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Abstract: A multi-population mathematical model was developed to analyze hydrogen 

production in Microbial Electrolysis Cells (MECs) under continuous operation. The model, 

implemented in Python, integrates the dynamics of fermentative, methanogenic, and 

exoelectrogenic bacteria with the electrochemical phenomena of the cell, and enabled 

assessment of the effects of applied voltage and substrate concentration on system 

performance. The results from the model show that exoelectrogenic bacteria form a mature 

biofilm that reduces the internal resistance of the cell, achieving hydrogen flow rates of 400 

mL/d at 1.0 V and a Coulombic efficiency of 60%. The findings derived from the model 

represent a relevant contribution toward the optimization and industrial scale-up of this 

technology. 

 

Keywords: hydrogen, microbial electrolysis cells, methane, Coulombic efficiency, 

mathematical modelling. 

 

Resumen: Se desarrolló un modelo matemático multipoblacional para analizar la 

producción de hidrógeno en Celdas de Electrólisis Microbiana (CEM) en operación 

continua. El modelo, implementado en Python, integra la dinámica de bacterias 

fermentativas, metanogénicas y electrogénicas con los fenómenos electroquímicos de la 

celda, y permitió evaluar el efecto del voltaje aplicado y la concentración de sustrato sobre 

el desempeño del sistema. Los resultados del modelo muestran que las bacterias 

electrogénicas forman una biopelícula madura que reduce la resistencia interna de la celda, 

alcanzando flujos de hidrógeno de 400 mL/d a 1,0 V y una eficiencia coulómbica del 60%. 

Los hallazgos derivados del modelo constituyen una contribución relevante para la 

optimización y el escalamiento industrial de esta tecnología. 

 

Palabras clave: hidrógeno, celdas de electrólisis microbianas, metano, eficiencia 

Coulómbica, modelado matemático. 
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1. INTRODUCTION 

 

The intensive use of fossil fuels represents the 

primary cause of environmental degradation, 

generating diverse human health problems and 

adverse effects on ecosystems  [1], [2]. Currently, 

the global energy matrix remains over 80% 

dependent on non-renewable sources such as oil, 

coal, and natural gas [3]. In this scenario, hydrogen 

(H2) emerges as a strategic energy vector, with 

projections suggesting it could supply 10% of global 

energy consumption by the year 2050 [4]. However, 

the current challenge lies in its production method: 

96% of global hydrogen production is derived from 

thermochemical processes utilizing fossil fuels, 

such as steam methane reforming [5]. Microbial 

Electrolysis Cell (MEC) technology emerges as an 

innovative alternative. These cells enable hydrogen 

production with significantly lower energy 

consumption compared to conventional water 

electrolysis [6]. 

 

The operating principle of a Microbial Electrolysis 

Cell (MEC) is based on the metabolic activity of 

electrogenic bacteria. These microorganisms 

oxidize organic matter and transfer the resulting 

electrons to the anode of an electrochemical circuit. 

Subsequently, through the application of an external 

voltage (typically between 0.3 and 1.0 V), the 

electrons migrate to the cathode, where the protons 

(H+) present in the medium are reduced to produce 

gaseous hydrogen (H2) [7], [8]. The viability of 

MECs is enhanced by using wastewater from 

various sources—urban, agricultural, dairy, and 

industrial—as low-cost substrates for hydrogen 

generation. It has been determined that wastewater 

contains between 3 and 10 times the energy required 

for its own treatment, primarily stored as organic 

matter (approx. 1.79 kWh/m3), nutrients, and 

thermal energy [9], [10], [11]. 

 

In an MEC, reported hydrogen production values 

range between 0.01–3.9 m3H2/m3.d when using 

acetate with an applied voltage of 1.0 V [12], [13]. 

