
Forecasting Evolution: Mining for 
Predictability in the Unpredictable 

Philip J. Gerrish, Ramiro Dominguez Aguilar, and Alexandre Colato

Contents 
1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  11  0  

1.1 Mathematical Models and Forecasting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  11  1  
1.2 Darwin’s Principle: Fitness Evolution Is a Martingale . . . . . . . . . . . . . . . . . . . . . . . .  11  3  

2 Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  11  7  
2.1 Models of Fitness Ev olution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  11  7  
2.2 Estimating Mutational Input . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  11  9  
2.3 Fitness Measurement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  12  1  
2.4 Genetic Linkage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  12  6  

3 Phenotypic Ev olution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  12  7  
3.1 Mapping Phenotype to Fitness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  12  7  
3.2 Phenotype Dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  12  8  
3.3 Multivariate Phenotypic Ev olution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  12  8  

4 The Longshot: Forecasting Sequence Evolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  13  0  
5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  13  1  
6 Cross-References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  13  1  
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  132

P. J. Gerrish ( ) 
Department of Mathematics and Physics, Universidad Autónoma del Estado de Hidalgo, 
Pachuca de Soto, Mexico 

Department of Biology, University of New Me xico, Albuquerque, NM, USA
e-mail: pgerrish@unm.edu 

R. D. Aguilar 
Department of Mathematics and Physics, Universidad Autónoma del Estado de Hidalgo, 
Pachuca de Soto, Mexico

A. Colato 
Department of Natural Sciences, Mathematics and Education, Federal Uni versity of São Carlos, 
Araras, SP, Brazil

© Springer Nature Switzerland AG 2026 
B. Sriraman (ed.), Handbook of Visual, Experimental and Computational Mathematics,
https://doi.org/10.1007/978-3-032-16368-4_12 

109 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-16368-4protect T1	extunderscore 12&domain=pdf

 885 49031 a 885 49031 a
 
mailto:pgerrish@unm.edu
mailto:pgerrish@unm.edu
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12
https://doi.org/10.1007/978-3-032-16368-4_12


110 P. J. Gerrish et al.

Abstract 

Biological evolution is an enormously high-dimensional process fraught with 
contingencies and nonlinearities. For this reason, evolutionary biology has 
traditionally been considered an exclusively retrospective science. This state of 
affairs, however, is beginning to change, and notions of predicting evolution are 
increasingly being discussed with straight faces – a cultural shift brought about 
by high-throughput and high-resolution biotech, ever-increasing computational 
capacity, the explosion of machine learning and AI, as well as the increasing need 
for evolutionary prediction in our rapidly changing world. Previous assessments 
of predictability in evolution have, wittingly or not, employed something like a 
frequentist approach, whereby a fitness landscape and its derivative distribution 
of fitness effects (DFEs) are determined beforehand through enormously expen-
sive and time-consuming lab work, and evolution then allowed to run its course 
to see if predictions were accurate. Our recent and ongoing work provides an 
alternative approach that is Bayesian in nature and allows for DFE updating in 
real time; it is derived from first principles, it has realistic prospects of practical 
implementation in real-world settings, and it can be implemented for a small 
fraction of the cost compared to frequentist-like approaches. We question the
utility of DNA sequence data in predicting evolution and join other researchers
in pointing to an emphasis on fitness-phenotype evolution as the way forward.

Keywords 

Fitness evolution · Phenotype evolution · DNA sequence evolution · 
Theoretical ev olutionary genetics · Mutation · Natural selection · Complexity

1  Introducti  on  

The study of evolutionary processes has been dominated by retrospective analysis 
based on observations of biological diversity. Methods employed often rely on the 
analysis of historical data, both observed, e.g., the fossil record, and inferred, e.g., 
phylogenetic reconstruction. Results of such analysis can tell us about selective 
pressures, mutational events, the role of genetic drift, migration patterns, and the 
influence of environmental change, on past evolutionary trajectories. However, past 
evolutionary trajectories are not easily extrapolated to future trajectories, as many of
the contingencies shaping past trajectories were impossible to foresee (Nosil et al.
2020; Sarewitza and Pielk e 1999). 

As such, proposals to develop methods for forecasting evolution have been, and 
continue to be, a hard sell. Since its inception, evolutionary biology has largely 
assumed inherent unpredictability to be an inevitable part of its identity as a
discipline. Long-term forecasting may indeed be impossible. Extreme short-term
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forecasting has been studied and practiced by plant and animal breeders for 
centuries, but breeders have been primarily concerned with predicting phenotypic 
change over the course of a single generation – a timescale on which artificial 
selection may be applied but natural selection need not be accounted for. Breeders 
focus on gene interactions with other genes, phenotypes, and the environment 
and how these factors might augment desirable characteristics in offspring. The 
randomness introduced by Mendelian i nheritance, however, is unavoidable, making
predictions about offspring probabilistic in nature.

The central aim of our contributions to forecasting ev olution (Pénisson et al.
2013; Gerrish and Sniegowski 2011, 2012) has been to explore a “goldilocks zone” 
somewhere between long-term and extreme short-term forecasting: a medium term 
that (1) leverages the deterministic influence of natural selection for as long as 
it can provide a useful signal-to-noise ratio and (2) minimizes the probability of 
major contingencies. The ability to forecast evolution even just a few generations 
into the future would be invaluable to oncologists, epidemiologists, conserva-
tion biologists, and practitioners of infectious disease intervention. Analogies 
to weather forecasting and financial market forecasting serve to emphasize this
point: The economic benefits of accurate short-term forecasting in both cases are
enormous.

Benefits of forecasting evolution are not limited to getting ahead of the game 
in intervention strategies and protocols. Knowledge of evolution’s next move could 
also be used to steer evolution in a desirable direction. Ethical issues are obvious 
and weighty where the evolution of higher organisms is concerned. They are less 
obvious, and perhaps justifiable, where infectious diseases or cancer is concerned. 
Previous work has explored the use of mathematical evolutionary forecasting for 
steering antibody evolution with vaccine protocols toward broadly neutralizing
antibodies, in the contexts of HIV and influenza (Gerrish 2016). 

1.1 Mathematical Models and Fo recasting 

It may sound trivial to talk about the relationship between mathematical models and 
prediction. Perhaps this is because many of us think of math and its predictions in 
terms of physics and engineering: Making predictions about how much weight a 
bridge can sustain, for example, uses math formulations of physical models. And,
thankfully, such predictions rarely disappoint.

In an attempt to avoid such preconceptions, the term forecasting will be used, 
because our topic is much more closely related to weather forecasting and financial 
market forecasting than to physics-based predictions used by engineers. The 
relationship between engineering prediction and physical models is tight. The 
relationship between evolutionary forecasting and evolutionary models is not. But 
it is suspected that evolution forecasts, like weather forecasts, can be good enough
to be useful.
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1.1.1 Hierarchy of Model Agnosticism 
When faced with hard forecasting challenges (like the weather), computer scientists 
sometimes talk about “model-free prediction,” usually referring to unsupervised 
(reinforcement) machine learning. In the language used here, such predictive 
methods are examples of “uninformed models,” because they are initially agnostic, 
i.e., they initially assume no knowledge of the process to be predicted. Such methods 
can be likened to maximum likelihood estimation, which i s simply Bayesian
estimation with a flat (uninformative) prior.

