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Abstract the study of metagenomic samples is crucial for understanding microbial communities. In 

this study, genomic samples of the “El Coquito” acidic hot spring, located at Parque Nacional de los 

Nevados in Colombia, were analysed to identify their metabolic functionality, the thermodynamic 

restrictions and the biogeochemical cycles through a Flux Balance Analysis (FBA). The metabolic 

functionality of the metagenome was determined assigning reactions and enzymes to the metabolic 

routes. To determinate the reversibility of the reactions we used the group contribution method. The 

FBA was performed for three different objective functions related to the nitrogen, sulphur and 

carbon biogeochemical cycles. We found a total amount of 1930 reactions and 130 metabolic 

pathways. 256 irreversible reactions were found at a pH of 3. Nitrogen cycle was found to play a 

big role in the “El Coquito” ecosystem based on the presence of nitrogen fixation pathways in the 

FBA and the presence of metabolites of the nitrogen cycle in the topological analysis. We found 

that the “El Coquito” metabolic network is a free scale network and that the clustering coefficients 

vary when taking into account thermodynamic restrictions.  
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1 Introduction  

Metagenomics consists on the Genome-Based analysis of entire communities on diverse ecological 

contexts (Dupré and O’Malley, 2007), it can be defined as the genomic analysis of microbial 

communities found in an environmental sample such as soil, ocean, rivers, hot springs (Dupré and 

O’Malley, 2007; Gilbert and Dupont, 2011; Kakirde et al., 2010; Keshri et al., 2013) or 

communities associated to other organisms like microorganisms of the human or animal gut 

(Karlsson et al., 2011; Palackal et al., 2007). The metagenomic comparative approach has been used 

to study a wide variety of environments in viral and microbial sequences which have been used to 

elucidate the functional potential of nine biomes, including subterranean ponds, oceans, freshwater , 

coral associated, microbialites , terrestrial animal associated, among others (Dinsdale et al., 2008). 

The Global Ocean Sampling (GOS) expedition focused in discovering the influence of marine 

microbes in the biogeochemical cycles in the planet (Yilmaz et al., 2011). The metabolic behavior 

of microbial communities has become interesting and requires to identify the metabolic pathways, 

enzymes and reactions involved in the whole process (Chen et al., 2012), and metabolic 

reconstructions have been developed for this purpose (Thiele and Palsson, 2010). Then the 

appearing of algorithms capable of reconstructing metagenomic networks has been increasing over 

time with pipelines such as MGRAST (Meyer et al., 2008) or methodologies such as the pipeline 

proposed by Pinzon (Pinzón et al., 2011). 

Describing microorganism’s functions is troubled by the inability to culture most microbes and by 

high levels of genomic plasticity, genomic plasticity causes variations in the gene content of closely 

related strains (Dinsdale et al., 2008), this characteristic enables the fluid exchange of DNA from 

one microorganism to another and allows prokaryotes to adapt their genomes rapidly in order to 

survive environmental conditions. Several studies have shown the metabolic homogeneity between 

metagenomic samples despite of the heterogeneity of the samples (Dinsdale et al., 2008; Jeffries et 

al., 2011).  

There are several factors that must be considered in a metabolic reconstruction, like variations in 

sample composition (Keshri et al., 2013; Mocali and Benedetti, 2010), extreme temperatures 

(Lewin et al., n.d.), extreme salinity conditions (Jeffries et al., 2011), variations in pH (Jones et al., 

2012) compartmentalization of the system (Roze et al., 2011) and thermodynamic feasibility of the 

reactions (Henry et al., 2007). 

The thermodynamic feasibility of a metagenome derived from experimental data is highly 

restrained due to the lack of data available for biological systems. The inclusion of thermodynamic 

restrictions has not yet been studied for metagenomic samples. Nevertheless, there exist 

approximations based on classical thermodynamics that could be applied for biological systems. 

