacing (f, h) to pj.,,, we finally obtain the conditional probability distribution ¥(pj,,|p}),

* * * * * * g-2
g(g—1) [1 - Cfichl (fk-+1|pk} - OIUH»I (hk+1|Pk) + Cpk+1(Pk+1|Pk)} i
X(Pfk+1 (ff+1\PI) = 01Cp, 1 (Phy \PI))(RLW(M = areCle(Pi.lH p))
+g [1 - Cf:c+1(f;:+l |p::) - CIHH—'I (’1ﬁ+1|l)f-) + CP.\:+1 (Pf+1|PE:)1J Ppk+1 (p?:'+l‘p:-)
for foe1,-— fi = 0and hgpq1 - —hy =0
* * * x\]19—2
g(g - 1) [C‘fl.-+1 (fk+1|pk) - CPk+1 (pk+1‘pk)]q
(Pf&--H (f;f+1|p2‘) —07Cp s (PE+1‘PI«))B.’LC;W+J (pl=2+1|p)t)
+Q [ka-ﬂ (ﬁﬂ\?i) = CPk-H. (er_l‘p:)}ﬂ Ppk+l (PZH\F’Z)
for fk+1.‘r - f]: < 0 and ]?'k:+l,r - h: 2 0

Y(prs1lpk) =

(92)

Using Eq. (92) @, we get the mean values of f “and h” as

1 1
Trn= [ d [ b f P (5 R B, (03)

1 1
R, = /0 df’ [D dh' W x Prg, s (F' W1 f2 B2, (94)

We define the accessible region in frequency space where the signs of the changes in both F
frequency and FF frequency after a cycle are opposite to that of maturation (see Fig. 123),

sign (fr — f7) ssign (fugr,r — fF) <0 and sign (hy, | — hy) xsign (g - —h3) <0, (95)

where fi,; . and ff , arethe mean values of F frequencies after the maturation step in cycle k

+1 before and after selection, respectively, and h values are defined similarly for FF. Or, if the
condition is not met, the composition of the selected collective may diverge from the target
composition after several cycles. The accessible regions are marked in the gold-colored area in Fig.
12b . Similar to the two-population case, the accessible region is shaped by the flow velocity of
the composition during the maturation step, as depicted in the flow diagram in Fig. 12a@. Both F
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and FF frequencies tend to increase, and the inter-collective selection can compensate for these
changes if the composition changes slowly when the F and FF frequencies are small. However, if
the changes occur too rapidly when the FF frequency is intermediate, the frequency cannot be
stabilized. So the accessible region is limited to the regions where the composition changes slowly.

This is explainable by projecting the three-population problem into the two-population problem.
The selective advantage of FF relative to the rest of collective mainly determines the accessible
region. The growth rate of the rest varies from rg to rg + w according to F frequency, so the mean
growth rate of the rest is written by rs = rg + f’w where f'is F frequency in S+F. Then, the
corresponding selective advantage of FF is «w = (2 — f’)w which varies between w to 2w. Using
g and ( similar to Sec. I, we get bounds of accessible region (see dashed-line in Fig. 12b 2).
The boundary from projected problem agreed well with the original three-population problem.

IX. Derivation of equations
In this section, we go over the derivation of Eq. (10) @2 -(34) @ for readers not equipped with

advanced mathematics training.

Assumptions: y K w, rg

Equations (10) 2 and (11) @

Equation (10) 2 is straightforwardly solved by integrating Eq. (8) 3. Equation (11) &3 is obtained
using integration factor —(rs+w)t:

—di‘f) — (rs + w)F(t)| e~ rstw)t = ;§ e(rs—n)te—(rstwit (96)
¢
] —(rs+w)t
d F(t)e (rs+w) } = S, e~ (wHn)t (97)
dt ° '

Integrating both sides, we get F(t)e~("s+)t — F(0) = f; (1 —e~w+mt) Thus,

F(t) = Felrstort 4 #So (etr-sw)t _ e(?‘s—#-)t) ~ T elrstuyt | BSo (e(a-sw)t _ ea-st) - (98)
‘ w+ p ¢ w
Equations (16) and (17)
Applying Eq; (4) 2, we have
dS? A o= _,dP(S, F,t)
dt — =t Lot dt
=33 [rsSHS - 1)P(S - 1,F,1) + S*(rs +w)(F —1)P(S, F — 1,1) (99)
S=0F=0
+u(S+1)82P(5+ 1, F — 1,t) — (rS+ (rs + w)F + uS)S2P(S, F, 1)].
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Fig. 12.

a The flow of composition change in F and FF frequencies at each composition (f, h). Top corner indicates that FF cells fix in
the collective. Right bottom corner means collectives with only F cells while collectives contain S cells only at left bottom
corner. Arrow length means the speed of change. b The accessible regions are marked by the gold area. If the signs of
changes in both F frequency and FF frequency after inter-collective selection are opposite to those during maturation, then
the given composition is accessible. Otherwise, the composition is not accessible and will change after cycles. Dashed lines
are the boundary of accessible region by projecting the collective into a two-population problem (FF vs. S+F). The figures are
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We collect the two violet-colored terms and change the order of summation. Note that the first
violet-colored term does not change regardless of whether S starts from 0 or 1 because the term is
zero for S = 0. Thus, the first violet-colored term is equivalent to

S oS [rsS?*(S — 1)P(S — 1, F\t)]. Leta =S - 1, and this becomes
S0 ey [rs(a+1)2aP(a, F,t)]. We reassign a as S, and obtain:

§r5(5'+ )28 P(8, F, )] ii? S3P(S, F,t)

0.5=0 F=05=0
rs > > [(28+1)S] P(S, F.t)
F=05=0
rs(25% + S). (100)

i Ngk:

