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Abstract

In Silico Evolution of Oscillating Mass-Action Chemical Reaction Networks

Lillian Tatka

Chair of the Supervisory Committee:

Herbert Sauro

Bioengineering

Evolutionary algorithms, a class of optimization techniques inspired by biological evolution,

have emerged as powerful tools for the optimization of complex systems, including the evo-

lution of mass-action chemical reaction networks. This dissertation explores the application

of evolutionary algorithms in this domain, presenting a novel approach inspired by neural

network evolution methodologies. A key feature of the algorithm is speciation, separating

candidate reaction networks into groups based on their similarity, which maintains diversity

and protects innovations. Crossover has also been shown to be an effective means of im-

proving evolutionary success in other domains. However, crossover of mass-action networks

is tested and found to be detrimental to the evolutionary process. Other factors influencing

evolutionary success are also explored and optimized resulting in a significant improvement

over previous algorithms. This work goes beyond theoretical exploration by offering a prac-

tical contribution in the form of a user-friendly software module. This module encapsulates

the newly devised algorithm, empowering researchers and practitioners to readily apply the

speciation-based approach in their own investigations of mass-action chemical reaction net-

works.
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Chapter 1

Introduction

The in silico evolution of chemical reaction networks can be a useful tool to create func-

tional networks with specific behaviors as well as to investigate possible pathways of natural

evolution. In silico evolution, also known as computational or virtual evolution, refers to

the process of simulating biological evolution using computational models and evolutionary

algorithms. It involves creating computer programs that mimic the principles of natural

selection, mutation, and reproduction seen in biological systems. Large sets of synthetic

networks generated by evolutionary algorithms can be useful for exploring design patterns

and network motifs [107, 3, 75], gathering statistics on network characteristics [150, 33],

benchmarking software, and informing design of synthetic networks [144]. Although several

studies use in silico evolution to generate networks, the vast majority of them focus on ge-

netic regulatory networks, and almost none of them provide software for others to reproduce

their results or use evolutionary strategies in other work. A fast and user-friendly software

package would allow researchers to experiment with in silico evolution without significant

knowledge of programming.

The objective of this work is to produce a software package that enables the in silico

evolution of mass-action chemical reaction networks and to explore features and hyperpa-

rameters of the evolutionary algorithm that increase the fraction of generated networks that
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oscillate. The software should be accessible to researchers with minimal programming expe-

rience, produce results relatively quickly, and be problem agnostic, meaning that a variety

of behaviors could be evolved.

This project began with the creation of a python tool to evolve oscillating chemical

reaction networks. Described in chapter 3, this work was intended as a small initial step

towards understanding the function of biochemical oscillators and identifying common design

patterns that enable oscillation. Oscillating systems of are of particular interest due to their

biological relevance and interesting dynamics and serve as a good candidate problem due to

the presence of an intermediate state (damped oscillations). A large population of oscillators

was computationally evolved and their reaction characteristics compared to non-oscillating

systems that had undergone the evolution process without selection. The library of reaction

networks generated in this research was used to construct a publicly available database to

enable further oscillator/design pattern research as well as to serve as a standardized data

set for testing novel software and algorithms [150].

However, the algorithm used to generate these oscillating networks had some drawbacks.

It took several minutes to execute each evolution trial and only 5% of trials successfully

generated an oscillator. It took several weeks of computing time to generate 5,000 oscillators

to populate a small database. The cause of this low success rate was thought to be the rapid

convergence of solutions. The most fit reaction networks to dominate the population, even

if they were not oscillators or close to becoming oscillators. This dominance would reduce

the space for innovation and prevent more fit networks from developing. The success of a

trial was likely determined in the first few generations.

Additionally, the software was not designed to be customizable and did not allow for

modification of the algorithm and exploration of hyperparameters. Simple hyperparameters,

such as number of generations and population size, but the evolutionary process itself was

unalterable.

To address these shortcomings and explore evolution strategies for mass-action reaction
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networks, a new software tool was developed, ReactionNetworkEvolution.jl, described in

detail in chapter 4. The software is written in the Julia programming language [12], which

uses just-in-time (JIT) compiling, type stability, and multiple dispatch to gain significant

speed advantages over interpreted languages such as Python. The evolution algorithm can

be used immediately using default settings or customized using a JSON file. By default, the

algorithm evolves oscillators, but users could provide any time series data and the algorithm

would attempt to generate networks to match.

To combat premature convergence observed previously, ReactionNetworkEvolution.jl sep-

arates candidate reaction networks into groups based on similarity. These groups are analo-

gous to species in natural evolution and individuals are compared only against members of

the same species. This prevents more fit candidate networks from dominating the popula-

tion and shelters network innovations that may reduce fitness at first but develop into useful

features over the course of several generations.

Inspired by the use of evolutionary algorithms to create artificial neural networks [147],

ReactionNetworkEvolution.jl also implements a form of crossover, a mutation operator that

combines features from two “parent” networks to create a new “offspring” network. This

feature was shown to improve evolution performance when evolving artificial neural networks

and genetic regulatory networks, but has been thought to be disruptive for evolving mass-

action networks. The application of crossover to mass-action networks is explored in detail

in chapter 4.

This work contributes to the understanding of evolutionary algorithms applied to mass-

action chemical reaction networks. It also provides a tool for the broader scientific community

to study oscillators and other chemical reaction network behaviors using an evolutionary

algorithm. For example ReactionNetworkEvolution.jl could produce a range of possible

networks to explain a given phenomenon or behavior. This might help scientists build

models or create experiments that clarify the structure of their computational models. It

could also be used to generate ensemble models to predict behavior for cases where there

3



may be insufficient data to narrow down all possibilities to a single model.

ReactionNetworkEvolution.jl could also be used to generate large datasets with which to

train advanced AI models on the dynamics of chemical reaction systems. These AI models

might use the generated oscillators to design new oscillator networks or predict the timeseries

of a network without needing to simulate it.

Lastly, chapter 5 is a reprint of a review paper published in 2023. This publication

explores credibility standards in other scientific and engineering fields as well as existing

standards in systems biology. It argues that a credibility standard would greatly benefit

the field of computational systems biology and that given the number of standards in place,

should be feasible to create.

4



Chapter 2

Background

This chapter provides context for the major themes of this dissertation: chemical oscillators

and evolutionary algorithms. This chapter begins with a brief introduction to computational

chemical reaction network modeling. Section 2.2 describes the motivations for focusing on os-

cillatory systems. Lastly, sections 2.3, 2.4, and 2.5 describe the current state of evolutionary

algorithms in systems biology, including relevant software tools.

2.1 Introduction to Chemical Reaction Network

Modeling

The projects described here focus on computational models of (bio)chemical reaction net-

works (CRNs). Although several modeling paradigms exist to describe CRNs, this work uses

CRNs represented by systems of ordinary differential equations. A CRN is a set of chemical

reactions Ri where i is the index over the range 1 to n, the total number of reactions in the

network . Reactions involve the chemical species of the network, Sj where j is the index of
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each species from 1 to the total number of species. A reaction is then represented as follows:

Ri :
∑
j∈S

αijSj →
∑
j∈S

βijSj

where αij and βij are non-negative integers, stoichiometry coefficients. For example, a simple

3-species, 2-reaction network can be represented by the following reactions:

S1 + S2→ S3

S3→ S1 + S2

(2.1)

However, these reactions alone are insufficient to completely describe the small network.

Assuming mass-action kinetics, the rate at which a reaction proceeds is proportional to the

concentration of the reactants. The constant of proportionality is referred to as the rate

constant. To discern the dynamics of the system, the rate constants must be specified.

S1 + S2 → S3; k1 ∗ S1 ∗ S2

S3 → S1 + S2; k2 ∗ S3

(2.2)

The rate of change of each species can then be put in the form of a system of differential

equations. When the initial concentrations of the species are given, this system can be solved

numerically to describe the change of species concentrations over time.

dS1

dt
= k2S3 − k1S1S2

dS2

dt
= k2S3 − k1S1S2

dS3

dt
= k1S1S2 − k2S3

(2.3)

Chemical reaction network modeling is used across a variety of fields including pharma-

cology [175], biological sciences [91], epidemiology [13, 104], chemical engineering [47], and
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synthetic biology [21]. To this end, numerous tools have been developed to aid in model

development, description, and simulation. This dissertation introduces an additional soft-

ware tool for exploring small chemical reaction networks. Of particular interest are chemical

oscillators.

2.2 Chemical Oscillators

Chemical oscillators provide a tangible and accessible means to study the dynamics of non-

linear systems. They offer insights into how simple chemical reactions can produce complex,

time-varying behaviors, shedding light on fundamental principles of dynamical systems the-

ory. Understanding how these patterns emerge from the collective behavior of individual

molecules can inform our understanding of the mechanisms underlying biological oscilla-

tions, providing insights into the molecular processes driving rhythmic behaviors in living

organisms. This dissertation explores evolutionary algorithms in systems biology with focus

on the generation and study of synthetic oscillatory networks.

2.2.1 A Brief History

The first oscillating chemical system was described in 1828. Gustav Fechner described an

electrochemical cell that produced an oscillating current. Later, in 1899, Fredriech Ostwald

observed that the rate of chromium dissolution in acid periodically increased and decreased.

Both these systems were heterogeneous mixtures, leading to the belief that homogeneous

oscillating reactions were impossible, a belief that persisted through much of the 20th century.

Alfed Lotka considered oscillators on a more theoretical level. In 1910, prior to leaving

science to work for an insurance company, Lotka authored a monograph on theoretical biology

[93] showing that a set of consecutive mass-action reactions can create damped oscillators

which eventually settle at an equilibrium. A decade later he published a second paper on

theoretical mass-action oscillatory systems [95, 94] which explored a system of two ODEs
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that gave rise to perpetual oscillations. He described the system as a plant species that

remained relatively constant and a second herbivorous animals species that feeds on the

plant.

Shortly thereafter, physicist Vito Volterra’s interest in mathematical biology was piqued

by the observation that piscivorous fish had prospered in abandoned fisheries while pop-

ulations of herbivorous fish remained constant. In 1926, he published a study to explain

this phenomena proposing the same equations as Lotka, which he graciously acknowledged

when Lotka penned a letter to Nature pointing out his publication of the same equations in

1925 [162, 2]. The Lotka-Volterra model is well-known today as a simple representation of

predator-prey interactions, where both populations oscillate in time.

The Lotka-Volterra model consists of three irreversible steps describing the relationships

between grass, rabbits, and lynxes. A represents grass, which is assumed to be constant.

Rabbits, represented by X, consume grass to grow their population (equation 2.4). Lynx,

in turn, consume rabbits to grow their population (equation 2.5) before eventually dying

(equation 2.6).

A+X → 2X (2.4)

X + Y → 2Y (2.5)

Y → P (2.6)

These “reactions” assume “mass-action” kinetics where the rate of each depends on the

amount of grass (constant) and sizes of the population of rabbits and lynx respectively.

These rates can be described by the following differential equations, where ky describes the

rate of lynx reproduction given a rabbit of population size x, kd describes the mortality rate

of lynx, and kx describes the rate at which rabbits reproduce.

dx/dt = kxax− kyxy (2.7)
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dy/dt = kyxy − kdy (2.8)

The oscillations in this system result in the “autocatalytic” reproduction of rabbits and

lynx and the delayed negative feedback of lynx consuming rabbits. Rabbits reproduce be-

cause grass is in constant supply. As the rabbit population grows, the lynx population follows

as prey becomes plentiful. Once the lynx population gets too high, it will begin consuming

rabbits at a rate faster than they can reproduce due to the constant supply of grass. Once

the rabbit population declines, the lynx population will follow as food grows scarce and they

begin to starve. When the lynx population is depleted, there will be less predation pressure

and the population of rabbits will begin to grow again. This phenomenon can be observed

in nature, as was carefully documented by Charles Elton in 1942 [42]. The predator-prey

model has also been demonstrated in the laboratory with paramecia that consume yeast [55].

In the 1950s, Boris Pavlovich Belousov sought to construct an inorganic analog of the

Krebs cycle and stumbled upon a homogeneous chemical oscillator. He investigated a solution

of bromate, citric acid, and ceric ions. To his surprise, the solution repeatedly altered between

clear and yellow in color. After thoroughly studying the system, he submitted the results

as a manuscript, which was promptly rejected as the “supposed discovered discovery” was

impossible. He spent six more years revising the manuscript before abandoning the work

[44].

In 1961, a graduate student, Anatol Zhabotinksy, began to examine the system, replacing

some ingredients. In 1968 Zhabotinksy presented their results which led to the extensive

study of the Belousov-Zhabotinksy (BZ) reaction. The scientific community continued to

dispute the existence of a homogeneous oscillator, leading to much discussion and study of

the subject [43].

More recently, oscillation in cellular networks has been of scientific interest. Once thought

to be an inconsequential rarity, modern experimental techniques have revealed that oscilla-

tory dynamics are highly biologically relevant [127].
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2.2.2 Dynamics

Novak and Tyson describe four requirements for biochemical oscillation [107]. First, negative

feedback is necessary to restore the reaction network to its original state. Second, the

negative feedback signal must be delayed so that the system does not achieve a stable steady

state. Third, there must be a means of destabilizing the steady state. And finally, the

reactions must occur at appropriate time scales.

Negative Feedback and Time Delay

All known oscillators have some form of negative feedback [109, 134]. But to sustain oscil-

lation, the negative feedback must also come with some sort of time delay, otherwise it will

cause the system to reach a stable steady state. For genetic regulatory networks, this can be

the time necessary to carry out transcription and translation. It can also be the time needed

to transport chemicals between cellular compartment or a series of intermediate reactions

[135, 107].

Destabilizing Steady State

The stability of a system is dictated by its response to a disturbance to its state. Disturbances

can come in the form of stochastic fluctuations in concentrations or external factors that

cause concentrations to change. If the system is able to return to its original state after

a disturbance, it is considered stable, otherwise it is considered unstable [129]. To achieve

oscillation, a system’s steady state must be destabilized. Tyson identifies two primary means

by which a chemical reaction network’s steady state can be destabilized [154]: autocatalysis

(direct and indirect) and negative feedback.

Autocatalysis is a feature of many oscillatory systems, including the Lotka-Volterra model

described previously. Reactions are considered autocatalytic when the products increase

the rate of reaction or when a chemical decelerates the rate of its own destruction [155].
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Figure 2.1: Autocatalytic motifs. Direct autocatalyis (top) and indirect autocatalysis (bot-
tom).

Autocatalysis causes one chemical species to rapidly increase in concentration, destabilizing

the system and moving it away from steady state. Indirect autocatalysis, where a chemical

species catalyzes its own production through one or more intermediates (figure 2.1).

Negative feedback can also be a means of destabilizing a system. A classic example is

the repressilator, a three gene loop where each gene expresses a protein that represses the

next gene in the loop (figure 2.2) [41]. The repression of gene X causes expression of gene

Y to increase. Gene Y represses gene Z, which eases the repression of gene X, etc. Time

delay is achieved with the transcription and translation of the three genes. The invention

of the repressilator was a landmark achievement in the field of synthetic biology showcasing

the feasibility of engineering complex gene circuits with predefined functions. It provided a

foundational framework for the design and construction of synthetic genetic oscillators and

inspired subsequent research in the development of artificial gene regulatory networks.
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Figure 2.2: A three species repressilator.

2.2.3 Types of Oscillators

The two primary means of destabilizing a system give rise to two basic types of oscillators:

one based on negative feedback and one based on the combination of negative and positive

feedback [129]. Both types of oscillators have been found in biological systems [156].

Negative Feedback Oscillators

Negative feedback oscillators, such as the repressilator, require some sort of delay and the

correct strength of feedback. The time delay allows the signal to go out of phase. As

the delay becomes longer, such as in systems with several intermediate steps, less feedback

inhibition is needed to destabilize the system. Negative feedback oscillators tend to have

smooth waveforms [129].

The circadian clock is an example of a biological negative feedback oscillator (figure 2.3).

The proteins BMAL1 and CLOCK dimerize and activate the transcription of the proteins

CRY and PER. These proteins accumulate in the cell, dimerize, and are transported back

to the nucleus where they inhibit BMAL1/CLOCK induced transcription [126].
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Figure 2.3: The circadian cycle is a negative feedback oscillator.

Relaxation Oscillators

Relaxation oscillators contain a subsystem that can be bistable, meaning it has two equally

likely but different stable states. Bistability occurs over a range of values of a suitable control

parameters, meaning there are limited values for the system to exist in either state. When

the parameter moves beyond the range of values, it moves to the other steady state [134].

For example, a bistable system with chemicals x and y is shown in figure 2.4. The

overlapping lower and upper curves represent the two stable states of the system. Moving

along the lower curve, there is a point at which the lower steady state no longer exists for

those values of x. At this point the system transitions to the upper steady state. Similarly,

moving along the upper steady state, the concentration of x eventually exits the range of

values for with the upper steady state exists and transitions back to the lower steady state.

A relaxation oscillator works by charging a species, in this example x, until it reaches

a threshold with changes the state of the system. Once the system returns to its original

state, the sequence begins again [129]. The charging and rapid switching of the relaxation

oscillator leads to much sharper oscillations.

A biological example of a relaxation is the pacemaker action potential in the sinoatrial

(SA) node of the heart [79]. The pacemaker cells in the SA node slowly depolarize as positive
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Figure 2.4: A simple, two species, bistable system.

ions pass into the cell. When the cell’s potential reaches a threshold value, calcium channels

open causing an influx of calcium and rapid depolarization until the cell has a positive voltage

relative to its environment. This voltage triggers potassium channels which pump potassium

out of the cell and return it to its negative voltage where the cycle is repeated.

2.2.4 Biological Relevance

A fundamental aspect of living systems, oscillators occur across several levels of biological

organization.

As mentioned previously, the circadian clock exemplifies a well-studied molecular oscil-

lator that regulates daily rhythms in behavior, metabolism, and physiology across organ-

isms [46, 161]. At its core, the circadian clock consists of interconnected transcriptional-

translational feedback loops involving clock genes and proteins. These feedback loops take

the form of interconnected repressilators [173, 119]. These molecular oscillators synchronize

cellular processes with the day-night cycle, optimizing organismal fitness and survival. Dis-

14



ruptions to circadian rhythms have profound implications for health, contributing to various

disorders such as sleep disorders, metabolic syndrome, and mood disorders [46].

