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Abstract 10 

Anaerobic mixed-culture fermentations are interesting processes to valorise organic wastes 11 

by converting them to volatile fatty acids. One of the main issues is that certain operational 12 

conditions (e.g. pH or different substrate concentrations) can vary significantly the product 13 

spectrum. So far, there are no tools that take into the account the characteristic features of 14 

cofermentation processes, which hinders the possibility of designing processes that use real 15 

wastes as substrates. In this work a mathematical model was developed for the production 16 

of volatile fatty acids from organic wastes with a high concentration of carbohydrates and 17 

proteins. The model reproduces satisfactorily experimental results and is also able of giving 18 

mechanistic insight into the interactions between carbohydrates and proteins that explain 19 

the observed changes in the product spectrum. We envision this model as the core of an 20 
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early-stage design tool for anaerobic cofermentation processes, as shown in this work with 21 

different examples. 22 

Keywords: mixed culture cofermentation; volatile fatty acids production; metabolic 23 

modelling; process design 24 

1. INTRODUCTION 25 

Anaerobic mixed-culture fermentations (MCF) are processes gaining interest due to their 26 

potential to valorise organic residues through the production of volatile fatty acids (VFA). 27 

This family of molecules has an increasing market demand of more than 15000 kton per 28 

year and are important building block chemicals suitable for producing high added-value 29 

bioproducts such as bioplastics (Agler et al., 2011; Atasoy et al., 2018; Kleerebezem et al., 30 

2015). In MCF undefined mixed cultures of microorganisms are used rather than pure 31 

cultures due to its important economical (no sterilisation is needed) and technical 32 

advantages (mixed cultures are more robust and functionally diverse (Carballa et al., 2015)). 33 

However, the use of undefined mixed cultures also presents specific challenges that hamper 34 

the design of bioprocesses based on MCF and hinder their industrial establishment. 35 

One of the main challenges of using mixed cultures in anaerobic fermentations is 36 

the significant variability of the product spectrum with the operational conditions (e.g. pH 37 

or substrate composition). Although this is an interesting feature, as it opens the possibility 38 

of directing the process towards different end products by modifying some design 39 

parameters, it also requires a large number of experiments for process design and 40 

optimisation. In this regard, metabolic energy-based models have been proved to predict 41 

and mechanistically explain the stoichiometry of glucose (González-Cabaleiro et al., 2015) 42 

and proteins continuous MCF (Regueira et al., 2019) and stand as useful tools in the design 43 

of MCF processes. These models rely on the assumption that selective pressures in 44 
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anaerobic fermentations drive microorganisms to yield products that maximise the energy 45 

harvested from the substrate. In consequence, in these conditions, those VFA associated 46 

with a high ATP yield are likely to dominate the product spectrum. 47 

Real wastes with potential to be used as substrates in MCF are usually composed of 48 

more than one component (carbohydrates and proteins mainly) as for example dairy or 49 

certain canning industry wastewaters. In a previous contribution (Regueira et al., 2019) we 50 

proposed that the different amino acids (AA) of a protein compete for shared resources 51 

(i.e. reductive power) and that their individual conversion stoichiometries to VFA depend 52 

on the relative concentrations among AA and on environmental conditions (e.g. pH). Our 53 

hypothesis is that the addition of a different substrate (glucose) would change these VFA 54 

conversion stoichiometries since it provides an extra source of reductive power. For 55 

example, acetate is the product associated with the highest ATP yield on glucose 56 

fermentation, but not all glucose can be converted to acetate since the electron balance 57 

would not be closed (acetate pathway has a net NADH production) and as a consequence 58 

other VFA are always produced together with acetate (Regueira et al., 2018). But if glucose 59 

was fermented together with proteins, glucose fermentation could be shifted largely to 60 

acetate as the NADH produced in its fermentation could be consumed in some of the AA 61 

fermentation pathways. In this way, the product spectra of both glucose and protein 62 

fermentations would likely change in response to the different ways of allocating the 63 

reductive power in their catabolism. As a result, the stoichiometry of cofermentation 64 

processes is likely to differ from the addition of the monofermentation stoichiometries of 65 

glucose and protein.  66 

Cofermentation processes feature then an extra degree of freedom that can be 67 

exploited to drive the process towards the desired products. Carbohydrates and proteins 68 
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cofermentation has already been studied from an experimental point of view but only in a 69 

descriptive manner and without seeking for a mechanistic explanation of the changes 70 

observed in product spectrum  (Alibardi and Cossu, 2016; Arslan et al., 2016; Breure et al., 71 