Despite its potential, the use of wastewater in an 

MEC requires an analysis of the variables affecting 

its efficiency and scalability [14]. In this context, 

mathematical modeling serves as a tool to 

understand the dynamic relationship between 

organic matter biodegradation, microbial population 

growth, and the electrochemical phenomena 

occurring within an MEC. The mathematical 

description of these processes is essential for the 

design, optimization, and industrial scaling of this 

technology [15], [16]. 

The proposed models for microbial electrolysis cells 

(MECs) are based on electrochemical and biological 

principles that were previously applied to microbial 

fuel cells (MFCs). Historically, most modeling 

efforts have focused on MFCs [17], [18], [19]; 

however, models have also been developed for 

MECs [16], microbial electrosynthesis cells [20], 

and microbial desalination cells [21]. These models 

are generally based on ordinary differential 

equations describing species mass balances, 

incorporating Monod-type kinetics together with 

Faraday’s law and the Nernst equation as the 

fundamental electrochemical frameworks. 

 

Models have evolved to include not only temporal 

dynamic analyses (0D), but also one-, two-, and 

three-dimensional (1D, 2D, and 3D) approaches that 

employ partial differential equations to investigate 

the spatial distribution of substrates and biomass 

[22], [23]. Furthermore, the operation of these 

bioelectrochemical systems has been modeled under 

batch, fed-batch, and continuous operating 

conditions [16], [24], [25]. Both single-chamber 

configurations without membranes [19], [26] and 

two-chamber systems [27], [28] have been 

described in the literature. In addition, models have 

incorporated pure cultures to simulate the behavior 

of electroactive microorganisms such as Shewanella 

spp. and Geobacter sulfurreducens [18], [22], [27], 

as well as multispecies systems representing 

microbial consortia, such as those found in 

anaerobic sludge [16], [23]. Electron transfer 

mechanisms have also been integrated into these 

models, including direct electron transfer pathways 

[22], as well as intracellular mediator-based [16] 

and extracellular mediator-based electron transfer 

mechanisms [18]. The model proposed by Pinto et 

al. [16] was the first dynamic multipopulation model 

capable of simulating hydrogen (H₂) production 

from complex organic matter in a single-chamber 

microbial electrolysis cell (MEC) operated under 

continuous conditions. The model employs a system 

of ordinary differential equations to describe the 

growth and metabolic activity of four interacting 

microbial populations forming a biofilm on the 

electrode surfaces. Table 1 summarizes the most 

important factors that have been considered in the 

modeling of microbial electrochemical systems. 

 

The highly nonlinear behavior resulting from the 

complex interactions occurring within 

bioelectrochemical systems presents considerable 

challenges for parameter estimation and control 

design. To address these limitations, hybrid 

modeling approaches combining mechanistic 

descriptions with machine learning techniques, 
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particularly recurrent neural networks, have 

emerged as attractive alternatives for enhancing 

predictive capabilities and real-time process control 

[29], [30], [31]. Nevertheless, the inherent black-

box nature of such methods restricts their physical 

interpretability. Therefore, the development of more 

comprehensive models that integrate biofilm 

processes, mass and charge transport dynamics, and 

reactor performance remains a key requirement for 

enabling the rational design, optimization, and 

scale-up of microbial electrolysis cells. 

 
Table 1: Factors considered in mathematical models of 

microbial electrolysis cells (MECs). 

 
Criterion Options This work 

Dimension  0D 1D / 2D / 3D 0D 

Chamber 

configuration 
Anode Cathode Anode/Cathode Anode/Cathode 

Electron 

transfer 

(EET) 

Direct 
Endogenous 

mediator 

Exogenous 

mediator 

Endogenous 

mediator 

Microbial 

culture 
Pure 

Two-

species 

Microbial 

consortium 

Microbial 

consortium 

Mode of 

operation 
Batch Fed-batch Continuous Continuous 

 

In this study, a mathematical model is developed to 

integrate the three aforementioned phenomena in a 

continuously operated dual-chamber microbial 

electrolysis cell (MEC). The proposed framework is 

intended to characterize the dynamic behavior of the 

system and to assess the influence of operating 

variables, including the applied voltage and organic 

substrate loading, on hydrogen production and the 

Coulombic efficiency of the reactor. 

