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A Physical foundation of OptiEvo theory

In this article, an organism’s population consists of N individuals (the value of N can
change during evolution). The genome sequence of the i-th individual is described by an
R;-dimensional vector g; = {niy,...,n,,,...,ng,}, where R; is the length of this individual’s
genome and each n,, represents the nucleotide at the r;-th position of the genome. The
population G = (g1, ..., gn) with G € F'is a collection of the individual members’ genotypes
gi, where the entire sequence space F' is the union of all possible genotypes ¢;, which also

can contain genotypes outside the particular population G.

In OptiEvo theory, the organism’s population G is represented as a classical stochastic
system with probability distribution pg(w) over the phase space Q (w € Q). Here € defines
all biologically relevant degrees of freedom of the population and each w € 2 characterizes
a certain microscopic state of the population. Pq is used to describe the set of all possible

probability distributions.
With the above definitions, fitness of an organism’s population in a constant homogeneous
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environment can be specified by a random function f(w), whose average value J is labeled by
G: J(pc) = [ f(w)pe(w)dw. Here a constant environment does not refer to a strictly non-
varying envir%nment over any time scale. Fluctuations are allowed during the development
of a population. It is only required that the environment be constant within a degree of
fluctuations such that the fitness values can be validly compared over the evolution time scale.
More generally, OptiEvo theory can be applied to an arbitrary concave fitness functional
J(pc) of pe(w). During evolution, a change of the population G — G’ (via mutations,
insertions, deletions, etc.) leads to a transformation of the population state pg — per and

consequently a change in average fitness value J(pg) — J(par)-

Assuming that any p € Pq (on some coarse grained scale) can be produced by members
of the set of all available genotypes (i.e., for any p € Pq there exists at least one genotype
G such that p =~ pg) the fitness J(pg) landscape can be considered as a functional J(pg)
over the set of all probability distributions Pq. Specifically, since the genome sequence is

discrete, this fitness landscape is a coarse grained image of the optimization landscape.

Several topological properties for general optimization landscapes hold for arbitrary com-
pletely optimizable classical and quantum open systems. Only the classical view will be pre-
sented here based on the analysis of [1]; the quantum picture is treated in [2, 3]. We use the
notation p for probability distributions of general classical open systems and P for associated
probability measures. The case with an organism’s population is a particular circumstance
which corresponds to p = pg. Section A.1 below describes the basic properties of classical
stochastic systems. Section A.2 proves the convex structure of Pq. Based on the convexity
of Pg and the linear dependence of physical measurables J(p) on p (or more generally, on
the assumed concavity of J(p)), Section A.3 proves the trap-free topological character of
the landscape J(p). Section A.4 shows that satisfaction of the sufficient flexibility condition

leads to the absence of traps in the genotypic landscape J(p).
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A.1 Classical stochastic systems

Classical probability space is defined by a triple (2, F, P), where (2 is a non-empty set (the
phase space), F is a o-algebra of subsets of € (called the event space; a sigma-algebra F
over a set {2 is a nonempty collection of subsets of 2 that is closed under complementation
and the countable union of its elements), and P : F — [0, 1] is a probability measure [4].
Each classical stochastic system is characterized by some set of elementary events €2, where
any point w € €2 denotes a specific microscopic state of the system. For example, for a
particle in three-dimensional space, the phase space is 2 = R? x R? and a point in this space
is specified by w = (p,q) € €, where p and ¢ are the momentum and the position of the
particle, respectively. For more complex systems, as for an organism’s population, the phase
space refers to all relevant system degrees of freedom. In biological systems, such a phase
space would be high dimensional and complex. However, what counts here is the existence
of the phase space rather than its details. Any point w € € corresponds to a microscopic
deterministic state of the system with certain definite values of the system’s degrees of
freedom. If the system is stochastic, it can be characterized by more general stochastic
states. Each stochastic state is characterized by a probability measure P(E), E € F which
corresponds to some probability distribution p(w) through the relation P(E) = [ p(w)dw for
any I/ € F. The descriptions in terms of probability measures P and in terms o? probability

distributions p will be used interchangeably below.

Biologically measurable properties for an evolving organism’s population are given by
average values of associated random functions. If f(w) (w € ) is a random function repre-
senting the fitness and if the organism’s population is in a state with probability distribution
pc(w), then the fitness value is J(pe) = [, f(w)pe(w)dw, which will be maximized during
the course of evolution. In this context J(pg) defines the fitness landscape over the sequence
space F'. Although inherently discrete, J can be effectively considered as continuous when
the genome is very large. Genetic changes during evolution will produce successive trans-
formations of the genome G — G’ corresponding to a trajectory over the landscape leading

to maximization of J(G). The nature of the landscape topology is crucial for understanding
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evolutionary pathways.

An arbitrary abstract probability space (2, F, P) should satisfy the following three ax-

ioms [5, 6]:
Ay. P(E) >0 for any E € F (i.e., probability of any event is a non-negative number).

As. P(0) = 0 (here ) denotes the empty set) and P(Q2) = [ p(w)dw =1 (the assumption
0

of unit measure states that the probability that some event will occur is 1).

Ajs. For any countable sequence of pairwise disjoint events Ey, Fs,--- € F:

P(EyUEyU...)=P(E))+ P(Ey) + ...

