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Abstract 
 

Complexity underpins the very nature of known chemical interactions. In this paper, we offer a 

simulation-based model that mimics the behavior of a generic chemical reaction network. Using 

ideas from complex systems, we seed and evolve this reaction network with the view to study its 

dynamics and changing topology over time. Our simulation model allows for two sets of 

scenarios - the most minimal assumption of additive reactions between molecules only and the 

more complicated, more realistic assumption that allows for branching reactions to take place. 

Our results show behavior that we would expect – given a constant inflow of generic nutrients, 

after time eventually a steady-state system is realized. In the scenario where branching is 

permitted, the time to steady-state is delayed slightly due to the presence of apparent slower 

dynamics. This model can now be used to some of the basic assumptions of the model as well the 

effects of outside perturbation and other physical to the system or its environment. 

 
 
 
Introduction 
 
 
When a set of reactions share common components, this can inherently be described as a 

network. Looking at chemical reaction networks (CRN) in nature, the biochemistry of living  



 

 

organisms, the atmospheric processes of a planetary atmosphere and the gas-dust pathways in 

interstellar chemistry, these all have very different characteristics and topologies. Solé and 

Munteanu (2004, henceforth SM) studied the topology of CRNs in a variety of these regimes, 

focusing on the clustering coefficient, average shortest path, degree distribution, assortativity and 

modularity, and compared these to a randomly generated Erdos-Renyi (ER) graph (1953). Their 

results are shown in table 1 (taken directly from SM). Several things can be seen from the data in 

this table. One of the most interesting results is the similarity between the overall CRN topologies 

of the Earth’s atmosphere and the biochemical networks in E.-Coli bacteria. Both have a very 

similar network density, indicated by mean degree, 〈K〉, and averaged shortest path, 〈L〉, and are 

significantly sparser than all other networks. This is a strong indication of a coupling between the 

two CRNs (as suggested by Lovelock, 1988, 2003). Further comparisons shows that all CRN 

have small world characteristics, i.e. 〈L〉 ≈ 〈Lrand〉 and 〈C〉 >> 〈Crand〉, but the ratio of 〈C〉 / 〈Crand〉 is 

highest for the E. Coli network followed by Earths atmosphere. In all, these and other patterns in 

the data suggest that the topology of a CRN evolves over time, from dense highly connected 

graphs, more similar to an ER random graph in the interstellar medium and planetary atmosphere 

to sparser and more clustered networks with stronger small world characteristics in living 

organisms and Earths atmosphere. Second, the presence of life seems to play a crucial role in 



driving the CRN away from an equilibrium set of reactions and towards a more hierachical 

topology (SM). 

 

Much remains to be understood, however, in the evolution of reaction networks and metabolic 

networks. The patterns discussed above beckon some interesting questions. What is the driving 

force behind the change in topology; is it is simply the change in density and temperatures, and 

hence external? If this were the case it should be possible to develop an abstract, purely 

mathematical model to study the dynamics and evolution of such networks. If however, the 

appearance of new nodes with unexpected properties (for example as the result of the appearance 

of life) plays a crucial role, it might be unavoidable to add chemical reality into any such models. 

A somewhat deeper question then arises: Under what circumstances do new properties emerge in 

the network, and how does this relate to the topology? For example the appearance of highly 

connected nodes (hubs) and transitions between different degree distribution regimes, or the 

appearance of components with catalytic properties or that act as enzymes. To study questions 

like these a model was developed of a chemical reaction network as well network analysis tools 

to study its topology and dynamics 

 

 

Group Project 

 

The goal was to develop a simple, general chemical reaction network with minimal assumptions, 

and to study the effects of perturbations and other dynamics in the network. The behavior of the 

network can be followed in time, allowing the study of dynamics in the time domain. This is 

important to get a better understanding of how network switch between different regimes. Due to 

time constraints, the study of such dynamics in detail was not possible, but they will be discussed 



in some detail under indication of future work. First, the model and the initial results obtained 

will be discussed. 

