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Abstract 

Relationships between evolutionary rates and gene properties on a genomic, functional, pathway 

or system level, are being explored to unravel the principles of the evolutionary process. In particular, 

functional network properties have been analyzed to recognize the constraints they may impose on the 

evolutionary fate of genes. Here we took as a case study the core metabolic network in human 

erythrocytes and we analyzed the relationship between the evolutionary rates of its genes and the 

metabolic flux distribution throughout it. We found that metabolic flux correlates with the ratio of non-

synonymous to synonymous substitution rates. Genes encoding enzymes that carry high fluxes have 

been more constrained in their evolution, while purifying selection is more relaxed in genes encoding 

enzymes carrying low metabolic fluxes. These results demonstrate the importance of considering the 

dynamical functioning  of gene networks when assessing the action of selection on system-level 

properties. 
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An ongoing area of research in the field of molecular evolution is in the understanding of the 

evolution of genes in relation to the structure and the function of the molecular system in which they 

participate. To gain insight into the evolution of molecular systems, much research has been devoted to 

relating evolutionary properties of the genes, such as their substitution rates or detectable events of 

selection, with measures of their position and role within the system in which they participate, generally 

through its representation as a network. This approach of assessing molecular systems as networks has 

revealed that a significant, though small, part of the variation in the evolutionary rates of the genes can 

be explained by their position within the network (Fraser et al. 2002; Papp et al. 2004; Hahn and Kern 

2005; Kim et al. 2007; Greenberg et al. 2008; Jovelin and Phillips 2009; Alvarez-Ponce and Fares 

2012; Alvarez-Ponce 2012). However, biological interpretation of position within networks and its 

significance from an evolutionary point of view has largely remained obscure. 

Nevertheless, in the case of metabolic networks, insights into the biological and evolutionary 

relevance of position within networks have been achieved through the incorporation of information 

about their dynamics, such as flux control or metabolic flux (Kacser and Burns 1973; Kacser and Burns 

1981). These measures characterize the dynamical functioning of a metabolic pathway, and therefore 

offer an insight into how individual enzymes contribute to the system behavior. Therefore, measures of 

network dynamics can play an important role in linking the function of each enzyme to system-level 

properties that are closer to the phenotype and that are likely to be directly targeted by selection. 

Among many flux-related measures, flux control quantifies how much a change in the activity of 

one enzyme affects the global flux carried by each of the other enzymes of a pathway. Flux control has 

been proposed to account for the differences in evolutionary rates exhibited by enzymes in different 

positions within metabolic networks. To this end, it has been found that enzyme position in metabolic 

networks is related to the non-uniform distribution of metabolic flux control, with flux control being 

greater for enzymes lying at upstream positions of linear metabolic pathways and at branch points of 

branched pathways (Flower 2007, Wright and Rausher 2010, Rausher 2013). Interestingly, the genes 

encoding the enzymes at these positions have been found to be common targets of selection, showing 

both stronger purifying selection (Rausher et al. 1999, Lu and Rausher 2003, Rausher et al. 2008, Yang 

et al 2009, Livingstone and Anderson 2009) and a higher rate of positive selection events (Flower et al 

2007, Olson-Manning et al. 2013). Thus, flux control may be a key system-level determinant of enzyme 

evolution.  
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Besides flux control, enzyme-specific metabolic flux itself may provide additional insights into 

the evolution of metabolic systems. Metabolic flux measures the rate at which metabolites are produced 

by a reaction, particularly as it is influenced by a given enzyme. The collection of the steady-state 

reaction rates of the enzymes of a metabolic network under a given environmental condition is the flux 

distribution and it is a systemic property of the whole metabolic pathway. The relationship between 

measures of the evolutionary pressures on the genes encoding the enzymes and the metabolic flux 

carried by those enzymes has been investigated in the yeast metabolic network (Vitkup et al 2006) and 

enzymes carrying higher metabolic fluxes have been found to evolve at slower rates, suggesting higher 

selective constraint for these genes. However, given the scarcity of experimentally determined fluxes, 

the metabolic flux distribution of that study (Vitkup et al. 2006) was computationally predicted through 

flux balance analysis. In fact, an analysis of a correlation between metabolic flux and the evolutionary 

rates of enzymes has not yet been determined using experimentally supported flux distributions, such as 

those directly measured or computed through kinetic models. In order to advance our understanding of 

the relationship between metabolic flux and evolutionary rates, such an analysis is needed in order to 

empirically assess whether such a relationship exists. 