A.2 Convex structure of the set P

A subset X C V of a linear space V is called a convex set if for any xg,z; € X and any
A € [0,1] the point x) := (1 — A)xzg + Az is in X [7]. This definition says that for two
arbitrary points xo and x; in the set X, the straight line segment connecting these points
lies entirely in X. According to this definition, the set P is a convex subset in the linear
space P& of all distributions associated to real-valued signed measures over (£, F) (i.e.,
measures which can take arbitrary, not necessarily positive, real values). Let P, and P
be any two probability measures over 2 with associated probability distributions py(w) and

p1(w), and define Py, = AP, + (1 — \) P, for any 0 < A < 1. Then,

Py\(E) = AP(E)+ (1 —=X\Py(E)>0 (1)
PA(Q) = AP+ (1—-NP(Q) = +(1-)\) =1 (2)
P\ (EyUE,U...) = AP(EYUEU...)+ (1 =MNP(F,UEU...)
— MNPU(EY) + Py(Ey) + ... ]+ (1 = N)[Po(BEy) + Py(Ey) + ...
= [API(Er) + (1 = N Po(Er)] + [APL(E2) + (1 = XN)Py(Ey)] + . ..

= DP(B1) + PA(E2) + ... (3)
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Here E), Es,--- € F is any countable sequence of pairwise disjoint events. Equations (1)-
(3) imply that Py satisfies the axioms Aj;, As, and Az, implying that Py also a probability
measure over (€2, F). The associated probability distribution py(w) = (1 — X)po(w) + Ap1(w)

is also a probability measure, and this proves the convex structure of the set Pq.

A.3 Absence of local traps for the objective function J(p)

The objective functional J(p) = [, f(w)p(w)dw (a) is a linear functional of p and (b) is
defined on the convex domain Pg. The goal of this section is to show that the properties (a)
and (b) imply (1) the absence of local maxima and minima of the objective functional J and
(2) connectivity of the global optimum manifold as proved in [1]. In general, the functional J
has a local maximum at py if there exists a neighborhood U(pg) C Pq of pg such that for any
p€U(po): J(p) < J(po) and py is not a global maximum provided that there exists p; € Pq
such that J(p1) > J(pyg). A local maximum is distinguished from global maxima of J. A
global maximum is defined as a probability distribution py € Pq such that J(p) < J(po) for
all p € Pq. A level set L, of the fitness function J corresponding to some value a € R is
defined as the set £, := {p € Pq|J(p) = a} = J'(a) of all probability distributions for

which the objective functional J has the value a.

The absence of local maxima immediately follows from the facts that (a) J is a concave
functional and (b) a concave functional does not have local maxima over a convex domain
[4, 8]. Moreover, a fitness function of the form in Eq.(1) of the main text is linear and hence
also convex; therefore it also can not have local minima over a convex domain. Below we give
a proof of the absence of local maxima for a linear fitness function by reduction ad absurdum.
The proof for the absence of local minima is completely equivalent and generalization to
arbitrary concave (for the absence of local maxima) or convex (for the absence of local

minima) functions is straightforward.

Suppose there exists a probability distribution function py € Pg which is a local maximum

for J. By the definition of a local maximum, this means that (1) there exists a neighborhood
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U(po) C Pq of po such that for any p € U(po) : J(p) < J(po) and (2) there exists p; € Pq
such that J(p1) > J(po). Since Pq is a convex set, for any A € [0,1] the probability
distribution function py := (1 — A)po + Ap1 is in Po. Consider the restriction J of the
functional J to the line passing through the points py and p;. The restriction of a linear
function to a line defines either a constant or a strictly monotone function. The restriction
J is not a constant because J(pg) # J(p1). Thus, J is a strictly monotone functional and
Ao > A = J(pr,) > J(py,). Therefore, J(py,) > J(pa,) if A2 > Ay. In particular, for any
A>0:J(py) > J(po). But, if A > 0 is small enough, then py € U(py). Therefore, there
exists pn € U(po) such that J(py) > J(pg). The contradiction of this conclusion with the

condition (1) proves the absence of local maxima for J(p).

The connectivity of the global optimum manifold L, for the linear objective J(p) is
proved as follows. Let py and p; be any two probability distributions on Lyp, 1.e. J(pg) =
J(p1) = mgx J(p). By the definition of a convex set, for any A € [0,1] the point p) =
(1—=X)po+Ap1 isin Pq. The function J is linear and therefore J(py) = (1—=X)J(po)+AJ(p1) =
J(po). Thus, the segment {Py | € [0,1]} belongs to the same level set as py and p; and
connects the probability distributions py and p;. This proves the connectivity of the global
optimum manifold Ly,,. This property of connectivity of the global optimum manifold holds
also for an arbitrary concave function. Moreover, one can similarly prove that, any level
set L, is connected for a linear objective any level. However, for more complex non-linear

objective functions, level sets other than the global optimum can be disconnected.