1986b, 1986a). Previous modelling works in literature focused on the production of 72 

methane and dismissed interactions between proteins and carbohydrates in their 73 

fermentation to VFA (Angelidaki et al., 1999; Batstone et al., 2002b).  74 

The objective of this work is to develop a metabolic model for the targeted 75 

production of VFA by mixed culture cofermentation of carbohydrates and proteins. The 76 

aim of the model is twofold: i) to predict the stoichiometry of the process at different 77 

operational conditions, with a special focus on pH and the proportion between 78 

carbohydrates and proteins in the feeding, and ii) to give insight on the interaction 79 

mechanisms between substrates in cofermentation scenarios and their effect on the 80 

stoichiometry of the process.  81 

2. MODEL DESCRIPTION 82 

The model is based on the dynamic mass balances (available in the Supplementary data) of 83 

the different compounds (states) in a continuous stirred tank reactor (CSTR) and it was 84 

developed extending the framework described by Regueira et al. (2019) for protein MCF. It 85 

encompasses 68 states: 24 intracellular compounds, 40 extracellular compounds in the bulk 86 

reactor, 4 gaseous compounds and biomass. For simplicity, protein hydrolysis is omitted in 87 

the model and is directly considered a mixture of AA, as the limiting step in protein 88 

fermentation is AA fermentation (Duong et al., 2019). Intracellular substrate 89 

concentrations are assumed constant at a value of 0.1 mM. There are 99 possible reactions, 90 

resulting in a 68x99 metabolic network matrix. Amongst all the reaction rates 22 of them 91 

are independent, i.e. depending solely on model states, that represent compound 92 
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concentrations. It is assumed that the substrate for the system consists of glucose as 93 

carbohydrate and gelatine as protein, although simulating other protein sources is 94 

straightforward if their AA compositions are known. The AA profile selected for the 95 

gelatine is the same as in Regueira et al. (2019) and can be found in the Supplementary data. 96 

2.1 Model hypotheses 97 

• The microbial community is assumed to be dominated by generalist 98 

microorganisms. In a two-substrate reactor the microbial community could be also 99 

dominated by two specialist microorganisms. Although specialist microorganisms 100 

can only consume one substrate, they generally have faster substrate uptake rates. 101 

However, following the chemostat theory, in a CSTR reactor the microbial 102 

competition is ruled largely by the affinity constant. In this way, assuming that the 103 

generalist and specialists populations have similar affinities for the substrates, a 104 

generalist population may outcompete the two-specialist community as it can lower 105 

to a greater extent the residual concentration of the two substrates (Kuenen, 1983; 106 

Rombouts et al., 2019b). Moreover, we developed a simplistic competition model 107 

and it proved that generalists might dominate the community unless one of the 108 

substrates is in large abundance, an unlikely scenario for typical mixed organic 109 

wastes (data not shown). In this way, common metabolites in glucose and gelatine 110 

conversion pathways are shared, such as pyruvate or the electron carrier NADH. 111 

The community structure is then likely to have a strong impact on the model 112 

outcome as competition for shared resources (e.g. reductive power) between 113 

glucose and gelatine conversion pathways is expected to take place. 114 

• The mixed microbial community is modelled following an “enzyme soup” 115 

approach. The whole community is considered to be a single virtual microorganism 116 
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and, in contrast to a compartmentalisation approach, it ignores entirely species 117 

boundaries (Biggs et al., 2015). In this way, all metabolites are available equally to all 118 

the members of the community and all cells are capable of performing all the 119 

metabolic functions (i.e. it is implicitly assumed that all organisms exploit the 120 

environment in the same way and have the same metabolic potential) (Perez-Garcia 121 

et al., 2016). This approach is more appropriate to model natural microbial systems 122 

in which the species knowledge is very limited and in environments where new 123 

species are entering the system in the feeding and are functionally redundant (Biggs 124 

et al., 2015; Carballa et al., 2015).  125 

• Fermentations carried out in conditions of substrate scarcity (as in a properly 126 

operated CSTR) are low-energy environments (González-Cabaleiro et al., 2013; 127 

Schuetz et al., 2007). In these conditions, we assumed that microorganisms select 128 

the conversion pathways in order to maximise the ATP yield on the substrates 129 

(Molenaar et al., 2009; Perez-Garcia et al., 2016). It is also expected that the 130 

possible kinetic differences among substrates do not have a strong influence on 131 

pathway selection. Thus, the parameters of the Monod equation are set equal for all 132 

AA-consuming and glucose-consuming pathways. 133 

• Protein consumption rate is modelled to be slower than that of glucose 134 

consumption. As seen in experimental evidence, protein consumption is generally 135 

slower than glucose consumption (Batstone et al., 2002a; Breure et al., 1986b, 136 

