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Introduction 
The metabolic network is usually represented as a directed graph of nodes representing metabolites 

and directed edges representing reactions. However edges in the metabolic network are catalyzed by 

enzymes, and reaction-edge graphs miss out on the contributions of the enzymes. 

It is well known that enzymes are both specialized and multifunctional. Thus the mapping between 

enzymes and reactions is not, in general, one to one.  

The metabolic network has thus another level of complexity due to the enzyme-reaction 

association.  

Six Out Of Ten Species Pass MLE Test 
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Effects on Robustness 

Comparative Mapping Analysis 

The Enzyme-Reaction Association 

Testing the Power-law Distribution 
Fits to log-log plots may be misleading unless the data spans several decades. We therefore used 

the maximum likelihood methods of Clauset et. al. to test whether these distributions are really a 

power law. We got excellent results for E. coli and for Chlamydomonas reinhardtii . These two also 

had the largest models (over thousand reactions each). 
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Perfectly Distributed Control: When one enzyme controls one reaction 

Question: Does the observed enzyme-reaction distribution lead to more or less robustness than 

Perfectly distributed Control?  

Source model to Target model 

Syn.  

to  

E. coli 

E. coli  

to  

Syn. 

Number of lethal genes in source 350 187 

Total reactions constrained combined (reactions with no EC 

# associated to it) 
406 (32) 340 (100) 

Number of mapped genes in target (unique phenotype) 207 (112) 130 (100) 

Lethal phenotypes in target 73 92 

Non-Lethal phenotypes in target 39 8 

Percentage of non-lethal phenotypes ~35% 8% 

sll0300  

(riboflavin 

synthase - lethal) 

EC # 2.5.1.9 
b0415  

(riboflavin 

synthase - lethal) 

sll0290 

(diPhos/Phos 

kinase – lethal) 
EC # 2.7.4.1 

b2501 

(diPhos/Phos 

kinase – non 

lethal) 

Results and Discussion 
• We found that the distribution of reactions among enzymes for 10 species appears to follow a 

power-law-like distribution, with 6 species showing some statistical evidence of a power law. 

• All 10 species could be fit to a power law with very similar exponents. 

• The empirical distribution caused a significantly greater lethality than having one enzyme for 

one reaction. 

• This suggests that there could be a fitness benefit (which is unknown) of having enzyme and 

transport proteins relate to the reactions they constrain via a power-law-like relation. 

• The empirical distribution has strong effects on robustness against loss-of-function mutations. 

This depends on how essential multifunctional enzymes are. 

• Synechocystis appeared to have a larger number of multifunctional essential enzymes 

(though it has a smaller proportion of multifunctional enzymes). Some of this could be due to 

lack of data. 

• Energy Metabolism in Synechocystis under autotrophic growth especially has a large 

proportion of essential multifunctional enzymes.   

• The enzyme-reaction distribution is an important contributor to the high percentage of lethal 

genes in the Synechocystis model. 

• Despite the global similarity, comparative deletion analysis suggests that parts of the network 

that the organisms share in common could be structured differently due to differences in 

distributed control and the presence of multiple pathways.  

What is lethal for E. coli is also lethal for Synechocystis. However, reverse is not true; 35% of 

unique phenotypic mutants survived. 

 

These 39 mutants were manually analyzed and 4 primary reasons were found for lethality: 

I. Essential Multifunctional Enzymes in Synechocystis versus more distributed control (12) 

II. Multiple pathways in E. coli for the same metabolite (12) 

III. Environment specific flux distribution (7) 

IV. Not required for growth rate simulation (i.e. differences in biomass composition) (4) 
The distribution of ke we call the 

enzyme-reaction association 

distribution. We use genome scale 

metabolic models available in the 

public domain to collect the 

information. 

We classify all enzymes according to 

the number of reactions they 

catalyze and histogram the results. 

We construct the cumulative 

distribution of the distribution and 

fit.  

The log-log plot of the results can 

be fitted with a straight line with a 

good R2, indicating that the gene-

enzyme association may be 

distributed as a power law. 

Multifunctional and Essential Genes 
We focus on the E. coli and Synechocystis comparison.  

What is the relation between this distribution and gene essentiality? 