The extreme agnosticism of model-free forecasting implicitly discards centuries 
of research and hard-won characterizations of nature that have been invaluable to 
both basic and applied sciences. With no knowledge of Navier –Stokes theory, for 
example, one would be hard pressed to predict the weather based on model-free
forecasting alone (Girault and Raviart 2011). 

Most attempts at forecasting employ at least a very basic model of change. The 
simplest such model is one that assumes no change will take place. In some cases, 
careful analysis reveals that the process modeled is so random that impro vements
on the “no change” model cannot be found.

A step above this simplest model is a model that assumes no change in the 
statistical properties of the process will take place. A few steps above this model 
is a model that assumes that only one statistical property, namely the expectation, 
will not change. These models, called martingales, form the basis for “detrended” 
predictive models that can be constructed from a priori knowledge of the process
modeled. Such “informed models” are the primary focus of this chapter.

Models based on fitness landscape abstractions hav e their limitations. S merlak
(2019) notes that populations with different mutation rates or genetic architectures 
may experience the same fitness landscape in fundamentally different ways, com-
plicating the task of prediction. Additionally, the order in which mutations arise 
can strongly influence future pathways available on a fitness landscape subsequent 
evolutionary possibilities, leading to historical contingency and path dependence
(Nosil et al. 2020). And environmental fluctuations and gene-by-environment 
interactions further complicate landscape-based predictive programs (Reeve 2000; 
Sarewitza and Pielk e 1999). 

Wortel et al. indicate that public health interventions, such as vaccination and 
physical distancing, can alter the evolutionary potential of pathogens by modifying 
population size and selection pressures, thereby influencing the predictability of 
antigenic evolution. Accounting for such feedback between interventions and 
evolution is crucial in applying predictive evolutionary biology, as it can inform 
strategies to manage the emergence of novel variants and guide public health
policy (Wortel et al. 2023; Gandon et al. 2016). The transition from retrospective 
to predictive dynamics in evolution represents a fundamental shift in the field, 
driven by advances in modeling, computation, and real-time data collection. While 
retrospective analyses remain invaluable f or understanding the history of life, 
predictive frameworks offer the promise of anticipating and potentially steering
evolutionary outcomes (Smerlak 2019; Passagem-Santos et al. 2018; Nosil et al. 
2020).
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1.2 Darwin’s Principle: Fitness Evolution Is a Mar tingale

1.2.1 Relative Fitness: Evolution’s “P otential” 
Fitness serves as a unifying concept in evolutionary dynamics, mapping enormous 
complexity onto a single parameter – a fundamental potential – quantifying 
contribution to future generations. Fitness only makes sense in the context of 
populations. Darwin’s great insight can be summarized quantitatively as noting that 
fitness is only of consequence in the degree to which it differs from population 
mean fitness. Such relative fitness determines effective fecundity and contribution 
to future generations. This fact can be understood in the contex t of traveling wave 
models, where the distribution of fitness within a population propagates toward ever-
increasing absolute fitness at constant speed. The wave’s constant speed reflects the
fact that effective fecundity is determined by relative fitness in finite populations
(Luksza and Lässig 2014; Bertram et al. 2017). Students of evolution are well 
advised to think of absolute fitness as a meaningless quantity most of the time. 
Lässig et al. (2017) demonstrate the applicability of relative fitness as potential to 
systems such as influenza A/H3N2, where the interplay between antigenic change 
and population immunity can be captured by relative fitness dynamics. Despite 
its challenges, the abstraction of relative fitness as a potential remains a powerful 
tool for both understanding and predicting evolutionary dynamics. It provides a 
“potential” for evolution that applies equally to ev erything from viruses to whales
(Wortel et al. 2023; Lässig et al. 2017). 

1.2.2 Mean Relative Fitness Is Zer o by D efinition
The “potential” of Darwinian evolution has an immediately obvious feature that 
would appear problematic. Mean relative fitness i s zero by definition. Letting x 
denote fitness, then relative fitness is x− x̄ ., where x̄ . is mean fitness and is a f unction 
of continuous time t : x̄ = x̄(t).. But while the quantity x − x̄ . is evolution’s potential 
and the driver of evolution, the quantities x and x̄ . by themselves do not mean much; 
they are only meaningful in relation to one another. (Several previous authors have 
pointed out that population mean fitness is, by itself, of little meaning.) Translating 
these observations to math speak, Darwin’s great insight can be stated by saying that 
evolution is a martingale; relative fitness e volution is a process that is inherently
and automatically detrended.

1.2.3 Analogies with Physical P otentials 
Evolutionary theory, like statistical physics, addresses the behavior of large popu-
lations of interacting particles or organisms (Chia and Goldenfeld 2011; Smerlak  
2021; Nosil et al. 2020; Gerrish et al. 2013; Smerlak and Youssef 2017; Gerrish 
and Sniegowski 2012; Lässig et a l. 2017; Fisher et al. 2013; Smerlak  2018; Sella 
and Hirsh 2005; de Vladar and Barton 2011; Matsuda et al. 1992; Barton and 
Coe 2009; Neher and Shraiman 2011). The notion of a fitness landscape, where 
genotypes or phenotypes are mapped to a scalar fitness value, closely mirrors the 
concept of a potential energy surface in physics. This analogy is not merely super-
ficial; it provides a rigorous foundation for modeling evolutionary trajectories as
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movements within a high-dimensional fitness landscape, akin to particles traversing 
a potential field. The value of these analogies is twofold. First, they open up possible 
extrapolation of established techniques from condensed matter and nonequilibrium 
physics to evolutionary problems. Second, the analogy extends to the interpretation 
of fitness as a potential that shapes the flow of populations through genotype space. 
Just as physical systems tend to evolve toward states of lower potential ener gy, 
populations under selection are biased toward genotypes of higher fitness. However, 
unlike many physical systems where parameters remain constant and equilibrium 
is rapidly achieved, ev olutionary systems often operate on longer timescales with
fluctuating parameters, making true equilibrium rare or unattainable (Gerrish et al.
2013). This distinction highlights the utility of nonequilibrium statistical mechanics 
in evolutionary biology, as opposed to the steady-state analyses common in ph ysics
(Mustonen and Lässig 2009; Becker and Sibani 2014; Kussell and Vucelja 2014). 

Adaptive processes in evolution can be quantitatively described using measures 
such as the cumulative fitness flux, which captures the total amount of adaptation 
experienced by a lineage or clade over time. This concept is analogous to the 
integrated work done by a force in physics, providing a historical record of selective 
pressures and adaptive events. The fitness flux framework allows for the visu-
alization and quantification of evolutionary trajectories, rev ealing the underlying
structure of adaptation in complex populations (Luksza and Lässig 2014). 

While physics analogies provide powerful conceptual and mathematical tools, 
they also underscore the unique challenges of evolutionary systems. The stochastic 
emergence of beneficial mutations, the role of genetic drift, tendencies toward 
criticality, and the influence of fluctuating environments introduce complexities that 
are less prevalent in physical systems (Figgins and Bedford 2025; Smerlak  2019; 
Luksza and Lässig 2014; Gerrish et al. 2013). 