Here we considered the human erythrocyte core metabolic network. This system has been deeply 

studied for nearly 30 years and kinetic, stochastic and constraint-based models have been determined 

for it (Joshi and Palsson 1989a,b, Price et al 2003). These studies provide an exceptional wealth of 

biochemical information for this system, including measures of metabolic flux (Wiback and Palsson 

2002) and flux control (Schuster and Holzhütter 1995; Mulquiney et al. 1999). In particular, the 

determination of metabolic concentrations under physiological conditions, along with the in vitro 

determination of the kinetic rate law (that is, the curvilinear trend of the reaction rate as a function of 

the concentration of products and reagents) of all the enzymes and the experimental knowledge of 

chemical equilibrium parameters (Joshi and Palsson 1989b, Joshi and Palsson 1990b), have made 

possible the assembly of a comprehensive kinetic model of the pathway (Joshi and Palsson 1990b).  

In the absence of detailed knowledge of individual reactions that would allow building a kinetic 

model, flux can be computationally predicted through flux balance analysis (Orth et al. 2010). Flux 

balance analysis is used to determine the flux distribution by applying the steady-state hypothesis and 

the mass balance principle to a pathway as a whole. However, these principles under-determine the 

system in that they can only delineate the set of all possible solutions. To estimate the physiological 
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steady-state flux distribution, optimization procedures must be applied. The optimal flux distribution 

within a metabolic network is thus defined as that which maximizes or minimizes a particular objective 

function (such as cell growth rate). Therefore, the validity of the determination of the flux distribution 

critically depends on the appropriateness of the chosen objective function, which is not obvious in cells 

from multicellular organisms. 

In the case of the human erythrocyte metabolic network, the kinetic model was developed through 

the experimental determination of the rate parameters, which has allowed the derivation of a robust and 

predictive set of flux values with no need for any optimization against an arbitrary objective function 

(Joshi and Palsson 1990b; Ni and Savageau 1996; Wiback et al 2003). Flux values determined in this 

way agree with those directly measured in independent experiments (Joshi and Palsson 1990b). We 

took advantage of this exceptional dataset in order to investigate the relationship between the 

parameters that characterize this metabolic pathway, in terms of both its network structure and dynamic 

behavior, and the evolutionary dynamics of its genes. 

 

METHODS 

Genes The associations between the human genes and the proteins involved in the enzymatic 

reactions were determined through the iAB-RBC-283 database (Bordbar et al. 2011). This association 

is shown in Supplementary Table S1. In this data set there are 6 reactions that are associated to 2 genes 

each that code for two isoenzymes (R3: PFKL, PFKM; R4: ALDOA, ALDOC; R12: PKLR, PKLM; 

R14: LDHA, LDHB; R33: IMPA1, NT5C2; R36: PRPS1,PRPS1L1) and one reaction which is 

associated to 3 genes coding for 3 isoenzymes (R1: HK1, HK2, HK3). There are also 3 genes that are 

associated to 2 reactions each (BPGM: R8, R9; NT5C2: R16, R33; TKT: R30, R31). A total of 35 

genes were found. 

Orthologs We retrieved the one-to-one orthologs of each of the 35 human genes in three great 

apes species: Chimpanzee (Pan troglodytes), Gorilla (Gorilla gorilla) and Orangutan (Pongo abelii) 

from the Ensembl database (release 68). Four genes lacked an annotated one-to-one ortholog in at least 

one species: AMPD3 and PGM1 orthologs were missing in the Orangutan genome, ATP1A2 in the 

Chimpanzee genome, HK1 and TKT in the Gorilla genome. To amend cases of annotation errors, we 

predicted the orthologous sequences through the same procedure adopted in Montanucci et al (2011) 

and Invergo et al. (2013). This procedure roughly consists in predicting the structure of the  gene 
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through GeneWise, after having performed a BLAT search against the whole genome sequence and 

controlling for synteny. 