1986a) which could influence the process stoichiometry through the production or 137 

consumption rates of shared metabolites (e.g. NADH). To define the relationship 138 

between the protein and glucose consumption rate, it was decided to use the Gibbs 139 

free energy (ΔG) of the conversion reactions as an indirect indicator, since other 140 

information was not available. In environments with reactions close to the 141 
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thermodynamic equilibrium the rate of a reaction is positively correlated with the 142 

ΔG of the reaction (LaRowe et al., 2012). The ratio between the maximum 143 

consumption rate of glucose and of each AA was set equal to the ratio between the 144 

average ΔG at standard biological conditions (pH 7 and metabolic concentrations 145 

of 1 mM) of all the featured glucose conversion pathways and all the AA 146 

conversion pathways, normalised by the number of steps on each pathway (Eq. 1).  147 

𝑞𝑞𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚

𝑞𝑞𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚
=

1
𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺

· ∑
𝛥𝛥𝛥𝛥𝑔𝑔𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺,𝑖𝑖

′𝑚𝑚

𝑘𝑘𝑔𝑔𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺,𝑖𝑖
𝑖𝑖

1
𝑛𝑛𝐴𝐴𝐴𝐴

· ∑
𝛥𝛥𝛥𝛥𝐴𝐴𝐴𝐴 𝑗𝑗,𝑘𝑘

′𝑚𝑚

𝑘𝑘𝐴𝐴𝐴𝐴 𝑗𝑗,𝑘𝑘
𝑗𝑗,𝑘𝑘

= 1.5 (1) 

Where qmax is the maximum consumption rate, ΔG’m is the reaction Gibbs free 148 

energy at standard biological conditions, k is the number of metabolic steps of 149 

pathway i and n is the number of pathways. The subscript i, j and k denote the 150 

different glucose conversion pathways, the different AA and their different 151 

conversion pathways, respectively. 152 

Glucose pathways have on average almost a 50% higher absolute value of ΔG than 153 

those of AA degradation. Therefore, glucose maximum consumption rate 154 

coefficient in the Monod equation was set 50% higher than that of the AA. We 155 

consider the maximum uptake rate as 0.75 mol Lx
-1

 h-1 for glucose and 0.50 mol Lx
-1

 156 

h-1 for all the AA, which are similar to experimentally observed values (Fernández 157 

et al., 2011; Pavlostathis and Giraldo-Gomez, 1991; Ramsay, 1997). The affinity 158 

constant is set equal for all substrates at 1 mM. 159 

• The different substrates might not be consumed due to energetic or 160 

thermodynamic reasons: if the conversion pathways of a substrate are all 161 
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endergonic or if converting one substrate is detrimental for the global energy 162 

harvest rate even when its ΔG value is negative. This limitation is expressed in the 163 

model as a continuously variable uptake rate for each of the substrates. 164 

2.2 Solution strategy 165 

The mass balances of the different compartments considered in the reactor (intracellular 166 

and extracellular space and gas phase) are available in the Supplementary data together with 167 

a schematic representation of the cellular processes considered in the model. More 168 

information on how each term is determined can be found in (Regueira et al., 2019). 169 

The objective function used in the optimisation problem aims to maximise the 170 

global ATP production rate from the substrates. The net ATP production includes the 171 

ATP produced in catabolism and the ATP spent in the active transport of compounds. The 172 

solution is constrained by NADH conservation: its production and consumption must be 173 

balanced within the catabolism because there is no external electron acceptor that could act 174 

as an electron sink (NADH consumption or production in the anabolism is considered 175 

negligible). As the microbial community is modelled following the enzyme soup approach, 176 

the NADH conservation constraint is applied to the whole set of catabolic reactions, 177 

protein and glucose altogether. Thus, the optimisation problem to be solved can be 178 

expressed as follows (Eqs. 2-5): 179 

max
𝑧𝑧

 𝑟𝑟𝐴𝐴𝐴𝐴𝐴𝐴(𝑧𝑧) (mol ATP/LX·h) (2)  

 rNADH (z) = 0 (mol NADH/LX·h) (3) 

 0≤zi,j≤1  (4) 
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 �𝑧𝑧𝑖𝑖,𝑗𝑗 = 1
𝑗𝑗

,   𝑖𝑖 = 1, … ,𝑛𝑛𝐺𝐺𝐺𝐺𝑠𝑠𝐺𝐺𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠𝐺𝐺𝐺𝐺 
(5) 