Mavrovouniotis and collaborators (Mavrovounotis, 1991; Stephanopoulos et al., 1998) utilized the 

contribution method to calculate the standard Gibbs free energy change of reaction (   
  ) and the 

standard Gibbs free energy of formation (   
   ) of the majority of the compounds present in the 

Kyoto Encyclopedia of Genes and Genomes (KEGG) and in a model belonging to Escherichia coli 

(Henry et al., 2006). Moreover, there are expanded group contribution methods available that allow 

reducing the uncertainty (Henry et al., 2007; Jankowski et al., 2008). On the other hand, considering 

the effect of pH on the metagenome is crucial as acidophilic microorganisms control 



biogeochemical cycling in a variety of natural and anthropogenically influenced environments; such 

as hot springs, fumaroles, bioleaching operations and acid mine drainages, some of the studies 

investigate the metabolic potential along with determining the ecological role of the 

microorganisms present in the sample (Jones et al., 2012). 

Currently the study of metabolic networks has received great attention. Since metabolic fluxes 

constitute a fundamental determinant in cell physiology, primarily because they provide a measure 

of the degree of engagement of various pathways in overall cellular functions and metabolic 

processes. Accurate quantification of the magnitude of pathway fluxes in vivo is, therefore, an 

important goal of cell physiology and metabolic engineering. A powerful methodology for the 

determination of metabolic pathways fluxes is a flux balance analysis (FBA), whereby intracellular 

fluxes are calculated by using a stoichiometric model for the major intracellular reactions and 

applying mass balances around intracellular metabolites (Çalık et al., 2011; Kauffman et al., 2003; 

Stephanopoulos et al., 1998). Mathematically, an objective function is used to quantitatively define 

how much each reaction contributes to the phenotype corresponding to the biological objective that 

is relevant to the problem being studied. Taking together the mathematical representations of the 

metabolic reactions and the objective function it is defined a system of linear equations, in FBA, 

these equations are solved using linear programming (Orth et al., 2010). There are several 

computational linear programming algorithms available to identify optimal solutions such as the 

COBRA Toolbox (Becker et al., n.d.) or even simpler tools such as the Xpress MP (Guéret et al., 

2002) 

Systems biology approaches under the network topology fundamentals analysis can provide 

important information when analyzing metagenomic reconstructions. The biochemical reactions in 

a cellular metabolism can be integrated into a metabolic network whose fluxes are regulated by 

enzymes catalyzing the reactions (Albert, 2005). Topological features like shortest path, 

connectivity node degrees and node edge metrics have become common investigation tools, one of 

the simplest representations of a metabolic network is taking a node as a component and the edge as 

a reaction, the substrate and reaction graphs indicate a remarkably small and organism-independent 

average distance between metabolites and reactions. Moreover a representation of the E. coli 

metabolic network defines edges among metabolites as structural changes that convert the source 

metabolite into the target metabolite. If the preferred directionality of the reaction is known, only 

the largest strongly connected component has well defined average path length (Bourqui et al., 

2007), knowing this directionality allows a better reconstruction of the network reducing the 

number of reactions and restraining some pathways. There are few studies in a metagenomic level 

that take into account the topological analysis , this metagenomic systems biology approach goes 

beyond traditional comparisons and allowed the study of communities such as the human gut 

microbiome to reveal shifts associated with obesity and inflammatory bowel disease (Greenblum et 

al., 2012). 

Then the aim of this work is to identify the metabolic functionality and analyze the thermodynamic 

restrictions of the reactions involved, taking into account pH variations of the system, perform a 

flux balance analysis with three different objective functions belonging to nitrogen, sulfur and 

carbon cycling,  and perform a topological comparative analysis of the network considering the 



thermodynamic restrictions from existing genomic sequenced samples of the “El Coquito” hot 

spring located at the “Parque Nacional de los Nevados” in Colombia,  

2 Methods  

2.1 Metabolic functionality 

The genomic data was obtained in a previous work; the sample was collected from superficial 

running stream water at “El Coquito” hot spring, the DNA extracted was prepared for amplification 

through pyrosequencing of the V5-V6 hypervariable regions obtaining matches for bacterial and 

archaeal sequences and subjected to a cleaning and assembling process. The coquito dataset 

contains 53487329 base pairs with an average length of 190 base pairs (Bohorquez et al., 2012).  

The sequences were translated with the EMBOSS tool sixpack leaving the wider coverage ORFs 

(open reading frames). We determined the metabolic functionality with the methodology proposed 

by Pinzon (mTools) (Pinzón et al., 2011), all sequences from the ENZYME database were 

extracted and classified according to its EC classification. Specific modules, for each 

classification, were identified using MKDOM. Finally, identification of module profiles as well 

as profile searches were performed using rpsblast. Then we obtained a list of reactions associated 

to the metabolic pathways and enzymes. 