 

2. METHODOLOGY 

 

2.1. MEC Description  

 

The mathematical model presented in this study is 

based on the framework proposed by Pinto et al.    

[16] and was adapted to represent a dual-chamber 

microbial electrolysis cell (MEC) (Figure 1). Unlike 

the model proposed by Pinto et al., the cathode does 

not contain a microbial biofilm; therefore, neither H₂ 

consumption nor CH₄ production occurs. 

Additionally, the model assumes that the biomass is 

present both as suspended flocs and as a biofilm 

attached to the anode. Consequently, the fraction of 

biomass leaving the system through the effluent is 

represented by the parameter α (Equations 3–5).  

 

Wastewater enters the anodic chamber containing 

organic matter, represented by glucose (S) and 

acetate (A), and leaves as effluent with a significant 

reduction in organic content. The anaerobic sludge 

is either attached to the electrode forming a biofilm 

or is in suspension within the medium. This sludge 

consists of three types of bacterial species: 

fermentative (xf), methanogenic (xm), and 

electrogenic (xe), listed in descending order of their 

proportion within the biomass. These species 

perform the following conversion reactions:  

 

Glucose conversion into acetate by fermentative 

bacteria (xf): 

 

C6H12O6 (S)→ 3C2H4O2 (A) 

 

Acetate consumption by methanogenic bacteria 

(xm): 

 

C2H4O2 (A) → CH4 + CO2 

 

Acetate consumption by electrogenic bacteria (xe): 

 

C2H4O2 (A) + 2H2O + 4Mox → 4Mred + 2CO2 

 

In this last reaction, electrogenic bacteria are 

considered to produce an endogenous redox 

mediator (M) that facilitates electron transfer from 

the cell interior to the anode [32], [33], [34].  

 

The electrons delivered by the electrogenic bacteria 

to the anode are driven by an external power source 

toward the cathode. Meanwhile, the protons 

released during the oxidation of organic matter flow 

toward the cathode through a semipermeable 

membrane that separates the two chambers. The 

hydrogen evolution reaction at the cathode is as 

follows: 

 

2H+ + 2e- → H2(g) 

 

 
Fig. 1. Schematic diagram of a dual-chamber microbial 

electrolysis cell (MEC) for hydrogen production 

 

The theoretical thermodynamic cell potential (ECEF) 

of a microbial electrolysis cell (MEC) for hydrogen 

production at pH 7.0 is -0.14 V; therefore, the 

reaction is non-spontaneous and requires an external 

potential greater than 0.14 V for hydrogen 

production to occur. However, cell overpotentials 
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force the application of a higher voltage, typically 

ranging from 0.2 to 1.0 V [6]. 

 

2.2. Model Development 

 

The mass balances for an MEC in continuous flow 

(Figure 1) are described in Equations 1–7. For the 

cell balance, it is assumed that the microorganisms 

do not leave the reactor, as they are either attached 

to the electrode or undergo settling within the 

medium. 

 

Susbtrate mass balance (S) 

𝑑𝑆

𝑑𝑡
=  −𝑞

𝑓
𝑥𝑓 + 𝐷(𝑆0 − 𝑆) 

 

Eq. 1 

Acetate mass balance (A):  

𝑑𝐴

𝑑𝑡
=  −𝑞

𝑒
𝑥𝑒 − 𝑞

𝑚
𝑥𝑚 + 𝑌𝐶𝑂𝐷𝑞

𝑓
𝑥𝑓

+ 𝐷(𝐴0 − 𝐴) 

 

Eq. 2 

Fermentative bacteria mass balance (𝑥𝑓) 