Beyond the circadian clock, molecular oscillators operate within cells to regulate diverse

processes such as gene expression, signal transduction, and metabolic pathways. Examples

include calcium oscillations [139], cyclic AMP (cAMP) signaling [40], and oscillatory patterns

of gene expression driven by transcriptional regulatory networks [20]. These intracellular os-

cillatory systems enable cells to respond dynamically to external stimuli, coordinate complex

physiological responses, and maintain cellular homeostasis under changing conditions [23, 76].

Oscillations are also present in systems such as neuronal networks [19], cardiac muscle cells

[167, 103], pancreatic beta cells [166], and glycolysis [58], among others, highlighting the

importance of molecular oscillators in physiological function.

Synthetic oscillatory systems offer considerable potential for advancing biomedicine and

biotechnology. These dynamic systems can serve as biosensors, detecting the presence and

concentration of proteins, drugs, and other chemicals [82, 29]. Synthetic genetic oscillators

can be employed to modulate the local delivery of effector molecules to tumors [29]. More

broadly, synthetic oscillators could serve as essential components for engineering complex

synthetic gene and protein networks. These networks could be used for disease diagno-

sis, pharmaceutical screening, and bio-manufacturing or used therapeutically to modulate

endogenous oscillating systems [82].

2.3 Applications of Evolutionary Algorithms in

Systems Biology

Genetic and evolutionary algorithms are optimization techniques inspired by the principles

of natural selection and genetics. These algorithms mimic the process of natural evolution

to solve complex optimization problems across various domains. At the core of genetic

algorithms lies the concept of natural selection, a fundamental mechanism driving evolution
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in biological systems. Natural selection operates on populations of individuals, favoring those

with traits that confer a reproductive advantage. Over successive generations, beneficial

traits become more prevalent in the population, leading to the emergence of better-adapted

individuals.

Evolutionary algorithms offer a computational framework for addressing the inherent

complexity and nonlinearity of biological systems, providing a means to explore large solution

spaces and optimize model parameters and structures.

The use of evolutionary algorithms in systems biology became popular in the late 1990s,

often to better understand metabolic pathways. This approach has been used to demonstrate

the optimality of the glycolysis [65, 148] and the Krebs citric acid cycle [102]. In these studies,

genetic algorithms were used to optimize reaction rates but not the structure of the networks.

Francois and Hakim evolved both the structure and reaction rates of genetic regulatory

networks in an effort to generate small genetic networks that functioned as bistable switches

and oscillators [50]. The algorithm used only mutation and selection, avoiding crossover, to

minimize the difference between the candidate networks’ output and idealized time series

data displaying the desired behavior. Francois and Hakim argued that one of their evolved

oscillators was structurally similar to the networks responsible for the circadian rhythm.

However, Chu extended this work and found no consistent patterns in the evolved oscillators

[26]. She noted that it is computationally unfeasible to thoroughly examine all resulting

networks, but argued that the similarity to the circadian rhythm was likely coincidental.

Despite Chu’s study occurring almost 20 years ago, the problem of thoroughly pattern mining

evolved networks remains and issue. The results of these works encouraged the exploration

of evolutionary techniques on similar problems.

Fujimoto et al. employed a similar strategy to study genetic networks leading to striped

patterning and ultimately body segmentation in arthropods [51]. When analyzing the re-

sulting networks, they found three distinct classes, feed-forward loops, feed-back loops, and

interconnections between the two. These three classes reproduced various segmentation
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strategies observed in arthropods.

Kobayashi et al. also explored the evolution of oscillatory genetic networks, however their

algorithm fixed parameter values and only allowed connection rewiring to achieve oscillations

with prescribed time periods [85]. Deckard and Sauro expanded this concept beyond genetic

regulatory networks to evolve small networks with specific computational capabilities such

as square root and cube root calculators [32]. As with the previously mentioned algorithms,

their algorithm avoided crossover relying solely on mutation to develop candidate solutions.

Attempts to use crossover did not result in fitter offspring, possibly due to combining het-

erologous networks and thus disrupting developing solutions. This work was continued by

Paladugu et al., who sought to generate mass-action network functional modules with spe-

cific behaviors, including oscillators [116]. This algorithm avoided crossover as the authors

argued that it would be disruptive.

Marchisio and Stelling argued that brute force optimization algorithms lack efficiency

and that implementing some element of rational design could speed up automatic design

of genetic networks implementing boolean logic gates [99]. They separate structural and

parameter optimization by first generating several possible circuits and then ranks feasibility

based on the structure. Then the best solutions undergo parameter optimization. Separating

structural design from parameter optimization certainly saves computation time, but it relies

on the existence of a rational solution, and is better suited for genetic networks, where these

attributes are more easily separated. For more complex tasks, a solution might depend on a

precise combination of both structure and parameter.

Other approaches fix structure and make use of evolutionary algorithms to explore the

parameter space while fixing network topology. Jin and Sendhoff used an evolution strategy

to explore parameters of regulatory motifs with fixed structures [75]. Porubsky and Sauro

use an evolutionary algorithm to search for parameters that yield oscillations in mass-action

networks of fixed structure [121].

Most applications of evolutionary algorithms in systems biology avoid the use of crossover
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as it tends to disrupt candidate solutions. For example, Drennan and Beer successfully

evolved a repressilator using a genetic algorithm that included crossover [38]. Instead of

evolving sets of differential equations, Drennan and Beer encoded their genetic regulatory

networks using strings of 4 different letters, analogous to DNA encoding. Knabe et al. used a

similar approach to evolve oscillators that interact with the environment [84]. This approach

allows for the straightforward implementation of crossover, but limits the space of possible

models. Due to this encoding, there was a high probability of breaking connections making

it difficult to pass on structural innovations.

Stanley and Miikkulainen addressed this problem in 2002 with NEAT (NeuroEvolution

of Augmenting Topologies), a powerful algorithm used for evolving artificial neural networks

(ANNs) [147]. Unlike traditional methods of neural network training, which typically in-

volve adjusting the weights and biases of fixed network architectures, NEAT evolves both

the structure and weights of neural networks simultaneously. Two key features of NEAT are

the use of a more meaningful structural crossover technique, and speciation, which protects

innovations and allows them time to develop by having candidate solutions compete only

against similar individuals instead of the entire population. Dinh et al. adapted this tech-

nique to genetic regulatory networks and found improved performance in evolving oscillators

with the use of crossover [36].

2.4 Tools for Evolutionary and Genetic Algorithms

Although there are many tools that enable evolutionary algorithms and simulating chemical

reaction networks, there are none that facilitate evolutionary algorithms using chemical

reaction networks. The two main issues with packages described here are user-friendliness

and network encoding.

All of the tools described here require at least basic programming knowledge. Some

packages boast extreme customizability, but require the user to essentially use the package
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as building blocks to write their own evolutionary algorithm program. These tools have

significant barriers for users whose focus is not software development and programming.

Perhaps the larger issue is that all packages described here are intended for “classic”

evolutionary algorithm applications, where solutions can be encoded as vectors or matrices

of integers and floating point numbers. This is not the case for the problem of evolving

reaction networks, where candidate solutions are entire networks. To completely describe a

chemical reaction network, an encoding must include (at the minimum) numerous reactions,

including reactants, products, and rate constants and initial concentrations for each chemical

species.

2.4.1 Python Libraries

Most packages for implementing genetic and evolutionary algorithms are written in python

[158]. Python is one of the most ubiquitous programming languages frequently topping lists

of the most commonly used languages. It is often used in scientific applications due to it

being open source, easy to use, and having vast library support. Likely for these reasons,

most existing evolutionary algorithm tools are python libraries.

Although likely not an exhaustive list, the main python packages for evolutionary and

genetic algorithms are described here.

DEAP

In 2012, Fortin et al. released the python package DEAP (Distributed Evolutionary Algo-

rithms in Python) [49]. The packages offers a toolbox of evolutionary algorithm features

including different types of crossover, evolutionary strategies, and mutation operators. Un-

like other frameworks DEAP makes algorithms explicit and data structures transparent,

as opposed to black-box frameworks. Although DEAP allows for extensive customization,

individuals are represented as arrays of values. Users can customize these arrays, such as

specifying integers or floats at specific locations, but individuals must be in this form. For
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most optimization problems, this representation is adequate, however it is difficult to fully

represent a chemical reaction network in this form. Reaction networks have varying num-

bers of reaction, so a stoichiometry matrix would be inadequate unless it contained a row for

every possible reaction. Additionally, reactions require rate constants, and networks require

initial values for each species.

But beyond the encoding issue, the DEAP package, while highly versatile and proven in

many research application, requires extensive programming knowledge. For example to build

a population, a user must: (1) register the data type for each gene, (2) register an individual

that combines these gene data types, (3) register a population that uses the individual,

and finally (4) build the population. Running an entire genetic algorithm requires far more

additional programming.

Pyevolve

Pyevolve is a simpler framework for genetic algorithms compared to DEAP but has limited

features [118]. Despite its relative simplicity, it still requires extensive programming knowl-

edge to implement an evolutionary process and problems are still limited to those whose

“genes” can be encoded as arrays of numbers.

Pyevolve also requires significantly more programming to accomplish the same task

comapred to DEAP. DEAP requires 59 lines of code to solve the OneMax problem1, com-

pared to 378 for pyevolve [27].

The most recent release was 2014 and the library is no longer maintained.

EasyGA

EasyGA is a more recent (2021) python tool for genetic algorithms [169]. EasyGA makes

it relatively easy to implement simple genetic algorithms, but still requires the user to have

1The OneMax problem is a classic problem in the field of evolutionary computation. It is a simple bit
sting problem where the objective is the maximize the number of ones in a binary string. The fitness of each
individual is the total number of ones in its string. The simplicity of the OneMax problem makes it an ideal
benchmark for testing optimization algorithms
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some advanced programming knowledge. The simplicity of easyGA makes it useful to only

selected problems due to gene encoding restrictions.

The library has a limited number of genetic operators. Additionally, EasyGA randomly

mutates both parents and offspring, a feature that goes against the basic premise of genetic

algorithms.

LEAP

LEAP (Library for Evolutionary Algorithms in Python) is another recently developed li-

brary published in 2020 [27]. LEAP was designed to simplify the process of implementing

evolutionary and genetic algorithms. However, LEAP has some core design weaknesses that

impact usability.

Despite one of the objectives of LEAP being to simplify the process of implementing

genetic algorithms, it still requires the user to write the evolution loop resulting in more

code to solve simple problems. The user also has to manually increment the generation

counter by calling a function specific to this purpose. Failing to call the function results in

an infinite evolution loop, a problem that may not be immediately identifiable and solvable

by less experienced users.

Additionally, LEAP has no means of tracing the results of each generation of evolution.

This makes troubleshooting more difficult and renders LEAP an ineffective tool for those

who may wish to study the evolution process and not just the final results.

PyGAD

In 2020, pyGAD was released with the aim to simplify the implementation of genetic algo-

rithms for users with less programming experience while simultaneously proving control over

“everything possible” [52]. PyGAD requires 3 core steps: (1) build the fitness function, (2)

instantiate the relevant genetic algorithm class, (3) call the run function. The operation of

pyGAD is relatively simple. Some programming knowledge is required for the user to create
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a fitness function and implement any further customization, but the bulk of the algorithm

is run automatically.

As with the other software tools described here, the main drawback of pyGAD for ap-

plications in systems biology is the restrictions on encoding individual solutions. Solutions

must be encoded as a 1D vector of numbers. This is insufficient for evolving chemical reac-

tion networks, where a solution is an entire reaction network and all parameters needed to

simulate the network.

EvoX

Most recently, Huange et al. released EvoX, a python library for evolutionary computing [71].

Unlike other libraries described here, EvoX is optimized for distributed GPU acceleration.

This improves scalability and performance while remaining in the Python ecosystem.

2.4.2 Libraries in Other Languages

Python is one of the more commonly used languages for scientific computing, however other

languages offer various advantages. C++ and Java offer high performance compared to

interpreted languages, but tend to have steeper learning curves and are less common in

scientific computing. R excels at statistical computing but is less versatile than python.

MATLAB is proprietary and has high licensing costs. Julia is a relatively new language

(2012) and has less package support and a smaller community than python. Likely for these

reasons, fewer evolutionary packages exist in other programming languages and are less likely

to be used by scientists. Notable non-python packages are briefly reviewed here.

Evolutionary Computation in Java

Evolutionary Computation in Java (ECJ) is a framework that supports several evolutionary

computation techniques including genetic algorithms and differential evolution [96]. It offers

a high level of flexibility and customization and is well-suited for large-scale optimization
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problems. ECJ has a steeper learning curve compared to other frameworks, especially for

those not familiar with Java programming. Java is less frequently used in scientific program-

ming making ECJ beyond the reach of many computational biologists.

JMetal

Jmetal is a well-documented Java library offering a range of evolutionary algorithms and

metahueristics for multi-objective programming [39]. It provides good performance and

scalability for large-scale optimization problems. However, it requires knowledge of Java

programming and a deeper understanding of the framework in order to customize it beyond

the built-in algorithms.

Bio-Inspired Algorithms Building Blocks

Bio-Inspired Algorithms Building Blocks (openBEAGLE) is a library providing evolutionary

computation tools and components [53]. Written in C++, it offers good performance for

intensive tasks. However, it’s documentation and community support are limited compared

to more widely used frameworks and it may have a steep learning curve for those not familiar

with C++.

Many-Objective Genetic Metric-based Algorithms

Many-Objective Genetic Metric-based Algorithms (MAGMA) is a library for many-objective

optimization problems with a range of performance metrics for evaluating algorithms [165].

It is written in MATLAB making it more accessible to many scientific users, however this

limits performance for large-scale optimization problems compared to compiled languages.

Genetic and Evolutionary Algorithm Toolbox for use with MATLAB

Genetic and Evolutionary Algorithm Toolbox for use with MATLAB (GEATbx) seamlessly

integrates with MATLAB’s core functionalities, making it easy to implement and test evo-
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lutionary algorithms within the MATLAB environment [120]. MATLAB’s rich visualization

capabilities allow users to easily visualize optimization processes and analyze results, aiding

in understanding and debugging algorithms. GEATbx can be easily integrated with other

MATLAB toolboxes for tasks such as data preprocessing, feature selection, and model eval-

uation, facilitating end-to-end optimization workflows. While MATLAB provides a wide

range of functions for implementing evolutionary algorithms, the level of customization may

be limited compared to lower-level languages or more specialized frameworks, particularly

for advanced users requiring highly customized algorithms or optimization processes.

Genetic Algorithms

Genetic Algorithms (GA) offers a simple and intuited interface for implementing genetic

algorithms in R, making it accessible to users with varying levels of programming experience

[132, 133]. It has a range of customization options, including different selection methods,

crossover and mutation operators, and termination criteria, allowing users to tailor algo-

rithms to their specific problem domains. GA supports parallel execution, enabling users to

leverage multi-core processors for faster execution of genetic algorithms, particularly useful

for computationally intensive tasks. The package is actively maintained and updated by

the R community, ensuring compatibility with the latest versions of R and incorporating

new features and improvements over time. While suitable for many applications, R may not

offer the same level of performance as lower-level languages like C++ or Java, especially for

large-scale optimization problems or computationally intensive tasks.

GALGO

Like the GA package, GALGO integrates seamlessly with the R programming language,

allowing users to leverage the rich ecosystem of statistical and machine learning libraries

available in R [152]. GALGO offers a variety of evolutionary algorithms beyond genetic

algorithms, including differential evolution, particle swarm optimization, and simulated an-
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nealing, providing users with flexibility in choosing the most suitable algorithm for their

optimization problem. The package allows users to customize various aspects of the evolu-

tionary algorithms, such as population size, crossover and mutation operators, and termina-

tion criteria, enabling tailored solutions for different optimization tasks. Like GA, GALGO

may suffer from performance limitations compared to compiled languages.

Evolutionary.jl

Evolutionary.jl offers a user-friendly interface for implementing evolutionary algorithms in

Julia, making it accessible to users with varying levels of programming expertise [170]. The

package provides a range of evolutionary algorithms, including genetic algorithms, differ-

ential evolution, and particle swarm optimization, among others, allowing users to choose

the most suitable algorithm for their optimization problems. Evolutionary.jl allows users to

customize various aspects of the evolutionary algorithms, such as population size, crossover

and mutation operators, and termination criteria, enabling tailored solutions for different

optimization tasks. Julia is designed for high-performance numerical computing, and Evo-

lutionary.jl benefits from Julia’s performance advantages, providing efficient execution of

evolutionary algorithms. However, this package is not suited for evolving chemical reaction

networks due to the limitations of encoding solutions.

2.5 Julia Packages for Reaction Network Modeling

There are two primary packages for simulating chemical reaction networks in the julia pro-

gramming langauge: RoadRunner and Catalyst. Although both offer a range of functionality

for network modeling, they were not suitable for use in a julia package for generating reaction

networks using genetic algorithms. The problem with both packages is the manner in which

reaction networks are encoded.

RoadRunner is one of the fastest network simulation tools and has an interface for both
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python and julia [168]. It achieves its performance advantage by compiling reaction network

models directly into native machine code. For evolutionary algorithms, where a network

must be frequently modified and re-simulated, the performance advantage is lost as the

network must be repeatedly converted to machine code after each sight modification.

Catalyst is a julia package for analysis and high performance simulation of chemical

reaction networks [92]. Catalyst converts chemical reaction networks to symbolic represen-

tations of concrete mathematical models and generating compiled code for numerical solvers.

It includes several tools for analyzing, visualizing, and simulating networks making it highly

versatile and relatively user friendly. However, Catalyst’s reaction network object makes it

difficult to modify the topology of reaction networks automatically making it unsuitable for

genetic algorithms.