The convex structure of the domain Pg, is important in the proofs above. A restriction of
the domain to a non-convex set can produce local maxima or local minima for the objective
functional J and also can lead to the appearance of non-connected level sets. The linearity
of J with respect to p(w) is not essential in the above consideration for proving the absence
of traps. In order to prove the absence of local maxima (resp., minima) it is sufficient to

assume that J(p) is a concave (resp., convex) function [4].
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A.4 Absence of local traps in the genotypic landscape

This section will further explain the biological context of the general properties established
in Section A.3. The notions of local minima or maxima and the connectivity of level sets
are defined in terms of nearest genotypic neighbors. For any population G, the set of all its
nearest neighbors Ug = {G'} is the set of all populations G’ obtained from G by a single
evolutionary step, which can be either a single site mutation or simultaneous mutations
at several positions, insertions, deletions, etc. The fitness function J over the genotypic
variables is said to have a local maximum at G if J(G') < J(G) for all G' € Ug. A level
set L, of the function J is said to be connected if for any two populations G and G’ on this
level set (i.e., J(G) = J(G") = a) there exists a chain Gy, Go, ..., G, of genotypes, which all
belong to the level set £, and Gy € Ug, Gy € Ug,, ..., Gy € Ug, _,,G" € Ug,. In this case
the trajectory G — Gy — G5 — --- — (,, — G’ in the genotypic space entirely lies on the

level set £, and is realized by single evolutionary steps.

The absence of local maxima for the objective function J(p) means that in a neighborhood
of any p which is not a global maximum there exists a direction in which the objective J(p)
increases. Consider a genotype G which does not correspond to a global maximum of the
objective. Then around p¢ in the space P exists at least one direction in which J(p)
increases. The sufficient flexibility condition states that the neighborhood Ug of G covers,
on some coarse grained scale, all directions in the space Pq around pg; moving around G
in the genotypic space F' correspondingly allows for moving in all directions around p¢g in
the space Pq. In particular, it allows for moving over F' in the direction in which J(p)
increases. Thus, if pg in the probability distribution function space Pq does not correspond
to a maximum of J(pg), then G is not a maximum in the genotypic space F. Since there
are no local maxima for J(p) in the space Pq, this means that there are no local maxima in
the space F'. Significant constraints on the available genotypes G, which reduce the domain
in the space of probability distribution functions P, to a non-convex set and which do not
satisfy the sufficient flexibility condition, may destroy the absence of traps property in the

genotypic landscapes.
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B ummary of laboratory studies addressing fitness

landscapes

B.1 Direct landscape studies

Direct landscape studies usually apply mutations on a small number of focused positions
known to be critical to certain phenotypes. The small mutational space allows for a thor-
ough exploration of particular genotype—phenotype relationships, with the caveat that ge-
netic changes outside the focused positions might also have significant effects on the target

phenotypes.

Lunzer et al. [9] characterized the fitness landscape of the six critical amino acids con-
trolling coenzyme use of isopropylmalate dehydrogenase (IMDH) in its evolution from the
suboptimal cofactor nicotinamide adenine dinucleotide phosphate (NADP) to the normal co-
factor nicotinamide adenine dinucleotide (NAD). The genotype—phenotype map was char-
acterized by the kinetic performance of 164 mutant enzymes differing on all six sites, and
the performance was shown to be linearly additive with respect to the gene mutations. The
genotype—fitness map, however, is highly nonlinear due to strong epistasis, but its landscape
still contains only a single peak where exclusive NAD use resides at the global optimum. The
authors commented that “with its single peak, the landscape is far less rugged than those
envisioned by Wright [10]”. This observation agrees with predictions (a) and (c¢) of Op-
tiEvo theory. In addition, every genotype was shown to be mutationally accessible from less
fit genotypes, implying the existence of multiple evolutionary trajectories (consistent with

prediction (a) of OptiEvo theory).

Weinreich et al. [11] studied the resistance adaptation of bacterial [-lactamase to an
antibiotic cefotaxime. Five point mutations were known to be responsible for increasing
resistance, and all 2° = 32 possible mutants were synthesized and their fitness measured.
Amongst all of the 5! = 120 mutational trajectories available from single-point mutations,

only 18 are selectively accessible, meaning that the fitness value always increased following
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every mutation along these trajectories. Only one single global fitness maximum was ob-
served. The authors suggested that the inaccessible genotypes are the result of sign epistasis.
We emphasize that this is not equivalent to the existence of reciprocal sign epistasis, which
is only a sub-class of sign epistasis. In fact, since the optimal genotype is accessible from
every genotype via single-point mutations, reciprocal sign epistasis does not exist because it
will create local fitness traps. The results in this study agree with predictions (a) and (c) of

OptiEvo theory.

Bridgham et al. [12] investigated the evolution of molecular recognition between the
steroid hormone aldosterone and its partner the mineralocorticoid receptor. Using ancestral
gene resurrection, the authors found that the ancestral hormone (which binds to an ancestral
receptor) was structurally preadapted for activation by its current receptor before evolving
into the current hormone millions of years later. A follow-up study [13] showed that, in
addition to the conserved mutations that allowed for the evolution of hormone specificity,
five “restrictive” mutations with little fitness effect were also required in the process of
evolution. These observations may be an indication of connected level sets (prediction (b)
of OptiEvo theory). In addition, although complicated epistatic interactions constrained the
evolutionary pathways, the evolution process did not go through fitness valleys, indicating

that reciprocal sign epistasis does not exist (prediction (c) of OptiEvo theory).