𝑑𝑥𝑓

𝑑𝑡
=  µ

𝑓
𝑥𝑓 − 𝐾𝑑𝑓𝑥𝑓  − 𝛼 𝑥𝑓 

 

Eq. 3 

Acetoclastic methanogenic bacteria 

mass balance (𝑥𝑚) 

𝑑𝑥𝑚

𝑑𝑡
=  µ

𝑚
𝑥𝑚 − 𝐾𝑑𝑚𝑥𝑚  − 𝛼 𝑥𝑚 

 

Eq. 4 

Electrogenic bacteria mass balance (𝑥𝑒) 

𝑑𝑥𝑒

𝑑𝑡
=  µ

𝑒
𝑥𝑒 − 𝐾𝑑𝑒𝑥𝑒  − 𝛼 𝑥𝑒 

 

Eq. 5 

Endogenous redox mediator mass 

balance (M) 

𝑀𝑇𝑜𝑡𝑎𝑙 =  𝑀𝑟𝑒𝑑 + 𝑀𝑜𝑥 

𝑑𝑀𝑜𝑥

𝑑𝑡
=  −𝑌𝑀𝑞

𝑒
+

𝛾

𝑉𝑥𝑒

𝐼𝑀𝐸𝐶

𝑛𝐹
 

 

 

Eq. 6 

Eq. 7 

 

Growth kinetics (𝜇
𝑖
) and substrate consumption 

rates (𝑞
𝑖
) based on the Monod model correspond to 

Equations 8–13 

 

𝜇
𝑓

= 𝜇
𝑚𝑎𝑥,𝑓

𝑆

𝐾𝑠,𝑓 + 𝑆
 Eq. 8 

𝜇
𝑒

= 𝜇
𝑚𝑎𝑥,𝑒

𝐴

𝐾𝐴,𝑒 + 𝐴
  Eq. 9 

𝜇
𝑚

= 𝜇
𝑚𝑎𝑥,𝑚

𝐴

𝐾𝐴,𝑚 + 𝐴
 Eq. 10 

𝑞
𝑓

= 𝑞
𝑚𝑎𝑥,𝑓

𝑆

𝐾𝑠,𝑓 + 𝑆
 Eq. 11 

𝑞
𝑒

= 𝑞
𝑚𝑎𝑥,𝑒

𝐴

𝐾𝐴,𝑒 + 𝐴
  Eq. 12 

𝑞
𝑚

= 𝑞
𝑚𝑎𝑥,𝑚

𝐴

𝐾𝐴,𝑚 + 𝐴
 

Eq. 13 

 

 

The electrochemical cell balance is described in 

Equations 14–19, where the applied voltage 𝐸𝑎𝑝𝑝. 

must be sufficient to cover the thermodynamic 

potential 𝐸𝐶𝐸𝐹. The ohmic overpotential (𝜂
𝑜ℎ𝑚

) 

based on Ohm's law, represents the energy lost as 

heat due to the resistance of ions moving through the 

liquid (electrolyte) and the membrane, and electrons 

through the wires and electrodes. The anodic 

overpotential (𝜂
𝑎
) based on the Nernst equation 

applied to the biological mediator, represents the 

potential loss occurring from limitations in the 

mediator reduction rate. Meanwhile, the cathodic 

overpotential (𝜂
𝑐
) is a form of the Butler–Volmer 

equation representing the energy required to 

maintain the chemical reaction at the cathode 

surface. 𝑅𝑖𝑛𝑡 is represented by an empirical model 

proposed by Marcus et al. (2007) [35], which 

suggests that internal resistance decreases as the 

electrogenic biomass on the anode increases. 

