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The complex, dynamic nature of microbial communities in both natural and 

engineered environments complicates the work of scientists and engineers who wish 

to channel microbial interactions for societal good. The successful management of 

these communities towards engineering goals is dependent on developing predictive 

linkages between community structure and functional outputs. The performance of 

microbial fuel cells (MFCs), an emerging environmental biotechnology, is driven by 

a diverse microbial community capable of converting the chemical potential energy 

contained in waste streams to electrical energy. This technology stands to benefit 

greatly from an increased understanding of the microorganisms contained within as it 

transitions from the laboratory to practical application. MFCs also offer a controlled 

environment in which new approaches to developing predictive understandings of 

microbial communities can be developed.  

Revolutions in molecular science over the past decade paved the way for the 

rapid increase in genomic data available for microbial communities from a wide 



 

 

range of environments. Increases in computing power and accessibility over the same 

period provide a means in which the amassed community data can be mined for 

potential interactions and linked to functional outcomes. One of the methods through 

which this can be done is the use of artificial neural networks (ANNs). ANN-based 

models can be used to generate accurate microbial assemblage predictions across a 

variety of environments, but have never been applied to the microbial communities of 

environmental biotechnologies. 

In the present dissertation, MFC biofilms are analyzed over time, across 

reactor designs, under varying environmental conditions, and following pH disruption 

to identify core community membership. Results demonstrated that deterministic 

interactions shaped consistent community structures characterized by the formation of 

highly conductive anodic biofilms. The core MFC community is defined by a high 

abundance of anode-respiring Geobacter sulfurreducens. and biomass fermenting 

Aminiphilus circumscriptus along with other syntrophic bacteria. Community 

structure shifted into repeatable formations following the introduction of various 

substrates and wastewaters. Under changing conditions reactor performance in terms 

of power generation, treatment rates, and coulombic efficiencies was repeatable and 

linked to community composition using ANN models. ANN models that incorporated 

community predictions performed significantly better than those solely based on 

environmental parameters and predicted all performance metrics within 6% providing 

the first evidence for the value of including community data into ANN-based MFC 

models. Community composition could also be linked to biofilm stability following 

exposure to low pH solutions. Through the first quantitative evaluations of biofilm 



 

 

resilience in MFCs a correlation between the relative abundance of Geobacteraceae 

and process stability was observed, however, ANN models that considered relative 

abundance of other bacteria predicted stability more accurately. Further development 

of these models can be used in practical settings to determine and avoid risk of 

deactivation during operation. 

This dissertation characterizes a single MFC community over a variety of 

conditions and represents the first attempt to use machine-learning based approaches 

to connect community structure to performance in environmental biotechnology 

applications. The further development of these and other similar artificial intelligence 

data-mining tools will improve the management of microbial communities that drive 

environmental biotechnologies like MFCs and spur them towards practical 

application. Strengthening linkages between community, structure, interactions, and 

function in these technologies may be applied across industries, inspiring new 

applications and innovations involving microbial communities. 
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1 

1 Introduction 

1.1 Microbial Ecology and Environmental Biotechnology  

The dominant form of life on Earth is bacterial, accounting for 350-550 billion 

tons of biomass.1 Microbial communities are the primary drivers of the planet’s 

biological and biogeochemical systems and directly impact carbon cycles, human 

health, and the functioning of critical environmental biotechnologies among countless 

other systems.2 Reaction rates and outputs inherent to these systems are ultimately 

determined by community structure and the dynamic interactions that occur between 

the constituent microbial populations and their environments.3 Understanding the 

capability of microbial communities and their roles in shaping the world around us is 

essential.  

Over the past decade microbial ecologists, aided by advances in high-

throughput –omic technologies, amassed an unprecedented volume of information 

regarding community diversity, composition, and metabolic capacity of microbial 

communities.4 The knowledge and insight gained from this wealth of information 

cannot be overstated yet connecting complex microbial interaction networks to 

functional outputs continues to be a shared challenge amongst scientists and 

engineers who wish to harness microbial activity to provide society with critically 

important services like wastewater treatment and resource recovery.5 The 

development of environmental biotechnologies that provide such services is actively 

on-going; however, difficulties remain in linking microbial community data to the 
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performance of engineered systems and transforming those findings into technical 

implementations, due to the presence of diverse and evolving communities that may 

possess a million independent drivers for only tens of dependent performance-related 

response variables.6 This complexity precludes microbiological parameters from 

being incorporated into practical models for industrial applications, which instead 

often treat microbial communities as ‘black boxes’ that are not able to identify key 

interactions that could improve process performance and stability.7 It is the challenge 

of microbial ecologists and biological engineers to explore microbial community 

structure and functions, identify key parameters and develop ways to integrate them 

into predictive models to ensure greater repeatability, performance, and stability of 

microbial community-based biotechnologies.  

The further development of environmental biotechnologies cannot be made 

without advances in microbial ecology. Microbial ecology provides the scientific 

foundation for the processes used to achieve engineering goals, by characterizing 

communities in terms of their phylogenetic structure, metabolic capacity, and 

interactions. One previous example of this synergy is the development of biological 

nutrient removal processes used in wastewater treatment, which integrate aerobic, 

anoxic, and anaerobic processes and varying classes of bacteria that thrive in them to 

complete the removal of nitrogen and phosphorous.8 More recently, the discovery of 

extracellular electron transfer via electric currents and electronic interactions between 

microbes and conductive materials led to the development of microbial fuel cells 
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(MFCs), a technology that could significantly improve energy recovery and 

wastewater treatment times.9  

Environmental biotechnologies like MFCs can also provide a means to 

advance microbial ecology by providing more controlled, engineered systems in 

which microbial community structure, interactions, and function can be more easily 

linked.10 Compared to natural ecosystems, engineered systems provide a chemically 

and physically well-defined system with functional outcomes more delineated. The 

microbial communities contained in engineered systems represent a more 

homogenous microcosm of those observed in natural environments and repeatable 

community structures can be more readily established based on operational 

conditions. Laboratory scale reactors of controlled communities allow for 

perturbation studies of a range of physiochemical parameters, including pH, 

temperature, substrate types, and nutrient concentrations among others.11 

Furthermore, the presence of electronic interactions in systems like MFCs allows for 

near instantaneous measures of reactor performance and a measure of metabolic 

activity.  

The elucidation of critical interactions in MFCs and the development of 

predictive models that could improve repeatability, performance, and stability of 

MFCs would therefore serve a twofold purpose. Firstly, it would represent a 

significant advance towards the goal of achieving practical application of MFCs, a 

technology with significant upside in terms of societal impact. Secondly, approaches 

developed to link community structure, interactions, and function in an engineered 
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system like MFCs could be expanded to more complex natural systems. To 

successfully accomplish these goals techniques including those developed in fields 

outside of biological sciences must be explored. In the following sections, I review 

the governing principles microbial fuel cells focusing on technically relevant findings 

regarding extracellular electron transfer, biofilm development, population/functional 

dynamics, and community stability then highlight technological frontiers that may be 

key in uncovering important interactions and establishing predictive linkages between 

community structure and reactor performance. 

 

1.2 Microbial Fuel Cells: Applications and Principles 

Microbial fuel cells (MFCs) rely on the catabolic activities of microorganisms 

capable of transferring electrons extracellularly to generate electrical signals. These 

bacteria, known as exoelectrogens, oxidize biodegradable compounds then transfer 

the liberated electrons directly to an electrode (anode). Electrons then travel through 

an external circuit to the higher potential cathode where they react with oxygen and 

protons diffused from the anode to produce water (Figure 1.1A). If an external load is 

placed on the external circuit electrical energy is recovered.  

 

 

1.2.1 Principles and Fundamentals 

Similar to other types of electrochemical fuel cells, MFC performance is 

governed by the thermodynamics of the coupled redox half-reactions transpiring at 



 
 

 

 

5 

the electrodes. Electricity in an MFC will only be generated if thermodynamically 

favorable, represented by a positive electromotive force between the anode and 

cathode. This can be determined through the difference in potentials between the 

electrodes. Limiting potential losses is critical to maintain high power outputs and 

efficiencies in MFCs. 

 

Figure 1.1. Microbial fuel cell diagram (A) and electric potentials of each electron 

transfer step (B). Bacteria oxidize organic compounds, electrons travel through 

microbial respiratory enzymes generating ATP for the cell. Electrons are then 

transferred extracellularly to the anode where they travel through the circuit to the 

cathode. At the cathode, electrons combine with protons generated by microbial 

respiration and ambient oxygen at the platinum catalyst to generate water. 

 

1.2.1.1 Electrode Potential 

For an MFC to function, the reduction of the anode must occur simultaneously 

with the oxidation of the cathode. This maintains electron balance in the overall redox 
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reaction. The ultimate source of the electrons in MFCs is the organic materials, but 

different organic compounds have a different Gibbs free energy associated with their 

oxidation. These differences in oxidation favorability will be reflected by the standard 

potential of the reaction (E0). A simple example is the oxidation of acetate (anode 

half-reaction) represented in Equation 1 (vs. NHE). 

CH!COO- 	+ 4 H2O → 2 HCO3
- 	+ 9	H% 	+ 	8 e-												𝐸' = 0.187	V (1) 

However, to determine the actual potential of the half-reaction occurring at the anode 

(Ean) under conditions relevant to an MFC environment the Nernst equation is 

necessary (Equation 2).  

𝐸/0 = 𝐸' − 23
45
ln 89:;< =[8?]A

[98;9::<]
  (2) 

At room temperature, pH 7.0 and 10 mM for both acetate and bicarbonate the 

potential of this reaction would be equal to -0.308 V (Equation 3). 

𝐸/0 	= 0.187	V +
4.!B	 C

DEF∙H ×JK4L

4×K.MN×B'O	9/QRS
ln	(B'

<=×=B'<U×A

B'<=
) 	= 	−0.293	V   (3) 

The cathode half-reaction occurs at the cathode where a terminal electron acceptor is 

reduced. This terminal electron acceptor can be several different redox active species, 

resulting in cathode potentials (Ecat) that typically range from 0.361-0.805 V. 

Potential catholytes include ferric cyanide (Fe(CN)6
3-) (E0 = 0.361 V) and manganese 

dioxide (MnO2) (E0 = 1.23 V). However, these electron acceptors must be 

regenerated or replaced, making the use of oxygen present in air the most practical 

electron acceptor for most designs. The oxygen reduction reaction (ORR) is 
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represented in Equations 4 and 5 (Note: Not balanced against acetate oxidation 

reaction). 

OJ + 4	H% 	+ 4	e- 	→ 2	HJO           𝐸' = 1.229	V	  (4) 

𝐸 = 𝐸' − 23
[5
ln B

\]=[8?]O
  (5) 

The partial pressures of O2 and pH have a strong influence on cathode potentials 

associated with the ORR. Common conditions of PO2 = 0.2 atm and pH = 7 will result 

in a cathode potential of 0.805 V, a value that will increase with decreased pH and/or 

increased partial pressure of oxygen (Equation 6). Electric potentials related to 

electron transfer steps in MFCs can be seen in Figure 1.1B. 

𝐸^/_ 	= 1.229	V +
4.!B	 C

DEF∙H ×JK4L

4×K.MN×B'O	9/QRS
ln	( B

('.J)(B'U∗O)
) 	= 	0.805	V   (6) 

 

 

1.2.1.2 Electromotive Force 

When two half-reactions such as those discussed here are connected in a closed 

electrical circuit, an electrochemical cell is formed. The electromotive force (Eemf) 

generated by this electrochemical cell can be determined by subtracting the anode 

potential (Ean) from the cathode potential (Ecat) (Equation 6).  

𝐸bcd = 𝐸^/_ − 𝐸/0  (6) 
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Using the Ecat and Ean, calculated via the Nernst equation in the section above (0.805 

V and -0.293 V, respectively), an Eemf of 1.10 V is determined for the overall 

reaction. The electromotive force of the reaction is positive meaning that it will occur 

spontaneously in the given direction. The overall Gibbs free energy (𝛥𝐺gh) of the 

reaction can be calculated using Equation 7. 

𝛥𝐺gh = 	−𝑛𝐹𝐸bcdh   (7) 

 

1.2.1.3 Potential Losses 

The open circuit voltage (OCV) of the MFC theoretically should be similar to the 

Eemf, but is only observed at a maximum of 0.80 V without current flowing, and is 

generally below 0.62 V during current generation.12,13 These OCVs are significantly 

lower than the 1.10 V expected, meaning large energy losses are occurring. These 

losses are due to the overpotentials of the anode and cathode as well as ohmic losses. 

The overpotentials of both electrodes can be categorized as microbial metabolic 

losses, activation losses, and concentration/polarization losses.  

To generate energy, bacteria need to be able to transfer electrons from the 

substrate at a low potential (e.g., acetate at -0.293 V) through its electron transport 

chain to an anode at a higher potential. The larger the difference is between the redox 

potential of the substrate and the potential of the anode, the higher the microbial 

metabolic loss. Large metabolic losses mean large metabolic gains for the bacteria but 

will reduce the maximum MFC voltage. For optimal performance, the anode potential 
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needs to remain as low as possible without inhibiting electron transfer through the 

microbial electron transport chain.  

Activation losses occur at both the anode and the cathode. This portion of the 

overpotential is related to the transfer of the electron itself to or from the electrode 

surface and is current dependent. These losses make up a large percentage of the total 

overpotential at low current densities, where there are huge increases in activation 

losses as current increases, but make up a smaller percentage of the total overpotential 

at higher current densities, as increases in activation losses become more gradual 

compared to increases in current.14  

At high current densities concentration or polarization losses become more 

pronounced. Concentration losses are related to the rate of mass transport of a species 

to or from the electrode. At high current densities, the ratio between reduced and 

oxidized species will shift in an unfavorable direction faster than the diffusion of 

those species away from the electrode can occur. These diffusion rates will then be 

the limiting factor in current generation rates. Well-mixed systems can prevent 

diffusional gradients from developing at the electrode and reduce concentration losses 

15.  

Ohmic losses associated with MFCs are related to the resistance to the flow of 

electrons through the electrodes and connections throughout the cell. This resistance 

includes the resistance to the flow of protons, generated at the anode, to the cathode 
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where they are consumed. Membranes, faulty connections, low solution conductivity, 

and large electrode spacing can greatly increase ohmic resistances of the MFC.  

Overall the OCV of an MFC is a product of all the non-current related 

overpotentials, while the internal resistance (Rint) includes the ohmic resistances in 

addition to the current related aspects of the anode and cathode overpotentials. The 

relationship between the actual cell voltage (Vcell), OCV, and Rint is shown in Equation 

8. 

𝑉 bll = 𝑂𝐶𝑉 − 𝐼𝑅q0_  (8) 

 

1.2.1.4 Electrical Power 

When an external resistor connects the anode and cathode, an electrical current is 

generated. This current (I) is the product of the external voltage (Vext) across the 

resistor divided by the resistance of the resistor (Rext) (Equation 9). Power, a primary 

performance metric of MFCs, is the product of the current and the external voltage 

(Vext) (Equation 10).  

𝐼 = 𝑉br_/𝑅br_  (9) 

𝑃 = 𝐼𝑉br_  (10) 

Power and current are both generally expressed as power and current densities 

normalized either to reactor volume (m3) or cathode area (m2) (cathodic reaction is 

the limiting reaction in most MFC setups). 16  
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1.2.1.5 Coulombic and Energy Efficiencies 

Along with power, coulombic and energy efficiencies are the primary 

performance parameters of MFCs. The efficiency in which the electrons that are 

liberated from the oxidation of the substrate are converted into electrical current is the 

coulombic efficiency (ηc), while energy efficiency (ηe) is the ratio of power produced 

by the cell compared to the heat of combustion of the substrate. Because biologics 

associated with MFC consume part of the substrate and energy for their own 

metabolic processes, these values are less than those of other electrochemical cells.  

Biological oxygen demand (BOD) and chemical oxygen demand (COD) are two 

wastewater parameters used to characterize the oxidative demand of the wastewater, 

and therefore can be used to quantify how many electrons will be released following 

oxidation. These values can then be used to calculate both ηc and ηe. This is shown in 

Equations 11-12, where ∆𝐶𝑂𝐷 is the change of COD concentration (g·l-1), 𝑏wJ is the 

number of moles of accepted electrons per reduction of one mole of oxygen,	𝑀wJ is 

the relative molecular weight of oxygen, 𝛥𝐺g is the Gibbs free energy (J·mol-1) of 

oxidation reaction of organic substrates, and V is the volume of liquid in the anode 

compartment (l).  

ηz =
9R{SRQ|	}~zR�~}~�	��	��9|
9R{SRQ|	}~S~�|~�	��	|{�|�}��~

=
��_�

� /5

�]=�∆�w�/�]=
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��~}��	}~S~�|~�	��	|{�|�}��~
=

������_
�
�

����	�∆�w�/�]=
  (12) 



 
 

 

 

12 

Energy efficiency can also be easily calculated by multiplying coulombic efficiency 

(ηc) and the quotient of external voltage (Eext) over theoretical voltage (Eemf) 

(Equation 13). 

𝜂b =
����
����

𝜂^  (13) 

1.2.2 Applications 

1.2.2.1 Wastewater Treatment 

Wastewater is intrinsically rich in chemical potential energy (1.93 kWh·m-3); 

however, wastewater treatment is an energy intensive process that is responsible for 

3% of the total electrical load in developed countries.17 Technologies such as 

anaerobic digestion can recover some of the chemical potential energy in wastewater 

through the production of biogas. However, to convert biogas to a more practical 

form of energy, such as electricity, combustion is required and the low efficiency of 

combustion leads to a maximum 28-30% recovery of the total chemical potential 

energy in these systems.17  

In MFCs chemical potential energy is directly converted to electrical power 

with a maximum conversion efficiency of 45-55%.17  Currently, laboratory scale 

MFC systems fed easily degradable substrates at high CODs reach up to 35% energy 

efficiency. with a power densities reaching up to 4.30 W·m-2 (2.87 kW·m-3).18 If 

successfully scaled and incorporated into municipal wastewater treatment systems, 28 

– 33% of the chemical potential energy could potentially be recovered, totaling 0.19 – 

0.22 kWh m-3 (Appendix 1).19  However, power densities and energy efficiencies of 
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larger scale reactors treating wastewater over extended time periods are often low, 

and the primary advantage of MFC treatment currently is high treatment efficiency.20 

The higher quality effluent produced from MFC treatment can be attributed to the 

combination of anaerobic and aerobic processes associated with MFC operation. 21 

Other advantages over typical aerobic wastewater treatment methods include the 

limiting of sludge production, in addition to denitrification and ammonium 

removal.22–24 

 

1.2.2.2 Remote Power Supply 

Sediment based MFCs are used as a remote power supply for wireless sensors 

that monitor ocean, soil, or stream environments.25,26 In these systems the anode 

electrode is placed in the sediment providing an electron acceptor for the naturally 

occurring exoelectrogenic microorganisms in anaerobic environments, while the 

cathode placed in the water column above. In environmental sensing applications the 

primary advantage sediment MFCs have over more traditional power sources like 

batteries or solar panels is that they are practically maintenance-free and have 

extended lifespans.27 However, there are several limitations to sediment-based MFCs. 

Voltage outputs of sediment-based MFCs are limited to 300-600 mV with average 

power outputs of around 24 – 36 mW.26,28 Attempts to overcome low power outputs 

through increased electrode size resulted in non-linear scaling. Subsequent designs 

incorporating an intermittent energy harvesting scheme successfully powered a 

remote sensor that consumed 2.5 W in short bursts.29 In addition to powering 
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environmental sensors MFCS are used as a power source for a series of autonomous 

robotics, with the rationale that organic fuel sources are widely distributed across the 

globe and MFCs are a technology that can directly convert those fuel sources into 

electricity for robotics.30 

  

1.2.2.3 Bioremediation 

MFCs can be employed as part of an in situ bioremediation system.31 Placing 

an electrode in contaminated subsurface environments provides an otherwise 

unavailable electron acceptor/donor that can be set at potentials favorable for the 

degradation of recalcitrant chemicals. Examples of sediment and aquifer contaminates 

successfully remediated through use of MFC systems include uranium, aromatic-

hydrocarbons, pyrene, phenanthrene, and 1,2-dichloroethane.32–36 Sediment organic 

matter, like that contained in coal or bitumen shales, is more easily oxidized, 

becoming more humified, and more aromatic when MFCs are used for treatment.37 

Dissolved organic matter can also be removed, potentially limiting the production of 

genotoxic agents in certain environments.38 Challenging components of large scale 

MFC bioremediation designs include ensuring direct or indirect contaminant contact 

with the electrode/electrode associated communities, in addition to developing a 

means to optimize communities for the degradation of selected chemical 

contaminates.  
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1.2.2.4 Biosensors 

Biosensors are molecular sensors that combine a biological recognition 

mechanism with physical transduction to generate a signal proportional to analyte 

concentration.39 The electronic interaction between microorganisms and electrodes in 

microbial fuel cells provides the means for transduction and the conversion of 

biological signals into measurable current responses. Signals can result from a variety 

of changes in environmental conditions, or can be brought about by a metabolic 

response to a target compound. MFC-based biosensors are primarily used to monitor 

BOD, detect toxic chemicals like antibiotics, and assess microbial activity.40–44 

Advantages of MFC biosensors are their excellent stability, long life span, and ability 

to self power.45 Improvements to the dynamic responses are currently a research 

focus, along with developing better means of processing signals for high accuracy 

and reproducibility.46,47  

 

1.3 Extracellular Electron Transfer 

Bacteria, like all organisms, interact with their environment to acquire energy. 

Intracellular electron flows and the establishment of proton gradients ultimately drive 

the formation of the chemical energy needed by the cell. For some microorganisms, 

the initial or final steps of these essential electron transport pathways occur 

extracellularly. Such is the case for some bacteria in soluble electron acceptor-limited 

anaerobic environments, where exoelectrogens have evolved to extracellularly reduce 

minerals such as Fe (III) or Mn (V). 48,49  
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The molecular machinery that evolved to reduce insoluble minerals can also be 

used to interact electrically with conductive materials like electrodes. This discovery 

led to the development of bioelectrochemical systems like MFCs, in which 

communities of microorganisms often in the form of biofilms use an electrode as a 

terminal electron acceptor. The best recognized exoelectrogens common to MFCs are 

the Geobacter sulfurreducens (Deltaproteobacteria) and Shewanella oneidensis 

(Gammaproteobacteria). Both these organisms are used as model systems for two 

different EET pathways; however, new exoelectrogens and new EET mechanisms 

continue to be identified. 50,51  

EET mechanisms can be grouped into two broad classes: indirect and direct. 

Indirect EET occurs through a soluble redox compound, organic or inorganic, being 

reduced or oxidized at the cell and diffusing towards either the electron acceptor or 

donor 52. The alternate mechanism is that of direct EET, which occurs via electrical 

currents mediated through a physical electrical connection between the cell and other 

cells/minerals/materials. In some species direct EET is limited to enzyme complexes 

bound to or associated with the membrane, such as c-type cytochromes, while in 

others specialized pili are used to transfer electrons over extended distances (> 1 

mm). 49,53 Some of the most proficient exoelectrogens likely employ some 

combination of the mechanisms discussed here (Figure 1.2). Understanding these 

mechanisms and how they interplay is integral to future engineering efforts.  
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1.3.1 Redox Shuttles/Mediators 

The use of redox shuttles to mediate EET is perhaps the most widespread EET 

mechanism; many bacteria, otherwise incapable of interacting with electrodes, can 

interact via the addition of exogenous mediators. EET mediators are typically small, 

soluble, highly reactive redox couples capable of performing multiple cycles of 

electron transfer between a cell and an electrode.52 The reactivity and soluble nature 

of these compounds significantly reduce overpotentials that may develop due to the 

distance between the redox centers of the microbial enzymes responsible for 

transferring the electrons and the electrodes themselves.54 The redox centers of many 

of these enzymes are located inside cells with thick cell walls, making direct transfer 

problematic; in this case, the use of redox shuttles is the only way to exchange 

electrons with insoluble electron acceptors such as electrodes. These same redox 

centers that exchange electrons with mediators may also be involved in direct transfer 

mechanisms diffusing the idea of dedicated pathways for each mechanism.55  

Redox mediators may be naturally present in the environment, like humic 

acids and cysteine, or artificially added, like resazurin, methylviologen, neutral red 

and thionine.52 Artificial mediators may be used for select purposes including 

immobilization onto electrodes; however, it is not practical to consider them as part of 

an efficient MFC design, as they can be expensive and possibly toxic.56 A significant 

advantage of any redox mediators is their non-specificity; that is, a single class of 

redox mediators may be used by a wide range of species. This includes microbially 

produced mediators like phenazines and flavins, as evidenced by significant increases 
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in power outputs of mixed species MFCs induced by Pseudomonas aeruginosa-

produced phenazines and Shewanella-produced flavins.57,58 

 

1.3.2 c-type Cytochromes  

Redox active proteins located on the outer membrane of some cells, such as c-

type cytochromes and iron-sulfur proteins, can transfer electrons directly to 

electrodes.52 This mechanism has been demonstrated for several different species of 

bacteria, but most in-depth studies of direct contact mechanisms have focused on 

Geobacter sulfurreducens due to the availability of a genome sequence and presence 

of over 100 different types of cytochromes.59 Several of these outer membrane 

cytochromes have been purified and characterized; of these, OmcZ, has been 

identified as playing a pivotal role in biofilms producing high currents. OmcZ 

contains eight heme groups with redox potentials between −420 and −60 mV. 

Deletion of the OmcZ gene significantly reduced current production in biofilms, and 

increased resistance of electron transfer from the biofilm to electrodes was observed. 

In contrast, deletion of other c-type cytochromes did not affect current production 

significantly.60 This lack of redundancy may mean that different cytochromes are 

associated with different electron acceptors, with OmcZ being the one that interacts 

electronically with solid insoluble electron acceptors like electrodes. Engineering 

around mechanisms associated with OmcZ and other proteins with similar functions 

in other microorganisms would appear to be critical, yet it is still unknown what exact 

properties confer electrode interacting abilities to given c-type cytochromes. 
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However, one explanation why certain c-type cytochromes may be able to interact 

compared to others, is physical position in the biofilm. Cytochromes such as OmcZ 

appear to be positioned along the interface between the electrode and the biofilm, 

allowing them to be in contact with the electrode and direct electron transfer from the 

cell.61–63 Other outer membrane proteins such as OmcS are associated with 

conductive pili that confer conductivity to the biofilm, allowing long-range electron 

transport through thicker biofilms.64  

 

1.3.3 Type IV Pili 

Electron flux would be limited by microbial respiration rates if only the cells 

that were in contact with the electrode could transfer electrons. Similarly, if redox 

shuttles were the only way to exchange electrons over a long range (that is, distances 

many times larger than a single cell), transfer rates would be equal to the slow 

diffusion of these shuttles through a biofilm or solution. Observed electron flux in 

many MFC setups is significantly greater than these two mechanisms would predict 

due to biomass stacking enabled by the effective long-range electron transport 

through conductive type IV pili known as microbial nano-wires.65 These pili 

filaments measure 3–5 nm in diameter and extrude between 10–30 µm from the cell.49 

Geobacter-produced nanowires have demonstrated electrical conductivity, though the 

precise mechanisms and nature of this conductivity is still being debated. 66,67 One 

proposed model suggests these pili proteins possess a metallic-like conductivity 

resulting from overlapping π-π orbitals of aromatic amino acids. 68 The other 
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‘superexchange’ model suggests the conductivity is attributed to electron hopping 

between pili-associated cytochromes 69. Regardless of mechanism, these pili confer 

conductivity to the entire biofilm, even in biofilms in which exoelectrogenic species 

only compose a fraction of the community.70 The electrical connections established 

through the production of microbial nanowires and conductive biofilms provide a 

means of communication between microbial cells, including communication between 

species in mixed communities. 71 

 

Figure 1.2. Mechanisms of EET. (A) Electron transfer through use of a redox 

mediator. The mediator is reduced by the bacterium and subsequently oxidized by the 

electrode or other bacteria. (B) Electron transfer through outer outer-membrane c-

type cytochromes. Electrons are transferred through outer-membrane proteins in 

direct contact with electrode. (C) Electron transfer through use of microbial 
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nanowires. Conductive pili confer conductivity to the biofilm, allowing electron 

transfer to other bacteria as well as the electrode; transfer of electrons from nanowires 

to electrodes is likely catalyzed by c-type cytochromes dispersed in the biofilm.   

