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[Abstract] Understanding the translation of genetic variation to phenotypic variation is a fundamental 

problem in genetics and evolutionary biology. The introduction of new genetic variation through 

mutation can lead to new adaptive phenotypes, but the complexity of the genotype-to-phenotype map 

makes it challenging to predict the phenotypic effects of mutation. Metabolic models, in conjunction with 

flux balance analysis, have been used to predict evolutionary optimality. These methods however rely 

on large scale models of metabolism, describe a limited set of phenotypes, and assume that selection 

for growth rate is the prime evolutionary driver.  

  Here we describe a method for computing the relative likelihood that mutational change will translate 

into a phenotypic change between two molecular pathways. The interactions of molecular components 

in the pathways are modeled with ordinary differential equations. Unknown parameters are offset by 

probability distributions that describe the concentrations of molecular components, the reaction rates 

for different molecular processes, and the effects of mutations. Finally, the likelihood that mutations in a 

pathway will yield phenotypic change is estimated with stochastic simulations. 

  One advantage of this method is that only basic knowledge of the interaction network underlying a 

phenotype is required. However, it can also incorporate available information about concentrations and 

reaction rates as well as mutational biases and mutational robustness of molecular components. The 

method estimates the relative probabilities that different pathways produce phenotypic change, which 

can be combined with fitness models to predict evolutionary outcomes. 

Keywords: Evolutionary forecasting, Mathematical modeling, Adaptation, Mutation, Evolution, 

Genotype-to-phenotype map 

 

[Background] The ability to forecast evolution would not only make evolutionary biology more 

predictive but could have translational impact with applications in biotechnology (e.g., synthetic biology 

or biofuels) or medicine (e.g., antibiotic resistance or cancer). Most previous success in evolutionary 

forecasting has been in asexual microbial populations subject to strong selection and relies on 

extensive historical sequence data to estimate the fitness of different strains (Luksza and Lassig 2014; 

Neher et al., 2014). Such models are not based on the mechanistic details of how mutations translate 

into fitness differences. The models also assume that selection is the main determinant of evolutionary 

outcomes which is a limiting assumption because evolutionary routes can be significantly influenced by 

factors other than selection. For example, if the rate of phenotypic production differs across 
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evolutionary routes then more likely mutations that confer small gains in fitness may be observed more 

often than rare mutations that confer large fitness gains; being first may be more important than being 

best. In such cases, accurate prediction of the mutational routes to adaptive phenotypes requires 

knowledge of their relative rates of phenotypic production.  

  The rates of phenotypic production can be shaped by a variety of factors. For instance, a higher rate 

of phenotypic production can be caused by mutational hotspots, which are sections of DNA that 

increase the frequency of mutational events in nearby genes. Another possibility is that some genes 

have a greater capacity to translate mutation into phenotypic change, i.e., have a larger number of sites 

that can be mutated with functional effects. This can due to the properties of the individual protein (Lind 

et al., 2017) or ncRNA, in terms of mutational robustness, but also because proteins and ncRNAs have 

different functions in the molecular interaction networks underpinning adaptive phenotypes (Lind et al., 

2015 and 2019). A simple example of the latter case would be when expression of a gene is controlled 

by both a negative and a positive regulator, activation of that gene occurs more often through mutations 

in the negative regulator simply due to loss-of-function mutations being more likely than 

gain-of-function mutations.  

  To account for the factors affecting the rate of phenotypic production, mechanistic information is 

needed. An arena in which mechanistic information has been used to successfully predict evolution is 

in metabolism (Edwards and Palsson 2000; O'Brien et al., 2015). There is a wealth of data on the 

biochemical reactions involved in central metabolism in different microbial species. This data can be 

used to form explicit metabolic models that in conjunction with a technique known as flux balance 

analysis can predict the growth rate of an organism in simple environments. By manipulating which 

reactions are present in the metabolic model, the phenotypic effects, i.e., growth rates, of mutational 

knockouts can be predicted. Similar metabolic models have also been used to predict how organisms 

will interact in different environments via the exchange of biochemical compounds including 

spatio-temporal interactions (Liu et al., 2015; Bocci et al., 2018). While the metabolic models have been 

successful in certain evolutionary predictions, they are limited in their applicability: they focus mainly on 

growth phenotypes in environments in which organisms are assumed to be actively reproducing. 