We collect the two green terms, and similarly obtain:

i i [S*(rs + w)(F = 1)P(8, F — 1,t) — (rs + w)FS*P(S, F, t)]
S=0 F=0

= (rs + w) i i [S*F P(8,F,t) — FS*P(S, F, t)]
S=0F=0
= 0. (101)

Finally, we collect the two orange terms. For the first orange term, the sum is the same regardless
of whether we start from S = 0 or -1. Let S start from -1, and we have

i i [1(S +1)S?P(S +1,F —1,1)] . (102)
=0 S5=-1

Leta =S +1, then the term becomes 37 3> | [uer(a — 1)?P(ar, F' — 1,t)]. We reassign a as
S, and additionally apply index change on F - 1:

piZ[s S —1)2P(S, F,t) — S3P(S, F, t)]

F=0 ¢

=u), 3
F=05

w(-25

Now, add the three parts together, and we have

o0
S=

(—252 + S)P(S, F, t)]

gMSC

) (103)

G2 ey -
% —p (_232 + S) +75(25Z +5)

=252(rg — p) + S(rs + p), (104)
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=3 > [rsF*(S - 1)P(S - 1,F,t) + F*(rs + w)(F = 1)P(S,F — 1,1)
F=

S5=0 0
+u(S +1)F2P(S+1,F — 1,t) — (rsS + (rs + w)F + uS)F2P(S, F, t)]

=33 [rsF?S+ (F+1)(rs + w)F+uS(F +1)* = (rsS + (rs + w)F + pS)F?] P(S, F,t)
5=0F=0

= Y [(F +1)%(rs + w)F+uS(F +1)° = ((rs + w)F + uS)F*] P(8, F,t)
S5=0F=0

=Y ") [(rs +w)F(2F + 1) + pS(2F + 1) P(S, F, t) (105)
5=0F=0

=2(rs + w)F2 4 (rs + w)F + 2uSF + uS (106)

which is Eq. (17) 2.

Equation (18) % and (20) &2

Using integration factor ¢—2(rs—u)t and Eq. (16) &, we have:

G2 . = :
l% — (s - u)52] e = (g 4 p)B 0T 2SR, (107)
i [@e—z(rs—ﬂ)r}
L s+ B, (108)
o g _ ] _
S2e—2(rs—p)t _ ,us +T"u,5',, [e(”_'S}t — 1] + 52, (109)
— s

Since u <rg, we have

82 = ke #—o {E(M_Tsn — 1} e2rs—mt 4 G2 o2(rs—p)t
k—rs
~ gerTst [1 _ e—?'st] + 520621'3151 (110)

S2(t) - S
~ Soe™ ! [1 — 7] + 520! — ("5‘06"5:)2

= Gpe™ 5t [1 —e 78] 4 g?ret (?o - (?0)2) = Go,e?5t [1 — 775 +e?5t02(0). (111)

a5(t)
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Equation (22) and (23)

Since 8 F= Y o ¥ o S FP(E Fii),

dSF ii[SFTS )P(S=1,F,t)+ S F(rs +w)(F = 1)P(S,F —1,t)

S=0 F=0
+S Fu(S +1)P(S+1,F —1,1)
—S F(rsS + (rs + w)F + pS)P(S, F, t)]

oo o0

Z (S +1)FrsS + S(F +1)(rs + w)F + (S — 1)(F + 1)uS

n

=0
SS + (rs + w)F + uS)|P(S, F, t)

I
M3 &,
MSETF

[2rsS F + wS F — uS F + puS* — uS)| P(S, F,t)

tn
Il

0

f=1

2

<

w—p)SF + u(S2 -5). (112)

~
+

S
We can solve this, again using the integration factor technique above:

d[g_pe—(Qrerw—u)t]
dt

= (B2 —B)greti=m, (113)
Thus, we have

?ef(Ev'erwf.u)t _ ﬁo _ M/(ﬁ _ §)87(2rs+w7u)tdt

- f rs + ,U)gu [e(,u,—r_g)t _ 1] e?(rs—u)t
k—Ts

LT, 2rs =t _ Soe(?‘su)f) e~ (2rs o=t gy

_ Ju/(ﬂs + #EG [E_(;i_-;-s)f, _ 82(?75_,..)1 o (2rs+w—p)t
H—Ts

_i_?OeQ(TS—y.)te—(QrS-&-w—,u)t _ goe[?‘s —,u.)t—(Q'rs-l—u—p.)t) di

=i / 'S ¥ lg —(rstw)t _ TS Vg —(uw)e
n—"rs H—"rg

+Sz —(ptw)t R,eﬁ“’ﬁ“)t)dt

2rg — e~(rsta)t _1
= 'u, SO
p—fg  —(fg+w)

; O\ el _q
$ (52(, S . SU) = : (114)
p—rs —(p+w)
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which results in

S . 2 _ p—(rstw)t _ 1 — _ —(ptw)t _q
SF(t)=3% FOE(2r5+w—,u)t. + ,LL{ TS 0E " (Slo _rs =i }LSO)E } o(2rs+u—p)t
st (s ) hrs ) (urw)
— G F o@rs+w-—pt Qrgp - elrs—HIt — e(Brstw—u)t
o ;_L —rg ) —(T’S +w)
o _7s g ) ST - et
+ A
,u( C p—rs O) —(p + w)
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From Eq. (17) @, we have
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The right-hand side becomes
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Note that we have checked that the second and third terms of §F can be ignored after we
compare the full calculation with this simpler version. Integrate both sides:
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Then, we have
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Equations (32) (2-(34) 2

To derive this equation, we use the fact that 1/(1 + x) ~1 - x for small x. We will omit (¢t) for
simplicity. Also note that we are considering relatively large populations so that the standard
deviation is much smaller than the mean.
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Recall that if A ~ .4 (uy, 04), B~ 4 (g, op), then A — B ~ N'(jia — pip, \/0% + 0%). Thus, fis
distributed as a Gaussian with the mean of
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Reviewer #1 (Public review):
Summary:

The authors demonstrate with a simple stochastic model that the initial composition of the
community is important in achieving a target frequency during the artificial selection of a
community.