Poelwijk et al. [14] studied the adaptation of repressor-operator binding in the Escherichia
coli lac system using published mutation data. The fitness landscape does not contain local
peaks (consistent with prediction (c) of OptiEvo theory) as a result of network compen-
sation [15]. In contrast, reciprocal sign epistasis was observed in the affinity landscape,

suggesting that affinity was not the target of optimization in the evolutionary process.

B.2 Laboratory evolution studies involving replicate populations

A long-term laboratory evolution experiment has been carried out on twelve identical popu-

lations of Escherichia coli in identical glucose-limited environments for over 30,000 cell gen-
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erations [16-19]. The populations achieved similar fitness values [16-18]. By contrast, the
evolution of cell size [17], catabolic abilities [18, 20], global gene-expression profiles [21] shows
more pronounced inter-population differences. Sequencing of random genes also showed that
“evolution in these 12 E. coli populations was often parallel at the level of genes, but only
rarely were the substitutions identical at the base pair level” [19]. A recent study sequenced,
at the whole-genome scale, the preserved samples for one of these populations during its
evolution [22]. The outcome revealed substantial intra-population genetic diversity. More
importantly, transient polymorphisms that later disappeared were discovered, which “prob-
ably represent alternative beneficial alleles” (i.e., different pathways leading to the same

fitness peak). Some of these evolution experiments are reviewed in [23].

A recent outcome from the FE. coli evolution experiment was the appearance of a citrate-
using strain (Cit+) [24]. The inability to metabolize citrate under oxic conditions has long
been considered a defining characteristic of E. coli, hence the spontaneous appearance of
this variant is rather surprising, especially considering the fact that it occurred after 30,000
generations when most single point mutations should have been fully explored by the large
bacterial populations. Experimental results suggest that the Cit+ phenotye resulted from
some potentiating genetic changes. Based on prediction (a) of OptiEvo theory, Cit- may re-
side on a level set of the fitness landscape; hence, it could be easily lost in genetic drift, which
may explain why it took so long for Cit+ to appear. In this case, the potentiating mutations
can be either epistatic mutations or mutations physically required for the Cit+ phenotype,
as proposed by the authors of the paper [24]. However, we do not expect reciprocal sign
epistasis to be the cause for the late arrival of Cit4. Based on prediction (d) of OptiEvo
theory, it is also possible that the genome for Cit- strains, while being optimal for glucose
utilization, may not fully satisfy the sufficient flexibility condition (hence there is a false local
trap) when citrate utilization is in the genome’s fitness function. Note that the fitness land-
scape will not contain local peaks if every genotype—fitness mapping can be realized. False
local traps exist only because some of the important mappings are inaccessible via allowable

genetic changes. With OptiEvo theory, the role of the potentiating genetic transformations

10
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is therefore to enhance the evolvability of the genome and consequently eliminate the false
local traps. In this regard, insertions may be the most likely potentiating genetic change,
because they increase the number of a genome’s operating variables, which can enhance
evolvability. The genome sequence experiments planned by the Lenski group [24] will help

reveal the underlying cause for the evolution of the Cit+ strain.

Korona et al. [25] studied the evolution of 18 identical Comanonas sp. populations on
a physically unstructured (mass-action liquid) and a structured (agar surface) environment.
After 1,000 cell generations, the replicate populations in the mass-action environment con-
verged to similar fitness values (consistent with prediction (a) of OptiEvo theory), while
the populations in the structured environment showed more divergent fitness. The latter
observation was considered to be a result of spatial heterogeneity in the concentrations of
carbon, oxygen, moisture, and metabolites in the structured environment [25], hence not

contradictory to the predictions of Optikivo theory.

Travisano et al. [26] performed two evolution experiments on E. coli, one in a novel nu-
trient environment, and the second in a novel thermal environment. In the first experiment,
the replicate populations were propagated for 2,000 generations in glucose-limited medium.
The resultant populations had very similar fitness values. These populations were then
propagated for another 1,000 generations in maltose medium. The derived fitness values
were again similar in the new medium. In contrast, the deviations in cell size were much
larger after evolution. The second experiment was similar, except that the temperature was
the variable in the evolution process. Again, the derived fitness values showed convergence,
while cell size varied significantly. All the observations are consistent with prediction (a) of

OptiEvo theory.

Multiple replicate populations from Ralstonia sp. strain TFD41 were propagated for
1,000 generations with 2,4,-dichlorophenoxyacetic acid as the carbon source [27, 28]. Both
parallel and divergent genetic changes were observed, while all populations improved their
competitive fitness by approximately 40% relative to their common ancestor (agreeing with

prediction (a) of OptiEvo theory).

11
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Compared with the direct landscape studies, laboratory evolution experiments on an
organism’s population provide more global, hence more realistic evaluation of the fitness
landscapes. However, working with bacterial /virus populations can increase the uncertain-
ties in the measurements due to population heterogeneity, environmental fluctuations, and
many other factors. As a result, the measured fitness values are often not as precise and
reproducible as in the direct landscape studies where the mutant genotype is fully control-
lable. Despite these uncertainties, the fact that fitness convergence is almost always observed
when evolution occurs in these very high-dimensional genome spaces strongly indicates the
existence of trap-free landscapes (prediction (a) of OptiEvo theory). The observed multiple
genotypes with similar fitness values implies the existence of connected level sets (prediction
(b) of OptiEvo theory), although this finding is not conclusive without sequence and fitness

information of all intermediate genotypes.