1.2.4 Lessons from Weather Forecasting 
The pursuit of predictability in evolutionary biology has some similarities with 
the early developments in the field of weather forecasting (Shuman 1989; Namias  
1968; Gandon et al. 2016; Cecconi et al. 2012; Peters and Neelin 2006; R ichardson 
1922). Both disciplines grapple with the challenge of forecasting the future state 
of complex, high-dimensional systems t hat are sensitive to initial conditions and 
subject to stochastic influences (Smerlak 2019). In weather science, the develop-
ment of mathematical models to s imulate atmospheric dynamics, as pioneered by
Richardson (1922); Lynch (2016, 2006) and later refined by Lorenz (Shen et al.
2023; Lorenz 1963), has highlighted both the power and the limitations of predictive 
modeling. Lorenz’s work, in particular, shows that even with accurate equations, the 
intrinsic limits to forecasting arise from t he exponential growth of small errors, a 
phenomenon popularly called the “butterfly effect” (Pielke et al. 2024) that is now 
formalized through the concept of Lyapunov exponents. This insight has profound 
implications for evolutionary prediction, where analogous sensitivities can arise.

The world’s first numerical weather forecast w as computed by Richardson
(1922). His 6-hour forecast predicted weather conditions for the city of Munich 
that were so extreme that they are thought to never have existed on planet Earth
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(Richardson 1922; Lynch 2016, 2006). Despite the daunting challenges and a 
very rough start, however, forecasting in meteorology has achieved remarkable 
success, with the ability to make useful forecasts of weekly weather regimes, 
monthly means, and even seasonal characteristics improving steadily over the past 
decades. However, these advances have been contingent on the availability of high-
quality data, sophisticated models, and an understanding of the system’s inherent 
unpredictability. The method of analogs, originally applied in weather forecasting, 
involves identifying past s tates of the system that closely resemble the current 
state and using their subsequent evolution as a guide for prediction. While this 
approach has yielded some success in meteorology, its application i n evolutionary
biology is complicated by the high dimensionality of genotype space and the
context dependence of fitness landscapes (Passagem-Santos et al. 2018; Zhou and 
McCandlish 2020). 

In both fields, the density and quality of observational data play a critical role 
in determining the accuracy of predictions. For instance, in weather forecasting, the 
assimilation of real-time atmospheric data has been essential for improving forecast 
skill. Similarly, in evolutionary studies, real-time population-level data and dense 
sampling of genotypes are necessary to capture t he nuances of fitness landscapes
and to enable meaningful forecasts (Zhou and McCandlish 2020; Luksza and Lässig 
2014). 

A key lesson from weather forecasting is the recognition that not all systems 
are equally predictable. Some atmospheric phenomena, such as the regular influx 
of tropical weather patterns, are more amenable to prediction due to strong external 
forcing, whereas others are subject to a multitude of interacting factors that reduce 
forecast reliability. This distinction is echoed in evolutionary biology, where certain 
pathogen dynamics, for example, may be more predictable when driven by potent 
environmental or demographic factors, while others remain highly contingent on
complex genetic and ecological interactions (Gandon et al. 2016; Bisschop et al. 
2022). 

The forecast horizon, the temporal window over which predictions remain 
usefully accurate, varies not only with the system but also with the specific variables 
of interest and the quality of available data. The analogy with weather forecasting 
also highlights the importance of understanding the limits of predictability. In 
meteorology, the growth of forecast errors is now a well-characterized phenomenon, 
and efforts to extend the forecast horizon hav e focused on improving initial
condition estimates, refining models, and quantifying uncertainty (Namias 1968). 

Weather forecasting demonstrates that even in the face of intrinsic unpredictabil-
ity, meaningful and actionable predictions are possible when models are continually 
updated with new data and when goals for the predictive horizon are modest.

1.2.5 Lessons from Financial M arkets 
The study of financial market prediction offers a rich source of analogies and 
methodological insights for evolutionary forecasting (Levin and Lo 2021; Diep and 
Desgranges 2021; Amir et a l. 2021; Robson and Orr 2021; Zhou 2016; A utzen 
2024; Koduri and Lo 2021). Both fields grapple with the challenge of predicting the
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future behavior of complex, stochastic systems, where the underlying dynamics are 
shaped by a combination of deterministic rules and random fluctuations. In financial 
markets, the efficient market hypothesis (EMH) posits that all available information 
is instantaneously reflected in asset prices, rendering past price movements largely 
uninformative for future predictions. This principle has profound implications for 
modeling, as it suggests that only new, unforeseen information can drive price 
changes and that the best predictor of tomorrow’s price is today’s price. The EMH 
thus forms a martingale as does the relative fitness process in evolution; in addition, 
it has the Markov memoryless property, where the system’s future state depends 
solely on its present state, not its history. This perspective resonates with certain 
approaches in evolutionary biology, particularly those that emphasize the primacy 
of current population states and fitness landscapes in shaping future evolutionary 
trajectories. In both domains, the challenge lies in extracting predictive signals 
from noisy, h igh-dimensional data, while accounting for the fact that the system is
constantly being perturbed by novel inputs, be they mutations in evolution or news
in financial markets.

The analogy extends further: Just as financial models often rely on stochastic 
processes such as geometric Brownian motion to capture the random walk nature 
of asset prices, evolutionary models frequently employ stochastic differential 
equations to describe allele frequency changes under the influence of mutation, 
selection, and drift. However, the limitations of financial market prediction also 
serve as a cautionary tale for evolutionary forecasting. The EMH implies that, 
in an idealized market, systematic prediction is fundamentally constrained by the 
rapid i ncorporation of information, leading to a situation where only unpredictable,
exogenous shocks can move prices (Dmouj 2006). Similarly, in evolution, the 
unpredictability of future mutational inputs and environmental changes can limit 
the accuracy of forecasts, especially over longer timescales. Nosil et al. (2020) 
indicate that rare and difficult-to-predict environmental events can have outsized 
effects on evolutionary outcomes, mirroring the impact of black swan events in 
financial markets (Box 3). 

Despite these challenges, both fields have developed sophisticated statistical and 
computational tools to improve short-term predictive power. In finance, Bayesian 
estimation and real-time updating of model parameters are standard techniques for 
assimilating new information and refining forecasts (Dmouj 2006). Evolutionary 
biology is increasingly adopting similar approaches, using Bayesian inference to 
estimate the distribution of fitness effects (DFEs) and to update predictions as new 
genetic data become available. Wortel et al. (2023) state that predicting evolutionary 
outcomes often involves estimating the probability of specific events, such as the 
fixation of beneficial mutations or changes in population size, which parallels the 
probabilistic forecasting o f asset returns or market crashes.

A key insight from financial modeling is the importance of understanding the 
structure and flow of information within the system. In markets, transparency and 
the r apid dissemination of information are essential for maintaining efficienc y and
limiting arbitrage opportunities (Dmouj 2006). In evolutionary systems, genetic 
linkage and the structure of genealogical trees play analogous roles in preserving
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and transmitting information about the DFE and the fitness landscape. According to 
Luksza and Lässig (2014), the inference of genealogical trees and the estimation 
of clade frequencies are central to predicting evolutionary dynamics, much as 
the analysis of order books and transaction histories informs market predictions. 
Furthermore, the analogy highlights the value of focusing on short-term dynamics, 
where predictive m odels are most likely to succeed.

In finance, short-term forecasts can exploit transient inefficiencies or patterns 
before they are arbitraged away, w hile long-term predictions are hampered by 
the accumulation of unpredictable shocks (Dmouj 2006). In evolution, models 
that prioritize short-term fitness trajectories and real-time estimation of mutational 
inputs are better positioned to capture the immediate consequences of selection and 
drift, even if long-term outcomes remain elusive. The work of Luksza and Lässig
(2014) demonstrates that extending prediction schemes from population frequencies 
to absolute growth rates and incidence rates can enhance the accuracy of short-term 
forecasts, provided that the relevant selective ef fects are well characterized.