  

 

Model 

 

Reaction components X, Y and Z are the starting point of the model. These components can react 

with each other and with all products that are formed, according to the following reaction, 

 

I + J  IJ, 

 

The rate of this reaction is given by the simple relationship: 

 

R = ri,,j = ki,,j · [ i ] · [ j ] 

 

Here, ri,,j is the reaction rate between i and j and gives the fraction of both components reacting 

away or the amount of product ij being formed. ki,,j is the reaction rate constant, or the probability 

of reaction once i and j meet. This meeting probability is in turn directly the product of the 

concentrations of i and j. All calculations can be done in a purely probabilistic manner, while both 

R and K can be written as a matrix. The values for ki,j are generated randomly by sampling from a 

uniform distribution between 0 and 1. Chemically this is not the most realistic method, but it is 

simple and for construction purposes will suffice. There is a constant inflow of ‘nutrients’ 

(molecules X, Y and Z), driving the dynamics of the basic network, and outflow is treated a 

simplistic manner, in which only molecules below size N are allowed to react. This can simply be 

done by setting rate constants k between those molecules and any others to zero. Thus, those 

molecules can be considered to be flowing out of the system (e.g. by condensation to solid phase,  



 

Figure 1.  The two generations of the model. (A) Addition reactions only. (B) Including transfer reactions. 

 

growth of biomass, etc.). With this construction, the systems should reach steady state once total 

inflow = total outflow. The final assumption in the basic model is that isomerism is ignored (i.e. 

XYX = XXY), which is simply to save computational cost. 

 

To analyze the results of the model in terms of complex network theory, an additional matrix 

needs to be constructed, a connectivity matrix that gives information on the edges between 

different nodes. The nodes in this case are simply the different molecules in the reaction system 

and the edges are the flow of matter from one node to the other. The flow of matter from one 

node to another is given by the reaction rate, r, for the reaction involving the first node that leads 

to the second node. Summing all reaction rates between two nodes gives the total flow of matter,  

fi→ij, between the nodes. This gives us the flow matrix F = fi→ij, which is also the connectivity 

matrix. However, since all molecules can in principle react with each other, this gives a highly 

connected graph, whose connectivity does also not change over time. Only the weight of the 

edges, due to variations in the concentrations of reactants, varies over time. Thus to study 

dynamics on this network it needs to be treated as a weighted graph. 

 



Two generations of the model were developed. In the first, only addition reactions are allowed in 

which the reactants are combined into one reaction product (ie. XX + YZ  XXYZ). This means 

that there is only one reaction contributing to the flow from one node to another, and flow is 

always unidirectional along an edge. However, in a study of the evolution of connectivity in 

metabolic networks Pfeiffer et al. (2006) found that group transfer reactions are essential for the 

emergence of hubs. Their study was a more complex model, involving enzymes, genes coding for 

enzymes and selection pressures.  Nonetheless it shows the importance of including group 

transfer reactions. It is also more chemically realistic that reaction pathways are allowed other 

then simply adding molecules together. Therefore a second generation of the model was 

developed in which ALL reactions are in principle possible (i.e. XX + YZ  XXYZ, XXY + Z, 

XXZ +Y, XY +XZ, etc.). Realistically, however, only a few pathways actually participate in any 

reaction. Thus, the number of possible reactions was capped at 3, with half of reactions branching 

according to a 70:20:10 ratio and the other half according to a 40:30:30 ratio in cases where 3 or 

more paths are possible. In the case where only two paths are possible, the branching ratio is 

60:40. Which pathways contribute as well as the ratio of the paths is chosen randomly. In this 

version of the model, several reactions can contribute to a single edge, and edges can now also be 

bi-directional. 

 

 

Results 

 

Initial results of both generation 1 (G1) and generation 2 (G2) models are shown in figure 2. The 

two models show different dynamics when evolving over time. Both reach steady state, but the 

dynamics of G2 appear to be somewhat slower and it reaches steady state at later times than G1. 

Further test  also indicate that a lower total input into the model delays reaching steady state in 

both models. Both results are in accordance with expectations. One of the main reasons that G2  



  

 

Figure 2. The concentrations of the different reactants over time. Top: Generation 1 of the model. Bottom: 

Generation 2 of the model 

 

reaches steady state slower than does G1 is that the branching pathways create the presence of 

feedback loops in the model, which should result in more accumulation of matter in the network. 

This indeed appears to be the case. 

 



 

 

 

Figure 3. The distribution of reactant concentrations for both models, different sizes. (Top) G1, N = 3. 

(Center) G1, N = 8. (Bottom) G2, N = 3 



 

Figure 4.  Graph representation of reaction network, G1. Size of nodes indicates concentrations of that 

molecules, the intensity of the edge indicates the amount of matter flowing between two nodes. 

 

Figure 3 shows the concentration distribution for the different reactants in both models. The result 

for G2 shows more molecules with higher concentrations than G1. This point could be made 

conclusive simply by going to a larger system size. This is indicated by the concentration 

distribution for N = 8 in G1, also shown in figure 3. The increase from N = 3 to N = 8 results in a 

much smoother distribution, with the hint of an exponential shape. Thus it would be useful to run 

G2 at this size as well and compare the two results. 