2.2 Reaction reversibility 

To determine the reversibility of the reactions the method of group contribution was used as 

proposed by Henry (Henry et al., 2006; Jankowski et al., 2008), In group contribution method, the 

molecular structure of a single compound is decomposed into a set of smaller molecular 

substructures based on the hypothesis that    
   and    

  can be estimated using a linear model 

where each model parameter is associated with one of the constituent molecular substructures (or 

groups) that combine to form the compound. This method uses one of the most common measure 

used for assessing thermodynamic feasibility:    
   this energy can be calculated with equation 1. 

   
  ∑       
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Where,     
  : standard Gibbs free energy of formation of compound i, R: universal gas constant, T: 

temperature, m: number of compounds involved in the reaction, xi: activity of the compound i, and 

ni: stoichiometric coefficient of compound i in the reaction. (ni is negative for reactants and positive 

for products).  

The cellular activity is on the order of 1mM, hence, using     
   for the assessment of the 

thermodynamic feasibility of metabolic reactions is not ideal as this assumes the activity of every 

metabolite is 1 M. a better measure of the thermodynamic feasibility of reactions in biological 

systems is the standard Gibbs free energy change of reaction based on a 1mM reference state, 

    
  , calculated by setting every xi value in equation 1 equal to 1mM. For a reaction with the 

same number of reactants and products (∑      ), not including hydrogen or water,     
  is equal 

to     
  . If  ∑     is not equal to zero,     

  and     
   can be substantially different: 



In equation 1       
   is defined as: 
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Where       
   is the estimated    

  ,      
   is the contribution of subgroup i to       

         is the 

number of instances of subgroup i in the compound, and     is the number os molecular subgroups 

for which      
  is known. Similarly,     

   is estimated by summing the contribution of each 

structural subgroup created or destroyed during the reaction and adding a correction term for the 1.0 

mM reference state 
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Where       
  is the estimated     

  ,       is the number of subgroup i created during the reaction, 

   is the stoichiometric coefficient of compound j in the reaction, and m is the total number of 

compounds in the system,       is negative when a subgroup is destroyed during the reaction 

BNICE (Biochemical Network Integrated Computational Explorer) (Hatzimanikatis et al., 2005) 

was utilized to carry out the calculation of which of the reactions in the metagenome were 

reversible based on the group contribution method described above. To evaluate the effects of pH in 

the calculation, the values of pH were set at 2, 3, 4, 5, 7 and 8.  

2.3 Flux Balance Analysis 

To perform the FBA the metabolic network is described by a stoichiometric matrix (S), where each 

row is a metabolite and each column is a reaction, the positions in the matrix represent the 

stoichiometric coefficient (aij ) of a metabolite j in the reaction i, this coefficient is positive if the 

metabolite is a reaction product and is negative if the metabolite is a reactant.  

The flux through all of the reactions is represented by the v vector, corresponding to the n number 

of reactions. The optimization problem aims to solve the maximization of the flux through the 

reactions involved in nitrogen, sulfur and carbon cycling (table 1). 

We defined an objective function       where c is a vector of zeros with the number 1 in the 

position corresponding to the objective function reaction; the optimization problem is defined by: 
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Where S is the stoichiometric matrix, v is the flux vector, LB is the lower bound, UB is the upper 

bound, c is a vector of zeros that sets the objective function (nitrogen, sulfur or carbon) and Ri is a 

representation of the total amount of reactions. 

Once the objective functions were defined we also identified the reactions surrounding the reaction 

we wanted to maximize (in the metabolic pathway), this to determine the upper bounds that could 

be subjected to variations. The values for upper and lower bounds were 1000 and 0 mmol/gDW.h 

respectively, except for the surrounding reactions in which case the upper bound was 100 this value 

was selected after varying the upper bound from 1000 to 100 mmol/gDWh where we finally 

obtained an optimal solution . To solve the linear problem we used the Xpress MP tool.  