The lessons from financial market prediction thus underscore both the promise 
and the limitations of evolutionary forecasting. They suggest that while perfect 
prediction may be unattainable due to the inherent stochasticity and information 
constraints of complex systems, meaningful progress can be made by leveraging 
real-time data, focusing on short-term dynamics, and rigorously quantifying uncer-
tainty. The cross-fertilization of ideas between these fields continues to inspire new 
approaches to the fundamental problem of predicting the future in systems governed
by both chance and necessity (Dmouj 2006; Nosil et al. 2020; Wortel et a l. 2023; 
Luksza and Lässig 2014). 

2  Theo  ry  

2.1 Models of Fitness E volution 

Standard models of fitness evolution are typically grounded in the dynamics of 
genotype frequencies within a population, where the change in log-frequency of a 
genotype is determined by the difference between its fitness and the mean fitness of 
the population. Mutation is often modeled as a diffusion process, with a strong bias 
toward deleterious effects, reflecting the empirical observation that most mutations 
are harmful rather than beneficial. The distribution of fitness effects (DFEs) of new 
mutations is a key determinant of evolutionary trajectories. The fact that the DFE 
can often b e assumed to be stationary over short timescales enables the use of 
time series analyses to make predictions about future evolutionary states. However, 
periods of non-stationarity, where the DFE shifts due to environmental changes or
internal population dynamics, can signal impending evolutionary transitions, such as
the onset of metastasis in cancer or host shifts in pathogens (Gerrish and Hengartner
2017). The ability to detect statistical rumblings in the DFE that commonly precede 
such “black swan events” (Box 3) could inform conservation measures and public
health decisions.
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Gene regulatory networks can evolve new connections while maintaining ances-
tral functions, illustrating how evolutionary complexity is constrained by both 
the need to preserve essential traits and the opportunity to explore new adaptive 
peaks. These constraints generate correlations in phenotypic evolution that can be 
exploited for inferring fitness landscapes and for predictive analyses. Mechanistic 
fitness models, which incorporate both positive and ne gative fitness components, 
are feasible when a few key phenotypes explain most of the fitness variation 
in the population. Such models enhance predictability by reducing the effective
dimensionality of the evolutionary process (Lässig et al. 2017). In the context of 
quantitative genetics, forecasting approaches often rely on frameworks such as 
the breeder’s equation or the Robertson–Price identity, which relate the response 
to selection to phenotypic and genetic variances and covariances. These models 
assume that the genetic architecture of traits and the covariance between traits and 
fitness are sufficiently stable to allow f or meaningful predictions of evolutionary
responses (Wortel et al. 2023). 

The temporal dynamics of fitness in evolving populations are shaped by a 
complex interplay of mutational input, selection, genetic drift, and linkage, all of 
which contribute to the patterns and predictability of evolutionary change. Recent 
quantitative models have increasingly focused on capturing these dynamics in 
real time, moving beyond static or retrospective analyses to frameworks that can 
forecast short-term evolutionary trajectories based on current population data. In 
high mutation regimes, linkage can generate complex, sometimes counterintuitive, 
evolutionary dynamics that deviate from the expectations of models assuming free
recombination. Mechanistic fitness models, as outlined by Lässig et al. (2017), 
are particularly effective when a few key phenotypes explain most of the fitness 
variation within a population. These models typically incorporate both positive and 
negative fitness components, which together constrain the evolutionary complexity 
and enhance the predictability of fitness trajectories. The temporal evolution of 
fitness in such models is not only merely a function of the accumulation of beneficial 
mutations but also reflects the balance between adaptation and the costs associated 
with resource allocation, as seen in microbial systems where compound production
diverts resources from growth.

Polygenic forecasting methods, which leverage quantitative genetics frameworks 
such as the breeder’s equation and the Robertson–Price identity, offer additional 
tools for predicting the response to selection based on phenotypic and genetic 
variances and covariances (Wortel et al. 2023). These approaches are particularly 
relevant when adaptation involves multiple traits or when the genetic architecture 
of fitness is highly polygenic. Gallegos et al. (2025) demonstrate the application of 
quantitative genetic models to simulate the evolution of environmental tolerance 
via adaptive changes in plastic traits, illustrating how temporal series data can 
inform predictions of fitness evo lution in complex environments. The integration of 
deterministic and stochastic models further enriches our understanding of temporal
fitness dynamics. Martin and Roques (2016) discuss the use of deterministic
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approximations in non-epistatic models to retrieve known properties and generate 
new insights into the temporal progression of fitness. However, the extension of 
these models to account for epistatic interactions and context-dependent mutation 
effects remains a significant challenge.

In the context of infectious disease evolution, the temporal dynamics of fi t-
ness are particularly salient. Gandon et al. (2016) emphasize that forecasting 
the dynamics of pathogens such as influenza requires models that incorporate 
both epidemiological and evolutionary dimensions, as the fitness landscape of the 
pathogen is continually reshaped by host immunity and intervention strategies. The 
collective insights from these studies indicate that while significant progress has 
been made in modeling and forecasting the temporal dynamics of fitness, challenges 
persist in scaling t hese approaches to encompass multiple phenotypes, complex 
genetic architectures, and the full spectrum of evolutionary forces. Nonetheless, 
the ongoing refinement of quantitative models, informed by real-time data and
advanced computational methods, holds promise for improving the predictability
of evolutionary outcomes (Nosil et al. 2020; Lässig et al. 2017). 

2.2 Estimating Mutational I nput 

Mutational input is characterized by two key components: the mutation rate and 
the distribution of fitness effects (DFEs) of new mutations. Estimation of these 
components is complicated by the fact that they are not independent of each other. 
On the surface it seems plausible, for example, that a high rate of production 
of mutations of small ef fect might create evolutionary dynamics similar to – and 
perhaps statistically indistinguishable from – a low rate of production of mutations 
of larg e effects. Indeed, for fully nonparametric estimation, it has been shown
(Gerrish and Hengartner 2017) that it is impossible to estimate both the mutation 
rate and the D FE – a sort of e volutionary uncertainty principle.