Moreover, the growth phenotypes are computed using large-scale models with hundreds or thousands 

of reactions and typically involve optimization of a “biomass’’ function of some 50+ variables. The 

models also do not usually incorporate any type of regulation, e.g., transcriptional/translational control 

or protein modifications, but see Chandrasekaran and Price, 2010 for one such example. Thus, they 

are not well suited to generalizations outside of metabolism.  

  Here we describe a method to predict the rates that mutational changes to different molecular 

networks produce phenotypic change. One advantage of this method is that only knowledge of the 

general architecture of the molecular networks is needed to make a prediction. However information 

about reaction rates, concentrations, mutation rates and gene size, mutational robustness of 

components can be included if known. The method can incorporate different types of reactions, for 

example conformational changes and enzymatic reactions, and the phenotypes predicted are not 

limited to optimization for growth rate. Predictions generated by the method could potentially be 
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combined with origin-fixation models (McCandlish and Stoltzfus, 2014) in order to predict the mutation 

rate to an adaptive phenotype in the absence of unbiased experimental data that is often difficult to 

obtain. Information about mutational biases (Lind et al., 2019) and the molecular effects of mutations on 

protein function from different prediction methods (Capriotti et al., 2005; Bromberg and Rost, 2007; 

Kumar et al., 2009; Dehouck et al., 2011; Capriotti et al., 2013; Celniker et al., 2013; Yates et al., 2014; 

Choi and Chan, 2015) can be incorporated into the model described here to adjust the rates of 

disabling and enabling mutation in different genes. The method described here is also useful for 

providing null models in order to test the causes of repeated evolution (Lind, 2018; Lind et al., 2019). It 

could also be one component in understanding the molecular bases of complex genetic diseases and 

for evolutionary forecasting of antibiotic resistance and cancer, especially when experimental data is 

incomplete. 

 

Equipment 
 

1. Computer 

Any desktop computer that fulfills the system requirements for the programming language(s) 

used. Here a desktop computer with the following configuration was used: iMac with a 3.6 GHz 

Intel Core i7 processor and 16 GB 2400 MHz DDR4 memory 

 

Software 
 

1. MATLAB (MathWorks®, http://www.mathworks.com/) 

MATLAB was used to solve the differential equations, analyze the resulting data, and generate 

figures. However, other programming language(s) would have sufficed so long as they can be 

used to numerically solve differential equations and perform simple mathematical operations, 

e.g., Python, Julia, Octave, or Mathematica. We note that in the associated paper (Lind et al., 

2019) a combination of languages was used but for simplicity here we have put everything into a 

single language. MATLAB code for the procedures RunModelComparison and 

PlotModelComparison is available at https://github.com/ericlibby/BioProtocol. 

 

Procedure 
 
This protocol describes a method for computing the relative likelihood that a mutational change will 

translate into a phenotypic change in two molecular pathways. The pathways do not have to produce 

the same phenotype but there should be a way of determining what the phenotype is, based on the 

interactions between pathway components. Thus, the protocol assumes that the mechanistic details of 

the molecular pathways are understood; however, information may be missing concerning the reaction 

kinetics, the concentrations of molecular compounds, and/or the effects of mutations. This protocol 

outlines a procedure that randomly samples many models of the pathways and compares the likelihood 
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that mutations in the pathway–that affect the reaction kinetics–alter the phenotype(s). The steps of the 

procedure are illustrated in Figure 1 using the same notation as in the text below. Figure 2 and Figure 3 

presents the procedure in a pseudocode format and the full MATLAB code is available at 

https://github.com/ericlibby/BioProtocol. 

 

 
Figure 1. Overview of modeling methodology. Details are explained in the text below using 

the same notation.  