 
1.4 Microbial Communities and Reactor Performance 

  Several parameters affect the performance outcomes in MFCs. Electrode 

performance, internal resistance, and substrate type all contribute to the end power 

outputs and efficiency. However, of central importance is the anodic microbial 

community. Microbial community structures and the interaction networks they 

support determine the rate and efficiency at which electrons are extracted from 

substrates and transferred to the anode. Understanding the scientific basis of 

community structures and interactions allows for better management practices and 

ultimately predictive capabilities. Most critical to the operation of MFCs are 

managing communities to form consistent repeatable biofilms, optimizing population 

and functional dynamics for performance, and improving process and community 

stability.  

 

1.4.1 Biofilm Development and Reactor Start-up 

The bacteria that inhabit microbial fuel cells often exist as biofilms on the 

surface of the anode electrode. Within these structures complex interactions emerge 

as nutrient transportation, communication, and waste management networks are 

developed. Differing from bacteria that grow on non-conductive surfaces that serve 
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solely as an attachment scaffold, the electrode surface in MFCs is also used as a 

respiratory device. As the electroactive biofilms mature, charge transfer resistance is 

significantly reduced and the biofilm ultimately reaches biomass densities in the 

range of  200 to 600 µg/cm2 of anode.72,73 The anode material is a major determinant 

of the physical structure of the biofilm. Solid materials like graphite rods develop 

biofilms with heterogeneous pillar structures, while fibrous materials like carbon 

cloth anodes develop denser more homogenous biofilms.74 The operational conditions 

that also shape the biofilm communities include inoculum source, substrates, 

temperature, pH, and anode potential. Variations in these parameters can lead to large 

differences in the initial biofilm communities that form across locations and time. 

Forming a repeatable community structure is important for developing well-

controlled studies that can lead to predictable MFC operation and optimized 

performance.  

Several studies tested variations in starting parameters to understand MFC 

biofilm development and improve start-up times and power outputs. One such 

parameter is inoculum source. The inoculum source affects the abundance of 

exoelectrogens like Geobacter spp. along with the identity of other dominant 

members and ultimately start-up times.75,76 Using inocula directly from microbial 

electrochemical systems results in nearly immediate start-up and higher Geobacter 

spp. percentages.77 Alternatively, using wastewater as the initial inoculum, while a 

viable option, may lead to inconsistent results and prolonged start-up times. The type 

of substrate used to grow communities also changes their composition. Acetate, a 
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preferred substrate of exoelectrogens, is the ideal initial substrate in terms of 

optimizing start-up time and performance, even when alternate substrates like ethanol 

are later introduced.78 This result is likely due to the priority effects associated with 

early establishment of electroactive biomass.  

Other factors like temperature can also play a role in biofilm development. 

MFC biofilms took 40 days to reach maturity at 15° C but only 3.5 days at 35° C.79 

Temperatures below 12° C or above 50° C are inhibitory to biofilm development, as 

are pH conditions below 6 or above 9.79,80 Initial pH above 9 resulted in colonization 

of the anode by the alkaliphilic bacterium Geoalkalibacter, negatively affecting long-

term performance.81,82 The concentrations of nutrients can also affect start-up times, 

with initially low phosphate concentrations conducive to a dominance of 

Desulfuromonadaceae and faster start-up times. Higher phosphate concentrations at 

the early stages of development yielded a Desulfurmonadaceae-Geobacter co-

dominance and slower start-up times.83 

 Electrochemical parameters like anode potential and the inducement of an 

EET stimuli can also affect biofilm community development. Large differences 

between the redox potential of the substrate and the anode electron allow for greater 

production of cellular ATP, which can shape the community. Results for pure cultures 

of G. sulfurreducens indicate that high electrode potentials (> 0.2 V) are key to fast 

biofilm development and thick biofilms favorable for high performance.84 Biofilms 

grown in closed circuit settings with higher anode potentials developed denser 

biofilms with less pillar structures. Similar results have been observed with mixed-
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culture MFCs, with some studies showing improved start-up times from 20 to 10 days 

when initial anode potentials were set +0.2 V compared to -0.2 V.85,86 74 Other results 

involving environment-based MFCs show the enrichment of select clades and 

transcription of differing cytochromes are also associated with initial anode 

potentials.87 

 Through all the ways initial communities can be shaped (inoculum, substrate, 

temperature, pH, anode potential/external resistance, anode material), evidence also 

suggests that over time (> 20 batch cycles), if operated under identical conditions and 

reactor architecture, communities converge to similar structures even with divergent 

inocula.88 This suggests that deterministic factors such as competition, syntrophy, and 

predation are likely to play more important roles than stochastic processes in the 

formation of these communities.89 What remains unclear is if similar communities 

can be developed and sustained over a period of months or years in between 

inoculations. These questions will need to be addressed to ensure development of 

consistent, repeatable biofilm communities. 

 

1.4.2 Population and Functional Dynamics 

The metabolic capacity of mixed populations of microorganisms, such as 

those that form electroactive biofilm communities, is expansive. These communities 

can perform multiple step functions that are otherwise impossible for individuals 

strains or species.90 While this ability is a significant advantage in terms of MFC 
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operation, deciphering the interactions that enable such complex functions, be they 

metabolic, physical, regulatory, or signaling-based, is a challenge.3 Much of the 

current understanding of interactions in electroactive biofilms is provided by studies 

focused on community structure and further validated by a limited number of 

metatranscriptomic and co-culture studies that show short-term functional dynamics 

to be correlated with longer-term microbial population dynamics.87,91,92 These 

dynamics are responsible for MFC performance, but why many multispecies 

communities can convert organic substrates into electric power more efficiently than 

pure cultures is not fully understood.93 However, some insights into the roles select 

community members fill,  how communities change under varying conditions, and 

correlations between the presence of specific microbial families and reactor 

performance are available.  

The primary basis of MFC biofilm communities is a syntrophic relationship 

among anode-respiring, fermentative, and hydrogen-scavenging bacteria where each 

are dependent on their metabolic products being consumed by one another. 94 Other 

bacteria such as hydrolytic and aerobic bacteria provide further degradative potential 

and oxidative stress protection (Figure 1.3). As previously discussed, Geobacter 

species are predominant members of these MFC biofilm communities and often serve 

as the primary anode-respiring organisms across many studies due to their efficient 

means of transferring electrons to electrodes via their cytochromes and conductive 

pili networks.53,63 Variations in substrate, solution properties, and electrochemical 

settings can impact the abundance of Geobacter spp. and the identity and abundance 
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of other dominant community members. Anode potential has a particularly large 

effect on the presence and abundance of the anode-respiring bacteria. Lower anode 

potentials will generally select for the presence of a greater abundance of 

Deltaproteobacteria, like Geobacteraceae and Desulfuromonadaceae. 95 On a species 

level Geobacter metallireducens is more often associated with lower anode potentials 

compared to other subsurface Geobacter clades.96  

Changes in substrate like the introduction of fermentative substrates will 

clearly result in a change in community structure; however, those changes are not 

wholly disconnected from the other types of bacteria that are present. For example, 

when glucose is introduced as a substrate Aeromonas and Tolumonas will be enriched 

if a high abundance of Desulfuromonadaceae is present; however, if other Geobacter 

subsurface clades are more abundant, Lactococcus phylotypes will likely be enriched 

following the introduction of glucose.87 Hydrogen scavengers also play an important 

role in selecting for fermentative bacteria, because the degradation of short chain 

volatile fatty acids like propionate and butyrate can only be accomplished if the 

electrons produced are removed by other bacteria.97 This is similarly true for ethanol 

degraders; however, when methanogenic populations are introduced to compete for 

hydrogen, coulombic efficiency and power outputs of MFCs are reduced. 98 This 

result suggests that hydrogen consumption and accompanying acetogenesis by 

hydrogen-scavenging bacteria contribute to overall reactor performance. Classes of 

bacteria shown to decrease MFC performance include sulfate-reducing bacteria, 
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nitrate reducers, iron-reducers, various types of fermentative bacteria, aerobic 

bacteria, and hydrogen-utilizing autotrophs.99,100 

 

 

Figure 1.3. Potential interactions in MFC biofilm communities. 

 
Evidence for syntrophic and other metabolic interactions in MFCs are 

abundant, yet the roles of many dominant species are still not fully recognized. 

92,101,102 Also not thoroughly studied is how the same communities shift under varying 

conditions like changes in substrate. Outside of metabolic interactions studies, little is 

known of other types of interactions in MFCs. This includes the central physical 

interaction of electron transfer mediated through the construction of conductive 

biofilms. Conductivity has been confirmed for exoelectrogenic communities, but 

correlations between community structure, conductivity, and reactor performance are 

not yet established.103,104 Hundreds, if not thousands, of other individual interactions 



 
 

 

 

28 

exist in these complex communities and shape the population and functional 

dynamics. Uncovering them is a challenging task, but needed to develop a predictive 

understanding and ultimately find ways to manage microbial communities for 

optimized performance.   

 
 
1.4.3 Community and Process Stability 

Maintaining a stable microbial community is important for the successful 

operation of environmental biotechnologies like MFCs, and is of primary concern 

when considering commercialized use. This includes long-term stability of 

communities and performance in addition to resilience and recovery after short-term 

perturbations. Several long-term studies (> 200 days) reported consistent 

performance. The performance in regard to COD removal was consistent and high-

performing, but power outputs and coulombic efficiencies were relatively low, 

although consistent as well.20,105 Few long-term studies focused on changes in 

community structure over these time periods. Conclusions drawn from studies that 

did examine population dynamics indicated that diversity was gradually reduced, 

eventually reaching phylogenetically and functionally stable configurations in which 

EET active microorganisms were enriched.20,101 Communities were stable regardless 

of the regular introduction of microbial competitors in the waste streams, indicating 

resistance to colonization.101 When left undisturbed, changes in anodic biofilm 

communities do not appear to be responsible for observed decreases in performance 

as much as cathode deterioration. 
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Disturbances are to be expected during commercial operation, particularly 

when treating variable waste streams. Potential disturbances can be in relation to 

large spikes or drops in solution pH, temperature, or COD load. In MFCs voltage 

reversals can also be a significant problem, resulting in community disturbances. The 

biofilm environment in which electroactive communities exist offers some resistance 

to these disturbances; however, large changes may destroy the proper functioning of 

the community.80 Exposure of MFC biofilms to pH below 5 and above 11 resulted in 

biofilm detachment and irreversible damage to the biofilm community.80 Temperature 

is another possible operational disturbance. In tolerable ranges, slight increases in 

current density are correlated with increases in temperature, although if temperatures 

reach above 50 °C irreversible biofilm deactivation can occur.79,106 Temperatures in 

the range of 0 – 10°C caused 90% reductions in activity followed by gradual 

recovery.79  In practical systems that stack MFCs to increase voltage outputs, anode 

potentials may become unbalanced, resulting in voltage reversals. These large swings 

in anode potential can severely damage electroactive communities and result in loss 

of function for MFCs. In one example, a microbial activity was disturbed when an 

equipment overloading error resulted in an open circuit potential for the anode. The 

community could recover from this error, but after the anode was set at a potential of 

+0.2 V activity was irreversibly deactivated.20 One way voltage reversals can be 

induced is by fuel starvation in an active cell.107 Diverse communities are able to 

weather nutrient limitations better due to a diversity of metabolic modes and the 

ability to share metabolites.90 In this respect some community structure 
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configurations may be able to better resist voltage reversal and other operational 

disturbances such large changes in pH or temperature. The connections between 

community structure and resistance and resilience has not been explored in 

electroactive communities of MFCs.  

 

1.5 Linking Community Structure, Interactions, and Performance 

The efficiency and stability of MFCs is largely dependent upon the concerted 

activity of microorganisms belonging to various functional guilds performing 

hydrolysis, fermentation, electrogenesis, and acetogenesis, among other processes. 

Several recent studies revealed important insights into both the metabolic capacity of 

these communities and to the impact of operational conditions on both community 

composition and function. However, further steps are needed to build a predictive 

understanding of these communities and their impact on MFC performance. To 

achieve these ends new techniques and approaches developed in a range of scientific 

fields must be explored. 

 

1.5.1 ‘-Omic’ Approaches 

The development of meta –omic approaches (metagenomics, 

metatranscriptomics, metaproteonomics, metametabolomics) over the last few 

decades has revolutionized microbial ecology by exponentially increasing the 

availability of data as it relates to the phylogeny and function of microbial 
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communities. The first glimpses into the composition of diverse MFC anodic biofilm 

communities came from the use of conserved marker genes, specifically that of the 

16S rRNA gene.108  The development of high-throughput sequencing technologies 

(e.g. Roche 454 and Illumina sequencing platforms) and the sequencing of 16S rRNA 

amplicon libraries generated from anodic biofilm communities revealed previously 

unrecognized levels of diversity.109 Following determination of community 

composition, multivariate analyses can be used to determine significance between 

environmental/operational conditions and the communities that formed.110 

Correlations drawn between operational/performance parameters and community data 

can then be used to inform operation decisions.95 The amplification of 16S rRNA 

sequences introduces selective bias, though both the ability to quickly and easily 

analyze dozens of samples for low cost and the availability of well-developed 

bioinformatics pipelines continue to make it an attractive approach in many 

instances.111,112 Some functional potential of the community can be inferred from 16S 

data using programs like PiCRUST; however, uncharacterized community members 

will not incorporated and an accurate assessment of metabolic potential will not be 

realized.113 

 To truly assess functional potential a metagenomics approach may be used. 

Metagenomics is the sequencing of genomic DNA extracted directly from a microbial 

community inhabiting a natural or engineered environment, and provides insight into 

the phylogenetic and functional complexity of microbial communities. Similar to the 

sequencing of 16S rRNA amplicon libraries, metagenomics can be combined with 
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operational data to determine functional roles and their relationship to process 

performance and stability.114 This approach is demonstrated in MFC biofilm studies 

in which select phylotypes are correlated to operational conditions (specifically anode 

potentials) and substrates.87 Metagenomic studies of environmental biotechnologies 

like MFCs continue to expand, providing a clearer picture of many communities. 

Metagenomic studies can provide extensive information on the metabolic 

capacity of communities; however, for information on metabolic activity, a 

metatranscriptomic approach is required. Metatranscriptomics is a high-throughput 

RNA sequencing approach for quantifying gene expression levels in complex 

microbial communities.115 Array construction and probe/primer design steps of other 

approaches for quantifying transcription (RT-PCR and microarray) introduce bias, 

making RNA sequencing a highly valuable tool for comparative studies. In one of the 

only metatranscriptomic studies conducted on MFC communities, large changes in 

the expression of c-type cytochromes were observed following the stimulus of EET.92 

These findings further confirmed the roles of Geobacter phylotypes within these 

communities while also providing guidance for future studies.92 This direct 

sequencing approach provides additional data, beyond the scope of a single study, 

that can often be used to answer other unanticipated questions.116 A key challenge in 

metatrancriptomic approaches is successfully annotating the large majority of 

sequences that currently have no close matches in existing databases.   

Another finer scale approach is metaproteomics, which is the characterization 

of the protein complements of a microbial community. This technique can be used to 
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detect novel functional proteins, enzymes, or even entire metabolic pathways. 

Proteins are first extracted from a mixed microbial community sample, then 

fractionated and separated using liquid chromatography. Detection of the proteins is 

typically done with a tandem mass spectrometer (MS/MS).117 Following 

identification and quantification of the protein and specific pathway activity, the 

distribution of those metabolic activities among the community can then be used to 

determine interactions. However, to successfully do this, the characterization of the 

proteins must be tied back to metagenomic data through amino acid sequences. When 

applied to environmental biotechnologies, metaproteomics has the potential to 

improve performance and stability.118 Regulatory pathways in relation to performance 

outcomes like electrogenesis could potentially be identified and correlated to other 

pathways, indicating a potential interaction. Biomarkers indicating process stability 

could also be potentially identified. Comprehensive metaproteomic studies on MFC 

communities are limited, though the approach has been used to establish a metabolic 

model for the anaerobic digestion of synthetic glucose-based wastewater.119 

Combined metagenomic/metaproteomic studies are intensive undertakings, yet highly 

valuable to the development of predictive understanding of many communities.  

Metabolomics can also provide a measure of microbial activity through the 

quantification of low molecular-weight molecules involved in metabolic 

reactions.120,121  Metabolomic changes are tied to changes in the transcriptome and 

proteome, while providing additional details about metabolic pathways. However, 

metabolomics fluxes can be difficult to measure due to the need to sample both 
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temporally and spatially. Whole community metabolomics approaches to complex 

communities like those in MFCs are difficult due to the large variety of potential 

metabolites for which there is limited a priori knowledge. Specific metabolites can be 

screened and monitored for changes in response to perturbations, then combined with 

performance data to develop predictive linkages.122 Though electrons and electrical 

production in MFCs could be considered metabolites of sorts, few metametabolomic 

MFC studies currently exist. Expansion to more thorough –omic approaches will be 

one step towards a greater understanding of MFC communities and the development 

of linkages between those communities and reactor performance.  

 

1.5.2 Electro- Interactions  

Extracellular electron transfer (EET) is a key interaction in many mixed 

species microbial communities that allows microorganisms to exchange electron with 

exogenous insoluble materials such as minerals, electrodes, and other microbial cells. 

Multiple species are able to work closely in syntrophic interactions, enabled by the 

establishment of direct EET mechanisms that allow them to overcome 

thermodynamically unfavorable reactions.123 Recent studies indicate that direct EET 

in which electrons are transferred via electrical current is prevalent in many anaerobic 

consortia. Microbial species orchestrate various types of specialized cell-produced 

proteins and/or exogenous conductive materials from the environment to establish 

stable and efficient electronic connections in order to directly transfer electrical 

current.53,124,125 Therefore, the physical nature of direct EET is often associated with 
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the finding of electrical conductivity in community assemblages (e.g. biofilms, 

granules, and multicellular filaments). Previous studies demonstrated that the 

conductivity of anodic exoelectrogenic biofilms positively correlates with current 

density of MFCs, one of the few physical characteristics found to do so.126,127 This 

correlation and the relatively unexplored mechanisms of biofilm conductivity make 

characterizing and understanding biofilm conductivity of critical importance in 

linking reactor performance to community structure and interactions.128  

Electrical conductivity of microbial assemblages was first observed in an 

aggregate consisting of Geobacter metallireducens and Geobacter sulfurreducens. 129 

The measurement was performed using a two-probe electrode that measured 

resistance across the aggregate, from which conductance and a conductivity of 0.6 

µS/cm could be calculated. Using a similar setup, single species Geobacter biofilms 

associated with the anode of microbial electrochemical cells were found to possess 

conductivity as high as 5 mS/cm.53,126 Mixed species exoelectrogenic biofilms 

containing approximately 25% to 98% Geobacter spp. possess electrical 

conductivities ranging from 250 to 2440 µS/cm.103,104,127 Geobacter spp. also is 

metabolically important in methanogenesis, serving as a syntrophic partner of 

methanogens.99,130 Electrical conductivities from 0.8 to 36.7 µS/cm have been 

identified in methanogenic granules and biofilms that possess population of 

Geobacter spp. from 0.5% to 29%.131,132 Besides microbial assemblages associated 

with Geobacter spp., electrical conductivity of 60 µS/cm has been identified in 

electroautotrophic biofilms that are dominated by Marinobacter, Chromatiaceae, and 
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Labrenzia, suggesting the prevalence of microbially constructed electrical 

conductivity awaiting discovery.124  

Conductive features can be characterized using potentiodynamic 

electrochemical tests like voltage-gating analyses. Peak manner responses 

potentiodynamic tests associated with redox conduction have been observed in single 

species Geobacter biofilms and mixed species exoelectrogenic biofilms, as well as 

methanogenic biofilms and electroautotrophic biofilms, suggesting that this 

mechanism is widely employed by various conductive assemblages across a wide 

spectra of community compositions.104,124,133 Additional tools like electrostatic force 

microscopy can be used to further clarify mechanisms. Application of this technique 

confirmed charge propagation along conductive pili of Geobacter sulfurreducens and 

Shewanella oneidensis.134 

The continued survey for conductive microbial assemblages and interactions 

enabled by their presence will increase the understanding of this phenomenon, 

holding environmental and engineering significance. Coupling measurements of 

conductivity with genetic, microscopic, and isotopic tools will provide further 

insights into the detailed electron transfer pathways in these systems, which can then 

be linked to community structure and reactor performance.   
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1.5.3 Artificial Neural Networks and Machine Learning 

Having a robust rational basis for engineering decisions related to the 

management of microbial communities for desired outcomes is the end goal for all 

environmental biotechnologies. Key to achieving this objective is the development of 

predictive algorithms that can be used to guide crucial engineering decisions. In the 

context of MFCs various modeling approaches have been explored, but very few 

incorporate microbiological parameters.135 Several of the models that do incorporate 

microbiological parameters use only community-level kinetic parameters.136 These 

models can be applied to a wide range of conditions, but essentially treat a complex 

mixed community as a ‘black box’ not accounting for any potential interactions that 

can dramatically effect performance and stability. Conversely, detailed species-level 

metabolic MFC models would be limited in their scope and have not yet been 

developed, as few organisms have been sufficiently characterized in the laboratory to 

form the basis for these models. Novel approaches to incorporate both community-

level and species-level kinetic functions simultaneously are being developed for 

defined co-cultures. The addition of new members and parameters needed to 

represent a mixed-species MFC biofilm community will likely lead to the 

introduction of significant error in the models.137 Such models are unlikely to be 

accurate, both over time as communities evolve, and across locations where different 

communities are present. It is not technically or financially feasible to directly 

investigate and develop models for each individual community, so alternative 

mathematical descriptions are needed. Stochastic models can be used to describe 
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processes like electron transfer and quorum sensing but are not widely applicable to 

whole community modeling.138 To date the only weakly predictive measure of MFC 

performance reported is overall biofilm diversity.139 

This need to evolve from descriptive to predictive understandings, and the 

challenge of developing predictive models to extrapolate functions and interactions of 

microbial communities across variations in biological, chemical, and physical 

parameters, is common throughout microbial ecology related fields.140 The vast 

volumes of community and environmental data widely available, combined with 

advances in computational methodology, may provide a means of overcoming this 

substantial challenge through machine learning data-mining approaches. Artificial 

neural networks (ANNs) are one such approach.  

ANNs are inspired by biological neural networks in that they are collections of 

small individual interconnected processing units. Inputs and weights are passed 

between the individual nodes along interconnections and a determined function is 

output. The networks are trained with respect to data sets and then can be used for 

prediction or classification.141 ANN models have been used with some success to 

predict MFC performance based on strictly abiotic parameters.47,142 More recently, 

researchers developed ANNs that could accurately predict pelagic communities and the 

complex interactions between microbial taxa with high accuracy from environmental 

factors143 This prediction technique has since been expanded to predict not only 

species-level changes, but also functional ecosystem outcomes of diverse 

environmental systems like forest soil and acid mine drainage communities.144–146  
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Though never previously applied to engineered systems, MFCs represent an ideal 

system for evaluating the effectiveness of an ANN-based approach for predicting 

microbial communities and reactor performance, due to reduced complexity compared 

to natural environments, an easily manipulated environment, and the central 

importance of the microbial community on nearly instantaneous performance outputs. 

Model predictions may also be used to direct future sampling efforts and design 

hypothesis-driven experiments that explore the ecological relationships in microbial 

communities.  

 

1.6 Challenges and Objectives 

A key challenge for microbial ecologists and biological engineers is to explore 

microbial community structure and functions, identify key parameters and develop 

ways to integrate them into predictive models to ensure greater repeatability, 

performance, and stability of microbial community-based biotechnologies.  

The objectives of this dissertation are to connect observed ecological properties 

of MFC anodic biofilm communities (biofilm development, population dynamics, 

resilience, resistance) to reactor performance, with the goal of developing a means to 

predict reactor performance and stability and thereby making a key step towards better 

management of the microbial communities that drive environmental biotechnologies. 

These objectives are addressed in the following chapters of the present dissertation in 

the format of several manuscripts: 
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1) Chapter 2: Establish the core microbial community of MFCs and 

determine ability to reform community structure over time and across 

reactor designs.  

2) Chapter 3: Investigate electrical interactions in MFC biofilms through 

the characterization of conductivity mechanisms and their connections 

to community structure.  

3) Chapter 4: Explore population and functional dynamics of MFC 

communities by introducing varying substrates and wastewaters and 

develop a means to predict both community composition and 

performance using ANNs.  

4) Chapter 5: Examine MFC biofilm development and stability following 

disturbance and determine if ANNs can be used to predict both 

community development and process stability 

In Chapter 6, conclusions from these studies are summarized, and broader aspects and 

directions for future works are discussed. 
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Abstract:  

The anodic biofilms of microbial fuel cells are phylogenetically and functionally 

diverse. To understand interactions within these communities and develop 

management practices by which bioreactor power, efficiency, and start-up can be 

optimized the core membership of the community must be defined. In the present 

study, we sequenced the 16S rRNA genes of MFC biofilm communities to identify 

core membership. The ability of the core community structure to reform over a period 

of 6 years and across different reactor designs was evaluated. The core taxa present in 

all high-power generating biofilms were Geobacter, Aminiphilus, Sedimentibacter, 

Acetoanaerobium, and Spirochaeta, accounting for 72± 9% of all genera. Little 

variation in composition was observed over time or across different reactor designs. 

The community reformed to original structure and power outputs 14 days following 

inoculation. Repeatability of community structure through years of inoculation and 

across reactor design suggest the stable core microbiome in acetate-fed MFCs is 

likely a product of deterministic interactions. The repeatable community structure 

provides a starting point from which future perturbation studies can used link 

compositional and functional changes to reactor performance. 

 

Keywords: Microbial Fuel Cell; Community Analysis; Biofilms; High-Throughput 

Sequencing; Cloth-Electrode Assembly  
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2.1 Introduction 

Microbial electrochemical systems such as microbial fuel cells (MFCs) are 

capable of harnessing microbial metabolism to catalyze redox reactions in 

electrochemical cells. In MFCs, the reduction of an anodic electrode is linked to the 

oxidation of organic substrates.147 This release of electrical energy accompanying the 

degradation of organic compounds was first reported in 1911, but recent years have 

seen an increased focus on the development of technologies to take advantage of this 

phenomenon for applications in wastewater treatment and alternative energy 

generation.148,149  

Low electrical current outputs previously limited commercial applications yet 

recent advances make MFC technology increasingly feasible and several scale-up 

operations are underway.150,151 The highest recorded volumetric power densities (2.87 

kW m-3) were reported recently utilizing a novel cloth-electrode assembly (CEA) 

MFC design.152 High power outputs such as these indicate potential use of MFC 

technologies for practical applications, all made possible by microorganisms that are 

exceptionally efficient at converting energy stored in organic compounds into 

electricity.  