Strengths:

To my knowledge, the intra-collective selection during artificial selection has not been
seriously theoretically considered. However, in many cases, the species dynamics during the
incubation of each selection cycle is important and relevant to the outcome of the artificial
selection experiment. Stochasticity from birth and death (demographic stochasticity) plays a
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big role in these species' abundance dynamics. This work uses a simple framework to tackle
this idea meticulously.

This work may or may not be related to hysteresis (path dependency). If this is true, maybe it
would be nice to have a discussion paragraph talking about how this may be the case. Then,
this work would even attract the interest of people studying dynamical systems.

Weaknesses:

(1) Connecting structure and function.

In typical artificial selection literature, most of them select the community based on collective
function. Here in this paper, the authors are selecting a target composition. Although there is
a schematic cartoon illustrating the relationship between collective function (y-axis) and the
community composition in the main figure 1, there is no explicit explanation or justification
of what may be the origin of this relationship. I think giving the readers a naive idea about
how this structure-function relationship arises in the introduction section would help. This is
because the conclusion of this paper is that the intra-collective selection makes it hard to
artificially select for a community that has an intermediate frequency of f (or s). If there is
really evidence or theoretical derivation from this framework that indeed the highest
function comes from the intermediate frequency of f, then the impact of this paper would
increase because the conclusions of this stochastic model could allude to the reasons for the
prevalent failures of artificial selection in literature.

(2) Explain intra-collective and inter-collective selection better for readers.

The abstract, the introduction, and the result section use these terms or intra-collective and
inter-collective selection without much explanation. For the wide readership of eLife, a clear
definition in the beginning would help the audience grasp the importance of this paper,
because these concepts are at the core of this work.

(3) Achievable target frequency strongly depending on the degree of demographic
stochasticity.

I would expect that the experimentalists would find these results interesting and would want
to consider these results during their artificial selection experiments. The main figure 4
indicates that the Newborn size NO is a very important factor to consider during the artificial
selection experiment. This would be equivalent to how much bottleneck you impose on the
artificial selection process in every iteration step (i.e., the ratio of serial dilution experiment).
However, with a low population size, all target frequencies can be achieved, and therefore in
these regimes, the initial frequency now does not matter much. It would be great for the
authors to provide what the NO parameter actually means during the artificial selection
experiments. Maybe relative to some other parameter in the model. I know this could be very
hard. But without this, the main result of this paper (initial frequency matters) cannot be
taken advantage of by the experimentalists.

(4) Consideration of environmental stochasticity.

The success (gold area of Figure 2d) in this framework mainly depends on the size of the
demographic stochasticity (birth-only model) during the intra-collective selection. However,
during experiments, a lot of environmental stochasticity appears to be occurring during
artificial selection. This may be out of the scope of this study. But it would definitely be
exciting to see how much environmental stochasticity relative to the demographic
stochasticity (variation in the Gaussian distribution of F and S) matters in succeeding in
achieving the target composition from artificial selection.

(5) Assumption about mutation rates
If setting the mutation rates to zero does not change the result of the simulations and the
conclusion, what is the purpose of having the mutation rates \mu? Also, is the unidirectional
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(S -> F -> FF) mutation realistic? I didn't quite understand how the mutations could fit into the
story of this paper.

(6) Minor points

In Figure 3b, it is not clear to me how the frequency difference for the Intra-collective and the
Inter-collective selection is computed.

In Figure 5b, the gold region (success) near the FF is not visible. Maybe increase the size of
the figure or have an inset for zoom-in. Why is the region not as big as the bottom gold
region?

Comments on revisions:

I thank the authors for addressing many points raised by the reviewers. Overall, the
readability of the manuscript has improved with more context provided around why they
were solving this specific problem. However, I've found many of the responses to be too terse.
It would have been nicer if there had been more discussion and description of the thought
process that led up to the conclusions they made for each comment or question. Instead,
many of the responses only showed the screenshot of the text they added.

Most of my comments or questions were answered. Below are my comments on some of the
authors' responses.

(2) Explain intra-collective and inter-collective selection better for readers.

In the Abstract and Introduction, you've added more sentences about the intra-collective or
inter-collective selection. However, these are either making analogies to the waterfall or just
describing the result of the intra/inter-collective selection. I would still appreciate a proper
definition of those terms, which is paramount for readers to understand the entire paper.

(4) Consideration of environmental stochasticity.

I think providing the reason 'why' the paper focuses on demographic stochasticity and not
environmental stochasticity will greatly justify the paper's work. For example, citing papers
that actually performed artificial selection and pointing out that your model captures the
stochasticity from those kinds of experiments would be great.

(5) Assumption about mutation rates.
It would be great if you could add a citation in the added sentence to support your claim:
"This scenario is encountered in biotechnology: .....".

https://doi.org/10.7554/eLife.97461.2.sa2

Reviewer #3 (Public review):

The authors address the process of community evolution under collective-level selection for a
prescribed community composition. They mostly consider communities composed of two
types that reproduce at different rates, and that can mutate one into the other. Due to such
difference in 'fitness' and to the absence of density dependence, within-collective selection is
expected to always favour the fastest grower, but collective-level selection can oppose this
tendency, to a certain extent at least. By approximating the stochastic within-generation
dynamics and solving it analytically, the authors show that not only high frequencies of fast
growers can be reproducibly achieved, aligned with their fitness advantage. Small target
frequencies can also be maintained, provided that the initial proportion of fast growers is
sufficiently small. In this regime, similar to the 'stochastic corrector' model, variation upon
which selection acts is maintained by a combination of demographic stochasticity and of
sampling at reproduction. These two regions of achievable target compositions are separated
by a gap, encompassing intermediate frequencies that are only achievable when the
bottleneck size is small enough or the number of communities is (disproportionately) large.
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A similar conclusion, that stochastic fluctuations can maintain the system over evolutionary
time far from the prevalence of the faster-growing type, is then confirmed by analyzing a
three-species community, suggesting that the qualitative conclusions of this study are
generalizable to more complex communities.