 

A. Build mathematical models of the molecular pathways that enable comparison 

1. Identify the set of biochemical reactions in each molecular pathway that determine expression 
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of a particular phenotype. The types of reactions can vary depending on the pathway modeled 

and can include, for example, enzymatic reactions, conformational changes in proteins, 

oligomerization, and transcription initiation. The reactions should link the expression of the 

phenotype to some indicator, e.g., a biochemical compound (or function of compounds). For 

example, if the phenotype is the color of an organism then an appropriate indicator might be 

the amount of a pigment compound. In the article where this method was first used (Lind et al., 

2019) the indicators were three diguanylate cyclase enzymes that could each be activated by 

mutations in their regulatory networks. 

2. For each set of biochemical reactions, formulate a system of differential equations that 

describes the reaction kinetics of the indicator (see Figure 1 for example). Each pathway is 

likely affected by biochemical compounds whose dynamics are governed by external pathways. 

It is often better to treat these compounds as constants rather than include more differential 

equations for their dynamics. For instance, if a pathway affects an indicator through 

phosphorylation then the intracellular pool of phosphate groups may be held as a constant 

rather than modeled through an additional set of differential equations. In general, it also helps 

to keep a similar level of detail/abstraction across the models of the pathways for better 

comparison. As an example, in (Lind et al., 2019) the models of the different pathways focused 

on the interactions between proteins and ignored processes involving transcription. 

 

 
Figure 2. Modeling of the AWS network. The reactions of the AWS regulatory network from 

(Lind et al., 2019) can be illustrated by an interaction diagram. The mathematical model of 
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AWS is a system of ordinary differential equations describing all reactions and rates. In this 

case, the active dimer RR is the indicator of phenotypic change. 

 

B. Choose parameter distributions to solve the differential equations 

We assume that the systems of differential equations used to model the pathways cannot be 

solved analytically. To solve each system of differential equations numerically, three key pieces of 

information are needed: 

a. Initial concentrations of the molecular compounds. 

b. Reaction rates for the interactions between compounds. 

c. Time interval over which to solve the differential equations. 

It is possible that all pieces of information are known for a model in which case there will be only 

one numerical solution for each pathway model. In most cases, however, information is missing 

and must be estimated.  

 

1. If there is any information concerning a) or b) that is known or can be estimated from empirical 

data then use this to constrain the sampling procedure. For unknown concentrations or 

reaction rates, choose a distribution for each that seems reasonable based on empirical data or 

at least encompasses a broad spectrum of likely dynamics. For instance, in Lind et al. (2019) 

there was no information concerning reaction rates or concentrations, so the authors chose the 

distribution for the reaction rates to be a uniform distribution on log space (i.e., 10U[−2,2]) and the 

distribution for initial concentrations to be a uniform distribution U[0,10]. These choices were in 

line with other pathway reaction kinetic models and allowed for numerically stable solutions. 

Importantly, whatever distributions are chosen, it is useful to see the effects of different choices 

on the results of the pathway comparison as part of a post-analysis parameter sensitivity study. 

2. The time interval for numerical solving the differential equations depends on the particular 

molecular system and the dynamics of the indicator compound. If the indicator reaches a 

steady state then that might set the time interval; however, in some systems transient, 

short-term behavior may be more biologically relevant. A distribution could be chosen for the 

time to solve the differential equations; however, in practice it is often faster and easier to 

evaluate the results when a fixed time is chosen and used for all models–especially when all 

other parameters are sampled randomly. 

 

C. Choose distributions for the effects of mutations and the amount of change in the indicator 

compound that corresponds to phenotypic change 

The prior steps allow for the computation of the indicator compound in each pathway, as a baseline 

for comparison. The choices made in this step will allow numerical solution of a pathway’s 

differential equation model following a mutation (or set of mutations) and determination of whether 

the phenotype has changed.  