Pure cultures of bacteria such as Geobacter sulfurreducens can produce 

current densities as high as 7.1 A m-2 using an ‘H-cell’ design with solid graphite 

electrodes, though the biocatalytic capacity for electron transfer in mixed consortiums 

is generally about twice that of pure cultures of G. sulfurreducens 51,153. Mixed 

species biofilms generate current densities of 12.7 A m-2 and 26.2 A m-2 while 
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offering advantages in stability, substrate flexibility, and culture maintenance 

costs.154,155 These advantages led to mixed communities being used for environmental 

wastewater treatment applications where MFC anodes may be colonized by a wide 

variety of microorganisms.147,156  

The diversity and uneven community structure of MFC anode communities 

was uncovered using high-throughput sequencing of the variable regions of 16s 

rRNA genes. Many of MFC communities are dominated by a small percentage of the 

species present even when compared to related wastewater treatment systems.157 Well 

characterized exoelectrogens such as Geobacter spp. are often predominant in 

acetate-fed MFCs at times composing upwards of 60% of anodic biofilms, although 

high power communities with a low abundance (14%) or an absence of Geobacter 

spp. have been reported.70,154,158  These communities do present a measure of 

repeatability under similar conditions as anodic biofilm communities inoculated from 

different sources converge in structure over a period of 2 months, producing roughly 

equivalent power.159 In contrast, reactor can impact community composition as 

biofilms formed from the same inoculum on dissimilar anodes designs (planar carbon 

cloth anodes vs. volumetric graphite brush anodes) have displayed differences in 

community structure.160 MFC anode community studies have yet to address the 

presence and function many of commonly occurring phylogenies along with the long-

term resiliency and stability of these communities.159,161,162 

In the present study, we analyze the core community of high-power acetate-fed 

MFC anodes by sampling biofilms formed over several years and across reactor 



 
 

 

 

45 

designs to begin to establish more definite linkages between reactor performance, 

design, community composition, and stability. In order to determine core membership 

32 communities from single chamber air-cathode (SC) MFC reactors were 

sequenced.163 The ability of the community to reform to a consistent structure was 

evaluated over a period of 6 years and across different reactor designs. Development 

of the community and the effect of oxygen exposure is also explored. Results indicate 

a repeatable community structure both over time and across reactor designs.  

 

2.2 Materials and Methods 

2.2.1 Microbial Fuel Cell Design and Operation 

MFC designs used in this study were SC-MFCs and CEA-MFCs both 

previously described.151,163 The original inoculum used to seed the first MFC reactors 

was collected from domestic wastewater (Corvallis Wastewater Treatment Plant, 

Corvallis, OR) in 2006 with subsequent cultures from active MFCs fed with acetate. 

Communities labeled ‘MFC 08’, ‘MFC 10’, ‘MFC 12’, ‘MFC 14a’, ‘MFC 14b’ were 

all from identical 12 ml SCAC-MFCs operated in batch mode and sampled in 2008, 

2010, 2012, 2014, 2016 respectively after operation for at least 1 month and capable 

of generating stable power outputs of at least 0.8 W m-2. Communities labeled ‘CEA 

1’ and ‘CEA 2’ were from CEA-MFC reactors operated in continuous flow mode for 

2 months; the main difference between the reactors was that the design of ‘CEA 1’ 

reactor had one-third the liquid volume of CEA2 (30 ml vs. 90 ml). Other samples 

were from identically operated reactors from 2016 (n = 32). Media used in all 
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experiments was a Modified Geobacter Medium (MGM) (pH 7) that consisted of the 

following (per liter): NH4Cl, 0.31 g (1.5 g in CEA reactors); KCl, 0.13 g; 

NaH2PO4·H2O, 5.84 g; Na2HPO4·7H2O, 15.5g; vitamin (12.5 mL) and mineral (12.5 

mL) solution as previously reported. Sodium acetate was used as the electron donor in 

both CEA (100 mM) and SC-MFC (60 mM) reactors. SC-MFCs were considered 

stable once voltages were repeatable over 3 batches. At this point resistances were 

changed until voltage stabilized and power densities were calculated. CEAs voltage 

outputs generally took a week to stabilize, and maximum power output was 

determined using the same procedure.   

Effluent from high-power MFCs was used as the inoculum to seed other 

MFCs and the development of these communities was investigated by analyzing total 

microbial diversity (combined planktonic effluent and biofilm communities) over two 

weeks. ‘Day –1’ represents the total diversity of a mature, high-power, stable MFC, 

the effluent from which was removed and introduced into a new reactor.’ Day 0’ is 

the disrupted effluent community of ‘Day -1’.  ‘Day 7’ is the community at the 

midpoint of development and Day 14 is the reemergence of a stable high power. The 

community labeled ‘Air MFC’ was exposed to increased oxygen by pumping air into 

the MFC at 1.0 ml min-1 for two weeks.  

 

2.2.2 Sample Collection and DNA extraction 

All SC-MFC biofilms samples were collected in the same manner; the 7 cm2 

carbon cloth anode was removed, placed in a sterile 50 ml tube with 10 ml of 100mM 
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phosphate buffered saline (PBS) and 5 ml of 2 mm sterile glass beads. Tubes were 

then vortexed 5 minutes to remove the biofilm from the anode. Subsequently, cells 

were concentrated by centrifugation. The CEA-MFC biofilm samples (CEA1, CEA2) 

were collected in a similar manner except a larger 100 cm2 section of the carbon cloth 

anode was used. For the biofilm and effluent community samples (CCom1-3), 10 ml 

of the effluent was added to the tube instead of PBS. No carbon cloth anode was used 

to collect the effluent community sample (Day -1), 10 ml of the effluent solution from 

the MFC was withdrawn and cells centrifuged. DNA extraction was performed using 

a Qiagen Blood and Tissue DNA extraction kit (Valencia, California). The quality of 

the DNA extraction was checked on an agarose gel which was further verified 

through use of spectrophotometer (NanoDrop, Wilmington, DE, USA). 

 

2.2.3 Amplicon Library Construction and HTS Sequencing 

DNA from each community was amplified using a set of primers developed 

by the Ribosomal Database Project (RDP) that targets the hyper-variable V4 region of 

the 16S rRNA gene 164. The 454 adapter sequence (5’- 3’) 

CCTATCCCCTGTGTGCCTTGGCAGTC was followed by a 8 bp long multiplex 

identifier (MID) unique to each sample and then the forward primer 

AYTGGGYDTAAAGNG (E. coli position 563-577). The reverse primers were 

composed of the adapter sequence followed by the reverse primer sequence, 

CCGTCAATTCMTTTRAGT (E. coli 907-924). 25 µl PCR reaction volumes were 

used for optimization followed by 50 µl amplification reactions. A high fidelity Taq 
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polymerase (Invitrogen Platinum) was used with along with MgSO4 (2.5 mM), 

vendor supplied buffer, BSA (0.1 mg/ml), dNTPs (250 µM) and primers (1 µM). A 

three minute soak at 95°C was followed by 27 cycles of 95°C (45 s), 57°C (45 s) and 

72°C (1 min) with a final 3 min extension at 72°C. PCR products were agarose gel 

purified (2% metaphor in TAE) and bands were extracted with a QIAquick Gel 

Extraction Kit (Qiagen, Valencia, CA). Gel extracted material was further purified 

with a Qiagen PCR Cleanup kit and AMPure XP magnetic beads. Quantification of 

purified PCR product was performed using a Qubit fluorometer (Invitrogen, Carlsbad, 

CA) and qPCR (ABI PRISM 7500 FAST Detection System). Following 

quantification, libraries were pooled into equimolar amounts. Emulsion PCR and 

sequencing was performed on a 454 GS Junior pyrosequencer (Roche, Nutley, NJ, 

USA) at the Center for Genome Research and Biocomputing (CGRB), Oregon State 

University using titanium reagents and procedures consistent with protocols for 

unidirectional amplicon sequencing. 

 

2.2.4 Sequence and Statistical Analysis 

The quality filtering of the pyrosequencing run was performed using the GS 

Run Processor (Roche). This process removed all the low quality and failed reads in 

addition to trimming all adaptor sequences. The Newbler assembler (Roche) was then 

used to group sequences based on respective MID tags. Multiple sequence alignments 

were performed through the use of MUSCLE with subsequent processing done 

through the RDP pyrosequencing pipleline.164,165 The aligned high-quality sequences 
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were then taxonomically identified using the RDP Classifier tool at an 80% 

confidence level. Classifier results were then used for analysis of similarities and 

differences between samples. Core microbiome tables (Tables 2.S1 and 2.S2) were 

generated from a random sample of 3000 sequences from each high-power biofilm 

samples (MFC08, MFC10, MFC12, CEA1, CEA2) which were then merged into their 

respective design groups. Subsamples and merged groups were generated through use 

of MOTHUR, which was also used for clustering at a 0.03% cutoff value.166 

Clustered files were used to generate rarefaction curves. 3000 sequence cutoff were 

used for Shannon index, Chao 1, Simpson index, and Simpson evenness values. 

Representative sequences the largest clusters were selected from clustered files and 

entered into the Basic Local Alignment Search Tool (BLAST) nucleotide database to 

determine closest sequence matches.167 Principle components analysis and p tests 

were performed using the Unifrac suite.168 Bray-Curtis dissimilarity scores were used 

to compare observed community structure with ANOVA analyses and t-tests used to 

determine significance (Tables 2.S3, 2.S4, 2.S5).169 

 

2.2.5 Data deposition 

Genomic datasets were deposited in the NCBI sequence read archive (SRA) under 

accession number SRR966001. The metagenomic project can also be accessed in 

NCBI under GenomeProject ID 1076179 (accession PRJNA56113, 

http://www.ncbi.nlm.nih.gov/bioproject?term=PRJNA56113).  
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2.3 Results 

2.3.1 Determining Core Membership 

The sequencing of 16S rRNA gene amplicon libraries from 32 MFC biofilms 

communities collected in 2016 generated over 1,1900,446 reads that successfully 

passed quality filters and could be aligned and classified. Diversity analyses indicated 

a diverse yet uneven community structure similar to results acquired through 

pyrosequencing of 13 MFC biofilms from 2008-2014 (Table 2.1). Over 90% of these 

reads could be identified on the phylum level with taxonomic assignments dropping 

to 87% for class, 86% for order, 83% for family, and 73% for genus. 

 

Table 2.1. Performance and Diversity of MFC Anodic Biofilm Communities 

 

 

Core membership was defined as taxa that represent both the highest 

abundance and occur the most frequently across all samples. In acetate-fed microbial 

fuel cell biofilms of the present study the genera Geobacter, Aminiphilus, 

Sedimentibacter, and Sphaerochaeta were present in over 95% of the samples (n = 

 

 Sample 
Name 

Power (W m-2) # Reads #OTUs Chao-1 Shannon Simpson S. Evenness 

MFCs MFC08 0.8-1.1a 3156 306 674 3.71 0.06 0.05 
 MFC10 0.8-1.1a 3069 459 1055 4.26 0.03 0.06 
 MFC12 0.9 4252 348 701 3.49 0.07 0.04 
 MFC14 1.2 ± 0.3 6348 ± 572 312 ± 42 624 ± 58 3.8 ± 0.2 0.06 ± 0.01 0.5 ± 0.1 
 Average - - 380 ± 80 750 ± 173 3.8 ± 0.3 0.054 ± 0.02 0.04 ± 0.01 
         

CEAs CEA1 4.3 3699 405 694 3.85 0.05 0.05 
 CEA2 3.4 3722 106 145 2.82 0.1 0.1 
 Average 3.9 3711 256 420 3.34 0.07 0.07 
         

Misc. Day -1 0.9 4999 440 849 4.37 0.02 0.09 
 Day 7 0.4 3214 177 282 3.76 0.03 0.16 
 Day 14 0.9 4996 438 847 4.23 0.02 0.08 
 Day 0 - 2916 383 693 4.17 0.03 0.08 
 AirMFC 0 10361 502 921 4.1 0.03 0.07 
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32) (Figure 2.1).  Average abundance across all samples ranged from 13.1 ± 9.1% for 

Geobacter, 7.56 ± 2.31% for Aminiphilus, 5.79 ± 2.75% for Sedimentibacter and 1.96 

± 0.81% for Sphaerochaeta. In the single-chamber MFCs (SC-MFCs) (n = 4) the  

most abundant three genera composed 86 ± 5% of SC-MFC biofilms and with nearly 

1:1 ratio of Geobacter (26.42 ± 14.01%) and Aminiphilus (26.21 ± 20.83%) (Table 

2.S1).  Representative sequences of Geobacter had over 99% sequence identity to a 

large number of uncultured Geobacter sulfurreducens clones associated with mixed-

cultures of microbial electrochemical systems. A representative sequence of 

Aminiphilus was identified as Aminiphilus circumscriptus strain ILE-2 (NCBI 

Accession: NR 043061) (> 99%).  

 

 

Figure 2.1. Core microbial community of acetate-fed microbial fuel cells. 150 genera 

plotted by frequency of appearance (> 0.5% of total reads) vs. average abundance 

across all samples (n = 32). 
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2.3.2 Consistency of Community Structure over Time 

The community structure of acetate-fed MFC biofilm held consistent over a 

period of 6 years (2008-2014) even when inoculated years apart and operated for 

different time periods. The MFC biofilms sampled consisted primarily of the same 3 

phyla; Proteobacteria, Firmicutes, and Synergistetes. These three phyla composed 

94% of the biofilm sampled in 2008 (MFC 08), 85% of the biofilm sampled in 2010 

(MFC 10), and 99% of the biofilm sampled in 2012 (MFC 12) (Figure 2.2).  Some 

variation in phyla abundance was observed between years. Proteobacteria made up 

between 19% - 47% of the biofilm across years while Firmicutes composed 17% - 

57% of the biofilm. Averaging the 3 samples resulted in Proteobacteria, Firmicutes, 

and Synergistetes percentages of 33 ± 14%, 25 ± 20%, and 31 ± 16% respectively, 

combining to average 92 ± 6% of the biofilm. The next most common phyla 

represented were Bacteroidetes (6 ± 5%) and Spirochates (2 ± 1%).  

A few of the numerically dominant genera (Geobacter and Aminiphilus)) each 

had a single time point in which the relative abundance is significantly increased or 

decreased. The MFC 12 community had a relative abundance of Aminiphilus of only 

3% compared to 36% (MFC 08) and 40% (MFC 10) at the other two time points 

(Figure 2.3). This decrease of Aminiphilus was accompanied by a large increase of 

Fusibacter. Similarly, a decrease in Geobacter in MFC10 was linked to an increase in 

Spirochaeta. However, these differences did not appear to affect power outputs and 

comparisons of differences in OTUs present in each assemblage show no statistical 



 
 

 

 

53 

significance using both UniFrac distance metrics and analyses of Bray-Curtis 

dissimilarity scores (p < 0.05 significance level) (Table 2.S5).  

 

 

Figure 2.2. 16S rRNA relative abundance (phylum) across SC-MFCs from 2008 

(MFC 08), 2010 (MFC 10), 2012 (MFC 12), 2014 (MFC 16) and CEA-MFCs (CEA 

1, CEA 2) in addition to SC-MFC with continuous air exposure (Air MFC) 

 

2.3.3 Consistency of Community Structure Across Reactor Design 

Membership of the core constituents of the community were conserved across 

reactor designs. The core phyla of Proteobacteria, Firmicutes, Synergistetes, 

Bacteroidetes, and Spirochaetes were all present in both SC-MFC and CEA-MFC 

communities with comparable relative abundances. Synergistetes populations were 

slightly increased in SC-MFCs while higher abundances of Proteobacteria and 
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Firmicutes were observed in CEA-MFCs (n = 2) (Figure 2.2).  The primary 

difference between the communities from the different reactors was the presence of 

Halomonas (21 ± 4%) and an absence of Fusibacter in CEA-MFC communities. 

Outside of Halomonas, all genera that were present at over 0.5% of total reads in 

CEA-MFCs (Table 2.S2) were also present at similar levels in SC-MFCs (Table 

2.S1). SC-MFCs presented greater diversity, averaging double the species richness of 

CEA-MFC communities (Table 2.1). However, analyses incorporating relative 

abundance measurements such as the Shannon and Simpson indices did not reveal 

differences between communities suggesting that much of the variation between 

communities is due to minor constituents. No significant difference between the 

communities of the two reactor architectures was found using either Unifrac distance 

metrics (t-test, p < 0.05) or ANOVA analysis of Bray-Curtis dissimilarity matrices (p 

< 0.05). 

There were some distinct compositional differences observed between 

individual CEA-MFC communities. The CEA2 community had a relative abundance 

of Proteobacteria double that of CEA1 (51% vs. 25%). Conversely, CEA1 revealed a 

100% increase in Synergistetes abundance relative to CEA2 (32% vs. 15%) (Figure 

2.2). CEA1 exhibited a reduced abundance of Geobacter (7% vs. 35%) and 

Sedimentibacter populations (5% vs. 20%) along with an increase in Aminiphilus 

(43% vs. 17%) (Figure 2.3). Despite these differences performance was not greatly 

affected as similar power generation was observed in both reactors (4.3 and 3.4 W m-
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2). Furthermore, Bray-Curtis dissimilarity between CEA reactors was 0.119, 

indicating high similarity on the genus level (Table 2.S3).  

 

 

Figure 2.3. 16S rRNA relative abundance (genus) across SC-MFCs from 2008 (MFC 

08), 2010 (MFC 10), 2012 (MFC 12), 2014 (MFC 16) and CEA-MFCs (CEA 1, CEA 

2) in addition to SC-MFC with continuous air exposure (Air MFC). 
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2.3.4 Community Structure Development 

 

Figure 2.4. 16S rRNA relative abundance (genus) over course of development as a 

stable, mature biofilm (Day -1) is disrupted and inoculated into a new reactor (Day 0) 

to reform a new structure (Day 7, Day 14).  

 

All MFCs were inoculated from the effluent of other reactors, which then 

reformed into the consistent community structure. The inoculum (Day 0) was 

collected from the effluent of a stable, mature MFC biofilm (Day -1). Over the course 

of development compositional shifts on the genus level were observed (Figure 2.4). 

Compared to stable high-power communities (Day -1 and Day 14), the disrupted 

community effluent used as inoculum (Day 0) had lower percentages of Geobacter 

(1% vs. 15 ± 3%), Sedimentibacter (3% vs. 8 ± 2%), and Fusibacter (7 vs. 15 ± 7%). 

The inoculum contained a larger quantity of bacteria outside the core genera reflected 

in the large percentage of ‘Other’ bacteria. As the biofilm develops the abundance of 
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‘Other’ bacteria decrease from 48% at Day 0 to 28% at Day 14. During development 

(Day 7), both Pannonibacter (20%) and Alkaliphilus (15%) make up a significantly 

larger percentage of the community compared to the mature communities where they 

make up 1.50 ± 0.71% and 3.50 ± 0.71 % respectively. Additional studies on anode 

colonization and biofilm development are needed to determine if these bacteria 

represent early colonizers of these communities. 

 

 

 

Figure 2.5. Principle component analysis of all MFCs showing reformation of a 

stable, mature biofilm structure (Day 14) following disruption (Day 0).  
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Disruption and reformation of mature communities over two weeks was 

visualized through principle components analysis of unweighted UniFrac values 

(Figure 2.5). The two components (PC1 and PC2) separated each community 

explaining 67% of the total variation among all samples. Each community was 

distinguishable, yet close in phylogenetic space as determined by the range of 

eigenvalues. The community exposed to increased airflow (Air MFC) was the most 

defined, while the developing communities (Day 7, Day 14) were tightly grouped and 

similar to the original pre-disrupted community (Day -1) indicating a reformation of 

previous community structure.  

 
 
2.4 Discussion 

In the acetate-fed MFCs of the present study a few numerically dominant 

members were conserved across all high-power MFC biofilms. The core community 

shared amongst all assemblages impacts the energy balances in the environment and 

shapes the overall function of the community. 170,171 Genera considered part of the 

core microbial community in the high-power acetate-fed MFCs of the present study 

are Geobacter, Aminiphilus, Spirochaeta, Acetoanaerobium, Sedimentibacter, and 

Dechloromonas. All these genera represented at least 0.5% of total reads in in either 

SC- or CEA-MFCS.  

The functional role of Geobacter in exoelectrogenic communities is well 

explored differing from many of core microorganisms. Geobacter spp. are anode-

respiring exoelectrogens and utilized as a biological models for extracellular electron 
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transfer. Geobacter species produce conductive type IV pili encoded by PilA gene 

known as ‘microbial nanowires’ which in turn confer conductivity to the entire 

biofilm. Biofilm conductivity allows direct electrical interactions with the electrode 

possible even when Geobacter makes up only a fraction of the species present in the 

biofilm, however, mechanisms and linkages between Geobacter abundance and 

conductivity are not yet established.70,172  

Synergistetes were also present in high abundances across all samples. Many 

Synergistetes are fermentative bacteria associated with syntrophic relationships in 

anaerobic environments.173,174 Members of the Synergistetes phyla have been 

identified in anaerobic digesters handling distillery grains, petroleum hydrocarbons, 

swine wastewater, and bioelectrochemical reactors associated with methane 

fermentation, though not in the high relative abundances observed in the present 

study.175–178  The consistent appearance and high abundance of Synergistetes indicates 

a high likelihood of synthropic interactions that have been previously recognized in 

other MFC studies. The genus identified in the present study, Aminiphilus, has is 

associated with electrodes among other communities with relative abundances as high 

as 8.4% and 11% in PBDE-degrading and hydraulic fracturing wastewaters 

respectively.179,180 However, relative Synergistetes abundances as high as 33% and 

relative Aminiphilus abundances as high as 43% seen in the present study have not 

previously been reported in any ecological survey. The contribution of Synergistetes 

to overall MFC performance is unclear, yet it could relate to species such as 

Aminiphilus circumscriptus’ ability to efficiently ferment a variety of amino acids 
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generated through the decay of biomass to propionate, butyrate, and acetate.181 

Insulating proteins from dead cells may be digested quickly thereby optimizing 

conductivity, recycling key nutrients, and providing Geobacter sulfurreducens a 

preferred electron donor. However, for fermentation of products like butyrate to be 

thermodynamically favorable, hydrogen must be removed.182 The role of hydrogen 

scavenging and subsequent acetogenesis could fall to homoacetogens identified in the 

community like Acetoanaerobium and some Spirochaeta species.183,184  

Differences between reactors amounted to the prescene or abscene of 

Halomonas and Fusibacter. Halomonas spp. represented 15.11% of total reads in 

CEA-MFC biofilms but was absent in SC-MFC biofilms, while Fusibacter was 

absent in CEA-MFCs but represented 12.38% of total reads in SC-MFC biofilms. 

Both have been previously identified in acetate-fed MFC biofilms though their 

functional roles remain undefined.185,186 Functional roles between Halomonas and 

Fusibacter may be similar and the slightly increased salinity of the CEA-MFC media 

may lead to Halomonas filling a specific ecological niche that Fusibacter would 

otherwise fill.  

Functional roles of the prominent phylotypes in MFC anode biofilms should 

be a target of future research efforts as conservation is likely to exist between the 

microbial communities in this and previous studies and should be further explored as 

establishing a core community across all reactors is an important first step towards 

understanding the dynamic metabolic processes that take place in MFC communities.  
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Overall, the repeatability in community structure over time and across reactor 

designs provides a starting point from which perturbation studies can be conducted. 

Variation from the present core community after exposure to different operational 

conditions will be able to provide evidence for the functional roles of community 

members and their contribution to biofilm performance and stability. This knowledge 

may then be applied towards linking community structure, development, and 

performance that will ultimately lead to rational engineering of community 

management practices and practical application of MFCs in in commercial/industrial 

settings.  
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Table 2.S1 Community of Acetate-fed SC-MFCs (% of total 16s rRNA reads)  

 

  

Actinobacteria	

Verrucom
icrobi

a	 Bacteroidetes	

Spirochaetes	

	

Synergistetes	

	 	 	 	

Firm
icutes	

	 	 	 	 	 	 	 	

Proteobacteria	

Phylum
	

0.61%
	

0.73%
	

1.83%
	

3.50%
	

	

22.13%
	

	 	 	 	

36.29%
	

	 	 	 	 	 	 	 	

34.50%
	

	

Actinobacteria	

O
pitutae	

Bacteroidia	

Spirochaetes	

	

Synergistia	

	 	 	 	

Clostridia	

γ-proteobacteria	

β-proteobacteria	 	 	 	

α-proteopbacteria	

δ-proteobacteria	

Class	

0.61%
	

0.68%
	

0.70%
	

3.50%
	

	

22.13%
	

	 	 	 	

34.88%
	

1.61%
	

	

1.96%
	

	 	 	 	

6.87%
	

22.62%
	

	

Actinom
ycetales	

Bacteroidales	

Spirochaetales	

Synergistales	

	 	 	 	

Clostridiales	

Pseudom
onadales	

Burkholderiales	

Caulobacterales	

Rhodobacterales	

Rhodospirillales	

Rhizobiales	

Desulfurom
ondales	

O
rder	

0.54%
	

	

0.70%
	

3.50%
	

	

22.13%
	

	 	 	 	

34.78%
	

1.05%
	

	

1.54%
	

0.95%
	

1.38%
	

1.48%
	

	

2.82%
	

22.30%
	

		

	 	 	

Spirochaetaceae	

Synergistaceae	

Clostridiaceae	

Peptostreptococcaceae	

Incertae	Sedis	XI	

Incertae	Sedis	XII	

Pseudom
onadaceae	

Alcaligenaceae	

Com
am

onadaceae	

Caulobacteraceae	

Rhodobacteraceae	

Rhodospirillaceae	

Bradyrhizobiaceae	

Phyllobacteriaceae	

G
eobacteraceae	

Fam
ily	

	 	 	

3.21%
	

	

22.13%
	

	

2.31%
	

6.86%
	

9.68%
	

12.46%
	

1.05%
	

0.74%
	

0.79%
	

0.95%
	

1.38%
	

1.46%
	

0.83%
	

1.47%
	

22.30%
	

	

	 	 	

Spirochaeta	

Cloacibacillus	

Am
iniphilus	

N
atronincola	

Alkaliphilus	

Acetoanaerobiu
m
	

Sedim
entibacter	

Fusibacter	

Pseudom
onas	

	

Brevundim
onas	

Pannonibacter	

Azospirillum
	

	 	

G
eobacter	

Genus	

	 	 	

3.10%
	

0.69%
	

21.14%
	

0.62%
	

1.04%
	

5.63%
	

7.80%
	

12.38%
	

0.64%
	

	 	

0.74%
	

1.01%
	

1.14%
	

	 	

22.12%
	

	



 
 

 

 

63 

Table 2.S2 Community of Acetate-fed CEA-MFCs (% of total 16s rRNA reads)  
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Table 2.S3. Bray-Curtis Dissimilarity Score Matrix  

 

 

 

Table 2.S4. Intra- and Inter- Sample BC-Dissimilarity Scores  

 

 

 
Table 2.S5. P-Values Comparing Inter-Time BC-Dissimilarity Scores 
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Abstract:  

The functioning of microbial communities in many environments is dependent on 

extracellular electron transfer mediated through electrical currents. This is especially true for 

exoelectogenic communities that rely on the construction of conductive microbial networks. 