2.2.1 Mutation Ra te 
Mutation rate estimation is a central component in characterizing the mutational 
input to evolutionary processes, as it directly determines the frequency and spectrum 
of new genetic variants entering a population. Accurate estimation of mutation 
rates is essential for understanding the distribution of fitness effects (DFEs) and for 
constructing predictive m odels of evolutionary dynamics. The DFE itself represents 
the statistical distribution of the fitness consequences of new mutations, and its
accurate characterization depends critically on reliable mutation rate estimates
(Gerrish and Hengartner 2017). The estimation of mutation rates is complicated 
by the need to disentangle the effects of selection from the raw mutational input. 
Natural selection acts as a strong filter, biasing the observed spectrum of mutations 
away from the true underlying distribution.
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2.2.2 Distribution of Fitness E ffects (DFEs) 
Mutations that alter fitness serve as the fundamental input for natural selection, 
yet the general properties of these mutations, such as the proportion that is 
beneficial versus deleterious and the magnitude of their effects, remain incompletely 
characterized. The DFE represents the spectrum of possible fitness consequences 
arising from genetic changes, and its shape directly influences the rate and trajectory 
of adaptation, the likelihood of parallel evolution, and the maintenance of genetic 
variation within populations. Recent theoretical and empirical efforts, by ourselves
and others, have focused on quantifying the DFE, particularly for beneficial
mutations (Aguilar 2025; Gerrish and Hengartner 2017), due to its implications 
for forecasting evolutionary outcomes. However, while the overall distribution can 
be estimated, connecting specific mutations to their precise fitness effects and 
their probabilities of occurrence remains a significant challenge. This limitation 
arises because t he DFE is not a static property; it is shaped by the underlying 
genotype-to-phenotype map, the genetic background, and the environment in which
selection occurs. Lind et al. (2019) note that models incorporating increasing 
levels of information about genetic architecture can improve explanatory power, 
but minimal information is still required for reliable predictions. The DFE is not 
only a property of individual mutations but also reflects the structure of the fitness 
landscape. For example, the anisotropy in the spectral distribution of mutational 
effects demonstrates that the directionality and magnitude of fitness changes can 
v ary depending on the position in phenotype space and proximity to fitness optima. 
This anisotropy implies that the DFE may shift as populations approach or move 
away from adaptive peaks, with the distribution of effects changing in both mean
and variance (Martin 2014). 

Empirical studies in microbial populations have provided insights into the DFE 
by measuring the fitness effects of fixed beneficial mutations (Rozen et al. 2002). 
The shape of the DFE’s beneficial tail, whether it is exponential, heavy-tailed, or 
otherwise, has important consequences for the predictability of adaptation and the 
potential for parallel evolution (Heilbron et al. 2014; Lind et al. 2019). Furthermore, 
the fixation of weakly and highly deleterious mutations, especially in populations 
experiencing recurrent bottlenecks or elevated mutation rates, can lead to punctuated 
declines in fitness, as observed by Heilbron et al. (2014). Mathematical models, 
such as those developed by Gerrish and colleagues (Gerrish and Hengartner 2017; 
Gerrish and Sniegowski 2012), employ recurrence relations to map the cumulants 
of fitness distributions over time to t he genomic mutation rate and the m oments of
the DFE.

Despite advances in quantifying the DFE and integrating it into predictive 
models, significant challenges remain. The extension of these approaches to systems 
with multiple phenotypes or to sequence-leve l evolution is complicated by the 
increased dimensionality and the complexity of genotype–phenotype–fitness rela-
tionships (Lind et al. 2019; Martin 2014). Moreover, the DFE is context-dependent, 
varying with environmental conditions, genetic background, and the evolutionary 
history of the population. Yet its accurate characterization is essential for developing
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robust mathematical frameworks capable of predicting evolutionary change in real 
time (Lind et al. 2019; Gerrish et al. 2013; Martin 2014). 

Box 1 Fitness–Phenotype Evolution 
Let random variable X denote fitness and let random vector Y. consist of 
numerical values of measurable phenotypes thought to affect fitness. In 
previous work, we have shown that X and Y. evolve as 

.Ċ = C − C (0)

selection

+ U(M − 1)

mutation

+ (1 − eC
∗−C)/2Ne

genetic drif t

(1) 

where:

● C = C(θ, ,  t)  = log E[eθX+ TY ]., the CGF of fitness and phenotypes.
● M = M(θ, ,  t)  = E[e + T Y ]., the MGF of the DFE.
● C∗ = C(2θ, 2 ,  t  ). ; Ċ = ∂tC . ; C = ∂θC . ; C (0) = ∂θC|θ=0 .

● θ . and . are dummy variable and vector.
● U is genomic mutation rate, and Ne . is effective population size. 

The non-locality of C∗
. complicates analytical solution of E q. (1), but if the 

genetic drift term is ignored, i.e., under the reasonable assumption that Ne . is 
large, Eq. (1) becomes a variant of the t ransport equation with solution

.Ct (θ) = C0(θ + t) − C0(θ) + U
t

0
Mt (θ + γ ) − Mt (γ )dγ (2) 

where

● Ct (θ) = C(θ, ,  t  )., and Mt (θ) = M(θ, , t).. 

2.3 Fitness Measuremen t 

To make the mutational input estimates required for evolutionary forecasting, as 
outlined above, we need a way to measure fitness of individuals in the evolving 
population. Serious endeavors to measure fitness, however, quickly lead to deep 
questions about what fitness is and to a realization that quantities we can measure 
are only proxies of absolute fitness. These include maximum exponential growth 
rate, lag phase (in bacteria), total carrying capacity, competitive fitness as measured 
by head-to-head competition with a common ancestor or other reference strain,
etc. Whatever the measure, it must be treated as a proxy of absolute fitness
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(Perfeito et al. 2007, 2011; Trindade et al. 2010; Passagem-Santos et al. 2018); 
specifically, the mean measure must be subtracted from individual measures to 
calculate relative fitness, evolution’s potential.

2.3.1 Experimental Evolution and R eal-Time S ampling
Experimental evolution, when combined with real-time sampling, has become a 
cornerstone for quantifying evolutionary dynamics and testing the central tenets of 
evolution in a controlled context. It is in this context that the predictive power of 
mathematical/computational models of evolution can be assessed in a truly closed-
book way. These approaches are particularly promising for capturing the temporal 
dynamics of the distribution of fitness effects (DFEs). High-throughput competitive 
fitness assays facilitate the measurement of fitness across large numbers of clones,
enabling the estimation of the DFE in real time.

Methods outlined in Box 2 provide a direct way to estimate the DFE in 
transformed spaces, especially Laplace, Fourier, and wavelet spaces, from which 
valuable information can be extracted, such as evolutionarily important tail behav-
ior. The absence of a plot graphing the DFE directly in delta-fitness space, however, 
can limit intuitive interpretation. This limitation can be remedied by applying back-
transformation methods such as the Fourier transform, saddle point, and other
back-transformation methods.

New experimental methods to track frequencies of individual genotypes in vitro 
or in vivo offer promising new ways to measure fitness in situ and to measure 
its evolution in real time. These approaches often involve the use of barcoded 
genotypes and/or deep sequencing; they enable the direct observation of clade 
dynamics and the validation of fitness models by comparing predicted and actual 
evolutionary outcomes. Despite these advances, significant challenges remain in 
extending experimental evolution and real-time sampling to more complex sce-
narios, such as the evolution of multiple phenotypes or sequence-based traits. The 
genetic architecture of many traits, especially in eukaryotes, is highly polygenic, 
complicating the mapping between genotype and phenotype and increasing the 
dimensionality of the fitness l andscape. Wortel et al. argue that detailed knowledge 
of the genotype–phenotype map becomes increasingly important when attempting 
to control or forecast evolutionary responses in such systems. Furthermore, the 
presence of epistasis and the structure of the fitness landscape can constrain the 
number of accessible evolutionary pathways, thereby influencing the predictability
of adaptation. For example, sign epistasis can reduce the number of mutational
routes to higher fitness, increasing the repeatability of evolutionary trajectories and
enhancing the prospects for forecasting (Wortel et al. 2023). However, the interplay 
among epistasis, linkage, and environmental fluctuations introduces additional 
layers of complexity that must be accounted for in both experimental design and data 
analysis. In summary, experimental evolution combined with real-time sampling 
provides a powerful platform for measuring and modeling evolutionary dynamics 
and assessing predictive frameworks (Gerrish and Hengartner 2017; Wortel et al.  
2023; Luksza and Lässig 2014).
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Box 2 A Forecasting Procedure 

1. Data collection. At timepoint k, n individuals are sampled from an 
evolving population. Fitness x and a number of phenotypes y. are measured 
that are thought to be related to fitness. This yields dataset Dk = {{x1, y1},
{x2, y2}, ..., {xn, yn}}k .. 