Where: rATP and rNADH are the global ATP and NADH production rates, respectively, and zi,j 180 

are the elements of the matrix of decision variables. They represent the yield of the 181 

different metabolic branches of the different substrates (AA and glucose). Concretely, zi,j is 182 

the yield of the metabolic branch i of the jth substrate and varies continuously between 0 183 

and 1. For each of the substrates there is a branch representing a null reaction.  184 

The model of the reactor can be solved to steady state as a system of 68 nonlinear 185 

algebraic equations. Our modelling approach is similar to a dynamic FBA (dFBA) as the 186 

reactor state concentrations are modelled dynamically and the stoichiometry of the system 187 

is determined by a time-varying linear programming optimisation problem (Mahadevan et 188 

al., 2002; Perez-Garcia et al., 2016; Zhuang et al., 2011). Testing Newton-based methods 189 

for the solution of the system of nonlinear algebraic equations, a tendency to get stuck in 190 

local solutions or be driven to infeasible states (e.g. negative concentrations) was observed. 191 

To tackle these issues, pseudo-time stepping was chosen as heuristic solving method as 192 

previously reported by Ceze and Fidkowski (2015) whereby the algebraic system of 193 

equations is formulated as a system of ODEs. This system of ODEs was solved until 194 

steady state by the Matlab command ode15s.  Steady state was assumed when all the state 195 

absolute derivatives values were under 1e-6 mol L-1 h-1.  196 

2.3 Metabolic network  197 

Glucose consumption pathways cover the conversion to the most typical end products 198 

observed experimentally (Rombouts et al., 2019a; Temudo et al., 2007): acetate, propionate, 199 

butyrate, ethanol, succinate and lactate.. There are 17 AA considered in the metabolic 200 

network: alanine (Ala), arginine (Arg), asparagine (Asn), aspartate (Asp), cysteine (Cys), 201 
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glutamate (Glu), glutamine (Gln), glycine (Gly), histidine (His), isoleucine (Ile), leucine 202 

(Leu), lysine (Lys), methionine (Met), proline (Pro), serine (Ser), threonine (Thr) and valine 203 

(Val). The end products in this network are acetate, propionate, iso-butyrate, n-butyrate, 204 

iso-valerate, n-valerate, iso-caproate and ethanol. Among all the possible conversion 205 

pathways for each of the different AA, those most often reported in literature for anaerobic 206 

AA degraders and most likely to occur in fermentative environments were included in the 207 

metabolic network (detailed information on AA pathways can be found in Regueira et al. 208 

(2019)). The butyrate-forming pathways arising from glucose and AA include the possibility 209 

of electron bifurcation (EB) mechanism, as found in (Regueira et al., 2018). Two 210 

possibilities are considered to describe the NADH-mediated crotonyl-CoA reduction to 211 

butyryl-CoA. On the one hand, EB mechanism as described in (Buckel and Thauer, 2013) 212 

is considered, implying an extra NADH consumption. On the other hand, the non-EB 213 

mechanism with energy conservation via a proton translocation is also included in the 214 

network as proposed by Li et al. ( 2008). 215 

Two electron carrier couples are considered in the network: ferredoxin (Fdred/Fdox) 216 

and NADH/NAD+. The ferredoxin couple is only related to high energy metabolic steps 217 

such as decarboxylations (as in pyruvate conversion to acetyl-CoA) and is considered to be 218 

oxidised producing H2 or formate. On the contrary, the couple NADH/NAD+ has to be 219 

balanced among the metabolic pathways. NAD+ to NADH ratio is set fixed to a value of 220 

10. The electron carrier couple FADH2/FAD is not explicitly considered in the metabolic 221 

network as it is considered a prosthetic group acting as an intermediate in electron 222 

transport chains in enzymatic complexes catalysing the crotonyl-CoA reduction to butyryl 223 

Co-A and the fumarate reduction to succinate (Buckel and Thauer, 2018, 2013; Kröger et 224 

al., 1992; Lancaster et al., 1999). In these cases, only the initial electron donor, NADH, is 225 

considered. 226 
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3. RESULTS AND DISCUSSION 227 

Firstly, how the model simulates the dependency of the different VFA yields on substrate 228 

composition and reactor pH is presented. Then, these results are analysed to obtain a 229 

deeper mechanistic insight on substrate interactions in cofermentation processes. Finally, 230 

the model is tested against the few currently available experimental data and the sources of 231 

uncertainty of the model are identified. 232 

3.1 Influence of pH and substrate composition on product spectrum 233 

The proportion between the different substrates (glucose and gelatine in our case) is a 234 

characteristic design parameter of cofermentation processes and it is expected to affect 235 

importantly the global stoichiometry of the system, as previously reasoned. Additionally, 236 

pH is one of the design parameters with the highest impact on product spectrum and it is 237 

as well one of the easiest to manipulate in a reactor. Its influence was already tackled 238 

successfully with previous energy-based models in the monofermentation of glucose 239 