However, the conduction mechanisms of current-producing mixed-species biofilms and their 

connection to both community structure and reactor performance are not well understood. In 

the present study, MFC biofilms exhibited high conductivity across non-conductive gaps up to 

1 mm in length. Electrochemical gating analysis of the biofilms over a range of potentials (-

600 – 200 mV, vs. Ag/AgCl) resulted in a peak-manner response with maximum conductance 

of 3437 ± 271 µS at a gate potential of -360 mV indicating redox conductivity. Comparison of 

divergent anaerobic communities suggests Geobacter spp. play the primary role in the 

construction of conductive networks, though direct connections between Geobacter spp. and 

conductivity across exoelectrogenic and other anaerobic biofilms remains undetermined. 

Furthering the linkages between community structure, conductivity, and interspecies 

interactions can be used to optimize MFC performance. 

 

Keywords: Microbial Fuel Cell, Microbial Electrochemical Systems, Biofilm, Conductivity, 

Exoelectrogens  
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3.1 Introduction 

Microorganisms acquire energy through electron transfer reactions associated with the 

oxidation and reduction of chemical compounds. In many environments microbial 

communities are supported through the extracellular transfer of electrons to electron 

extracellularly donors/acceptors that may be on the order of micrometers to centimeters 

away.64,123,187 The efficiency with which electron transfer can be accomplished is not only 

critical to energy conservation within collections of cells but also vital to the performance of 

microbial electrochemical systems (MESs) like MFCs.188 Recently, the prevalence of electron 

transfer over extended distances via electrical currents has been recognized in several natural 

and engineered environments.189,190 Electrical currents offer clear temporal and efficiency 

advantages in electron transfer over the diffusion of small molecules particularly in diffusion 

limited environments like biofilms and anoxic sediments.64  

 Exoelectrogenic bacteria, that is bacteria capable of transferring electrons via 

electrical currents, are well studied due to their biotechnological relevance and ubiquitous 

presence in anaerobic environmental systems.191 The most prominent of these, Geobacter 

sulfurreducens and Shewanella oneidensis, are used as model systems for electron transfer and 

recognized for their ability to conduct electrons through specialized appendages like microbial 

nanowires and c-type cytochromes.125,192–194 The conduction mechanisms in pure-culture 

biofilms of nanowire producing microorganisms are not well-established and is currently an 

active area of research. Differences in mechanisms likely exist between species as the 

conductivity of S. oneidensis nanowires are dependent on the presence of redox cofactors like 

c-type cytochromes that are typically associated with extracellular electron transfer while the 
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nanowires of G. sulfurreducens appear to have a conductivity that is independent of redox 

cofactors.192,195 Some experimental evidence suggests that the microbial nanowires of G. 

sulfurreducens possess delocalized electronic states representing a metallic-like conductivity 

that is conferred to whole biofilms.103 However, other studies have refuted this theory and 

indicated that electron transfer in whole biofilms of G. sulfurreducens proceeds through a 

concentration gradient-driven electron transfer process involving localized redox cofactors 

referred as electron hopping.133,196,197  

These conductive properties have also been recognized in various mixed consortia 

including mixed-species MFC biofilms and methanotrophic aggregates in which electron 

transfer is hypothesized to proceed through multi-heme cytochromes.133,198 G. sulfurreducens-

dominated (52% Geobacter spp.) mixed-species MFC biofilms previously exhibited a 

conductivity of 250 µS cm-1, around 5% that of pure culture biofilms of G. sulfurreducens.103 

MFC biofilm conductivity enables multilayer cell stacking and efficient cell-electrode contact 

conducive to high power outputs and coulombic efficiencies yet the characterization of mixed-

species communities in terms of their extracellular electron transfer mechanisms or other 

species impact on biofilm conductivity has yet to be performed. Because several microbial 

species can produce various conductive proteins/redox cofactors the combination of different 

species could affect the overall conductive characteristics of mixed-species biofilms.199 Future 

enhancement of MFCs could depend on the elucidation of extracellular electron transfer 

processes and connecting community structure to conductivity within mixed-species 

biofilms.200 
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In the present study, a gold-coated split-anode design was used to examine the 

conductive behavior of high-power, mixed-species MFC biofilms over an extended range of 

anode potentials (-600 – 200 mV vs. Ag/AgCl) and over various gap lengths (50 – 1000 um). 

Divergent anaerobic communities were used to gauge the impact of community compositions 

on conductivity. Results demonstrated significant differences in conductivity compared to 

previous studies using pure cultures and provides evidence for redox driven conductivity in 

mixed-species biofilms of MFCs. Geobacter abundance was strongly correlated to 

conductivity across communities analyzed and it’s role across anaerobic communities was 

explored.  

 

3.2 Materials and Methods 

3.2.1 Anode preparation  

A split-anode design modified from a previous study was developed for the in situ 

evaluation of biofilm conductivity.195 A water resistant adhesive (Loctite, 

Düsseldorf, Germany) was applied to standard weighing paper (Schleicher & Schuell, Inc., 

Keene, NH, USA) to provide rigidity. Adhesive laden paper was then cut into a circle with 

area of 7 cm2. An electrically conductive gold film (approx. 5 µm) was then applied to the 

adhesive layer by an Cressington 108 auto sputter coater (Cressington Scientific, Watford, 

UK). A ESI 5330 UV Laser machine (Electro Scientific Industries, Inc., Portland, OR, USA) 

was used to create nonconductive gap with various width (50, 150, 300, and 1000 µm) at the 

center of electrode. Resistance measurements confirmed that the two pieces of the anode were 

electrically separated (Rgap > 1010 Ω).  
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3.2.2 Microbial fuel cell design and operation 

Single-chamber, air-cathode MFCs with gold-coated split-anodes were used to develop 

biofilms on the anode surface. Carbon cloth/activated carbon cathodes were fabricated 

following previously developed protocols.201 The projected surface areas of anode and 

cathode were 7 cm2 and the total MFC volume was 12 mL. The MFCs were electrically 

connected in one of two ways to examine the biofilm growth and conductivity (Figure 3.1). 

Double anode MFCs labeled ‘DA-MFC’ contained anodes in which both halves of the split 

anode were connected to the closed electrical circuit, while in single anode MFCs labeled 

‘SA-MFC’ only one of the two halves of the split anode was connected to the closed electrical 

circuit. Reactors with neither of the two halves of the split anode connected to circuit were 

used as a control. 

Lab-maintained active MFC cultures were used as inoculum, which was originally 

from active sludge collected from the Corvallis Wastewater Treatment Plant (Corvallis, OR) 

and has been demonstrated to converge to a consistent community composition over extended 

periods of operation and across varying reactor designs when fed acetate.202  30 mM of acetate 

was provided as the electron donor during the startup of MFCs which was increased to 60 mM 

after power outputs became stable. Modified Geobacter medium (MGM) (pH 7) was used in 

all experiments. The medium consists of the following ingredients (per liter): KCl, 0.13 g; 

NH4Cl, 0.31 g; NaH2PO4·H2O, 5.84 g; Na2HPO4·7H2O, 15.5g; vitamin, 12.5 mL; and mineral 

12.5 mL solution as previously reported.152 MFCs were operated in fed-batch mode with 

external resistance decreased from 10,000 to 500 Ω between batches as the biofilms grew in 

order to maintain maximum cell voltages around 0.3 V. When voltages were under 5% of 
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batch maximum, the media was removed and replaced with new media. The length of each 

batch was approximately 48 hours.  

Electrochemical analyses were performed to measure the in situ 

resistance/conductivity of biofilms. For all experiments a conventional three electrode 

configuration was used in which a split anode was used as the working electrode, a 5% 

platinum plate (6.45 cm2) parallel to the split anode was used as the counter electrode, and a 

Ag/AgCl (3M NaCl) electrode was used as a reference. One half of the split anode was used 

as the electron source and the other half of the split anode was used as electron drain.  

Initial experiments were conducted in order to evaluate biofilms over time at open 

circuit anode potential (OCP). In order to perform OCP conductivity measurements and to 

prevent interference from anodic current, the MFC anodes were temporarily disconnected 

from the cathode and allowed OCP to be reached. Then a voltage ramp (Vapp) low enough to 

avoid the electrolysis of water or a self-heating effect was then applied between two halves of 

a split anode (0 – 0.075 V) in steps of 0.025 V by using a source meter (Model 2405, Keithley, 

USA). The potential of both halves of the split anode were then continuously measured 

through the use of reference electrodes (Ag/AgCl, 3M NaCl). The average of the potentials of 

the two anode halves was considered the midpoint potential (Emid) of the biofilm, which was 

determined to be stable at -460 to -470 mV (vs. Ag/AgCl) in the presence of acetate 

containing media during open circuit conditions and when voltage ramps were applied. For 

each voltage step, transient ionic current related to counter-ion diffusion was allowed to 

decline for approximately 20 minutes until a steady state was reached. Current was then 

recorded every 30 seconds over a period of 3 minutes. Biofilm resistance was calculated by 
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plotting Vapp against measured current thereby avoiding the measurement of catalytic current 

associated with acetate oxidation. Conductance was then calculated from the inverse of 

resistance. Measurements were taken approximately twice a week during operation. 

Measurements of conductivity conducted at OCP were performed in triplicate reactors (n=3). 

To further measure biofilm resistance as a function of potential and to further examine 

conductive behavior of mixed-species biofilms in the presence and absence of electron donor, 

electrochemical gating analysis was performed based on the three electrode configuration. A 

potentiostat (References 100, Gamry Instruments Inc., Warminster, PA) in conjunction with 

the three electrode setup previously described was used to set the gate potential (Vg), which 

ranged from -600 to 200 mV (vs. Ag/AgCl). Vg was increased in increments of 100 mV from -

600 to -500 mV, 25 mV from -500 to -400 mV, 50 mV from -400 to -200 mV, and 100 mV 

from -200 to 200 mV. Concurrent with the setting of Vg, a source meter (Model 2405, 

Keithley, USA) was used to apply voltages (Vapp) between the source and drain anode. The 

conducting currents at various Vapp (0, 25, 50, and 75 mV) were measured and used to 

calculate resistance from the slope of the voltage-current curve as previously described in 

preceding paragraphs. Following changes to Vg or Vapp, 20 minutes were waited before 

measurements were taken to allow the dissipation of transient ionic current. For all 

electrochemical gating experiments, deoxygenated media were prepared by bubbling of 

nitrogen gas for 30 minutes. Experiments of electrochemical gating analysis were conducted 

using multiple reactors (n = 2). 
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3.2.3 Confocal laser scanning microscopy (CLSM) 

Confocal laser scanning microscopy (CLSM) was used to verify biofilm growth across 

non-conductive gaps and on electrode surfaces in addition to measuring biofilm thickness. 

Following biofilm maturity, small pieces of the anodes (approximately 7 to 14 % of the total 

anodic surface area) were carefully cut, stained with LIVE/DEAD BacLight Bacterial 

Viaibility Kit (Molecular Probes, Eugene, OR, USA), and then examined with the Zeiss LSM 

510 Meta confocal microscope with a 10X objective lens (Carl Zeiss AG, Oberkochen, 

Germany). A minimum of three fields were imaged. Images were further processed and 

analyzed by software ImageJ (ver. 1.49d). A minimum of ten random CLSM stacks along the 

y-axis were used to determine the average thickness of biofilm.  

 

3.2.4 Fluorescent in situ hybridization (FISH) 

Fluorescent in situ hybridization (FISH) was used to confirm the presence of 

Geobacter spp. within the biofilm using the Geo1A probe (Hugenholtz et al., 2002). For FISH 

analysis, a small piece of biofilm containing anodes was cut out as described above. Select 

pieces were fixed for 1-2 hours in 4% paraformaldehyde/ phosphate buffered saline (PBS) in a 

24-well cell culture plate and subsequently permeablized by treatment with lysozyme (70,000 

U/ml) in buffer for 10 min at 37°C then rinsed with PBS. FISH was performed immediately 

after fixation following procedures previously described (Hugenholtz et al., 2002). Conditions 

were optimized with pure cultures of non-target strains and cultures of the target species by 

gradually increasing the formamide concentration in the hybridization buffer while 

maintaining equivalent ionic strengths and hybridization temperatures. Biofilms were first 
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incubated in hybridization buffer consisting of 45% formamide, 20 mM Tris-HCl (pH 7.5), 

0.9 M NaCl, and 0.01% SDS for 15 min at 46 °C, and then immersed in the same solution 

containing the Geo1A probe (2 µg/ml) for 3 hrs at 46 °C. Immediately following hybrization 

biofilms were soaked for 15 min at 48 °C in the washing buffer (Tris-HCl (pH 7.5), 0.03 M 

NaCl, 0.01% SDS, 5 mM EDTA). Biofilms were rinsed in saline, lightly dried, and then 

embedded in a Citiflour antifadent (London, UK) before being stored in the dark at room 

temperature between 3 – 48 hours prior to examination. Samples were then examined by the 

Zeiss LSM 510 Meta confocal microscope with 10X and 20X objectives. Images were 

processed using ImageJ software (ver. 1.49d). A minimum of three fields were selected to 

represent the whole examined area.  

 

3.2.5 Biofilm Conductivity Calculation 

Conformal mapping was used to calculate biofilm conductivity (𝜎) from biofilm 

thickness (g), determined through CLSM measurements, and biofilm resistance (R), 

determined through two-electrode measurements.203 The following equation was used, where 

D is the diameter of the electrode and a is the half of the width of the non-conductive gap:    

σ =
𝜋
𝑅𝐷

ln	(8𝑔𝜋𝑎)
 

3.2.6 Cyclic voltammetry (CV) 

Cyclic voltammetry (CV) was used to confirm direct electron transfer processes and 

identify major redox peaks in the mixed-species biofilms. Following growth, a three-electrode 
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electrochemical cell setup was used. The anode containing a biofilm was used as the working 

electrode and a platinum plate (6.45 cm2) was used as the counter electrode. An Ag/AgCl (3 

M NaCl) was used as the reference electrode. For DA-MFCs, CV was performed in the 

presence and absence of acetate with substrate depletion confirmed through HPLC analysis. 

Biofilm-less control experiments were also conducted by filling control cells with the filtered 

MFC effluent. All CV experiments were performed by using a potentiostat (References 100, 

Gamry Instruments Inc., Warminster, PA) over a potential range from -600 to 200 mV vs. 

Ag/AgCl at a scan rate of 1 mV s-1. For all CVs, deoxygenated media was prepared by 

bubbling nitrogen gas for 30 minutes.  

 

3.2.7 DNA Extraction 

Samples of methanogenic, exoelectrogenic, and fermentative biofilms were collected 

prior to examination of CLSM (120 days for both methanogenic and exoelectrogenic biofilms, 

20 days for fermentative biofilms) for DNA extraction. And the converted methanogenic 

biofilms were harvest after 40 days of serving as anodic biofilms in MFCs. DNA extraction 

was performed using the MoBio PowerBiofilm DNA Isolation Kit (Carlsbad, CA) following 

the protocol suggested by the manufacture. The quality of the DNA extraction was checked on 

an agarose gel and further verified through use of spectrophotometer (NanoDrop, Wilmington, 

DE, USA). 
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3.2.8 Illumina Sequencing and Data Analysis 

A dual-index approach for multiplexing 16S rRNA was used. DNA from samples of 

each community (n = 32) was amplified with a primers containing a linker sequence, an 8 bp 

index sequence, and universal set of primers designed to target the hyper-variable V3-V4 

region of the 16S rRNA gene.204 Amplicon pools were prepared normalized and prepared for 

sequencing using AMPure XT beads (Beckman Coulter Genomics, Danvers, MA, USA) with 

size and quality of the amplicon library assessed on Agilent Bioanalyzer 2100 (Agilent 

Technologies, Santa Clara, CA, US). The PhiX control library was combined with the 

amplicon library and then sequenced with standard Illumina sequencing primers for a 250bp 

paired-end run (v3) on the MiSeq platform (Illumina, San Diego, CA, US). Image analysis, 

base calling and data quality assessment were performed on the MiSeq instrument. 

Sample processing was performed through QIIME (version 1.6.0).205 Samples were 

demultiplexed and dual barcode sequences removed. Initial quality pre-processing included 

removing sequences reads that did not have an average phred quality of 20 over a 30bp 

window and trimmed reads less than 75% of original length resulted in 96% read retention. 

Further QIIME quality trimming including removing sequences with 3 consecutive low-

quality bases, ambiguous base calls, and a minimum sequence length of 200 after trimming. 

Paired-end reads were aligned to pre-aligned Greengenes 16S rRNA gene sequences. 

Concatenated reads were further processing including denoising by clusterin similar 

sequneces with less than 3% dissimilarity using USEARCH.206 Chimera detection and 

removal was conducted with UCHIME v5.1.207 Taxonomic assignment was conducted using 

Ribsomal Database Project (RDP) Naïve Bayesian Classifier v2.2 and trained on the 
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Greengenes database using 0.8 confidence values as cutoff.164 The relative abundance of 

sequences was represented as a percentage of total sequence reads. Principle component 

analysis using UniFrac metrics was performed using QIIME.168 Distance matrices were also 

calculated for Geobacter spp. percentage and conductivity (mS). The Pearson statistic 

calculated using the Mantel test was used to compare community structure (per determined 

principle components), conductivity, and relative abundance of Geobacter spp. Results are 

defined to be significant at p < 0.05 and marginally significant at 0.05 < p < 0.1. 

 

3.3 Results/Discussion 

3.3.1 Growth and Spatial Distribution of Biofilms 

CLSM imaging revealed that biofilms formed over the 50 µm non-conductive gaps 

between the two active anode surfaces connected to the circuit in DA-MFCs. Average biofilm 

thickness within the gap area of DA-MFCs was 38.4 ± 10.1 µm after approximately 70 days of 

growth (Figure 3.1). Biofilm growth was also observed across the non-conductive gap in SA-

MFCs with an average biofilm thickness of 52.2 ± 11.6 µm within the gap area (Figure 3.1). 

Biofilm growth on the unconnected anode surface (~1 cm away from an active electrode 

surface) was observed in all anodes of SA-MFCs with less red pigment than active electrode 

surfaces. Control reactors with unconnected anodes displayed limited growth on gold-coated 

electrode surfaces and biofilms were too sparse for thickness to be measured (Figure 3.1). 

Geobacter spp. were detected on both active and inactive anode surfaces of DA-MFCs and 

SA-MFCs but not detected on any electrode surfaces of control reactors (Figure 3.2.).  
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Figure 3.1. Top down CLSM images and schematic of MFC setup used for culture of 

exoelectrogenic biofilms. (A) Anode from DA-MFC with 50 µm non-conductive gap, (B) 

Anode from SA-MFC with 50 µm non-conductive gap, and (C) Electrode from control MFC 

with 300 µm non-conductive gap. Arrows indicate the location of non-conductive gap (frame 

size 8.1 X 10-3 cm2). 

 

A difference between previous studies featuring single species biofilms and the mixed-

species biofilms of the present study is the ability to establish growth on an inactive electrode 

1 mm away from an active electrode.126,195 This suggests that extended growth in the mixed-

species environment is likely due the presence of advantageous interspecies interactions in 

mixed-species environments. These interactions may be the production of alternative redox 
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cofactors able to be used as electron acceptors by Geobacter spp. and/or interspecies 

coadhesion interactions that enable extended growth distances from active electrodes.129,130,208  

 

 

Figure 3.2. Fluorescent in situ hybridization images displaying Geobacter distribution on 

actively respired anode surface (A), non-actively respired surface of the same MFC (B), and 

surface of control MFC (frame size 1.6 X 10-3 cm2). 

 

3.3.2 Current and Power Generation 

Increases over time in electrical current and power generation were observed for both 

DA-MFCs and SA-MFCs (Figure 3.3). When normalized to cathode surface area, power 

generation of SA-MFC reactors averaged 63.1% of the power generation of DA-MFC 

reactors, significantly greater than the 50% that would be expected if no exoelectrogenic 

growth was on the unconnected electrode surface (single factor t-test, p < 0.05). This 

observation suggests that the establishment of an electrical connection beyond the active 

electrode was simultaneously supported by the growth of exoelectrogens on the inactive anode 

surface of SA-MFCs and contributed to power generation.  
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Figure 3.3. Measured conductance and power of DA-MFCs and SA-MFCs over time. (A) DA-

MFC with 50 µm non-conductive gap, (B) SA-MFC with 50 µm non-conductive gap. Error 

bars represent standard deviation (n = 3).    

 
3.3.3 Conductivity of Mixed-Species Biofilms  

Initial conductance was calculated during growth at biofilm mid-point potentials (Emid) 

of -470 mV (vs. Ag/AgCl) corresponding to open circuit potentials of anode. Conductance 

was observed in both DA- and SA-MFC reactors and increased as biofilms grew across non-

conductive gaps (Figure 3.3).  Initial increases in power were correlated to increases in 

conductance yet continued to increase after conductance plateaued. This is likely due to 

stacking of active biomass enabled by the conductivity of the inner biofilm structure. Average 
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biofilm conductivity for DA-MFCs was 679.4 ± 15.6 µs cm-1. This conductivity is 

significantly higher than that calculated for the open-circuit control reactor using average 

biofilm thickness of DA-MFCs (3.2 ± 1.5 µs cm-1). Increases in conductance proceeded 

slower in SA-MFC setups likely due to a single point of origin for exoelectrogenic growth 

across the gap (Figure 2.3.B.). The average conductivity of SA-MFC reactors was 285.2 ± 

52.3 µs cm-1 at the same Emid, corresponding to a 58.2% decrease compared to DA-MFCs. 

Biofilms could span gap lengths up to 1 mm though average biofilm conductance decreased as 

gap width increased (Figure 3.4).  

 

 

Figure 3.4. Conductance of MFCs and SA-MFCs over gap width after day 70. Error bars 

indicate the standard error of individual measurements of several MFCs (n=3) 
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3.3.4 Electrochemical Gating and Cyclic Voltammetry 

Biofilm conductivity was analyzed over a range of potentials using electrochemical 

gating analysis. Results revealed that the conductivity of mixed-species biofilms changed in a 

peak-manner based on gate potential (Vg) (Figure 3.5). Maximum conductance of the mixed-

species biofilms was 3437 ± 271 µS corresponding to a Vg of -350 mV (vs. Ag/AgCl). 

Conductance of biofilms poised at a Vg more negative than -500 mV or more positive than 0 

mV were significantly decreased. Measurements in both control experiments using the same 

electrode geometry but without established biofilms did not exhibit a peak in conductivity and 

limited conductivity was observed (0.8 to 15.3 µS), indicating that the observed conductivity 

was related to the development of an exoelectrogenic biofilm.   

The conductivity peak observed around a Vg of -350 mV (vs. Ag/AgCl) is similar to 

the formal potential of c-type cytochromes associated with other exoelectrogenic biofilms.209 

The peak-manner response observed is a characteristic of a redox molecule-mediated electron 

transfer mechanism like that of conductive polymers.210 Classically, this electron transport is 

considered to be driven by concentration gradients of localized reduced and oxidized redox 

cofactors though voltage gradients may also be responsible. Either way the fundamental 

electron hopping event is unchanged and can be unified under generalized thermodynamic 

forces.210 Concentration gradient driven electron transfer is dependent on a mixed valent state 

and maximized at potentials in which the ratio of reduced and oxidized redox sites within the 

matrix are equal.210 If redox sites are completely reduced or oxidized within the biofilm 

matrix, the biofilm will become non-conductive as observed in the present study when Vg was 

more positive than 0 mV or more negative than -500 mV. Overall support of a concentration 
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gradient driven conduction mechanism in the present study is consistent with previous 

research presenting an electron hopping model of electron transfer in single species biofilms 

of G. sulfurreducens.133,198 

 

 

Figure 3.5. Conductivity of mixed-species biofilms and control estimated by electrochemical 

gating analysis. Error bars represent standard deviation (n = 2). 

 

3.3.5 Conductivity and Biofilm Community Composition 

Varying selective conditions were applied to the same initial community to establish 

divergent compositions representative of exoelectrogenic, methanogenic, and fermentative 

communities. Conductivity of the methanogenic biofilms (33.7 ± 16.9 µS/cm) was 67 times 

more conductive than the thicker (863 ± 75 µm) fermentative biofilms (0.5 ± 0.1 µS/cm), but 
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nearly 4 times less conductive than exoelectrogenic biofilms (125.0 ± 10.1 µS/cm) of similar 

biofilm thickness (32.7 ± 4.4 µm) (p < 0.05). Biofilms grown under methanogenic conditions 

then switched to exoelectrogenic growth exhibited a biofilm conductivity of 307.4 ± 72.6 µS/cm, 

almost 2.5 times higher than the final biofilm conductivity in directly enriched exoelectrogenic 

biofilms. This result is likely due to the inhibition of non-exoelectrogenic bacteria by 

methanogens thereby resulting in a higher relative abundance of Geobacter in the transitioned 

communities (11.13%) compared to exoelectrogenic (0.93%), methanogenic (0.50%), and 

fermentative communities (0.04%) (Figure 3.6). The relative low percentage of Geobacter in 

exoelectrogenic and transitioned biofilm communities compared to previous studies is due to 

insufficient time of enrichment and the use of a modified gold-electrode configurations. 

 

 

Figure 3.6 Relative abundance of family level 16S rRNA reads from divergent anaerobic 
communities. 
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Between the phylogenetically distinct anaerobic communities, relative abundance of G. 

sulfurreducens was significantly positively correlated (r = 0.90) with biofilm conductivity (p < 

0.05) (Table 3.1) (Figure 3.7). Principle component one as determined by weighted Unifrac 

scores was most closely associated with G. sulfurreducens abundance, though correlation was 

not significant due to low sample size (n = 4). No other correlation could be found at any level 

between community membership and conductivity even when controlling for G. sulfurreducens 

populations by removing those sequences from the community. This suggests that between 

anaerobic communities no other dominant taxa contribute significantly to conductivity across 

anaerobic communities.   

 

Table 3.1 Mantel Matrices Calculations Between Conductivity and Community Components 

Metric 1 Metric 2 Pearson's 
correlation 

(r) 

p-value Sig. 

Principle Component 1 Conductivity 0.759 0.136 N 
Principle Component 2 Conductivity -0.433 0.383 N 
Principle Component 3 Conductivity -0.287 0.716 N 
Unweighted Unifrac Conductivity 0.683 0.149 N 
G. sulfurreducens (%) Conductivity 0.903 0.049 Y 
Principle Component 1 G. sulfurreducens (%) 0.900 0.132 Y 
Principle Component 2 G. sulfurreducens (%) -0.324 0.331 N 
Principle Component 3 G. sulfurreducens (%) -0.459 0.519 N 
Unweighted Unifrac G. sulfurreducens (%) 0.827 0.099 N 

Controlling for G. sulfurreducens (%)    
Principle Component 1 Conductivity -0.286 0.669 N 
Principle Component 2 Conductivity -0.347 0.595 N 
Principle Component 3 Conductivity 0.334 0.252 N 
Unweighted Unifrac Conductivity -0.266 0.847 N 
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The energetic favourability of direct electron transfer in MFCs clearly provides a 

selective pressure biased towards microbial species capable of establishing conductive 

extracellular structures, however, neither conductivity nor current outputs is directly correlated 

to current outputs amongst mature MFC communities (Figure 3.S1). This may be indicative of 

a minimal threshold in terms of Geobacter abundance above which minimal increases in biofilm 

conductivity are observed. This threshold may be too low to recognize across exoelectrogenic 

communities due to their typically high relative abundances of Geobacter spp., however, in 

methanogenic granules from anaerobic digesters low abundances of Geobacter were able to be 

correlated to aggregate conductivity.132 This would indicate a logarithmic relationship of 

conductivity relative to Geobacter abundance (r2 = 0.984) and could potentially be further tied 

to the concentration of redox cofactors deposited in exoelectrogenic biofilms though more data 

points featuring communities with low abundances (0.5 – 5%) of Geobacter are needed along 

with purification and quantification of redox active proteins (Figure 3.7).  

