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Abstract

Control interventions steer the evolution of molecules, viruses, microorganisms or other cells
towards a desired outcome. Applications range from engineering biomolecules and synthetic
organisms to drug, therapy and vaccine design against pathogens and cancer. In all these instances,
a control system alters the eco-evolutionary trajectory of a target system, inducing new functions
or suppressing escape evolution. Here, we synthesize the objectives, mechanisms and dynamics of
eco-evolutionary control in different biological systems. We discuss how the control system learns
and processes information about the target system by sensing or measuring, through adaptive
evolution or computational prediction of future trajectories. This information flow distinguishes
pre-emptive control strategies by humans from feedback control in biotic systems. We establish a
cost—benefit calculus to gauge and optimize control protocols, highlighting the fundamental link
between predictability of evolution and efficacy of pre-emptive control.

Introduction

For thousands of years, humans have steered the evolution of animals and plants by selective
breeding. Such interventions are a form of eco-evolutionary control: they alter the ecological
or evolutionary trajectory of a target system towards a predefined objective. Modern eco-
evolutionary control still fits this definition but has broader objectives and a wider range

of applications in bioengineering, ecology, medicine and public health®. In many cases, the
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targets of control are fast-evolving systems, such as microbial and viral pathogens or cancer
cell populations.

Control of living systems is challenging because of their inherent complexity. An intended
change is inevitably coupled to other nol ecul ar trai ts and functions. For example, a
controlled metabolic change may increase the output of a target pathway but, at the same
time, decrease the overall fitness of the target organism23. Or an induced immune response
may target cancer cells but also affect healthy cells*. The interactions between controller and
target system are often modulated by the ecological context of both systems. Hence, control
is a multi-dimensional problem: desired and collateral changes, which generate benefits and
costs of control, have to be weighed and managed simultaneously. In particular, evolution

of the target system can be an intended or a collateral effect of control®8. Fast-evolving
pathogens respond rapidly to an intervention; for example, bacteria acquire resistance to
antibiotics and viruses escape from vaccination. The challenge of controlling such systems is
to develop pre-emptive strategies that factor in the likely evolution of the target.

In this Review, we first present examples of eco-evolutionary control that highlight recent
experimental and modelling advances. In the second part, we distil common aspects and
differences between these systems in the mechanisms of control and in the dynamics

of target and controller. The target system may change by regulation and by evolution,

and the controller may be a biotic system co-evolving with the target or a human

applying rational control strategies, often implemented by computation. These dynamics
determine central issues of control: how does the control system acquire and process
information about the target system? What makes computational control different from co-
evol uti on? Specifically, we discuss the roles of target monitoring, adapt i ve | ear ni ng
and computational prediction’ in successful control strategies. In the third part, we outline
elements of an emerging eco-evolutionary control theory and highlight challenges for future
research with a focus on biomedical questions. We argue that theory-based optimization

of control is important for further development of the field. We close with a discussion of
ethical issues in eco-evolutionary control.

of evolutionary control

Control of biological systems has a diverse set of goals, from enhancing productivity
and sustainability of biosynthetic processes to controlling the spread of disease. Here,
we introduce several examples of recent research that shows the extraordinary breadth
of evolutionary control problems. In all these systems, the objective of control includes
inducing or suppressing evolution of the target system.

Directed evolution for molecular design

Directed evol ution experinents withartificial selection havebeen used

to improve the activity and selectivity of molecules and enzymes, qualities that are often
desirable in industrial or pharmaceutical applications (Fig. 1a). Recently developed in vivo
directed evolution systems leverage the replication machinery of a host organism to perform
autonomous hypermutation and selection steps without active external intervention®. In these
systems, the artificial selection protocol couples the desired output of the target gene to the
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reproductive fitness of a carrier cell or organism. This happens, for example, when the target
gene acts to increase the metabolism of new resources or the tolerance of new environmental
conditions. Directed evolution experiments implement feedback control mechanisms to
monitor fitness and protein functions of interest and tune the strength of artificial selection
accordingly®-13. The resulting protocols can steer the evolutionary trajectories of the target
gene or pathway, subject to constraints imposed by the natural fitness landscape of the
carrier organism.

Directed evolution of microorganisms

In biotechnology, inducing adapt i ve evol uti on under controlled laboratory conditions
is highly effective in generating organisms with specific traits, such as heat tolerancel4 or
resistance to stressors!® (Fig. 1b). This approach is advantageous when the target organism
is difficult to engineer or the genetic basis of the desired phenotype is complex and poorly
understood. However, molecular traits lacking fitness benefit cannot be directly selected

by adaptive evolution. This limitation can be circumvented by exploiting environment-
dependent trait correlations. For example, a recent study used environment switching,
guided by metabolic modelling, to evolve fitness-neutral or costly traits in Saccharomyces
cerevisiae’. Controlled evolution takes place in a transient environment, by adaptive
evolution of a secondary trait that is coupled to the target trait via a metabolic network.
After the controlled evolution phase, the target environment is switched on and the enhanced
target trait becomes effective. This method allows the directed evolution of features such as
metabolite secretion, which are currently inaccessible to direct adaptive evolution protocols.

Engineering of microbial communities

A new frontier in synthetic biology is to use genetic engineering in assembling i cr obi al
comuni ti es with designed functions. This allows division of labour and specialization

of subpopulations towards a given objective, for example, the secretion of compounds.
However, engineered functions consume resources and put stress on the community, which
can lead to loss-of-function mutations and make these communities unstable!6:17. Recent
work has achieved the stabilization of a model community by adding a bacterial strain with
an engineered toxin production mechanism8. This strain senses and controls the population
size of competing species. Its toxin production can operate autonomously or by an externally
set protocol, which manipulates the density of the underlying quorum sensing molecules.
Such stabilization in variable environments can be achieved by various mechanisms, based
on insights from engineering control theory19:20,

Control by gene drive

A gene drive is a genetic engineering technique that allows a specific allele of a diploid
gene to spread rapidly through a population of sexually reproducing organisms so that the
allele is inherited more than 50% of the time, that is, more than expected under Mendelian
inheritance. Such systematic biasing of inheritance can drive chosen, even deleterious,
alleles to prevalence in a target population. It serves, for example, to introduce new traits
into a population or to reduce the prevalence of harmful traits or diseases?l. However, gene
drive systems, similar to control by drugs, can be affected by resistance evolution?2. A
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showcase application of this method will be to combat malaria by introducing a gene drive
in mosquitoes that reduces transmission of the pathogen Plasmodium falciparum. Although
many technological challenges of gene drives have been mastered, controlling resistance
evolution and collateral effects as well as securing regulatory and community approval to
test these systems in natural contexts remain major hurdles for this application??.

Antimicrobial interventions

Antibiotics control bacterial pathogens by interfering in cellular functions and metabolic
pathways. Targets of these drugs include bacterial ribosomes, as well as cell wall and

DNA synthesis pathways?3. Most clinically relevant antibiotics are derived from natural
compounds that are part of the inter-microbial weaponry24. Immune systems mount similar
antimicrobial forces, including antimicrobial peptides?>:26, which are also involved in the
immune response to tumours?’.

Bacteria acquire resistance to drugs by physiological adaptation or by evolution. The failure
of antibiotic treatments due to resistance evolution generates an accelerating global health
crisis?8. Under antibiotic pressure, bacteria can mutate the molecules targeted by the drug,
import resistance genes by horizontal gene transfer, activate specific defence pathways such
as efflux pumps or globally re-allocate their proteome resources?%:30, Diverse resistance
mechanisms have also been described for antimicrobial peptides3L. In some cases, metabolic
fitness models can predict dosage-dependent trajectories of resistance evolution32 based

on metabolic models of drug action33. Successful control protocols should limit resistance
evolution, for example, by using judiciously chosen drug combinations3#4 or by exploiting
ecological interactions3°. However, we currently lack a general modelling framework to
pre-empt resistance evolution and to optimize antimicrobial interventions.

Immunotherapy

A patient’s immune system can be activated to treat diseases. Such therapies trigger an
adaptive immune response against an antigen, based on the binding of immune receptors
to antigenic epitopes. In an immune response against cancer, T cell receptors recognize
so-called neoantigens, short peptides presented on the surface of cancerous cells that
contain information on cancer-specific genome mutations3¢. Thus, the primary objective
of i munot her apy is to activate T cells with strong binding to a cancer neoantigen.

Collateral effects include autoimmune reactions caused by spurious binding to

peptides presented by healthy cells3”. Additionally, tumours can develop resistance to
immunotherapy by regulatory changes or escape evolution38-42, The evolutionary feedback
of cancers to immunotherapy includes immune editing3943, that is, the dynamics of cancer
clones and their associated neoantigens changes towards reduced immune recognition (Fig.
1c). These dynamics are similar to the clade turnover of viral pathogens (discussed below).
Recently, tumour—immune interactions have been combined into quantitative fithess models
for cancer and used for computational prediction of neoantigens and their effects on cancer
evolution3843-45_ Sych models can serve as a basis for the optimized selection of cancer
vaccines#0:46.47,
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Immunotherapy can also be used to treat autoimmune diseases by modulating the overall
immune response in a host. Autoimmunity is caused by dysregulated inflammation

against antigens from the host, so-called self-antigens. Targeted immunotherapy against
autoimmune diseases selectively inhibits inflammatory signals but affects other immune
functions only minimally. A successful control approach is to induce appropriate
combinations of signalling molecules*8, while avoiding toxicity caused by high dosage of
these molecules®®. Modulation of signalling molecules can also be used to establish robust
immune responses in cancer immunotherapy, improving the efficacy of these treatments®0-51,

Active vaccines produce an adaptive immune response against a specific pathogen to
reduce the risk of future infections and to mitigate their effects. This type of intervention
combines multiple aspects of control: a human intervention triggers directed evolution in a
biotic system, producing a control mechanism to combat the pathogen and to constrain its
escape evolution. Vaccines against influenza or SARS-CoV-2 are raised against a circulating
viral strain; they provide protection against infection by that strain and by closely related
strains. However, viral populations are often highly heterogeneous, and some strains are not
covered by the vaccine. Subsequent escape evolution of the virus from existing population
immunity further degrades vaccine cross-protection against future strains. Therefore, the
selection of vaccine strains for influenza has a pre-emptive objective: to generate optimal
protection against circulating strains in the next winter season. Antigenic fitness models
have been developed in recent years to predict viral evolution and to compare the expected
performance of candidate vaccines against future strains®2-54,

The evolutionary feedback of vaccination on viral evolution seems to be small for
influenza®®. By contrast, recent work for SARS-CoV-2 suggests that vaccination can
significantly contribute to immune selection, shaping global evolution®®. This is a
prerequisite for using vaccination as evolutionary control, specifically to reduce the rate
of escape evolution or to increase the collateral cost of escape for the virus.

Induced evolution of broadly neutralizing antibodies

Whereas antibodies generated by standard vaccines generate limited cross-protection against
other strains, broadly neutralizing antibodies (bNAbs) bind to conserved protein regions and
cover a diverse set of viruses. Vaccines that direct the immune system to evolve bNADbs

can substantially improve the breadth and duration of protection against rapidly evolving
viral pathogens. This topic has been extensively studied in HIV®7-63 and influenza®4-69,
Previous computational work shows that bNAbs against HIV may be induced by successive
vaccination in a healthy individual’®-72. However, directing the immune system to evolve
bNADbs against HIV has proved difficult. The main reason is that bNAbs require many
mutations to acquire breadth, making their somatic evolutionary trajectories long and
difficult to drive®3.73-75, Moreover, under any given antigen challenge, bNAbs compete with
many available target-specific antibodies of higher affinity’0-72:76.77_For influenza, bNAbs
targeting conserved regions of viral proteins have been elicited in animal systems54:66.68,
Broad neutralization has also been achieved by simultaneous application of multiple
antigens®. The immune interactions of conserved protein regions are often weak, but
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presentation on nanoparticles and repeated applications have improved the immune response
to these vaccines®67. A population-level broadening of neutralization has also been
observed against SARS-CoV-2, where repeat (booster) vaccinations are cross-protective
against more viral variants than initial vaccinations’882 and can even elicit bNAbs against
the virus®3,

The evolutionary feedback of broadly protective vaccines is currently unknown. Broader
protection can be argued to decrease escape evolution. On the other hand, larger vaccination
coverage and long-lived vaccine-induced immunity in the human population can increase
selection pressure for viral escape compared with current vaccinations.

Key concepts of evolutionary control

The examples above show a common structure of eco-evolutionary control problems: a
control system defines a control objective and sets up a control mechanism to interact with
an evolving target system, following a control protocol (Fig. 2). Such interactions couple the
eco- evol uti onary dynami cs of both systems and generate multiple feedback loops. We
now discuss these building blocks and their role in successful control of evolving systems.