 

−𝐸𝑎𝑝𝑙𝑖𝑐. = 𝐸𝐶𝐸𝐹 − 𝜂𝑜ℎ𝑚 − 𝜂𝑎 − 𝜂𝑐   Ec. 14 

𝜂
𝑜ℎ𝑚

= 𝐼𝑀𝐸𝐶 ∗ 𝑅𝑖𝑛𝑡 Ec. 15 

𝜂
𝑎

=
𝑅𝑇

𝑛𝐹
𝑙𝑛 (

𝑀𝑡𝑜𝑡𝑎𝑙

𝑀𝑟𝑒𝑑

) Ec. 16 

𝜂
𝑐

=
𝑅𝑇

𝛽
𝑚

𝐹
sinh−1 (

𝐼𝑀𝐸𝐶

𝐴𝑐 𝑖0

) Ec. 17 

𝐼𝑀𝐸𝐶 =  
𝐸𝐶𝐸𝐹 + 𝐸𝑎𝑝𝑝. − 𝜂

𝑎
− 𝜂

𝑐

𝑅𝑖𝑛𝑡

 Ec. 18 
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𝑅𝑖𝑛𝑡 = 𝑅𝑚𝑖𝑛 + (𝑅𝑚𝑎𝑥 − 𝑅𝑚𝑖𝑛) 𝑒−𝐾𝑅𝑥𝑒 Ec. 19 

 

The methane production rate (𝑄
𝐶𝐻4

) in the anodic 

chamber and the hydrogen production rate (𝑄
𝐻2

) in 

the cathodic chamber are represented by Equations 

20 and 21. 

 

𝑄
𝐶𝐻4

=  𝑌𝐶𝐻4 𝑞
𝑚

 𝑥𝑚 𝑉 Ec. 20 

𝑄
𝐻2

=  𝑌𝐻2 (
𝐼𝑀𝐸𝐶

𝑛𝐹

𝑅𝑇

𝑃
) Ec. 21 

The kinetic and electrochemical parameters used in 

the model were adapted from the validated 

parameter set reported by Pinto et al. [16] and are 

summarized in Table 2. 

 

2.3. Numerical solution of the model 

 

The system of ordinary differential equations 

(ODEs) was solved through numerical computing in 

a Python environment, using the variable-step 

integration algorithm odeint from the SciPy library.  

 
Table 2: Model Parameters 

Parameter   Descripción  Value   

𝜇max,f (1/d)   Max.specific growth rate  0.15   

𝜇max,e (1/d)  Max.specific growth rate 0.25   

𝜇max,m (1/d)   Max.specific growth rate 0.1   

Ks,f (mg/L)  Half-saturation constant 100   

Ks,e (mg/L)   Half-saturation constant   20   
Ks,m (mg/L)   Half-saturation constant 80   

qmax,f (1/d)   Max.substrate uptake rate 16.0   

qmax,e (1/d)   Max.substrate uptake rate 14.0   
qmax,m (1/d)   Max.substrate uptake rate 14.0   

Kd,f (1/d)   Decay rate coefficient 0.01   

Kd,e (1/d)   Decay rate coefficient 0.01   
Kd,m (1/d)   Decay rate coefficient 0.01   

𝛼 (1/d)   Biomass washout rate 0.1   

YCOD (mg/mg)  Acetate-to-glucose yield  0.75   

YM (mg/mg)   Oxidized mediator yield 36.6   

YH2 (-)   Cathodic efficiency 0.8   
YCH4 (L/mg)   Methane yield coefficient 0.28   

𝛾 (-)   Electron transfer efficiency 1.0   

ECEF (V)  Electromotive force -0.3   

Eapp (V)  Applied cell voltage 0.8   

Rmin (Ohm)  Min. internal resistance 20   

Rmax (Ohm)   Max. internal resistance 2000   

Kr (L/mg)   Biomass resistance decay 0.024   

F (C/mol e)  Faraday constant 96485   

n (mol e/mol)   Electrons transferred 2   

R (J/mol K)  Ideal gas constant 8.314   
T (K)  Temperature   303.15  

P (Pa)   Pressure  101325  

Mtotal (M)  Total mediator conc. 0.05   
Vliq (L)  Liquid volume 1.0   

D (1/d)  Dilution rate 0.5   

S0 (mg/L)   Influent substrate conc. 3000   

A0 (mg/L)   Influent acetate conc. 10   

𝛽m(-)   Cathodic charge transfer 0.5   

AC (m2)  Cathode surface area 0.22   

i0 (A/m2)  Exchange current density 1.0 

Source: The parameter values were adopted based on the 
orders of magnitude reported by Pinto et al. [16]. 