 

Figure 3.7. Conductivity versus relative abundance of Geobacter (%).  
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3.4 Conclusions 

Mixed-species communities will continue to play a critical role in the development of 

MFCs. The construction of these conductive biofilms is central to their ability to effectively 

take advantage of inexhaustible, insoluble electron acceptors in addition to providing a 

conduit for direct electron transfer that may be the foundation of syntrophic relationships.  The 

current study provides an initial reference point for the conductive behavior of these mixed-

species biofilms and provides evidence of redox-driven conduction mechanisms. The strong 

correlation between Geobacter spp. and conductivity reinforces the notion that Geobacter spp. 

are the major constructer of conductive extracellular structures that enables conductivity in 

these mixed species MFC biofilms. However, the relationship between Geobacter and 

conductivity in exoelectrogenic and other anaerobic biofilms is not yet fully established and 

should be a focus of future works. The differential responses observed between the present 

study featuring mixed communities and prior studies featuring pure cultures of Geobacter 

sulfurreducens suggest that interspecies interactions may provide advantageous features such 

as allowing biofilms to build and maintain conductivity over an extended distance on the 

millimeter scale, 10 times greater than previously observed in any other biofilms. Further 

connecting conductive mechanisms and community structure to interspecies interactions in 

exoelectrogenic mixed-species biofilms may lead to both the enhancement of conductivity and 

MFC performance. 
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Figure 3.S1. Current density of 17 MFCs versus relative abundance of Geobacter (%). 

Pearsons correlation (0.44902) was not significant (p < 0.05).  
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Abstract:  

The complex interactions that occur in mixed-species bioelectrochemical reactors, like 

microbial fuel cells (MFCs), make accurate predictions of performance outcomes under 

untested conditions difficult. While direct correlations between any individual waste stream 

characteristic or microbial community structure and reactor performance have not been able to 

be directly established, the increase in sequencing data and readily available computational 

power enables the development of alternate approaches. In the current study, 33 MFCs were 

evaluated under a range of conditions including 8 separate substrates and 3 different 

wastewaters. Artificial Neural Networks (ANNs) based on machine learning algorithms were 

used to establish mathematical relationships between wastewater/solution characteristics, 

biofilm communities, and reactor performance. ANN models that incorporated biotic 

interaction predictions predicted reactor performance outcomes more accurately than those that 

did not. The average percent error of power density predictions was 16.01 ± 4.35%, while the 

average percent error of coulombic efficiency and COD removal rate predictions were 1.77 ± 

0.57% and 4.07 ± 1.06%, respectively. Predictions of power density improved to within 5.76 ± 

3.16% percent error through classifying taxonomic data at the family versus class level. Results 

suggest that the development of ANNs is a workable approach to predict performance of 

bioelectrochemical systems.  

 

Keywords: Microbial Fuel Cell, Artificial Neural Network, Biofilm, Metagenomics, 

Wastewater 
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4.1 Introduction 

Recent technological advancements have led to a deeper understanding of the complex 

interactions in microbial communities.211 However, the ability to connect community structure 

directly to functional outcomes remains a challenge in the context of human health, geochemical 

cycles, and engineered systems.2 In emerging bioelectrochemical systems these connections 

must be established in order to quickly evaluate application suitability and provide a rational 

basis for microbial community management practices prior to and during operation for 

applications like wastewater treatment. Well-developed computational models based on 

bioelectrochemical technologies like microbial fuel cells (MFCs) can describe biofilm 

formation and the biochemical transformations that occur during treatment while other 

metabolic models detail interactions in defined co-cultures.136,212–214 However, a bottleneck 

remains as it relates to the impact of the anodic biofilm community. No current approach has 

the flexibility to predict both biofilm community and performance shifts following changes in 

a wide range of solution characteristics including substrate composition. Developing 

comprehensive metabolic models capable of computing all the potential interactions under 

varying conditions in diverse biofilms is daunting and poses a significant challenge towards 

achieving these goals. New approaches must be developed. 

 The increased application of artificial neural networks (ANNs) and machine learning 

applications across a variety of fields from medicine, to the arts, to engineering is spurred by 

improvements in both computing power and computing power accessibility.215 These data-

mining approaches sort through large datasets and detect underlying interactions between inputs 

and outputs effectively over-coming challenges in data saturated fields. In the field of microbial 
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ecology, ANNs are leveraged to sort through massive sequencing datasets generated from 

environmental studies and can successfully model complex interactions between microbial taxa 

and their environment with high accuracy.143 Further development of ANN-based microbial 

assemblage prediction techniques enabled them to accurately predict not just community level 

changes but functional ecosystem outcomes.144 ANN-based predictive models have previously 

been applied to environmental systems such as forest soil and acid mine drainage microbial 

communities, however, ANNs incorporating biotic interactions have never been applied to any 

engineered systems.145,146 

Microbial fuel cells (MFCs) represent an ideal system for evaluating the effectiveness 

of an ANN-based approach due to the central importance of the microbial community on nearly 

instantaneous performance outputs as well as the need for a predictive tool to achieve practical 

application. The microbial biofilms of MFCs oxidize organic compounds in wastewater and 

subsequently transfer the liberated electrons extracellularly to conductive surfaces enabling 

efficient energy harvesting.190 Metagenomic and transcriptomic studies of several MFC anodic 

biofilm communities have provided a detailed picture of their metabolic potential.87,92,216 

Central to the metabolic interactions in geographically distinct communities are the syntrophic 

relationships between fermentative, hydrogen-scavenging, and exoelectrogenic bacteria like 

Geobacter sulfurreducens.182,199 Under identical operational conditions these structures will 

consistently emerge from distinct inoculum sources and are repeatable over time and across 

reactor designs.88,202 However, outside of correlations observed between Geobacter spp. 

abundance, electrical conductivity, and electrical current outputs few direct relationships 

between community composition  and MFC performance have been elucidated.132,217  



 
 
 
 

 

 

93 

While MFC biofilm communities are stable under given operational conditions, 

exposure to varying substrates, electrode potentials and nutrient concentrations will result in 

drastic shifts in composition.216 Indirect interactions in MFCs such as the influence of electric 

potential and extracellular electron transfer on transcription and metabolic by-product ratios add 

even further complexity to attempts to correlate select microbial phylotypes to environmental 

and operational parameters.91 Several MFC models including those incorporating 

microbiological parameters  optimize performance within a given system, however none have 

the flexibility to predict community level changes associated with treatment of various 

wastewaters.135,142 The only (weakly) predictive measure of MFC performance identified for 

mixed-species systems is overall microbial diversity.139  

In the present study, we used ANN-based machine learning techniques to predict shifts 

in microbial assemblages and reactor performance from changes in environmental/solution 

parameters. Conductivity, nitrogen, phosphorous concentrations, substrate type, and substrate 

concentrations were varied among 33 MFCs with identical initial biofilm communities and 

reactor architecture. Eleven different types of substrates including three wastewaters were 

used in the study. Results indicate that both communities and reactor performance could be 

predicted at a given taxon level within 2 – 16% error using ANN models incorporating both 

biotic and abiotic parameters. This technique, applied to a community in an engineered system 

for the first time in the present study, established linkages between waste stream composition, 

biofilm community, and reactor performance. Additional challenges are likely to be 

encountered when attempting to expand this small-scale study to include communities and 
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reactor designs that cannot be universally controlled for, however, the effectiveness and 

feasibility of this approach suggests value in its further development.  

 

4.2 Materials and Methods 

4.2.1 Microbial Fuel Cell Design and Operation 

MFC designs in the study were cloth-electrode assembly (CEA) MFCs previously 

described 151,163. The original inoculum used to seed the initial MFC biofilm was collected 

from domestic wastewater (Corvallis Wastewater Treatment Plant, Corvallis, OR). Initial 

CEA-MFC biofilms were grown in a Modified Geobacter Medium (MGM) (pH 7) that 

consisted of the following (per liter): NH4Cl, 0.31 g; KCl, 0.13 g; NaH2PO4·H2O, 5.84 g; 

Na2HPO4·7H2O, 15.5g; vitamin solution (12.5 mL), Wolfe’s mineral solution (12.5 mL), and 

acetate (4.7 g l-1). A piece of carbon cloth was cut from the initial reactor and used to 

inoculate 33 MFCs with the same architecture and fed with the same substrate. These MFCs 

were operated in fed-batch mode with medium replaced once voltage dropped below 5% of 

the maximum batch voltage. External resistance was changed to maintain peak voltages 

around 0.330 V for optimal power densities. Biofilms were grown over a period of 2-3 weeks 

until stable power outputs of above 1.8 W m-2 were recorded for all MFCs (batch 0). At this 

point (batch), environmental conditions were varied across all reactors for 12 batch cycles. 

The substrates included acetate, butyrate, fumarate, glucose, fructose, galactitol, bovine serum 

albumin (BSA), diesel range hydrocarbon mixture (1.0 g dodecane, 1.0 g hexadecane, 1.0 g 

eicosane, 0.3 g acetate), brewery wastewater collected from Widmer Brewery (Portland, 

Oregon, USA), potato processing wastewater collected from Lamb Weston (Hermiston, 
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Oregon, USA), and dried fruit processing wastewater collected from Meduri farms (Dallas, 

Oregon, USA). The range of chemical oxygen demands (COD) of all solutions was between 

1.4 – 5.8 g COD g l-1. Range of solution conductivity was 5 – 128 mS cm-1 as measured using 

a conductivity probe (Hach Company, Loveland, CO) following the standard operating 

procedure. The range of nitrogen concentrations was 13 – 738 mg l-1 , while phosphorous 

ranged between 9 and 1558 mg l-1 as determined using standard protocols. 218 No additional 

buffers or nutrients were added to any wastewaters, though starting pH was adjusted to 7.5 – 

8.0 for all batches. Following the switch to a new substrate, resistance was continually 

adjusted to maintain peak voltages around 0.330 V. MFCs were operated in the same fed-

batch manner as during the initial biofilm development phase. This includes a repletion of the 

acetate media once voltage outputs dropped below 5% of maximum voltage. All influent and 

effluent samples for each MFC were collected for further analysis.  

 

4.2.2 Performance analyses 

Voltages were continually measured across an external resistor using a multimeter 

with a data acquisition system (2700, Keithly Instruments, Cleveland, OH, USA). Maximum 

voltages from each batch and external resistances were used to calculate maximum power 

density from the equation P = IV/A with I=V/R, where I (A) is the current, V (V) is voltage, R 

(Ω) is the external resistance, and A (m2) the projected area of the cathode (7 cm2). Maximum 

power densities of each batch most accurately reflect obtainable power outputs in more 

practical continuous flow reactors. 
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 COD of the influent and effluent samples from every second batch for every MFC (n = 

33) was analyzed according to the standard methods.219 Coulombic efficiency (Ec) was 

calculated as Ec = Cc/Cs, where Cc is the total amount of coulombs of current generated per 

batch while Cs is the total number of coulombs released from the substrates. Cc was 

determined by integrating current over time, while Cs was determined by calculating the total 

number of electrons liberated from the substrates (as determined from COD removed). 

Volatile fatty acid (VFA) concentrations of wastewater influents were analyzed using high-

performance liquid chromatography (HPLC) (1200 series refractive index detector (RID), 

Agilent, Santa Clara, CA, USA) using an Aminex 87H column (Bio Rad, Hercules, CA, 

USA). The mobile phase used was 0.01 N H2SO4 at a flow rate of 0.6 mL min-1. All samples 

were filtered through 0.20 mm pore diameter syringe filters before analysis. 

 

4.2.3 Biofilm sample collection and DNA extraction 

At the end of 12 batches all MFC biofilms were collected in the same manner; the 7 

cm2 carbon cloth anode was removed, placed in a sterile 50 ml tube with 10 ml of 100mM 

phosphate buffered saline (PBS) and 5 ml of 2 mm sterile glass beads. Tubes were then lightly 

vortexed for 5 min. DNA extraction was performed using a MoBio PowerBiofilm DNA 

extraction kit (Carlsbad, California). The quality of the DNA extraction was checked on an 

agarose gel which was further verified through use of spectrophotometer (NanoDrop, 

Wilmington, DE, USA). qPCR (Prism 7500 FAST, Applied Biosystems, Foster City, CA) was 

then used to quantify DNA. 
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4.2.4 Amplicon Library Construction and 454 Pyrosequencing 

DNA from each community was amplified using a set of primers developed by the 

Ribosomal Database Project (RDP) that targets the hyper-variable V4 region of the 16S rRNA 

gene and amplified as previously described.164 PCR products were agarose gel purified (2% 

metaphor in TAE) and bands were extracted with a QIAquick Gel Extraction Kit (Qiagen, 

Valencia, CA). Gel extracted material was further purified with a Qiagen PCR Cleanup kit 

and AMPure XP magnetic beads. Quantification of purified PCR libraries was performed 

using a Qubit fluorometer (Invitrogen, Carlsbad, CA) and qPCR (ABI PRISM 7500 FAST 

Detection System) following manufacturer’s guidelines and previously described practices.220 

Following quantification, libraries were pooled into equimolar amounts. Emulsion PCR and 

sequencing was performed on a 454 GS Junior pyrosequencer (Roche, Nutley, NJ, USA) at 

the Center for Genome Research and Biocomputing (CGRB), Oregon State University using 

titanium reagents and procedures consistent with protocols for unidirectional amplicon 

sequencing.  

 

4.2.5 Sequence and Statistical Analysis 

The Newbler assembler (Roche) was then used to group sequences based on respective 

MID tags. The quality filtering of the pyrosequencing run was performed using MOTHUR.166  

Chimeras were removed using UChime.207  Multiple sequence alignments were performed 

through the use of the PyNast.221 MOTHUR was used to pick OTUs at 97% level and 

assignment performed through Greengenes reference database, and classified through a naïve 

Bayesian classifier at an 80% confidence level.166,222–224 Analysis of the sequencing results 
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was done through the use of QIIME.205 Beta diversity was calculated using UnifFrac.168,225 

PICRUSt was used to generate inferred metagenomes from 16S data and subsequently 

categorized by function according to KEGG pathways.226 Analysis of metagenomic data was 

analyzed through use of STAMP.227  

 

4.2.6 Data deposition  

Genomic datasets were deposited in the NCBI sequence read archive under accession 

number SRR966001. The project can also be accessed in NCBI under Genome Project ID 

1095202 (accession PRJNA295565, www.ncbi.nlm.nih.gov/bioproject?term=PRJNA295565).  

 

4.2.7 ANN Model Construction and Analysis 

For each ANN-based model, data was randomly separated into validation (n = 24) and 

training groups (n =9). To generate the Bayesian interaction network underlying the ANNs, all 

the collected data was transformed and discretized as previously described.228 The software, 

Bayesian Network Inference with Java Objects (BANJO) v2.0.1 was used to generate  the 

networks with each parameter being represented by a node.229 Networks were limited to a 

maximum of five parent nodes to determine the most directly connected relationships thereby 

improving interpretability and computing times. Each randomly configured network 

underwent over 10000 simulated annealings used to determine the highest scoring single 

networks were used and are available in Supplemental Tables 2 - 5. The Bayesian interaction 

network was then as basis of the ANN where each node was expressed as a function of its 

parent node. In all networks, the sole inputs were environmental/solution characteristics which 
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directly or indirectly determined all outputs. These outputs were relative abundance of each 

select taxa and performance parameters. In all networks, possible direct parent nodes of 

microbial taxa included environmental inputs. Performance parameter related direct parent 

nodes were either solely based on microbial taxa abundance, solely based on environmental 

inputs, or a combination of both. The machine learning algorithm of the Eureqa software was 

then used to find the best equations to fit the observed training data and assign mathematical 

relationships to the ANN.230 The mathematical relationships that were allowed were constant, 

addition, subtraction, multiplication, division, and exponent. The Eureqa algorithm was run 

until stability and maturity were both greater than 90%. Inter-sample and Pearson correlation 

coefficients were calculated for each performance metric and taxonomic classification. 1000 

bootstrap permutations were used to determine significance. Significance was determined at 

p > 0.05 level. P-values were calculated as the number of permutations for which the re-

ordered data had a higher correlation coefficient than the original model predictions divided 

by the total number permutations. Intra-sample correlations of taxonomy were determined by 

the same means. Validation datasets in which no data was input to train the models were used 

to validate model accuracy. 

    Percent error of the performance metrics (power density, coulombic efficiency, COD 

removal rate) was calculated by subtracting predicted value form the observed value divided by 

the observed value. Predictions accuracy was based on the statistical significance of 

performance predictions over null models determined by mean power, efficiency, and treatment 

rates across all reactors (p > 0.05). Predicted communities were compared to observed 

communities using Bray-Curtis similarity scores and compared to two null models based on 
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average taxa abundance and minimum taxa abundance.169 Paired t-tests comparing the predicted 

similarity scores to each of the null models were used to determine significance (p > 0.05).  

   

4.3 Results and discussion  

4.3.1 Reactor Performance 

Acetate was used as the initial substrate in all reactors to establish a consistent 

electroactive community from which all subsequent changes in composition and performance 

could be quantified. The initial enrichment of electroactive communities using acetate (3.6 g 

COD L-1) (43.5 ± 4.3 hr batch time) led to similar performance throughout all 33 reactors. The 

1.89 ± 0.21 W m-2 power density, 64.42 ± 12.20% coulombic efficiency, and 178.90 ± 26.35 kg 

COD m-3 day-1 removal rates were consistent with performance metrics previously observed 

using the same reactor design (ANOVA, p > 0.05).231 Over the length of the experiment acetate-

maintained reactors saw minimal increases in power output (8.11 ± 0.54%), efficiency (9.33 ± 

0.94%), and COD removal rates (18.95 ± 4.43%). The switch from a substrate (acetate) and 

conditions that are highly preferred by exoelectrogens to 12 batches cycles using alternate 

substrates, wastewaters, nutrient concentrations, and solution properties resulted in changes to 

power outputs, coulombic efficiencies, and COD removal rates (Figure 4.1).   

Power generation in all reactors decreased following change in substrates (Figure 

4.1A). Decreases in power density ranged from 19.15 ± 2.51% (glucose) to 89.43 ± 2.00% 

(butyrate). MFCs fed with glucose (1.53 ± 0.08 W m-2), fructose (0.84 ± 0.02 W m-2), and 

galactitol (0.98 ± 0.11 W m-2) generated substantial power outputs as has been previously 
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reported in mixed-species MFC studies.232 Power densities of reactors fed with BSA (0.55 ± 

0.02 W m-2) and brewery wastewater (0.82 ± 0.11 W m-2) were significantly higher than those 

in previous studies with comparable conditions (0.19 ± 0.01 W m-2 and 0.205 W m-2, 

respectively) (p > 0.05).233,234 Power generation had not been previously tested using fumarate 

(0.80 ± 0.04 W m-2), the diesel range hydrocarbon solution (1.06 ± 0.05 W m-2), fruit 

processing wastewater (0.72 ± 0.03 W m-2), and potato processing wastewater (1.00 ± 0.14 W 

m-2) under similar conditions. 

The increased performance of MFCs in the current study, specifically those treating 

complex substrates and wastewaters, was likely a product of reactor architecture and the initial 

enrichment of exoelectrogenic biomass and associated priority effects.235 Communities were 

initially grown to a consistent structure to ensure repeatability, however, the improved MFC 

performance suggests that performance advantages may be realized along with increased 

predictability when operated in this manner. High diversity and the input of additional bacteria 

through unsterilized wastewaters makes it unlikely that any functional pathways will be 

completely lost through this approach. 

The introduction of substrates other than acetate resulted in decreased coulombic 

efficiency in all reactors tested (Figure 4.1B). The coulombic efficiencies of MFC solutions 

containing compounds such butyrate (11.34 ± 2.11%) and BSA (17.20 ± 3.00%) fell within 

ranges of Ec previously reported (8-15% and 10-21%, respectively).233,236 However, the Ec of 

MFCs fed compounds such as glucose (47.56 ± 2.16%), fructose (30.37 ± 5.14%), galactitol 

(25.22 ± 3.40%), and brewery wastewater (35.98 ± 5.82%) were greater than the previously 

reported values of 18-28%, 23%, 13%, and 10-20%, respectively.234,237,238 These compounds 
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generally do not encourage exoelectrogenic growth and the initial enrichment of 

exoelectrogens in the current study likely lead to the increased Ec. The reduced electrode 

spacing in the current experiment and the increased solution conductivity of the brewery 

wastewater (5.3 ± 0.3 mS cm-2) is also likely to be responsible for increased performance. 

Several other compounds in the current study were not previously tested for Ec in mixed-

species MFCs, this includes fumarate (27.79 ± 5.69%), the diesel range hydrocarbon mixture 

(17.54 ± 5.56%), fruit processing wastewater (23.44 ± 3.89%), and potato processing 

wastewater (45.44 ± 2.62%). 

Changes in coulombic efficiency were closely tied to changes in power densities, and 

similarly ranged from a 19.17 ± 2.91% decrease (glucose) from the original acetate fed MFCs 

to a 81.67 ± 2.15% decrease (butyrate). Likewise, the Ec of wastewater fed MFCs, including 

brewery wastewater (35.98 ± 5.82%), fruit processing wastewater (23.44 ± 3.89%), and potato 

processing wastewater (45.44 ± 2.62%) were scaled according to their power densities. The 

only substrate that differed significantly in terms of decreases in Ec (77.42 ± 1.45%) compared 

to decreases in power density (41.88 ± 1.08%) is the hydrocarbon solution. However, this 

result is likely tied  to hydrocarbon vaporization during the experiment.  

COD was effectively reduced (> 85%) in all reactors for all substrate types. Average 

removal rates varied across substrate types (Figure 4.1C). Differing from changes to power 

and coulombic efficiency, several MFCs exhibited increased COD removal rates following the 

switch from acetate to other substrates. These substrates include glucose (12.17 ± 10.99% 

increase to 204.53 ± 6.25 kg COD m-3 day-1), BSA (20.85 ± 12.08% increase to 200.73 ± 

30.82 kg COD m-3 day-1), and the hydrocarbon solution (42.85 ± 8.75% increase to 261.50 ± 
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45.69 kg COD m-3 day-1). The MFCs fed with butyrate exhibited the lowest removal rates 

(85.17 ± 10.28 kg COD m-3 day-1), as they did in regards to other performance metrics, 

indicating the unfavorability of their breakdown and conversion to electricity as compared to 

other compounds tested. COD removals and removal rates increased over time for all samples 

following the change in substrates indicating self-optimization of the community towards 

increased efficiency of energy extraction. This optimization necessarily leads to changes in 

community structure.  

 

Figure 4.1. Performance of MFC reactors following the switch from acetate to alternative 

substrates. Performance metrics include power density (A), coulombic efficiency (B), and 

COD removal rates (C).  
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4.3.2 Community Compositional Shifts 

Sequencing of the V4-V6 region of the 16S rRNA genes of the various communities 

generated an average of 1416 high-quality reads per sample (Table S1). 93.8% of the reads 

could be assigned at the class level and 81.45% of which could be assigned down to the genus 

level (97% cutoff). Acetate grown MFC anode communities were characterized by moderately 

diverse, uneven communities consisting primarily of the phyla Synergistia (24.68 ± 2.63%) 

and Deltaproteobacteria (28.48 ± 4.38%) (Figure 4.2). The prominence of Synergistia and 

Deltaproteobacteria is represented by large a percentage of the genera Aminiphilus (23.81 ± 

1.75%) and Geobacter (22.58 ± 2.89%). The introduction of alternative substrates did impact 

community composition, however,  the start-up of all reactors from a common initial 

community structure likely increased predictability of changes in composition that may occur 

under different conditions through inhibitory priority effects like those observed in other 

ecosystems.235 Communities fed with simpler substrates such butyrate, fumarate, glucose, and 

fructose demonstrated similar diversity and evenness to acetate fed communities, but those fed 

with more complex substrates such as the diesel range hydrocarbons and the wastewaters had 

significant increases in diversity up to triple that of acetate-fed communities (Table S1). The 

lower performance of these more diverse communities contradicts the weak correlation 

established between performance and diversity in previous studies.139  

Changes in community structure varied dependent on the type of substrate used in the 

reactors. Differences in communities switched to butyrate from acetate exhibited an increase 

abundance of Synergistia (57.39 ± 5.23%), specifically of the genus Aminiphilus (55.30 ± 

4.31%), with concurrent decreases in Deltaproteobacteria abundance (0.59 ± 0.55%). 
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Fumarate-fed communities demonstrated an increase in Spirochaetes abundance (18.50 ± 

0.83%) compared to the acetate fed MFCs (2.52 ± 0.67%) (Figure 4.2). The shift in 

community composition following the switch to glucose was similar to the response of 

fructose fed communities. In both glucose and fructose fed MFCs Clostridia abundance 

greatly increased 59.51 ± 2.51% and 55.91 ± 1.55, respectively) corresponding primarily to 

increases in the genus Eubacterium, likely serving in a fermentative role. The abundance of 

the family Geobacteraceae decreased in both glucose and fructose communities (4.65 ± 

3.92% and 0.70 ± 0.35%, respectively). The most significant shifts in galactitol-fed 

communities were decreases in Clostridia (2.51 ± 1.57%) and increases in both 

Betaproteobacteria (7.06 ± 0.44%) and Gammaproteobacteria  (17.65 ± 0.98%) represented 

by genera like Dechloromonas. Dechloromonas was also present in increased relative 

abundances in butyrate-fed communities and is known to be capable of oxidizing more 

difficult fermentation products like butyrate, propionate, and some alcohols.239 Community 

shifts following the introduction of the BSA substrate were similar to fumarate communities 

with the primary difference being a larger decrease in Geobacteraceae abundance (1.23 ± 

0.99%) (Figure 4.2). The high abundance of amino acid-fermenting Aminiphilus in MFC 

communities likely contributed significantly to high MFC performance during treatment of a 

complex substrate like BSA.240 

 All the MFC communities fed with wastewaters were distinct and diverse, however, all 

three wastewater MFCs had 22-40% decreases in the abundance of Synergistia compared to 

the communities fed with acetate. Brewery and potato processing wastewaters consisted of the 

highest percentage of exoelectrogen preferred VFAs (55.5% and 43.2%, respectively) and 
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their respective communities were composed of the higher percentages of the exoelectrogenic 

family Geobacteraceae (18.75 ± 2.16% and 16.19 ± 4.13%, respectively). Several phyla not 

represented in communities fed with pure compounds substantially increased in wastewater-

fed MFCs. These phyla include Lentisphaeria (8.07 ± 2.00%) and Erysipelotrichia (9.03 ± 

2.79%) in brewery wastewater and SJA-4 (10.12 ± 1.03%) in fruit processing wastewater. 

Potato processing wastewater fed communities exhibited significant increases in the genus 

Teponema (34.50 ± 6.36%), which was not observed above 0.80% in any other samples 

(Figure 4.2).  