Objectives and collateral effects

Directed evolution.—A new biological feature in a target system can be elicited by a
controlled evolution process. The control force is artificial selection superimposed onto the
natural selection governing the unperturbed system. Directed evolution is often synergistic:
control induces positive selection, increasing the controller’s payoff as well as the absolute
fitness, or growth rate, of the target system in the presence of control (Fig. 3a). In parallel,
the controlled target system often deviates from its intrinsic fitness peak, which defines

the evolutionary optimum under natural selection. This marks a key problem of control:
the gain of target features is coupled to deleterious changes of other functions1>84 (Fig.
1b). In other words, control is likely to come with collateral effects on the target and the
control system8. A ubiquitous source of collateral effects are co-varying secondary traits.
An example is the directed evolution of PbrR, a multi-target transcription factor, to improve
its affinity to a primary target. This process can reduce binding to other functional targets
or induce spurious binding to off-target locations in the genome®® (Fig. 3a). Collateral
effects will often reduce the payoff for the controller, but they can also be neutral or
reinforce the primary objective (Fig. 1b). Hence, successful control requires navigating a
multi-dimensional space, by monitoring and processing of multiple target interactions to
optimize their combined payoffé>.86,

Pathogen escape control.—In infection or cancer therapy, interventions are aimed at
containing, weakening or eradicating the disease agent. In this case, the primary objective is
antagonistic: the controller’s payoff increase is coupled to a decline in absolute fitness and
population size of the target system. Again, successful control navigates a complex space of
primary and collateral effects, which requires a careful choice of the control objective87:88,
In pathogen control, a detrimental collateral effect is the evolution of resistant variants that
escape control and carry a rebound of the pathogen population. In some cases, the target
system can even hijack the control mechanism for its own benefit (as discussed below)8°.
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Escape evolution is common in antibiotic treatment, immune therapy and vaccination.

Many successful protocols suppress or delay the rise of escape variants by reducing

positive selection for escape (Fig. 3b). For example, evolutionarily informed adaptive cancer
therapy?0, which aims to contain rather than eradicate the cancer cell population, has shown
success in patients with prostate cancer by limiting escape evolution®L. In other cases,

a decline in absolute fitness of the target system can be achieved by inducing positive
selection for a costly trait?2. Escape evolution can also generate collateral effects in the
target system that act to strengthen control. For example, immune escape mutations of

the influenza virus are often coupled to a loss in protein fold stability, which reduces the
available evolutionary paths and the speed of escape evolution93-95-

The ecology of control

Primary and collateral interactions and their synergistic or antagonistic effects define what
can be called the ecosystem of control and target systems (Fig. 2). As in any ecosystem,

the strength of these interactions is modulated by feedback mechanisms in both components.
Unlike in many ecological models, control interactions are not constants but can rapidly
change by target evolution and control updates; we discuss these eco-evolutionary dynamics
below. Control and target systems are often embedded in larger ecosystems, such as
microbial communities. These ecological conditions can shape the efficacy of control.

For example, the microenvironment of a cancer affects immunotherapy by modulating the
density of T cells available for neoantigen recognition in a specific tissue9. In some cases,
control protocols can exploit ecological complexity by steering the target system along
environment-dependent fitness landscapes. An example is the directed evolution protocol
discussed above, which bridges a fitness valley by switching environments3. Similarly,
switching antigen environments may be a promising avenue to elicit bNAbs70-72.97-99,

Mechanisms and leverage of control

How are control interactions realized in biological systems? The biotic and computational
control mechanisms discussed here are ultimately based on molecular interactions, including
specific binding and biochemical reactions of host and target molecules. Understanding
control interactions at the molecular level is often a prerequisite for tuning them towards

a specific system-level objective. A prominent example is antibiotics that bind to specific
proteins in a bacterial target system, thereby interfering in its metabolism or regulation.
Many biotic control mechanisms are based on molecular interactions as well. For example,
bacteria living in communities have co-evolved a broad control weaponry, including phages
and tailocins?4, as well as cognate response mechanisms. These interactions serve to control
other microorganisms100-103 and to stabilize ecosystems against invasions1®4, Immune
interactions involve an array of molecular mechanisms, including antimicrobial peptides
produced by the innate immune system31:105.106 a5 well as T cells, B cells and antibodies
of the adaptive immune system. These immune mechanisms have co-evolved with pathogens
over millions of years, resulting in a biotic control machinery that can mount specific and
effective responses against a multitude of infecting pathogens.

By modifying the balance of births and deaths, all of these mechanisms can alter selection
in the target system. This is the most common form of evolutionary control. The selective
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force specified by a control protocol is often time dependent: control induces afi t ness
seascape for the target system (Fig. 4). Time-dependent selection can be tuned by real-
time feedback from the growth of the target population1913.15 (Fig. 1a,b). Similarly, spatial
selection gradients induce effectively time-dependent selection on moving populations97.

Besides selection, mechanisms that facilitate exploration of the trait space and the
associated fitness landscape can be leveraged for control. In directed evolution, these
mechanisms include changing the rate and types of mutations'%8, as well as the population
size of the target population. Control protocols for microbial communities can broadly
manipulate species interactions, for example, through resource competition, species density
manipulation or predation8.109,

Regardless of the precise mechanism, successful control depends on sufficient leverage to
change the target system’s evolutionary trajectory. Limitations of control leverage observed
ubiquitously across biology are a diminishing return and time-dependent degradation. For
example, in control by molecular interactions, saturation of binding leads to a diminishing
return per control molecule; thus, an intermediate level of control molecules often yields
an optimal cost-benefit ratiol10. Similarly, evolution of the target or the control system
can curb control leverage over time. Both factors are present in the controlled microbial
community discussed abovel8. First, the bacteria targeted by toxins can evolve resistance
and overcome control. Second, in a microbial species performing autonomous control, the
control mechanism of toxin production reduces growth, and adaptive evolution can lead to
loss of this function.

These examples underscore that efficient control requires understanding the action pathway
and the specific limitations of a given control mechanism. As it stands, such knowledge

is often incomplete. For instance, many cancer drugs undergoing clinical trials do not act
via the mechanism that was originally proposed. Instead, the reported preclinical efficacy
results from off-target toxicity as a mechanism of action111, Off-target toxicity can lead to
dangerous adverse effects and is a major cause of clinical trial failure12.113,

Dynamics of control

The eco-evolutionary dynamics of control can be described as a sequence of actions by the
control system, which mounts and updates control pressure, and responses to such pressure
by the target system. The fastest response takes place at the physiological level, by gene
regulation and metabolic changes. For example, bacteria rearrange their cell metabolism

in response to antibiotic pressure33. Control also changes the population dynamics of the
target system, as well as the frequency of genetically or phenotypically distinct variants,
thereby affecting its ecological interactions. Finally, de novo mutations lead to evolutionary
adaptation of the target population. The speed of evolution depends on the strength of
selection and on the mutational target generated by the control interaction. In rapidly
evolving bacterial and viral systems, ecological and evolutionary changes are often linked
and take place on overlapping timescales14115. A prominent example is the dynamics

of the SARS-CoV-2 pandemic, where most of the recent epidemic waves coincided with
genetic turnover, leading to the rise of new variants with partial escape from population
immunity within time intervals of a few months. Successful control protocols have to be
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tuned to the speed of the target system. Thus, many of the systems discussed in this Review
show tightly coupled target dynamics and control updates on a common timescale — a
hallmark of eco-evolutionary control.

Information flow and modes of control

The control system continuously gathers information about the target system and processes
that information into a control force acting on the target. This feedback loop is central

to control dynamics (Fig. 2). We can distinguish different modes of information gain and
processing. First, all evolutionary control protocols require repeated monitoring of the target
system in its instantaneous state. This information is then processed into control updates,
resulting in a fitness seascape for the target system (Fig. 4). In biotic systems, control
updates based on monitoring can be realized by regulation or by co-evolution with the
target system. For example, bacteria in communities ubiquitously update their ecological
interactions based on monitoring of environmental parameters and of other species24116,
The adaptive immune system in vertebrates has a copious reservoir of naive immune cells
that enable monitoring and primary responses to novel pathogens1’. Importantly, control
dynamics based on monitoring alone can act against the current state of the target system but
cannot pre-empt its future evolutionary changes (Fig. 4a).

In a second mode, the control system can gain leverage by learning broad features of the
target’s evolutionary dynamics. Computational and biotic controllers can learn sufficiently
simple and repeatable dynamical patterns by adaptive evolution of their control machinery
— we refer to such processes as adaptive learning (Fig. 4b). For example, the human
immune system reduces the prevalence of memory B cells with high-affinity receptors

by negative feedback regulation, introducing a bias towards moderate-affinity, more cross-
reactive memory118:119. As shown by recent theoretical work, this bias can reflect a response
of the immune system to the speed of evolution of typical antigens120-124, A high-affinity
and highly specific memory repertoire is optimal against slowly evolving antigens, where a
subsequent infection is likely to involve a strain similar to the primary infection. By contrast,
a more diverse and cross-reactive repertoire can protect against a secondary infection by an
evolved strain at some evolutionary distance from the primary strain. For example, our B cell
defence against influenza is cross-protective over periods of 3-5 years, curbing the number
and burden of infections over a human’s lifetime.

Human controllers can employ a third, rational control mode based on computational
prediction of specific evolutionary trajectories in the target system38:43-45.52-54 Thjs method
processes not only broad features of the target dynamics but also real-time information
about the target trajectory up to the starting point of predictions (Fig. 4c). In some systems
and over limited periods, predictions capture a priori unlikely trajectories and previously
unseen mutations32, provided the underlying evolutionary rules are sufficiently simple to
be learned from the available training data. Most importantly, control protocols based on
computational predictions can factor in the evolutionary response of the target system to
the control pressure>® — we refer to this mode as pr e- enpti ve cont rol . Mathematical
definitions of predictive information and pre-emptive control are given in Box 1. In the
following sections, we describe how to construct such protocols.
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Towards quantitative control of evolving systems

As the discussion so far shows, eco-evolutionary control contains the full complexity of
living systems, including regulation, metabolism, ecology and evolution. This challenge is
epitomized by the collateral effects of control, which can couple the target trait to a vast
number of a priori unrelated biological functions. Biological insight is required to compress
this complexity into a manageable set of key phenotypes, mechanisms and dynamical modes
relevant for the problem at hand. Quantitative control can then build on high-throughput
evolutionary monitoring of target systems and on computational models for the control
dynamics. Such models establish a quantitative cost—benefit tally of control, which serves
two main purposes. First, it allows a judicious decision on when to apply control: a given
protocol should be used only when its benefit exceeds its cost. Second, computation can
rapidly screen large numbers of alternative control protocols and filter out candidates for
in-depth comparison. In particular, control models rationalize how the information gathered
by monitoring, adaptive learning and predictions shape control protocols (Fig. 5 and Box
1). These are key elements of a developing eco-evolutionary control theory that will provide
overarching principles for a diverse set of applications.

We now give a perspective on modelling and data input that will become important for the
control of complex evolutionary systems.

Biological interactions of control

Cell metabolism.—Successful control often relies on a quantitative understanding of
metabolic processes, including their response to control pressure. Coarse-grained data on
metabolic pathways and rates can be used to quantify the metabolic fluxes inside a cell25.
Metabolic models relate external parameters, including concentrations of nutrients and
growth-limiting factors, to intracellular resource allocation and growth126.127 providing

a computable link between environment and eco-evolutionary dynamics. Recent models
include explicit biochemical enzyme-substrate relationships!28. Metabolic models have
been used to compute growth inhibition under antibiotic stress33, to predict antibiotic
resistance mutations32 and to design control protocols for adaptive evolution3. More broadly,
such models can serve to rationalize metabolic shifts in target systems and biotic hosts
under control and to compute the resulting fitness and payoff effects. These dynamics can be
monitored by proteomics, metabolomics and fitness assays.

Ecological interactions.—Developing a quantitative understanding of ecological
feedback on control is important for successful strategies in complex environments.
Abundance changes and emergent properties in multi-species communities can, in principle,
be computed from basic reproductive rates of individual species and cross-species
interaction parameters. In the context of control, ecological models can show how pressure
on a target species propagates through an ecosystem and generates collateral effects on the
other species. Recent work has started to link ecological interactions to the metabolism of
the constituent species'2? and to explore the implications for intra-species evolution104.130,
Such integrative models may have the power to capture the complex interactions of cancers
and their microenvironment and of intracellular host—pathogen systems. For example,
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human cells remodel their mitochondria in response to pathogens, whereas the intracellular
pathogen Toxoplasma gondii can highjack this metabolic shift for its own growth89. Models
of multi-species communities contain a large number of parameters. This challenge can

be addressed by combining scalable high-throughput experimentation and computation!3!
and by choosing an appropriate level of modelling, for example, generalized Lotka—\olterra
or resource—consumer dynamics!32. Clearly, the optimal model choice depends on which
parameters can be measured; for example, nutrient levels and uptake rates are the key input
for resource—consumer models.