(González-Cabaleiro et al., 2015) and protein (Regueira et al., 2019). Thus, a CSTR was 240 

simulated with a dilution rate of 0.1 h-1 for a range of pH values (from 4 to 8.5 with 0.25 241 

increments) and for a range of concentrations of a protein (gelatine) and a carbohydrate 242 

(glucose) in the feeding from 0 to 10 g/L (with 0.5 g/l increments, keeping a total substrate 243 

concentration of 10 g/L).  244 

Simulation results indeed show that both design parameters affect the yields of the 245 

different VFA (Fig. 1). For example, fermentations at acidic pH and at low protein to 246 

glucose protein ratio clearly favour n-butyrate yield, which attains a maximum value of 0.4 247 

g n-butyrate/g substrate (Fig. 1C). On the contrary, high protein to glucose ratio and basic 248 

pH values are interesting when acetate is the targeted VFA (Fig. 1A). Propionate has a 249 

different behaviour and its yield is maximised at neutral pH values at low protein to glucose 250 
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ratios or at high protein to glucose ratios, regardless of the pH value (Fig. 1B). Other VFA 251 

are affected differently by both parameters. For example, n-valerate is positively correlated 252 

with protein concentration almost linearly and the pH has a very limited effect in its value 253 

(data not shown).  254 

<Figure 1 should be placed approximately here> 255 

Substrate conversion is also affected and varies between 99.8% and 95.3% for 256 

glucose and between 99.6% and 79.4% for protein in mass basis. Glucose conversion is 257 

mainly only affected by pH and it is maximum at neutral and high pH values since the low 258 

biomass concentration at acidic pH values limits the conversion. Overall glucose 259 

conversion is predicted to be almost complete regardless of the operational conditions, 260 

showing that glucose is a more energetic substrate than protein (its conversion provides 261 

more energy than protein and therefore it always consumed with priority). Protein 262 

conversion, on the contrary, is both affected by pH and protein to glucose ratio 263 

(Supplementary data). Its value is lower at medium protein to glucose ratio, as at these 264 

conditions some AA are not consumed catabolically due to energetic reasons (see section 265 

3.2). Finally, acidic pH values affect negatively protein conversion, for the same reason as 266 

glucose. Overall these values should be interpreted as the maximum values from a 267 

thermodynamic and bioenergetic point of view, as the model does not consider any kinetic 268 

inhibition affecting substrate conversion. 269 

3.2 Why substrate composition influences VFA selectivity? 270 

Model simulations provide the insight needed to explain the different trends on VFA yield 271 

observed in the simulations as a result of changing glucose and protein proportions in the 272 

feeding. Protein and glucose concentrations will be referred in terms of mass percentage 273 

with respect to the total amount of protein and glucose in the feeding. 274 



13 
 

The yield of n-butyrate is shown to be clearly affected by the relative concentration 275 

of glucose and protein at a constant pH value (Fig. 1C). For example, at pH 6.5 its yield 276 

varies from 0.26 g/g of substrate (for 100% glucose) to 0.05 g/g of substrate (for 100% 277 

protein). This behaviour is directly explained by two associated phenomena: i) most of the 278 

butyrate comes from glucose and ii) the fraction of glucose converted into butyrate 279 

increases at high glucose to protein concentration ratios (Fig. 2).  On the contrary, acetate 280 

from glucose is higher a low glucose to protein concentration ratios.   281 

<Figure 2 should be placed approximately here> 282 

The AA with the highest presence in gelatine, glutamate, follows the opposite trend 283 

as glucose: its conversion to butyrate increases with protein concentration in the feeding 284 

(Fig. 2). However, it cannot compensate the lower butyrate yields of glucose at high protein 285 

concentrations because, although the most abundant AA, it only represents 17% of the 286 

protein mass and therefore its individual conversion stoichiometry has a limited impact on 287 

the overall VFA yields. 288 

The apparent link between these changes in the conversion stoichiometry of 289 

glucose and glutamate can be found in their respective metabolic networks. Glucose to 290 

acetate is the most favourable glucose conversion pathway as it has the highest ATP yield 291 

among the other most typical options (Table 1, reactions 1-3). However, it leads to a net 292 

NADH production that must be consumed in other pathways. When glucose is converted 293 

simultaneously with protein, this NADH surplus can be consumed in some AA pathways 294 

and in this way glucose fermentation can be shifted towards acetate (Fig. 2). Glutamate is 295 

one of these NADH-consuming AA. In protein monofermentation it tends to be 296 

converted to acetate as this pathway has the highest ATP yield (Table 1, reactions 4-5). 297 