 

Finally, in figure 4, a graph representation of the G1 network is shown. It is expected that the 

concentrations of X, Y and Z should be highest because of the constant inflow.  The flow of 

matter in the network can be followed very clearly along the different paths and it is obvious 

which edges contribute more significantly to the matter flow-through. A time series of such 



graphs can easily be constructed, which gives a visual perspective on network dynamics over 

time. 

 

 

Discussions and future work 

 

A basic model for a generic chemical reaction network was constructed and tested for both 

generations of the model and both behave as expected. Due to time constraints further analysis 

and experiments were not conducted, but this basic model should allow for such tests in the 

future. Several things should be considered before further testing and experiments. One is the 

graphical representation used to study the network. The directed graph representation in the 

current model was chosen because it allows direct study of the flow of matter between nodes and 

thus the dynamics on the network. When picking any representation though, some information is 

inherently lost. Another option, for example, would be to use to a bipartite graph (e.g. Newman 

2003), in which there are two types of nodes: molecules and reactions. The downside to using this 

method in our initial model is that the number of reactions is very large compared to the number 

of molecules, which makes it unclear if useful knowledge will be gained, but it might be useful 

for later generations with some of the alterations discussed below. Another representation 

commonly used in studying the topology of chemical reaction networks is the hypergraph (e.g. 

Flamm & Stadler, 2006). 

 

Because the connectivity of the graph also does not change over time, some thought needs to be 

given into how to use traditional complex network analysis tools, such as average shortest path, 

clustering coefficient and mean degree and degree distribution of nodes. One option would be to 

simply choose a cutoff below which the weight of an edge is considered to be zero (not present). 

This can be done in a physically realistic manner by choosing a finite number of total molecules 



and rounding down if the flow along an edge is less than a molecule. Another option is to simply 

take at the total flow into or out of a node and look at their ‘binned’ distribution. 

 

Next, the chemical and physical reality of the model should be considered in more detail. In 

particular the method for generating the rate constants, k, should be reconsidered. Currently the 

values are randomly generated between 0 and 1, which gives an easy and reasonable first model, 

but it is not very realistic that this distribution should be uniform. Not only is it unlikely that all 

reaction rates should be equally represented, but there is also no conservation of reactivity for 

different species. It should be possible for certain species to be inherently reactive regardless of 

its reaction partner. And it should also be possible for unexpected properties to emerge when 

new molecules are formed. Perhaps this could be achieved by sampling from a bell shaped 

distribution, while simultaneously having a distribution around an initially picked value for 

similar species, as well as an increasing probability for the appearance of new properties as the 

size increases. Alternatively, basing the model on actual chemical data is another alternative. 

 

Furthermore, the current outflow mechanism should be improved as well. Simply having all 

molecules above a certain size be non-reactive is both crude and unrealistic. A better way would 

be to create a more closed network, in which less large molecules are formed (biasing towards 

transfer reactions for larger molecules), and the outflow is more clearly specified. If the total 

number of molecules, n, is chosen to be a finite number, it would also be possible to truncate 

probabilities to zero at some value at which less than a single molecule is formed. Combined 

these different steps should result in a model that is more chemically and physically realistic. 

 

At this point several interesting dynamical effects on the network could be tested, starting with 

the effect of external perturbations. The effect of fluctuations in nutrients can be monitored as it 

spreads through the network: sudden increase or decrease in concentration of nutrients, 



continuous variation of input, appearance of new nutrients, or toxins binding specific molecules 

or inhibiting certain reactions, all these effects would drive a change in the topology of the 

network.  

 

Other changes in the physical environment would be interesting to study as well. In most 

discussions about living organisms or the emergence of life, the presence of a membrane in 

which the biochemistry can be isolated from its surroundings is considered a crucial prerequisite 

(Ref…) With the model in this paper it would be possible to test how large the impact of 

constraining the molecules on the topology of the network is. Diffusion can be added to the 

model and the rate can be varied to mimic appearance of or damage to a membrane or simply 

being constrained on the surface of some mineral or some other non-biological source. The effect 

of temperature can also easily be added into the model, specifically by adding temperature 

dependence to the rate constants k 

 

The final thing to consider in the model, the final step in going from interstellar non-biological 

networks to those of living organisms, would be to add in some information storage mechanism 

(genes) into the model that partially preserves the chemical information in the system between 

different generations. If these genes are then allowed to vary, or mutate, and certain molecules in 

the network are selected as biomass, it would be possible to study the effects of biological 

evolution on the topology of the network. Pfeiffer et al (2005) used a similar method. 
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