Immune interactions.—Human immunity is a stunningly complex defence system,
where biotic and planned control of pathogens play in concert. In recent years,

the quantitative understanding of immune systems has increased rapidly. Massively

parallel sequencing of immune repertoires, combined with model-based analysis, has
revealed patterns of global organization33.134 and molecular codes of antigen—receptor
interactions35-143_ In parallel, statistical models have characterized how evolutionarily
optimized repertoires should be organized144.145 respond to pathogens!46 and store memory
of past responses for cross-protection against re-infections by similar antigens120.122-124,
These advances will likely contribute to better vaccines and immunotherapies. Currently,
however, it is still difficult to predict an individual’s immune response to a given pathogen.
Another challenge is to predict how the combined adaptive immunity of the human
population constrains the evolution of globally circulating pathogens, such as influenza and
Sars-CoV-2. Progress on these questions is paramount for the central goal of evolutionary
control in biomedicine: to devise pre-emptive interventions that factor in and curb the future
escape evolution of the pathogen.

Fitness and payoff components

Metabolic, ecological and immune models are examples of system interaction models that
provide a key input of control: to quantify the relevant benefit and cost components for

the target system and the control system (Fig. 2). The fitness of the target system under
control includes the direct effect of control caused by the interaction with the control system,
as well as intrinsic fitness costs of defence traits or escape from control. In many cases,
such fitness functions contain a trade-off: systems that maximize fitness under control are
suboptimal in the absence of control, and vice versal4’:148, The net payoff for the controller
is the direct benefit of control, which is generated by the intended impact on the target
system, discounted by the control costs. As shown by the preceding examples, evolutionary
control often has a diminishing return of benefit relative to the control effort. This is for two
main reasons: the saturation of control leverage (for example, through binding interaction),
and resistance or escape evolution of the target population. Importantly, escape evolution
introduces a decline of benefit over time, which has to be included appropriately into the
payoff tally (Box 1).

Direct costs of mounting control include external resources, establishment and maintenance
of a control repertoire (for example, the immune system), and protocol-dependent costs
(for example, the immune response to a specific pathogen). Other costs arise from adverse
interactions with the target system, such as collateral binding and off-target toxicity (Fig. 3)
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or the reduction of diversity in a microbial community4°. These cost factors, in particular
collateral costs, arise from quite heterogeneous sources and may be difficult to quantify
and compare in a given application. Nevertheless, plausible forms of all relevant cost terms
should be included into the fitness and payoff tally, to test robustness and assess risks of
control under variation of the corresponding model coefficients.

By accounting for cost and benefit factors, we can evaluate the total payoff for a given
control protocol, . Maximizing the total payoff defines the optimal protocol in a set

of available protocols. In most cases, the optimal protocol differs substantially from the
maximum-impact protocol, which maximizes only the direct benefit of control. Moreover,
the payoff maximum, y*, is often difficult to attain; realistic protocols have stochastically
distributed payoffs y < y*. We can also compare protocols with the payoff in the absence of
control, yy. This setsan acti on t hreshol d: control should be applied only if > .

Modelling control dynamics

Fitness and payoff terms enter the coupled dynamics of the controlled and the control
systems. We can describe the control protocol by a time-dependent action coordinate, x(2),
which maps the actual control in a high-dimensional space of possible protocols. Similarly,
the target system is described by a time-dependent state variable, (4, which contains all
traits that are affected by control and contribute to fitness. Recording these host and target
variables over the entire period of control defines a specific control path (x, y) (Fig. 4).

As described above, biotic systems update action coordinates and target variables by
regulation or evolution. In the simplest case of a so-called gr eedy cont rol dynamics,
sequential updates of x(#) and J(# follow the uphill gradient of the instantaneous payoff
and fitness function, P(x(), () and Ax(D, D), respectively. The structure of the fitness
seascape and the supply of fitness-changing mutations determine the target’s evolutionary
dynamics and, hence, the outcome of control. In the case of directed evolution, successful
control requires sufficient mutational supply and a navigable fitness seascape, where
evolution along adaptive paths can generate new target features over realistic control
periods. Mutational bottlenecks and intermediate fitness valleys, which are a characteristic
of rugged fitness landscapes'°0-152, slow down directed evolution and compromise the
control objective. Escape control often works against a large number of potential escape
mutations, because the loss of molecular binding interactions is favoured by entropyl53-155,
However, co-varying traits can introduce intermediate fitness valleys and restrict the number
of escape paths®3-95; building such constraints by control selection can be a viable strategy
for escape control®®.

Mathematically, the evolutionarily stable fixed points of deterministic gradient dynamics
in a time-independent landscape are Nash equi | i bri a, which express a classic link
between evolution and game theory®6. With additional stochastic terms generated by
system-specific noise, this type of dynamics captures many cases of Darwinian evolution,
as well as regulatory mechanisms evolved to maintain high fitness under recurrent

stress. By contrast, computational protocols follow a long-term objective, for example, to
maximize the average payoff over the entire control period. Importantly, the fixed points
of computational protocols can be at higher payoff than Nash equilibria, by giving up
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short-term gain for long-term optimization®157. This mathematical framework quantifies a
frequent characteristic of biomedical interventions: a drop in short-term payoff to ensure
long-term success.

Learning and prediction

Pre-emptive control is based on predicting the evolution of the target system from
fitness and payoff models and dynamical rules for the resulting evolutionary change.
Specifically, fitness models informed by host—pathogen interaction data can be fed into
population-genetic evolution equations to forecast specific evolutionary trajectories of
pathogen populations over limited periods into the future. This approach has been applied
successfully to the global evolution of influenza®2-54 (with a pr edi ct i on hori zon of
about 1 year’) and to the clonal evolution of cancer38:41:43 Similar methods can predict
the escape evolution of HIV from bNAbs!8:159 and inform the design of combination
therapies'58. Importantly, predictions for globally circulating pathogens depend on a
worldwide concerted surveillance of genomic and antigenic evolution®3:%6, Moreover,
deep mutational scanning89-164 and laboratory evolution experiments with bar-coded
strains165:166 can replay, and to some degree pre-play, evolutionary trajectories under
controlled conditions. This may enable mechanistic fitness models to tackle a major
challenge: to predict likely future mutations not yet seen in the wild.

As an alternative to mechanistic models, machine learning and artificial intelligence
algorithms can learn evolutionary rules and inform control protocols. Recent work used
machine learning-based selection of features to predict the success of emerging mutants67,
Artificial intelligence algorithms have been developed to infer sequence-to-function or
structure-to-function maps for proteins68-173 and regulatory sequences'’4, which can enter
fitness models for evolution. Similar methods have been developed for evolutionary control
of microbial co-cultures in bioreactors1’® and for directed evolution experiments176.177,
Specifically, artificial intelligence-trained genotype—phenotype maps from prior rounds of
the experiment can improve the next selection cycle. Combining artificial intelligence
techniques with emerging symbolic regression methods can guide the interpretation of the
results and serve as a basis for follow-up mechanistic modelling78.

Selecting control protocols

Successful predictions serve to rank the available control protocols by specific criteria, for
example, maximizing the total expected payoff or the expected speed of target evolution.
Importantly, this step requires probabilistic models that describe not only the observed target
dynamics but also its likely perturbations under different control protocols to be compared.
For example, predictive immune interaction models of viral evolution can directly integrate
the effect of vaccinations on the subsequent dynamics®®.

The computation of optimal protocols can build on sophisticated mathematical methods
developed in the engineering and physical sciences!’9, as well as in finance180.181,

As in evolutionary control, the controller biases the stochastic process of a target

system by applying a control force. Stochastic control theory provides powerful dynamic
programming182 and path-integral techniques'83 to compute the time-dependent value of the
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control force that maximizes the future payoff for the controller. These methods have proven
valuable for the solution of eco-evolutionary control problems in cases where a known
model describes the underlying dynamics®:6:184.185 However, multiple salient features of
biological systems are beyond the focus of established control theory. These include strongly
non-linear fitness and (diminishing return) payoff functions, limited information gathering
and forecasting capabilities, and high-dimensional spaces of evolutionary and control force
trajectories®®. Hence, the broader application to complex eco-evolutionary systems calls for
major innovations in control theory.

Ethics of control

Eco-evolutionary control introduces genetic changes in pathogen systems outside laboratory
environments, whether or not the evolution of the target system is the primary objective

or a collateral effect of control. Development and application of control require stringent
oversight by independent review panels following common ethical guidelines, in accordance
with standard practice in the life sciences and medicinel86. This should ensure a

transparent analysis of benefits, costs and risks for affected individuals, for communities
and ecosystems, and at the global scale. Two broad classes of issues can arise in the
application of control. First, self-replicating re-engineered cells may cause harm if they
escape or overwhelm their intended environment87. Similar issues arise in synthetic
biology, where a bioethics framework already exists (for example, for the approval of

novel gene therapies®8). When gene drive is used as a control mechanism, the drive
machinery and driven traits can spread to populations beyond the target population or even
to off-target species. Several safeguard systems have been engineered, including metabolic
dependence on non-standard amino acids in synthetic cells189 and kill switches®0. Second,
ethical considerations arise in public health policies of control. For example, in the case of
malaria or bacterial infections, pathogen-targeting drugs beneficial for an infected individual
may have detrimental long-term effects at the population level, such as the emergence of
resistancel9. Hence, setting an appropriate objective for sustained control is challenging.
Both kinds of issues call for cross-disciplinary studies in collaboration with bioethicists.
Quantitative modelling, including an assessment of evolutionary predictability, can play an
important role in pre-playing evolutionary scenarios of control.

Conclusions

In this Review, we have outlined the key concepts of eco-evolutionary control and discussed
several important applications ranging from biotechnology to infection therapy. In this
framework, control objectives, mechanisms and leverages as well as the dynamics of target
and control systems are intimately coupled (Fig. 2). All these determinants inform a calculus
of eco-evolutionary control based on a quantitative cost—benefit tally. This provides an
action threshold to decide whether control should be undertaken and allows systematic
optimization of strategies and protocols.

In summary, evolutionary control approaches have shown remarkable success in humerous
systems to date. At the same time, broader applications of evolutionary control face
experimental challenges in monitoring target systems and delivering targeted control
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interactions, as well as theoretical questions of learning, prediction and optimization

of control. Together, this field holds the promise of successful eco-evolutionary control
interventions, guided by common principles, in multiple biomedicine and bioengineering
systems.
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Action threshold
A boundary between parameter regimes of control protocols with higher/lower payoff than
in the absence of control.

Adaptive evolution
The accumulation of heritable genetic changes that increase fitness in a given environment.

Adaptivelearning
Evolutionary processes where the increase of information is coupled to a fitness benefit.

Artificial selection
Fitness effects in a target population induced by human intervention (in contrast to natural
selection).

Co-evolution
The coupled evolution of two or more species interacting by natural selection, biological
interactions and dependencies.

Directed evolution experiments
Laboratory protocols where organisms or biomolecules with desired traits are generated and
amplified through iterative rounds of mutation and selection.

Eco-evolutionary dynamics
The coupled dynamics of population sizes, genetic changes and interactions between
multiple species in an ecosystem.

Fitness seascape
A moving fitness landscape, generating selective forces that explicitly depend on time.

Greedy control
Algorithms with update rules that increase the instantaneous payoff.

I mmunotherapy
The prevention or treatment of disease with substances that invoke immune responses.
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Microbial communities
Multiple species of microorganisms that live together in a shared environment and interact
with each other.
Molecular traits
Components of the molecular machinery of the cell relevant for a specific function.
Examples include gene expression levels, binding affinities and activities of enzymes.
Nash equilibria
States of a game where no player can increase their payoff by unilaterally changing their
strategy.
Prediction horizon
The timescale over which a computational model provides significant information about
future evolutionary trajectories.
Pre-emptive control
Algorithms with update rules that increase payoff over future time periods.

References

1. Carroll SP et al. Applying evolutionary biology to address global challenges. Science 346, 1245993
(2014). [PubMed: 25213376]

2. Nielsen J & Keasling JD Engineering cellular metabolism. Cell 164, 1185-1197 (2016). [PubMed:
26967285]

3. Jouhten P et al. Predictive evolution of metabolic phenotypes using model-designed environments.
Mol. Syst. Biol 18, e10980 (2022). [PubMed: 36201279] This study develops control protocols
using environment switching and trait co-variation to elicit traits that are uncorrelated with cell
fitness.

4. Esfahani K et al. A review of cancer immunotherapy: from the past, to the present, to the future.
Curr. Oncol 27, S87-S97 (2020). [PubMed: 32368178]

5. L&ssig M & Mustonen V Eco-evolutionary control of pathogens. Proc. Natl Acad. Sci. USA
117, 19694-19704 (2020). [PubMed: 32737164] This study establishes optimal strategies for eco-
evolutionary control that depend on the rate and size of the target population, quantifying how
monitoring and computational prediction affect protocols and efficiency of control.