2.6 Conclusion

Due to their interesting dynamics and biological relevance, chemical oscillator research has

blossomed over the past 100 years. Their varied topology and interesting dynamics makes

oscillation a compelling problem to explore with evolutionary algorithms. However, although

evolutionary algorithms have been used to study and generate oscillators and other network

behaviors, the software used for these studies was designed for one-time use and was not made

available to the public. Additionally, previous research suggests that simple evolutionary

algorithms have low success rates in generating oscillators.

There are numerous software tools for evolutionary algorithms and simulating chemical

reaction networks, but none of these existing tools are suitable for using evolutionary algo-

rithms on chemical reaction networks. Despite the interest in such a tool, as demonstrated

in previous studies, there is no software tool that enables the evolution of chemical reaction

networks in a speedy, user-friendly manner with a decent success rate.
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Chapter 3

A Public Database of Evolved

Oscillatory Reaction Networks

3.1 Background

With the constant emergence of new software tools and techniques in systems biology,

access to a large variety of chemical reaction network models with defined characteristics

can be useful for testing and validation. For example, an existing data set enumerating

small chemical reaction networks [33] has been used to test computational methods to analyze

bistability [117], software to reverse engineer networks [106], and a novel framework to assess

networks for multiple equilibria and other characteristics [37]. Generating these test data sets

can be computationally expensive and time-consuming. The data set generated by Deckard

et al. took several days to compute and contains approximately 47 million small models,

but its purpose is to exhaustively enumerate small networks, not to assess and catalog their

behavior [33]. Despite the usefulness of standard validation data sets, currently no public

This chapter was published in as Tatka, L., Luk, W., Hellerstein, Elston, T., J., Sauro, H. “Cesium: A
Public Database of Evolved Oscillatory Reaction Networks.” Biosystems, vol. 224, 2023, p.104836.,
https://doi.org/10.1016/j.biosystems.2023.104836.
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database exists containing numerous models displaying a variety of network behaviors.

In terms of network behavior, oscillatory chemical reaction networks are of particular

interest due to their biological relevance, including embryogensis, DNA repair, and heart

function [107, 5, 57, 157]. Lotka et al. documented the first ordinary differential equation

model of an oscillatory predator-prey network [93]. The study of oscillatory mechanisms in

chemical reaction networks dramatically increased with the expansion of computing power

and the improved ability to solve non-linear differential equations [67]. Novak and Tyson

studied non-autocatalyic small oscillators to determine design patterns and basic require-

ments for oscillating systems [107]. These works focus on the mechanisms and characteristics

of individual oscillators or to oscillators as a broad category. Paladugu et al. used in silico

evolution to create several oscillators, bistable switches, homeostatic systems and frequency

filters, but the library was not made publicly available for further study [116].

We present a public database, entitled “Cesium”, containing approximately 1800 3-

species, 450 6-species, and 750 10-species oscillating networks created using a customized

evolution algorithm, an optimization process based on the iterative improvement of can-

didate models. There are also random non-oscillating networks to serve as controls. The

database can be searched by the number of reactions, the presence of autocatalytic reactions,

and the number of species. Each entry contains the above information as well as the Anti-

mony string [141] of the model which can be simulated by any software capable of reading

antimony or SBML (to which Antimony models can be converted). Future work will expand

this database to include a wider variety of oscillatory models as well as models that display

other behaviors such as bistability.

The population of evolved oscillatory reaction networks possessed different reaction type

compositions compared to non-oscillating networks that were randomly generated. Oscillat-

ing networks had significantly more uni-bi reactions and autocatalytic reactions.
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Figure 3.1: Models were composed of four reaction types and rate laws: (A) uni-uni, (B)
uni-bi, (C) bi-uni, (D) bi-bi

3.2 Methods

Oscillating models were generated using evolution scripts written in python, available at

https://github.com/sys-bio/evolution. The process begins by randomly generating a popu-

lation of models and gradually modifying them over time to produce oscillatory behavior.

Four types of reactions are used: uni-uni, uni-bi, bi-uni, and bi-bi, all with mass-action kinet-

ics (figure 3.1). At each step, every model is evaluated against an objective function scoring

the model’s ability to oscillate. Models with better fits are selected and further modified and

models with lower fits are gradually eliminated.

3.2.1 Model Representation

Models and reactions were represented by custom data structures. An instance of the reaction

object represents a single reaction and consists of one or two reactants, one or two products,

a rate constant, and an integer representing the reaction type (uni-uni, uni-bi, bi-uni, or

29



bi-bi). The model object represents a single reaction network and consists of a list of species,

a list of initial concentrations, and a list of reaction objects. The software converts model

objects into systems of ordinary differential equations which are then numerically solved to

produce time series data of species concentrations. After the evolution process is complete,

the models are converted to antimony [141], a human readable model definition language.

3.2.2 Objective Function

The objective function minimized error between the candidate model’s time course data and

a series of points corresponding to the peaks and troughs of an oscillator. This “idealized”

oscillator time series consisted of nine concentration points, alternating between 5 and 30

concentration units over the course of 1.25 seconds (figure 3.2). The output time series of

each species was compared to these points by summing the squared difference between the

observed point and the “ideal” point and the smallest error value was considered the model’s

fitness. This is similar to MSE but the sum is not divided by the number of observations

as this number is constant across all models. This has been demonstrated to be an effective

objective function for the in silico evolution of chemical oscillators [116]. In cases where

candidate models could not be simulated, an arbitrarily high fitness value was assigned

resulting in their subsequent removal from the population in the selection step.

3.2.3 ODE Solver

Preliminary studies suggested that the most commonly used python ODE solver from scikit

was inaccurate for solving these problems. Other off-the-shelf solvers lacked the ability to

deal with the custom data structure encoding the models. The Sauro Lab’s simulation

software, RoadRunner [146], was also unsuitable for this purpose due to the computational

cost of frequently modifying and recompiling models for simulation. Many algorithms, such

as RK4 are not robust enough for this work. For this reason, a custom simulator using the

CVODE solver from the Sundials suite was used [68].
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Figure 3.2: For the time series data of this species, the error is calculated by summing the
square difference between the observed time series data (blue) and a set of idealized oscillator
points (red). This process is repeated for each species in the model and the fitness is defined
as the minimum of these sums.
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3.2.4 Selection

In each new generation, the top 10% of models from the previous generation were copied

without modification. The remainder of the new population was chosen by tournament

selection [101] from the previous generation. This is where two models are randomly chosen

from the previous generation (including from the top 10% of models already carried over)

and the model with the better fitness is mutated by adding or deleting a reaction, or by

modifying a rate constant. The modified model is then appended to the new generation.

3.2.5 Mutation

After tournament selection, the fitter model was either mutated by modifying a rate constant

or adding/deleting a reaction with equal probability. In the case of rate constant modifica-

tion, a random rate constant was adjusted by a random percentage between -15% and +15%

of the rate constant’s current value. This mechanism ensured that rate constants could not

become negative, and there was no upper limit to their value.

In the case of reaction modification, a reaction was either added or deleted with 50%-

50% probability. If deleted was selected, a random reaction was removed from the model. If

addition, a new reaction was added with the equal probability of each reaction type: uni-uni,

uni-bi, bi-uni, bi-bi (figure 3.1).

3.2.6 Random Networks for Evolution

A population of 40 random networks were generated using the teUtils python package [128].

Each network was initialized with three species, and nine reactions with the probability of

each reaction type being 0.1, 0.4, 0.4, 0.1 for uni-uni, uni-bi, bi-uni, and bi-bi reactions. These

settings were chosen to maximize the number of evolution trials that successfully product

oscillators. All reactions had mass-action kinetics with a random rate constant between 0

and 50.
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Figure 3.3: The evolution algorithm. (1) An initial population of random models is created.
(2) The fitness of each model is evaluated. (3) The entire population is sorted by most fit
to least fit. (4) The top 10% of the models are transferred to the subsequent generation
unmodified. (5) Tournament selection is used to populate the remainder of the subsequent
generation. Models are randomly selected, the more fit model is chosen to be modified and
carried over to the subsequent generation. Steps 2-5 are repeated.

33



3.2.7 Custom Evolution Algorithm

The evolutionary algorithm mimics biological evolution in that populations of individuals,

in this case candidate networks, are altered and forced to compete with each other. Over

the course of generations, fitter individuals (models that oscillate or are likely to oscillate)

out compete unfit individuals (models that do not oscillate or can not be simulated) and

survive into the next generation. Although genetic and evolutionary algorithms are well

characterized, their application to systems biology models remains a challenge as a key trait

in these algorithms is crossover, the ability of two possible solutions to exchange information,

creating a new, ideally more suitable, candidate solution [80]. Typically, genetic algorithms

operate on objective functions for which solutions consist of vectors where values can easily be

exchanged between two vectors. It is uncertain how crossover of mass-action kinetic models

could be achieved as solutions (candidate networks) consist both of topology (how reactions

are connected) as well as rate constants (vectors of values). Additionally, the number of

reactions and rate constants vary and must be equal but can vary from model to model. For

this reason, a custom optimization process was developed based on genetic algorithms but

avoiding crossover.

This process begins with the generation of 40 random networks with pre-specified prob-

abilities for each of the four reaction types. The fitness of each model is evaluated by

comparing the model’s time series data with an objective function representing the desired

outcome, oscillation. Models that with time series data close to this desired outcome, those

that oscillate or those with damped oscillations, are more fit than those that fail to oscillate

or cannot be simulated.

These models are ordered from most to least fit and the top 10% of the models are

carried over unmodified to the subsequent generation (figure 3.3). The remaining models

are randomly paired and compared and the fitter of the two models is slightly modified

by either adding or deleting a reaction or changing a rate constant. If the modification
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improves the fitness of the model, the modified model is added to the next generation. If

the modification makes the model less fit, 75% of the time the unmodified model is added

to the next generation and 25% of the time the less fit model will be added. This allows

for the chance that small changes initially make a model worse, but subsequent changes

drastically improve the model. Once the new generation is fully populated, the models are

again ordered from most to least fit and the process begins again. This is repeated for 400

generations or until a threshold fitness level is reached.

3.2.8 Random Control Networks

Random models were generated as described in the previous section. To control for changes

made during evolution, the random models underwent the same mutation processes described

previously. Instead of populating subsequent generations based on model fitness, 10% of

the previous population was randomly selected to be carried over unmodified to the new

generation. The remainder of the new generation was populated with models randomly

chosen and mutated from the previous generation. The purpose of this procedure was to

account for model variability introduced in the evolutionary process. Of 1000 random control

networks generated, 1 was a spontaneous oscillator.

3.3 Results

Evolved models are processed to remove any undesirable oscillators from the population,

namely oscillators that dampen over time or oscillators where one or more species concen-

trations rise indefinitely towards infinity. Next, duplicated reactions were fused and reactions

that are superfluous to oscillation are deleted to minimize network size resulting in a pop-

ulation of reaction networks that oscillate indefinitely in species concentration, examples of

which are shown in figure 4.
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Figure 3.4: Time series data of sixteen 3-node oscillators generated using differential evolu-
tion.
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3.3.1 Database Construction

A non-relational key-value database was deployed via Mongo Atlas using the PyMongo API

to store all models and their information. The user enters the desired reaction network

attributes into the web GUI (figure 3.5). Models are downloaded as a .zip file of text files,

or if a single model a single text file, containing the antimony string of each model. If

the “Download in simulatable Tellurium form” box is checked, then each model file will

contain the necessary python package imports and formatting to be immediately simulated

and plotted upon running the file.

The current website queries the database by model type (current options are oscillator

or random), the number of nodes (species), the number of reactions, and the presence or

absence of autocatalysis or degradation reactions. Both oscillator and non-oscillating control

networks are stored in the database. Each entry also includes a dictionary of tallies of each

reaction type in the network, a list of redundant reactions that were fused during post-

processing, a list of reactions that were deleted as their presence did not influence oscillation.

In addition to the Antimony string comprising the model, other characteristics such as its

initial reaction probabilities, fused and deleted reactions, and reaction counts are also tracked

in the database. The database can be queried to select models with any number of desired

traits. Both oscillator and non-oscillating control networks are stored in the database.

The Cesium database is publicly available on the web at https://cesiumdb.herokuapp.

com/ and is intended to serve as source of reaction networks with specified characteristics for

use in research and validation. It currently contains 2000 randomly generated models and

approximately 1800 3-species oscillating networks. This database can be expanded in the

future to include a wider variety of oscillatory networks as well as networks with different

behaviors, such as bistability.
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Figure 3.5: Landing page for the Cesium database.
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Figure 3.6: Examples of 3-species oscillating networks from the Cesium database.

3.3.2 Oscillating Network Examples

Four oscillating networks from the database are shown in figure 3.6. Arrows symbolize

reaction and lead from the reactant to the product. A double headed arrow indicates two

products are formed and a double tail indicates two reactants.

In network A, S1 is autocatalytic as is S0 (and catalyzed by S1). These linked positive

feedback loops cause oscillation with products out flowing to S2, which essentially behaves

as a boundary species, a species that is unaffected by the model and whose concentration

remains fixed. Network B lacks autocatalytic reactions completely. Computing the jacobian

matrix at the unstable focus results in the following matrix:

S0 S1 S2


−4.75 0 15.2 S0

0.75 −0.3 0 S1

8.75 −1.6 −22.8 S2
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Figure 3.7: Species interactions of Network B. Green arrows indicate activation and blunt red
arrows indicate inhibition. The interactions form a cycle with negative feedback suggesting
that Network B is a feedback oscillator.

In the bottom row center, the negative number indicates that there is an inhibitory relation-

ship between S1 and S2. An increase in S2 will decrease the production rate of S1. These

interactions for a cycle with negative feedback, suggesting that this is a feedback oscillator

(figure 3.7). Similar analyses reveal that networks C and D are also likely to be feedback

oscillators.

3.4 Discussion

Oscillating models were significantly enriched for autocatalytic reactions compared to control

networks. Most oscillators are associated with unstable steady states. Destabilizing processes

can be classified as 1) direct autocatalysis, 2) indirect autocatalysis (a positive feedback

loop), and 3) end-product inhibition (a negative feedback loop) [154, 153]. Reactions are

considered autocatalytic when the products increase the rate of reaction or when a chemical

decelerates the rate of its own destruction [155]. Given the two types of oscillators, negative

feedback and negative feedback coupled with positive feedback [127], it is unsurprising that

autocatalytic reactions are enriched in the oscillator population as these reactions are a form

of positive feedback. The portion of models containing at least one autocatalytic reaction
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in the oscillator and control populations were compared using a two-way chi square test. Of

the 586 oscillating models, 83.1% (487 of 586) contained an autocatalytic reaction compared

with 49.8% (498 of 1000) of the control models, a significant difference (p < 0.0001).

Given the enrichment of autocatalytic reactions, one might expect a similar enrichment of

degradation reactions, reactions where one species is removed from the system (eg. X+Y →

Y , where X is removed from the system), to prevent species concentrations from rising to

infinity. Interestingly, the presence of degradation reactions were not enriched in oscillating

models. Of the oscillating model population 79.4% (465 of 586) contained at least one

degradation reaction compared to 76.3% (763 of 1000) of the control models, an insignificant

difference suggesting that although autocatalysis is a common characteristic in oscillating

networks, degradation reactions are not necessary to prevent species concentrations from

rising to infinity. Although the presence of both an autocatalytic and a degradation reaction

are not necessary for oscillation, it is rare that an oscillator contains neither. Only 0.5% (3

of 586) of the oscillators analyzed had neither an autocatalytic reaction nor a degradation

reaction compared to 0.2% (2 of 1000) random models, an insignificant difference.

To determine if any reaction types were enriched in the oscillator population compared to

the control population, the average model compositions were compared. The average model

composition was assessed as the average number of reactions of the specific type were divided

by the average total number of reactions for each group. For example, there were an average

of 6.592 reactions per model in the oscillator population, of which an average of 0.99 were uni-

uni reactions, for an average of 15.3% uni-uni reactions in the average oscillator model (Table

3.1). Compositions were compared with permutation tests, showing that model compositions

and sizes were significantly different between the oscillator and control populations (the

reduced size of oscillating networks can be accounted for by the fusion of duplicate reactions).

Oscillators possessed significantly more uni-bi reactions compared to random control models.

This is consistent with the enrichment of autocatalytic reactions which are often uni-bi.

However, autocatalytic reactions can also be bi-bi reactions, which were not enriched in
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Table 3.1: Average reaction compositions of oscillating networks compared to non-oscillating
controls.

oscillating models. Although bi-bi reactions were less likely to be created during evolution

due to the initial settings (10%), it is somewhat surprising that bi-bi reactions were decreased

in oscillatory networks given that a bi-bi reaction is slightly more likely to be autocatalytic

( 4
27

) compared to a uni-bi reaction (1
9
).

Next, oscillators containing autocatalytic reactions (498 models) were compared to os-

cillators lacking them (98 models). Populations were compared by permutation test. There

was a significant increase in the portion of uni-bi reactions and a significant decrease in the

portion of bi-uni reactions in non-autocatalytic models as compared to autocatalytic oscilla-

tors (Table 3.2). This result is interesting given that autocatalytic reactions are either uni-bi

or bi-bi and both reaction types were reduced in oscillators with autocatalytic reactions

compared to oscillators without. It is possible that oscillators without a single autocatalytic

reaction are achieving autocatalysis through a combination of non-autocatalytic reactions.

Several manually inspected oscillators had reactions with extremely high rate constants

(greater than 300, whereas most rate constants were between 5 and 75). The initial range

for rate constants is 0 to 50 and with each mutation, they can only increase a maximum of

15% of the current value. Although there is no upper limit for rate constants, it is nearly

impossible to mutate a rate constant from the initial range to over 100 during the course of

evolution. To bypass this limit and achieve high rate constants, many successful models have

simply duplicated reactions during the evolutionary process. During post-processing, these
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Table 3.2: Average reaction compositions of autocatalytic oscillating networks compared to
non-autocatalytic oscillating networks.

duplicate reactions are fused and their rate constants summed. Fusing duplicate reactions to

achieve high rate constants accounts for the observation that oscillators generally have fewer

reactions than non-oscillators in this study. These high rate constant reactions can not be

removed, nor can the rate constant be significantly lowered without impacting oscillation.