2.4 Topological analysis  

Cohesiveness, perturbations response, and path redundancy was evaluated by calculating the 

clustering coefficient, average path length respectively. These were calculated supposing all 

reactions reversible and considering thermodynamics restrictions in order to elucidate the effect of 

reversibility. To perform these analyses we utilized the Cytoscape platform (Doncheva et al., 2012) 

3 Results and discussion 

3.1 Metabolic functionality  

To evidence the metabolic composition and functionality we determined the amount of metabolisms 

and reactions of the sample, the classification shows a variety of sub metabolisms which correspond 

to a sub classification of the main metabolism classification present in KEGG. Through this 

classification it is possible to infer which of the metabolic pathways are present and play a main 

role in “El Coquito” sample (Table 2). 

The metabolic frequencies make reference to the amount of reactions corresponding to each 

metabolism (Figure 1a), this is a measure of which metabolism is highly represented after a 



metabolic reconstruction. We were able to found a wide variety of essential metabolisms like amino 

acids and glycans synthesis, and xenobiotic degradation, it is remarkable the presence of the gama-

hexachlorocyclohexane degradation route in the sample.  

I a previous work we established the metabolic functionality of a rizosphere soil associated 

metagenome GOLD CARD: Gs0002298 (Figure 1b), Nevertheless it is not possible to fully 

compare in a quantitative way “El coquito” sample with the rizhosphere soil metagenome, mainly 

due to the techniques of sequencing. However it is possible to determine the kind of metabolisms 

present in both samples. We could find the presence of carbohydrates metabolism being in both 

cases the most representative metabolism, as well as the energy metabolism among others. (Figures 

1a and 1b). This behaviour is consistent with several studies that have shown that despite of the 

strong environmental heterogeneity in metagenomic samples the metabolic composition frequency 

tends to remain the same, an example of this is the metabolic composition found in four 

metagenomic libraries derived from Coorong lagoon sediment (Jeffries et al., 2011) and the 

functional profiling of nine biomes (Dinsdale et al., 2008). 

There is a bias in the metabolic identification of metagenomic samples, this is directly related to the 

fact that the comparisons are made against databases of already sequenced organisms and known 

proteins.  

3.2 Reaction reversibility  

The Thermodynamic restriction of reaction reversibility was applied to the total reactions, after this 

we obtained a smaller system in terms of the stoichiometric matrix leading a smaller number of 

reactions. Out of the 1930 reactions it was found that that an average of 12% of the reactions was 

irreversible at different values of pH (Fig 2).  

In terms of reaction reversibility, at pH values of 2 and 3 we found the lower number of irreversible 

reactions, this is possible due to the natural conditions of the sample, “el Coquito” hot spring is 

known for its low values of pH (Bohorquez et al., 2012).  In terms of energy metabolism 13 out of 

the 56 reactions were found irreversible and these reactions belong to: the Calvin cycle, the 

reductive pentose phosphate cycle and the reductive citric acid cycle associated to carbon fixation, 

the nitrogen and ammonia assimilation related to nitrogen cycling, and the reactions belonging to 

sulphur reduction in the sulphur cycle. 

3.3 Flux Balance Analysis for the biogeochemical cycling reactions 

We identified the different objective functions (Table 1) that were involved in the biogeochemical 

cycling of nitrogen, sulfur and carbon (Figure 3), in the three scenarios we were able to find and 

optimal solution. In each case the percentages correspond to the amount of flux represented in each 

metabolism 

In the case of nitrogen fixation there is a 25% of nitrogen metabolism fluxes present in the sample 

along with other metabolism that involve nitrogen compounds such as the cyanoaminoacid 

metabolism, present in a 12%, In the case of Sulphide disproportionation the major flux 

contribution is present due to the glycerolipid metabolism (34%) and to nitrogen metabolism (25%), 



the presence of glycerolipid pathways could be due to the need of sulphur compounds as precursors 

of the metabolic pathway. In the case of carbon fixation we also found an interesting contribution 

from nitrogen and methane metabolism, and carbon fixation in prokaryotes. 

We were also able to determine the correlation between metabolic frequencies (Figure 1) and the 

metabolic fluxes for the biogeochemical cycling of nitrogen, sulfur and carbon (Figure 4) 

Once the metabolic map was obtained and the thermodynamic restrictions established the reactions 

for objective functions were determined (Table 1), biomass synthesis constitutes the usual  

maximization target (Chaganti et al., 2011) nevertheless biomass growth is not necessarily a priority 

for the system, ecosystems like “El Coquito” display  high dependency on the availability of 

nutrients and perturbations of the environment, then, three reactions were selected as objective 

functions and are related to nitrogen fixation, sulphide disproportionation and methanogenesis. 