Test using Flux Balance analysis 

Both E. coli and Synechocystis have essential multifunctional genes.   

However it appears that in Synechocystis most multifunctional genes are lethal. The 

proportion is lower in E. coli. 

We hypothesized that absence of some less 

important multifunctional enzymes may be 

behind the poor fits in Synechocystis and in 

yeast.  

 

Since isozymes are less likely to be known 

than primary enzymes, we removed all 

isozymes from the gene list and re-ran the 

tests. We also removed two passive 

transporters in E. coli who were listed as 

transporting over two hundred metabolites 

each since they were strongly biasing the 

data. 

 

We found that the unique-gene reaction 

association is statistically very likely to be 

a power law in three of the four species.  E. coli (1260 

genes)  

0.665 S. Cerevisiae 0.054 

Synechocystis 

(no isozymes) 

0.24 Chlamydomon

as reinhardtii  

0.74 Boostrap p value:  

Data does NOT support hypothesis when p < 0.1 

Tested by comparing proportion of Lethal Gene 

deletions with proportion of Lethal Reaction 

deletions for unique genes. 

Analysis  by subsystem shows that except for lipid 

metabolism in Synechocystis, all other subsystems 

in both organisms show the same trend: 

 

The power-law distribution leads  to a 

decline in fitness compared with perfectly 

distributed control. 

Lipid metabolism: Is characterized by multifunctional enzymes 

that catalyze linear chains of reactions. Thus the percentage of 

lethal reactions should be more (or at least equal to) the 

percentage of lethal genes, which is what we see.  

Case 1: 

Lethal gene in Synechocystis to lethal gene in E. coli: 

Case2: 

Lethal gene in Synechocystis to non-lethal gene in E. coli: 

Energy Metabolism in Synechocystis  

stands out for having a large 

proportion of multifunctional essential 

enzymes. 

Photosynthesis is Different 

Open Questions 
1. How could a power law between enzymes and the reactions they control arise through a plausible model of 

evolution? 

 We simulated random controls but do not yet have a positive control that yields a power law. 

2. What are the benefits and roles of multifunctional metabolic enzymes? 

 It is believed that ancient enzymes were multifunctional and enzymes gradually became more specialized over 

 the course of  evolution. However the retention of essential multifunctional enzymes may mean that they play 

 beneficial roles. Energy minimization  could be one, for enzymes that perform the same chemical process on 

 multiple substrates. However  Enzymes/Transporters are  also metabolic flux controllers. Could this be an 

 additional role? 

3. Are they global reasons why metabolic controllers would be arranged in a power law with the reactions they 

 control? 

Glu: Glutamate; Glu-P: L-Glutamyl phosphate; Glu5SA: L-Glutamate 5-

semialdehyde; Pyr5C: L-1-Pyrolline-5-Carboxylate; and Pro: Proline 

b1014 (putA): fused DNA-binding transcriptional regulator/proline 

dehydrogenase [EC: 1.5.99.8]/pyrroline-5-carboxylate dehydrogenase [EC: 1.5.1.12] 

b0243 (proA): glutamate-5-semialdehyde dehydrogenase [EC: 1.2.1.41] 

b0242 (proB): glutamate 5-kinase [EC: 2.7.2.11] 

b0386 (proC): pyrroline-5-carboxylate reductase [EC:1.5.1.2] 

Here we study the relationship between 

enzymes and the number of reactions 

they participate in, using information from 

genome scale metabolic models.  

 

We define the “degree of 

multifunctionality” of an enzyme as: 

ke = the number of reactions an 

enzyme (or enzyme complex) 

catalyzes. 

We tested the enzyme reaction association distribution 

in 10 species (and used 11 models, 2 for E. coli). 

In 6 out of the 10 species we found that this distribution 

passed the power law test of Clauset et. al. with 

bootstrap p values above 0.1. 

What is really interesting is that all 10 models show 

very similar exponents of the fit. 

Note that this does not prove that these distributions 

are power-law distributed. 

We say that the data suggests that these distributions 

are: 

(i) Very similar across species  

(ii) Power-law-like, i.e. the underlying distribution 

(assuming (i) is correct) may not be a power-law but 

is close to one. 