Further investigation is needed to determine what essential function these high rate reactions

seem to play in most of the oscillators included in this study.

These oscillatory models and the random control networks have been added to a database,

accessible at https://cesiumdb.herokuapp.com/. Models can easily be selected by the

number of species, the number of reactions, and the present of autocatalysis or degradation

reactions. The selected models can be downloaded in a zip file containing a .txt for each

model. Each .txt file contains an individual model’s antimony string. If the “Download in

simulatable Tellurium form” option is selected, the .txt file will also contain formatting and

package imports allowing the model to be easily simulated when the file is run as a python

script.

In the future, this database will be expanded to contain a variety of models with different

behaviors besides oscillation. It is our hope that this database serves as a resource for the

modeling community to study network behaviors and test novel software.
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Chapter 4

In Silico Speciated Evolution of

Oscillatory Mass-Action Reaction

Networks

4.1 Introduction

Genetic algorithms (GAs), inspired by the principles of natural selection and genetics, have

emerged as a powerful computational technique for solving optimization and search prob-

lems.Developed by John Holland in the 1970s, GAs mimic the process of biological evolution

to solve optimization and search problems [69]. At their core, genetic algorithms operate on

a population of potential solutions, represented as individuals or “chromosomes,” each en-

coding a candidate solution to the problem at hand. Through iterative generations, genetic

algorithms apply mechanisms of selection, crossover, and mutation to evolve and refine the

population, gradually converging towards optimal or near-optimal solutions. Selection fa-

vors individuals with higher fitness, mirroring the process of natural selection, while crossover

and mutation introduce variation and diversity into the population, allowing for exploration
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of the solution space. By leveraging the principles of evolution, genetic algorithms offer a

versatile and robust approach to solving complex problems across various domains, from

engineering and optimization to biology and beyond.

A key feature of genetic algorithms is crossover, the exchange of multiple parameters

between two candidate solutions to create a new offspring solution. Crossover proves chal-

lenging when solutions are not vectors of matrices of numbers, but also include graphs.

Stanley and Miikkulainen devised a method, NEAT, to crossover topologies when evolving

artificial neural networks [147]. Dinh et al. adapted NEAT to enable crossover when evolv-

ing gene regulatory networks [36]. Here, the NEAT algorithm is adapted and explored with

mass-action chemical reaction networks. In contrast to previous studies in different domains,

the crossover method presented here does slightly reduces the success rate of evolution.

Speciation, though not essential to evolutionary algorithms, can improve their success by

protecting innovations and allowing them time to develop into better solutions. This work

also introduces a method for separating chemical reaction networks into species and explores

the effect of speciation on evolutionary success.

The purpose of this work it twofold: (1) to create a general purpose, easily customizable,

module for evolving mass-action chemical reaction networks and (2) to explore the effects of

crossover, speciation, and other hyperparameters on the success rate of the algorithm. The

successful implementation of this algorithm could aid systems biologist in the construction of

computational models or generate ensemble models to predict behavior. The algorithm could

offer numerous possible explanations for a given phenomenon or set of timeseries data. In

cases where multiple models explain the same phenomenon, future iterations of this software

may be useful in determining what data is needed to clarify the model.

Speciation is found to be essential to the success of the algorithm. In contrast to previous

studies in different domains, the crossover method presented here does slightly reduces the

success rate of evolution. In addition to speciation and crossover, a variety of evolutionary

hyperparameters are explored in evolving oscillatory mass-action networks. The evolutionary
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Figure 4.1: The evolutionary algorithm begins with a population of randomly generated
reaction networks. These networks are then grouped into species and their fitness evaluated.
The next generation is constructed by first selecting the top performing individuals from
each species without modification. The rest of the subsequent generation is populated by
networks that are modified by either crossover, mutation, or both. This new generation is
then grouped into species based on structural similarity and the process repeats.

algorithm is packaged in a library written in the julia programming language [12]. It is highly

configurable and allows users to easily specify settings via the command line for a simple

JSON file. It can generate reaction networks to match a variety of time series data beyond

oscillators.

4.2 Methods

4.2.1 Encoding

Chemical reactions are represented as custom data structures that contain one or two reac-

tants, one or two products, a rate constant, and a boolean value indicating if the reaction

is active or inactive. Four types of mass-action reaction are possible: uni-uni (a single re-
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actant to a single product), bi-uni (two reactants form a single product), uni-bi, and bi-bi.

A reaction that is active participates in the network that it is part of. An inactive reaction

is “turned off” but remains part of the network as a historical record. It can be activated

again or crossed over under certain circumstances.

A reaction network is a custom data structure consisting of several reactions, initial

concentrations for the floating species, and other information to track the individual network.

A network can include boundary species (which are assumed to be at a constant concentration

throughout the simulation), but boundary species were not used in this study.

4.2.2 Mutation

There are two types of mutation: rate constant mutation and reaction addition or subtrac-

tion. The probability of each of these mutations occurring and the range in which rate

constants are mutated can be set by the user. A rate constant mutation can occur in two

possible forms. The rate can be increased or reduce by a random percentage, uniformly

distributed in a custom range (by default ±20%), or more rarely a completely new rate

constant can be selected, uniformly distributed within a custom range (by default 0.1 to 50).

Rate constants were not allowed to become negative, but they did not have an upper bound

as previous studies observed that many synthetic oscillating systems rely on a single reaction

with an abnormally large rate constant [150].

A reaction mutation is either the addition of a new random reaction or the deletion of an

existing reaction, with 50% chance of each. When a new reaction is added, it is generated

randomly with a probability of 0.1, 0.4, 0.4, 0.1 for uni-uni, uni-bi, bi-uni, and bi-bi reactions

respectively. These probabilities are also configurable. If the randomly generated reaction

is already present in the reaction network, the new reaction’s rate constant is added to

the existing reaction’s rate constant. This feature can allow some rate constants to grow

to several multiples of the next largest rate constant in the network. When a reaction is

deleted, it is “switched off” and becomes inactive in the network, but is preserved as it can
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Table 4.1: Every reaction in the more fit network is passed down to the offspring network. If
it occurs in both parent networks, the rate constant is randomly inherited from one parent
or the other.

become reactivated under certain circumstances.

4.2.3 Crossover

During crossover, two parent networks from the same species group are chosen to mate.

Analogous to natural evolution, crossover is essential a means of changing more parameters

simultaneously and to a greater degree. It injects novelty into the offspring network compared

to single mutations. This could either result in faster progress towards a good solution, or

could interrupt progress by destroying promising solutions.

Crossover occurs by examining each reaction in the parent networks. If a reaction is

present in both parents, the reaction will be passed down to the offspring network with

the rate constant randomly chosen from one parent. If a reaction is present in the more

fit parent, but not the less fit parent, the offspring network will inherit the reaction (figure

4.2). If an inherited reaction is currently inactive meaning it was previously deleted during

a mutation step), there is a 0.25 probability of the reaction becoming active again. If both

parents are equally fit, one is randomly chosen to be the more fit parent (table 4.1).

A second crossover strategy for similar networks was tested in later trials. Networks that

were members of the same species and had similar fitness scores (within 5% of each other)

underwent a slightly different crossover process. All reactions that the two networks had in
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Figure 4.2: The topology of the more fit parent is passed to the offspring. Rate constants
for reactions that are shared are passed down randomly.
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common were passed down to the offspring network with rate constants chosen randomly

from one parent or the other. Reactions that occurred in one parent network but not the

other had a 50% chance of being passed down to the offspring network.

4.2.4 Speciation

In many cases, modifying a network, especially through the addition or deletion of reactions,

initially makes the system less fit. Without speciation, these innovations seldom last for more

than a generation. However, these topological innovations often prove to be an essential step

in evolution [147]. For this reason, a speciation strategy is employed to protect innovations

and allow them time to optimize. Individuals with similar topologies are grouped into

species. Members of a species compete only with each other and not the population at large.

A compatibility distance metric, δ, is used to assign reaction networks to a species, defined

as

δ =
M

N
(4.1)

where M is the number of reactions in the larger network that are not present in the smaller

network and N is the total number of reactions in the larger network. Two reactions are

considered identical if they have the same reactants and products. Rate constants are not

considered. If δ is below the speciation threshold, δt, the two networks are members of the

same species.

For each new generation, networks are assigned to species based on the previous gener-

ation’s species groups. Each new network is compared to the best network from a species

in the previous generation. If δ is less than the speciation threshold δt, then the network

is assigned to that species. If δ is greater than δt, then the network is compared to a ran-

domly selected individual from the next species, etc., until a match is found. If no species is

assigned after comparing the network to all species in the previous generation, then a new
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species is created.

The speciation threshold δt is adjusted with each generation to steer the total number of

species towards the target number of species. The target number of species is 10 by default,

but can be configured by the user. After each generation the total number of species is

counted. If there are more species than the target value, δt is increased allowing networks

that are more dissimilar to be grouped together. If there are fewer species than the target

value, δt is decreased. Adapting δt as evolution proceeds maintains an optimal number of

species. If there are too many species each with a small number of members, there are not

enough opportunities to optimize solutions in a small parameter space. Similarly, if there are

too few species with several members, the entire parameter space is not adequately explored.

δt =


δ + ε, if number of species > Ns

δ − ε, if number of species < Ns

(4.2)

4.2.5 Objective Function

The objective function evaluates how well a candidate model oscillates at the imposed time

period, T . Two arbitrary concentrations, [C]1 and [C]2, are chosen a priori. The fitness

score of a network describes how well any of its chemical species approached [C]1 at half

periods (T/2, 3T/2, 5T/2,...) and [C]2 at each period (T , 2T , 3T ,...) over the course of 5.5

periods. The candidate model’s single chemical species that best approached these points

was selected and the fitness was evaluated as the maximum of the reciprocal of the absolute

difference between the timeseries data and [C]1 or [C]2, the “ideal oscillator” time points,

(equation 4.3). The reciprocal was taken so that higher values represented better fitness,

which is necessary for determining the number of offspring for each species in subsequent

steps. This objective function has been shown to be an effective means of evolving oscillators

in similar and previous work [116, 50, 150]. In cases where candidate models could not be

simulated, a fitness of 0.0 was assigned resulting in the candidate model’s subsequent removal
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from the population.

fitness = max(
1∑

|ideal − candidate|
) (4.3)

4.2.6 ODE Solver

During the fitness evaluation phase, reaction networks were converted to systems of ordinary

differential equations. These equations were then numerically solved using the DifferentialE-

quations.jl julia package [123] and the CVODE solver from the Sundials suite for solving

initial value problems [68]. The CVODE solver was shown to be effective for this application

in previous work [150].

4.2.7 Reproduction

Each model species was allocated offspring in proportion with its fitness, with more fit species

producing more offspring. The fitness of species was defined as the fitness of its most fit

individual. To calculate the number of offspring allocated to each species group, the total

fitness of the population was calculated by summing the fitness of each species. Then each

species, s, was assigned an offspring number proportional to its contribution to the fitness

of the entire population (equation 4.4). By default, a single species was only allowed to

produce at most 10% of the subsequent generation in order to prevent a single species from

taking over the entire population (but this value could be adjusted by the user). For these

reasons, the total number of individuals fluctuated slightly over time.

offsprings =

∑
fitnesss∑
fitnesspop

∗ populationsize (4.4)

The reproduction phase began with an elitism selection strategy. The top 10% of networks

in each species were copied to the next generation directly. If a species had 10 or fewer

individuals, the single best network was copied without modification to the next generation.
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Figure 4.3: Tournament selection with mutation and/or crossover. Two networks are selected
at random and the more fit network of the two undergoes either crossover, mutation, or both.
If the network undergoes crossover, a mate network is also chosen by tournament selection.

Then, the bottom 10% of networks in each species are deleted. For the remainder of the

allocated offspring for each species, a random number, p, was generated. If the p was less

than the probability of crossover, then two networks from the same species were selected

and crossed over to produce a single offspring network. Otherwise a single network was

chosen. If p was greater than or equal to 1 - the probability of mutation, the network was

mutated. Outside of the elite networks, all networks were either crossed over or mutated.

Some were both crossed over and mutated. The probabilities of crossover and mutation

could be configured by the user. Probabilities for specific types of mutations are described

in section 4.2.2.

Tournament selection was also explored and can be configured in settings. In this case,

two networks from the same species were randomly chosen and the more fit network was

then crossed over, mutated, or both. If crossed over, a second network was also chosen by

tournament selection (figure 4.3).
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4.2.8 Output

The evolutionary algorithm was repeated for a preset number of generations (800 by default)

or until the best model reached a predefined fitness level. At this point, the best model from

each species was converted to Antimony, a human readable model definition language [141]

and written to a text file along with the model’s fitness. All settings were also written out to

a JSON file, which could be used without modification to repeat the evolution trial exactly.

The best models from each evolution trial were automatically assessed with a Python

script using the Tellurium modeling environment [24] and RoadRunner simulation software

[145]. A model was considered an oscillator if its eigenvalues at steady state contained

a positive real number with a nonzero imaginary number and if all concentrations were

positive at steady state. Models that met the eigenvalue criteria but had negative steady

state concentrations were flagged. Flagged models then underwent a simple automated repair

process wherein each reaction was deleted one at a time in an effort to meet the oscillation

criteria. Models that met criteria after the simple repair process were counted as oscillators.

In previous work, output networks underwent a post-processing step where superfluous

reactions were pruned. This post-processing step was not performed for these experiments

so it is possible that many of the evolved oscillating networks have more reactions than are

needed to produce oscillatory behavior.

Each evolution trial was run on a single CPU in a linux environment. Often several

trials were run in parallel across several CPUs using the cluster computer at University of

Washington.

4.2.9 Success Metrics

A single evolution trial was considered successful if it produced a network that oscillated.

For each experiment, 700 trials of evolution were performed and the total number of resulting

oscillators evaluated. The success rate is the portion of the 700 models that resulted in an
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oscillator. Experiments sought to maximize this number. Computation time was considered

qualitatively in the discussion of results. Often experiments with higher success rates came

at the expense of computation time. This metric also did not consider the diversity of the

networks produced. For example, a batch of several evolution trials could produce duplicate

oscillating networks without penalty.

4.3 Results

The software was evaluated with multiple hyperparameter settings to assess its ability to

generate oscillatory mass-action chemical reaction networks. Each set of hyperparameters

were evaluated over 700 evolutionary trials and the success rate recorded. A trial was deemed

successful if it generated a network with sustained oscillations, as evaluated by the criteria

described previously.

4.3.1 Verifying Speciation

Before evaluating the effects of speciation on evolution, tests were run to verify that speci-

ation was occurring and that the adaptive δ threshold was maintaining the target number

of species. Batches of 700 trials were run for a target number of 1 (no speciation), 5, 10,

30, and 50 species. Figure 4.4 shows that on average, these target numbers were achieved.

During the initial generations, the number of species fluctuates more dramatically. This is

like due to the fact that while δ is adaptive, ε, the amount by which δ is changed, is not.

During the first several generations, adjustments to δ tend to over or under shoot the target

number of species, likely due to there being large differences between individual networks at

first. This over and undershooting causes the number of species to fluctuate before leveling

out to the target level after approximately 15 generations.

The benefit of an adaptive δ is that the user need only specify the target number of

species and δ will change to accommodate that specification. Without adaptation, δ must
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Figure 4.4: Adapting δ maintains the target number of species without the need to select a
value that results in the target number of species through trial and error.
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Figure 4.5: Adaptive δ maintains the target number of species compared to a constant delta.

be chosen through trial and error so that it results in the target number of species. For

example, in the case of a target species of 10, with an adaptive δ, the total number of species

converges to 10 after a few generations and remains there until the end of the trial (figure

4.5). With a constant δ, the total number of species is gradually reduced over the course of

the trial. In this example, in both cases the success rate was about the same 22% vs 22.5%

for adaptive and constant δ respectively.

Although the total number of species remains relatively constant over time, the different

species tend to become more similar to each other. The inter-species distance between

two species is defined as the distance between the best networks from each species. At

each generation, the distance between every combination of 2 species were measured and the

average of these measurements recorded. This measurement was performed for batches of 700

trials each for a target of 5, 10, 30, and 50 species. For all four conditions, the average inter-
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species distance is reduced over time, possibly due to convergence to a single best solution.

All three batches started with an average inter-species distance of approximately 0.9, meaning

that species differed by an average of 90% of their reactions. The batch with a target of 10

species converged the most, with an average inter-species difference of approximately 0.55

after 800 generations. Batches with a target of 30 and 50 species did not converge as much

and ended with an average inter-species distance of approximately 0.75 and 0.80 respectively.

Larger distances with more species may be due to elitism. With a target of 50 species, at

least 50 individuals will be copied to the next generation with no modification. Perhaps

lesser networks that otherwise would have been removed if forced to compete with more

individuals are allowed to reproduce. Reducing the removal of less fit individuals may allow

them to maintain their distances over time. Trials with a target of 5 species converged more

rapidly at first, but ultimately did not converge as much as trials with a target of 10 species.

Perhaps with too few species, more fit networks dominate the population early on and cause

more rapid convergence. However, as evolution progresses, trials with fewer species are less

likely to find a good solution and therefor do not further converge.

Next, the average intra-species distances were compared for different target numbers of

species. The intra-species distances was computed by averaging the distance between every

combination of pairs of networks within a single species. As evolution progresses, species

tend to converge on a solution and individuals within a species become more similar. This

happens more quickly for trials with larger target species numbers. In order to maintain a

larger number of species, the speciation threshold must be stricter, so each species has fewer

individuals and individuals within a species are more similar.

4.3.2 Speciation Effects

In order to test the effects of speciation on population diversity and oscillator success rate,

evolution was run without speciation, and with 10 and 30 as the target number of species.

When speciation is disabled, the top 10% of the entire population is passed on to the next
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Figure 4.6: Different species become more similar over time.
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Figure 4.7: Networks within a species become more similar over time.
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generation unmodified and the bottom 10% of the entire population is deleted. Then mu-

tation is performed on the entire population to populate the remainder of the subsequent

generation (crossover was not performed for these experiments). Each network must compete

against every other network in the population. To account for fluctuations in population

size when speciation is enabled, diversity was measured as the number of unique networks

over the total number of networks in the population. A network was considered unique if

differed by one or more reactions from all other networks. Reactions are considered different

if they differ in product or reactant. Rate constants are not considered in these comparisons.