 

Figure 4.2. Taxonomic classification and read abundance as determined by 16s rRNA reads of 

initial acetate community and communities following switch in substrate/wastewater.  
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4.3.3 Evaluation of ANN Network Models 

Three separate ANNs were developed to determine if changes in community 

composition and reactor performance observed could be accurately predicted from 

environmental/wastewater parameters (Figure 4.3). Network A first used wastewater 

characteristic inputs to predict taxon composition of the MFC biofilms and then used both the 

wastewater characteristics and predicted taxonomy to predict reactor performance parameters 

(power density, coulombic efficiency, and COD removal rates). In Network B wastewater 

characteristics predicted the taxon composition like Network A, however, the predicted 

community composition was the sole predictor of reactor performance. In Network C, reactor 

performance and taxon composition were both predicted independently from the 

wastewater/solution characteristics. Cross comparison of these network types was used to 

determine value of incorporating taxonomic data into predictive networks. 

 

 

Figure 4.3. ANN network type diagrams including Network Type A (A), Network Type B 
(B), and Network Type C (C).  

 

4.3.4 Reactor Performance Prediction 

Models that incorporated biotic interactions along with abiotic wastewater/solution 

composition inputs (Network A) more accurately predicted MFC performance in terms of 
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coulombic efficiency and COD removal rates compared to ANNs that did not include 

community composition (Network C) and those that depended solely on predicted taxonomy 

(Network B) (Figure 4.4). The percent error of the performance predictions for the validated 

data set (n = 9) of Network A was 16.01 ± 4.35% for power density, 1.71 ± 0.57% for 

coulombic efficiency, and 4.07 ± 1.06% for COD removal rate.  Percent error associated with 

the training data set (n = 24) of Network A were 9.70 ± 2.77 % for power density, 2.83 ± 

0.61% for coulombic efficiency, and 1.77 ± 0.53% for COD removal rate. Pearson’s 

correlation between solution/wastewater types and performance was also high for all samples 

and performance metrics (0.825 – 0.996). For each network, all results were evaluated against 

a null model based on the average performance of all reactors to determine significance (p < 

0.05). Percent error of the null model was 18.21 ± 5.31% for power density, 20.88 ± 5.00% 

for coulombic efficiency, and 25.78 ± 5.14% for COD removal rate. In terms of Network A, 

the validation model predictions of power density were not significantly different from the 

null model, however, the predictions of coulombic efficiency and COD removal rates for the 

training sets were. This indicates the high predictability of performance from diverse 

substrates and waste streams given controlled settings and same initial starting community.  

The training data set of Network B resulted in a percent error of 11.41 ± 3.56%, 12.89 

± 3.73%, 19.20 ± 5.57% for power density, coulombic efficiency, and COD removal rate, 

respectively. The percent error associated with the validation data set was 12.10 ± 2.93% for 

power, 15.22 ± 6.66% for coulombic efficiency, and 28.25 ± 10.26% for COD removal rate. 

Only the coulombic efficiency from the training set was statistically significant at the 0.05 

level. The training set of Network C was statistically significant from the null for all 
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performance metrics with average percent errors of 3.80 ± 1.75% (power density), 3.95 ± 

1.47% (coulombic efficiency), and 10.97 ± 2.50 % COD removal rate. However, the error of 

the predicted  power density (14.94 ± 7.28% % error), coulombic efficiency (17.20 ± 7.69 % 

error), and COD removal rate (32.99 ± 15.04 % error) of the validation dataset was not 

significantly different from the null model in regards to any metric.  

 

 

Figure 4.4. Average percent error of performance predictions based on ANN models 

compared to observed values in terms of training and validation data sets. Power density (A), 

coulombic effiency (B), and COD removal rate (C) errors are shown with dotted line (--) 

representing the error if average performance across all samples is used. Statistical 

significance is indicated by asterisk (*) (p < 0.05).  

 

The improvement in the predictive ability of Network A especially in relation to 

coulombic efficiency and COD removal rates implies that including taxonomic data with 

environmental/wastewater parameters adds a valuable layer to the ANNs. The inferred 

interactions are not necessarily biologically relevant though repeated associations may reveal 

potential interactions to be further explored.  In Networks A and B where reactor performance 
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was dependent on community compostion, performance parameters were most often linked to 

the varying Proteobacteria including the Geobacter containing δ-proteobacteria along with γ- 

proteobacteria and Dechloromonas containing β-proteobacteria. Many of these classes have 

been previously recognized as prevalent members of consistent MFC communities.202 

Clostridia and Erysipelotrichia were also commonly linked to reactor performance (Figure 

4.S1- S2, Table 4.S3-Table 4.S4). For Network C all performance metrics were dependent on 

the same 3 parameters: total COD, solution conductivity, and carboxylic acid concentration 

(Figure 4.S3, Table 4.S5).  

 

4.3.5 Biofilm Community Prediction 

Accuracy of community predictions also varied between network types. Both Network 

A and Network B yielded similarly accurate models of biofilm community composition 

predictions in terms of Bray-Curtis similarity scores and Pearson’s correlation (Figure 4.5).  

The Bray-Curtis similarity score of the Network A training data set is 0.885 ± 0.018. The 

Bray-Curtis similarity score for the Network A validation data set is 0.846 ± 0.028 (Figure 

4.5A). Bootstrapped Pearson’s correlation scores for the validation models of Network A are 

high in terms of relative abundance of a select taxon across all samples (0.805) and the taxa 

relative to each other within each individual sample (0.936). Network B training (0.905 ± 

0.018) and validation (0.886 ± 0.018) models offered comparable similarity scores and 

correlations (0.794 inter-sample, 0.981 intra-sample) (Figure 4.5B).  
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Figure 4.5. Bray-Curtis similarity between observed populations and ANN model predictions. 

Values are means of based on Network Type A (A), Network Type B (B), Network Type C 

(C), and Network Type A used on the Family taxonomic level (D).  

 
Microbial populations are typically distributed in that a few taxa are consistently 

present at a high relative abundance and many others persist at low relative abundances. This 

can lead to deceptively high correlation scores if not tested against the appropriate null 

models.241 Similarity scores for all ANNs they were compared to two null models. The first 

null model (null 1) represented the average relative abundance for each taxon across all 

samples. The second null model (null 2) represented the minimum relative abundance for each 

taxon across all samples. When compared to the observation data the Bray-Curtis similarity 
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score of null 1 is 0.659 ± 0.031 for the training dataset and 0.652 ± 0.030 for the validation 

dataset. The similarity score for null 2 is 0.169 ± 0.007 (training) and 0.299 ± 0.014 

(validation). Both the training and validation similarity scores of Network A and Network B 

held statistical significance from both null models (p < 0.05). The Bray-Curtis similarity 

scores of Network C (0.799 ± 0.043 training, 0.798 ± 0.047 validation) were also statistically 

significant from those of null 2, but not from those of null 1. This indicates that microbial 

communities can be accurately predicted by waste stream composition but reactor 

performance alone cannot predict community structure.  

The Bray-Curtis similarity scores for both Network A and Network B indicate accurate 

predictions of microbial assemblages, but they are slightly below those reported using similar 

techniques for pelagic microbial populations.143 This may due to an uncontrolled influx of 

bacteria into the system following the introduction of unsterilized waste streams. At least one 

class of bacteria was significantly over/under predicted (> 20%) by Network A for each waste 

stream. The most significant disparity in community composition predictions during the 

treatment of the wastewaters (brewery wastewater, fruit processing wastewater, and potato 

processing wastewater) was the over prediction of Spirochaetes following introduction of 

potato processing wastewater by 152% of the observed relative abundance (Figure 4.6). Other 

notable inaccuracies include the under prediction of Deltaproteobacteria during the treatment 

of brewery wastewater by 76.2% and the over prediction of Solibacteres following the 

introduction of fruit processing wastewater by 98.5%. Additional data inputs into the training 

model and greater control over introduction of additional bacteria would likely increase the 

accuracy of these predictions yielding better community and performance results.  
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Figure 4.6. Relative read abundance of class-level microbial population predictions following 

treatment of brewery wastewater (A), fruit processing wastewater (B), and potato processing 

wastewater (C) based on the validation dataset of Network Type A.  
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4.3.6 Effect of Taxonomic Level on ANN Prediction Accuracy 

 Waste stream solution characteristics accurately predicted broad shifts in community 

taxonomic classes, however, changes on the taxonomic scale of class are not exceptionally 

valuable in terms of elucidating meaningful interspecies interactions within the biofilms. The 

use complete metagenomic, metatranscriptomic, or taxonomic data classified at a higher level 

must be developed to support potential interaction hypotheses. The feasibility of this approach 

was tested by comparing the use of taxonomic results classified by class with those classified 

by family ( Figure 4.7). In terms of reactor performance, the use of taxonomic data classified 

by family increased accuracy of power density predictions (3.23 ± 1.2% training, 5.76 ± 

3.16% validation) over those using class level data. However, accuracy of family-level 

coulombic efficiency predictions (3.61 ± 0.86% training, 5.50 ± 2.52% validation) were 

decreased compared to class-level prediction. COD removal rate prediction accuracy remained 

relatively unchanged (3.56 ± 0.87% training, 3.03 ± 0.69% validation). The improvements in 

power performance accuracy of the training data set made it statistically significant from the 

average percent error across all samples (p < 0.05), however the use of family-level data did 

not affect the statistical significance of the validation dataset. All three of the performance 

metric predictions using family level taxonomic classifications were most directly influenced 

by both the total concentration of soluble COD and the concentration of carboxylic acids like 

acetic acid, solution conductivity, nitrogen concentrations, and select taxa such as 

Comamondaceae (Figure 4.S4, Table 4.S6).  
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Figure 4.7. Comparison of prediction accuracy in terms of average percent error of power 

density (A), coulombic efficiency (B), and COD removal rate (C) between Network Type A 

using Family and Class level taxonomic data. Dotted line (--) represents the error if average 

performance across all samples is used. Statistical significance is indicated by asterisk (*) (p < 

0.05).   

 
Community predictions using family data yielded Bray-Curtis similarity scores of 

0.885 ± 0.018 for the training data and 0.846 ± 0.028 for the validation data (Figure 4.5D). 

These results differed significantly from both the null models (p < 0.05), though were slight 

decreased from class level networks. The slightly decreased accuracy of family-level datasets 

compared to class-level datasets is likely due to an increased number of taxa used for the 

family level predictions. This is evidenced by the drastic decrease in null model similarity 

scores from their class level counterparts. In terms of communities predicted following 

exposure to actual waste streams results were similar to those on the class level (Figure 4.8). 

This includes the under prediction of the Deltaproteobacteria, Geobacteraceae, following the 

switch to brewery wastewater and the drastic over prediction of Spriochaetaceae following 

potato processing wastewater. These results suggest that finer scale predictions in terms of 
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classification can be used without a substantial decrease in prediction quality. Classifying high 

quality datasets to the genus/species level and likely the use of transcriptomic data could 

potentially lead to greater performance outcomes.  However, the use of inferred metagenomics 

data did not improve performance predictions (Figure 4.S5, Table 4.S9-S10). This result is 

due to inferred metagenomes not fully representing the functional potential of a diverse 

community containing several species that are not well-characterized.  

 

Figure 4.8. Relative read abundance of family-level microbial population predictions 

following treatment of brewery wastewater (A), fruit processing wastewater (B), and potato 

processing wastewater (C) based on the validation dataset of Network Type A. 



 
 
 
 

 

 

117 

4.4 Implications 

Reliable predictions of MFC reactor performance under a variety of conditions, 

including changes in wastewater composition, must be achieved prior to investment in the 

infrastructure needed to transition from current wastewater technologies. In the present study, 

ANN-based models successfully predicted changes in both biofilm community composition 

and reactor performance. This predictive approach can be used to evaluate niche applications 

suitable for MFC treatment and generate hypotheses relating wastewater characteristics, 

community composition, and reactor performance. Further validation of these relationship will 

lead to better management practices and optimization of MFC communities. The prediction 

accuracy achieved in the current study is a product of a highly-controlled environment. Initial 

communities were all grown using the same preferred substrate to ensure process 

repeatability. This is desirable in practical applications; however, it is recognized that 

taxonomic consistency will not be achieved across reactor locations. In order to be of 

widespread use this technique must expand to include systems with different reactor 

architecture, operational settings, and initial communities. This challenge was not addressed in 

this initial small-scale study aimed at determining feasibility of applying artificial intelligence 

techniques to the communities of bioelectrochemical systems but should be an area of future 

research. Key to overcoming this problem is to evaluate systems on a functional level where 

there is likely to be greater consistency between geographically separated reactors. The need 

for a predictive approach in several engineered systems incorporating mixed-species 

communities warrants further expansion of this approach and as artificial intelligence 
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techniques are improved biological and ecological engineers should be prepared to take 

advantage of them to accomplish engineering goals.  
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Table 4.S1 Sequence counts and diversity statistics 

Substrate n Avg. # of Reads OTUs Chao 1 Shn. Evn.

Initial community Acetate 33 2924 89.40 325.61 3.72

Acetate 3 3788 72.10 203.06 3.77
Carboxylic Acids Butyrate 3 970 72.70 207.80 3.08

Fumarate 3 758 105.20 341.60 4.15

Glucose 3 1269 59.30 129.06 2.73
Carbohydrates Fructose 3 1225 62.00 130.04 3.39

Galactitol 3 711 118.70 485.89 4.43

Protein Bovine serum albumin (BSA) 3 1009 99.40 261.50 3.91

Hydrocarbons Hydrocarbon solution 3 1960 122.60 436.89 4.11

Brewery wastewater 3 723 189.20 807.60 5.57
Wastewaters Fruit processing wastewater 3 686 174.30 718.84 5.67

Potato processing wastewater 3 964 190.60 976.99 5.68

Supplemental Table 1. Sequence counts and diversity statistcs of MFCs fed varying substrates

*OTUs, Chao1, Shannon eveness normalized to 538 reads   
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Table 4.S2 Key for parameters used in Networks A, B, and C with class taxonomic 

classification. Number codes are used in the neural nets and model development. 

# Parameter
0 Conductivity (mS/cm)
1 Nitrogen (mg/l)
2 Phosphorous (mg/l)
3 sCOD (mg/l)
4 Carboxylic Acid (Total) (mg/l)
5 Carbohydrate (Total) (mg/l)
6 Alcohol (Total) (mg/l)
7 Acetate (mg/l)
8 Butyrate (mg/l)
9 Fumarate (mg/l)

10 Glucose (mg/l)
11 Fructose (mg/l)
12 Galactitol (mg/l)
13 Max. Power
14 COD Removal Rate 
15 Coulombic Eff.
16 Actinobacteria
17 Bacteroidetes
18 Clostridia
19 Erysipelotrichia
20 Lentisphaeria
21 α-Proteobacteria
22 β-Proteobacteria
23 γ-Proteobacteria
24 δ-Proteobacteria
25 SJA-4
26 Solibacteres
27 Spirochaetes
28 Synergistia  
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Figure 4.S1 Dot diagram of Bayesian generated ANN for Network A.  
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Table S4.3. Model generated by the ANN/Eureqa machine learning algorithms for network A. 

# Parameter Formula 

13 Max. Power 

_13_ = 33.7829492651806 + 0.409684756101454*_4_*_19_ 
+ 0.772258215938814*_23_^2 + 
78.6039912332873/(81.4807968890643 - _4_) + 
0.0533250434503766*_4_*_19_^2 - 
12.8200925304345*_19_ - 0.0411957138555032*_19_^4 

14 
COD Removal 
Rate  

_14_ = 1.297712780785*_4_ + 
0.114275149211249*_0_*_4_ + 2.13906822334432e-
11*_0_^5 + 2.13906822334432e-11*_0_^5*_4_^2 - 
43.1755505166854 - 2.13906822334432e-11*_0_^3 - 
0.000664812563179086*_4_*_0_^2 - 
0.00157132062557137*_0_*_4_^2 

15 Coulombic Eff. 

_15_ = 3102.07561199711 + -31044.1721165599/_1_ + 
1.99373559066623e-5*_7_*_10_*_1_^3 - 
0.309522388374549*_8_ - 4.14662637248275*_10_ - 
71.5828006156645*_1_ - 0.00746737173439814*_7_*_1_^2 

16 Actinobacteria 

_16_ = 7.48869279638618*_18_ + 
0.853322306460976*exp(_25_) + 
0.105908050370828*exp(_18_) + 
0.347589885518392*_18_*_25_ - 18.9647887163142 - 
1.64067147593032*_25_ - 0.289784772262338*_18_^3 - 
0.187957896417758*_25_*exp(_25_) 

17 Bacteroidetes 

_17_ = 206.217639577449 + -21502128511.5752/exp(_11_) 
+ 0.0934413063569682*_11_^2 + (13599454.4378668 + 
12.1313319540601*exp(_11_))/(58783831457.2526 + 
exp(1.11396211326085*_11_)) - 10.1360250990181*_11_ 

18 Clostridia 

_18_ = 20.4814033611216 + -352.908683306388/_8_ + 
0.0487421712076013*_12_*_28_ + 6.20293995844124e-
8*exp(38.3530579940899 - _8_) - 0.152422061590439*_8_ 
- 0.0113225383750364*_12_*_28_^2 

19 Erysipelotrichia 

_19_ = 3.04068804066451*_4_ + 
0.000330433646500706*_4_^3 + 
0.00281637698243409*_21_*_4_^2 + -
16590.5898326617/(3.04068804066451*_4_ + 
0.000330433646500706*_4_^3 + 
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0.00281637698243409*_21_*_4_^2 + _4_^3*_21_^2) - 
37.8486119865122 - 0.195670747979252*_4_*_21_ - 
0.0591181234150877*_4_^2 

20 Lentisphaeria 

_20_ = 1.91415822269435 + 0.178475230261491*_19_ + 
5.79212657557541*_19_/_0_ + 
14.7373401728579/(4.17117854414628*_0_ - 
335.857978785454) + 3.84256375572227/(-
0.9951302207875 - _19_^2) + 
6.84123217010693/(19.7354128812978*_19_^2 - 
25.0102813207923) 

21 
α-
Proteobacteria 

_21_ = 4.48872098536879 + -4784.64167646568/_10_ + -
0.0993324090054025/(_18_ - 4.92099348720128) + 
1.60055640742376*_10_*exp(40.9196324191703/_10_) - 
0.00911773636070395*_18_^3 - 
0.0242614659967329*_10_^2 

22 
β-
Proteobacteria 

_22_ = 0.702931802996266*_10_ + 
0.658528984953785*_2_ + -0.751529583049706/_25_ + 
0.00453044266346794*_5_*_9_ - 24.0302887318267 - 
0.0085893077083127*_2_*_10_ - 
0.00411462356869527*_2_^2 - 9.5680390938429e-
5*_2_*_5_*_9_ 

23 
γ-
Proteobacteria 

_23_ = 2.15729336689352 + 0.112539711913385*_24_ + 
0.0498212480458542*_24_^2 + 
0.115838725925901*_15_/exp(1.36386792406793*exp(_19_ 
+ exp(_15_ - 30.7192594985035*_24_)) + -
18.3007798119376*_19_*exp(_19_ + exp(_15_ - 
30.7192594985035*_24_))/_15_) - 
0.0848012627469523*_15_ 

24 
δ-
Proteobacteria 

_24_ = 22.6212975914078 + -379.819234860182/_4_ + 
0.0152303933203395*_4_*_17_*_21_^2 - 
0.177681254958764*_4_ - 
0.331528922681874*_17_*_21_^2 - 2.10147535926667e-
6*_17_*_4_^3*_21_^2 

25 SJA-4 

_25_ = 2.38280519779824*_6_ + 1.52833462340063*_21_ 
+ 2.90597835317257*_6_/(_6_*_21_^2 - 
62.7335886280073*_21_) - 42.635804247429 - 
0.0249777412327617*_6_^2 
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26 Solibacteres 

_26_ = 28.6368931683833 + 0.248077232963194*_7_*_21_ 
+ 6.20489995999922*_21_^2 + 0.0063820385902875*_7_^2 
- 0.0231538526923331*_9_ - 0.953498187343118*_7_ - 
25.0215116079156*_21_ - 0.109760441348129*_21_^4 

27 Spirochaetes 

_27_ = 97.9147037292712 + 24.2259936286037/(_3_*_22_) 
+ -402.207583263347/(_3_ - _22_) + 1.77651496898027e-
5*_3_^2*_12_^2 - 0.953768774859414*_3_ - 
2.86656839607145*_12_ - 0.0133555516299009*_12_*_22_ 

28 Synergistia 

_28_ = 532.546632790945/_2_ + -1012.44013695612/_3_ + 
0.00481909918015692*_2_^2 + 
14123.6544042437/(_2_*_3_) + -52.5761679450056/(_2_ - 
67.9265237977263) + 3201.26766291484/(_2_*_3_ - 
67.9265237977263*_3_) - 4.78195454506206 - 
0.196879721851807*_3_ 
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Figure 4.S2. Dot diagram of Bayesian generated ANN for Network B. 
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Table S4.4. Model generated by the ANN/Eureqa machine learning algorithms for network B. 

# Parameter Formula 

13 Max. Power 

_13_ = 36.9568696495853 + 6.91070328339978*_23_ + 
0.272355755757396*_19_*_18_^2 + 
0.249207556273242*_22_*_18_^3 + 
0.0592008514821758*_19_*_23_*_18_^2 - 
2.53971678720332*_19_ - 11.9201022492875*_22_ 

14 
COD Removal 
Rate  

_14_ = 49.7788020138185 + 1.77268397315356*_17_ + 
0.113408643953681*_17_*_19_ + 
0.0146584019348522*_26_*_24_^4 + (-
97.5462565652511 - 9.98777798748367*_17_)/_26_ - 
0.451194661069802*_17_*_24_ 

15 Coulombic Eff. 

_15_ = 46.2950302444386 + 1.17308810618853*_20_^2 
+ 1.45695016056764*_22_*_20_^2 + 
0.345497096875326*_22_*_20_^3 - 
7.95622828518639*_22_ - 
1.05779591877449*_19_*_20_ - 
5.04982297840475*_20_*_22_ 

16 Actinobacteria 

_16_ = 0.561666203773134*_18_ + 
0.838801258472878*exp(_25_) + 
0.925420580893046/(_18_ - 5.43096951319812) + (-
1.21555729930714 - 
2.37795550395617*exp(_25_))/_18_ - 
1.72274675596087 - 0.00449464406986292*exp(_18_) 

17 Bacteroidetes 

_17_ = 79.7809429453594 + 
0.0354022678353484*_11_^2 + -
5320422120743.58/(13930218.9836248 + 
_11_^2*exp(2.01851382908733*_11_ - 
19.9949909984657)) - 3.91244321336758*_11_ 

18 Clostridia 

_18_ = 0.791415074989166*_28_ + 
0.0649196464078787*_6_ + 160.945976567586/_6_ + 
1189623283.00411*exp(0.190476371924689*_28_ + 
0.025481078950283*_6_ - _8_) - 7.35064442531694 - 
0.056736498451138*_8_ - 
236388803.755576*_28_*exp(0.190476371924689*_28_ 
+ 0.025481078950283*_6_ - _8_) 
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19 Erysipelotrichia 

_19_ = 7.71022326423092 + 
0.0125903441286854*_4_*_21_ + 
0.000445195560120966*_0_*_4_*_21_ - 
0.0638128423780664*_0_ - 0.0887845500225357*_4_ - 
0.731710710453359*_21_^2 - 
473810610.867276*exp(0.0209503601307189*_0_ - 
_4_) 

20 Lentisphaeria 

_20_ = 1.67226636804402 + 0.530442349443375*_19_ 
+ -0.00490409088641804/_19_^2 + 
93.8041970040524*exp(1.09473959266959*_19_)/_0_ - 
0.00394959071673389*_0_*_19_ - 1.93610829708575e-
17*exp(0.505158726244465*_0_) - 
4.6902968116745*exp(1.09473959266959*_19_) 

21 
α-
Proteobacteria 

_21_ = 49.8934111107948 + 5.24257004389559*_18_ + 
-1004.18268276635/_2_ + 3270530518.9587/exp(_2_) + 
0.00177149157663414*_18_*_2_^2 - 
0.453477173393838*_2_ - 
0.194458913761503*_2_*_18_ - 
0.00198926548827265*_2_*_18_^2 

22 
β-
Proteobacteria 

_22_ = 0.758488070920877 + 0.566756602403088*_21_ 
+ 0.284520995714012/_21_ + 
17.2691754183728*_21_/(572.615221531231 - 
133.52283973711*_21_^2) - 0.0161239880717236*_11_ 

23 
γ-
Proteobacteria 

_23_ = 2.02964246810099 + 
0.00140705323581815*_5_^2 + 
15426.1109226628/_5_^2 + (8663368222.20371 + 
3646341.40861335*_12_)/_5_^6 + -
553756869.994017/(_5_^5 - 2.02964246810099*_12_ - 
0.00140705323581815*_12_*_5_^2) - 
0.195527773404739*_5_ 

24 
δ-
Proteobacteria 

_24_ = 0.103311772726514*_4_ + 
721.847163815636/_4_ + -11177.7647617454/_4_^2 + 
0.0816242790036905*_17_*_21_^2 + -
945.666952454601*_17_*_21_^2/_4_^3 - 
10.1943748638647 

25 SJA-4 
_25_ = 1.9572492560912*_6_ + 
1.27812780343201*_21_^2 + -
0.119802094284867/(0.972496948281114 - _21_) - 
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30.4917105156665 - 4.939901782618*_21_ - 
0.0202845126944403*_6_^2 

26 Solibacteres 

_26_ = 0.328088769785171 + 
1.87989719165216*exp(_21_) + 
7.80629375475362*_21_^3 + 
0.000502906346645689*_7_^2 - 
1.37997288099882*_21_^4 - 15.4403461848902*_21_^2 

27 Spirochaetes 

_27_ = 2.02172281690411*_3_ + 
6077.31074724887/_3_ + -65296.0083685341/_3_^2 + -
932.852804853626/(724.283511887183*_3_ - 
38340.1430681814) - 176.833238281523 - 
0.00721460098484774*_3_^2 

28 Synergistia 

_28_ = 2.75795960967553*_3_ + 
0.000228749644977027*_3_^3 + 
7265.00319645236/_3_^2 + 5.96738267542907e-
6*_9_*_3_^2 + -
0.188917057534318*_3_/(2.41013357492288*_3_ - 
119.32330668974) - 55.4754634681147 - 
0.0435252085165112*_3_^2 
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Figure 4.S3. Dot diagram of Bayesian generated ANN for Network C. 
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Table 4.S5. Model generated by the ANN/Eureqa machine learning algorithms for network C. 