However, when glucose is also present, part of the glutamate is converted to butyrate, 298 
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utilizing the glucose-related NADH excess (reaction 4 in Table 1). The ATP missed in the 299 

glutamate to butyrate conversion is compensated by the extra ATP gained in glucose 300 

conversion. At high protein to glucose ratios, all the glucose can be directed to acetate as 301 

the excess NADH can be absorbed in protein conversion. At low protein to glucose ratios, 302 

only part of the glucose that could have been converted to butyrate is shifted to acetate as 303 

the protein can only absorb part of the NADH surplus.  304 

<Table 1 should be placed approximately here> 305 

Other AA are left unconsumed totally or partially in cofermentation scenarios as, for 306 

example, isoleucine or valine, since they are AA characterised by producing NADH in all 307 

their possible conversion pathways (Table 1, reactions 6-7). As acetate in glucose 308 

conversion also produces NADH and it is a more energetic pathway (Table 1), it is 309 

favourable from a global energetic perspective not to consume these AA even though they 310 

would marginally produce ATP. NADH competition appears then as the mechanism to 311 

explain most of the interactions, not only among the AA that make up the protein 312 

substrate, but also between glucose and the rest of AA. It was shown that the glucose to 313 

protein ratio is a parameter with a direct link with the stoichiometry of the system.  314 

In this section the interactions predicted in the simulations between a particular set 315 

of the AA (i.e. the profile chosen for gelatine) and glucose are described. However, if the 316 

protein fermented is different, other AA can be the ones interacting with glucose. For 317 

example, serine and alanine are AA very abundant in keratin and albumin, respectively, and 318 

they behave similarly to glutamate: their preferred pathway is NADH neutral but they can 319 

yield other products (e.g. butyrate or ethanol) with concomitant NADH consumption but 320 

with lower ATP yield. In this way, they could have the role of glutamate in gelatine in our 321 

simulations and interact with glucose. Here lies one of the main advantages of the model 322 
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since it is capable or simulating the cofermentation of any given protein with glucose 323 

straightforwardly. The only information needed for simulating the process is the protein 324 

profile on AA. 325 

3.3 Validation with experimental data 326 

The number of experimental data sets of protein and carbohydrate cofermentation with the 327 

needed information to validate our model is very limited. The experimental data set chosen 328 

(Breure et al., 1986b) is the only data set available in literature in which the product 329 

spectrum is reported in detail and methanisation is completely discarded. In these 330 

experiments, glucose (10 g/L) was added to the feeding of a CSTR after being fed only 331 

gelatine (5 g/L) until stabilisation at a dilution rate of 0.10, 0.15 and 0.20 h-1. As part of the 332 

protein was not hydrolysed, we considered as input for the model the AA concentration 333 

resulting from the actual protein hydrolysis. The experimental results show significant 334 

deviations in the yield of some VFA (especially in cofermentation results) but they do not 335 

follow a pattern with the dilution rate and therefore it was decided to represent the average 336 

values with their standard deviations for the sake of simplicity.  337 

Simulations were done mimicking the different operational conditions of these 338 

experiments in both mono and cofermentation scenarios and compared with the 339 

experimental results (Fig. 3). The model predicts satisfactorily well the product spectrum 340 

both in cofermentation and monofermentation experiments. Moreover, it is able to capture 341 

most part of the changes observed in product spectrum by the addition of glucose to the 342 

feeding: 343 

i) The iso forms of butyrate and valerate disappear from the product spectrum 344 

during cofermentation experiments. 345 
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ii) The yield of n-butyrate increases significantly when glucose is present as well as 346 

the yield of ethanol.  347 

iii) The propionate yield value does not change between mono and cofermentation 348 

in both the experimental data and the model results, but a considerable 349 

deviation is present on the cofermentation experimental data. Propionate is 350 

always overpredicted by the model, which could be partially explained by an 351 

overrepresentation of the AA yielding propionate (e.g. threonine or aspartate) 352 

in the gelatine profile used in the simulation.  353 

iv) The change in n-valerate yield is well estimated but the actual yields are 354 

underpredicted. It is likely that the fraction of arginine and proline in the 355 

gelatine used in the simulations is underestimated, as only these two AA can 356 

lead to valerate. 357 

v) The acetate yield decreases in cofermentation in both simulated and 358 

experimental data and is overall well predicted. 359 

<Figure 3 should be placed approximately here> 360 

Apart from a partial hydrolysis inhibition, we suspect that AA fermentation is also 361 

partially inhibited by the presence of glucose as hinted by the systematically lower carbon 362 

recovery figures in the cofermentation experiments (AA are not measured and therefore if 363 

they are present in the outlet they are considered unidentified carbon), as observed as well 364 

in other experimental data set (Breure et al., 1986a). This decrease in AA conversion is only 365 

partially captured by the model as it drops from 91% to 85% in the cofermentation 366 

simulations. As abovementioned this model does not include any kinetic limitation due to 367 

the presence of glucose and therefore only captures the changes in conversion due to 368 

energetic or thermodynamic reasons (Liu et al., 2020).  369 
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3.4 Sources of uncertainty 370 