B.3 Reverse evolution experiments

Lenski [29] performed a reverse evolution experiment where ancestral E. coli populations
sensitive to the T4 virus were evolved to produce T4-resistant mutants. These mutants were
then evolved in the absence of T4. After 400 generations, the T4-resistant strains reverted
to the same fitness value of the T4-sensitive strain, but their resistance to T4 was largely
retained, indicating that they have different genetic compositions as a result of compensatory

reverse evolution.

Burch and Chao [30] studied the evolution of the RNA virus ¢6 where a single deleteri-
ous mutation was introduced to the ancestral clone. The virus was then evolved at different
population sizes. It was found that the ancestral fitness level was recovered at larger popula-
tion sizes (due to genetic reversion) and partially recovered at lower population sizes (due to
compensatory mutations). The incomplete fitness recovery may result from the combination

of the small number of generations and the low population size.

Crill et al. [31] studied the adaptation of the bacteriophage ¢X174 to alternating bac-

12
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terial hosts, FEscherichia and Salmonella. It was found that fitness recovery was achieved
quickly after switching hosts regardless of previous history. Again, the experiments were not

performed for very long and some incomplete fitness recovery was also observed.

Maisnier-Patin et al. [32] studied the evolution of 81 streptomycin-resistant strains of
Salmonella typhimurium in the absence of the antibiotic. Complete fitness recovery was
observed in many of the clones after 200 generations. 77 out of 81 clones involved compen-
satory mutations instead of reversions. Maisnier-Patin et al. [33] also studied the evolution
of Salmonella typhimurium with mutations in the ribosome protein L19. After 300 genera-
tions, the fitness cost conferred by the LL19 mutations was fully compensated for by additional

mutations in 119 itself, as well as reflected in other proteins.

A common observation in these reverse evolution experiments is that compensatory mu-
tations occur much more frequently than reversions [34, 35]. The fact that complete fitness
recovery can be achieved through multiple compensatory mutations strongly implies that fit-
ness landscapes do not contain multiple local optima while there exist multiple evolutionary
trajectories leading towards the global fitness maximum value (consistent with predictions
(a) and (c) of OptiEvo theory). Again, this coexistence of fitness convergence and genotypic
diversity suggests the presence of connected level sets, although there is insufficient sequence

data to fully confirm this conclusion.

In many duplicate population experiments and reverse evolution experiments, partial fit-
ness recovery was observed and was considered as evidence supporting the model of rugged
landscapes. For example, Burch and Chao [36] found that two populations of RNA bacterio-
phage ¢6, while derived from a single ancestral phage, repeatedly evolved at different rates
toward different fitness maxima, one higher and one lower than the initial fitness value. The
authors considered the results as evidence for the constraint of evolvability by the distribu-
tion of mutational neighbors. We suggest that these experiments often were not performed
for a sufficient number of generations to allow for complete fitness recovery (see discussion in
the main text). In fact, fitness convergence was observed much more often in long-term evo-

lution experiments than in short-term ones. Also, as discussed in the main text, we cannot

13



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

exclude the possibility that local fitness optima do exist in some cases, which (according to
prediction (d) of OptiEvo theory) may occur in experiments involving gene deletion/loss [37]

and for genomes of small size (such as for viruses [38]).

B.4 Experiment on the Connectedness of Optimal Genotypes

Whibley et al. [39] studied the flower color variation in natural populations and species of
Antirrhinum. Using principle component analysis, they were able to define a 3D genotypic
space controlling flower color. The analysis results indicate that Antirrhinum species with
diverse floral phenotypes formed a U-shaped cloud within the genotypic space, which the
authors proposed as an evolutionary path that allows flower color to evolve while circumvent-
ing valley genotypes. In addition, a 2D slice through the U-shaped 3D cloud produces two
separated fitness peaks. According to prediction (b) of OptiEvo theory, these high-fitness
genotypes may be evolutionarily connected, and traditionally plotted rugged landscapes may

be simply an artifact of low-dimensional visualization of fitness spaces [40].

B.5 Laboratory evolution studies with higher organisms

In addition to microorganisms, Drosophila and Caenorhabditis elegans have also been em-
ployed in laboratory evolution studies, especially with reverse evolution experiments [41].
Unlike micoorganisms, fitness in these organisms is difficult to define. Hence, laboratory

observations are carried out mostly on phoenotypic properties.

In one experiment [42, 43|, replicate populations of Drosophila melanogaster were first
selected for increased late-life reproduction for over five years, leading to differentiated pheon-
types such as fecundity, longevity, glycogen content, and stress resistance. These populations
were then returned to the original culturing environment selecting for early fertility. After
only 22 generations, some characters such as starvation resistance and early fecundity con-
verged to ancestral values. After over 100 generations, all assayed characters returned to

their ancestral states.

14
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In a related work [44], reverse evolution was performed on 25 diverged populations of
Drosophila melanogaster for 50 generations. The results were similar to the previous studies,
with some phenotypes returning to ancestral values while some did not. Hybrid populations
were also employed in the study, showing insignificant difference in convergence. The results
suggest that reverse evolution is historically contingent and is not caused by insufficient
genetic variation. In a more comprehensive experiment [45], it was found that phenotypes
that are directly related to fitness tend to converge more quickly, while characteristics less

related to fitness converged more slowly or did not converge.