Moreover the values of fluxes are no representative but the metabolic pathways found in each case 

show the influence of changing the objective function, interestingly we found the presence of 

nitrogen metabolism fluxes for the three objective functions proposed, this biological process is a 

complex interplay among many microorganisms catalyzing different reactions mainly because the 

bacteria need to transform the nitrogen compounds in order to utilize them, in biological world, 

nitrogen is found in many oxidation states from nitrate to ammonia.  

In the case of nitrogen objective function we observed a consistency between number of reactions 

and flux percentage, the flux percentage is the amount of flux found for each objective function 

corresponding to each metabolism, the cases for where the percentage of flux and number of 

reactions is proportional to each other where: nitrogen, methane, pentose phosphate and histidine 

metabolism, on the other hand for arginine and proline metabolism the contribution in terms of flux 

is considerably low in contrast with the number of reactions associated to this metabolism, this is 

explained from the correlation between amino acid synthesis (arginine and proline) and nitrogen 

fixation. In the case of sulfur objective function we found consistency in nitrogen, histidine and 

arachidonic acid metabolisms, a considerably higher contribution in terms of flux percentage 

belonging to lipids metabolism and a minor contribution of flux percentage for fatty acids and 

methane metabolisms. Finally in the case of carbon objective function we found consistency in 

nitrogen and carbon fixation metabolisms and a higher contribution of flux percentage for methane 

and folate metabolism, it is remarkable the presence of methane metabolisms and its flux 

contribution because it is involved in the carbon fixation processes in prokaryotes. In the three cases 

selected we found the presence of nitrogen metabolism to be consistent with the number of 

reactions associated to this metabolism, this shows that with the three different objective functions 

we obtained a flux contribution related to the nitrogen cycle. The presence of nitrogen cycling 

fluxes in “El coquito” sample evidences the metabolic activity of the environment and also shows 

the influence of the nitrate fixation processes found in “El coquito”.  

3.4 Topological comparison including reaction reversibility 

For both cases, with and without thermodynamic restrictions of the system we found the same 

neighbor connectivity (Figure 5), we also found the main parameters of the network to perform a 

comparison between the two cases of study: with and without thermodynamic restrictions (Table 3). 



Also we identified the nodes with highest clustering coefficient and the metabolism in where they 

were involved, moreover we show the metabolites of interest related to biogeochemical cycling or 

energy metabolism (Table 4). 

Metabolic networks tend to follow a free scale network behavior represented by a neighbor 

connectivity or degree distribution that follow the power law (Fig. 5) this means that there is a high 

diversity in the node degree and there is not a “typical node” that represents the rest of the 

nodes(Albert, 2005), unlike exponential networks scale-free networks are extremely heterogeneous, 

their topology is dominated by a few highly connected nodes (hubs) which link the rest of the less 

connected nodes to the system (Jeong et al., 2000). The clustering coefficient shows the 

cohesiveness of the neighborhood of a node, quantifies how close the local neighborhood is to being 

part of a clique, a region of the graph where every node is connected to every other node (Albert, 

2005), in this case we found a higher clustering coefficient for the network with reversibility which 

could mean that this network possess a higher level of grouping between nodes and it is likely to 

find some nodes belonging to sub graphs that represent particular metabolisms in the ecosystem. 

Also we found a shortest path length (3.392) for the network reconstructed involving 

thermodynamic restrictions; this means that the network has a highest level of reaction to 

perturbations, therefore including the thermodynamic restrictions in the metabolic reconstructions 

improves the results obtained, giving as a result a network more curated and with an improvement 

in the parameters calculated (clustering coefficient and shortest path length). On the other and the 

nodes or metabolites that show cluster coefficients of one are the ones with most cohesiveness in 

the network, we found one metabolite belonging to nitrogen metabolism and two related to carbon 

fixation (consistent with the FBA), this confirms the dependence of the ecosystem related to 

nitrogen and carbon cycling. The other metabolites with a clustering coefficient equal to one belong 

to metabolisms highly represented on the network, such as the folate metabolism (also present in the 

FBA maximizing carbon fixation) this is explained due to the need of folate for the production and 

maintenance of new cells. 