Multiple Sequence Alignment The multiple-sequence alignments of the orthologous genes were 

adapted from the corresponding GeneTree alignments (Vilella et al 2009), downloaded from Ensembl 

(release 68) through the Perl API, by filtering out other species and removing sequence gaps. In case of 

predicted orthologs, the alignment was performed through T-COFFEE (Notredame et al. 2000) version 

9.03 with default parameters. The alignments were built on the protein sequences and then back-

translated to the DNA sequence. All the alignments were then cleaned using Gblocks (Talavera and 

Castresana 2007) version 0.91 with default parameters and also visually inspected. The procedure 

adopted here is very stringent; however, given the incidence of sequencing errors in non-human 

genomes, it safeguards the analysis from spurious evolutionary signals originating from sequencing 

errors. 

Evolutionary rates For each gene, the non-synonymous (dN) and synonymous (dS) substitution 

rates and their ratio (dN/dS) were estimated by maximum likelihood, using the codeml program from 

the PAML package (version 4.5) (Yang 2007) with model M0. Two tests of positive selection were 

performed by likelihood-ratio tests of model M1a versus M2a, which is a more conservative test, and 

M7 versus M8, which is a more sensitive test (Wong et al 2004). The two tests were always in 

agreement. Each PAML model was run starting from 3 different initial dN/dS values: 0.1, 1 and 2. Each 

of these models, for each dN/dS starting value, was run 5 times to ensure results were reproducible. 

These computations were automated with Python through the use of Biopython's Bio.Phylo.PAML 

module (Talevich et al 2012). Effective number of codons (ENC) was computed with the software 

CodonW. 

Statistical Computations Statistical computations were carried out with IBM SPSS Statistics v19 

(http://www-01.ibm.com/software/analytics/spss). 

All the variables were log-transformed to approximate them to normality. This transformation did 

not change the magnitude nor the significance of any of the tests performed. 

To correct for multiple testing, we applied a Bonferroni-based correction method to account for 

the correlation of multiple endpoints (Shi et al. 2012). The approach is a straightforward examination of 

correlated data. This correction is based on the calculation of an adjusted number of statistical tests to 

correct for ( g*) given the correlation between the tests performed (g) g* =(g+1)- (1+(g-1)* ICC) where 

http://www-01.ibm.com/software/analytics/spss
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g is the number of statistical tests to be performed. g* is an adjusted value for g that incorporates the 

correlation of the g tests. ICC is the sample-based estimate of the intraclass correlation. Hence, the 

“corrected α” level is α/g* and the corrected adjusted p-value equals to unadjusted p-value × g*. When 

ICC = 0, the ICC correction factor (g*) reduces to the standard Bonferroni adjustment, namely, g* 

=(g+1)- (1+(g-1)* ICC)=(g+1)-(1+(g-1)*0)= g. When ICC = 1, g* = 1, no correction is needed. In our 

case, we have 3 measures of flux, g= 3; ICC= 0.88; g* = 1.24  

Network analysis For each node we computed the connectivity, or the number of the edges of the 

node, and two measures of centrality: closeness and betweenness. All the centrality measurements were 

computed with the NetworkX Python package on the undirected graph (version 1.7). 

 

RESULTS AND DISCUSSION 

Enzymes of the Erythrocyte Core Metabolic Network 

The core metabolic network of erythrocytes was compiled by Joshi and Palsson (1989a) and, in 

successive works on the biochemical characterization of this system (Ni and Savageau 1996, Wiback 

and Palsson 2002, Wiback et al. 2003), it was extended through the addition of peripheral transport 

reactions. The network compiled for the present study results from the manual integration of all the 

cited works and comprises 36 metabolites and 48 reactions. Of these, 30 reactions are enzymatic, 8 are 

co-factor-balance reactions and 10 are transport reactions. A list of the reactions is shown in 

Supplementary Tables S1 and S2. From a functional point of view, the system can be divided into three 

main sub-pathways: glycolysis, responsible for the energy source for the cell; the pentose phosphate 

pathway, responsible for the production of NADPH and pentose sugars; and the partial nucleotide 

metabolism, mainly responsible for the synthesis and degradation of adenine (see Supplementary Table 

S1). 