A recent study monitored the changes in the frequency of SNPs in both arms of the
third chromosome of Drosophila melanogaster in 50 generations of reverse evolution [46].
An estimated 50% return of allele frequency was observed. Since the reversibility in viruses
is ~ 20%, and viruses mostly use new mutations to create diversity, the authors concluded
that Drosophila melanogaster reverse evolution results more from standing variation (which

is more repeatable) than new mutations.

A laboratory evolution study was also carried out on the nematode C. elegans [47]. In
this work, C. elegans was first propagated as single individuals to allow for accumulation
of mutations. These individuals were then maintained in large population sizes under com-
petitive conditions. Full fitness recovery (measured by survival to maturity and progeny
production) was achieved in fewer than 80 generations in some lines, driven at least partially

by compensatory mutations.

In the above studies, the convergence of phenotypes seems consistent with predictions
(a) and (c) of OptiEvo theory, while the less convergent cases seem to indicate false local
traps. However, one must be cautious in drawing conclusions, because phenotype-genotype

landscapes of higher organisms may not correspond well to genotypic fitness landscapes.
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B.6 Affinity Maturation

Affinity maturation of antibodies in higher organisms is also an example of evolution. Affinity
maturation can be understood in terms of a population, the initial antibody repertoire,
that undergoes multiple rounds of selection and mutation to generate optimal antibodies in

response to an antigen [48].

Shih et al. [49] created two lines of transgenic mice containing point mutations at the
heavy chain loci that conferred high and low affinity anti-(4-hydroxy-3-nitrophenyl)acetyl(NP)
antibodies. The two lines of mice were challenged with chicken-y-globulin conjugated NP
(NP-CGG) and their immune responses were analyzed. It was found that both lines pro-
duced similar numbers of germinal centers as the wild-type. Furthermore, their primary
antibody responses were similar in both lines. These data suggest that antibodies have the
same intrinsic ability to respond to an antigen and converge to similar fitness values via

different evolutionary pathways (prediction (a) of OptiEvo theory).

De Genst et al. [50] analyzed the crystal structure of two heavy-chain antibodies(cAb-Lys2
and D2-1.19) to hen egg white lysozyme recovered from different dromedaries to elucidate
the mechanism of binding. Both antibodies used the same D gene segment but had differing
rearranged V and J segments. However, both had high-affinity binding to the same epitope
on the lysozyme. Moreover, the conformation of binding was identical for both antibodies.
Such an example of convergent antibody evolution from different starting points is strong

evidence for a trap-free fitness landscape.

Nickerson et al. [51] compared the immunochemical properties of a human and a mouse
antibody in response to a range of blood group A substances. The heavy chains of the
two antibodies had only 43% amino acid identity while the light chains had 57% amino
acid identity. However, both antibodies displayed similar specificities to tested blood group
A substances as quantified by the concentration required for inhibition and free energy of
binding. This appears to be an example of fitness convergence, although a thorough analysis

of the binding site structure was not done.
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Various factors can affect the applicability of OptiEvo theory to affinity evolution. For
example, the phenomenon of original antigenic sin [52, 53] has been cited as evidence of
trapping [54, 55|, although its biological basis is obscure [55], and this phenomenon may
represent preferential induction of memory cells over naive B-cells for antigen binding. Also,
ruggedness in the antibody-antigen affinity landscape does not imply ruggedness in the
fitness landscape. Affinity does tend to increase in the course of maturation (hence ”affinity
maturation”). However, affinity ceilings in vivo occur beyond which there is little selective
pressure [56, 57], yet mutations of phenotypic benefit continue to occur. Furthermore, the
selection step in the process may not be solely based on affinity [58, 59|, and high-affinity
antibodies are sometimes less effective in vivo at neutralizing an antigen than lower-affinity

antibodies [60, 61].

References

[1] A. Pechen and H. Rabitz. Unified analysis of terminal-time control in classical and

quantum systems. European Phys. Lett., 91:60005, 2010.

[2] A. Pechen, D. Prokhorenko, R. Wu, and H. Rabitz. Control landscapes for two-level
open quantum systems. J. Phys. A: Math. Theor., 41:045205, 2008.

[3] R. Wu, A. Pechen, H. Rabitz, M. Hsieh, and B. Tsou. Control landscapes of observable

preparation with open quantum systems. J. Math. Phys., 49:022108, 2008.

[4] M. Schulz. Control theory in physics and other fields of science: concepts, tools, and

applications. Springer, 2006.

[5] A. N. Kolmogorov. Foundations of the theory of probability. Chelsea Pub. Co., New
York, 1950.

[6] P. Billingsley. Probability and measure. John Wiley and Sons, New York, 1995.

[7] F. A. Valentine. Convez sets. McGraw-Hill, New York, 1964.

17



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[18]

R. T. Rockafellar. Convex analysis. Princeton: Princeton University Press, 1970.

M. Lunzer, S.P. Miller, R. Felsheim, and A.M. Dean. The biochemical architecture of

an ancient adaptive landscape. Science, 310:499-501, 2005.