 NADH conservation in cofermentation scenarios. The mixed microbial culture is 371 

modelled assuming that a generalist group of microorganisms dominates the community. 372 

The main implication of this assumption is that the NADH constraint in the optimisation 373 

problem (Eq. 3) is fulfilled in common by protein and glucose reactions. This means that 374 

glucose or protein consuming reactions on their own can be non-neutral in terms of 375 

NADH. However, if specialist microorganisms dominated the culture, each substrate 376 

(glucose and protein) should have an independent NADH conservation restriction, which 377 

would affect the stoichiometry of their conversion to VFA (e.g. glucose could not yield 378 

only acetate) . However, as pointed out in section 2.1 a microbial community dominated by 379 

generalists is more likely.   380 

Ratio between glucose and AA maximum consumption rate. The ratio between the 381 

maximum consumption rate of glucose and AA was determined based on the assumption 382 

that a more thermodynamically favoured reaction is faster. Reliable data that would have 383 

allowed us to determine more accurately this parameter were not available in literature. 384 

However, if this parameter is varied 50%, the main VFA yields vary less than 10% on 385 

average (data not shown), which shows a smaller sensitivity than, for example, the ratio 386 

between glucose and gelatine concentration in the feeding (Fig. 1). 387 

Unknown AA profile of the gelatine used in the literature experiments.. The exact gelatine 388 

used in the literature validation experiments and its composition on AA is not reported. As 389 

different gelatines have different AA profiles, this variation is transferred to the product 390 

spectrum simulated by the model (e.g. n-valerate is only predicted to be yielded by proline 391 

and therefore the predicted n-valerate concentration is directly linked to the proline 392 

concentration in the protein). Moreover, as pointed out in section 3.2 this also would affect 393 
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glucose fermentation stoichiometry. The AA profile used in the simulations had then to be 394 

assumed. However, the dispersion related to the different AA profiles is reduced in the 395 

product spectrum as some AA have convergent pathways leading to the same products 396 

(Supplementary data). In the case of an actual process design, the individual AA 397 

concentrations in the substrate would be measured.  398 

3.5 Use as product design tool 399 

We envision this model as a valuable tool in the design phase of cofermentation processes 400 

targeting the production of specific VFA. In this section, three design application scenarios 401 

with different purposes are presented. 402 

3.5.1 Targeting VFA through design parameters 403 

The information gathered in the exploration of the design space could also be used to 404 

design processes that maximise the production of the desired VFA. Now the pH value can 405 

be selected a priori or a feeding can be tailored to steer the process towards a particular 406 

VFA, given that a significant quantity of different wastes is available. As an example, and 407 

based on the information presented in Fig. 1, different areas can be drawn schematically on 408 

the design parameter space to provide a quick guide to target the three major VFA for the 409 

system glucose-gelatine (Fig. 4). Producing a corresponding figure for other protein sources 410 

(or protein mixes) would be straightforward with the model presented in this article, given 411 

the amino acid composition.   412 

<Figure 4 should be placed approximately here> 413 

3.5.2 Volatile fatty acids as substrates for polyhydroxyalkanoates production 414 
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VFA are the substrates in the microbial production of polyhydroxyalkanoates (PHA), a 415 

family of bioplastics. In this process, some authors consider the ratio between odd and 416 

even-carbon VFA in the feeding an important operation parameter as it might determine to 417 

a significant extent some of the final properties of the bioplastic (Lemos et al., 2006; Zhang 418 

et al., 2014). This model could be used to design the VFA production step to target a 419 

specific odd to even-carbon VFA ratio value (Fig. 5).  420 

<Figure 5 should be placed approximately here> 421 

If a very low ratio of odd to even carbon VFA is to be avoided, carbohydrate-rich 422 

mixtures at acidic or basic pH values should be avoided. Intermediate values (from 0.3 to 423 