We retrieved the 35 genes encoding the proteins responsible for the 30 enzymatic reactions in 

humans and we retrieved from Ensembl the multiple-sequence alignments of the human sequences with 

orthologous sequences from three great apes: chimpanzee, gorilla and orangutan. The multiple 

alignments were then used to estimate the evolutionary rates using CODEML (Yang 2007). Genetic 

evolutionary rates were estimated by maximum likelihood as a unique dN/dS ratio for the whole 

phylogenetic tree and across the entire gene length, where dN and dS are the non-synonymous and the 

synonymous divergence levels respectively. The dN/dS values, which provide an estimate of the 
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strength of the purifying selection, range from nearly 0 to 0.69, with a mean dN/dS value of 0.13 and 

50% of the genes in the center of the distribution ranging from 0.02 and 0.16. These low values indicate 

that this system is evolving under high evolutionary constraint. In addition, we performed two 

likelihood-ratio tests per gene to detect sequence footprints of positive selection events by assessing 

two pairs of nested site-models implemented in the PAML package (see methods). No events of 

adaptive selection were found for any of the genes in the pathway during the time of divergence of great 

apes (see Table S3 for the Λ statistic and p-values of the test for each gene). 

We then checked whether the genes belonging to different sub-pathways showed any differences 

in evolutionary rates. We found that the dN/dS values among the three sub-pathways are significantly 

different (ANOVA test, F2,32 = 3.97 p = 0.029). Only one pairwise comparisons among the genes of the 

three sub-pathways remained statistically significant after applying Bonferroni correction for multiple 

testing, and it was between genes involved in the glycolysis and nucleotide metabolism sub-pathways 

(t32 = 2.81, p = 0.025). Genes involved in the glycolysis sub-pathway show significantly lower dN/dS 

values than those involved in the nucleotide metabolism sub-pathway.  

 

Network Topological Analysis 

In previous studies (Ni and Savageau 1996, Wiback and Palsson 2002, Wiback et al. 2003), the 

metabolic network was represented as a substrate graph. In substrate graphs, nodes represent 

metabolites (substrates and products), while edges represent reactions (Wagner and Fell 2001, Ravasz 

et al. 2002). Because our focus is on the enzymes rather than the substrates, we converted this network 

into its corresponding reaction graph (Montañez et al. 2010), in which nodes represent reactions and an 

edge is established between two nodes if the two corresponding reactions are consecutive (the product 

of one reaction is taken as substrate for the other reaction). Adopting a common criterion (Vitkup et al. 

2006), the so-called “currency” metabolites, which are the most widely used cellular metabolites (in 

this network: ATP, ADP, AMP, NADH, NAD
+
, NADPH, NADP

+
), were not considered in determining 

the edges of the reaction graph. Since currency metabolites participate in a large number of different 

reactions, including them in the reaction graph would have connected reactions involved in unrelated 

functions, with the effect of both dominating the structure of the network and hiding functional patterns 

in network representation. The resulting network consists of 39 nodes and 74 edges (Figure 1). For a 

figure of the complementary substrate graph see Figure 1S in supplementary material and also Wiback 
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et al. 2003. 

Each reaction was then associated with the gene (or genes) that encodes the enzyme (or enzymes) 

that catalyzes that reaction. To characterize the position of each gene within the network, we computed, 

for each node, three commonly used measures of centrality (Scardoni et al. 2009). These measures 

relate the position of a node with respect to the global topological organization of the network. We 

computed connectivity (also known as “degree”), which is the number of the node's edges; closeness 

(the inverse of the node's average shortest-path distance to all other nodes), in which, like in the 

common usage of the word “central”, the most central nodes are on average closer to all of the other 

nodes; and betweenness (the fraction of all the shortest paths on the network that pass through a given 

node), which gives information on whether a protein acts as a sort of “information bridge”. We then 

sought whether these graph-theoretic measures correlated with evolutionary rates. Connectivity, 

betweenness and closeness centralities were assessed against the dN/dS ratio and the dN and dS rates 

separately. Positive relationships were observed between the centrality measurements and the rates of 

evolution (Table 1). While the direction of these relationships is opposite to what has been found in 

previous studies of metabolic networks (Vitkup et al. 2006; Montanucci et al. 2011), the correlations 

between evolutionarily rates and the considered topological measures are non-significant. Hence, for 

this particular system and unlike for many others found in literature, we cannot conclude that network 

structure imposes constraints on the evolution of the pathway genes. 