6. Nourmohammad A & Eksin C Optimal evolutionary control for artificial selection on molecular
phenotypes. Phys. Rev. X 11, 011044 (2021).This study proposes an optimal control formalism to
direct the evolution of multivariate traits with collateral effects, and discusses how to use predictive
information to schedule monitoring of a population for control by artificial selection.

7. L&ssig M, Mustonen V & Walczak AM Predicting evolution. Nat. Ecol. Evol 1, 77 (2017).
[PubMed: 28812721]

8. Molina RS et al. In vivo hypermutation and continuous evolution. Nat. Rev. Methods Prim 2, 1-22
(2022).

9. Esvelt KM, Carlson JC & Liu DR A system for the continuous directed evolution of biomolecules.
Nature 472, 499-503 (2011). [PubMed: 21478873] This study presents an experimental platform
for the directed evolution of molecules, using bacteriophages for feedback-controlled cell-to-cell
transfer of genetic material.

10. Toprak E et al. Building a morbidostat: an automated continuous-culture device for studying
bacterial drug resistance under dynamically sustained drug inhibition. Nat. Protoc 8, 555-567
(2013). [PubMed: 23429717]

11. Badran AH & Liu DR In vivo continuous directed evolution. Curr. Opin. Chem. Biol 24, 1-10
(2015). [PubMed: 25461718]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

12.

13.

14.

15.

16.

17.

18.

19.

20.
21.
22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

Page 17

Packer MS, Rees HA & Liu DR Phage-assisted continuous evolution of proteases with altered
substrate specificity. Nat. Commun 8, 956 (2017). [PubMed: 29038472]

Zhong Z et al. Automated continuous evolution of proteins in vivo. ACS Synth. Biol 9, 1270-1276
(2020). [PubMed: 32374988] This study presents an experimental platform for directed evolution
of biomolecules in yeast, using targeted mutagenesis combined with artificial selection tuned by
feedback from the molecular activity of interest.

Parts L et al. Revealing the genetic structure of a trait by sequencing a population under selection.
Genome Res. 21, 1131-1138 (2011). [PubMed: 21422276]

lwasawa J et al. Analysis of the evolution of resistance to multiple antibiotics enables prediction

of the Escherichia coli phenotype-based fitness landscape. PLoS Biol. 20, €3001920 (2022).
[PubMed: 36512529] This study infers phenotype-based fitness landscapes for antibiotic resistance
evolution, quantifying primary and collateral effects across different drugs.

Klumpp S, Zhang Z & Hwa T Growth rate-dependent global effects on gene expression in bacteria.
Cell 139, 1366-1375 (2009). [PubMed: 20064380]

Ceroni F, Algar R, Stan G-B & Ellis T Quantifying cellular capacity identifies gene expression
designs with reduced burden. Nat. Methods 12, 415-418 (2015). [PubMed: 25849635]

Fedorec AJH, Karkaria BD, Sulu M & Barnes CP Single strain control of microbial consortia. Nat.
Commun 12, 1977 (2021). [PubMed: 33785746]

Aoki SK et al. A universal biomolecular integral feedback controller for robust perfect adaptation.
Nature 570, 533-537 (2019). [PubMed: 31217585]

Khammash MH Perfect adaptation in biology. Cell Syst. 12, 509-521 (2021). [PubMed: 34139163]
Bier E Gene drives gaining speed. Nat. Rev. Genet 23, 5-22 (2022). [PubMed: 34363067]
Unckless RL, Clark AG & Messer PW Evolution of resistance against CRISPR/Cas9 gene drive.
Genetics 205, 827-841 (2017). [PubMed: 27941126]

Hutchings MI, Truman AW & Wilkinson B Antibiotics: past, present and future. Curr. Opin.
Microbiol 51, 72-80 (2019). [PubMed: 31733401]

Granato ET, Meiller-Legrand TA & Foster KR The evolution and ecology of bacterial warfare.
Curr. Biol 29, R521-R537 (2019). [PubMed: 31163166]

Yang D, Biragyn A, Kwak LW & Oppenheim JJ Mammalian defensins in immunity: more than
just microbicidal. Trends Immunol. 23, 291-296 (2002). [PubMed: 12072367]

Selsted ME & Ouellette AJ Mammalian defensins in the antimicrobial immune response. Nat.
Immunol 6, 551-557 (2005). [PubMed: 15908936]

Adyns L, Proost P & Struyf S Role of defensins in tumor biology. Int. J. Mol. Sci 24, 5268 (2023).
[PubMed: 36982340]

Murray CJL et al. Global burden of bacterial antimicrobial resistance in 2019: a systematic
analysis. Lancet 399, 629-655 (2022). [PubMed: 35065702]

Blair IMA, Webber MA, Baylay AJ, Ogbolu DO & Piddock LJV Molecular mechanisms of
antibiotic resistance. Nat. Rev. Microbiol 13, 42-51 (2014). [PubMed: 25435309]

Hughes D & Andersson DI Evolutionary consequences of drug resistance: shared principles across
diverse targets and organisms. Nat. Rev. Genet 16, 459-471 (2015). [PubMed: 26149714]
Andersson DI, Hughes D & Kubicek-Sutherland JZ Mechanisms and consequences of bacterial
resistance to antimicrobial peptides. Drug Resist. Updat 26, 43-57 (2016). [PubMed: 27180309]
Pinheiro F, Warsi O, Andersson DI & Lé&ssig M Metabolic fitness landscapes predict the evolution
of antibiotic resistance. Nat. Ecol. Evol 5, 677-687 (2021). [PubMed: 33664488]

Greulich P, Scott M, Evans MR & Allen RJ Growth-dependent bacterial susceptibility to ribosome-
targeting antibiotics. Mol. Syst. Biol 11, 796 (2015). [PubMed: 26146675] This study establishes a
computable metabolic model of drug action and dosage response that can inform control protocols.
Roemhild R, Bollenbach T & Andersson DI The physiology and genetics of bacterial responses to
antibiotic combinations. Nat. Rev. Microbiol 20, 478-490 (2022). [PubMed: 35241807]

Hansen E, Karslake J, Woods RJ, Read AF & Wood KB Antibiotics can be used to contain
drug-resistant bacteria by maintaining sufficiently large sensitive populations. PLoS Biol. 18,
€3000713 (2020). [PubMed: 32413038] This study establishes control strategies for antibiotic

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Page 18

interventions that focus on containment rather than eradication of the target pathogen and delay the
evolution of resistance.

Schumacher TN & Schreiber RD Neoantigens in cancer immunotherapy. Science 348, 69-74
(2015). [PubMed: 25838375]

Hollingsworth RE & Jansen K Turning the corner on therapeutic cancer vaccines. npj Vaccines 4,
1-10 (2019). [PubMed: 30622742]

tuksza M et al. A neoantigen fitness model predicts tumour response to checkpoint blockade
immunotherapy. Nature 551, 517-520 (2017). [PubMed: 29132144] This study establishes a
predictive fitness model for cancer antigens interacting with T cell immune receptors that can
guide cancer vaccine selection.

Rosenthal R et al. Neoantigen-directed immune escape in lung cancer evolution. Nature 567,
479-485 (2019). [PubMed: 30894752]

Saxena M, van der Burg SH, Melief CJM & Bhardwaj N Therapeutic cancer vaccines. Nat. Rev.
Cancer 21, 360-378 (2021). [PubMed: 33907315]

Hoyos D et al. Fundamental immune—oncogenicity trade-offs define driver mutation fitness. Nature
606, 172-179 (2022). [PubMed: 35545680]

Zapata L et al. Immune selection determines tumor antigenicity and influences response to
checkpoint inhibitors. Nat. Genet 55, 451-460 (2023). [PubMed: 36894710]

tuksza M et al. Neoantigen quality predicts immunoediting in survivors of pancreatic cancer.
Nature 606, 389-395 (2022). [PubMed: 35589842]

Richman LP, Vonderheide RH & Rech AJ Neoantigen dissimilarity to the self-proteome predicts
immunogenicity and response to immune checkpoint blockade. Cell Syst. 9, 375-382.e4 (2019).
[PubMed: 31606370]

Lakatos E et al. Evolutionary dynamics of neoantigens in growing tumors. Nat. Genet 52, 1057-
1066 (2020). [PubMed: 32929288]

Sahin U & Tiireci O Personalized vaccines for cancer immunotherapy. Science 359, 1355-1360
(2018). [PubMed: 29567706]

Rojas LA et al. Personalized RNA neoantigen vaccines stimulate T cells in pancreatic cancer.
Nature 618, 144-150 (2023). [PubMed: 37165196]

Kolios AGA, Tsokos GC & Klatzmann D Interleukin-2 and regulatory T cells in rheumatic
diseases. Nat. Rev. Rheumatol 17, 749-766 (2021). [PubMed: 34728817]

Schwartz RN, Stover L & Dutcher JP Managing toxicities of high-dose interleukin-2. Oncology
16, 11-20 (2002).

Achar SR et al. Universal antigen encoding of T cell activation from high-dimensional cytokine
dynamics. Science 376, 880-884 (2022). [PubMed: 35587980]

Nourmohammad A T cell immune responses deciphered. Science 376, 796-797 (2022). [PubMed:
35587975]

tuksza M & Léssig M A predictive fitness model for influenza. Nature 507, 57-61 (2014).
[PubMed: 24572367] This study predicts the antigenic evolution of influenza from one year to the
next and is used to inform the biannual selection of global influenza vaccines.

Morris DH et al. Predictive modeling of influenza shows the promise of applied evolutionary
biology. Trends Microbiol. 26, 102-118 (2018). [PubMed: 29097090]

Huddleston J et al. Integrating genotypes and phenotypes improves long-term forecasts of seasonal
influenza A/H3N2 evolution. eLife 9, e60067 (2020). [PubMed: 32876050]

Wen FT, Bell SM, Bedford T & Cobey S Estimating vaccine-driven selection in seasonal influenza.
Viruses 10, 509 (2018). [PubMed: 30231576]

Meijers M, Ruchnewitz D, tuksza M & Lassig M Vaccination shapes evolutionary trajectories of
SARS-CoV-2. Preprint at bioRxiv 10.1101/2022.07.19.500637 (2022).

Jardine J et al. Rational HIV immunogen design to target specific germline B cell receptors.
Science 340, 711-716 (2013). [PubMed: 23539181]

Escolano A et al. Sequential immunization elicits broadly neutralizing anti-HIV-1 antibodies in Ig
knockin mice. Cell 166, 1445-1458.e12 (2016). [PubMed: 27610569]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

Page 19

Saunders KO et al. Targeted selection of HIV-specific antibody mutations by engineering B cell
maturation. Science 366, eaay7199 (2019). [PubMed: 31806786]

Steichen JM et al. A generalized HIV vaccine design strategy for priming of broadly neutralizing
antibody responses. Science 366, eaax4380 (2019). [PubMed: 31672916]

Corey L et al. Two randomized trials of neutralizing antibodies to prevent HIV-1 acquisition. N.
Engl. J. Med 384, 1003-1014 (2021). [PubMed: 33730454]

Gilbert PB et al. Neutralization titer biomarker for antibody-mediated prevention of HIV-1
acquisition. Nat. Med 28, 1924-1932 (2022). [PubMed: 35995954]

Haynes BF et al. Strategies for HIV-1 vaccines that induce broadly neutralizing antibodies. Nat.
Rev. Immunol 23, 142-158 (2022). [PubMed: 35962033]

Hai R et al. Influenza viruses expressing chimeric hemagglutinins: globular head and stalk domains
derived from different subtypes. J. Virol 86, 5774-5781 (2012). [PubMed: 22398287]

Yassine HM et al. Hemagglutinin-stem nanoparticles generate heterosubtypic influenza protection.
Nat. Med 21, 1065-1070 (2015). [PubMed: 26301691]

Krammer F, Garcia-Sastre A & Palese P Is it possible to develop a “universal” influenza virus
vaccine? Potential target antigens and critical aspects for a universal influenza vaccine. Cold
Spring Harb. Perspect. Biol 10, a028845 (2018). [PubMed: 28663209]

Corbett Kizzmekia S et al. Design of nanoparticulate group 2 influenza virus hemagglutinin

stem antigens that activate unmutated ancestor B cell receptors of broadly neutralizing antibody
lineages. MBio 10, e02810-e02818 (2019). [PubMed: 30808695]

Wu NC & Wilson IA Influenza hemagglutinin structures and antibody recognition. Cold Spring
Harb. Perspect. Med 10, a038778 (2020). [PubMed: 31871236]

Arevalo CP et al. A multivalent nucleoside-modified mMRNA vaccine against all known influenza
virus subtypes. Science 378, 899-904 (2022). [PubMed: 36423275]

Wang S et al. Manipulating the selection forces during affinity maturation to generate cross-
reactive HIV antibodies. Cell 160, 785-797 (2015). [PubMed: 25662010]

