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ABSTRACT 

 

A demonstration-scale anaerobic baffled reactor (ABR) treats domestic wastewater from 

a 250-unit student housing complex (Mines Park) at the Colorado School of Mines. The 

anaerobic approach provides economic incentives by reducing costly aeration and producing 

methane, which can be used as a fuel source. In the ABR, wastewater moves sequentially 

through three reactor compartments that each contain distinct microbial communities. Limited 

historic sequencing data from the reactor indicate the proportion of methanogens (methane-

producing archaea) relative to other microorganisms is lower at a higher temperature. 

Conversely, methane production is higher at higher temperatures. Based on the mesophilic 

growth of methanogens detailed in other studies, optimal growth is likely at higher temperatures 

and the absolute number of methanogens should increase with increasing temperature. I sought 

to determine (1) if the absolute concentration of methanogens is higher at higher temperatures 

and (2) if a higher methane flow rate correlates with a higher methanogen concentration or if the 

higher methane production is solely due to faster kinetics at higher temperatures. My initial 

hypotheses were that (1) the absolute concentration of methanogens is higher at higher 

temperatures and (2) methane flow increases as the methanogen absolute concentration 

increases.  

The absolute number of methanogens is not known for the Mines Park ABR. Quantitative 

polymerase chain reaction (qPCR) targeting the gene encoding the alpha subunit of the methyl 

coenzyme M reductase (mcrA) protein was conducted on ABR samples from each compartment 

representing a wide range of operating temperatures and methane flow rates to determine if the 

methanogen absolute concentration within the reactor system was higher at higher temperatures. 

mcrA catalyzes the final step in the formation of methane, is highly conserved and has been used 

in a number of studies to quantify methanogens. Acetogens (acetate-producing microorganisms), 

total bacteria, and total archaea were also enumerated using qPCR. Results from qPCR assays 

targeting functional or taxonomic groups were compared to reactor operating conditions and 

performance. 

Statistically significant positive relationships were identified between (1) mcrA 

concentration and monthly average temperature, (2) gaseous methane flow by compartment and 
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mcrA concentration, and (3) gaseous methane flow by compartment and monthly average 

temperature. Multiple regression analysis demonstrated that mcrA concentration did not explain 

more of the variability within the methane flow data beyond that explained by temperature alone. 

From five potential explanatory variables, regression tree analysis identified average monthly 

temperature as the most predictive of methane flow; separation based on temperature resulted in 

two nodes and two groups of distinct predicted methane flows. The groups were as follows: 

Group 1: monthly average temperature < 18.7 ˚C and Group 2: monthly average temperature ≥ 

18.7 ˚C. Group 2 had higher methane flow predicted values of 22.9 L/d compared to Group 1 at 

13.5 L/d. 

Through linear and multiple regression analysis, regression tree analysis, and estimation 

statistics, the absolute methanogen concentration was shown to exhibit a positive relationship 

with monthly average temperature and methane flow per compartment. Temperature is the main 

driver of methane flow within the Mines Park ABR system. The findings of this study indicate 

that methane production will be highest at reactor compartment temperatures ≥ 18.7 ˚C. This 

temperature is below the range of temperatures reported by most high-producing ABRs, 

extending the temperature range of highly productive ABRs into temperate zones. Furthermore, 

the reactor concentrations found within this study can be used as inputs in reactor microbial 

models. Process models can thus be tailored to be system-specific. With the microbial 

concentrations found within this study, a realistic data-driven process model can be constructed 

instead of a model based on empirical values.   
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CHAPTER 1 INTRODUCTION 

Conventional wastewater treatment is an energy-intensive aerobic process that produces 

solids that then need subsequent treatment and disposal. Around 3 percent of the U.S. electricity 

budget can be attributed to water resource recovery facilities (WRRFs) (U.S EPA, 2006). Half of 

the energy consumption attributed to wastewater treatment is caused by the need for aeration 

(Reardon, 1995).  