I expect that these results will be of broad interest to the community of researchers who
strive to improve community-level selection but are often limited to numerical explorations,
with prohibitive costs for a full characterization of the parameter space of such embedded
populations. The realization that not all target collective functions can be as easily achieved
and that they should be adapted to the initial conditions and the selection protocol is also a
sobering message for designing concrete applications.

A major strength of this work is that the qualitative behaviour of the system is captured by an
analytically solvable approximation so that the extent of the 'forbidden region' can be
directly and generically related to the parameters of the selection protocol.

The phenomenon the authors characterize is ecological in nature, though it is maintained
even when switching between types is possible. Calling this dynamics community evolution
reflects a widespread ambiguity in the field, not ascribable just to this work.

Although different types compete for being represented in the next generation's propagules,
within-generation ecology is here representative of exponential growth. As species
interactions are commonly manifest in lab serial dilution experiments, it would be
interesting if future work explores the extent of the robustness of these results to density-
dependent demography.

https://doi.org/10.7554/eLife.97461.2.sa1

Author response:

The following is the authors’ response to the original reviews.
Common comments

(1) Significance of zero mutation rate

Reviewers asked why we included mutation rate even though setting mutation rate to zero
doesn’t change results. We think that including non-zero mutation rate makes our results
more generalisable, and thus is a strength rather than weakness. To better motivate this
choice, we have added a sentence to the beginning of Results:

(2) Writing the mu=0 case first

Reviewers suggested that we should first focus on the mu=0 case, and then generalize the
result. The suggestions are certainly good. However, given the large amount of work involved
in a re-organization, we have decided to adhere to our current narrative. However, we now
only include equations where mu=0 in the main text, and have moved the case of nonzero
mutation rate to Supplementary Information.

(3) Making equations more accessible
We have taken three steps to make equations more readable.
e Equations in the main text correspond to the case of zero-mutation rate.

e The original section on equation derivation is now in a box in the main text so that readers
have the choice of skipping it but interested readers can still get a gist of where equations
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came from.
e We have provided a much more detailed interpretation of the equation (see page 10).

(4) Validity of the Gaussian approximation

Reviewers raised concerns about the validity of Gaussian approximation on F frequencyf(z).
The fact that our calculations closely match simulations suggest that this approximation is
reasonable. Still, we added a discussion about the validity of this approximation in Box 1.

We also added to SI with various cases of initial S and F sizes. This figure shows that when
either initial S or initial F is small, the distribution off(r) is not normal. However, if initial S
and F are both on the order of hundreds, then the distribution of A7) is approximately
Gaussian.

Public Reviews:
Summary:

The authors demonstrate with a simple stochastic model that the initial composition of
the community is important in achieving a target frequency during the artificial selection
of a community.

Strengths:

To my knowledge, the intra-collective selection during artificial selection has not been
seriously theoretically considered. However, in many cases, the species dynamics during
the incubation of each selection cycle are important and relevant to the outcome of the
artificial selection experiment. Stochasticity from birth and death (demographic
stochasticity) plays a big role in these species’ abundance dynamics. This work uses a
simple framework to tackle this idea meticulously.

This work may or may not be hysteresis (path dependency). If this is true, maybe it would
be nice to have a discussion paragraph talking about how this may be the case. Then,
this work would even attract the interest of people studying dynamic systems.

We have added this clarification in the main text:

“Note that here, selection outcome is path-dependent in the sense of being sensitive to initial
conditions. This phenomenon is distinct from hysteresis where path-dependence results from
whether a tuning parameter is increased or decreased.

Weaknesses:
(1) Connecting structure and function

In typical artificial selection literature, most of them select the community based on
collective function. Here in this paper, the authors are selecting a target composition.
Although there is a schematic cartoon illustrating the relationship between collective
function (y-axis) and the community composition in the main Figure 1, there is no explicit
explanation or justification of what may be the origin of this relationship. I think giving
the readers a naive idea about how this structure-function relationship arises in the
introduction section would help. This is because the conclusion of this paper is that the
intra-collective selection makes it hard to artificially select a community that has an
intermediate frequency of f (or s). If there is really evidence or theoretical derivation from
this framework that indeed the highest function comes from the intermediate frequency
of f, then the impact of this paper would increase because the conclusions of this
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stochastic model could allude to the reasons for the prevalent failures of artificial
selection in literature.

We have added this to introduction: “This is a common quest: whenever a collective function
depends on both populations, collective function is maximised, by definition, at an
intermediate frequency (e.g. too little of either population will hamper function [23]).”

(2) Explain intra-collective and inter-collective selection better for readers.

The abstract, the introduction, and the result section use these terms or intra-collective
and inter-collective selection without much explanation. For the wide readership of elife,
a clear definition in the beginning would help the audience grasp the importance of this
paper, because these concepts are at the core of this work.

This is a great point. We have added in Abstract:

“Such collective selection is dictated by two opposing forces: during collective maturation,
intra-collective selection acts like a waterfall, relentlessly driving the S-frequency to lower
values, while during collective reproduction, inter-collective selection resembles a rafter
striving to reach the target frequency. Due to this model structure, maintaining a target
frequency requires the continued action of inter-collective selection.”

and in Introduction

“A selection cycle consists of three stages (Fig. 1). During collective maturation, intra-
collective selection favors fast-growing individuals within a collective. At the end of
maturation, inter-collective selection acts on collectives and favors those achieving the target
composition. Finally during collective reproduction, offspring collectives sample
stochastically from the parents, a process dominated by genetic drift.”