Shaffer JS, Moore PL, Kardar M & Chakraborty AK Optimal immunization cocktails can promote
induction of broadly neutralizing Abs against highly mutable pathogens. Proc. Natl Acad. Sci.
USA 113, E7039-E7048 (2016). [PubMed: 27791170]

Sprenger KG, Louveau JE, Murugan PM & Chakraborty AK Optimizing immunization protocols
to elicit broadly neutralizing antibodies. Proc. Natl Acad. Sci. USA 117, 20077-20087 (2020).
[PubMed: 32747563]

Zhou T et al. Structural basis for broad and potent neutralization of HIV-1 by antibody VRCOL1.
Science 329, 811-817 (2010). [PubMed: 20616231]

Klein F et al. Antibodies in HIV-1 vaccine development and therapy. Science 341, 1199-1204
(2013). [PubMed: 24031012]

Subbaraman H, Schanz M & Trkola A Broadly neutralizing antibodies: what is needed to move
from a rare event in HIV-1 infection to vaccine efficacy? Retrovirology 15, 52 (2018). [PubMed:
30055627]

Luo S & Perelson AS Competitive exclusion by autologous antibodies can prevent broad

HIV-1 antibodies from arising. Proc. Natl Acad. Sci. USA 112, 11654-11659 (2015). [PubMed:
26324897]

Nourmohammad A, Otwinowski J & Plotkin JB Host—pathogen coevolution and the emergence of
broadly neutralizing antibodies in chronic infections. PLoS Genet. 12, e1006171 (2016). [PubMed:
27442127]

Planas D et al. Considerable escape of SARS-CoV-2 Omicron to antibody neutralization. Nature
602, 671-675 (2021). [PubMed: 35016199]

Garcia-Beltran WF et al. mMRNA-based COVID-19 vaccine boosters induce neutralizing immunity
against SARS-CoV-2 Omicron variant. Cell 185, 457-466.e4 (2022). [PubMed: 34995482]
Gruell H et al. mRNA booster immunization elicits potent neutralizing serum activity against the
SARS-CoV-2 Omicron variant. Nat. Med 28, 477-480 (2022). [PubMed: 35046572]

Hachmann NP et al. Neutralization escape by SARS-CoV-2 omicron subvariants BA.2.12.1, BA 4,
and BA.5. N. Engl. J. Med 387, 86-88 (2022). [PubMed: 35731894]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

82.

83.

84.

85.

86.

87.

88.

89.

90.

9L

92.

93.

94.

95.

96.

97.

98.

99.

Page 20

Yang L et al. Antigen presentation dynamics shape the antibody response to variants like SARS-
CoV-2 Omicron after multiple vaccinations with the original strain. Cell Rep. 42, 112256 (2023).
[PubMed: 36952347]

Schaefer-Babajew D et al. Antibody feedback regulates immune memory after SARS-CoV-2
MRNA vaccination. Nature 613, 735-742 (2023). [PubMed: 36473496]

Futuyma DJ Evolutionary constraint and ecological consequences. Evolution 64, 1865-1884
(2010). [PubMed: 20659157]

Jia X, MaY, BuR, Zhao T & Wu K Directed evolution of a transcription factor PbrR to improve
lead selectivity and reduce zinc interference through dual selection. AMB Express 10, 67 (2020).
[PubMed: 32277291]

Yokobayashi Y & Arnold FH A dual selection module for directed evolution of genetic circuits.
Nat. Comput 4, 245-254 (2005).

Read AF, Day T & Huijben S The evolution of drug resistance and the curious orthodoxy

of aggressive chemotherapy. Proc. Natl Acad. Sci. USA 108, 10871-10877 (2011). [PubMed:
21690376]

Hansen E, Woods RJ & Read AF How to use a chemotherapeutic agent when resistance to it
threatens the patient. PLoS Biol. 15, €2001110 (2017). [PubMed: 28182734]

Li X et al. Mitochondria shed their outer membrane in response to infection-induced stress.
Science 375, eahi4343 (2022). [PubMed: 35025629]

Gatenby RA, Gillies RJ & Brown JS The evolutionary dynamics of cancer prevention. Nat. Rev.
Cancer 10, 526-527 (2010). [PubMed: 21137109]

Zhang J, Cunningham JJ, Brown JS & Gatenby RA Integrating evolutionary dynamics

into treatment of metastatic castrate-resistant prostate cancer. Nat. Commun 8, 1-9 (2017).
[PubMed: 28232747] This study introduces an eco-evolutionary protocol for cancer control that
adaptively incorporates feedback from the target cell population, resulting in substantial clinical
improvements over previous approaches.

Day T, Huijben S & Read AF Is selection relevant in the evolutionary emergence of drug
resistance? Trends Microbiol. 23, 126-133 (2015). [PubMed: 25680587]

Strelkowa N & Léssig M Clonal interference in the evolution of influenza. Genetics 192, 671-682
(2012). [PubMed: 22851649]

Gong LI, Suchard MA & Bloom JD Stability-mediated epistasis constrains the evolution of an
influenza protein. eLife 2, e00631 (2013). [PubMed: 23682315]

Koelle K & Rasmussen DA The effects of a deleterious mutation load on patterns of influenza
AJH3N2’s antigenic evolution in humans. eLife 4, 07361 (2015). [PubMed: 26371556]
Gajewski TF, Schreiber H & Fu Y-X Innate and adaptive immune cells in the tumor
microenvironment. Nat. Immunol 14, 1014-1022 (2013). [PubMed: 24048123]

Wang S & Dai L Evolving generalists in switching rugged landscapes. PLoS Comput. Biol 15,
€1007320 (2019). [PubMed: 31574088]

Sachdeva V, Husain K, Sheng J, Wang S & Murugan A Tuning environmental timescales to
evolve and maintain generalists. Proc. Natl Acad. Sci. USA 117, 12693-12699 (2020). [PubMed:
32457160]

Yang L, Caradonna TM, Schmidt AG & Chakraborty AK Mechanisms that promote the evolution
of cross-reactive antibodies upon vaccination with designed influenza immunogens. Cell Rep.
42, 112160 (2023). [PubMed: 36867533] This study combines theory with experiments to show
that influenza vaccines containing a chimera of multiple epitopes can induce broadly reactive
antibodies.

100. Brown SP, Le Chat L, De Paepe M & Taddei F Ecology of microbial invasions: amplification

allows virus carriers to invade more rapidly when rare. Curr. Biol 16, 2048-2052 (2006).
[PubMed: 17055985]

101. Duerkop BA, Clements CV, Rollins D, Rodrigues JLM & Hooper LV A composite bacteriophage

alters colonization by an intestinal commensal bacterium. Proc. Natl Acad. Sci. USA 109,
17621-17626 (2012). [PubMed: 23045666]

102. Gama JA et al. Temperate bacterial viruses as double-edged swords in bacterial warfare. PLoS

ONE 8, €59043 (2013). [PubMed: 23536852]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.
118.

119.

120.

121.

122.

123.

124.

125.

126.

Page 21

Li X-Y et al. Temperate phages as self-replicating weapons in bacterial competition. J. R. Soc.
Interface 14, 20170563 (2017). [PubMed: 29263125]

Frazdo N et al. Two modes of evolution shape bacterial strain diversity in the mammalian gut for
thousands of generations. Nat. Commun 13, 5604 (2022). [PubMed: 36153389]

Lei J et al. The antimicrobial peptides and their potential clinical applications. Am. J. Transl. Res
11, 3919-3931 (2019). [PubMed: 31396309]

Lazzaro BP, Zasloff M & Rolff J Antimicrobial peptides: application informed by evolution.
Science 368, eaau5480 (2020). [PubMed: 32355003]

Baym M et al. Spatiotemporal microbial evolution on antibiotic landscapes. Science 353, 1147—
1151 (2016). [PubMed: 27609891]

Castle SD, Grierson CS & Gorochowski TE Towards an engineering theory of evolution. Nat.
Commun 12, 3326 (2021). [PubMed: 34099656]

Xie L & Shou W Steering ecological-evolutionary dynamics to improve artificial selection of
microbial communities. Nat. Commun 12, 6799 (2021). [PubMed: 34815384]

Kuosmanen T et al. Drug-induced resistance evolution necessitates less aggressive treatment.
PLoS Comput. Biol 17, €1009418 (2021). [PubMed: 34555024]

Lin A et al. Off-target toxicity is a common mechanism of action of cancer drugs undergoing
clinical trials. Sci. Transl. Med 11, eaaw8412 (2019). [PubMed: 31511426]

Force T & Kolaja KL Cardiotoxicity of kinase inhibitors: the prediction and translation of
preclinical models to clinical outcomes. Nat. Rev. Drug Discov 10, 111-126 (2011). [PubMed:
21283106]

Harrison RK Phase Il and phase I11 failures: 2013-2015. Nat. Rev. Drug Discov 15, 817-818
(2016). [PubMed: 27811931]

Schoener TW The newest synthesis: understanding the interplay of evolutionary and ecological
dynamics. Science 331, 426-429 (2011). [PubMed: 21273479]

Cairns J, Jokela R, Becks L, Mustonen V & Hiltunen T Repeatable ecological dynamics govern
the response of experimental communities to antibiotic pulse perturbation. Nat. Ecol. Evol 4,
1385-1394 (2020). [PubMed: 32778754]

Gore J, Youk H & van Oudenaarden A Snowdrift game dynamics and facultative cheating in
yeast. Nature 459, 253-256 (2009). [PubMed: 19349960]

Janeway CA Jr, Travers P, Walport M & Shlomchik MJ Immunobiology (Garland Science, 2001).
Shinnakasu R et al. Regulated selection of germinal-center cells into the memory B cell
compartment. Nat. Immunol 17, 861-869 (2016). [PubMed: 27158841]

Viant C et al. Antibody affinity shapes the choice between memory and germinal center B cell
fates. Cell 183, 1298-1311.e11 (2020). [PubMed: 33125897]

Mayer A, Balasubramanian V, Walczak AM & Mora T How a well-adapting immune system
remembers. Proc. Natl Acad. Sci. USA 116, 8815-8823 (2019). [PubMed: 30988203] This
theoretical work studies how adaptive immune repertoires should be organized to minimize the
cost of infections in a given environment of pathogens.

Réschinger T, Tovar RM, Pompei S & Lassig M Adaptive ratchets and the evolution of molecular
complexity. Preprint at arXiv 10.48550/arXiv.2111.09981 (2021).

Schnaack OH & Nourmohammad A Optimal evolutionary decision-making to store immune
memory. eLife 10, €61346 (2021). [PubMed: 33908347]

Schnaack OH, Peliti L & Nourmohammad A Learning and organization of memory for evolving
patterns. Phys. Rev. X 12, 021063 (2022).

Chardes V, Vergassola M, Walczak AM & Mora T Affinity maturation for an optimal balance
between long-term immune coverage and short-term resource constraints. Proc. Natl Acad. Sci.
USA 119, e2113512119 (2022). [PubMed: 35177475]

Gu C, Kim GB, Kim WJ, Kim HU & Lee SY Current status and applications of genome-scale
metabolic models. Genome Biol. 20, 121 (2019). [PubMed: 31196170]

Scott M, Gunderson CW, Mateescu EM, Zhang Z & Hwa T Interdependence of cell growth

and gene expression: origins and consequences. Science 330, 1099-1102 (2010). [PubMed:

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147

Page 22

21097934] This study establishes a quantitative model for growth-dependent allocation of
proteome resources, which is an important prerequisite for metabolic control approaches.

Weile AY, Oyarzin DA, Danos V & Swain PS Mechanistic links between cellular trade-offs,
gene expression, and growth. Proc. Natl Acad. Sci. USA 112, E1038-E1047 (2015). [PubMed:
25695966] This study develops a growth model for microbial cells that includes cell metabolism
and nutrient intake, providing a computable link between environmental changes and eco-
evolutionary dynamics.