1. We assume that the relevant mutations to a pathway are those that alter reaction rates, i.e., 

https://creativecommons.org/licenses/by/4.0/
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change the internal dynamics of a pathway, and we classify mutations as enabling or disabling 

based on whether they increase/decrease reaction rates. Thus, we need a way of determining 

new reaction rate(s) in the differential equation model of a pathway, following a mutation (or a 

set of mutations). Ideally, one would have information on all possible mutations and their effects 

on reaction rates. However, this is unlikely to be available. In the absence of empirical data, a 

distribution should be picked such that given a reaction rate and whether a mutation increases 

or decreases reaction rates, a new reaction rate is determined. For example, in (Lind et al., 

2019) enabling mutations were assumed to affect reaction rates multiplicatively and thus new 

reaction rates were computed as the product of the original reaction rate and a multiplicative 

factor sampled from 10U[0,2] (similarly a factor of 10U[−2,0]) was used for disabling mutations.  

2. The differential equation models for each pathway link the concentration of an indicator 

compound to a phenotype. Since the sampling distributions in Step B may result in different 

baseline concentrations of indicator compound, there needs to be a way of assessing whether 

a mutation (or set of mutations) produces a phenotypic change. In the absence of empirical 

data, a simple approach is to establish that if the indicator increases in concentration above 

some threshold then the phenotype changes. The actual threshold will depend on the biological 

system and how much of a change in the indicator is biologically relevant. Without this 

information, the threshold should be high enough to avoid issues of numerical precision and 

will depend on the differential equation solver and its parameters (e.g., step sizes in 

Runge-Kutta methods). For simplicity, we used a threshold of 0.000001 which was similar in 

magnitude to the numerical tolerances used in the differential equation solver. 

 

D. Run simulation routine to compute the likelihood of a phenotypic change given all combinations of 

mutations 

Use the code “Run Model Comparison” 

(https://github.com/ericlibby/BioProtocol/blob/master/RunModelComparison.m) to generate the 

data. The pseudocode for “Run Model Comparison” is included below as Algorithm 1 (Figure 3). 

“Run Model Comparison” use the procedure “Phenotype Change” for each pathway to compute the 

probability that mutation in a pathway causes a phenotypic change. The pseudocode for 

“Phenotype Change” is shown in Figure 3. “Phenotype Change” uses several procedures to set the 

parameter distributions (Procedure B, C above). The pseudocode for these are shown in Figure 4. 

To visualize the results, use the code “Plot Model Comparison” 

(https://github.com/ericlibby/BioProtocol/blob/master/PlotModelComparison.m) to create a contour 

plot that shows the log2 ratio of relative probabilities between two pathways with axes denoting the 

probabilities of enabling and disabling change. 

https://creativecommons.org/licenses/by/4.0/
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Figure 3. Pseudocode for the “RunModelComparison” and “PhenotypeChange” 
procedures. “PhenotypeChange” compute the probability that mutation in a pathway causes a 

phenotypic change. “RunModelComparison” computes the relative likelihood that Pathway 1 is 

used relative to Pathway 2. MATLAB code for RunModelComparison is available at 

https://github.com/ericlibby/BioProtocol/blob/master/RunModelComparison.m. 
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Figure 4. Pseudocode for procedures used by “PhenotypeChange” procedure shown in 
Figure 3. The SolveModel procedure is not listed as it is assumed to be a numerical solver 

available as a built-in function or from a library/package. 
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Data analysis 
 

The result of running the codes “Run Model Comparison” 

(https://github.com/ericlibby/BioProtocol/blob/master/RunModelComparison.m) and “Plot Model 

Comparison” (https://github.com/ericlibby/BioProtocol/blob/master/PlotModelComparison.m) is a 

contour plot that shows the ratio of likelihoods that the pathways produce a phenotypic change for 

different values of the probabilities of enhancing and disabling mutations (the vertical and 

horizontal axes, respectively). In terms of statistical analyses, it depends on the conclusions that 

are drawn. The contour plot only shows the ratio of the average likelihood for each pathway. 

Further analyses can investigate the standard deviation or maximum/minimum of the likelihoods. 

We recommend that additional analyses be performed to validate any conclusions. In particular, the 

analyses can be performed again with changes to the probability distributions to test for parameter 

sensitivity. Alternatively, the number of iterations can be increased/decreased by some factor to 

evaluate whether the contour plot remains stable. Examples of these analyses can be found in 

Figure 5 and associated methods of Lind et al., 2019.  
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