2. Estimating the DFE. The MGF of the DFE,M., is obtained by rearranging 
Eq. (1) (the “derivative method”) or Eq. (2) (the “integral method”). Strictly 
speaking, only the quantity U(M − 1). can be estimated (nonparametri-
cally), as follo ws:

. U(M̃ − 1) = FD(C̃) or U(M̃ − 1) = FI (C̃)

where functions FD . and FI . are derived from the derivative and integral 
method, respectively. The a rguments are empirical CGFs (or ECGFs),
defined as

. C̃ = log
1

n

n

i=1

eθxi+ Tyi

3. Updating the DFE. The posterior MGF of the DFE can be computed by 
bootstrapping on the dataset, Dk .: 

. g(Mk(θ)) = f (Mk(θ)|Db
k ) ∝ f (Db

k |Mk(θ))g(Mk−1(θ)) ∀ θ

where the prior MGF is simply the posterior from the pre vious sample.
4. Predicting future state. The random vector of fitness and phenotypes at 

future timepoint k + 1. is given b y 

. Dk+1 ∼ f (D|Mk(θ))g(Mk(θ))

5. Variants of this procedure. While all past states are implicitly accounted 
for by this procedure, the weights of past states can be increased by defining 
the prior to be an average of, say, the two prior states. A lternatively, or 
additionally, temporal trends in quantiles of the priors may be fitted to a
time series model and used in the forecasting procedure.

2.3.2 Measurement E rror 
The accuracy of evolutionary predictions is fundamentally constrained by the 
quality and reliability of the data used to parameterize and validate models. 
In evolutionary experiments, fitness and genotype or phenotype measurements
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are often subject to various sources of noise, including technical limitations of 
measurement devices, biological variability, and sampling error. These sources 
of error can obscure true evolutionary signals and complicate the inference of 
underlying processes. A key advantage of formulating evolutionary models in 
terms of cumulants is their capacity to explicitly account for additive measurement 
errors. When fitness or phenotype measurements are contaminated by noise with 
a constant distribution, the cumulants of the observe d data become the sum of the 
true cumulants and those of the error distribution. This additive property allows 
for a more transparent separation of biological signal from measurement noise, 
f acilitating more robust statistical inference and model comparison. Because of this
additive property, the protocol we outline in Box 2 turns out to be inherently robust 
to measurement noise when the math outlined in Box 1 is used for both estimating 
the DFE and forecasting ev olution; the noise terms s imply cancel out.

The challenge of measurement error is further compounded when comparing the 
fit of different evolutionary models. Metrics such as r2 . quantify the proportion of 
variance in the observed data explained by a model, but they do not capture the 
model’s ability to reproduce the stochasticity inherent in evolutionary processes. 
Cross-correlation measures, on the other hand, assess the correspondence between 
observed and predicted trajectories, including their stochastic fluctuations. These 
complementary statistics are essential for evaluating m odel adequacy, especially 
when the summary statistics used for model selection are the same as those reported 
for evolutionary trajectories, such as fitness measures and the number of acquired
mutations. According to Passagem-Santos et al. (2018), the use of both r2 . and cross-
correlation provides an improved assessment of model performance, highlighting 
the importance of capturing both deterministic trends and stochastic variability. 
In experimental studies, the variance attributable to measurement error can differ 
across treatments or experimental conditions. For example, when the variance due 
to measurement error is consistent among treatments, the relative contribution of 
selection to total variance may appear reduced after events such as population 
bottlenecks. This observation underscores the necessity of carefully partitioning 
sources of variance to avoid misattributing changes in evolutionary dynamics to
biological processes when they may instead reflect shifts in measurement error
(Bisschop et al. 2022). 

Wortel et al. (2023) state that the context-dependent importance of different 
evolutionary parameters, such as fitness or mutational input, further complicates 
the interpretation of noisy data, as the relevance of specific measurements may shift 
depending on the evolutionary scenario under investigation. The process of estimat-
ing selection coefficients and distributions of fitness effects (DFEs) is also sensitive 
to measurement error. In some studies, measurement error is neglected to focus on 
qualitative agreement between theory and data, but this simplification may limit
the generalizability of findings (Martin 2014). Martin and Roques (2016) suggest 
that the accuracy of deterministic approximations to stochastic evolutionary models 
is often evaluated using simulations, which can help quantify the error introduced 
by such approximations. However, the translation of these results to empirical data 
is contingent on the reliability of the underlying measurements. Cross-validation 
techniques, such as dividing observed time series into training and test sets, are
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commonly employed to assess the predictive performance of evolutionary models. 
Performance metrics like the correlation coefficient (ρ .) and normalized root mean 
square error (RMSE) are used to quantify the agreement between observed and 
predicted values. These metrics provide complementary perspectives on model 
accuracy, with correlation capturing the strength of association and RMSE reflecting
the magnitude of prediction errors.

Wu et al. (2024) emphasize that the design of unified and reliable frameworks for 
forecasting in complex systems remains an open challenge, in part due to the diffi-
culties associated with measurement error and the high dimensionality of biological 
data. The use of direct measurement techniques, such as site-directed mutagenesis 
followed by competitive fitness assays, can reduce the detection limit for s election
coefficients, thereby improving the resolution of DFE estimates (Martin 2014). 
Nevertheless, even with precise measurements, the neglect of measurement error 
in analysis can bias conclusions about the qualitative agreement between theoretical 
predictions and empirical data. The iterative process of model fitting, validation, and 
refinement thus requires careful attention to the statistical properties of measurement 
error and its impact on parameter estimation. The development of robust mathemat-
ical frameworks necessitates explicit strategies for quantifying and correcting for 
measurement noise, the use of multiple complementary performance metrics, and
the careful interpretation of variance components in experimental data (Wortel et al.
2023; Martin and Roques 2016; Martin 2014; Passagem-Santos et al. 2018; Wu  
et al. 2024; Bisschop et al. 2022). These considerations are essential for advancing 
the predictive power of evolutionary models and for ensuring that forecasts are both
accurate and biologically meaningful.

Box 3 Agnostic Threat-Level Monitoring for Black Swan Ev ents

1. Nonparametric detection of structural changes in the DFE . A major  
change in M(θ). could be a harbinger of the kind of major evolutionary 
change that can underlie w orrisome events like zoonoses. The methods
outlined in Box 2 can be used to monitor for such harbingers. For 
example, threat levels might be raised whenMk(θ). lies outside of the 95% 
confidence interval of the null ensemble of functions on θ . constructed by 
bootstrapping on M∗(θ)., averaged over different values of θ ., where M∗

. 

is some function of previous M.’s; M∗ = Mk−1 . and M∗ = M1 . are two 
simple examples. (Alternatively, Mahalanobis distance may be used, but 
we have found that the attendant covariance matrix often has an undefined
inverse.)