(3) Achievable target frequency strongly depending on the degree of demographic
stochasticity.

I'would expect that the experimentalists would find these results interesting and would
want to consider these results during their artificial selection experiments. The main
Figure 4 indicates that the Newborn size NO is a very important factor to consider during
the artificial selection experiment. This would be equivalent to how much bottleneck is
imposed on the artificial selection process in every iteration step (i.e., the ratio of serial
dilution experiment). However, with a low population size, all target frequencies can be
achieved, and therefore in these regimes, the initial frequency now does not matter
much. It would be great for the authors to provide what the NO parameter actually
means during the artificial selection experiments. Maybe relative to some other
parameter in the model. I know this could be very hard. But without this, the main result
of this paper (initial frequency matters) cannot be taken advantage of by the
experimentalists.

We have added an analytical approximation for NO,"the Newborn size below which all target
frequencies can be achieved in SI.

Also, we have added lines indicating NO in Fig4a.

(4) Consideration of environmental stochasticity.

The success (gold area of Figure 2d) in this framework mainly depends on the size of the
demographic stochasticity (birth-only model) during the intra-collective selection.
However, during experiments, a lot of environmental stochasticity appears to be
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occurring during artificial selection. This may be out of the scope of this study. But it
would definitely be exciting to see how much environmental stochasticity relative to the
demographic stochasticity (variation in the Gaussian distribution of F and S) matters in
succeeding in achieving the target composition from artificial selection.

You are correct that our work considers only demographic stochasticity.

Indeed, considering other types of stochasticity will be an exciting future research direction.
We added in the main text:

“Overall our model considers mutational stochasticity, as well as demographic stochasticity in
terms of stochastic birth and stochastic sampling of a parent collective by offspring
collectives. Other types of stochasticity, such as environmental stochasticity and
measurement noise, are not considered and require future research.”

(5) Assumption about mutation rates

If setting the mutation rates to zero does not change the result of the simulations and
the conclusion, what is the purpose of having the mutation rates \mu? Also, is the
unidirectional (S -> F -> FF) mutation realistic? I didn't quite understand how the
mutations could fit into the story of this paper.

This is a great point. We have added this to the beginning of Results to better motivate our
study:

“We will start with a complete model where S mutates to F at a nonzero mutation rate y. We
made this choice because it is more challenging to attain or maintain the target frequency
when the abundance of fast-growing F is further increased via mutations. This scenario is
encountered in biotechnology: an engineered pathway will slow down growth, and breaking
the pathway (and thus faster growth) is much easier than the other way around. When the
mutation rate is set to zero, the same model can be used to capture collectives of two species
with different growth rates.

See answer on common question 1.

(6) Minor points

In Figure 3b, it is not clear to me how the frequency difference for the Intra-collective and
the Inter-collective selection is computed.

We added a description in caption 3b.

In Figure 5b, the gold region (success) near the FF is not visible. Maybe increase the size
of the figure or have an inset for zoom-in. Why is the region not as big as the bottom
gold region?

We increased the resolution of Fig 5b so that the gold region near FF is more visible.
We have added Fig 5c and the following explanation to the main text:

“From numerical simulations, we identified two accessible regions: a small region near FF
and a band region spanning from S to F (gold in Fig. 5b i). Intuitively, the rate at which FF
grows faster than S+F is greater than the rate at which F grows faster than S (see section VIII
in Supplementary Information). Thus, the problem can initially be reduced to a two-
population problem (i.e. FF versus F+S; Fig. 5c left), and then expanded to a three-population
problem (Fig. 5c right).”
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Recommendations For The Authors

Since the conclusion of the model greatly depends on the noise (variation) of Fand S in
the Gaussian distribution, it would be nice to have a plot where the y-axis is the variation
in terms of frequency and the x-axis is the s_0 or f 0 (frequency). In the plot, I would love
to see how the variation in the frequency depends on the initial frequency of S and F.
Maybe this is just trivial.

In the SI, we added Fig6a, as per your request. Previous Fig6 became Fig6h.

Reviewer #2 (Public review):

The authors provide an analytical framework to model the artificial selection of the
composition of communities composed of strains growing at different rates. Their
approach takes into account the competition between the targeted selection at the level
of the meta-community and the selection that automatically favors fast-growing cells
within each replicate community. Their main finding is a tipping point or path-
dependence effect, whereby compositions dominated by slow-growing types can only be
reached by community-level selection if the community does not start and never crosses
into a range of compositions dominated by fast growers during the dynamics.

These results seem to us both technically correct and interesting. We commend the
authors on their efforts to make their work reproducible even when it comes to
calculations via extensive appendices, though perhaps a table of contents and a short
description of these appendices at the start of SI would help navigate them.

Thank you for the suggestion. We have added a paragraph at the beginning of SI.

The main limitation in the current form of the article is that it could clarify how its
assumptions and findings differ from and improve upon the rest of the literature:

- Many studies discuss the interplay between community-level evolution and species- or
strain-level evolution. But "evolution" can be a mix of various forces, including selection,
drift/randomness, and mutation/innovation.

- This work's specificity is that it focuses strictly on constant community-level selection
versus constant strain-level selection, all other forces being negligible (neither
stochasticity nor innovation/mutation matter at either level, as we try to clarify now).

Note that intra-collective selection is not strictly “constant” in the sense that selection
favoring F is the strongest at intermediate F frequency (Fig 3). However, we think that you
mean that intra- and inter-collective selection are present in every cycle, and this is correct
for our case, and for community selection in general.