 

To assess the influence of model parameters on 

hydrogen production, a local sensitivity analysis 

was conducted by perturbing each parameter 

individually by 1% relative to its nominal value. The 

resulting dynamic responses were normalized and 

quantified using the Root Mean Square (RMS) 

metric over the simulation period. Subsequently, the 

parameters were ranked according to their 

sensitivity indices and represented in a Pareto chart 

to facilitate the identification of the most influential 

variables affecting system performance [36], [37]. 

The initial conditions for the dynamic variables 

were as follows: 𝑆𝑜 = 1000 mg/L; 𝐴𝑜 = 10 mg/L; 

𝑥𝑓𝑜=50 mg/L; 𝑥𝑚𝑜= 20 mg/L; 𝑥𝑒𝑜= 5 mg/L; 𝑀𝑜𝑥= 

0.02 mg/L. The model solution was carried out at a 

dilution rate (D) of 0.5 1/d, with a volume (V) of 1 

L in each cell chamber. The model was used to 

evaluate the effect of applied voltage and substrate 

concentration on H₂ production, the H₂ yield from 

substrate (𝑌𝐻2 𝑆⁄ ), and the Coulombic efficiency 

(CE). These variables are defined in Equations 22 

and 23. To determine which parameters exert the 

greatest influence on the output variables (𝑄
𝐻2

 y 

𝐸𝐶), a global sensitivity analysis was performed 

based on the root mean square (RMS) of the 

normalized sensitivities [36], [37]. 

 

𝑌𝐻2 𝑆⁄ =
 𝑄

𝐻2

𝐷(𝑆𝑜 − 𝑆)
 Ec. 22 

𝐸𝐶 =  
 𝐼𝑀𝐸𝐶

𝑛 𝐹𝑞𝑒 𝑥𝑒 𝑉 
 Ec. 23 

 

3. RESULTS AND DISCUSSION 

 

Figures 2–5 present the dynamic behavior of a 

microbial electrolysis cell (MEC), where the anodic 

chamber is continuously fed with wastewater 

containing an organic load represented by glucose 

and acetate. The microbial population dynamics in 

the anodic chamber show a clear transition from a 

heterogeneous inoculum toward a specialized 

community (Figure 2). At the beginning of the 

operation, the highest proportion of species 

corresponds to fermentative bacteria, which 

dominate the hydrolysis and acidogenesis stages, 
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transforming the complex substrate (glucose) into 

metabolic intermediates such as acetate (Figure 3). 

This initial hierarchy, where fermenters 

predominate over methanogens, and these, in turn, 

over electrogens, is characteristic of the 

conventional anaerobic sludge used as inoculum 

[38]. 

 

As the process progresses, a sigmoidal increase in 

the electrogenic biomass is observed (Figure 2). 

This growth is attributed to the thermodynamic 

advantage provided by the applied potential 𝐸𝑎𝑝𝑝., 

which induces the anode to act as an electron 

acceptor. This allows electrogenic bacteria to 

achieve a growth rate superior to that of their 

competitors under the established operating 

conditions. On the other hand, the glucose turnover 

rate maintains an active fermentative population that 

consumes glucose, keeping its concentration low by 

transforming it into acetate. Due to glucose 

consumption, acetate initially tends to accumulate in 

the medium (Figure 3) because of the low 

consumption by methanogenic and electrogenic 

bacteria, which are present in low proportions at this 

stage. Under these conditions, however, 

methanogens consume the acetate, generating 

methane in significant proportions (Figure 4). 