4 Conclusions 

It was found a high influence of Nitrogen cycling in the sample, since we found its presence in the 

three analyses performed 

The less number of reversible reactions was found at values of two and three; this was expected due 

to the environmental conditions of the sample.  

The FBA allowed us to determine which metabolism are more susceptible to changes in the sample, 

when the three different objective functions were maximized. 

It was possible to determine a difference when the thermodynamic restrictions where included, this 

being proved in the topological analysis where the parameters showed an improvement when the 

irreversible reactions where considered. 

It was found to be useful the integration of the three tools (metabolic reconstruction, FBA and 

topological analysis) in terms of studying the metagenomic sample. 



Despite of the strong environmental heterogeneity in metagenomic samples the metabolic 

composition frequency tends to remain the same. 

5 Perspectives 

The analysis of metabolic networks implies integrating all the tools available. Within this work 

three different strategies were utilized, metabolic reconstructions, flux balance analysis and 

topological approaches; these allowed us to found that the restrictions that are taken into account 

can affect the results and provide a better understanding of the system. Since the available data on 

the databases is increasing every day it is possible to perform better reconstructions of these 

unknown networks. Also it is necessary to perform a dynamic flux balance analysis due to the 

variation of the conditions of the “El Coquito” ecosystem through the time.  
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FIGURES 

 

Figure1a. Metabolic frequencies in "El Coquito" sample 

 

Figure 1b. Metabolic frequencies in the ryzosphere soil sample 

 



 

Figure 2. Percentage of irreversible reactions at different values of pH 
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Figure 3. Flux percentages found after the FBA a) Nitrogen b) Sulfur c) Carbon 
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Figure 4. Comparison between the metabolic frequencies found in the metabolic reconstruction and the flux 

percentage found through the FBA a) Nitrogen b) Sulfur c) Carbon 

 

 

Figure 5. Figure 5. Neighbor Connectivity 
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Table 1. Nitrogen, Sulfur and Carbon cycling reactions 

Pathway 
Definition 

Nitrogen metabolism  

NH3 + 2 H2O + 6 Oxidized ferredoxin 

<=> Nitrite + 6 Reduced ferredoxin + 6 

H
+
 

Sulfur metabolism 
Hydrogen sulfide + 3 NADP

+
 + 3 H2O 

<=> Sulfite + 3 NADPH + 3 H
+
 

Carbon fixation 
ATP + Acetate <=> ADP + Acetyl 

phosphate 
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Table 2. Metabolic composition and functionality of the El Coquito sample 

Type of metabolism 
Representative type of sub 

metabolism 

Percentage of reactions 

associated to the sub 

metabolism 

Carbohydrate Starch and sucrose 13% 

Lipids 
Glycerophospholipids and 

Glycerolipids 
14% 

Amino acid Arginine and Proline 16% 

Complex amino acids Seleno Amino acids 28% 

Glycans Peptidoglycans biosynthesis 36% 

Vitamins and cofactors Porphyrin and chlorophyll 20% 

Terpenoids and poliketids Diterpenoids biosynthesis 33% 

Synthesis of secondary 

metabolites 
Isoquinoline alkaloid biosynthesis 25% 

Xenobiotic degradation Gama-Hexachlorocyclohexane 15% 

 

 

Table 3.Topological parameters of the network 

Parameter 

Reactions with 

thermodynamic 

restrictions 

Reactions Without 

thermodynamic 

restrictions 

Clustering coefficient 0.119 0.072 

Characteristic path length 3.392 3.531 

Avg. number of neighbors 4.751 4.751 

Number of nodes 1299 1299 

 

Table 4. Nodes with clustering coefficient equal to 1 

Node / metabolite (KEGG 

code) 

Name Pathway 

C01089 (R)-3-Hydroxybutanoate Butanoate metabolism 



C00297 Sulfide 
Selenocompound 

metabolism 

C05929 
10-Formyl-THF-

polyglutamate 
Folate metabolism 

C01353 Carbonic acid Nitrogen metabolism 

C03743 
1,2,3,5-

Tetrahydroxybenzene 
Aminobenzoate degradation 

C00369 Starch Carbon fixation 

C00566 (3S)-Citryl-CoA Carbon fixation 

C00319 Sphingosine Sphingolipid metabolism 

 