- Regarding constant community-level selection, it is only briefly noted that "once a
target frequency is achieved, inter-collective selection is always required to maintain that
frequency due to the fitness difference between the two types" [pg. 3 {section sign}2]. In
other words, action from the selector is required indefinitely to maintain the community
in the desired state. This assumption is found in a fraction of the literature, but is still
worth clarifying from the start as it can inform the practical applicability of the results.

This is a good point. We have added to abstract:

“Such collective selection is dictated by two opposing forces: during collective maturation,
intra-collective selection acts like a waterfall, relentlessly driving the S-frequency to lower
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values, while during collective reproduction, inter-collective selection resembles a rafter
striving to reach the target frequency. Due to this model structure, maintaining a target
frequency requires the continued action of inter-collective selection.”

- More importantly, strain-level evolution also boils down here to pure selection with a
constant target, which is less usual in the relevant literature. Here, (1) drift from limited
population sizes is very small, with no meaningful counterbalancing of selection, (2) pure
exponential regime with constant fitness, no interactions, no density- or frequency-
dependence, (3) there is no innovation in the sense that available types are unchanging
through time (no evolution of traits such as growth rate or interactions) and (4) all the
results presented seem unchanged when mutation rate mu = 0 (as noted in Appendix III),
meaning that the conclusions are not "about" mutation in any meaningful way.

With regard to point (1), Figure 4a (reproduced below) shows how Newborn size affects the
region of achievable targets. Indeed at large Newborn size (e.g. 5000 and above), no target
frequency is achievable (since drift is too small to generate sufficient inter-community
variation and consequently all communities are dominated by fast-growing F). However at
Newborn size of for example 1000, there are two regions of accessible target frequencies. At
smaller Newborn size, all target frequencies become achievable due to drift becoming
sufficiently strong.

With regard to points (2) and (3), we have added to Introduction

“To enable the derivation of an analytical expression, we have made the following
simplifications.

First, growth is always exponential, without complications such as resource limitation,
ecological interactions between the two populations, or density-dependent growth. Thus, the
exponential growth equation can be used. Second, we consider only two populations
(genotypes or species): the fast-growing F population with size F and the slow-growing S
population with size S. We do not consider a spectrum of mutants or species, since with more
than two populations, an analytical solution becomes very difficult.”

With regard to point (4), we view this as a strength rather than weakness. We have added the
following to the beginning of Results and Discussions:

“We will start with a complete model where S mutates to F at a nonzero mutation rate y. We
made this choice because it is more challenging to attain or maintain the target frequency
when the abundance of fast-growing F is further increased via mutations.”

“When the mutation rate is set to zero, the same model can be used to capture collectives of
two species with different growth rates.”

See Point 1 of Common comments.

- Furthermore, the choice of mutation mechanism is peculiar, as it happens only from
slow to fast grower: more commonly, one assumes random non-directional mutations,
rather than purely directional ones from less fit to fitter (which is more of a "Lamarckian”
idea). Given that mutation does not seem to matter here, this choice might create
unnecessary opposition from some readers or could be considered as just one possibility
among others.

We have added the following justification:

“This scenario is encountered in biotechnology: an engineered pathway will slow down
growth, and breaking the pathway (and thus faster growth) is much easier than the other
way around.”
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It would be helpful to have all these points stated clearly so that it becomes easy to see
where this article stands in an abundant literature and contributes to our understanding
of multi-level evolution, and why it may have different conclusions or focus than others
tackling very similar questions.

Finally, a microbial context is given to the study, but the assumptions and results are in
no way truly tied to that context, so it should be clear that this is just for flavor.

We have deleted “microbial” from the title, and revised our abstract:

Recommendations For The Authors
(1) More details concerning our main remark above:

- The paragraph discussing refs [24, 33] is not very clear in how they most importantly
differ from this study. Our impression is that the resource aspect is not very important
for instance, and the main difference is that these other works assume that strains can
change in their traits.

We are fairly sure that resource depletion is important in Rainey group’s study, as the
attractor only evolved after both strains grew fast enough to deplete resources by the end of
maturation. Indeed, evolution occurred in interaction coefficients which dictate the
competition between strains for resources.

Regardless, you raised an excellent point. As discussed earlier, we have added the following:

“To enable the derivation of an analytical expression, we have made the following
simplifications.

First, growth is always exponential, without complications such as resource limitation,
ecological interactions between the two populations, or density-dependent growth. Thus, the
exponential growth equation can be used. Second, we consider only two populations
(genotypes or species): the fast-growing F population with size F and the slow-growing S
population with size S. We do not consider a spectrum of mutants or species, since with more
than two populations, an analytical solution becomes very difficult.”

- We would advise the main text to focus on mu = 0, and only say in discussion that
results can be generalized.

Your suggestion is certainly good. However, given the large amount of work involved in a
reorganisation, we have decided to adhere to our current narrative. However, as discussed
earlier, we have added this at the beginning of Results to help orient readers:

“We will start with a complete model where S mutates to F at a nonzero mutation rate g. We
made this choice because it is more challenging to attain or maintain the target frequency
when the abundance of fast-growing F is further increased via mutations.”

“When the mutation rate is set to zero, the same model can be used to capture collectives of
two species with different growth rates.”

(2) We think the material on pg. 5 "Intra-collective evolution is the fastest at intermediate
F frequencies, creating the "waterfall" phenomenon”, although interesting, could be
presented in a different way. The mathematical details on how to find the probability
distribution of the maximum of independent random variables (including Equation 1) will
probably be skipped by most of the readers (for experienced theoreticians, it is standard
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content; for experimentalists, it is not the most relevant), as such I would recommend
displacing them to SM and report only the important results.

This is an excellent suggestion. We have put a sketch of our calculations in a box in the main
text to help orient interested readers. As before, details are in SI.