 

Metabolic Flux Correlates with Evolutionary Rates 

We next investigated the influence of the system's dynamics on molecular evolutionary constraint. 

We initially considered flux control coefficients that have been determined for some reactions of this 

network (Schuster and Holzhütter 1995; Mulquiney et al. 1999), but it was not possible to use them 

given the high percentage of missing data (data not shown). We instead focused on the metabolic flux 

distribution. Three flux distributions were determined for this pathway (Joshi and Palsson 1990b; Ni 

and Savageau 1996; Wiback et al. 2003), which were derived from three successive improvements and 

refinements of the kinetic model (Joshi and Palsson 1990b; Ni and Savageau 1996; Jamshidi et al. 

2001). We retrieved the metabolic flux distribution from the most recent work (Wiback et al. 2003), 

determined on the basis of the most updated kinetic model (Jamshidi et al. 2001). This flux distribution 

is derived for the nominal state of the erythrocyte, in which metabolite concentrations are those 
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experimentally measured in the physiologically unstressed state. As the kinetic model for this system 

also allows simulating other environmental states, such as environmental loads through in silico 

alteration of metabolite concentrations, other flux distributions corresponding to these simulated states 

of the cell (Wiback et al. 2003) were also considered (see next section). The calculated flux values are 

reported in Supplementary Table S1. 

We began by investigating the relationship between the flux values in the nominal state carried by 

the pathway enzymes and their evolutionary rates. The comparisons between metabolic flux and both 

dN/dS ratios and dN of the genes showed significant negative correlations, r=-0.415 p=0.013 for dN/dS, 

r=-0.400 p=0.017 for dN (see also Table 1; Figure 1c;1d). dS showed non-significant correlations with 

flux (Table 1; Figure 1e). This means that genes encoding enzymes carrying high fluxes are uniformly 

more constrained in their evolution. Also, this effect is uniquely due to a slower rate of non-

synonymous substitution. In Figure 1a and 1b the network is presented with nodes colored in a gradient 

of blue according to dN/dS values (Figure 1a) and of flux (Figure 1b). It can be noted that reactions 

carrying high fluxes (dark blue nodes in Figure 1b) correspond to reactions associated to genes with 

low dN/dS (light blue/white nodes in Figure 1a). Thus, a higher flux capacity constrains the evolution 

of a gene while evolution under a more relaxed constraint is found more often in genes encoding 

enzymes carrying low fluxes.  

To verify correlates of evolutionary rates, other known genomic determinants must be taken into 

account. In particular, it is known that both expression level and gene length are major determinants of 

evolutionary rates, accounting for a large part of their variance (Drummond et al. 2006). A partial 

correlation analysis was carried out considering gene length and effective number of codons (ENC) to 

account for codon usage bias, which is known to be positively correlated with expression. Additionally, 

to disentangle the role of topological parameters, we sought whether there was a relationship between 

flux and topological parameters. A negative correlation between flux and closeness centrality (r=-0.35, 

p=0.039) indicates that metabolic flux has a non-random distribution over this network, with central 

genes showing lower flux values under physiological conditions. Hence we also included closeness 

centrality in the partial correlation analysis. When controlling for all of these variables at the same time, 

the correlation between flux distribution and dN/dS maintains statistical significance r=-0.364, 

p=0.040. However, the correlation between flux distribution and dN lost significance (r=-0.331, 

p=0.64). Thus, the partial correlation analysis shows that the correlation between flux and dN/dS 
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maintains significance after controlling for closeness, suggesting an independent relationship between 

flux and evolutionary rates and discarding the possibility of being a byproduct of the relationship 

between evolutionary rates and centrality measures. 