Nevertheless, as electrogenic growth increases, the 

competition for acetate intensifies, leading to a 

reduction in methane production and a 

corresponding increase in hydrogen production 

(Figure 4) due to the electron transfer from the 

anode. 

 

  
Fig. 2. Bacterial species behavior in the MEC anodic chambe 

 

 
Fig. 3. Glucose and acetate profiles in the MEC anodic 

chamber 

 

Figure 5 illustrates the behavior of the current flow 

through the MEC and the internal resistance of the 

system. As the electrogenic bacterial population 

grows and forms a mature biofilm (around days 20 

to 40), a drastic drop in resistance is observed, 

stabilizing at a minimum value near 100 . This 

reduction in resistance enables a parallel increase in 

current. This phenomenon occurs because the 

biofilm acts as a biological catalyst that facilitates 

extracellular electron transfer (EET), thereby 

reducing the resistance to electron transfer at the 

anode. The adaptation of anaerobic sludge into an 

electrogenic population has been reported in various 

studies [39], [40]. 

 

 
Fig. 4. Dynamics of methane evolution (anodic chamber) and 

hydrogen evolution (cathodic chamber) in an MEC 

 

 
Fig. 5. Internal resistance behavior and current generation in 

an MEC during hydrogen production. 

 

The response surface in Figure 6 shows a clear 

interdependence between the applied voltage and 

the initial substrate concentration on hydrogen 

production. It is observed that voltage is the most 

influential factor; as it increases from 0.2 V to 1.0 

V, gas production rises drastically, reaching values 

near 400 mL/d. This occurs because the voltage acts 

as the necessary thermodynamic driving force for 

electrons to overcome the system's overpotentials 

and flow from the anode to the cathode. 

Furthermore, increasing the substrate also favors 

hydrogen production, although its effect tends to 

stabilize as the concentration increases. This 

behavior is due to Monod-type saturation kinetics, 

where the bacteria reach their maximum metabolic 

processing capacity, and the substrate ceases to be 
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the limiting factor. In the low-voltage region, H2 

production remains minimal regardless of the 

amount of substrate added, demonstrating that 

without sufficient electrical energy, the biomass 

cannot effectively channel electrons toward the 

anode. The maximum hydrogen production is 

achieved at 1.0 V and between 6,000 and 8,000 

mg/L, as substrate saturation and minimum internal 

resistance allow for the maximum current flow in 

the system.  

 

The model predicted a maximum hydrogen 

production rate of 0.4 m³/m³·d, which is consistent 

with the range reported in the literature for dual-

chamber microbial electrolysis cells (0.25–0.89 

m³/m³·d,) [41], [42], [43]. This consistency provides 

additional validation for the parameter set employed 

in the model. 

 

The response surface for Coulombic Efficiency 

(CE) (Figure 7) reveals a more complex interaction 

between the applied voltage and the initial substrate 

concentration, differing significantly from the 

behavior observed for hydrogen production. 

 

 
Fig. 6. Effect of voltage and substrate on hydrogen production 

in an MEC. 
 

It is observed that the Coulombic Efficiency (CE) 

reaches a maximum value of approximately 60% in 

a specific region of voltages near 1.0 V, combined 

with substrate concentrations around 4,500 mg/L. 

This behavior indicates that, unlike gas production, 

conversion efficiency requires a balance where the 

organic load is high enough to sustain electrogenic 

activity, but not so excessive as to divert electrons 

toward competing metabolic pathways, such as 

biomass accumulation. 

 

It is noted that below and above a substrate 

concentration of 4,500 mg/L, the efficiency tends to 

decrease. This suggests that at very low 

concentrations, cellular maintenance consumes 

proportionately more energy, while at very high 

concentrations, the anode's electron transfer 

capacity reaches saturation. High voltages near 1.0 

V combined with low or moderate organic loads 

have been observed as a strategy against 

methanogenic activity, favoring the growth kinetics 

of electrogens, where CEs between 21% and 93% 

have been achieved [44], [45].  