Significance levels were calculated using two-tailed t-tests.

In trials where no speciation was allowed, the average portion of unique networks was

0.294 ± 0.035 across 800 generations. This is significantly (p <0.0001) less than the portion

of unique networks in evolution trials with a target number of species of 10, 0.344 ± 0.037

(figure 4.8).

One purpose of speciation was to prevent the most fit network from overtaking the pop-

ulation over time. When a single network dominates the population, there are not enough

unique networks to adequately explore the solution space and the evolution algorithm con-

verges on a solution prematurely. To account for fluctuating population sizes when speciation

is allowed, the number of copies of the best network divided by the total number of networks

was measured at each generation with speciation (with a target species number of 10) and

without speciation. When speciated was enabled, the portion of the population occupied by

copies of the most fit network remained constant with an average portion of best networks

of 0.071 ± 0.008. Without speciation, the portion of best networks rose gradually over time

with an average portion of 0.402 ± 0.079 (figure 4.9). This shows that speciation effectively

prevents a single network from dominating the population (p <0.0001).

Next, the effects of speciation on evolution success rate was evaluated comparing no

speciation to speciation with a target species number of 5, 10, 30, and 50 (figure 4.10. Again,

crossover was omitted from these studies. For each speciation level, a batch of 700 trials
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Figure 4.8: The average portion of unique networks over 800 generations with speciation
(red), 0.344 ± 0.037, and without (blue), 0.296 ± 0.034. Shading is the 95% confidence
interval.
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Figure 4.9: The average portion of best networks over 800 generations with speciation (red),
0.071 ± 0.008, and without (blue), 0.402 ± 0.079. Shading is the 95% confidence interval.
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of evolution were run and the number of oscillators resulting from each batch. Significance

levels were calculated using a binomial test.

With a target species of 10 (the default condition), evolution trials resulted in sustained

oscillators at a rate of 0.22 (154/700). Without speciation, the success was significantly

reduced (p <0.0001), with oscillators occurring at a rate of 0.12 (83/700). The batch with a

target of 30 species also had a success rate of 0.22 (153/700). Increasing the target number of

species to 50 significantly (p=0.002) worsened results with a success rate of 0.16 (110/700).

Similarly, decreasing the target number of species resulted in a success rate of 0.13 (89/700).

This success is still a significant improvement over evolution without speciation (p <0.0001).

Speciation increases the success rate of evolution by sheltering innovations and maintain-

ing population diversity. However, with too many species, there are not enough individuals

in any given species to thoroughly explore the space and the success rate is reduced. Simi-

larly, with too few species, there are not enough groups to more broadly explore the solution

space and the success rate is reduced.

4.3.3 Crossover

To assess the effects of crossover on evolutionary success, batches of 700 evolution trials

without crossover and with several type of crossover were compared. None of the crossover

batches tested here had better evolutionary success than the batch without crossover.

First, the crossover technique described previously was compared to a batch with no

crossover. Both batches had a target species of 10 and all other parameters in common.

The batch with without crossover had 0% chance of crossover and 100% chance of mutation.

22% (154/700) of trials in this batch resulted in oscillators The batch with crossover used

the crossover procedure described in the Methods section. The chance of crossover was 75%

and the chance of mutation was 75%. All networks were either crossed over or mutated

(pcrossover +pmutation−pcrossover∩pmutation = 1). This meant that networks had a 50% chance

of being crossed over and then mutated (pcrossover ∩ pmutation = pcrossover + pmutation − 1).
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Figure 4.10: Evolution success rate of 700 trials with no speciation and with a target species
of 5, 10, 30, and 50.
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With these settings, evolution trials with crossover resulted in oscillators at a rate of 17%

(119/700) of the time. This was significantly lower than the success rate without crossover

(p = 0.001181).

It was possible that allowing some networks to undergo both crossover and mutation was

too much change in a single step and was disrupting any progress towards a solution. In the

next batch, networks were only allowed to undergo crossover or mutation (50% of each), but

never both. In this case, 13.7% (96/700) trials resulted in oscillators, significantly less than

both the batch without crossover and the batch with the original crossover method.

In a second attempt to address the problem of too much change, the chance of crossover

was reduced from 75% to 25%. For this batch, 20.6% of trials resulted in oscillators. This

is significantly better than the batch with a 75% chance of crossover (p=0.014), but not

significantly different than the batch with no crossover.

With the original crossover method described in 4.2.3, when two networks have the exact

same fitness, one is randomly chosen as the more fit network. It is highly improbable that

two networks would have exactly the same fitness, but this prompted the thought that there

may be some benefit to more leniently combining two networks with similar fitness scores.

For the next batch, networks with a fitness score within 5% of one another underwent a

slightly different crossover method. Like the original crossover method, all reactions that

were present in both parent networks were passed to the offspring, with the rate constant

chosen randomly from one parent or the other. Reactions that were not shared between

the two networks were passed down with a 0.5 probability. As with the original crossover

method, reactions that were inactive had a 0.25 probability of reactivation. The success of

this batch (16.1%, 111/700) was no different than the success of the original crossover batch

and both were worse than the batch without crossover (p <0.0001).
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Figure 4.11: Evolution success rate of 700 trials with no crossover, 0.25 and 0.75 probability
of crossover, 50-50 exclusive chance of crossover or mutation, and 0.75 probability of crossover
with more lenient crossover method for networks with similar fitness.

4.3.4 Elitist Selection

Populating each generations begins with elitist selection. For each species, 10% of its allo-

cated offspring are unmodified copies of the best networks from the previous generation. In

cases where a species is only allocated a single offspring, a mutation is performed on the best

network in the species. If the mutation improves the network, the network is passed on to

the next generation with the mutation. If the mutation does not improve the network, the

unmodified network is passed on to the next generation.

To explore the influence of elitist selection, batches of 700 trials of evolution were run

with and without elitism. For batches with elitism, levels of 10, 25, and 50% were tested1.

Eliminating elitism resulted in drastically reduced success rates, with only 1% (7/700) trials

resulting in oscillators. However, in batches with elitism, the percentage of high fitness

models copied to the next generation did not result in significantly different success rates.

1This is the percentage of the next generation that is composed of unmodified, higher fitness models. For
example, if a species has 20 members but is only allowed 10 offspring with an elitism rate of 10%, then the
single best network of the 20 will be passed down to the next generation unmodified.
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Figure 4.12: Evolution success rate of 700 trials with no speciation and with a target species
of 10, 30, and 50.

Batches with 10, 25, and 50% elitism had success rates of 0.220 (154/700), 0.224 (157/700),

and 0.197 (138/700) respectively (figure 4.12). It is likely that evolution is driven primarily by

the top few individuals. When elitism is removed, these top individuals are not preserved and

evolution mostly fails. However keeping more individuals in addition to these top performers

does not improve success rates.

4.3.5 Tournament Selection

After the elite networks were copied to the next generation, the remaining offspring were

produced by randomly selecting networks (including the elites, excluding the bottom 10%)
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to mutate or crossover. As demonstrated in section 4.3.4, elitism is crucial to the algorithms

success. But could a different selection strategy for the non-elite offpsring improve success

rate? To test this, tournament selection, with and without speciation, was used to select the

non-elite offspring.

Tournament selection involves running several comparisons of a few individuals chosen

at random from the population [61, 101]. The best of the subset is chosen for crossover or

mutation. It is efficient to code and scales well population size and objective function. In this

case, two individuals from the same species were randomly chosen (with replacement) and

the individual with the better fitness score was allowed to mutate or crossover and continue

to the next generation.

Tournament selection trials with a target species number of 10 and without speciation

were compared to trials where non-elite networks were randomly selected. The trial with

tournament selection and no speciation performed worst, with only 7.5% (105/1400) of trials

resulting in an oscillator. Interestingly, random selection fared better, with 11.1% (155/1400)

of trials resulting in oscillators (p <0.0001). This result was unexpected, as it would seem

that biasing selection towards more fit networks with tournament selection should improve

the results. However, it is possible that random selection helped maintain diversity by

including less fit networks that ultimately developed into good solutions.

When considering tournament selection with speciation, results improved, with 21.1%

(148/700) of trials resulting in an oscillator. However, this result in not significantly differ-

ent than random selection with speciation, which resulted in oscillators in 22.0% of trials

(154/700). This bolsters the conclusion that speciation drives evolutionary success more

than any other factors explored here.

4.3.6 Increased Population size

Unlike other hyperparmaters discussed here, increasing the population size has a direct

effect on computation time, as numerically solving the ODEs is the rate limiting step of
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Figure 4.13: Evolution success rate with and without tournament selection and with and
without speciation. Speciation influences success rate far more than tournament selection
(n=1400 for each no speciation batch, n=700 for speciation batches).

the algorithm. However, increasing the population size increases the number of individuals

exploring the solution landscape and thus increases the chances of finding a good solution.

When the population size was doubled, from 100 individuals to 200 individuals, evolu-

tionary success significantly improved from 22% to 26% (p = 0.012), with 182 of 700 trials

producing an oscillator. However, this computation took roughly twice as long. The batch

with 100 individuals resulted in 154 oscillators (out of 700 trials). Running this batch twice

would result in 300 oscillators and take roughly the same amount of time as a 200 individual

population that produces 180 oscillators.

Next, a batch with a population of 200 and a target of 20 species was run. For a

population of 100, a target species of 10 was shown to result in the highest success rate, so

this experiment sought to test if the optimal target number of species scaled with population

size. This appeared to be the case as 38.5% (77/200) trials in this batch resulted in oscillators,

a significant improvement over both 200 individuals with 10 species and 100 individuals with

10 species.
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4.3.7 More Generations

Like population size, the number of generations directly effects computation time. However,

increasing the number of generations allows more time for the algorithm to discover and

optimize solutions and increase evolutionary success.

The maximum number of generations was doubled, from 800 to 1600, and evolution was

run with default parameters: no crossover, 100 individuals, target species of 10. Trials in this

batch resulted in oscillators 37% (74/200) of the time. The fitness of the top network in each

generation was tracked and averaged across 200 trials (figure 4.14). After 1600 generations,

the average top fitness continues to rise suggesting that the success rate may further increase

with more generations. When the number of generations was doubled again, from 1600 to

3200, the success rate was 50% (100/200). At 3200 generations, the average fitness still

did not plateau suggesting that a higher success rate may be possible at the expense of

computing time.

4.3.8 Evolving Oscillators with Optimal Settings

With the insights from these experiments, a batch of 720 trials was run with the best known

hyperpamaters. Two hundred individuals with a target of 20 species were evolved over 1600

generations without crossover and without tournament selection. Of the 720 trials, 374

resulted in oscillators for a success rate of 51.9%. It is likely that increasing the number of

generations to 3200 or higher would further increase success rate, but at a cost of computing

time.

Examples of time series data generated by randomly selected evolved oscillators are shown

in figure 4.15. There are a variety of oscillation shapes, amplitudes, and frequencies demon-

strating that there are many ways that the objective criteria can be met to produce an

oscillator. This suggests that there are a variety of different oscillators in the evolved net-

works. The networks were not examined for duplicates.
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Figure 4.14: Average fitness of the best network of each generation over 200 trials. Small
spikes can likely be attributed to writing out networks with high fitness and discontinuing
evolution trials.
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Figure 4.15: Time series data from an assortment of evolved oscillators.
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Examples of three evolved networks and their timeseries data are shown in figure 4.16.

Each network has been processed to remove all reactions that are not necessary for oscil-

lation. The three networks vary in complexity and produce different oscillations in terms

of frequency, amplitude, and shape. Despite the difference in complexity, the second and

third networks generate a similarly shaped time series. Interestingly, the third network has

completly ignored the third chemical species and recreated the Lotka-Volterra predator-prey

model.

The top fitness values at each generation for five successful evolution trials are shown

in figure 4.17. Some networks, such as those shown in blue and purple, make a series of

mutations that rapidly improve the fitness. Others develop more gradually. Trials with a

fitness value of 0.05 or higher were stopped and saved, but 0.05 is a very conservative cutoff.

It is likely that a cutoff value of 0.01 would capture most if not all oscillators.

4.3.9 Fitting Time Series Data

Beyond generating oscillators, the ReactionNetworkEvolution.jl software is intended to im-

plement an evolutionary algorithm for more broad systems biology problems. One appli-

cation could be evolving reaction networks that match time series data. To test if Re-

actionNetworkEvolution.jl could generate networks to match time series data, a simple, 3

chemical, 5 reaction synthetic network was constructed and its time series data collected

(figure 4.18). Then the ReactionNetworkEvolution.jl software was given the time series data

as an objective.

Four hundred trials of evolution were run, each with 1600 generations in an effort to

match the ground truth time series data. The time series data of the 12 best evolved

networks all closely match the dynamics in the ground truth network (figure figure 4.19).

The best matching time series (top row left of figure 4.19) is shown overlaid with the ground

truth time series in figure 4.20. The solid lines are data from the ground truth network and

the dashed lines are from the evolved network.
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Figure 4.16: Examples of oscillatory networks and their time series. The bottom network is
the Lotka-Volterra predator-prey network.
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Figure 4.17: Examples of fitness trajectories of successful evolution trials.
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Figure 4.18: A synthetic network and its time series data.
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Figure 4.19: The 12 trials that most closely matched the time series data.
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Figure 4.20: Time series of the ground truth network (solid lines) compared to the best
evolved network (dashed lines).
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Figure 4.21: The ground truth network compared to the best evolved network

Interestingly, the evolved network that most closely matched the ground truth time series

data only had one reaction in common with the original network (figure 4.21). The last

reaction, S1 + S3 → S1, occurred in 10 of the 12 best networks. The next most common

was the reaction S2 → S3, which occurred in 7 of the 12 best networks. All networks that

had the reaction S2 → S3 also had the reaction S1 + S3 → S1.

4.3.10 Parameter Fitting

ReactionNetworkEvolution.jl’s ability to fit parameters (rate constants) to a given network

and time series was tested by supplying it with the ground truth network and time series

data from figure 4.18. In this case, ReactionNetworkEvolution.jl implements a more “classic”

evolutionary algorithm, where the topology of the network is fixed and only the parameters

are changed.
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Table 4.2: The evolved rate constants closely match the true rate constants.

The distance metric was modified in order to take advantage of speciation in this con-

text. Previously, the distance metric only took reactions into account when quantifying the

distance between two networks. In a parameter fitting task, all the networks are topologi-

cally identical and would all be considered to have a distance of 0 from one another and be

grouped into a single large species. The average difference between associated rate constants

was added to the distance function. As in the previous distance metric, the first term is the

number of reaction in the larger network that are not in the smaller network, divided by

the number of reactions in the larger network. For parameter fitting, this will be zero as all

the networks are identical. The second term quantifies how different the rate constants are

between two models. For reactions that are in both networks, average difference between

rate constants for corresponding reactions is multiplied by a weight, W. For this experiment.

W was set to 1. W is a configurable setting and is set to 0 by default.

δ =
M

N
+W

∑
|ki1 − ki2|
Nshared

(4.5)

Evolution was run with 200 individuals, 20 species, 1600 generations, and no crossover.

ReactionNetworkEvolution.jl was given the network’s topology (without rate constants),

and the time series data and tasked with producing rate constants. The best result closely
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matches the ground truth data (table 4.2).

4.4 Discussion

Speciation was shown to significantly benefit evolutionary success by protecting innovations

and maintaining evolutionary diversity throughout the process. Fine tuning is necessary to

achieve the maximum benefit of speciation. The target number of species must be chosen

with consideration of the population size. Additionally, δ and δ step sizes may require

adjustment for different population sizes, target number of species, and different objectives.

Elitism is also essential to evolution as it preserves the best individuals of each genera-

tion. It pairs well with speciation as it allows the best individuals not just from the whole

population but from the each species to be passed on to the next generation. Interestingly,

the evolutionary success did not seem to vary with different levels of elitism suggesting that

evolutionary progress is driven primarily by the top individuals of each species and that

including additional elite networks does not improve success. This seems to be confirmed by

the observation that alternative selection strategies for non-elite individuals did not affect

evolutionary performance.

Although crossover has shown success in other topological evolution problems [147, 36],

this was not the case with mass-action networks. Both artificial neural networks (ANNs)

and genetic regulatory networks (GRNs) (domains where crossover has been shown effective)

have more edges that can more easily be separated from their weights. In both cases, edges

simply connect two nodes together. For ANNs, all edges activate the output node and have a

weight which increases or decreases the signal strength. GRNs are similar but edges can also

be inhibitory. The weights of the edges are not influence by the nodes the edge is connected

to. On the other hand, in this work, reactions are analogous to edges and can connect two

to four nodes (chemical species). The rate constants are analogous to weights. But unlike

weights, the extent to which one node activates another (or the speed at which a reactant
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becomes a product) is also influenced by the reactant’s concentration. That is to say, in the

case of mass-action chemical reaction networks, it is far more difficult to isolate subsets of a

network and maintain their function. When crossover occurs, it tends to disrupt the finely

tuned developing solutions by changing several rate constants simultaneously. This could

explain why crossover reduces success in this application despite its utility in other domains.

Although this algorithm is faster than previous iterations, it still computationally expen-

sive. A single trial of 800 generations and 100 individuals take approximately 90 seconds

on average. Given the success rate using these settings, this amounts to approximately 3

minutes per oscillator per CPU. The vast majority of this time is consumed by numerically

solving the ODEs. The software uses a custom function to compute the rate of change

of each concentration, but the solver is from julia’s DifferentialEquations and Sundials li-

braries, both highly optimized for performance. Additionally, ReactionNetworkEvolution.jl

uses strict typing, pre-allocation wherever possible, and hash maps to further improve per-

formance. Although the current implementation of ReactionNetworkEvolution.jl does not

make use of parallelization within a single trial, in practice multiple trials can be dispatch

to different CPUs using a bash script or job array. Future efforts to improve the success rate

are likely to be more fruitful than efforts to increase computational performance.