Dourado H, Mori M, Hwa T & Lercher MJ On the optimality of the enzyme-substrate
relationship in bacteria. PLoS Biol. 19, 3001416 (2021). [PubMed: 34699521]

Posfai A, Taillefumier T & Wingreen NS Metabolic trade-offs promote diversity in a model
ecosystem. Phys. Rev. Lett 118, 028103 (2017). [PubMed: 28128613]

Good BH, Martis S & Hallatschek O Adaptation limits ecological diversification and promotes
ecological tinkering during the competition for substitutable resources. Proc. Natl Acad. Sci.
USA 115, E10407-E10416 (2018). [PubMed: 30322918]

Ansari AF, Reddy YBS, Raut J & Dixit NM An efficient and scalable top-down method for
predicting structures of microbial communities. Nat. Comput. Sci 1, 619-628 (2021). [PubMed:
38217133]
van den Berg NI et al. Ecological modelling approaches for predicting emergent properties in

microbial communities. Nat. Ecol. Evol 6, 855-865 (2022). [PubMed: 35577982]
Mora T, Walczak AM, Bialek W & Callan CG Jr. Maximum entropy models for antibody
diversity. Proc. Natl Acad. Sci. USA 107, 5405-5410 (2010). [PubMed: 20212159]
Desponds J, Mora T & Walczak AM Fluctuating fitness shapes the clone-size distribution of
immune repertoires. Proc. Natl Acad. Sci. USA 113, 274-279 (2016). [PubMed: 26711994]
DeWitt WS et al. Dynamics of the cytotoxic T cell response to a model of acute viral infection. J.
Virol 89, 4517-4526 (2015). [PubMed: 25653453]
Pogorelyy MV et al. Detecting T cell receptors involved in immune responses from single
repertoire snapshots. PLoS Biol. 17, 3000314 (2019). [PubMed: 31194732]
Nourmohammad A, Otwinowski J, tuksza M, Mora T & Walczak AM Fierce selection and
interference in B-cell repertoire response to chronic HIV-1. Mol. Biol. Evol 36, 2184-2194
(2019). [PubMed: 31209469]
Snyder TM et al. Magnitude and dynamics of the T-cell response to SARS-CoV-2 infection at
both individual and population levels. Preprint at medRxiv 10.1101/2020.07.31.20165647 (2020).
Nolan S et al. A large-scale database of T-cell receptor p (TCRp) sequences and
binding associations from natural and synthetic exposure to SARS-CoV-2. Res. Sq 10.21203/
rs.3.rs-51964/v1 (2020).
Minervina AA et al. Primary and secondary anti-viral response captured by the dynamics and
phenotype of individual T cell clones. eLife 9, €53704 (2020). [PubMed: 32081129]
Montague Z et al. Dynamics of B cell repertoires and emergence of cross-reactive responses
in patients with different severities of COVID-19. Cell Rep. 35, 109173 (2021). [PubMed:
33991510]
Minervina AA et al. Longitudinal high-throughput TCR repertoire profiling reveals the dynamics
of T-cell memory formation after mild COVID-19 infection. eLife 10, 63502 (2021). [PubMed:
33399535]
Pogorelyy MV et al. Resolving SARS-CoV-2 CD4" T cell specificity via reverse epitope
discovery. Cell Rep. Med 3, 100697 (2022). [PubMed: 35841887]
Mayer A, Balasubramanian V, Mora T & Walczak AM How a well-adapted immune system is
organized. Proc. Natl Acad. Sci. USA 112, 5950-5955 (2015). [PubMed: 25918407]
Bradde S, Nourmohammad A, Goyal S & Balasubramanian V The size of the immune repertoire
of bacteria. Proc. Natl Acad. Sci. USA 117, 5144-5151 (2020). [PubMed: 32071241]
Mayer A, Mora T, Rivoire O & Walczak AM Diversity of immune strategies explained by
adaptation to pathogen statistics. Proc. Natl Acad. Sci. USA 113, 8630-8635 (2016). [PubMed:
27432970]

. Vogwill T & MacLean RC The genetic basis of the fitness costs of antimicrobial resistance: a

meta-analysis approach. Evol. Appl 8, 284-295 (2015). [PubMed: 25861386]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

148.

149.

150.

151.

152.

153.

154.

155.

156.
157.

158.

159.

160.

161.

162.

163.

164.

165.

166.

167.

168.

1609.

170.

Page 23

Melnyk AH, Wong A & Kassen R The fitness costs of antibiotic resistance mutations. Evol. Appl
8, 273-283 (2015). [PubMed: 25861385]

Lawley TD et al. Targeted restoration of the intestinal microbiota with a simple, defined
bacteriotherapy resolves relapsing Clostridium difficile disease in mice. PLoS Pathog. 8,
€1002995 (2012). [PubMed: 23133377]

de Visser JAGM & Krug J Empirical fitness landscapes and the predictability of evolution. Nat.
Rev. Genet 15, 480-490 (2014). [PubMed: 24913663]

Bitbol A-F & Schwab DJ Quantifying the role of population subdivision in evolution on rugged
fitness landscapes. PLoS Comput. Biol 10, e1003778 (2014). [PubMed: 25122220]

Freitas O, Wahl LM & Campos PRA Robustness and predictability of evolution in bottlenecked
populations. Phys. Rev. E 103, 042415 (2021). [PubMed: 34005989]

Berg J, Willmann S & L&ssig M Adaptive evolution of transcription factor binding sites. BMC
Evol. Biol 4, 42 (2004). [PubMed: 15511291]

Sella G & Hirsh AE The application of statistical physics to evolutionary biology. Proc. Natl
Acad. Sci. USA 102, 9541-9546 (2005). [PubMed: 15980155]

Rotem A et al. Evolution on the biophysical fitness landscape of an RNA virus. Mol. Biol. Evol
35, 2390-2400 (2018). [PubMed: 29955873]

Maynard Smith J Evolution and the Theory of Games (Cambridge Univ. Press, 1982).
Stankova K, Brown JS, Dalton WS & Gatenby RA Optimizing cancer treatment using game
theory: a review. JAMA Oncol. 5, 96-103 (2019). [PubMed: 30098166]

LaMont C et al. Design of an optimal combination therapy with broadly neutralizing antibodies
to suppress HIV-1. eLife 11, e76004 (2022). [PubMed: 35852143] This study introduces a
computational population genetics model to predict HIV escape from bNADbs and to devise
optimal combination therapies of bNAbs that suppress HIV escape and rebound within patients.
Meijers M, Vanshylla K, Gruell H, Klein F & L&ssig M Predicting in vivo escape dynamics

of HIV-1 from a broadly neutralizing antibody. Proc. Natl Acad. Sci. USA 118, 2104651118
(2021). [PubMed: 34301904]

Lee JM et al. Deep mutational scanning of hemagglutinin helps predict evolutionary fates

of human H3N2 influenza variants. Proc. Natl Acad. Sci. USA 115, E8276-E8285 (2018).
[PubMed: 30104379]

Wu NC et al. Major antigenic site B of human influenza H3N2 viruses has an evolving local
fitness landscape. Nat. Commun 11, 1233 (2020). [PubMed: 32144244]

Starr TN et al. Deep mutational scanning of SARS-CoV-2 receptor binding domain reveals
constraints on folding and ACE2 binding. Cell 182, 1295-1310.e20 (2020). [PubMed: 32841599]
Wang Y, Lei R, Nourmohammad A & Wu NC Antigenic evolution of human influenza

H3N2 neuraminidase is constrained by charge balancing. eLife 10, €72516 (2021). [PubMed:
34878407]

Starr TN et al. Shifting mutational constraints in the SARS-CoV-2 receptor-binding domain
during viral evolution. Science 377, 420-424 (2022). [PubMed: 35762884]

Phillips AM et al. Binding affinity landscapes constrain the evolution of broadly neutralizing
anti-influenza antibodies. eLife 10, €71393 (2021). [PubMed: 34491198]

Moulana A et al. Compensatory epistasis maintains ACE2 affinity in SARS-CoV-2 Omicron
BA.1. Nat. Commun 13, 7011 (2022). [PubMed: 36384919]

Maher MC et al. Predicting the mutational drivers of future SARS-CoV-2 variants of concern. Sci.
Transl. Med 14, eabk3445 (2022). [PubMed: 35014856]

Madani A et al. Large language models generate functional protein sequences across diverse
families. Nat. Biotechnol 10.1038/s41587-022-01618-2 (2023).

Hie B, Zhong ED, Berger B & Bryson B Learning the language of viral evolution and escape.
Science 371, 284-288 (2021). [PubMed: 33446556]

Jumper J et al. Highly accurate protein structure prediction with AlphaFold. Nature 596, 583-589
(2021). [PubMed: 34265844]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

171.

172.

173.

174.

175.

176.

177.

178.

179.
180.

181.
182.

183.

184.

185.

186.

187.

188.

189.

190.

191.

192.

193.

194.

195.

Page 24

Rives A et al. Biological structure and function emerge from scaling unsupervised learning to
250 million protein sequences. Proc. Natl Acad. Sci. USA 118, e2016239118 (2021). [PubMed:
33876751]

Pun MN et al. Learning the shape of protein micro-environments with a holographic
convolutional neural network. Preprint at arXiv 10.48550/arXiv.2211.02936 (2022).

Dauparas J et al. Robust deep learning-based protein sequence design using ProteinMPNN.
Science 378, 49-56 (2022). [PubMed: 36108050]

Vaishnav ED et al. The evolution, evolvability and engineering of gene regulatory DNA. Nature
603, 455-463 (2022). [PubMed: 35264797]

Treloar NJ, Fedorec AJH, Ingalls B & Barnes CP Deep reinforcement learning for the control

of microbial co-cultures in bioreactors. PLoS Comput. Biol 16, 1007783 (2020). [PubMed:
32275710]

Yang KK, Wu Z & Arnold FH Machine-learning-guided directed evolution for protein
engineering. Nat. Methods 16, 687-694 (2019). [PubMed: 31308553] This study demonstrates
that machine learning can guide the directed evolution of proteins by in silico fitness predictions.
Sinai S & Kelsic ED A primer on model-guided exploration of fitness landscapes for biological
sequence design. Preprint at arXiv 10.48550/arXiv.2010.10614 (2020).

Udrescu S-M & Tegmark M Al Feynman: a physics-inspired method for symbolic regression. Sci.
Adv 6, eaay2631 (2020). [PubMed: 32426452]

Stengel RF Optimal Control and Estimation (Courier, 1994).

Black F & Scholes M The pricing of options and corporate liabilities. J. Polit. Econ 81, 637-654
(1973).

Merton RC Theory of rational option pricing. Bell J. Econ. Manag. Sci 4, 141-183 (1973).
Bellman R On the theory of dynamic programming. Proc. Natl Acad. Sci. USA 38, 716-719
(1952). [PubMed: 16589166]

Kappen HJ An introduction to stochastic control theory, path integrals and reinforcement
learning. AIP Conf. Proc 887, 149-181 (2007).

Fischer A, Vazquez-Garcia | & Mustonen V The value of monitoring to control evolving
populations. Proc. Natl Acad. Sci. USA 112, 1007-1012 (2015). [PubMed: 25587136]

Iram S et al. Controlling the speed and trajectory of evolution with counterdiabatic driving. Nat.
Phys 17, 135-142 (2020).

Champer J et al. Molecular safeguarding of CRISPR gene drive experiments. eLife 8, e41439
(2019). [PubMed: 30666960]

Wright O, Stan G-B & Ellis T Building-in biosafety for synthetic biology. Microbiology 159,
1221-1235 (2013). [PubMed: 23519158]

Daley GQ, Lovell-Badge R & Steffann J After the storm — a responsible path for genome
editing. N. Engl. J. Med 380, 897-899 (2019). [PubMed: 30649993]

Mandell DJ et al. Biocontainment of genetically modified organisms by synthetic protein design.
Nature 518, 55-60 (2015). [PubMed: 25607366]

Chan CTY, Lee JW, Cameron DE, Bashor CJ & Collins JJ “Deadman” and “Passcode” microbial
kill switches for bacterial containment. Nat. Chem. Biol 12, 82-86 (2016). [PubMed: 26641934]
zur Wiesch PA, Kouyos R, Engelstddter J, Regoes RR & Bonhoeffer S Population biological
principles of drug-resistance evolution in infectious diseases. Lancet Infect. Dis 11, 236-247
(2011). [PubMed: 21371657]

Larsen AC et al. A general strategy for expanding polymerase function by droplet microfluidics.
Nat. Commun 7, 11235 (2016). [PubMed: 27044725]

Chen H et al. Efficient, continuous mutagenesis in human cells using a pseudo-random. DNA
editor. Nat. Biotechnol 38, 165-168 (2020). [PubMed: 31844291]

Cravens A, Jamil OK, Kong D, Sockolosky JT & Smolke CD Polymerase-guided base editing
enables in vivo mutagenesis and rapid protein engineering. Nat. Commun 12, 1579 (2021).
[PubMed: 33707425]

Rix G & Liu CC Systems for in vivo hypermutation: a quest for scale and depth in directed
evolution. Curr. Opin. Chem. Biol 64, 20-26 (2021). [PubMed: 33784581]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

196.

197.

198.

199.

200.

201.

202.

203.

204.

205.

206.

207.

208.

209.

210.

211.

212.

213.

214.

215.

216.

217.

218.

Page 25

Shi C, Wang C, Lu J, Zhong B & Tang J Protein sequence and structure co-design with
equivariant translation. Paper presented at the 11th International Conference on Learning
Representations https://openreview.net/forum?id=pRCMXcfdihq (2023).

Schuler TH, Poppy GM, Kerry BR & Denholm | Insect-resistant transgenic plants. Trends
Biotechnol. 16, 168-175 (1998).