S. Wright. The roles of mutation, inbreeding, crossbreeding and selection in evolution.

volume 1, pages 356-366, 1932.

D.M. Weinreich, N.F. Delaney, M.A. DePristo, and D.L. Hartl. Darwinian evolution

can follow only very few mutational paths to fitter proteins. Science, 312:111-114, 2006.

J.T. Bridgham, S.M. Carroll, and J.W. Thornton. Evolution of hormone-receptor com-

plexity by molecular exploitation. Science, 312:97-101, 2006.

J. T. Bridgham, E. A. Ortlund, and J. W. Thornton. An epistatic ratchet constrains

the direction of glucocorticoid receptor evolution. Nature, 461:515-520, 2009.

F.J. Poelwijk, D.J. Kiviet, and S.J. Tans. Evolutionary potential of a duplicated
repressor-operator pair: simulating pathways using mutation data. PLOS Comput.

Biol., 2:0467-0475, 2006.

F.J. Poelwijk, D.J. Kiviet, D.M. Weinreich, and S.J. Tans. Empirical fitness landscapes

reveal accessible evolutionary paths. Nature, 445:383-386, 2007.

R.E. Lenski, M.R. Rose, S.C. Simpson, and S.C. Tadler. Long-term experimental evo-
lution in escherichia coli.1. adaptation and divergence during 2,000 generations. Amer.

Nat., 138:1315-1341, 1991.

R.E. Lenski and M. Travisano. Dynamics of adaptation and diversification — a 10,000
generation experiment with bacterial-populations. Proc. Natl. Acad Sci. USA, 91:6808—
6814, 1994.

V.S. Cooper and R.E. Lenski. The population genetics of ecological specialization in

evolving Fscherichia coli populations. Nature, 407:736-739, 2000.

18



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

[19]

[20]

[23]

[24]

[25]

[26]

[27]

R. Woods, D. Schneider, C.L.. Winkworth, M.A. Riley, and R.E. Lenski. Tests of parallel
molecular evolution in a long-term experiment with Fscherichia coli. Proc. Natl. Acad.

Sci. USA, 103:9107-9122, 2006.

V.S. Cooper, D. Schneider, M. Blot, and R.E. Lenski. Mechanisms causing rapid and
parallel losses of ribose catabolism in evolving populations of Escherichia coli b. J.

Bacteriol., 183:2834-2841, 2001.

T.F. Cooper, D.E. Rozen, and R.E. Lenski. Parallel changes in gene expression after
20,000 generations of evolution in escherichia coli. Proc. Natl. Acad. Sci. USA, 100:1072—
1077, 2003.

J. E. Barrick and R. E. Lenski. Genome-wide mutational diversity in an evolving
population of Escherichia coli. Cold Spring Harbor Symposia on Quantitative Biology,
74:in press, 2010.

R.E. Lenski. Phenotypic and genomic evolution during a 20,000-generation experiment

with the bacterium FEscherichia coli. Plant Breeding Reviews, 24:225-265, 2004.

Z. D. Blount, C. Z. Borland, and R. E. Lenski. Historical contingency and the evolution
of a key innovation in experimental population of Escherichia coli. Proc. Natl. Acad.

Sci. USA, 105:7899-7906, 2008.

R. Korona, C.H. Nakatsu, L..J. Forney, and R.E. Lenski. Evidence for multiple adaptive
peaks from populations of bacteria evolving in a structured habitat. Proc. Natl. Acad.

Sci. USA, 91:9037-9041, 1994.

M. Travisano, J. A. Mongold, A. F. Bennett, and R. E. Lenski. Experimental tests of

the roles of adaptation, chance, and history in evolution. Science, 267:87-90, 1995.

R. Korona. Genetic divergence and fitness convergence under uniform selection in ex-

perimental populations of bacteria. Genetics.

19



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

28]

[29]

[30]

[31]

C.H. Nakatsu, R. Korona, R.E. Lenski, F.J. de Bruijn, T.L. Marsh, and L.J. Forney.
Parallel and divergent genotypic evolution in experimental populations of Ralstonia sp.

J. Bacteriol., 180:4325-4331, 1998.

R.E. Lenski. Experimental studies of pleiotropy and epistasis in Fscherichia coli. ii.
compensation for maladaptive effects associated with resistance to virus t4. Evolution,

42:433-440, 1998.

C. L. Burch and L. Chao. Evolution by small steps and rugged landscapes in the rna
virus phi6. Genetics, 151:921-927, 1999.

W.D. Crill et al. Evolutionary reversals during viral adaptation to alternating hosts.

Genetics, 154:27-37, 2000.

S. Maisnier-Patin et al. Compensatory adaptation to the deleterious effect of antibiotic

resistance in Salmonella typhimurium. Mol. Microbiol., 46:355-366, 2002.

S. Maisnier-Patin, W. Paulander, A. Pennhag, and D. Andersson. Compensatory evo-

lution reveals functional interactions between ribosomal proteins s12, 114, and 119. J.

Mol. Biol., 366:207-215, 2007.

B. H. Davis, A. F. Y. Poon, and M. C. Whitlock. Compensatory mutations are repeat-
able and clustered within proteins. Proc. Royal Soc. B: Biological Sciences, 276:1823—
1827, 2009.