2. A numerical example. Simulations of evolving populations were per-
formed. At the temporal midpoint, a black swan event was simulated by 
changing the DFE from a Gaussian to a uniform distribution, taking care 
to make sure that the p robability mass above zero remained unchanged. 
(Evolutionary dynamics are extremely sensitive to this quantity .) Pairwise
comparisons are plotted in Fig. 1.
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Fig. 1 Monitoring for 
structural changes in the 
DFE. Horizontal and vertical 
axes show indices i and j , 
respectively, for 
nonparametric pairwise
comparison between H0:
M∗ = Mi (θ). and H 1: 
Mj (θ). (j > i .); black 
indicates they are statistically 
distinguishable (p < 0.05.). 
Here, our methods 
successfully detect a 
simulated black swan e vent 
introduced at the h alfway
point

2.4 Genetic Linkage 

The dynamics of fitness distributions in evolving populations are shaped by 
the interplay between genetic linkage and recombination. Genetic linkage, by 
constraining the independent assortment of alleles, preserves correlations among 
loci and thus maintains information about the distribution of fitness effects (DFEs) 
across the genome. This preservation is especially relevant in asexual or low-
recombination populations, where linkage disequilibrium can lead to the collective 
behavior of mutations, resulting in complex evolutionary t rajectories that deviate
from expectations of models assuming free recombination (Couce et al. 2024; 
Bertram et a l. 2017; Merleau et al. 2021). Under linkage, the fate of a beneficial 
or deleterious mutation is determined solely not only by its own effect but also b y 
the genetic background on which it arises, leading to phenomena such as Muller’s
ratchet (Colato and Fontanari 2001; Fontanari et al. 2003; Haigh 1978; Colato et al. 
2005), lineage contamination (Pénisson et a l. 2013, 2017; Bräutigam and Smerlak 
2022), and clonal interference and hitchhiking (Sniegowski et a l. 1997; Pénisson 
et al. 2017; Miralles et al. 1999; de Visser et a l. 1999; Rozen et al. 2002; Sniegowski 
and Gerrish 2010; Gerrish and Lenski 1998; Gerrish 2001; Pénisson et a l. 2013), 
which can skew the distribution of fitness within the population (Couce et al. 2024). 

Such contingencies arising from linkage are examples of epistasis, where the 
effect of a mutation depends on the genetic context. Bertram et al. (2017) indicate 
that macroscopic epistasis can alter long-term evolutionary dynamics by modifying 
the shape and variance of the fitness distribution, potentially leading to nonlinear 
responses to selection and unpredictable evolutionary outcomes. In tightly linked 
genomes, such as those of many microbes, the accumulation of epistatic interactions 
can result in rugged fitness landscapes, where populations may become trapped 
on local fitness peaks, thereby affecting both the mean and variance of fitness
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over time (Couce et al. 2024). This effect is less pronounced in populations 
with high recombination rates, where genetic shuffling can break up unfavorable 
combinations and facilitate the exploration of new adaptive peaks. Recombination 
acts as a counterbalance to linkage by generating novel allele combinations, thereby 
increasing genetic diversity and enabling more efficient selection on individual loci.

Wortel et al. state that explicit population genetic models are required to account 
for the stochastic forces, such as drift, migration, and mutation, that interact with 
recombination to shape the evolutionary process. The introduction of recombination 
can reduce the impact of clonal interference, allowing beneficial mutations to 
combine and spread more rapidly, which in turn can accelerate adaptation and alter 
the trajectory of the fitness distribution (Wortel et al. 2023). However, the benefits 
of recombination are context-dependent; in some cases, recombination can break 
up co-adapted gene comple xes, leading to a temporary reduction i n mean fitness
(Bertram et al. 2017). 

Mean fitness flux, as described by Luksza and Lässig (2014), serves as a quanti-
tative measure of the correlation between predicted and observed changes in clade 
frequencies, offering a metric for assessing the quality of evolutionary predictions 
in the presence of linkage. Experimental evolution studies have demonstrated that 
the structure of the fitness distribution is not static but evolves in response to the 
interplay among mutation, selection, and linkage. For instance, Couce et al. (2024) 
discuss how initial mutations can direct alternative pathw ays of protein e volution.

2.4.1 Informative Higher Cu mulants 
Genetic linkage, while often detrimental to efficient adaptation, can increase the 
predictability of evolution. This is because linkage can have the effect of maintain-
ing the statistical significance of higher cumulants in the fitness distribution. Higher 
cumulants, such as skewness and kurtosis, and their dynamics, carry information 
about the shape and evolution of the distribution of fitness effects ( DFEs) that is 
missing when only the mean and variance of the fitness distribution are significant. 
In populations where genetic linkage is strong, the nonrandom association of alleles
at different loci can preserve statistical information stored in the higher cumulants.

3 Phenotypic Ev olution 

3.1 Mapping Phenotype to Fitness 

Mapping fitness to phenotype is a central challenge in evolutionary biology, as it 
requires translating genetic and phenotypic variation into quantitative predictions 
of evolutionary trajectories. The genotype–phenotype–fitness map is inherently 
complex, shaped by pleiotropy, epistasis, and environmental interactions, which 
together define the structure of the fitness landscape (Martin 2014; Wortel et al.  
2023). Recent advances in high-throughput experimental techniques, such as deep
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mutational scanning, have enabled the empirical mapping of genotype–phenotype 
relationships for specific molecular systems. For example, fitness landscapes for 
protein folding or binding often exhibit a “mesa” structure, with plateaus at high 
and low folding probabilities and a sharp transition region where fitness changes 
rapidly with small changes in phenotype. These landscapes can sometimes be 
parameterized with relatively few variables, allowing for predictiv e modeling when 
sufficient training data are available. However, the challenge remains to generalize 
these mappings to more complex, multidimensional phenotypes and to whole-
or ganism fitness, where the number of relevant variables and interactions increases
dramatically (Lässig et al. 2017). 

3.2 Phenotype D ynamics 

Temporal dynamics of phenotypic traits are central to understanding and predicting 
evolutionary processes, particularly when considering the interplay among muta-
tional inputs, selection, and genetic linkage. The evolution of phenotypic traits is 
inherently a dynamic process, shaped by the continuous introduction of mutations 
and their subsequent effects on fi tness within a population. The mathematical 
treatment of these dynamics often involves tracking the joint distribution of fitness 
and associated phenotypes over time, as formalized by the use of log-characteristic
functions such as = logE(e + )., where X denotes fitness and Y a 
fitness-related phenotype (Gerrish and Hengartner 2017). This approach enables the 
quantification of phenotypic shifts in response to both stochastic mutational events 
and deterministic selection pressures.

The temporal evolution of phenotypic means and variances is a function not 
only of the underlying genetic architecture but also of the environmental context 
and the structure of the fitness landscape. For instance, in static environments, the 
supply of beneficial mutations is finite, leading to a gradual depletion as adaptation 
proceeds. This results in a characteristic trajectory where mean fitness initially 
increases but may plateau or even decline as the pool of available adv antageous
mutations diminishes, with corresponding changes in the variance of fitness and
phenotypic traits (Gerrish et al. 2013). Such dynamics underscore the importance of 
considering both the short-term and long-term consequences of adaptation, as the 
predictability of phenotypic evolution is often highest in the early stages when the 
distribution of fitness effects (DFEs) is well characterized, and the population is f ar
from any fitness peak (Couce et al. 2024). 

3.3 Multivariate Phenotypic E volution 

3.3.1 Correlated Trait E volution 
Correlated trait evolution arises when multiple phenotypic traits do not evolve 
independently but instead exhibit statistical associations due to shared genetic,
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developmental, or selective factors. In multivariate evolutionary models, such as 
extensions of Fisher’s geometric model (FGM), the joint dynamics of several traits 
are captured by considering the covariance structure among them. This approach 
allows for a more nuanced understanding of how selection, mutation, and genetic 
drift shape the distribution of phenotypes in a population (Martin 2014). 