Using an adaptive speciation threshold, δ, did not directly influence evolutionary success,

but it maintained the target number of species which did influence success. Without an

adaptive δ, the user would have to manually tune δ through trial and error to achieve the

target number of species. Given the utility of this adaptive feature, it may be useful to

implement a similar strategy for other evolutionary hyperparameters. For example, the

probability of changing the topology (adding or deleting reactions) versus changing rate

constants remains the same throughout the evolutionary process. Early on, it may be useful

to change topology more frequently in an effort to find a decent solution. However, later

in the process, when a promising solution has been found, it is more useful to modify rate

constants in an effort to optimize the solution. Changing topology may be wasted effort
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and may divert resources that may be better spent optimizing an existing solution. In

future iterations of ReactionNetworkEvolution.jl, it may be useful to change the balance

of topological versus rate constant mutation over time or as fitness reaches a pre-specified

threshold.

Similarly, as evolution progresses and homes in a promising solution, smaller rate constant

changes may be necessary to explore a small area in the solution space in more detail. The

amount by which rate constants are changed could be adaptively reduced over time, either

based on fitness or generation number.

Another means of more thoroughly exploring a promising solution space as evolution

progresses could be altering the metric used to determine the “distance” between two net-

works, and thus their species. In the current iteration of ReactionNetworkEvolution.jl, the

distance between two networks is entirely determined by the amount of reactions that the

two networks do not share with no consideration to the rate constants for shared reactions.

Networks with the same topology are considered identical even if rate constants for their

different reactions vary by orders of magnitude. Including the differences in rate constants

when considering distance could improve evolution by encouraging more thorough explo-

rations of viable solution spaces towards the end of the process. As networks become more

topologically similar as evolution progresses, speciation would be driven by differences in

rate constants instead of topology. This would direct more resources towards optimizing a

decent solution as opposed to continuing to explore the broader solution space.

One flaw of the existing iteration of ReactionNetworkEvolution.jl is the tendency to

add extraneous reactions. It appears that more often than not, deleting a reaction reduces

fitness whereas adding a reaction may slightly improve fitness. Although there was equal

probability of adding and deleting reactions, networks at the end of evolution tended to be

much larger ( 15 reactions) than at the start (5) reactions. In some cases, this may not

be of concern. For example, if the objective is simply to create a population of oscillators,

it may not matter that some of them are overly complicated. However, if attempting to
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gather simple networks to fit time series data, the tendency to over complicate networks

could be detrimental. Overfitting by over complicating models (for example, by including

too many predictors) is a well-known problem in machine learning. Often, the solution is to

penalize machine learning models that use too many features. A similar technique could be

implemented here, penalizing candidate networks for each additional reaction. Penalization

was briefly explored, but was found to reduce the success rate. Further fine tuning of a

fitness function that addresses network complexity may increase the success rate and result

in less complex models.

Isomorphism was not considered during of after the evolution process. Networks were

only considered similar or identical if both their reactions and the names of the chemical

species involved in the reactions matched. However, given the arbitrary naming of the

chemical species, it is possible to have two identical networks but with shuffled chemical

species names. During the evolution process, this might result in two or more species groups

effectively populated with the same network. Similarly, after multiple trials of evolution,

there may be a number of oscillators that are isomorphic.

The issue of isomorphism could be partially addressed in future versions of Reaction-

NetworkEvolution.jl. During evolution, the names of chemical species could be normalized

during fitness evaluation such that the chemical species that most closely matched the input

time series was named “S0,” followed by “S1,” and so on. One possible problem with this

proposal is that different reaction rates may cause different chemcial species to best match

the input time series data despite two networks being topologically identical.

Identifying isomorphic duplicates after multiple evolution trials could be addressed with

multiple pairwise comparisons. For each pair of networks with 3 chemical species, six com-

parisons between the two networks would be sufficient to identify if two networks are the

same despite having shuffled chemical species names. For a population of several oscillators,

this would amount to 6
(
n
2

)
comparisons, where n is the number of oscillating networks to

be evaluated. A population of 40 oscillators would require 4,680 comparisons to identify all
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duplicate networks.

Additionally, the algorithm has demonstrated its ability to produce oscillators, but its

ability to match other network behaviors is untested. It successfully generated a network to

match simple time series data, but did not manage to recover the network that produced

the data. This is expected given the limited amount of information about the network

provided to the software. More testing and algorithm development could improve Reaction-

NetworkEvolution.jl’s performance in tasks beyond generating oscillators.

Another possible application of ReactionNetworkEvolution.jl is parameter fitting. Re-

actionNetworkEvolution.jl can be supplied with seed networks for the initial population (in

lieu of random networks) and time series data. ReactionNetworkEvolution.jl will then use

the evolutionary algorithm to explore the parameter (rate constant) space while holding the

structure of the network (reactions) constant. This was demonstrated with a simple network,

but future work will test ReactionNetworkEvolution.jl’s ability to fit parameters for a more

complex network.

4.5 Conclusion

The NEAT algorithm for evolving artificial neural networks was successfully adapted to

mass-action chemical reaction networks. The experimental results showed that speciation

and elite selection drive evolutionary success. Unlike other domains, crossover negatively

impacts evolution of oscillatory mass-action networks.

The adapted evolutionary algorithm is packaged in a julia module, ReactionNetworkEvo-

lution.jl, for easy use and customization. ReactionNetworkEvolution.jl boasts at least a

four-fold improvement in success rates over previous iterations and has considerably better

computational performance. Using the default settings, oscillators are generated every three

minutes on average using a single CPU.

Future work will explore evolution of more complicated network behaviors. Other direc-
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tions include improving the algorithm’s ability to match time series data when given more

information about the network or to suggest what additional information is necessary to

narrow down the set of networks that can recapitulate the input time series data.
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Chapter 5

Adapting Credibility Standards to

Computational Systems Biology

5.1 Introduction

As computing power rapidly increases, computational models become more intricate and an

increasingly important tool for scientific discovery. In systems biology, where the amount

of available data has also expanded, computational modeling has become an important tool

to study, explain, and predict behavior of biological systems. The scale of biological models

ranges from subcellular components [164] to entire ecosystems [63]. Modeling paradigms in-

clude mechanistic models, rule-based systems, Boolean networks, and agent-based models [7].

This review will focus on mechanistic models of subcellular processes.

The Food and Drug Administration (FDA) defines model credibility as “the trust, es-

tablished through the collection of evidence, in the predictive capability of a computational

model for a context of use” [1]. Model credibility is important in systems biology as models

This chapter was originally published as Tatka, L., Smith, L., Hellerstein, J., Sauro, H. Adapting mod-
eling and simulation credibility standards to computational systems biology. J Transl Med 21, 501 (2023).
https://doi.org/10.1186/s12967-023-04290-5
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are used to guide experiments or to optimize patient treatment. This is particularly im-

portant given the increasing scale and intricacy of models. Reproducibility, the ability to

recreate a model and data de novo and obtain the same result [137], is directly connected

to credibility, but even reproducibility remains a challenge. It was recently discovered that

49% of published models undergoing the review and curation process for the BioModels [98]

database were not reproducible primarily due to missing materials necessary for simulation,

the availability of the model and code in public databases, and lack of documentation [151].

With some extra effort, an additional 12% of the published models could be reproduced. A

model that cannot be reproduced is not credible.

Due to the increasing importance of computational models in scientific discovery, the Na-

tional Aeronautics and Space Administration (NASA), the FDA, and other regulatory bodies

have developed standards to assess the credibility of models [6, 1, 136]. These standards are

somewhat vague and generally qualitative to accommodate the broad scope of models in

these fields. However, mechanistic models in systems biology are relatively narrow in scope

and are supported by a variety of standards for model encoding, annotation, simulation, and

dissemination potentially enabling the development of a credibility standard for mechanistic

systems biology models.

In this chapter, we discuss current systems biology modeling standards that could aid

in the development of credibility standards, examine existing credibility standards in other

scientific fields, and propose that current standards in systems biology and other fields could

support the development of a credibility standard for mechanistic systems biology models.

5.2 Current Standards in Systems Biology

Klipp et al. describe standards as agreed-upon formats used to enhance information ex-

change and mutual understanding [83]. In the field of systems biology, standards are a means

to share information about experiments, models, data formats, nomenclature, and graph-
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ical representations of biochemical systems. Standardized means of information exchange

improve model reuse, expandability, and integration as well as allowing communication be-

tween tools. In a survey of 125 systems biologists, most thought of standards as essential to

their field, primarily for the purpose of reproducing and checking simulation results, both

essential aspects of credibility [83].

A multitude of standards exist in systems biology for processes from annotation to dis-

semination. Although there is currently no widely used standard for model credibility, the

development of this standard is likely to depend on existing systems biology standards, just

as standards for model simulation are dependent on standards for model encoding. This

section will summarize current standards relevant to model credibility including standards

for ontology, encoding, simulating, and disseminating models. Although standards also exist

for graphical representation of systems biology models (SBGN) [110] and representation of

simulation results (SBRML) [31], these will not be discussed here as they are less relevant

to the future implementation of model credibility standards.

5.2.1 Model Representation

Having a commonly understood language for describing a model is essential in exchange,

reproducibility, credibility. Without a common language to describe models, they cannot

be simulated across different platforms or freely shared. For this reason, systems biology

model representation has become standardized using XML-based languages SBML [83, 97],

CellML [30], and BioPAX [35]. NeuroML [59], similar to SBML and CellML, is used to

represent neuronal models, but is beyond the scope of this proposal.

SBML

The most widely used model format is SBML (Systems Biology Markup Language) [72,

48, 83, 97]. SBML is a XML-based language for encoding mathematical models that re-

produce biological processes, particularly biochemical reaction networks, gene regulation,
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metabolism, and signaling networks [72, 86]. SBML encodes critical biological process data

such as species, compartments, reactions, and other properties (such as concentrations, vol-

umes, stoichiometry, and rate laws) in a standardized format. Annotations can also be

stored in the SBML format. With its support by over 200 third party tools and its ability

to easily convert to other model formats, SBML is the de facto language for systems biology

models [86, 97].

SBML models are composed of entities, such as species, located in containers that can

by acted upon by processes that create, destroy, or modify [81]. Other elements allow for

the definition of parameters, initial conditions, variables, and mathematical relationships.

The SBML language is structured as a series of upwardly compatible levels, with higher

levels incorporating more powerful features. Versions describe the refinement of levels. Most

recently, SBML level 3 introduced modular architecture consisting of a set of fixed features,

SBML level 3 core, and a scheme for adding packages that augment the core functionality.

This allows for extensive customization of the language while enabling reuse of key features.

Currently, eight packages are part of the SBML 3 standard. These packages extend the capa-

bility of SBML such as enabling descriptions of uncertainties in terms of distributions [143],

allowing for the encoding, exchange, and annotation of constraint-based models [114], ren-

dering visual diagrams [54], among many others [81].

CellML

Similar to SBML but broader in scope, CellML is also an XML-based language for reproduc-

ing mathematical models of any kind, including biochemical reaction networks [8]. CellML

models do not encode biological information explicitly in the model, but instead consist of

mathematical formulations of biological processes [172]. This feature of the CellML language

increases flexibility enabling the description of a wide variety of biological processes. CellML

models are composed of several interconnected components [100] with each component con-

taining at least one variable that is associated with physical units. This enables CellML
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processors to automatically check equations for dimensional consistency.

Both CellML and SBML use almost identical mathematical expressions in MathML,

an international standard for encoding mathematical expression using XML [18]. CellML

explicitly encodes all mathematics, such as ODEs [140]. It is more versatile than SBML,

capable of describing any type of mathematical model. SBML defines reaction rates, which

can be used to build rate rules and ODEs [74]. There is more third party support for SBML

and it is a semantically richer language compared to CellML [97, 140].

BioPAX

BioPAX (Biological Pathway Exchange) is an ontology, a formal systems of describing knowl-

edge that structures biological pathway data making it more easily processed by computer

software [35]. It describes the biological semantics of metabolic, signaling, molecular, gene-

regulatory, and genetic interaction networks [35]. Whereas SBML and CellML focus on

quantitative modelling and dynamic simulation, BioPAX concentrates primarily on quanti-

tative processes and visualization [35, 17].

BioPAX contains one superclass, Entity. Within the Entity superclass, there are two

main classes: PhysicalEntity and Interaction. PhysicalEntity describes molecules, including

proteins, complexes, and DNA, while the Interaction class defines reactions and relationships

between instances of the PhysicalEntity class. Interactions can be either Control or Conver-

sion, both of which are divided into several more detailed subclasses [35, 17]. Like SBML,

BioPAX is released level-wise with level 1 describing interactions, level 2 supporting signaling

pathways and molecular interactions, and level 3 enabling the description of gene-regulatory

networks and genetic interactions.

5.2.2 Annotation

As models grow more numerous and complex, there is an increasing need for a standardized

encoding format to search, compare, and integrate them. While standards such as SBML
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and CellML provide information on the mathematical structure of a model, there is no

information as to what variables and mathematical expressions represent. Simple textual

descriptions of these representations are subject to errors and ambiguity and require text-

mining for computational interpretation [28]. Standardized metadata annotations address

these issues by capturing the biological meaning of a model’s components and describing

its simulation, provenance, and layout information for visualization. The use of annotations

improves model interoperability, reusability, comparability and comprehension [56]. An-

notations are enabled by systems biology specific ontologies [172] which define a common

vocabulary and set of rules to unambiguously represent information [112].

To avoid accounting for a variety of annotation formats and approaches, standard an-

notation protocols are necessary [56]. However, despite the numerous standards and tools,

annotation remains a challenge. For example, the ChEBI database [64] has approximately

1,000 annotations for glucose. While more than one entry for each annotation can serve

a purpose (some users may prefer to be more abstract in their annotations), this adds to

the challenge of defining the purpose of a model and, therefore its credibility. Additionally,

annotations can be obsolete, inappropriate or incorrect, or provide insufficient information.

Evaluating the quality of annotations would be essential in any credibility assessment for

systems biology models. Some tools already exist for this purpose, such as SBMate [138], a

python package that automatically assesses coverage, consistency, and specificity of semantic

annotations in systems biology models.

MIRIAM

MIRIAM (Minimum Information Requested in the Annotation of Biochemical Models) [111]

was developed to encourage the standardized annotation of computational models by provid-

ing guidelines for annotation. The MIRIAM guidelines suggest that model metadata clearly

references the relation documentation (e.g. a journal article), that the documentation and

encoded model have a high degree of correspondence, and that the model be encoded in a

94



machine-readable format (such as SBML or CellML). Annotations should also include the

name of the model, the citation for its corresponding journal article, the contact information

of the creators and date of creation, as well as a statement about the terms of distribution.

Additionally, models should have accurate annotations that unambiguously links model com-

ponents to corresponding structures in existing open access bioinformatics resources. The

referenced information should be described using a triplet, data collection, collection-specific

identifier, optional qualifier and expressed as a Uniform Resource Identifier (URI), a unique

sequence of characters that identifies a resource used by web technologies [11]. The optional

qualifier field is used to describe relationships between the model constituents and the piece

of knowledge with language such as “has a”, “is a version of”, “is homologous to”, etc.

Systems Biology Ontology (SBO)

SBO (Systems Biology Ontology) describes entities used in computational modeling [77, 28].

It defines a set of interrelated concepts used to specify the types of components specified

in a model and their relationships to one another. Annotation with SBO terms allows for

unambiguous and explicit understanding of the meaning of model components and enables

mapping between elements of different models encoded in different formats [28]. Both SBML

and CellML support annotation with SBO terms. SBML elements contain an optional

sboTerm attribute [28, 74, 172].

OMEX

In order to harmonize the metadata annotations across models encoded in various formats,

Gennari et al., with the consensus of the COMBINE (Computational Modeling in Biology

Network) community, developed a specification for encoding annotations in Open Modeling

Exchange (OMEX)-formatted archives. The specification describes standards for model

component annotations as well as for annotation at the model-level, and archive-level [56].

The specification describes annotation best practices and addresses annotation issues such
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as composite annotations, annotating tabular data and physical units, as well as provides a

list of ontologies relevant to systems biology. Implementation of these specifications is aided

by LibOMexMeta, a software library supporting reading, writing, and editing of model

annotations. It uses Resource Description Framework [34] (RDF), an XML-based standard

format for data exchange on the web, for representing annotations. It also makes use of

several standard knowledge resources describing biology and biological processes such as

ChEBI [64], a dictionary of small chemical compounds, and UniProt [4], a database of

protein sequence and functional information.

Annotation in CellML and SBML

Both CellML and SBML have their own annotation protocols based on RDF [172]. The

CellML language uses its own ontology for model annotation, a necessity due to the flexi-

bility of the language [8]. The CellML Metadata Specification was developed parallel to the

CellML language [172]. CellMLBiophysical/OWL ontology is composed of two categories:

physical and biological [172]. The physical ontology describes physical quantitative informa-

tion and concepts captured in the model’s mathematical expressions. It is subdivided into

processes, such as enzyme kinetics, ionic current, and rate constants, and physical entities,

such as area, concentration, volume, and stoichiometry. The biological ontology provides

description for processes, entities, the role of an entity in relation to a process, and the

specific location of the entity in a biological system. Bioprocesses are divided into three

subclasses: biochemical reactions, transport, and complex assembly. Biological entities in-

clude proteins, small molecules, and complexes. The biological roles subclass is composed of

modifiers, reactants, and products.

SBML also facilitates MIRIAM compliant annotation using RDF) [149, 34]. Annotations

use

BioModels.net [108] qualifier elements embedded in XML form of RDF [73]. Each annotation

is a single RDF triple consisting of the model component to annotate (subject), the relation-
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ship between the model component and the annotation term (predicate), and a term which

describes the meaning of the component (object). These terms come from defined ontologies,

such as SBO [77]. RDF annotation is supported by the software libraries libSBML [16] and

JSBML [125].