P. S. zur Wiesch, J. Engelstadter, and S. Bonhoeffer. Compensation of fitness costs and
reversibility of antibiotic resistance mutations. Antimicrobial Agents and Chemotherapy,

54:2085-2095, 2010.

C.L. Burch and L. Chao. Evolvability of an rna virus is determined by its mutational

neighbourhood. Nature, 406:625-628, 2000.

H. Ochman and N. A. Moran. Genes lost and genes found: evolution of bacterial

pathogenesis and symbiosis. Science, 292:1096-1099, 2001.

20



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

[38]

[39]

[41]

[42]

[43]

S. F. Elena and R. Sanjuan. Virus evolution: insights from an experimental approach.

Annu. Rev. Ecol. FEvol. Syst., 38:27-52, 2007.

A. C. Whibley, N. B. Langlade, C. Andalo, A. I. Hanna, A. Bangham, C. Thebaud, and
E. Coen. Evolutionary paths underlying flower color variation in Antirrhinum. Science,

313:963-966, 2006.

S. Gavrilets. Fitness landscapes and the origin of species. Princeton University Press,

Princeton, New Jersey, 2004.

M. K. Burke and M. R. Rose. Experimental evolution with Drosophila. Am. J. Physiol.
Regul. Integr. Comp. Physiol., 296:R1847-R1854, 2009.

P. M. Service, E. W. Hutchinson, and M. R. Rose. Multiple genetic mechanisms for the

evolution of senescence in drosophila melanogaster. Fuvolution, 42:708-716, 1988.

J.L. Graves, E.C. Toolson, C. Jeong, L.N. Vu, and M.R. Rose. Desiccation, flight,
glycogen, and postponed senescence in Drosophila melanogaster. Physiol. Zool., 65:268—

286, 1992.

H. Teotonio and M.R. Rose. Variation in the reversibility of evolution. Nature, 408:463—

466, 2000.

H. Teotonio and M.R. Rose. Reverse evolution of fitness in Drosophila melanogaster. J.

FEvol. Biol., 15:609-617, 2002.

H. Teotonio, I.M. Chelo, M. Bradic, M.R. Rose, and A.D. Long. Experimental evolution

reveals natural selection on standing genetic evolution. Nat. Genetics, 41:251-257, 20009.

S. Estes and M. Lynch. Rapid fitness recovery in mutationally degraded lines of
caenorhabditis elegans. Fvolution, 57:1022-1030, 2003.

M.S. Neuberger. Antibodies: a paradigm for the evolution of molecular recognition.

Biochem. Soc. Trans., 30:341-350, 2002.

21



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

[49]

[50]

[51]

T.A.Y. Shih, E. Meffre, M. Roederer, and M.C. Nussenzweig. Role of ber affinity in t

cell-dependent antibody responses in vivo. Nat. Immunol., 3:570-575, 2002.

E. de Genest et al. Strong in vivo maturation compensates for structurally restricted

h3 loops in antibody repertoires. J. Biol. Chem., 280:14114-14121, 2005.

K.G. Nickerson, M.H. Tao, H.T. Chen, J. Larrick, and E. Kabat. Human and mouse
monoclonal-antibodies to blood-group a substance, which are nearly identical immuno-
chemically, use radically different primary sequences. J. Biol. Chem., 270:12457-12465,
1995.

S.F. Destgrot and R.G. Webster. Disquisitions on original antigenic sin .i. evidence in

man. J. Ezp. Med., 124:331, 1966.

S.F. Destgrot and R.G. Webster. Disquisitions on original antigenic sin .2. proof in
lower creatures. J. Fxp. Med., 124:347, 1966.

M.W. Deem and H.Y. Lee. Sequence space localization in the immune system response

to vaccination and disease. Phys. Rev. Lett., 91:068101, 2003.

M.W. Deem. Complexity in the immune system. Comput. Chem. Eng., 29:437-446,
2005.

F.D. Batista and M.S. Neuberger. Affinity dependence of the b cell response to antigen:

A threshold, a ceiling, and the importance of off-rate. Immunity, 8:751-759, 1998.

J. Foote and H.N. Eisen. Kinetic and affinity limits on antibodies produced during
immune-responses. Proc. Natl. Acad. Sci. USA, 92:1254-1256, 1995.

T. Manser et al. The roles of antibody variable region hypermutation and selection
in the development of the memory b-cell compartment. Immunol. Rev., 162:183-196,

1998.

M.E. Meyer-Hermann, P.K. Maini, and D. Iber. An analysis of b cell selection mecha-

nisms in germinal centres. Mathematical Medicine and Biology, 23:255-277, 2006.

22



Electronic Supplementary Material (ESI) for Chemical Science
This journal is © The Royal Society of Chemistry 2011

[60] J.R. Jackson, G. Sathe, M. Rosenberg, and R. Sweet. In-vitro antibody maturation —
improvement of a high-affinity, neutralizing antibody against il-1-beta. J. Immunol.,

154:3310-3319, 1995.

[61] M.A. Gidney et al. Development, characterization, and functional activity of a panel
of specific monoclonal antibodies to inner core lipopolysaccharide epitopes in neisseria

meningitidis. Infect. Immun., 72:559-569, 2004.

23