 

Flux under simulated stressed environmental conditions 

As the more recent kinetic model of this pathway is available as a software module that allows 

simulations (Jamshidi et al. 2001), it was also used (in Wiback et al. 2003) to derive flux distributions 

for two simulated stressed environmental conditions. NADH load and NADPH load were in silico 

simulated to mimic two biologically relevant states of the cell: the cell's response to the need of 

increasing hemoglobin concentration and to oxidative stress, respectively. To investigate whether either 

of these two conditions have been relevant to the evolution of the enzymes, we have also investigated 

the correlations of evolutionary rates with fluxes under these conditions. 

The two flux values computed from the kinetic model for these conditions highly correlate with 

that of the nominal state (r=0.98 and p<0.0001 for NADH load, and r=0.84 and p<0.0001 for NADPH 

load). The small differences between these flux distributions and the nominal distribution are an 

increase in pyruvate uptake, a reduction in the lactate dehydrogenase flux and lactate export under the 

NADH load condition, and an increase in flux through the oxidative pentose phosphate reactions under 

the NADPH load condition (Wiback et al. 2003). This suggests that the flux distribution of the two 

latter conditions is the result of a biochemical fine-tuning of the system, whose flux distribution does 

not undergo strong modifications under stressed conditions. (All retrieved flux values are reported in 

Supplementary Table S1.) 

We then investigated the relationship between evolutionary rates and flux in these two simulated 

conditions. The correlations between dN/dS and flux are r=-0.413 with p=0.014 in NADH load and r=-

0.410 with p=0.015. Thus, we also find a significant negative correlation between dN/dS and flux for 

these two simulated cell states. Given that we tested three different flux distributions (in the whole 

study), we corrected the p-values for multiple testing through a Bonferroni-based correction method 

(Shi et al. 2012) that takes into account correlations between the three flux distributions. The corrected 

correlation p-values are 0.016, 0.017 and 0.019 for the nominal, NADH load and NADPH load 

condition respectively (see Table 2). Hence, even with this correction, the correlation between any of 

the fluxes and dN/dS holds significance. When dN is considered separately, the correlations with flux 
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are r=-0.390 with p=0.021 for NADH load and r=-0.338 with p=0.047 for NAPH load. After multiple 

test correction the p-values for the three flux conditions became 0.021, 0.026 and 0.058 for the 

nominal, NADH load and NADPH load condition respectively. So significance of the correlation 

between dN and flux is maintained in the nominal and NADH load condition. Conversely, dS shows no 

significant correlation with any flux measure (see Table 2). As expected, the strongest statistical 

significance is found for the nominal condition, whose values correspond to the experimentally 

measured metabolite concentrations. 

When we perform partial correlations controlling for gene length, ENC and closeness centrality, 

the correlation between the dN/dS ratios and flux become r=-0.34 with p=0.057 for NADH load 

condition and r=-0.36 with p=0.045 for NADPH load condition. This result shows that when two 

particular stressed conditions of the cell are considered, the relationship between flux and evolutionary 

rates become marginally significant and this may suggest that these two conditions have not been 

determinants in the evolution of this system. 

 

Concluding remarks 

Many factors have been investigated as determinants of molecular evolutionary rates, each one 

giving hints about a particular aspect of the evolutionary process. In particular, the identification of 

system-level determinants of evolutionary rates helps to unravel how selection on individual enzymes 

relates to the evolution of the system as a whole. Here we show that metabolic flux, which quantifies 

the rates at which metabolites flow through the system, is a determinant of genetic evolutionary rates 

taking as an example the core metabolic network of erythrocytes. 

It has to be noted that while we focused on the activity of enzymes in the core metabolic network 

of erythrocytes, they are in fact active in many cell types in the organism. Each cell type performs its 

own unique function and, therefore, imposes its own evolutionary constraints on the encoding genes. It 

is thus impressive that, despite this potentially great source of variance in evolutionary rates, a 

relationship with the dynamic properties exhibited in a single cell type could still be identified. The 

pathway analyzed is rather small and correlation is clearly significant. It is expected that statistical 

power would be much higher if dynamical data for a bigger pathway was available for analysis. 