Similarly, Equations 2, 3, and 4 are hard to read given the large amount of parameters
and the low amount of simplification. Although exploring the effect of the different
parameters through Figures 3 and 4 is useful, I think the role of the equations should be
reconsidered:

i. Is it possible to rewrite them in terms of effective variables in a more concise way?
See Point 3 of Common comments.
| ii. Is it possible to present extreme/particular cases in which they are easier to interpret?

We have focused on the case where the mutation rate is zero. This makes the mathematical
expressions much simpler (see above).

(3) Is it possible to explain more in detail why the distribution of f k+1 conditional to
f_k"* is well approximated by a Gaussian? Also, have you explored to what extent the
results would change if this were not true (in light of the few universal classes for the
maximum of independent variables)?

Despite the appeal to the CLT and the histograms in the Appendix suggesting that the
distribution looks a bit like a Gaussian at a certain scale, fluctuations on that scale are not
necessarily what is relevant for the results - a rapid (and maybe wrong) attempt at a
characteristic function calculation suggests that in your case, one does not obtain
convergence to Gaussians unless we renormalize by S(t=0) and F(t=0), so it seems there is a
justification missing in the text as is for the validity of this approximation (or that it is simply
assumed).

See point 4 of Common comments.

Reviewer #3 (Public Reviews):

The authors address the process of community evolution under collective-level selection
for a prescribed community composition. They mostly consider communities composed
of two types that reproduce at different rates, and that can mutate one into the other.
Due to such differences in 'fitness' and to the absence of density dependence, within-
collective selection is expected to always favour the fastest grower, but the collective-level
selection can oppose this tendency, to a certain extent at least. By approximating the
stochastic within-generation dynamics and solving it analytically, the authors show that
not only high frequencies of fast growers can be reproducibly achieved, aligned with
their fitness advantage. Small target frequencies can also be maintained, provided that
the initial proportion of fast growers is sufficiently small. In this regime, similar to the
'stochastic corrector' model, variation upon which selection acts is maintained by a
combination of demographic stochasticity and of sampling at reproduction. These two
regions of achievable target compositions are separated by a gap, encompassing
intermediate frequencies that are only achievable when the bottleneck size is small
enough or the number of communities is (disproportionately) larger.

A similar conclusion, that stochastic fluctuations can maintain the system over
evolutionary time far from the prevalence of the faster-growing type, is then confirmed

Juhee Lee et al., 2025 eLife. https://doi.org/10.7554/eLife.97461.2 61 of 65


https://doi.org/10.7554/eLife.97461.2

7 eLife

by analyzing a three-species community, suggesting that the qualitative conclusions of
this study are generalizable to more complex communities.

I expect that these results will be of broad interest to the community of researchers who
strive to improve community-level selection, but are often limited to numerical
explorations, with prohibitive costs for a full characterization of the parameter space of
such embedded populations. The realization that not all target collective functions can
be as easily achieved and that they should be adapted to the initial conditions and the
selection protocol is also a sobering message for designing concrete applications.

A major strength of this work is that the qualitative behaviour of the system is captured
by an analytically solvable approximation so that the extent of the 'forbidden region' can
be directly and generically related to the parameters of the selection protocol.

Thanks so much for these positive comments.

I however found the description of the results too succinct and I think that more could be
done to unpack the mathematical results in a way that is understandable to a broader
audience. Moreover, the phenomenon the authors characterize is of purely ecological
nature. Here, mutations of the growth rate are, in my understanding, neither necessary
(non-trivial equilibria can be maintained also when \mu =0) nor sufficient (community-
level selection is necessary to keep the system far from the absorbing state) for the
phenomenon described. Calling this dynamics community evolution reflects a
widespread ambiquity, and is not ascribable just to this work. I find that here the authors
have the opportunity to make their message clearer by focusing on the case where the
'mutation’ rate \mu vanishes (Equations 39 & 40 of the SI) - which is more easily
interpretable, at least in some limits - while they may leave the more general equations 3
& 4 in the SL

See points 1-4 of Common comments.

Combined with an analysis of the deterministic equations, that capture the possibility of
maintaining high frequencies of fast growers, the authors could elucidate the dynamics
that are induced by the presence of a second level of selection, and speculate on what
would be the result of real open-ended evolution (not encompassed by the simple 'switch
mutations' generally considered in evolutionary game theory), for instance discussing the
invasibility (or not) of mutant types with slightly different growth rates.

Indeed, evolution is not restricted to two types. However, our main goal here is to derive an
analytical expression, and it was difficult for even two types. For three-type collectives, we
had to resort to simulations. Investigating the case where fitness effects of mutations are
continuously distributed is beyond the scope of this study.

The single most important model hypothesis that I would have liked to be discussed
further is that the two types do not interact. Species interactions are not only essential to
achieve inheritance of composition in the course of evolution but are generally expected
to play a key role even on ecological time scales. I hope the authors plan to look at this in
future work.

In our system, the S and F do interact in a competitive fashion: even though S and F are not
competing for nutrients (which are always in excess), they are competing for space. This is
because a fixed number of cells are transferred to the next cycle. Thus, the presence of F will
for example reduce the chance of S being propagated. We have added this clarification to our
main text:
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“Note that even though S and F do not compete for nutrients, they compete for space: because
the total number of cells transferred to the next cycle is fixed, an overabundance of one
population will reduce the likelihood of the other being propagated.”

Recommendations For The Authors

I felt the authors could put some additional effort into making their theoretical results
meaningful for a population of readers who, though not as highly mathematically
educated as they are, can nonetheless appreciate the implications of simple relations or
scaling. Below, you find some suggestions:

(1) In order to make it clear that there is a 'natural' high-frequency equilibrium that can
be reached even in the absence of selection, the authors could examine first the
dynamics of the deterministic system in the absence of mutations, and use its equilibria
to elucidate the combined role of the 'fitness' difference \omega and of the generation
duration \tau in setting its value. The fact that these parameters always occur in
combination (when there are no mutations) is a general and notable feature of the
stochastic model as well. Moreover, this model would justify why you only focus on
decreasing the frequency in the new generation.