5.2.3 Simulation and Parameter Estimation

Information about a model alone is insufficient to enable efficient reuse. A variety of advanced

numerical algorithms and complex modeling workflows make the reproduction of simulations

challenging. Many modelers reproduce simulations by reading the simulation description

in the corresponding publication [163]. This is time consuming and error prone and the

published description of a simulation is often incomplete or incorrect. For these reasons, it

is essential to define and include information necessary to perform all simulations.

MIASE

Guidelines for the Minimum Information About a Simulation Experiment (MIASE) were in-

troduced to specify what information should be provided in order to correctly reproduce and

interpret a simulation [163]. MIASE is a set of rules that fall into three categories: informa-

tion about the model used in the simulation experiment must be listed in a way that enables

reproduction of the experiment; all information necessary to run any step of the experiment

must be provided; all information needed to post-process data and compare results must

be included. Along with MIRIAM [111] guidelines, MIASE compliance guarantees that the

simulation experiment is true to the intention of the original authors and is reproducible.

KiSAO

KiSAO (Kinetic Simulation Algorithm Ontology) is an ontology used to describe and struc-

ture existing simulation algorithms [174, 28]. It consists of three main branches, each with

several subbranches. The first branch is Kinetic simulation algorithm characteristics, such
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as the type of system behavior or type of solution. The second in the kinetic simulation

algorithm such as Gillespie or accelerated stochastic simulation. The third branch is ki-

netic simulation algorithm parameters which describe error and granularity, among other

characteristics.

SED-ML

Simulation Experiment Description Markup Language (SED-ML) is software independent,

XML-based format for encoding descriptions of simulation experiments and results [10, 142].

To help modelers comply with MIASE rules, SED-ML describes the details of simulation

procedures, including what datasets and models to use, which modifications to apply to

models, which simulations to run on each model, how to post-process data, report, and

present results can all be encoded [163]. Each algorithm mentioned in a SED-ML file must

be identified by a KiSAO term [28]. PhraSED-ML was developed to enable modelers to

encode human readable SED-ML elements without the use of specialized software [25].

PEtab

Parameter estimation is common in modeling and simulation, which often requires running

multiple simulations to scan the suitability of several parameter sets. Although many param-

eter estimation toolboxes exist, they each use their own input formats. The lack of a stan-

dardized format makes it difficult to switch between tools, hindering reproducibility [130].

PEtab is a parameter estimation problem definition format consisting of several files contain-

ing information necessary for parameter estimation, including the model (in SBML format),

experimental conditions, observables, measurements, parameters, and optional visualization

files [130]. A final PEtab problem file links all other files to form a single, reusable, parame-

ter estimation problem. Following the success of PEtab, parameter estimation functionality

was added to SED-ML [142].
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5.2.4 Dissemination

Model reproducibility best practices describe dissemination as an essential part of repro-

ducibility [122]. Sharing all model artifacts and documentation on open-source repositories

allows independent researchers to reproduce, reuse, and understand the model. Several

guidelines and archive formats have been developed to ensure that all relevant information

necessary to reproduce a modeling result is easily accessible to the public.

MIRIAM Curation Guidelines

In addition to annotation guidelines, MIRIAM also provides guidelines for model curation,

the process of collecting and verifying models. The aim of MIRIAM guidelines is the en-

sure that model is properly associated with a reference description (e.g. a journal article)

and that it is consistent with that reference description, meaning that it reflects the bio-

logical process listed in the reference description. The model must be encoded in a public,

machine-readable format such as SBML or CellML and comply with the associated encoding

standard. The encoded model must be simulatable, including quantitative values for initial

conditions, parameters, and kinetic expressions, and must reproduce relevant results when

simulated [111].

FAIR

More recently, the FAIR guidelines were published to improve the ability of computers to

Find, Access Interoperate, and Reuse models [171] with minimal human interaction. FAIR

defines characteristics that data resources should possess to assist with discovery and reuse

by third-parties. Unlike most data management and archival guidelines, FAIR is a set of

high-level, domain-independent guidelines that can be applied to a variety of digital assets.

Each element of the FAIR principle is independent.

For a model to be “findable,” it should be easy to find for both humans and computers.
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This requires describing and annotating data and metadata with unique identifiers that are

registered or indexed in a searchable resource. Once the user finds the relevant model, it

should be accessible: data and metadata should be retrievable by their identifiers using

standard communications protocol. Metadata should remain accessible even when data are

no longer available. Interoperability refers to the integration with other data and the ability

to operate with various applications and workflows. This is enabled by the use of broadly

applicable languages for model representation and annotation. As the ultimate goal of FAIR

is to enable the reuse of data, the guidelines dictate that data and metadata should be

associated with detailed provenance, meet domain-specific community standards (such as

COMBINE archive format described below), and released with clear and accessible data

usage license.

COMBINE Archives

COMBINE (COmputational Modelling in BIology NEtwork) is a formal entity that coor-

dinates standards in systems biology. To assist in this coordination, a MIRIAM compliant

system for sharing groups of documents regarding a model was developed called the COM-

BINE Archive [131]. The archive is encoded in OMEX (Open Modeling Exchange format)

and the archive itself is a “ZIP” file. A COMBINE archive could contain files in several dif-

ferent standard formats including SBML, SBOL, and SED-ML among others. Additionally,

every COMBINE Archive contains at least one file titled manifest.xml that contains a list

of all the files comprising the archive and describing their locations. An archive also may

contain a metadata file, ideally conforming to MIRIAM and MIASE guidelines. The inclu-

sion of all necessary protocols and data needed to implement a model enables distribution

of models via a single file encouraging reuse and improving reproducibility [9].
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5.3 Credibility Guidelines in Systems Biology

Although no standard for model credibility in systems biology exists, there are general guide-

lines aimed at improving the trustworthiness of models developed by the Committee on Cred-

ible Practice of Modeling and Simulation in Healthcare, a group formed by the U.S. National

Institutes of Health [45]. The purpose of these guidelines is to encourage the credible use

of modeling and simulation in healthcare and translational research. These guidelines are

qualitative and share many components with best practices for reproducibility. The term

“credible” was defined as “dependable, with a desired certainty level to guide research or sup-

port decision-making within a prescribed application domain and intended use; establishing

reproducibility and accountability.” These guidelines are qualitative and intended to cover a

variety of modeling approaches and applications within the biomedical context (figure 5.1).

The credibility of a model should be evaluated within the model’s context of use [45].

To this end, the guidelines recommend using contextually appropriate data and evaluating

the model (performing verification, validation, uncertainty quantification and sensitivity

analysis) with respect to the context in which the model will be used. Any limitations

should be listed explicitly.

Borrowing from software engineering best practices, the guidelines also recommend the

use of version control to track model and simulation development as well as extensive docu-

mentation of simulation code, model mark-up, scope and intended use. Models should also

include guides for developers and users and conform to domain-specific standards [45].

Different simulation strategies should tested to ensure that the results and conclusions

are similar across various tools and methods. All modeling components such as software,

models, and results should be reviewed by third party users and developers and disseminated

widely.
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Figure 5.1: The Committee on Credible Practice of Modeling and Simulation in Healthcare
10 rules of model credibility.

5.4 Qualitative Credibility Assessment in Other

Modeling Fields

NASA and the FDA also have a keen interest in producing well-documented and credible

models for the purpose of making critical decisions. However, modeling and simulation tasks

in these institutions are far broader compared to systems biology. NASA models range

from the analysis of individual parts to orbits and spacecraft while models submitted to the

FDA include medical devices and pharmacokinetics. Due to the wide variety of modeling

tasks relevant to NASA and the FDA, credibility guidelines in these institutions are general,

largely qualitative, and do not prescribe specific tests.
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5.4.1 NASA Credibility Assessment Scale

After the loss of the Columbia Space Shuttle and its seven crew members in 2003, NASA

significantly increased its focus on quantitative and credible models. The misuse of an

existing model and the reliance on engineers’ judgment led to the false conclusion that shuttle

reentry would not be affected by a small hole in the heat shield caused by a debris strike

during takeoff [15, 70]. The lack of quantifiable uncertainty and risk analysis in the report

to management ultimately led to the shuttle’s disintegration [105]. Since then, NASA has

developed extensive modeling and simulation standards including the Credibility Assessment

Scale [6] (CAS) (figure 5.2).

Each model credibility standard described here emphasizes assessments be made within

a specific context of use, the specific role and scope of the model and the specific question of

interest that the model is intended to help answer [1]. The judgment error that ultimately led

to the Columbia Space Shuttle disaster was partially due to the use of a modeling software

far outside the intended context of use, leading to incorrect predictions and over-reliance on

engineer’s judgment [15]. In addition to specifying the scope and question of interest, the

context of us should also describe how model outputs will be used to answer the question of

interest and whether other information, such as bench-testing, will be used in conjunction

with the model to answer the question of interest [1]. The standards described here, from

various institutions such as NASA and the FDA, all specify that credibility is to be evaluated

within a specific context of use.
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Figure 5.2: Categories of the NASA Credibility Assessment Scale (CAS)

NASA’s CAS is intended to help a decision-maker evaluate the credibility of specific

modeling and simulation results and to identify aspects of the results that most influence

credibility [14, 15]. The credibility assessment process can be viewed as a two part process:

first the modeler conveys an assessment of the results, then a decision maker infers the

credibility of these results. The CAS standard consists of eight factors grouped into three

categories [6]: development, operations, and management. Each of the eight factors is scored

on a scale of 0-4 with guidelines for each numeric score. These factors were selected as they

were considered to be the most essential, sufficiently independent of one another, and could

be objectively assessed. While the primary concern is the score for each individual factor,

the secondary concern is the score of the overall model, which is the minimum score of the

eight subfactors.

The model and simulation (M&S) development category consists of subsections verifica-

tion and validation [6]. Scoring in these subcategories assess the correctness of the model

implementation, the numerical error and uncertainty, and the extent to which the M&S re-

sult matches reference data. If numerical errors for important features are “small” and if

results agree with real-world data, the highest score of 4 is awarded for these factors.

The second category, M&S operations, consists of three factors: input pedigree, results

uncertainty, and result robustness [6]. Input pedigree describes the level of trust in the
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input data, where input data that accurately reflects real-world data receiving the highest

score. The results uncertainty category earns the highest score if non-deterministic numerical

analysis is performed. Result robustness high scores are achieved by including sensitivity

analysis for most parameters and identifying key sensitivities.

Model and simulation management, the third category, is less technical, containing the

factors use history, M&S management, and people qualification [6]. Use history scores the

highest score if the model has previously been used successfully and meets de facto standards.

For example, a model used for finite element analysis (FEA) would be required to meet

FEA standards and codes for the type of object being modeled. M&S management refers

to the maintenance and improvement of the model with continual process improvement

receiving the highest score of 4. The people qualification category assesses the experience

and qualifications of those constructing, maintaining, and using the model where personnel

with extensive experience with the model and best practices scoring the highest.

Although these categories were chosen, in part, due to their ability to be objectively

assessed, there is still a significant subjective component of the scoring process. It is ac-

knowledged that different decision makers may assign different degrees of credibility to the

same model and different decisions may require different levels of credibility. The CAS

serves as a template to assess and clearly communicate risks to decision-makers. Addition-

ally, it can be useful in measuring model development progress or in identifying areas where

improvement is most needed [15].

5.4.2 Credibility Standards for Medical Models

In addition to systems biology, computational models are also becoming essential tools in

biomedical applications such as drug discovery [22], pharmacokinetics [88], and medical de-

vices [89]. Credibility is essential in biomedical modeling, particularly in cases where models

influence patient treatment or regulatory approval of a device or drug. Both the FDA and

the European Medicines Agency have developed standards guiding model credibility for the
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purposes of regulatory approval. As with NASA, these guidelines are broad and qualitative

due to the broad scope of biomedical modeling. Before the FDA began formalizing guidelines

for model credibility, the American Society of Mechanical Engineers (ASME) issued Verifi-

cation and Validation (V&V) 40 for assessing credibility of computational models in medical

device applications [159]. However, this standard assumes the ability to perform traditional

validation activities such as comparing model predictions to well-controlled validation ex-

periments [1], a task which can be unfeasible with some biomedical models. Many models

used in regulatory submissions are supported by many sources of evidence beyond traditional

validation experiments including clinical trials and population-level validation. Recognizing

this fact, FDA modeling credibility guidelines expand on ASME V&V 40 concepts to provide

a more general framework for assessing a wider variety of models.

ASME V&V 40

The ASME developed the V&V 40 standard in 2012 as a means of describing verification and

validation activities in the modeling and simulation of medical devices [159]. Like the NASA

CAS, V&V 40 focuses on context of use, model risk, and the establishment of credibility

goals prior to any credibility assessment. The context of use addresses the specific role of

the model in addressing the question of interest. Model risk is then assessed based on the

possibility that the model may lead to incorrect conclusions resulting in adverse outcomes.

After the establishment of credibility goals, verification and validation take place.

Of particular relevance to modeling in systems biology are the descriptions of code and

calculation verification found in V&V 40. Verification seeks to determine if the model is

built correctly. More specifically, code verification aims to identify any errors in the source

code and numerical algorithms. This can be done by comparing output from a model to

benchmark problems with known solutions [159]. Calculation verification estimates the error

in the output of a model due to numerical methods. Output errors can include discretization

errors, rounding errors, numerical solver errors, or user errors. Calculation verification is
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complete when it is demonstrated that errors in the numerical solution are minimized to the

point that they are not corrupting the numerical results [159].

Validation assesses how well the computational model represents reality. Validation ac-

tivities might include comparing the model’s behavior to the biological features of the real

phenomenon by comparing results to in vitro/in vivo benchmark experiments. Validation

also includes uncertainty quantification and sensitivity analysis. Uncertainty quantification

refers to the estimation of how stochastic error in the input propagates into the model’s

output. Sensitivity analysis is a post-hoc examination of the results of the uncertainty quan-

tification to evaluate which elements most influence output variability [159].

Unlike the NASA CAS, V&V 40 does not describe the quality of evidence needed to prove

a model credible and lacks an objective scoring system necessary for implementing “cut-offs”

of credible versus non-credible models, or for comparing the credibility of multiple models.

FDA Guidance on Computational Model Credibility in Medical Devices

Based on the V&V 40 standard, the FDA released guidance on assessing credibility for

models of medical devices [1]. This guidance expands V&V 40 to include other forms of

credibility evidence beyond traditional verification and validation exercises. Applicable to

physics-based, mechanistic, or other first-principles-based models of medical devices, these

guidelines consist of ten categories broadly divided into code verification, calculation verifica-

tion, and validation. The code verification category is taken directly from V&V 40 described

previously.

The calculation verification guideline extends the V&V 40 by detailing several methods

to verify that the model produces the intended output. For example, the model results can

be compared with the same data used to calibrate the model parameters. Broader evidence

in support of the model, but perhaps without a specific context of use are also acceptable.

A model can also be verified using in vitro or in vivo experiments either within the context

of use, or within conditions supporting a different context of use. These techniques can also
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be used for validation evidence.

Validation assesses the model’s ability to reproduce real-world behavior. In addition to

the methods described for calculation verification, validation can also include population-

based evidence, statistical comparisons of model predictions to population-level data such as

the results of a clinical trial. Credibility is also supported by emergent model behavior, the

ability of a model to reproduce real-world phenomena that were not pre-specified or explicitly

modeled, as well as general model plausibility, that model assumptions, input parameters,

and other characteristics are deemed reasonable based on scientific knowledge of the system

modeled.

Unlike the NASA Credibility Assessment Scale, these FDA guidelines are sets of non-

binding recommendations. Additionally, no scoring or suggested quality measures of FDA

credibility factors are included making quantitative analysis of credibility impossible.

EMA Guidelines for PBPK Models

Of particular relevance for the field of systems biology is The European Medicines Agency’s

(EMA) Guideline on the Reporting of Physiologically Based Pharmacokinetic (PBPK) Mod-

eling and Simulation issued in 2018 [160, 136] . PBPK models are mathematical models that

simulate the concentration of a drug over time in tissues and blood. With the rise in reg-

ulatory submissions that include PBPK models that rely on specialized software programs,

this guideline provides detailed advice on what to include in a PBPK modeling report.

The standard dictates the necessary information to describe and justify model param-

eters. Like the FDA standard, modelers are required to submit any assumptions made

when assigning parameters and to document the sources of any literature-based parameters.

Additionally, modelers must perform a sensitivity analysis for parameters that are key to

the model (those that significantly influence the outcome) and list any parameters that are

uncertain.

The submission must include the simulation results as well as the files used to generate
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the final simulations in both tabular and executable format. This requirement is shared

with reproducibility standards already in place for systems biology in the COMBINE Archive

standard as well as described in systems biology modeling reproducibility best practices [122].

The predictive performance of the model must also be evaluated. That is, its ability

to recapitulate observed pharmacokinetics. This requirement is also mentioned in the FDA

guidelines.

Lastly, the guideline requires a discussion of uncertainty and confidence in the model.

Although described more qualitatively in the EMA standard, this requirement is shared

by NASA’s CAS, V&V 40, FDA credibility guidelines, and best practices for reproducible

modeling in systems biology [122].

5.4.3 Current Tools for Systems Biology Model Testing

Although there is no credibility standard in systems biology modeling, some tools provide

automated model testing. Although these tools were not developed explicitly to assess

credibility, many of the factors they test for could be considered aspects of credibility. Future

model credibility assessments could aspire to the level of quantification and automation these

tools offer.

MEMOTE

MEMOTE (MEtabolic MOdel TEsts) is an open-source Python software that automatically

tests and scores genome-scale metabolic models [90]. MEMOTE offers a web interface and

command line interface where SBML files can be uploaded and analyzed, and ultimately

scored. The tests check that a model is annotated according to the MIRIAM standard, that

components are described using SBO terms, and that the model is properly constructed

using the relevant SBML package, SBML-FBC [90, 115]. Basic tests check for the presence

of relevant components, charge information, and metabolite formulas. Biomass tests check

that biomass precursors are produced and that the growth rate is non-zero. Stoichiometry
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tests test for inconsistency, erroneously produced energy metabolites, and reactions that are

permanently blocked. A numeric score is output after testing indicating the extent to which

a model conforms to these standards.