Castle LA et al. Discovery and directed evolution of a glyphosate tolerance gene. Science 304,
1151-1154 (2004). [PubMed: 15155947]

Douglas AE Strategies for enhanced crop resistance to insect pests. Annu. Rev. Plant. Biol 69,
637-660 (2018). [PubMed: 29144774]

Ott PA et al. An immunogenic personal neoantigen vaccine for patients with melanoma. Nature
547,217-221 (2017). [PubMed: 28678778]

Keskin DB et al. Neoantigen vaccine generates intratumoral T cell responses in phase Ib
glioblastoma trial. Nature 565, 234-239 (2019). [PubMed: 30568305]

Perelson AS et al. Decay characteristics of HIV-1-infected compartments during combination
therapy. Nature 387, 188-191 (1997). [PubMed: 9144290]

Baym M, Stone LK & Kishony R Multidrug evolutionary strategies to reverse antibiotic
resistance. Science 351, aad3292 (2016). [PubMed: 26722002]

Wang KK et al. A hybrid drug limits resistance by evading the action of the multiple antibiotic
resistance pathway. Mol. Biol. Evol 33, 492-500 (2016). [PubMed: 26538141]

Feder AF et al. More effective drugs lead to harder selective sweeps in the evolution of drug
resistance in HIV-1. eLife 5, 10670 (2016). [PubMed: 26882502]

Zhang F et al. Optimal combination treatment regimens of vaccine and radiotherapy augment
tumor-bearing host immunity. Commun. Biol 4, 78 (2021). [PubMed: 33469123]

Malherbe DC et al. Sequential immunization with a subtype B HIV-1 envelope quasispecies
partially mimics the in vivo development of neutralizing antibodies. J. Virol 85, 5262-5274
(2011). [PubMed: 21430056]

Klasse PJ et al. Sequential and simultaneous immunization of rabbits with HIV-1 envelope
glycoprotein SOSIP.664 trimers from clades A, B and C. PLoS Pathog. 12, 1005864 (2016).
[PubMed: 27627672]

Mohan T, Berman Z, Kang S-M & Wang B-Z Sequential immunizations with a panel of HIV-1
Env virus-like particles coach immune system to make broadly neutralizing antibodies. Sci. Rep
8, 7807 (2018). [PubMed: 29773829]

Miyamoto S et al. Vaccination-infection interval determines cross-neutralization potency to
SARS-CoV-2 Omicron after breakthrough infection by other variants. Med 3, 249-261.e4
(2022). [PubMed: 35261995]

Lu C-L et al. Enhanced clearance of HIV-1-infected cells by broadly neutralizing antibodies
against HIV-1 in vivo. Science 352, 1001-1004 (2016). [PubMed: 27199430]

Ragheb MN et al. Inhibiting the evolution of antibiotic resistance. Mol. Cell 73, 157-165.e5
(2019). [PubMed: 30449724]

Bozic | et al. Evolutionary dynamics of cancer in response to targeted combination therapy. eLife
2,e00747 (2013). [PubMed: 23805382]

Marchi J, Lassig M, Walczak AM & Mora T Antigenic waves of virus-immune coevolution. Proc.
Natl Acad. Sci. USA 118, €2103398118 (2021). [PubMed: 34183397]

Tuerk C & Gold L Systematic evolution of ligands by exponential enrichment: RNA ligands to
bacteriophage T4 DNA polymerase. Science 249, 505-510 (1990). [PubMed: 2200121]
Fernandez-Gacio A, Uguen M & Fastrez J Phage display as a tool for the directed evolution of
enzymes. Trends Biotechnol. 21, 408-414 (2003). [PubMed: 12948674]

Brudno Y, Birnbaum ME, Kleiner RE & Liu DR An in vitro translation, selection and
amplification system for peptide nucleic acids. Nat. Chem. Biol 6, 148-155 (2010). [PubMed:
20081830]

van Bloois E, Winter RT, Kolmar H & Fraaije MW Decorating microbes: surface display of
proteins on Escherichia coli. Trends Biotechnol. 29, 79-86 (2011). [PubMed: 21146237]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.


https://openreview.net/forum?id=pRCMXcfdihq

1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

219.

220.

221.

222.

223.

224.

225.

226.

227.

228.

229.

230.

231.

232.

233.

234,

235.

236.

237

238.

239.
240.

241.

242.

Page 26

Rovner AJ et al. Recoded organisms engineered to depend on synthetic amino acids. Nature 518,
89-93 (2015). [PubMed: 25607356]

Blind M & Blank M Aptamer selection technology and recent advances. Mol. Ther. Nucleic
Acids 4, €223 (2015). [PubMed: 28110747]

Wong BG, Mancuso CP, Kiriakov S, Bashor CJ & Khalil AS Precise, automated control of
conditions for high-throughput growth of yeast and bacteria with e/VOLVER. Nat. Biotechnol 36,
614-623 (2018). [PubMed: 29889214]

Rice LB The clinical consequences of antimicrobial resistance. Curr. Opin. Microbiol 12, 476—
481 (2009). [PubMed: 19716760]

Laxminarayan R Antibiotic effectiveness: balancing conservation against innovation. Science 345,
1299-1301 (2014). [PubMed: 25214620]

Moura de Sousa J, Balbontin R, Durdo P & Gordo | Multidrug-resistant bacteria compensate for
the epistasis between resistances. PLoS Biol. 15, e2001741 (2017). [PubMed: 28419091]
Wistrand-Yuen E et al. Evolution of high-level resistance during low-level antibiotic exposure.
Nat. Commun 9, 1599 (2018). [PubMed: 29686259]

Durdo P, Balbontin R & Gordo | Evolutionary mechanisms shaping the maintenance of antibiotic
resistance. Trends Microbiol. 26, 677-691 (2018). [PubMed: 29439838]

Vasan N, Baselga J & Hyman DM A view on drug resistance in cancer. Nature 575, 299-309
(2019). [PubMed: 31723286]

Szybalski W & Bryson V Genetic studies on microbial cross resistance to toxic agents. I. Cross
resistance of Escherichia colito fifteen antibiotics. J. Bacteriol 64, 489-499 (1952). [PubMed:
12999676]

Oz T et al. Strength of selection pressure is an important parameter contributing to the complexity
of antibiotic resistance evolution. Mol. Biol. Evol 31, 2387-2401 (2014). [PubMed: 24962091]
Levin-Reisman | et al. Antibiotic tolerance facilitates the evolution of resistance. Science 355,
826-830 (2017). [PubMed: 28183996]

Levin-Reisman I, Brauner A, Ronin | & Balaban NQ Epistasis between antibiotic tolerance,
persistence, and resistance mutations. Proc. Natl Acad. Sci. USA 116, 14734-14739 (2019).
[PubMed: 31262806]

Vega NM & Gore J Collective antibiotic resistance: mechanisms and implications. Curr. Opin.
Microbiol 21, 28-34 (2014). [PubMed: 25271119]

Sorg RA et al. Collective resistance in microbial communities by intracellular antibiotic
deactivation. PLoS Biol. 14, e2000631 (2016). [PubMed: 28027306]

de Vos MGJ, Zagorski M, McNally A & Bollenbach T Interaction networks, ecological stability,
and collective antibiotic tolerance in polymicrobial infections. Proc. Natl Acad. Sci. USA 114,
10666-10671 (2017). [PubMed: 28923953]

Klimper U et al. Selection for antimicrobial resistance is reduced when embedded in a natural
microbial community. ISME J. 13, 2927-2937 (2019). [PubMed: 31384011]

Bottery MJ, Pitchford JW & Friman V-P Ecology and evolution of antimicrobial resistance in
bacterial communities. ISME J. 15, 939-948 (2020). [PubMed: 33219299]

Witte W Medical consequences of antibiotic use in agriculture. Science 279, 996-997 (1998).
[PubMed: 9490487]

Bawa AS & Anilakumar KR Genetically modified foods: safety, risks and public concerns — a
review. J. Food Sci. Technol 50, 1035-1046 (2013). [PubMed: 24426015]

Gilbert N Case studies: a hard look at GM crops. Nature 10.1038/497024a (2013).

Hawkins NJ, Bass C, Dixon A & Neve P The evolutionary origins of pesticide resistance. Biol.
Rev. Camb. Philos. Soc 94, 135-155 (2018). [PubMed: 29971903]

Aarestrup FM and Schwarz S in Antimicrobial Resistance in Bacteria of Animal Origin (ed.
Aarestrup FM) 187-212 (ASM Press, 2019).

Mann A, Nehra K, Rana JS & Dahiya T Antibiotic resistance in agriculture: perspectives on
upcoming strategies to overcome upsurge in resistance. Curr. Res. Microb. Sci 2, 100030 (2021).
[PubMed: 34841321]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al. Page 27

243. Flynn JL & Chan J Tuberculosis: latency and reactivation. Infect. Immun 69, 4195-4201 (2001).
[PubMed: 11401954]

244. Bailey J, Blankson JN, Wind-Rotolo M & Siliciano RF Mechanisms of HIV-1 escape from
immune responses and antiretroviral drugs. Curr. Opin. Immunol 16, 470-476 (2004). [PubMed:
15245741]

245. Lin PL & Flynn JL Understanding latent tuberculosis: a moving target. J. Immunol 185, 15-22
(2010). [PubMed: 20562268]

246. Perng G-C & Jones C Towards an understanding of the herpes simplex virus type 1 latency-
reactivation cycle. Interdiscip. Perspect. Infect. Dis 2010, 262415 (2010). [PubMed: 20169002]

247. Cohn LB, Chomont N & Deeks SG The biology of the HIV-1 latent reservoir and implications for
cure strategies. Cell Host Microbe 27, 519-530 (2020). [PubMed: 32272077]

248. Chen Y, Jungsuwadee P, Vore M, Butterfield DA & St Clair DK Collateral damage in cancer
chemotherapy: oxidative stress in nontargeted tissues. Mol. Interv 7, 147-156 (2007). [PubMed:
17609521]

249. Kostine M et al. Opportunistic autoimmunity secondary to cancer immunotherapy (OASI): an
emerging challenge. Rev. Med. Interne 38, 513-525 (2017). [PubMed: 28214182]

250. Pauken KE, Dougan M, Rose NR, Lichtman AH & Sharpe AH Adverse events following cancer
immunotherapy: obstacles and opportunities. Trends Immunol. 40, 511-523 (2019). [PubMed:
31053497]

251. Albero B, Tadeo JL, Escario M, Miguel E & Pérez RA Persistence and availability of
veterinary antibiotics in soil and soil-manure systems. Sci. Total. Environ 643, 1562-1570
(2018). [PubMed: 30189572]

252. Ilwu CD, Korsten L & Okoh Al The incidence of antibiotic resistance within and beyond
the agricultural ecosystem: a concern for public health. Microbiologyopen 9, e1035 (2020).
[PubMed: 32710495]

253. Galon J, Angell HK, Bedognetti D & Marincola FM The continuum of cancer
immunosurveillance: prognostic, predictive, and mechanistic signatures. Immunity 39, 11-26
(2013). [PubMed: 23890060]

254. Gire SK et al. Genomic surveillance elucidates Ebola virus origin and transmission during the
2014 outbreak. Science 345, 1369-1372 (2014). [PubMed: 25214632]

255. Gardy J, Loman NJ & Rambaut A Real-time digital pathogen surveillance — the time is now.
Genome Biol. 16, 155 (2015). [PubMed: 27391693]

256. Zanini F et al. Population genomics of intrapatient HIV-1 evolution. eLife 4, e11282 (2015).
[PubMed: 26652000]

257. Kugelman JR et al. Monitoring of Ebola virus Makona evolution through establishment of
advanced genomic capability in Liberia. Emerg. Infect. Dis 21, 1135-1143 (2015). [PubMed:
26079255]

258. Hadfield J et al. Nextstrain: real-time tracking of pathogen evolution. Bioinformatics 34, 4121—
4123 (2018). [PubMed: 29790939]

259. Havel JJ, Chowell D & Chan TA The evolving landscape of biomarkers for checkpoint inhibitor
immunotherapy. Nat. Rev. Cancer 19, 133-150 (2019). [PubMed: 30755690]

260. Wyres KL et al. Genomic surveillance of antimicrobial resistant bacterial colonisation and
infection in intensive care patients. BMC Infect. Dis 21, 683 (2021). [PubMed: 34261450]

261. Lam MMC et al. A genomic surveillance framework and genotyping tool for Klebsiella
pneumoniae and its related species complex. Nat. Commun 12, 4188 (2021). [PubMed:
34234121]

262. Chen Z et al. Global landscape of SARS-CoV-2 genomic surveillance and data sharing. Nat.
Genet 54, 499-507 (2022). [PubMed: 35347305]

263. Tate JG et al. COSMIC: the catalogue of somatic mutations in cancer. Nucleic Acids Res. 47,
D941-D947 (2019). [PubMed: 30371878]

264. Scott M & Hwa T Bacterial growth laws and their applications. Curr. Opin. Biotechnol 22,
559-565 (2011). [PubMed: 21592775]

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Lassig et al.