 

The response surface analysis of the hydrogen yield 

based on substrate consumption (𝑌𝐻2 𝑆⁄ ) as a 

function of applied voltage and substrate 

concentration showed a trend similar to that 

observed for CE. The maximum predicted yield was 

150 mL/g under the same optimal operating 

conditions. This value is within the range reported 

for dual-chamber microbial electrolysis cells (135–

340 mL/g) [46] and is comparable to the hydrogen 

yields obtained through dark fermentation processes 

[47], further supporting the validity of the model 

predictions.  

 

 
 

Fig. 7. Effect of voltage and substrate on the Coulombic 

Efficiency (CE) of an MEC. 

 

The Pareto chart in Figure 8 indicates that the 

electrogenic bacteria growth rate (µe), the initial 

substrate concentration (S0), and the exponential 

decay constant of internal resistance due to the 

presence of electrogenic populations (kr) are the 

three parameters with the greatest impact on 

hydrogen production. The microbiology and 

metabolism of electrogenic bacteria govern the 

overall cell behavior, as demonstrated by the high 

sensitivity of the parameters µe (growth rate) and qe 

(consumption rate), which drive the biofilm activity 

at the anode. On the other hand, the initial substrate 

concentration S0, along with the dilution rate D, 

constitute additional critical factors representing the 

electron flow available to the system. A limitation 

in this supply directly restricts hydrogen production 

kinetics by reducing the availability of electron 

donors. 
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 Fig. 8. Pareto chart of model parameters with the greatest 
effect on hydrogen production 

 

The Pareto chart of the global sensitivity analysis for 

Coulombic Efficiency (CE) (Figure 9) reveals once 

again that the microbiology and biochemistry of 

electrogenic bacteria control the cell behavior. 

Specifically, the parameters µe and qe, dictate the 

fraction of substrate that is actually converted into 

current, while the parameter kr serves as a measure 

of the internal resistance reduction that facilitates 

electron transfer to the electrode. The applied 

voltage Eapp represents the supplementary energy 

required to overcome the thermodynamic barrier for 

hydrogen production. This parameter is the primary 

modulator of reaction kinetics, as higher voltages 

accelerate the metabolism of the electrogenic 

biofilm and, consequently, the electrical current 

intensity. At low voltages, the driving force is weak 

and internal resistance dominates; this causes the 

electrons generated by the bacteria to be diverted 

toward competing pathways, such as 

methanogenesis or biomass synthesis, thereby 

reducing the CE.   

 

 
Fig. 9. Pareto chart of model parameters with the greatest effect 

on Coulombic Efficiency 
 

4. CONCLUSIONS 

 

Mathematical modeling is an essential tool for 

systems analysis, enabling the prediction of 

dynamic behavior and the determination of critical 

parameters fundamental for the design, 

optimization, and industrial scaling of various 

technologies. During the analysis of hydrogen 

production in a Microbial Electrolysis Cell, the 

primary findings included the transition of the 

inoculum toward a mature electrogenic biofilm. 

This specialized community drastically reduces 

internal resistance, thereby facilitating electron 

transfer. The applied voltage emerged as one of the 

most influential factors, achieving production rates 

of up to 400 mL/d of hydrogen at 1.0 V (0.4 

m³/m³·d), with Coulombic efficiencies reaching 

approximately 60%. Sensitivity analyses 

demonstrated that parameters associated with the 

biochemistry of electrogenic cells, such as the 

growth rate and acetate consumption rate, control 

the overall performance of the cell. Consequently, 

future scaling and optimization efforts must 

prioritize the evaluation of these parameters to 

maximize energy conversion and the economic 

viability of the process. 
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