MEMOTE is designed to assess genome-scale metabolic models and largely includes

tests that are specific to this model subset. Although a high MEMOTE score is likely to

be indicative of model quality and reproducibility, it is not an assessment of credibility. A

credible model will likely have a good MEMOTE score, but a good MEMOTE score does

not necessarily indicate a credible model. However, the quantitative and automated nature

of MEMOTE allows for quickly gauging model quality, comparing models, and the iterative

improvement of metabolic models.

FROG Analysis

Similar to MEMOTE, the COMBINE community has recently developed FROG analysis,

an ensemble of analyses for constraint-based models to generate standardized numerically

reproducible reference datasets [87]. Results from constraint-based models are often com-

municated as flux values and there are often multiple solutions for a single model. As such,

results cannot be used to gauge reproducibility. The COMBINE community outlined a list of

outputs and results of flux balance analysis that are numerically reproducible and can be used

for curation, known as FROG reports. FROG reports can be used in the BioModels [60, 98]

curation process to assess reproducibility.

FROG analysis consists of Flux variability analysis, Reaction deletion, Objective func-

tion values, and Gene deletion fluxes. Flux variability analysis tests that the maximum and

minimum fluxes are reproducible using different software tools. The objective function value

for a defined set of bounds should be reproducible. The systematic deletion of all reactions

or all genes, one at a time, should provide comparable reference results. Currently four

tools support the generation of FROG reports. Web-based tools include fbc curation [87],

CBMPy MOdel Curator [113] (both of which are also available as command line tools), and
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FLUXER [62]. fbc curation matlab is a command-line tool and exports results in COMBINE

archive format [124].

Unlike MEMOTE, FROG analysis produces a report in lieu of a single numerical score.

5.5 Discussion

When standards are established, tests can be established to assess the extent to which

a model conforms to that standard. With the development of standardized quantitative

metrics (as opposed to qualitative guidelines such as those discussed previously), models can

be constructed to meet minimum quality requirements lending credibility to those models

and allowing for easy comparison across models [78].

The difficulty in developing these quantitative metrics is that the characteristics of an

ideal bio-model must be known and expressed concisely. Existing standards in systems

biology seek to address the first point by outlining what information is necessary to com-

pletely define and reproduce a model as well as the format in which that information is

to be presented. However, a model could meet all existing standards and not be credible.

For example, a model could be fully defined in SBML with extensive annotations, be repro-

ducible, properly formatted for dissemination with SED-ML files describing all simulations.

Despite meeting these standards, this hypothetical model could produce negative concentra-

tions when simulating, clearly indicating that the model is not credible. Additional metrics

and standards must be established to adequately assess credibility. These metrics might

include the relative concentration of floating species or the shape of response curves.

Hellerstein et al. note that several issues in biomedical modeling are analogous to prob-

lems faced in software development and propose that software development best practices

might be translated to improve modeling in systems biology [66]. Of particular interest is

software testing, which can be considered a form of credibility assessment. These tests aim

to ensure the correctness, reliability, and availability of software, all characteristics that are
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also essential in systems biology model credibility.

Software tests can be divided into two categories, which may also be applicable in systems

biology modeling: (i) black-box testing and (ii) white-box testing. Black-box software testing

assesses the behavior of the code and does not deal with implementation. For systems

biology model credibility assessment, black-box credibility indicators might be that the model

accurately predicts observed data. White-box testing evaluates the internal workings of a

software project or model. The absence of errors, such as undefined parameters, typos, or

unused species, might serve as white-box credibility indicators.

5.6 Conclusion

Although many reproducibility standards are in use to simplify assessing reproducibility,

there are no standards and scoring systems for model credibility in systems biology. Unlike

institutions such as NASA and the FDA, which deal with models spanning a broad scope

of applications and scales, systems biology is focused on the modeling of cellular processes.

This narrow scope, combined with the variety of standards already in use, makes systems

biology models well-suited for a credibility standard.

A quantitative credibility scoring system would be particularly useful and enable com-

paring the credibility of different models and guide the development of more credible models.

Credibility metrics could be published alongside models to indicate the trustworthiness of

results and allow users to make informed decisions about reusing models.

Systems such as MEMOTE demonstrate that model standards and model quality in-

dicators can be automatically quantitatively scored enabling iterative improvement during

the development phase. More challenging is further developing standards to express charac-

teristics, both quantitative and qualitative, that make a model credible. Current modeling

standards in other scientific fields emphasize assessing credibility in the model’s context of

use. This poses a challenge for automating credibility assessment in systems biology model-

112



ing as more or less rigor may be required to achieve a sufficiently credible model depending

on the intended use of the model. It may prove useful to develop a manual, semi-quantitative

scoring systems, such as NASA’s Credibility Assessment Scale prior to attempting to im-

plement a fully quantitative and perhaps automated credibility scoring system for systems

biology models.
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Chapter 6

Summary

The primary goal of this research was to develop a novel algorithm for evolving mass-action

networks, package the algorithm in a user-friendly software tool, and explore what aspects

of the algorithm drove its success. This work was influenced by earlier work, described in

chapter 3, which involved software to evolve oscillating mass-action networks. The software

had a low success rate and poor computational performance. The software, ReactionNet-

workEvolution.jl, described in chapter 4 addresses these issues and increases the success rate

10 fold.

In chapter 4, the novel evolutionary algorithm is probed to understand what aspect of it

drive evolutionary success. Various parameters and slight algorithm adjustments were trialed

and the rates of evolutionary success (trials that produced oscillators) were compared. It

was found that speciation most effects the success rate by encouraging population diversity

and protecting innovations. Elite selection was also essential for evolutionary success. Unlike

previous works in other domains, crossover was found to be detrimental to the algorithm’s

success. Based on what was learned during these experiments, the algorithm was optimized

resulting in an evolutionary success rate of 51.9%.
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Appendix A

The ReactionNetworkEvolution.jl

Software

A.1 Introduction

The purpose of this chapter is to briefly describe the logistics of acquiring, using, and cus-

tomizing the ReactionNetworkEvolution.jl software. It describes how to use the package to

generate oscillators, match time series data, and fit parameters for a network with fixed

topology. This documentation may become obsolete as the ReactionNetworkEvolution.jl

is updated and improved. For the most recent documentation, see https://github.com/

ltatka/ReactionNetworkEvolution.jl.git.

A.2 Download and Quick Start

ReactionNetworkEvolution.jl is currently available as a github repository or a julia package.

The package requires the julia programming language, version 1.9.0, which can be down-

loaded with directions from the julia website, https://julialang.org/downloads/. The

package was designed to run on both linux and windows machines.
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To use ReactionNetworkEvolution.jl as a script, it is best to clone the github repository

in order to be certain of it’s location.

In a terminal, clone the github repository, located at https://github.com/ltatka/

ReactionNetworkEvolution.jl.git and navigate to the newly created ReactionNetworkEvo-

lution.jl directory.

git clone https://github.com/ltatka/ReactionNetworkEvolution.jl.git

cd ReactionNetworkEvolution.jl

In the ReactionNetworkEvolution.jl, there is a script titled, run evolution.jl. This script

can be run from any terminal. Upon execution, the script will instantiate all dependen-

cies. A JSON file containing all default settings, settings.json, is also available in the Reac-

tionNetworkEvolution.jl directory. This file can be modified to adjust settings and will be

automatically read by the run evolution.jl script.

ReactionNetworkEvolution.jl supports several command line arguments for the most fre-

quently changed settings. These include the number of trials, generations, and population

size as well as paths to additional settings and an output directory and random seed (table

A.1). For example, a user can change the number of generations on the command line as

follows:

julia run_evolution.jl --ngenerations=1600

ReactionNetworkEvolution.jl can also be downloaded as a julia package. The advantages

of this method is that ReactionNetworkEvolution.jl is accessible from any working direc-

tory. The disadvantage is that the package is installed in the julia packages directory. This

directory can be difficult to locate making the run evolution.jl script less accessible.

When downloading ReactionNetworkEvolution.jl as a package, it can be imported and its

functions used in a julia programming environment. The “Pkg.add” command only needs to
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be performed once to download the package. After it is added to the local package repository,

it can be called with “using” or “import.”

julia # activate the julia interpreter

using Pkg

Pkg.add("ReactionNetworkEvolution")

# To run a trial of evolution using the default settings:

import ReactionNetworkEvolution as rne

rne.run_evolution()

When using the run evolution function, the command line arguments described previously

can be supplied as optional keyword arguments.

rne.run_evolution(ngenerations=1200)

By default, ReactionNetworkEvolution.jl prints its progress in the terminal as well as

what settings directory and output directories are used. An example of the output is shown

below. The compilation time and evolution time are also returned. Timing data omits any

post-processing steps.

Starting 2024-06-03 12:52:53

Writing output to /home/outputpath/evolution_output

Using default settings

Beginning 5 trials with 50 generations each

..... trial 5

21.693363 seconds

Output written to /home/evolution_output/batch_2024-06-03_125253sNA

Done
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Table A.1: Command line flag arguments. Flag arguments take precedence over customiza-
tions in a JSON file.
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A.3 Further Customization

Beyond the basic customizations available with command line arguments, there are many

settings options that can be adjusted with a JSON file. The JSON file is written as a

dictionary, with the name of the setting as the key. The user then supplies the path to the

JSON settings file as a command line argument. Settings can be specified in any order. Any

settings that are not specified will be set to the default value. All settings and their default

values are described in table A.2.

# Example customization file

{"populationsize": 200,

"p_crossover": 0.25,

"ngenerations": 1600}

# Supplying the custom settings JSON file

julia --project=. run_evolution.jl --pathtosettings="/path/settings.json"

A.4 Fit Arbitrary Timeseries Data

As described in section 4.3.9, ReactionNetworkEvolution.jl can be used to generate models

to match input timeseries data. ReactionNetworkEvolution.jl can take any timeseries data

in the form of a csv file with the leftmost column being time. Supply the path to the

timeseries data to the “objective data path” setting in a JSON file. Either modify the

included settings.json file or create a new settings file and supply it with the “pathtosettings”

command line argument.

120



Table A.2: Evolutionary algorithm settings and default values.
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A.5 Parameter Fitting

ReactionNetworkEvolution.jl can also be used to fit parameters (rate constants) for a net-

work with fixed topology. Supply the path to the antimony file containing the network to the

“seed network path” setting and specify “use seed network” as true. To avoid modifying re-

actions, set “p rateconstant mutation” to 1. In order to take advantage of speciation despite

having a population of topologically identical networks, set “rateconstant distance weight”

to 1 or any positive nonzero number. Parameter fitting with fixed topology may be a case

where crossover proves useful. It may help to set “p crossover” to 0.25 or another positive

number between 0 and 1.

# Example json file for parameter fitting with fixed topology

{"use_seed_network": true,

"seed_network_path": "/path/seednetwork.ant",

"p_rateconstant_mutation": 1,

"rateconstant_distance_weight": 1}

A.6 Post-Processing

By default, ReactionNetworkEvolution.jl will write out all final models and a JSON file

with the top fitness for each generation. For oscillators, final models can automatically be

assessed by setting the “process output” setting to true. When evolution is complete, each

final model will be evaluated and network files and their associated fitness JSON files will

be sorted into a directory labeled either “SUCCESS” or “FAIL.”

The package also includes a python package with some post-processing utilities. In

some cases, it appears that the python functions more accurately sort oscillators and non-

oscillators.
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To use the python utilities package, the working directory must be ReactionNetworkEvo-

lution.jl. The location of this directory can be specified by downloading the package using

git as opposed to the “Pkg.add” function.

# To import the python utilities package

import utilities as util

A.6.1 Python Utilities Sub-Package

The package includes an additional python file to aid in post-processing and visualizing

the resulting networks. The file, utilities.py, is located in the parent directory, Reaction-

NetworkEvolution.jl. The key functions in the python utilities “sub-package” are described

here.

evaluate oscillators(path: str)

Given a directory of antimony files, this function simulates each network and labels the file

as “success” if it is an oscillator, otherwise “fail.” This function appears to be more accurate

than the julia equivalent function for reasons unknown.

Parameter Path: (str) Path to a directory of antimony models

Returns (int, int) The number of oscillators found and the total number of models evaluated

evaluate fitness cutoff(path: str, cutoff: float)

Similar to the evaluate oscillators function, this function sorts through a directory of anti-

mony models and labels them “success” if the fitness is above the input threshold, otherwise

they are labeled “fail.” It seems that 0.01 is a good cutoff to distinguish between oscillators

and non-oscillators with few false negatives or false positives.

Parameter path: (str) Path to a directory of antimony models
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Parameter cutoff: (float) Fitness cutoff value (0.01 recommended)

Returns (int, int) The number of oscillators found and the total number of models evaluated

sort by fitness(path: str)

Given a directory of antimony files, sort them by fitness (best to worst) and relabel the files

accordingly.

Parameter path: (str) Path to a directory of antimony models

Returns None

plot timeseries(input, start=0, end=1, numpoints=200, savepath=None)

Plot the timeseries data for either a single or multiple network models. If multiple, plots

will appear as an array of subplots.

Parameter input: any of

� (str) path to a directory containing antimony files

� list(str) or list(RoadRunner): a list of antimony strings or RoadRunner models

� (str) or (RoadRunner): a single antimony string or RoadRunner model

Optional Parameters

� start (float): start time for simulation

� end (float): end time for simulation

� numpoints (int): the number of time points for simulation

� savepath (str): path to save the plot

Returns None
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plot fitness(path: str, limit: int=None, savepath: str=None)

Plot the top fitness value for each generation for each network model

Parameter input (str) path to directory containing JSON files of fitness values

Optional Parameters

� limit (int): the maximum number of fitness trajectories to plot

� savepath (str): path to save the plot

Returns None

prune models(path: str)

Many models contain extraneous reactions that are not necessary for reaction. This function

takes a directory of antimony files and evaluates each network model to remove any extra

reactions by commenting them out.

Parameter path: (str) Path to a directory of antimony models

Returns (int, int): the total number of reactions removed and the total number of models

evaluated
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Jiménez, Vassily Hatzimanikatis, Wout van Helvoirt, Christopher S Henry, Henning

Hermjakob, Markus J Herrg̊ard, Ali Kaafarani, Hyun Uk Kim, Zachary King, Steffen

Klamt, Edda Klipp, Jasper J Koehorst, Matthias König, Meiyappan Lakshmanan,

Dong-Yup Lee, Sang Yup Lee, Sunjae Lee, Nathan E Lewis, Filipe Liu, Hongwu

Ma, Daniel Machado, Radhakrishnan Mahadevan, Paulo Maia, Adil Mardinoglu, Gre-

gory L Medlock, Jonathan M Monk, Jens Nielsen, Lars Keld Nielsen, Juan Nogales,

Intawat Nookaew, Bernhard O Palsson, Jason A Papin, Kiran R Patil, Mark Poolman,

Nathan D Price, Osbaldo Resendis-Antonio, Anne Richelle, Isabel Rocha, Benjamı́n J

Sánchez, Peter J Schaap, Rahuman S Malik Sheriff, Saeed Shoaie, Nikolaus Sonnen-

schein, Bas Teusink, Paulo Vilaça, Jon Olav Vik, Judith A H Wodke, Joana C Xavier,

Qianqian Yuan, Maksim Zakhartsev, and Cheng Zhang. MEMOTE for standardized

genome-scale metabolic model testing. Nat. Biotechnol., 38(3):272–276, March 2020.

[91] Chuang Liu, Yifang Ma, Jing Zhao, Ruth Nussinov, Yi-Cheng Zhang, Feixiong Cheng,

and Zi-Ke Zhang. Computational network biology: Data, models, and applications.

Physics Reports, 846:1–66, March 2020.

[92] Torkel E. Loman, Yingbo Ma, Vasily Ilin, Shashi Gowda, Niklas Korsbo, Nikhil Yewale,

Chris Rackauckas, and Samuel A. Isaacson. Catalyst: Fast and flexible modeling of

reaction networks. PLOS Computational Biology, 19(10):e1011530, October 2023.

[93] Alfred J. Lotka. Contribution to the theory of periodic reactions. The Journal of

Physical Chemistry, 14(3):271–274, March 1910.

[94] Alfred J. Lotka. Analytical note on certain rhythmic relations in organic systems. In

Proceedings of the National Academy of Sciences, volume 6, 1920.

[95] Alfred J. Lotka. Undamped oscillations derived from the law of mass action. Journal

of the American Chemical Society, 42(8):1595–1599, August 1920.

139



[96] Sean Luke. ECJ evolutionary computation library, 1998.

[97] Daniel Machado, Rafael S Costa, Miguel Rocha, Eugénio C Ferreira, Bruce Tidor, and

Isabel Rocha. Modeling formalisms in Systems Biology. AMB Express, 1:45, December

2011.

[98] Rahuman S Malik-Sheriff, Mihai Glont, Tung V N Nguyen, Krishna Tiwari, Matthew G

Roberts, Ashley Xavier, Manh T Vu, Jinghao Men, Matthieu Maire, Sarubini

Kananathan, Emma L Fairbanks, Johannes P Meyer, Chinmay Arankalle, Thawfeek M

Varusai, Vincent Knight-Schrijver, Lu Li, Corina Dueñas-Roca, Gaurhari Dass,
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smorgasbord of options to encode systems biology models: Table 1. Bioinformatics,

31(20):3383–3386, June 2015.

[126] Stefano Rossetti, Francesca Corlazzoli, Alex Gregorski, Nurul Hidayah A. Azmi, and

Nicoletta Sacchi. Identification of an estrogen-regulated circadian mechanism necessary

for breast acinar morphogenesis. Cell Cycle, 11(19):3691–3700, August 2012.

[127] Herbert Sauro. Network dynamics. Methods in Molecular Biology, 2009.

[128] Herbert Sauro. teUtils [software]. retrieved from https://github.com/sys-bio/teUtils,

2020.

[129] Herbert M. Sauro. Network Dynamics. Methods Mol Biol, 541:269, 2009.

[130] Leonard Schmiester, Yannik Schälte, Frank T. Bergmann, Tacio Camba, Erika Dud-
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