In addition, we tested this correlation both in the nominal unstressed condition and in two 

simulated stressed conditions of the cell; the strongest significance was found for the nominal 
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condition, which is the state in which the cell is thought to prominently work. As suggested in Vitkup et 

al. (2006), the strongest significance may help in identifying the condition that has dominated the 

evolution of the network. According to this observation we can conclude here that the nominal 

condition is the most relevant from an evolutionary point of view. 

Unlike many other metabolic pathways for which significant correlations were found between 

evolutionary rates and topological parameters, such a correlation was not found in this study. When 

such correlations are found, they usually only explain a small part of the variance in evolutionary rates, 

so the lack of signal of a relationship between evolutionary rate and topology may be due to its complex 

topological structure. Also, it has been proposed that the uneven distribution of selective pressures over 

networks may be due to other systemic properties such as flux control. Here we show that the metabolic 

flux carried by each enzyme, which reflects the global organization of the flux over the entire network, 

imposes constraints in the evolution of the genes, with genes carrying high fluxes being highly 

constrained in their evolution. The introduction of relevant features that capture the dynamics of the 

network may allow the understanding of distinct patterns in the distribution of selective pressures over 

networks that are found for different pathways. 

Finally, an obvious limit of this approach is the lack of availability of quantitative species-specific 

measurements of system-level properties. The flux values considered here have been determined for 

human erythrocytes and are assumed to be largely conserved throughout the great apes. Given the short 

evolutionary distance of the species considered in this study, the extension of these measures is a 

reasonable assumption. However, future system-evolutionary studies would greatly benefit from the 

determination of species-specific data for systemic properties. 
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TABLES 

Table 1 Correlations between evolutionary rates and centrality measures and 

flux. Significant values are written in bold text. 

 dN/dS dN dS 

degree r=0.049, p=0.782 r=0.024, p=0.889 r=-0.067, p=0.701 

closeness r=0.124, p=0.477 r=0.159, p=0.363 r=-0.005, p=0.979 

betweenness r=-0.014, p=0.937 r=0.004, p=0.984 r=-0.145, p=0.407 

fluxnominal r=-0.415, p=0.013 r=-0.400, p=0.017 r=0.054, p=0.757 

 

 

Table 2 Correlations between evolutionary rates and flux values in three different 

environmental conditions. The p-values between parentheses are corrected for multiple testing 

through a Bonferroni-based correction according to Shi et al. (2012). Significant values are 

written in bold text. 

 dN/dS dN dS 

fluxnominal r=-0.415 

p=0.013 (0.016) 

r=-0.400 

p=0.017 (0.021) 

r=0.054 

p=0.757 (0.939) 

fluxNADH load r=-0.413 

p=0.014 (0.017) 

r=-0.390 

p=0.021 (0.026) 

r=0.090 

p=0.606 (0.751) 

fluxNADPH load r=-0.410 

p=0.015 (0.019) 

r=-0.338 

p=0.047 (0.058) 

r=0.155 

p=0.375 (0.465) 

 



20 

FIGURE LEGENDS 

Figure 1 Distribution of evolutionary rates and flux over the reaction graph. a) Reaction graph of the 

erythrocyte core metabolic network. Nodes represent reactions (the numbers on the nodes refer to the 

number of the reactions as listed in Supplementary Table S1 and S2), and edges represent the sharing of 

a common metabolite between two reactions. White nodes with underlined reaction names correspond 

to transport reactions (and therefore have no associated genes). Each node is colored according to the 

dN/dS ratios of the gene encoding the enzyme that catalyze the corresponding reaction. The color 

ranges from white ( dN/dS equal to 0) to dark blue ( dN/dS equal to 0.69)  b) Reaction graph colored 

according to a gradient of flux ranging from white (low flux, toward 0) to dark blue (high flux, toward 

the maximum value of 2.6). It can be seen that the region of the graph characterized by lower dN/dS 

values (node color toward white in figure a) are characterized by high values of flux (node color toward 

dark blue in figure b). c) d) e) Scatter plot of evolutionary rates versus flux measures in the nominal 

condition: c) dN/dS; d) dN; e) dS. 

 