# Parameter Formula 

13 Max. Power 

_13_ = 1556.7934090583 + -14774.38255774/_3_ + 
0.73942326598054*_3_^2 + 
24823.1069432453/(0.0148320878737077*_4_*_3_^2 - 
2538.29557384456) - 51.8854965282489*_3_ - 
0.00367586048584705*_3_^3 

14 
COD Removal 
Rate  

_14_ = 3.19552315827398*_4_ + 1.24336400735808*_0_ + 
0.000998781335616222*_4_*_0_^2 - 31.8887990884486 - 
0.119691134092401*_0_*_4_ 

15 Coulombic Eff. 

_15_ = 12.391872421491*_4_ + 8.73221258320275*_3_ + 
0.0329194422903673*_4_^2 + 5.80381598026742e-
5*_4_*_3_^3 - 254.249297264613 - 
0.463429091134678*_3_*_4_ - 1.29736987400488e-5*_3_^4 

16 Actinobacteria 

_16_ = 2.20304647937359*_18_ + 
0.000724683738017433*_18_*exp(1.82141865570307*_18_) 
+ 0.000329439377589563*exp(_25_ + 
1.82141865570307*_18_) - 7.92520877174071 - 
0.170647659189713*_25_ - 
0.00431689667282467*exp(1.82141865570307*_18_) 

17 Bacteroidetes _17_ = _1_/_11_ - 4.3725 

18 Clostridia 

_18_ = 6.83316381818004 + 
0.107838109422922*_21_*_28_ + 1.83983969167019e-
5*_2_^3 - 0.760848502041344*_21_ - 
0.0266137225991089*_2_*_28_ 

19 Erysipelotrichia 

_19_ = 0.0343349391353551*_3_ + _3_/_11_ - 
2.22662803124823 - 0.426894056494843*_23_^2 - 
0.00253733101512785*_3_*exp(_3_/_11_) 

20 Lentisphaeria 

_20_ = 0.257479845389774*_19_ + 
0.0238884167501294*_0_ + 1.59741523645185*exp(_19_) + 
0.175328786176047*_19_*exp(_19_) - 1.233821740085e-
34*exp(_0_) - 0.0929025916844637*_0_*exp(_19_) - 
0.00925365520053354*exp(1.98759814641237*_19_) 

21 
α-
Proteobacteria _21_ = 3.41923809175636 + 

0.0205713319880071*_2_*_26_ + 
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0.00322230900498333*_2_*_10_*_26_ - 
1.30362641433494*_26_ - 
0.000402845394823121*_2_*_10_ - 4.25313337524563e-
5*_10_*_26_*_2_^2 

22 
β-
Proteobacteria 

_22_ = 1.55705850661762*_2_ + 906.032741872762/_2_ - 
68.5000878006343 - 0.0590485040677508*_9_ - 
0.000319500849662904*_11_^2 - 
0.0100878923273782*_2_^2 

23 
γ-
Proteobacteria 

_23_ = 0.405408613953484 + 
0.0104095869540033*_13_*_21_^2 - 
0.444265312549519*_21_ - 
0.000569025457629679*_5_*_13_ - 
0.0580326265739262*_21_^2 

24 
δ-
Proteobacteria 

_24_ = 4.90807569742126 + -60.7682754529434/_4_ + 
exp((2*_17_ - 24.762566512522)/_4_) 

25 SJA-4 

_25_ = 2.57461164583194*exp(_21_) + 
5.4708011384821*_6_*_21_/exp(_21_) + 
(0.0221940155993985*_6_*exp(_21_) - 
0.0221940155993985*_6_^2)/_21_ - 38.8507421374802 - 
0.242214987301032*_6_ - 
0.484369881863815*_21_*exp(_21_) 

26 Solibacteres 

_26_ = 1.86120586641191*exp(_22_) + 
0.0430307590916851*_0_*_22_ + 
0.26796629662942*_22_^2 + -127.121103770266*_22_/_0_ 
- 5.78161559274076 - 0.0255160978152048*_0_*exp(_22_) 

27 Spirochaetes 

_27_ = 4.9960042851717e-5*_3_^3 + 
1654.45046510727*_3_/(0.34765421598553 + _3_) - 
1609.26800678048 - 0.734522106196976*_3_ - 
0.20711424237229*_22_^2 

28 Synergistia 

_28_ = 2.30698427244183*_3_ + 
28.3306156083585*_10_/_3_ + 9.12894186164917e-
6*_10_*_3_^3 - 17.0511301314916 - 
1.88898520914441*_10_ - 0.0340719203666426*_3_^2 - 
0.000218638837985307*_3_*_10_^2 
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Table 4.S6. Key for parameters used in Network A on the family classification level. Number 

codes are used in the neural nets and model development.  

# Parameter
0 Conductivity (mS/cm)
1 Nitrogen (mg/l)
2 Phosphorous (mg/l)
3 sCOD (mg/l)
4 Carboxylic Acid (Total) (mg/l)
5 Carbohydrate (Total) (mg/l)
6 Alcohol (Total) (mg/l)
7 Acetate (mg/l)
8 Butyrate (mg/l)
9 Fumarate (mg/l)

10 Glucose (mg/l)
11 Fructose (mg/l)
12 Galactitol (mg/l)
13 Max. Power
14 COD Removal Rate 
15 Coulombic Eff.
16 Acidaminobacteraceae
17 Actinomycetaceae
18 Aminiphilaceae
19 Bradyrhizobiaceae
20 Comamondaceae
21 Desulfovibrionaceae
22 Erysipelotrichaceae
23 Eubacteriaceae
24 Geobacteraceae
25 Legionellaceae
26 Rhodocyclaceae
27 Rickettsiales
28 Soilbacteraceae
29 Sphaerochaetaceae
30 Spirochaetaceae
31 Tissierellaceae
32 Victivallaceae
33 Uncharacterized	(Clostridia)
34 Uncharacterized	(SJA-4)  
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Figure 4.S4. Dot diagram of Bayesian generated ANN for Network A on the Family Level 

Classification. 
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Table 4.S7. Model generated by the ANN/Eureqa machine learning algorithms for network C. 

# Parameter Formula 

13 Max. Power 

_13_ = 55.8434285738916 + 1.70820883832089*_4_ + -
1455.90509421024/_3_ + 0.0468323135529185*_4_^2 + 
4.63511499150951e-11*_4_^7 - 0.334254226691961*_3_ - 
4.37915211153452e-5*_3_*_4_^3 

14 COD Removal Rate  

_14_ = 1.2896851331232*_4_ + 3.83293202236147e-9*_0_ 
+ 0.00288729948973499*_0_^2 + 
0.00222921194686754*_0_*_4_^2 + 3.83293202236147e-
9*_0_*_4_^5 - 24.6534598619583 - 5.32532176868768e-
5*_0_*_4_^3 

15 Coulombic Eff. 

_15_ = 24.0051897625894*_1_ + 9.71271538992699*_7_ + 
0.806072088416879*_13_ + -471.498294125224/_3_ + 
0.516588912725013*_7_^2 - 348.171334550093 - 
1.20898368598221*_1_*_7_ - 
0.00410440247187806*_7_^3 

16 Acidaminobacteraceae 

_16_ = 0.606333162132674*_20_ + 
0.0183160059408526*_15_ + -0.28103911037589/_20_ + -
70.5354419404904/_3_ + 0.0161906310082868*_15_*_31_ 
+ 0.0709618098067901/(0.64310812890635 + 
0.607474169461163*_31_) - 0.677291727331235 

17 Actinomycetaceae 

_17_ = 0.346335528933114*_25_ + -
0.636687464583756*_21_/_29_ + (1.7948407481109*_21_ 
+ 1.081372433297*_25_)/_34_ + 
3.98264824125396*_34_*exp(_25_)/(36.72494062279*_25_ 
+ 1.56722300930423*_1_) - 1.60374591377975 

18 Aminiphilaceae 

_18_ = 0.420620880960948 + 
0.000957172763000028*_2_*_11_ + 
0.000913070013724139*_14_^2 + 
2322.99362423975/_11_^2 - 0.00494142577647353*_7_ - 
0.0945828636067415*_14_ 

19 Bradyrhizobiaceae 

_19_ = 0.320842232374734 + 37.4241609824156/_13_ + 
1367272597116.41/(_13_^2*exp(_1_)) + -
3.3299437516877e16*_13_/exp(2.00703465775632*_1_) 

20 Comamondaceae _20_ = 1.88721266238422 + 0.0990513803727779*_19_ + 
0.0344891563950539/_26_ + 
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1.53449289606515/(_5_*_19_) + _19_/(_5_ - 
22.0837442800769) - 0.0130828543266455*_5_ - 
0.026935322993093*_12_ - 
0.000344032714360828*_5_*_11_ 

21 Desulfovibrionaceae 

_21_ = 0.0853862472912197 + 0.161402050972599*_31_ + 
-0.106626545029782/_31_ + 
0.0909140186805553/(0.238626781948572*_31_^2 - 
0.0222399590206797) - 0.0649622423420265*_1_ - 
0.317793866745081*_23_ 

22 Erysipelotrichaceae 

_22_ = 0.478320696391138*_29_^2 + 
0.382121259450689*_24_^2 + 
0.0250804038596803*_24_^3 + 
0.05998410363276*_34_*_29_^2 + 
0.0258412107411294*_29_*_34_*_24_^2 - 
9.22432151062923 - 0.741456632805575*_34_ 

23 Eubacteriaceae 

_23_ = 3.21098963125368 + 0.030094306837896*_5_ + 
3.20577260414943/(0.463247657529398*_5_ - 
26.1451074868309) + -
162.828517202587/(0.248293849181933*_5_^2 - 
75.2410251659176) 

24 Geobacteraceae 

_24_ = 5.75677957290866 + 0.255761894407954*_3_*_20_ 
+ 0.0292487973895924*_3_*_19_ - 
0.0405305032092745*_3_ - 7.7918774151491*_20_ - 
0.0104828585222407*_3_*exp(_19_) - 
0.0405305032092745*_20_*exp(_19_) - 
2.98826126186939e-5*_20_*_3_^3 

25 Legionellaceae 

_25_ = 1.60432712474522*_11_ + 1.43086801463626*_19_ 
+ 0.637277040301805*_13_ + -804.014526462936/_2_ - 
0.732469127714606 - 0.0195219026055408*_11_*_19_ - 
0.0234115866975361*_2_*_11_ - 
0.00681022509383341*_13_^2 

26 Rhodocyclaceae 

_26_ = 0.0471923370621888*_8_ + -
0.65926492630495*_31_/_34_ + (_32_*_34_ + 
1.79271409365489*_31_*_34_)/_10_ + -
16.3701134973791*_34_/(_31_*_34_*_8_^2 - 
317.929239609017*_31_*_32_) - 1.37699369709516 

27 Rickettsiales _27_ = 4.32241989695695*_16_ + 
7.19347026155115*_23_/_10_ + -
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279.04753829832*_16_/_2_ + -
3332.74610501516*_16_/(_2_*_10_) + 
152872.376635359*_16_/(_10_*_2_^2) - 
4.01605908434293 

28 Soilbacteraceae 

_28_ = 24.603815467561 + -0.329265930138632/_32_ + 
0.00403058841763785*_0_^2 + 1.22314143189406e-
5*_7_*_18_*_0_^2 - 0.00403058841763785*_32_ - 
0.228853724939059*_3_ - 0.36668223308132*_7_ - 
0.486062530546632*_0_ 

29 Sphaerochaetaceae 

_29_ = 0.649572863887951*_19_ + 
0.220703229216714*exp(54.8540885278753/_7_) + 
(2.20411097347101 - 
2.39698742999377*_19_^4)/exp(83.6379656512934/_7_) 

30 Spirochaetaceae 

_30_ = 3.41061861811603 + -
20.9700369074155*_25_/_12_ + 
345.984318731959*_25_*_29_/(_12_*_13_) + 
111.131846427614*_25_*_29_/(549.729411777658 + 
514.45434998296*_25_*_29_) - 0.0712252903961069*_12_ 
- 0.104973312591995*_13_ 

31 Tissierellaceae 

_31_ = 0.089704185490686*_4_ + 
2.29948029039725/(2.09971698469808*_4_ - 
0.0860079935622667*_4_^2) + (1624696.73113672 - 
400.225517473918*_4_^2)/(16464911.9622069 + _4_^4 - 
8115.49495217865*_4_^2) - 3.64648824532801 

32 Victivallaceae 

_32_ = 74.8035564756056 + 0.14350831106633*_13_^2 + 
1.60587984655281e-9*_13_^6 - 6.34043193153067*_13_ - 
2.2107346024253e-5*_13_^4 - 
0.0961238701436776*_34_^2 

33 
Uncharacterized 
(Clostridia) 

_33_ = 0.180039894927861*_32_ + 
0.0946657432142929*exp(_32_) + -
0.0209538633125605/(0.0727315519159951 - 
0.0849728439832665*_32_) + -
0.096222837506384*_32_/(0.223988147272702*_32_ + 
0.23453872327287*exp(_32_)) - 0.0310080322723044 

34 
Uncharacterized 
(SJA-4) 

_34_ = 53.9720803021559 + 0.0363163971236831*_9_ + -
759.889802830543/_5_ + 0.00310463503322033*_5_^2 + 
94.5292143458469/(_8_ - 1.73042951687818*_5_) - 
0.861081301383574*_5_ - 0.00069012310529152*_5_*_8_ 
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Table 4.S8. Key for parameters used in Network A using inferred metagenomics data. 

Number codes are used in the neural nets and model development. 

# Parameter
0 Conductivity (mS/cm)
1 Nitrogen (mg/l)
2 Phosphorous (mg/l)
3 sCOD (mg/l)
4 Carboxylic Acid (Total) (mg/l)
5 Carbohydrate (Total) (mg/l)
6 Alcohol (Total) (mg/l)
7 Acetate (mg/l)
8 Butyrate (mg/l)
9 Fumarate (mg/l)

10 Glucose (mg/l)
11 Fructose (mg/l)
12 Galactitol (mg/l)
13 Max. Power
14 COD Removal Rate 
15 Coulombic Eff.
16 Carbohydrate Metabolism
17 Energy Metabolism
18 Amino Acid Metabolism
19 Metabolism of cofactors and vitamins
20 Nucleotide Metabolism
21 Lipid metabolism
22 Xenobiotics Biodegradation and Metabolism
23 Glycan Biosynthesis and Metabolism
24 Enzyme Families
25 Metabolism of Other Amino Acids
26 Biosynthesis of Other Secondary Metabolites
27 Cell Motility
28 Cell Growth and Death
29 Electron	transfer	carriers
30 Pores	ion	channels
31 Other	ion-coupled	transporters
32 Membrane	and	intracellular	structural	molecules
33 Signal	Transduction
34 Membrane	Transport  
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Figure 4.S5. Dot diagram of Bayesian generated ANN for Network A for the inferred 

metagenome data.  

 



 
 
 
 

 

 

138 

Table 4.S9. Model generated by the ANN/Eureqa machine learning algorithms for network A 

with inferred metagenomics data. 

# Parameter Formula 

13 Max. Power 

_13_ = 12.3788510874485 + 1.17605569199548*_15_ + -
5.44955370748331/(_4_ - 26.9697614186932) + 
0.00029309982569782*_15_*_4_^2 - 0.266002440974717*_4_ - 
0.0175521043634936*_4_*_15_ - 1.04661488683735e-6*_4_*_15_^3 

14 
COD Removal 
Rate  

_14_ = 493.434125977991 + 0.0445858930127758*_0_^2 + -
161615.445429365/(_0_*_4_) + 9.18476406842097e-8*_0_^3*_4_^2 + 
4.09092971407568e-9*_0_^2*_4_^2 - 7.71370951110541*_0_ - 
0.0554527259126348*_4_^2 

15 
Coulombic 
Eff. 

_15_ = 271.506799555807 + 0.57857511690014*_4_*_22_ + 
0.404805853232298*_4_^2 + 5.99557253176235e-9*_4_^6 - 
16.4696427497126*_4_ - 46.9511689768652*_22_ - 
7.41288422432255e-5*_4_^4 

16 
Carbohydrate 
Metabolism 

_16_ = 0.84398372202428 + 0.152052487678074*_11_ + 
(4.52478713928237e15*_11_ + 
118042788731769*_11_^2)/exp(2.00049523349408*_11_) - 
0.00138607338497339*_11_^2 

17 
Energy 
Metabolism 

_17_ = 3.2238271187045 + 0.000816739302490122*_10_ + 
0.101203179914786/_33_ + 0.000585930618385244/(_33_ - 
1.59630625809003) + 0.000181038280924249/(_33_ - 
1.58180541007827) + 0.0320259510424277/(_10_*_33_ - 
40.787782483276) 

18 
Amino Acid 
Metabolism 

_18_ = 4.81110490098812 + 8.80132339964801e-5*_15_^2 + 
1.12304358727535e-7*_10_^4 + 2.13532666468033e-6*_15_*_10_^2 
- 0.016778867278307*_15_ - 0.000855522083519061*_10_^2 

19 

Metabolism of 
cofactors and 
vitamins 

_19_ = 2.44819446930888 + 5.07051529663646e-
9*_24_*_27_*_10_^2*_21_^12 

20 
Nucleotide 
Metabolism 

_20_ = 2.1221697192646 + 0.00171452288781312*_0_ + 
0.927500969814534/_11_ + 0.571498272133637/_0_ + 
0.195336734658636/(_12_ - _11_ - exp(0.00182065873885401*_0_)) 
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21 
Lipid 
metabolism 

_21_ = 6.21716089409493 + 0.00741247364838459*_12_ + -
544412010.170473/exp(_8_) + 1.99766602613255e-5*_8_^3 + 
1.27458921299332e-6*_8_*_1_^2 - 2.09755200095293e-5*_1_ - 
0.181038666153374*_8_ 

22 

Xenobiotics 
Biodegradation 
and 
Metabolism 

_22_ = 1.25945961229382 + 0.00953385147795447*_8_ + 
5.20151324578759*_8_*exp(387.680696001883/_8_ - _8_ - 
exp(639.966718302183 - 31.9212181024779*_8_)) - 
106.29644091993*exp(387.680696001883/_8_ - _8_ - 
exp(639.966718302183 - 31.9212181024779*_8_)) 

23 

Glycan 
Biosynthesis 
and 
Metabolism 

_23_ = 44.6192097677075 + -46.0942941721444/_20_ + 
0.0144937174362416*_11_*_20_ + 2.46032827330077e-7*_10_^2 - 
10.1840485828645*_20_ - 0.00455770769730575*_10_*_20_ - 
0.000418151810928297*_11_^2 

24 
Enzyme 
Families 

_24_ = 0.865914384014249 + 7.40339826919469e-
13*exp(_32_*exp(1.3009739683765*_28_^2) + 
exp(2.103971030802*_28_^2)) + exp(3.00159252390931*_28_ - 
exp(1.3009739683765*_28_^2)) - 
exp(1.3009739683765*_28_*exp(_32_*exp(1.3009739683765*_28_^2) 
+ exp(2.103971030802*_28_^2))) - 
1.3009739683765*_28_*exp(_32_*exp(1.3009739683765*_28_^2)) 

25 

Metabolism of 
Other Amino 
Acids 

_25_ = 4.17566774109156*exp(0.0213458675388127*_3_) + -
18.9496490526842/(3650.30243899395 - 92.1778945184161*_3_) - 
4.52165580085558 - 0.00272868623599924*_3_^2 

26 

Biosynthesis 
of Other 
Secondary 
Metabolites 

_26_ = 0.803264363001795 + 
0.000688416984574746*exp(206.497633285572/_10_) + -
0.00101149297256769/exp(206.071310271417/_10_) - 
0.000208608617506673*_10_^2 - 3.61546461840264e-
5*_10_*exp(206.55845961411/_10_) 

27 Cell Motility 

_27_ = 40.6341043858574 + 0.167934159749139*_12_ + 
0.0601796333141659*_12_*_18_ + 0.00613627147550108*_2_^2 + -
29.9452842581943*_12_/_2_ + 0.0312522022687208*_2_*_18_^2 - 
0.326521585696277*_2_ - 0.286583348399955*_2_*_18_ 

28 
Cell Growth 
and Death 

_28_ = 0.00546912871639823*_10_^2 + 3203.01836440155/_10_^2 + 
-18.762247203455*_29_^2/_10_ - 22.0210562174876 - 
0.462383277664301*_10_ - 8.90839367191334*_29_ - 
0.000102258639281743*_10_^2*_29_^2 
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29 

Electron 
transfer 
carriers 

_29_ = -0.0533587059083747/_11_ + 0.14998294517615*_11_*_32_ + 
1.24317361160517*_32_^2 + 0.0546618313785172*_32_^5 - 
2.58296378334836 - 0.0616447519111644*_11_ - 
0.00180861833185401*_32_*_11_^2 

30 
Pores ion 
channels 

_30_ = 9.40002075970421*_23_ + 0.354972561545623*_16_^2 + 
2.44114651599242*_23_*exp(_23_) - 11.665293061874 - 
1.85427141979341*_16_*_23_ - 4.39176241567965*_23_^3 

31 

Other ion-
coupled 
transporters 

_31_ = (11.2600699202919 + 1.67470132422693*_29_)/_33_ - 
6.0376100147553 - 4.17841545664511*_24_*_29_ - 
8.25589313879431*_24_^2 - 0.392123771611257*_24_*_29_^2 - 
0.218790690618749*_29_*_33_*_24_^3 

32 

Membrane and 
intracellular 
structural 
molecules 

_32_ = 5.4583113116983 + 0.40220415793944*_16_ + 
0.00174643387383296*_0_*_7_ + 0.00234761506464341*_5_^2 - 
0.0604542139329596*_0_ - 0.122754538928924*_7_ - 
0.190928200424465*_5_ - 0.000635827705366356*_0_*_5_ 

33 
Signal 
Transduction 

_33_ = 0.66118611586127*_24_ + 5.64019334552354*_20_*_21_ + 
0.389283870834493*_20_*_21_*exp(0.615530938119911*_20_*_21_) 
- 4.26518216498576 - 
2.91057132073693*exp(0.615530938119911*_20_*_21_) - 
0.0510409680179806*_20_*exp(0.615530938119911*_20_*_21_) 

34 
Membrane 
Transport 

_34_ = 4.12143573689793 - 0.0122868131454931*_32_^6 - 
0.142286984270419*_32_^3 
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Table 4.S10. Table of results for ANN developed from inferred metagenomics data (PiCrust) 

from a network type A. 

Taxonomic	Level:
Metagenome

Network	Type:
A

Batches	Included:
0

Max.	Parent	Nodes:
5

Bray-Curtis	Similarity- Avg.	 Std.	Error p	value	(vs.	null	1) p	value	(vs.	null	2)
Training Model 0.791 0.002 0.496096 0.000000

Null	(Avg.) 0.791 0.000
Null	(Min.) 0.909 0.000

Validation Model 0.794 0.005 0.412585 0.000000
Null	(Avg.) 0.795 0.000
Null	(Min.) 0.893 0.000

Pearson	Correlation Avg.	 Std.	Error
Training Taxa 0.703 0.046

Comm. 0.973 0.055
Validation Taxa 0.641 0.067

Comm. 0.969 0.006

Power	Density	(W	m-2) Avg.	 Std.	Error p	value	(vs.	null)
Training Model 7.76% 4.18% 0.052816

Null 18.21% 5.31%
Corr. 0.856

Validation Model 8.12% 3.26% 0.066897
Null 33.40% 6.64%
Corr. 0.884

COD	Removal	Rate	(kg	m-3	day-1) Avg.	 Std.	Error p	value	(vs.	null)
Training Model 4.79% 2.44% 0.000767

Null 25.85% 5.03%
Corr. 0.988

Validation Model 6.31% 1.45% 0.001393
Null 46.50% 9.36%
Corr. 0.989

Coulombic	Efficiency	(%) Avg.	 Std.	Error p	value	(vs.	null)
Training Model 7.27% 4.04% 0.020243

Null 21.21% 5.22%
Corr. 0.839

Validation Model 9.44% 3.51% 0.034800
Null 33.62% 6.13%
Corr. 0.889

Model	Characteristics

Community	Metrics

Reactor	Performance	Metrics
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Abstract:  

Emerging environmental biotechnologies like microbial fuel cells (MFCs) stand to benefit 

greatly through the rational engineering of management practices associated with their 

operation. Stability and biofilm development are both key components of operation that are 

dependent on the microbial communities contained within MFCs. To manage these 

communities for optimized performance they must be linked to stability and development. In 

the present study, community development under varying external resistances was assessed 

over the course of a year through high-throughput sequencing of 16S rRNA genes. 

Communities were then exposed to a low (3.5) pH pulse disturbance for 48 hours. 

Immediately following disturbance current outputs decreased 53.99 ± 9.04%. 13 out of 17 

MFCs tested recovered to original current outputs over an average duration of 77.63 ± 21.28 

hours. Correlations between resilience and Geobacteraceae abundance were observed yet 

could not be used to accurately predict stability. Artificial neural networks (ANNs) generated 

from the collected data significantly improved biofilm stability predictions over other models.  

Results suggests connections between stability and community structure that can be predicted 

using ANN models. This is the first attempt to link biofilm communities to process stability in 

MFCs and the expansion of these models may be used to minimize risk of deactivation during 

operation.  

 

Keywords:  

Microbial Fuel Cell; Biofilm; Artificial Neural Network; Community Stability  
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5.1 Introduction 

Wastewater treatment is one of the critically important services that environmental 

biotechnologies like microbial fuel cells (MFCs) provide for society. The functioning of these 

technologies is dependent on metabolic processes of complex microbial communities.5 In 

MFCs, organic compounds are degraded liberating electrons that are then transferred by 

exoelectrogenic bacteria to an electrode where they can be harnessed as electrical energy.191 

Further development and implementation of MFC technology in wastewater treatment 

facilities could potentially offset the high energetic cost of wastewater treatment.242 For large-

scale adoption of MFC technology to be realized the development of predictive models on 

which rational management practices can be based are needed. However, this is an inherently 

difficult challenge when dealing with diverse biofilm communities.243 

 Several advances in MFC design and operation optimization led to increases in 

performance, though the functional outcomes of anodic biofilm communities are also primary 

determinants of start-up times, performance, and process stability. MFC anode-based biofilm 

communities are phylogenetically and functionally diverse possessing dynamic interactions 

that cannot be predicted by studying individuals in isolation.199 Current predictive models 

used for practical operation of MFCs either do no incorporate microbiological parameters at 

all or treat the biofilm as a single organism not accounting for dynamic interactions between 

shifting populations.135 The wealth of information regarding the metabolic potential and 

functional activity of these communities increased greatly with several well-designed 

metagenomics and metatranscriptomic studies resulting in the identification of an immense 

volume of potential independent drivers that would need to be incorporated into 
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comprehensive metabolic models.87,91,92 Instead the primary focus of many researchers has 

been to focus on developing MFC models based around controllable abiotic parameters in 

well-defined systems. These models cannot be applied to a wide range of conditions and 

though many of these models address efficiency and power outputs they do not address 

stability or biofilm development; processes almost wholly dependent on microbial 

interactions.  

Several factors are known to affect the development of MFC anodic biofilms. These 

include pH, temperature, substrate, nutrient concentrations, inoculum, anode potential, and 

external resistance. Divergent communities may be shaped by altering any of these factors. 

For example, a community developed under high pH presented increased concentrations of 

Geoalkalibacter while increased phosphate concentrations yielded a prominent 

Desulfuromonadaceae-Geobacter co-dominance pattern. Inoculum sourced from other MFCs 

also resulted in increased Geobacter populations, though convergence was noted over 

significant time spent under the same conditions. Increases in select Geobacter clades and 

variation in associated fermentative bacteria were observed by lowering anode potential in 

some studies, though in others little variation in communities was observed. Similarly, 

external resistance was identified to select for differing phylotypes with less diversity 

observed at lower external resistances. The repeatability of many of these findings are 

suggestive of deterministic interactions between community members, however, many of 

these interactions have not been identified and further controlled studies are needed to 

determine how they effect long-term performance and stability. 
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Process stability is also critical to MFC operation but relatively few studies 

(intentionally) examine how extreme operational events may affect performance and 

performance recovery. The most common of these events are large changes in temperature, 

pH, and nutrient load. Previous studies showed that exposing MFC biofilms to pH below 5 

and above 11 resulted in irreversible damage to the biofilm community.80 Likewise, 

temperatures above 50 °C irreversible incur biofilm deactivation while temperatures in the 

range of  0 – 10°C caused 90% reductions in activity that could gradually be recovered. 79,106 

Voltage reversals induced form unbalanced anode potentials in stack MFC systems due to 

nutrient starvation of the biofilms are also another source of irreversible to the biofilm 

damage.20 However, there is no current way to gauge community susceptibility or resilience to 

any of these events. 