0.5) are better attained by protein-rich mixtures of wastes, in which, in addition, the pH 424 

could be optimised following other objectives (e.g. maximum conversion) as its influence 425 

on the ratio value is very limited. 426 

3.5.3 Production of volatile fatty acids from agro-industrial organic wastes 427 

The model can also be used to design processes that valorise concrete waste streams and to 428 

decide which stream is more adequate for our purposes. Cheese whey (CW) or canning 429 

industry wastewater are examples of waste streams with a high content of proteins and 430 

carbohydrates. As a proof of concept, the conversion of these two waste streams to VFA 431 

at two different pH values is simulated (tuna cooking wastewater (TCWW) with 7.3 g/L of 432 

gelatine and 0.85 g/L of glucose and CW with 1 g/L of casein and 4 g/L of glucose). 433 

As the relative concentration of glucose and protein is different in each waste 434 

stream and they feature different proteins, both the stoichiometry and the pH effect are 435 

different (Fig. 6). CW product spectrum at pH 7 has a high presence of n-butyrate, 436 

propionate and acetate and is clearly dominated by n-butyrate at acidic pH due to the high 437 
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proportion of glucose, which is in line with the information of Fig. 1C. TCWW has a 438 

higher yield on acetate and, in general, the pH affects unevenly the yield of the different 439 

VFA. Propionate share remains almost constant as shown in Fig. 1B for feedings with high 440 

protein presence. On the contrary, acetate yield decreases at low pH while n-butyrate is 441 

favoured at acidic pH, in agreement with the tendencies observed in Fig. 1C and 1A, 442 

respectively. This opens the possibility of choosing beforehand the most interesting waste 443 

depending on the targeted VFA. If we were interested in higher acetate or propionate 444 

productions, we would choose TCWW at neutral pH. On the other hand, if butyrate is the 445 

targeted VFA, CW at low pH is the best option between these two agro-industrial waste 446 

streams. 447 

<Figure 6 should be placed approximately here> 448 

4. CONCLUSIONS 449 

A mechanistic model for the cofermentation of proteins and carbohydrates by microbial 450 

mixed cultures was developed. It reproduces satisfactorily the expected product spectrum 451 

and the effect of adding glucose to gelatine monofermentation. Special emphasis was set 452 

on explaining mechanistically the effect of different protein to carbohydrate ratios in the 453 

feeding and of pH as these parameters have a marked effect on the conversion 454 

stoichiometries. Overall, this model, together with a standard kinetic model, could be used 455 

as a tool for the early stage design of carbohydrates and proteins cofermentation processes 456 

that target the production of specific VFA. 457 
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Figure captions 604 

Fig. 1. Predicted acetate (A), propionate (B) and n-butyrate (C) yields (g VFA/g of 605 

substrate) at different pH values (vertical axis) and at different glucose and gelatine 606 

concentrations in the feeding (horizontal axis). 607 

Fig. 2. Acetate and n-butyrate concentration (mmol/L) due to glucose and glutamate 608 

conversion at pH 6.5 and at different substrate proportions. ■ butyrate from glucose ■ 609 

acetate from glucose ■ butyrate from glutamate ■ acetate from glutamate. 610 

Fig. 3. Product spectra of model and literature results at 3 different dilution ratios. A: 611 

gelatine monofermentation, B: cofermentation. ■ Model results ■ Literature results (Breure 612 

et al., 1986b). 613 

Fig. 4. Operational parameter space areas that maximise the yield of three different VFA. 614 

■ acetate ■ propionate ■ n-butyrate. Stripped areas correspond to zones in which the yield 615 

of two VFA is comparable. 616 

Fig. 5. Odd to even carbon VFA ratio in the simulation results of section 3. Odd VFA: 617 

propionate and n-valerate. Even VFA: acetate, n-butyrate, i-butyrate, i-valerate, i-caproate 618 

and ethanol (Gameiro et al., 2015). 619 

Fig. 6. Model results for TCWW and CW fermentation at a dilution rate of 0.1 h-1. Dark 620 

and light colours represent results at pH 5 and 7, respectively. ■ TCWW ■ CW. 621 

 622 

 623 

624 
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Table 1. Glucose, glutamate, isoleucine and valine conversion pathway ATP and NADH 625 

yields. YATP and YNADH are the ATP and NADH production yields at pH 7 (mol molS-1).  626 

# Reaction YATP/S YNADH/S 

1 Glucose→ But 3.3 0 

2 Glucose→ 2Ac 4.0 2 

3 Glucose→2 Pro  2.7 -2 

4 Glutamate→But 0.67 -1 

5 Glutamate→2Ac 1 0 

6 Isoleucine→iVal 0.25 1 

7 Valine→iBut 0.25 1 
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Figure 1 629 

 630 
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Figure 2 631 
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Figure 3 634 
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Figure 4 639 

 640 

 641 

642 



32 
 

Figure 5 643 
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Figure 6 650 
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