The generalized FGM framework, as discussed by Martin, extends classical 
results by allowing the phenotypic variance–covariance matrix to vary over time, 
rather than assuming it remains constant. This is particularly rele vant when the 
mutation rate or the strength of selection changes or when the population is far
from equilibrium (Gerrish et al. 2007). The model provides explicit thresholds for 
when the approximation of independence between mean and variance holds and 
when correlations between traits become significant for predicting ev olutionary
trajectories (Martin and Roques 2016; Martin 2014). In this context, the evolution 
of the mean phenotype vector is influenced not only by the direct effects of selection 
on each trait but also by the structure of mutational covariances, which can channel 
ev olutionary change along certain directions in trait space.

The presence of genetic linkage complicates the interpretation of observed 
correlated trait evolution, which can derive from physical genetic linkage or 
functional interdependence (epistasis). Empirical and theoretical studies have shown 
that negative epistasis among beneficial mutations, where the combined effect of 
two mutations is less than the sum of their individual effects, can lead to diminishing 
returns as populations approach local fitness optima. This phenomenon is often 
observed in multivariate trait evolution, where the fitness landscape is curve d and
the effects of mutations depend on the current position in phenotype space (Martin
2014). The local approximation in such models assumes that the parental phenotype 
is not too distant from the optimum, allowing for linearization of the fitness surface 
and tractable p redictions of trait evolution.

Recent advances in modeling correlated trait evolution have also incorporated 
the concept of fitness flux, which quantifies the cumulative amount of adaptation 
in a population over time. By extending fitness flux theory to account for clade-
dependent and multiv ariate fluxes, researchers can map the adaptive history of 
lineages and compare the predictive power of different fitness models (Luksza and
Lässig 2014). This approach is particularly useful for understanding the adaptive 
landscape of rapidly evolving organisms, such as influenza, where multiple traits 
(e.g., antigenic properties and replication rate) evolve in concert. Experimental 
evolution studies have begun to test these theoretical predictions by manipulating the 
covariance structure among traits and observing the resulting evolutionary dynamics 
in controlled laboratory settings. Such experiments provide critical data for refining 
multivariate models and for assessing the extent to which correlated trait evolution
can be predicted from first principles (Wortel et al. 2023). The interplay among 
mutation, selection, and genetic architecture thus remains a central focus in the study 
of multivariate phenotypic evolution, with ongoing efforts to e xtend these models 
to more complex scenarios involving sequence ev olution and higher order epistatic
interactions (Zhou and McCandlish 2020; Smerlak  2021).
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4 The Longshot: Forecasting Sequence E volution 

The astronomical dimensionality of DNA sequence space makes talk of forecasting 
sequence evolution seem laughably unrealistic. However, genetic sequences of a 
population of organisms of the same species occupy only a tiny fraction of this 
space. And within that population, the sequences that are ultimately of evolutionary 
consequence occupy only a tiny fraction of that tiny fraction. A small number of 
sequences that are left feed the right tail of the DFE. The output of evolutionary 
processes is constrained by the mutational input: Nov el genetic material cannot 
arise without corresponding mutations that occur prior to, and independently of, 
natural selection. This places the DFE at the heart of evolutionary forecasting, as 
it determines the spectrum of possible fitness changes accessible to a population.
However, estimating the DFE remains methodologically challenging, especially in
natural populations and in real time as our Bayesian framework requires.

Booker (2020) suggests that while precise estimates of the DFE can be obtained 
from the unfolded site frequency spectrum (uSFS), biases may arise when beneficial 
mutations are both rare and strongly selected, underscoring the need for robust 
statistical frameworks. Genetic linkage further complicates sequence evolution by 
preserving correlations between loci, thereby affecting the fate of ne w mutations
and the repeatability of evolutionary paths (Luksza and Lässig 2014). The work of  
Lässig et al. emphasizes that redundancies in regulatory sequences and metabolic 
pathways expand the mutational target size, making genome evolution at the 
sequence level less repeatable and more contingent on stochastic events. This is 
contrasted with phenotypic ev olution, where certain adaptive outcomes, such as 
immune receptor–antigen affinities, can be more predictable due to the convergence
on specific sequence motifs. Lässig et al. (2017) indicate that while selection reduces 
the number of viable evolutionary trajectories, the vastness of sequence space 
ensures that sequence evolution remains largely unrepeatable, e ven under strong
selection.

Despite these challenges, empirical studies leveraging high-throughput sequenc-
ing and experimental evolution have begun to map the fitness effects of thousands 
of mutations in real time, prov iding unprecedented resolution of the short-term 
dynamics of sequence evolution. For instance, Couce et al. (2024) used bulk  
competition assays to estimate selection coefficients for a large fraction of possible 
gene disruptions, revealing t he distribution of fitness effects across the genome.

The unpredictability of sequence evolution is not absolute. While the sheer 
number of possible mutational paths and the influence of stochastic events limit 
long-term forecasts, focusing on short-term fitness trajectories and incorporating 
information about genetic linkage and the DFE can improve predictive power
(Booker 2020; Couce et al. 2024). Nevertheless, the redundancy and plasticity 
inherent in regulatory and metabolic networks mean that many different sequence 
changes can produce similar phenotypic outcomes, really complicating the mapping 
from genotype to fitness (Lässig et al. 2017). In sum, while significant obsta-
cles remain, particularly in generalizing predictions across biological scales and
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evolutionary contexts, the integration of real-time data and mechanistic models 
holds promise for improv ing our ability to anticipate evo lutionary change (Lässig
et al. 2017; Book er 2020; Couce et al. 2024; Luksza and Lässig 2014). 

5 Conclusions 

Theoretical progress has enriched forecasting methodologies through moment-
based descriptions, cumulant expansions, and traveling wave models, which col-
lectively capture not only shifts in mean fitness but also the evolution of higher 
order moments and stochastic fluctuations arising from finite population sizes and 
random mutational events. Yet substantial challenges remain in extending predictive 
accuracy over longer evolutionary timescales. Complexities such as sequence-level 
evolution, epistatic interactions, and environmental variability introduce additional 
layers of uncertainty that limit deterministic forecasting. The inherently stochastic 
nature of evolutionary processes and the contingent sequence of mutational events
impose fundamental constraints on long-term predictability.

Practical implementation of increasingly accurate forecasting will have exciting 
applications in applied domains like public health, where anticipating pathogen 
evolution can guide intervention strategies and policy decisions. The intricate 
interplay among mutation, selection, and genetic architecture necessitates ongoing 
integration of e mpirical data, theoretical models, and advanced statistical inference. 
Future progress will rely on expanding predictive framewo rks to include multiple
phenotypes, complex environmental interactions, and whole-genome data.

Overall, continued incremental progress is increasingly breaking through dog-
matic barriers in evolutionary biology; the integration of real-time data-driven 
analysis, explicit modeling of evolution under varying degrees of genetic linkage, 
and a fitness-centered approach is reshaping evolutionary biology into a disci-
pline capable of forecasting, and potentially influencing, evolutionary outcomes. 
Continued interdisciplinary collaboration will be essential to fully realize the 
predictive potential of e volutionary biology and translate it into effective practical
applications.
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