Note that the ‘natural’ high-frequency equilibrium in the absence of collective selection is
when fast grower F becomes fixed in the population. Following your suggestion, we have
introduced two parameters Rt and Wt to reflect the coupling between ‘fitness’ and
‘generation duration’:

(2) Since the phenomenon described in the paper is essentially ecological in nature (as
the author states, it does not change significantly if the 'mutation rate' \mu is set to
zero), I would put in the main text Equations 39 & 40 of the SI in order to improve
intelligibility.

See Point 2 at the beginning of this letter.

These equations can be discussed in some detail, especially in the limit of small fA*_k,
where I think it is worth discussing the different dependence of the mean and the
variance of the frequency distribution on the system's parameters.

This is a great suggestion. We have added the following:

“In the limit of small e Equation (3) becomes f Fir

Npeat = foW, While Equation (4)

becomes (? — Ly PR /- Thus, both Newborn size (Np) and fold-

FE e

2]

FlTHrr e
change in F/S during maturation (W) are important determinants of selection progress.
(3) I would have appreciated an explanation in words of what are the main conceptual
steps involved in attaining Equation 2, the underlying hypotheses (notably on community

size and distributions), and the expected limits of validity of the approximation.

See points 3 and 4 at the beginning of this letter.

(4) I think that some care needs to be put into explaining where extreme value statistics
is used, and why is the median of the conditional distribution the most appropriate
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statistics to look at for characterizing the evolutionary trajectory (which seems to me
mostly reliant on extreme values).

Great point! We added an explanation of using median value in Box 1.

and also added figure 7 to explaining it in SI.

Showing in a figure the different distributions you are considering (for instance, plotting
the conditional distribution for one generation in the trajectories displayed in Figure 2)
would be useful to understand what information \bar f provides on a sequence of
collective generations, where in principle there may be memory effects.

Thanks for this suggestion. We have added to Fig 2d panel to illustrate the shape and position
of F frequency distributions in each step in the first two selection cycles.

(5) Similarly, I do not understand why selecting the 5% best communities should push the
system's evolution towards the high-frequency solution, instead of just slowing down the
improvement (unless you are considering the average composition of the top best
communities - which should be justified). I think that such sensitivity to the selection
intensity should be appropriately referenced and discussed in the main text, as it is a
parameter that experimenters are naturally led to manipulate.

In the main text, we have added this explanation:

“In contrast with findings from an earlier study [23], choosing top 1 is more effective than the
less stringent “choosing top 5%”. In the earlier study, variation in the collective trait is partly
due to nonheritable factors such as random fluctuations in Newborn biomass. In that context,
a less stringent selection criterion proved more effective, as it helped retain collectives with
favorable genotypes that might have exhibited suboptimal collective traits due to unfavorable
nonheritable factors. However, since this study excludes nonheritable variations in collective
traits, selecting the top 1 collective is more effective than selecting the top 5% (see Fig. 11 in
Supplementary Information).”

(6) Equation 1 could be explained in simpler terms as the product between the
probability that one collective reaches the transmitted value times the probability that all
others do worse than that. The current formulation is unclear, perhaps just a matter of
English formulation.

We have revised our description to state:

“Equation (1) can be described as the product between two terms related to probability: (i)

9Py, . _(f|f) describes the probability density that any one of the g Adult collectives achieves

fgiven r#, and (ii) [1-Hare, »-! describes the probability that all other g — 1 collectives

Jk

,_|_r‘*!f;._||
achieve frequencies above fand thus not selected.”

(7) I think that the discussion of the dependence of the boundaries of the 'waterfall’
region with the difference in growth rate \omega is important and missing, especially if
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one wants to consider open-ended evolution of the growth rate - which can occur at
steps of different magnitude.

We added a new chapter and figure in supplementary information on the threshold values
when \omega varies. As expected, smaller \omega enlarges the success area.

We have also added a new figure panel to show how maturation time affects selection
efficacy.

(8) Notations are a bit confusing and could be improved. First of all, in most equations in
the main text and SI, what is initially introduced as \omega appears as s. This is
confusing because the letter s is also used for the frequency of the slow type.

The letter S is used to denote an attribute of cells (S cells), the type of cells (Equations 1-3
of the SI) and the number of these cells in the population, sometimes with different
meanings in the same sentence. This is confusing, and I suggest referring to slow cells or
fast cells instead (or at least to S-cells and F-cells), and keeping S and F as variables for
the number of cells of the two types.

All typos related to the notation have been fixed. We use S and F as types, and S and F (italic)
and population numbers.

(9) On page 3, when introducing the sampling of newborns as ruled by a binomial
distribution, the information that you are just transmitting one collective is needed, while
it is conveyed later.

We have added this emphasis:
“At the end of a cycle, a single Adult with the highest function (with F frequency f closest to

the target frequency f) is chosen to reproduce g Newborn collectives each with N, cells
(‘Selection’ and "Reproduction’ in Fig. 1).”

(10) I found that the abstract talks too early about the 'waterfall’ phenomenon. As this is
a concept introduced here, I suggest the authors first explain what it is, then use the
term. It is a useful metaphor, but it should not obscure the more formal achievements of
the paper.

We feel that the “waterfall” analogy offers a gentle helping hand to orient those who have not
thought much about the phenomenon. We view abstract as an opportunity to attract
readership, and thus the more accessible the better.

(11) In the SI there are numerous typos and English language issues. I suggest the

authors read carefully through it, and add line numbers to the next version so that more

detailed feedback is possible.

Thank you for going through SI. We have gone through the SI, and fixed problem:s.

https://doi.org/10.7554/eLife.97461.2.sa0
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