Page 28

265. Dourado H & Lercher MJ An analytical theory of balanced cellular growth. Nat. Commun 11,
1226 (2020). [PubMed: 32144263]

266. Gowda K, Ping D, Mani M & Kuehn S Genomic structure predicts metabolite dynamics in
microbial communities. Cell 185, 530-546.e25 (2022). [PubMed: 35085485]

267. Kinney JB & McCandlish DM Massively parallel assays and quantitative sequencefunction
relationships. Annu. Rev. Genomics Hum. Genet 20, 99-127 (2019). [PubMed: 31091417]

268. Verkuil R et al. Language models generalize beyond natural proteins. Preprint at bioRxiv
10.1101/2022.12.21.521521 (2022).

269. Bialek W & Tishby N Predictive Information. Preprint at arXiv 10.48550/arXiv.cond-mat/
9902341 (1999).

Nat Rev Genet. Author manuscript; available in PMC 2024 May 30.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lassig et al.

Page 29

Box 1
Optimizing control by monitoring, learning and predictions

Here we describe the dynamics of information gathering by the controller and the
resulting optimization of protocols in a minimal model for the control of escape evolution
(Fig. 4). The maximum-impact protocol Xmax closely follows a moving target y, which
requires full, posterior knowledge of its stochastic evolutionary path in the presence of
the control force. In any practical application, the best available (forward) protocol x*
follows a projection of the target path informed only by data from the past (Fig. 5).

To compare and optimize forward protocols, we use a payoff function ¥() = Pmax()
-A(D —C, where ¥hax(D) = Pxmax(D) is the direct benefit at the maximum-impact
point, AP{H=c(x*(D — Xmax(D)? is the payoff cost generated by the mismatch x*(5—
Xmax(9) and Cis the sum of control costs.

Monitoring

Measurements provide information about the instantaneous state of the target. In between
measurements, x* deviates from X reflecting the increase of uncertainty on the
target’s evolutionary path (cones in Fig. 5). In the minimal model, the time-dependent
mismatch x*(9) — xmax(9 follows a random walk with diffusion constant Dp. Each
control update by measurement resets the mismatch to a small value determined by the
measurement error and generates a measurement cost Gy, caused by the physiological
process of signal processing. Over a time interval (¢ #+ z) between consecutive updates,
the optimal monitoring-based forward protocol maintains the action coordinate Xmnax(9)
set by the last measurement (Fig. 5a). This produces an expected average payoff y* =
Ymax — AW — Gm — G With mismatch cost Ay = ¢Dy ©/2, a measurement cost Gy, =

G/ T, and other costs ¢. More frequent updates reduce the mismatch but increase the
measurement cost per unit of time® (Fig. 5a,b). Hence, there is an optimal time interval
between updates, 7*=[2Cy/(cDg)]*2. We can express the information gain, or loss of
uncertainty, by measurements as a Kullback—Leibler divergence (DkL):

In(t,t+7) = Di(Oriaor |,001se).-

Here Q7. . . is the prior distribution generated by the diffusion of the target’s evolutionary
path up to time # z, following a measurement at time £ and Q, .. is the posterior
distribution of paths after the measurement at time # z. The Kullback—Leibler divergence
between these probability distributions indicates how likely random draws from the prior
distribution look as if drawn from the posterior distribution; this probability decreases
exponentially with increasing Dk, . Intuitively, /, counts the (inverse, log) fraction of
paths in the uncertainty cone that are compatible with the next measurement (Fig. 5a).

Adaptivelearning

Long-term evolution of the control machinery can increase its efficacy. For example,
a larger control range increases the payoff and reduces the target fitness at a given
mismatch x*— xmax. This reduces the mismatch cost (¢ decreases) and can slow down
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target evolution (g decreases). Hence, adaptive learning increases the net payoff gain
of monitoring-based protocols, but the more complex control machinery generates an
additional control cost (Fig. 5c).

Evolutionary predictions

Computational predictions use dynamical rules inferred from past data to reduce the
uncertainty about future path segments29. Here we define the predictive information’:2
of evolutionary models as a difference between Kullback—Leibler divergences:

Ip(tvt+T) = DKL(Q\r,Mr» | ,Qro,r+r> - DKL(Q\I,!+1‘7 | »thr+r),

where QF,. . is the predicted distribution of the target evolutionary path up to time
t+zhased on data up to time £ Intuitively, /, counts the density of paths compatible
with the next measurement in the prediction-informed uncertainty cone (Fig. 5d),
relative to the corresponding density in the naive cone (Fig. 5a). The information
measures /y and /, show the complementary roles of monitoring and computational
predictions: measurements constrain the starting point of future evolutionary paths at
time ¢ and predictions explain a part of the evolutionary change from ¢to #z. The
power of predictions is limited by incomplete knowledge of the past and by the intrinsic
stochasticity of the future dynamics.

Pre-emptive control protocols, by definition, generate predictive information (/, > 0)

and harvest it to increase payoff. In the minimal model, pre-emptive control results in

a reduced diffusion constant of the control path, D < D for time intervals of order z,
after each update (Fig. 5d). This timescale, called the prediction horizon, determines

the added value of prediction for computational control®’. Given limited measurement
information (z, < z), successful pre-emptive protocols follow the predicted path after
each update and are phased out to a constant action coordinate after a characteristic time
7. (Fig. 5d). This crossover sets the pre-emptive control horizon, the period for which
we bank on computational predictions for control. In protocols with z; < g, the control
path undershoots the prediction horizon (at a time At after the last update, its mismatch
cost increases with diffusion constant D for At< z, and with Dy for At> ;). Conversely,
in protocols with z; > 7, the path overshoots into a wrong direction (the cost increases
with diffusion constant D for Az< z, and with D' > Dy for At> 7p)- This suggests a
general relationship: pre-emptive control becomes optimal if the control horizon matches
the prediction horizon (z; ~ 7). That is, pre-emptive control is effective for as long as
the target evolution can be successfully predicted®. Beyond this scale, control relies again
on monitoring. Notably, control itself can generate or reduce predictive information, for
example, by restricting the accessible trajectories or by accelerating escape evolution.
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Fig. 1|. Examples of evolutionary control.
a, Directed evolution of an enzyme. The TmHisA enzyme, which is part of a histidine

production pathway, is evolved to function in a new species, Saccharomyces cerevisiae. Top:
the control protocol gradually decreases the supply of external histidine, using a feedback
mechanism to maintain an approximately constant growth rate in four replicate populations
(R1-R4 in different colours). By evolution of TmHisA, the yeast cells gradually adapt

to function in environments without external histidine. Bottom: fitness in a histidine-free
environment for the wild type (black circle) and for evolved TmHisA variants sampled
from each replicate population after 700 h (~100 generations, R1-R4 in different colours).
Successful TmHisA variants acquired 6-15 mutations. Part a adapted with permission
from ref. 13. b, Directed evolution of antibiotic resistance. Top: controlled evolution of
tetracycline resistance in four replicate Escherichia coli populations (R1-R4); resistance

is measured by the half-inhibitory drug concentration (IC50) relative to the wild type.
Feedback control maintains stable growth by keeping the actual drug concentration close
to the 1C50 value. Bottom: collateral trait evolution, measured against seven other drugs,
can increase or decrease sensitivity; lines show the drug with maximum and minimum
IC50 in each population. Part b re-plotted using data from ref. 15. ¢, Control of cancers

by the immune system. Evolving cancers accumulate new mutations and new neoantigens.
The resulting change in immune recognition during the evolution from a primary to a
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recurrent tumour is computed from a neoantigen fitness model and compared between
cohorts of long-term (blue) and short-term (orange) survivors. These dynamics are shaped
by immune interactions: recognition increases less in long-term survivors, indicating the
stronger suppression of clones with high-affinity neoantigens. Part c re-plotted using data
from ref. 43
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Fig. 2|. Concepts and key steps of evolutionary control.
All instances of evolutionary control discussed involve a fast-evolving target system

and a biotic or computational control system. The controller establishes a control
objective and sets up a mechanism and protocol for control interaction with the

target system. Control mechanisms include directed evolution experiments8-10.12,192-196
gene drive?l, genetic engineering'97-199, vaccination and immunotherapy#:40.46.200.201
and metabolic perturbations, for example by antibiotics33. The mechanisms of control
determine the control protocols that can be realized, for example, in therapies18.202-

206 and vaccination®8:70-72.74,98,207-210 Red frame and arrows highlight the key

feedback loop of control and the underlying interactions. Control alters fitness and
evolution of the target system towards the control objective; evolution under control
includes microbial escapel58.159.211.212 ' tymour escape in cancer38:39:41.213 immune-
pathogen co-evolution?’122.146.214 5nd mutation-selection cycles in directed evolution
experiments?12.13,189.215-221 The controlled dynamics generates benefit and costs of
control, which determine the net payoff for the controller. Control cost is system

specific and includes the cost associated with the emergence of resistance?13.222-

227 cross-resistance39:228.229 or tolerance230-231 in microbes targeted by a therapy

(for example, antibiotics), off-target disturbance of other microbes in the same

ecological environment232-236 resistance to pesticides in agriculture237-242, Jatency and
formation of pathogenic reservoirs?43-247  treatment side effects248-250 and disturbance of
ecosystems251:252, Monitoring233-262, adaptive learning76:177 and prediction of the target
dynamics based, for example, on a catalogue of resistance mutations2%3, evolutionary
models38:43:52.53 metabolic models32:264-266 or statistical inference of sequence—function
maps168.171,176,177,267.268 sarye to evaluate the net payoff and to update and improve control
protocols
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Fig. 3|. Directed evolution versus escape control.
Control dynamics on target fitness (left) and control payoff landscapes (right) for two modes

of evolutionary control. a, Directed evolution. Control is to elicit a primary trait of the target
system, here molecular binding. The evolution of this trait is driven by a fitness increase of
the target system, which goes along with a payoff increase for the control system (dashed
arrows). The simultaneous evolution of collateral traits, here spurious binding, can reduce
the payoff gain (solid arrows). b, Escape control. Control is to suppress the target pathogen
by neutralization, that is, functional binding to control molecules of the host system. Binding
increases by updates of a control trait (red arrows) and decreases by escape evolution that
affects a cognate pathogen trait (cyan arrows). Target fitness and control payoff evolve in

opposite ways.
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Fig. 4 |. Monitoring, adaptive learning and prediction shape control protocols.
In the control of a pathogen, control is a moving fitness trough for the target population

(red, darker shading indicates lower fitness). Control partially suppresses growth in the
target system and induces escape evolution away from the fitness trough (cyan arrows).

In response, the control seascape is updated (red arrows); control updated at time #acts

on the target system in the next time interval (¢ ¢ +1). The update dynamics of control
protocols are shown for a given evolutionary trajectory of the pathogen in three different
control modes. a, Control based on monitoring. Protocols are informed only by monitoring
of past and present states and lag behind the evolution of the target system. b, Control
based on adaptive learning. Protocols can adapt to broad dynamical features of target
evolution (here, the breadth of the fitness trough is tuned to the speed of target evolution). c,
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Computational control leverages short-term predictions of target evolutionary trajectories to
generate pre-emptive protocols.
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Fig. 5. Computing and optimizing control.

Upper panels: optimal control protocols available for different modes of information
processing, x*( (red lines), compared with the maximum-impact protocol, Xmax(d(cyan
lines), and the no-control protocol, x; (grey lines). Each protocol is characterized by a
time-dependent action coordinate embedded in a high-dimensional space of a priori possible
protocols (this space is indicated by planes). For control of escape evolution, the maximum-
impact protocol closely follows the evolutionary trajectory of the target system (cf. Fig.

4). In all forward protocols x*(4), the action coordinate is periodically updated to the
instantaneous maximum-impact point, which is inferred by monitoring the target system
(updating times are marked by planes). In between updates, uncertainty about the target’s
future trajectory generates a mismatch x*(—xmax(? (expected uncertainty range indicated
by cones). Lower panels: average payoff of conditionally optimal protocols, y* (red lines),
and of the no-control protocol, yy (grey lines), depending on the maximum-impact action
coordinate Xmayx at the end of the displayed time interval (top planes). These payoffs include
a mismatch cost, as well as costs for monitoring and mounting control (red dashed lines),
that differ between control modes (see Box 1 for a minimal payoff model). a,b, Monitoring-
based control. The action coordinate of each update is maintained for the subsequent time
interval. A large mismatch cost can reduce the payoff below the action threshold (grey
dashed line), that is, below the payoff of the no-control protocol (panel a). More frequent
measurements of the target system reduce the mismatch, albeit at an additional monitoring
cost (panel b). ¢, Adaptive learning. Here, adaptive increase of the control range reduces the
mismatch cost and slows down target evolution (indicated by a narrower uncertainty cone),
but generates an additional cost of the control machinery. d, Pre-emptive control. Using
computational prediction of target evolutionary paths reduces the mismatch over limited
periods (indicated by a tilted, narrower cone).
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