The challenge of linking microbial communities to functional outcomes like process 

stability does not only pertain to engineered systems but extends to all microbial ecology-

related fields.244 The use of data-mining techniques that take advantage of the rapidly 

increasing volume of community–omic data, computing power and the accessibility of 

computing power is one potential approach to overcoming these challenges. Artificial neural 

networks (ANNs) are a well-established artificial intelligence/machine-learning approach that 

sorts through data assigning values and weights to the likelihood of interactions between 

individual nodes and outputting mathematical relationships.215 ANNs were recently used to 

successfully predict community assemblages from environmental factors.143 Using a similar 

technique functional outcomes relating to the microbial communities of forest soils and acid 

mine drainage could be predicted.145,146 Incorporating community data into MFC ANN models 
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improved predictive performance over those strictly based on environmental parameters in 

terms of power outputs, coulombic efficiency, and treatment rates (Lesnik and Liu, 2017, 

ES&T). However, stability and development have not been quantitatively assessed and linked 

to community structure in MFCs.  

In the present study, we observed the development and stability of 17 MFCs biofilm 

communities then determined if they accurately be predicted through the construction of ANN 

models. Development was examined from initial biofilm colonization at one week to a period 

of one year following inoculation at fixed external resistances. Evaluations of stability were 

made following exposure of MFC biofilm communities to a low (3.5) pH 48-hour pulse 

disturbance. Results suggest that ANNs can accurately predict community development and 

resilience to pH shock. Overall this study demonstrates the viability of using ANN-based 

approaches to predict community development and process stability of MFC communities. 

 

5.2 Materials and Methods 

5.2.1 Microbial Fuel Cells Design and Operation 

Designs used in this study were single-chamber, air cathode, MFCs (12 ml total 

volume) carbon cloth anodes and previously described air cathode surface with surface areas 

of 7 cm-2.163 The original inoculum used to seed the MFC reactors was collected from 

domestic wastewater (Corvallis Wastewater Treatment Plant, Corvallis, OR) in 2006 with 

subsequent cultures inoculated from active MFCs fed with acetate. Following inoculation, all 

MFCs were fed a Modified Geobacter Medium (MGM) (pH 7) that consisted of the following 

(per liter): NH4Cl, 0.31 g; KCl, 0.13 g; NaH2PO4·H2O, 5.84 g; Na2HPO4·7H2O, 15.5g; 
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vitamin (12.5 mL) and Wolfe’s mineral solution (12.5 mL). Sodium acetate (60 mM) was 

used as the electron donor in all reactors. One week following inoculation and before 

communities converged to consistent structures half of the anode (3.5 cm-2) was removed and 

the biofilm was sampled. Following 1 week external resistances for each MFC were set 

between 1100 Ω and 118 Ω resulting in anode potentials of MFCs from -494 to -185 mV (vs. 

Ag/AgCl). MFCs were then operated in batch mode as initially performed with solution being 

replaced once current outputs dropped below 5% of maximum values. Following 1 year of 

operation anodic biofilms were sampled again.  

All MFCs were then used to conduct stability experiments. Once MFC maximum 

current densities were consistent over 5 batches the MGM pH 7 solution was replaced with 

MGM pH 3.5 solution for 48 hours. Then the pH 3.5 MGM solution was replaced with the 

MGM pH 7 solution and the MFCs were operated normally until fully recovered or 

considered deactivated following 2 weeks of non-recovery.  

 

5.2.2 Performance Analyses 

Voltages were continually measured across an external resistor using a multimeter 

with a data acquisition system (2700, Keithly Instruments, Cleveland, OH, USA). Maximum 

voltages from each batch and external resistances were used to calculate maximum power 

density from the equation P = IV/A with I=V/R, where I (A) is the current, V (V) is voltage, R 

(Ω) is the external resistance, and A (m2) the projected area of the anode (3.5 cm2). Time to 

recovery was counted as from the time the solution was replaced until the time current outputs 

returned to within 5% of what they were pre- pH shock. Quantitative measures of process 
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resilience (RL) (Eqn. 1) and community resistance (RS) (Eqn. 2) were calculated using the 

following equations245–247:  

𝑅𝐿 = J|¦��¦§|
¦��¦§ %	|¦��0|

− 1 ÷ (𝑡0 −	𝑡l)  (1) 

𝑅𝑆 = 1 − J|¦��¦§|
¦�% ¦��¦§

  (2) 

For process resilience y0 was current density before pH shock, yl was current density 

immediately following pH shock, yn was 95% of y0, tl was the time at which the low pH 

solution was removed, and tn was the time it took for current to reach yn. For community 

resistance Bray-Curtis similarity scores were used as the community meteric (y0, yl). 

 

5.2.3 Biofilm sample collection and DNA extraction 

One week following inoculation all MFC biofilms were collected in the same manner; 

the 7 cm2 carbon cloth anode was removed and cut into half. One half was placed in a sterile 

50 ml tube with 10 ml of 100mM phosphate buffered saline (PBS) and 5 ml of 2 mm sterile 

glass beads while the other half was placed back into the MFCs. Tubes containing the 

removed anode half were then lightly vortexed for 5 min. DNA extraction was performed 

using a MoBio PowerBiofilm DNA extraction kit (Carlsbad, California). The quality of the 

DNA extraction was checked on an agarose gel which was further verified through use of 

spectrophotometer (NanoDrop, Wilmington, DE, USA). qPCR (Prism 7500 FAST, Applied 

Biosystems, Foster City, CA) was then used to quantify DNA. 
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5.2.4 Illumina Sequencing and Sequence Analysis 

A dual-index approach for multiplexing 16S rRNA was used. DNA from samples of 

each community (n = 32) was amplified with a primers containing a linker sequence, an 8 bp 

index sequence, and universal set of primers designed to target the hyper-variable V3-V4 

region of the 16S rRNA gene.204 Amplicon pools were prepared normalized and prepared for 

sequencing using AMPure XT beads (Beckman Coulter Genomics, Danvers, MA, USA) with 

size and quality of the amplicon library assessed on Agilent Bioanalyzer 2100 (Agilent 

Technologies, Santa Clara, CA, US). The PhiX control library was combined with the 

amplicon library and then sequenced with standard Illumina sequencing primers for a 250bp 

paired-end run (v3) on the MiSeq platform (Illumina, San Diego, CA, US). Image analysis, 

base calling and data quality assessment were performed on the MiSeq instrument. 

Sample processing was performed through QIIME (version 1.6.0).205 Samples were 

demultiplexed and dual barcode sequences removed. Initial quality pre-processing included 

removing sequences reads that did not have an average phred quality of 20 over a 30bp 

window and trimmed reads less than 75% of original length resulted in 96% read retention. 

Further QIIME quality trimming including removing sequences with 3 consecutive low-

quality bases, ambiguous base calls, and a minimum sequence length of 200 after trimming. 

Paired-end reads were aligned to pre-aligned Greengenes 16S rRNA gene sequences. 

Concatenated reads were further processing including denoising by clusterin similar 

sequneces with less than 3% dissimilarity using USEARCH.206 Chimera detection and 

removal was conducted with UCHIME v5.1.207 Taxonomic assignment was conducted using 
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Ribsomal Database Project (RDP) Naïve Bayesian Classifier v2.2 and trained on the 

Greengenes database using 0.8 confidence values as cutoff.164   

 

5.2.5 Data deposition  

Genomic datasets were deposited in the NCBI sequence read archive under accession 

number SRR966001. The metagenomic project can also be accessed in NCBI under Genome 

Project ID 1095202 (accession PRJNA295565 

, http:// www.ncbi.nlm.nih.gov/bioproject?term=PRJNA295565).  

 

5.2.6 ANN Model Construction and Analysis 

For each ANN constructed, data were randomly separated into validation and training 

groups. The data for the development ANNs were separated into n = 9 for training and n = 7 

for validation. The ANNs for stability predictions were separated into n = 7 for training and n 

= 10 for validation. To generate the Bayesian interaction network underlying the ANNs, all 

the collected data was transformed and discretized as previously described.228 The software, 

Bayesian Network Inference with Java Objects (BANJO) v2.0.1 was used to generate  the 

networks with each parameter being represented by a node.229 A maximum of 6 parent nodes 

were considered using 10000 simulated annealings with randomly configured networks. The 

highest scoring single networks were used. 

The interaction network was used to determine the parent nodes of each node of the 

ANN network. Each node was then expressed as a function of its parent node. The machine 

learning algorithm of the Eureqa software was then used to find the best equations to fit the 
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observed training data.230 The mathematical relationships that were allowed were constant, 

addition, subtraction, multiplication, division, and exponent. The Eureqa algorithm was run 

until stability and maturity were both greater than 90%. The equations generated were then 

used to model predicted relationships and evaluated. 

 

5.2.7 Statistical Analysis 

Pearson correlation coefficients were used to determine correlations between taxa 

abundance, stability, and development. 1000 bootstrap permutations were used to determine 

significance of correlations. P-values were calculated as the number of permutations for which 

the re-ordered data had a higher correlation coefficient than the original model predictions 

divided by the total number permutations. Predicted communities were compared to observed 

communities using Bray-Curtis similarity scores and compared to two null models based on 

average taxa abundance (null 1) and minimum taxa abundance (null 2).169 Paired t-tests 

comparing the predicted similarity scores to each of the null models were used to determine 

significance (p > 0.05). To determine significance of stability level predictions binomial t-tests 

were performed based on equal chance of predicting each of the 4 stability levels 

corresponding to resilience scores.  Resilience scores < 0.002 were considered ‘Unstable’, 

0.002 – 0.012 were considered ‘Low’ stability, 0.012 – 0.022 were considered of medium 

‘Med.’ stability, and resilience scores > 0.02 were considered ‘High’ stability. Levels were 

determined by mean resilience scores (0.012) and standard deviations from those scores 

(0.01).  
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5.3 Results and Discussion 

5.3.1 Community Development 

MFCs were inoculated and operated identically for one week. The initial biofilm 

communities were then sampled and MFCs assigned fixed external resistances under which 

they were operated for one year. An average of 371889 ± 134229 reads were recovered and 

successfully assigned taxonomic ranks for each sampling point (1 week and 1 year) and each 

reactor (n = 15). Over the course of the year microbial diversity within the biofilms 

(rarefaction at 150,000 reads) decreased in terms of observed OTUs from 3823 ± 276 to 3267 

± 276. Chao1 scores also decreased from 6666 ± 543 to 5637 ± 470.  

Biofilm development over the course of 1 year resulted in large changes in relative 

abundances though all communities sampled at both 1 week and 1 year consisted of the same 

major phylotypes (Figure 5.1). These taxa include the families Geobacteraceae, 

Aminiphilaceae, Sphaerochaetaceae, Rhodocyclaceae, Porphyromonadaceae, and 

Phyllobacteriaceae. Of these families relative abundance of Geobacteraceae changed the 

most significantly over the course of development increasing from an average abundance of 

6.29 ± 1.14% to 18.78 ± 1.912% (p < 0.005) (Figure 5.2). This finding is consistent with many 

studies indicating the enrichment of Geobacter spp. in conditions favoring exoelectrogenic 

growth.76 Increases in Phyllobacteriaceae and decreases in Sphaerochaetaceae were also 

observed, however, to a lesser degree. The presence of relatively stable populations of other 

dominant taxa dissimilar to the composition of the inoculum reported in a previous study may 
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indicate early colonizers of the anode that provide a favorable environment for growth of 

Geobacter spp. as previously suggested.104 

 

 

Figure 5.1. 16S rRNA relative abundance of family-level MFC anodic biofilm communities. 

 
Few correlations were identified between set external resistances and individual 

phylotypes (Table 5.1). However, a negative correlation between external resistance and both 

Aminiphilaceae and Rhodocyclaceae was observed. Aminiphilus circumscriptus has 

previously been identified as a primary member of MFC communities and is known to be 

capable of fermenting amino acids produced during cell decay and is likely involved in 

syntrophic interactions with Geobacter. It is expected that the lower resistance MFCs 

possessed slightly increased biofilm biomass like those observed in previous studies under 
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higher current producing conditions.248 The increased biomass conditions may naturally lead 

to an increase in species that can efficiently ferment and recycle dead biomass. The observed 

correlation between Rhodocyclaceae populations and external resistance may be connected to 

the catabolic products of Aminiphilaceae fermentation. Rhodocyclaceae populations are 

primarily represented by the genus Dechloromonas which can oxidize fermentation products 

like butyrate and propionate.239  

 

 

Figure 5.2. Average and range of relative abundance of prominent bacterial families sampled 

at 1 week and 1 year following inoculation. 
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The lack of correlation between Geobacteraceae and external resistance but an overall 

a negative correlation with diversity indicates that Geobacter populations reach a stable 

relative abundance threshold independent of anode potential and external resistances. At 

potentials where more energy is available for cell growth Geobacter remains in relative 

proportion to other community members. The tighter thermodynamic constraints imposed by 

decreased external resistances and anode potentials instead may apply a selective pressure for 

community members able to interact most efficiently with Geobacter spp.  

ANN models were developed to determine if the 1 year old communities could be 

predicted solely from initial 1 week communities and set external resistances as determined by 

Bray-Curtis similarity scores. ANN models predicted community composition significantly 

better than null models accounting for minimum taxa (null 1) values (p < 0.005) (Figure 5.3). 

The predicted models were also improved over the null models using average taxa abundance 

across all 1 year samples (null 2) although the difference between the validation dataset (0.85 

± 0.06) and null 2 predictions (0.75 ± 0.02) was not significant (p < 0.005) . The high Bray-

Curtis scores indicates predictability of community development even though no clear direct 

correlations between the most abundant taxa and external resistance. However, the differences 

imposed by varying external resistances may not be large enough to establish differences 

across communities that would make predicted results significant from average values. This is 

consistent with studies suggesting minimal community compositional differences across 

varying set anode potentials.248 
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Table 5.1. Pearson Correlation Between External Resistance and Select Taxa 

 

 

Though ANN models could accurately predict community outcomes, interpretability 

remains a challenge for these types of models therefore the predicted interactions were 

explored to see if there were any clear correlations between directly related nodes.7 A strong 

Pearsons correlation (0.692, p < 0.005) between Aminiphilaceae and Sphaerochaetaceae, two 

prominent members throughout MFC samples, was observed. This direct relationship could 

either be merely indicative of an optimized community structure in which Geobacteraceae, 

Aminiphilaceae and Sphaerochaetaceae co-exist independently in high abundances or suggest 

potential direct (possibly syntrophic) interactions. Members of Sphaerochaetaceae are 

functionally diverse and could either serve in a role similar to Aminiphilaceae fermenting dead 

biomass or as a actegoenic hydrogen scavenger observed in other microbial electrochemical 

systems.184,249,250 
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Other significant correlations were found in predicted communities but not in the 

observed samples. These including a negative correlation between Geobacteraceae and 

Psuedomonaceae and a positive relationship between Rhodocylaceae and the uncharacterized 

taxa GZBK119. The basis of these relationships are unclear, however, Rhodocyclaceae was 

previously identified to play a role in carbon uptake in acetate-fed MFCs and prominent 

genera like Dechloromonas are known to have high metabolic flexibility in terms of electron 

donors (including butyrate and propionate) and electron acceptors (ferrous iron, sulfide, 

oxygen, humics).239,251,252 High flexibility in electron acceptors including extracellular ones 

(e.g. ferrous iron) may facilitate Dechloromonas growth in conductive environments. As 

models are further developed they can be used to build and test hypotheses related to 

microbial interactions in MFCs. 

 

Figure 5.3. Average Bray-Curtis similarity scores for predicted communities vs. observed 

communities. 
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5.3.2 Stability 

Stability following exposure to extreme events during operation is critical to the 

success of engineered systems like MFCs. Exposure may be in the form of a pulse 

disturbance, in that environmental conditions change for a short duration or a press 

disturbance in which it persists. From an ecological perspective stability is defined as the 

community’s response to these disturbances and can be broken down into two parts; resistance 

and resilience. Resistance is the degree in which a community is insensitive to disturbance 

while resilience is the rate at which a community returns to a pre-disturbance condition.253 

During operation with various wastewaters several disturbances such as a decrease in solution 

pH may be encountered and is therefore important to the long-term success of MFC 

technology to understand the connections between community structure and stability and 

develop predictive models.  

 

5.3.2.1 Resilience 

To evaluate stability of MFC communities to acidic pH shocks the media of 17 MFCs 

(pH 7) was replaced with pH 3.5 media for 48 hours and then the solution was removed and 

replaced with the original media. An immediate drop in community function as measured by 

‘post-shock’ current density outputs (mA m-2) were observed with an average decrease of 

53.99 ± 9.04% (Table 5.2). Of the 17 MFCs, 13 could recover back to within 95% of their 

initial current outputs with average recovery time of  77.63 ± 21.28 hours or approximately 3 

days after low pH solution was removed. 4 of the 17 MFCs no longer able to generate 
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electrical currents greater than 5% of their original outputs following exposure even after 

weeks of recovery time.  

 

 

Table 5.2. MFC Performance and Recovery from pH shock 

 

 

Resilience scores in terms of functional process stability were calculated from the 

degrees in which current outputs were decreased and recovery durations.246 Geobacteraceae 

abundance was strongly correlated to resilience across the 17 MFCs tested (0.602) (p < 0.005) 

(Table 5.3). No other prominent taxa were correlated to biofilm resilience to pH shock. 

Negative correlations between diversity and resilience (-0.404) and external resistance and 

resilience (-0.290) were observed but neither was significant at any level. Similarly, 

correlation observed between initial current outputs and resilience (0.313) was not significant. 
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This result suggests that a large abundance of Geobacteraceae is the primary means of 

protecting against deactivation and detachment observed at low pH.80 This result also supports 

the notion of Geobacter spp. being the dominant driver of performance in MFCs with little 

functional redundancy in terms of other taxa able to support the exoelectrogenic-based growth 

of whole communities.  

  

Table 5.3. Pearson Correlation Between Resilience and Select Taxa 

 

 

ANN models were built to better connect family-level taxonomic composition of MFC 

biofilms to quantitative resilience scores that could be used to evaluate risk of deactivation 

following exposure to pH 3.5. ANNs that directly linked composition to resilience scores 

correctly identified level of stability in 8 out of 10 MFCs in the validation dataset, 

significantly improved over the expected distribution (p < 0.005 (Table 5.4). Conversely, 

could only accurately determine the level of stability in 7 of the 17 reactors. This may due to 
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the presence of other interactions that could increase or decrease the sensitivity of 

Geobacteraceae to disruption.  The improved ability of the ANN model suggests that the use 

of neural networks can identify hidden relationships in data that may impact stability of 

microbial communities. In the present study, the ANN inferred that Geobacteraceae, an 

uncharacterized Bacteroidales family, aerobic Phyllobacetereae, and Tissierellaceae all were 

directly connected to community resilience. However, among these only Geobacteraceae was 

predicted to have a direct correlation (0.667) of any significance (Table 5.3). The other 

members had a variable relationship with resilience dependent on the relative abundance of 

other taxa.  

 

Table 5.4. Stability Level Predictions and Prediction Accuracy 
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5.3.2.2 Resistance 

 While ANN models can predict community resilience in respect to operational events, 

there is also value in predicting resistance to press disturbances associated with a change in 

operational conductions like the introduction of a new wastewater stream. ANN models 

predicting community changes from wastewater parameters were used to determine if 

predictions accurately reflect community resistance based on Bray-Curtis scores (Lesnik and 

Liu, ES&T 2017). Predicted communities for the three different wastewaters (brewery, fruit 

processing, potato processing) tested managed to predict community resistance to within 11.3 

– 20.2% total error, however, they were all significantly different from the observed values 

due to low error/variation in the observed communities (Figure 5.4). This result suggests that 

further development of these models is needed to yield more accurate models and more 

conclusively link community resistance to wastewater parameters.  

 
Figure 5.4. Community resistance scores based on observed and predicted communities 

following exposure to wastewaters. 
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5.4 Conclusion 

MFCs provide a controlled engineered environment conducive to perturbation studies 

that can be used to link community structure to stability. In the present study, disruption of 

MFC biofilm communities led to quantitative calculations of process resilience. Relative 

abundances of Geobacteraceae were most closely correlated to resilience scores, but could not 

be used to accurately determine stability. However, ANNs successfully predicted risk of 

deactivation from taxonomic inputs of the biofilm community. Evaluations of stability 

enabled by ANNs can be used to determine range of tolerances for individual reactors and 

accurately assess recovery times following extreme operational events. The expansion of these 

models may be used to minimize risk of deactivation during operation as well as provide 

avenues for new hypotheses linking community structure to stability. The further development 

of these and other artificial intelligence-based techniques are likely to play a large role in the 

management of complex microbial communities of environmental biotechnologies in the 

future.  
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6 Conclusion & Outlook 

6.1 Conclusion  

The goal of the present dissertation is to understand the microbial community structure 

of anodic MFC biofilms, elucidate mechanisms of key electrical interactions in those 

communities and establish predictive linkages between communities and reactor performance, 

thereby advancing a valuable technology towards practical application and furthering the 

development of approaches that can be used to connect communities to functional outcomes in 

other systems. The potential societal impact of MFC technology, the controllable nature of 

engineered environments, and continuous electronic signals produced by the microbial 

communities make MFCs an ideal system for achieving these goals.  

The MFC anodic biofilm communities examined in the preceding chapters are diverse 

yet shaped by deterministic interactions similar to those observed in other environmental 

biotechnological systems.89 This characteristic leads to the re-emergence of a defined 

community structure when inoculated years apart or with varying reactor architecture and 

operational conditions. As biofilms develop from divergent inoculum structures diversity 

decreases and the core components of the communities emerge. Communities can be grouped 

into categories of primary degraders, secondary degraders, biomass scavengers, hydrogen 

scavengers, and exoelectrogens and are likely interconnected through syntrophic interactions 

that lead to increased reactor performance and stability (Figure 6.1). The foundation of these 

communities is built on biofilm networks constructed by exoelectrogenic species that exhibit 

redox-driven conductivity mechanisms. Geobacter spp. are the primary exoelectrogens across 
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the explored communities; however, the full nature of the relationship between Geobacter and 

conductivity in mixed community settings has not been fully elucidated. The conductive 

networks of mixed-species exoelectrogenic biofilms mediated electron transfer on the 

millimeter scale, 10 times greater than observed in pure cultures, thereby allowing 

exoelectrogens like Geobacter to extend biomass and maintain efficient electron transfer to 

electrode surface following the oxidation of the short chain volatile fatty acid acetate. The 

oxidation of acetate by Geobacter spp. prevents the buildup of metabolic products from the 

fermentation of various substrates including decaying biomass, thereby faciltating the growth 

of additional fermentative biomass. Aminiphilus is another dominant component of biofilm 

communities across all conditions and likely utilizes amino acids and glycerol products 

following hydrolysis of dead biomass.  

Hydrogen build-up can inhibit fermentative pathways especially those in which little 

thermodynamic benefit can be realized, such as the oxidation of butyrate.97 Hydrogen 

scavengers like Acetoanaerobium and some Spirochaeta species use hydrogen to produce 

acetate through Wood-Ljundhal carbon fixation pathways.183,184 The acetate produced can be 

used by exoelectrogenic species thereby contributing to current generation and the growth of 

butyrate oxidizers like Dechloromonas spp. by the removal of hydrogen.239 The conductive 

infrastructure of exoelectrogenic biofilms promotes the direct transfer of electrons via 

electrical currents but it is unclear if the continued reemergence of community members that 

rely on electron transfer through hydrogen transfer are the members that can take advantage of 

conductive networks for increased efficiencies. 
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Figure 6.1. Interactions within core biofilm communities of MFCs. 

 
 

The primary changes in community composition that occurred following the 

introduction of varying substrates and wastewaters into the MFC environment involved many 

of the hydrolytic and fermentative bacteria. Substrate-induced changes also resulted in large 

differences in power outputs, COD removal rates, and coulombic efficiency. Changes in both 

composition and performance were repeatable and through the development and application of 

artificial neural network (ANN) models changes in community composition and all 

performance metrics could be accurately predicted from substrate and wastewater 

characteristics within 6% error. This was the first attempt to incorporate community 
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composition metrics into ANN models for any environmental biotechnology demonstrating 

significant improvement over models relying solely on environmental parameters. 

Community composition could also be linked to process stability of MFCs biofilms 

exposed to low pH solutions over a period of 48 hours. The first quantitative evaluations of 

biofilm resilience in MFCs provided evidence for a correlation between the relative 

abundance of Geobacteraceae and ability to recover from pH disruption. However, 

Geobacteraceae populations could not determine which communities were at the highest risk 

of being permanently deactivated. ANN models that incorporated community taxonomic data 

predicted stability significantly more accurately than other models. No previous studies 

examined the connection between community structure and stability in MFCs and no previous 

study used an ANN-based approach to connect community structure and stability in any 

environmental biotechnology.  

The work demonstrated herein sheds light on the community structure of MFC anodic 

biofilms focusing on repeatability, population dynamics, and stability of said communities. To 

connect these community characteristics to reactor performance outcomes a novel method 

involving incorporating community data into ANNs was developed. This approach can be 

expanded and used for other established and emerging environmental biotechnologies. 

 

6.2 Outlook 

The preceding chapters illustrate the development of a tool that can be used to aid the 

transition of MFCs and other environmental biotechnologies from laboratory settings to 

practical applications. The adoption of emerging biotechnologies like MFCs can be used to 
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offset some of the environmental pressures caused by an increasingly densely populated 

world.  However, before significant investments in infrastructure can be made accurate 

assessments of performance and stability be realize. The development of predictive models 

with the flexibility to infer interactions across a wide variety of operational settings can be 

used to deliver this information to potential investors without the need of months to years of 

laboratory testing. The ANN-based modeling approach represents a middle ground between 

traditional fully ‘black box’ models that do not consider community structure and the huge 

undertaking that are full-scale metabolic models for dynamic assemblages.  

Once the technologies are established, further characterization of the communities using 

more detailed versions of the same models can then be used to optimize performance, ensure 

proper biofilm development, and quickly assess process stability to potential disruptions 

during treatment. To accomplish these goals ANN-based predictive models will need to be 

applicable across locations and reactors. This means the basis of the models must expand 

beyond taxonomic classifications as many closely related taxa may be functionally dissimilar. 

Future studies should work towards incorporating functional data into the ANN models 

through metagenomics, metatranscriptomic, or metaproteomic studies. These studies will also 

be a means in which more direct interactions between species could be detected generating 

hypotheses for ecological studies that can help increase the interpretability of ANN models. 

However, cost-benefit analyses need to be considered as these studies represent significant 

increases in cost over the present approach that may not be feasible on all scales and may 

result in over-fitted datasets. 
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The need to establish more definite linkages between microbial community structure and 

function extends well beyond environmental biotechnologies. AI approaches are currently 

being developed to further the understanding of biogeochemical cycles and the relationship 

between human health and our gut microbiome.254 As advancements are made in industries 

developing AI to improve vision systems in autonomous vehicles, determine disease 

pathogenesis, and defeat the world’s grandmasters of go, breakthroughs will be able to be 

applied to microbial systems making the technique even more powerful.255 This dissertation 

provides the first vision of how ANN-based AI systems can be developed for use in the 

management and optimization of environmental biotechnologies as biological and ecological 

engineers begin to consider the community.  
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