One way to reduce the energy needed for aeration would be to incorporate anaerobic 

processes into the wastewater treatment train. Anaerobic processes such as anaerobic baffled 

reactors (ABRs) can offset this energy sink by degrading organics anaerobically. ABRs are 

anaerobic reactors designed to generate baffled upflow and alternating downflow of influent 

through a series of reactor compartments (Bachmann et al.,1985). The baffled upflow is designed 

to remove solids from the wastewater influent. The solids are then degraded by microorganisms 

that inhabit the sludge formed by solids and biomass accumulation. This degradation of solids 

reduces organics content in the effluent and offers energy recovery potential. In conjunction with 

reducing aeration, ABRs are also known to benefit the treatment train by reducing solids 

production and producing biogas (Barber et al., 1999). Specifically, methane is a component of 

biogas that can be used as a fuel source. Methane production, also known as methanogenesis, in 

an ABR is related to a number of factors, including the temperature of the system, organics being 

degraded in the system, and the health of the microbial community conducting methanogenesis 

(Bachmann et al.,1985).  

Information such as concentration numbers and optimal reactor habitat for the organisms 

that produce methane (methanogens) is valuable because methane is a potential fuel source. 

Knowing the optimal conditions for healthy methanogen populations may increase methane 

yield. Quantitative polymerase chain reaction (qPCR) offers a way to enumerate microorganisms 

by targeting specific genes within DNA extracted from microorganisms in a sample (e.g. 

wastewater sludge), amplifying this targeted gene and quantifying the amplicon versus standards 

of known concentration. qPCR is often an assay of choice for enumeration because it can be 

performed onsite in short periods (2-3 hours), whereas other forms of microbial analysis such as 

DNA sequencing often are conducted by a third party and can take weeks to months to receive 

results. Studies have used qPCR to relate methanogenesis and reactor performance to archaeal 

and methanogen communities within anaerobic reactor systems (Morris et al., 2016; Traversi et 
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al., 2012; Yu et al., 2014). These studies all found a positive correlation between methane flow 

and methanogen and archaea concentrations in anaerobic digesters. However, the operational 

temperatures for the reactors in each of these studies were 26.7-36.7˚C (Morris et al., 2016), 

38˚C (Traversi et al., 2012), and 35-57 ˚C (Yu et al., 2014). Methanogen qPCR data from studies 

in anaerobic wastewater treatment, specifically anaerobic baffled reactors, have been limited to 

regions of warmer wastewater temperatures, or done in bench-scale reactors, with limited data 

from colder wastewater temperatures. ABRs have historically been operated in tropical climates 

(Yu et al., 1997, Lettinga et al., 1999) due to the perceived reduction in performance at lower 

influent wastewater temperatures. In conjunction with unfavorable microbial kinetics at lower 

wastewater temperatures, acclimating ABR sludge inoculum from warmer wastewater 

temperatures to new colder influent temperatures may result in inoculum failure (Bowen et al., 

2014). ABR qPCR data from temperate climates will add to the knowledge base of methanogens 

in ABRs at colder wastewater temperatures.  

The Mines Park Test Bed is a wastewater treatment facility at the Colorado School of 

Mines that operates an ABR for research purposes. The ABR at Mines Park is a novel reactor 

system because it is designed to treat domestic wastewater from a student housing facility at 

colder influent wastewater temperatures ranging from 10 to 25 ˚C. The reactor system has shown 

robustness and the ability to recover from sludge washout events in which a significant amount 

of biomass from reactor compartments was lost (Pfluger et al., 2018). The reactor system has 

also shown the potential to reach the EPA standards of 30 mg/L of total suspended solids (TSS) 

and biochemical oxygen demand (BOD) (Coffey, 2019). The biodegradation that reduces the 

TSS and BOD is a response of the microbial community, which has been monitored to date via 

16S rRNA gene sequencing. The sequencing data showed a difference in the relative proportion 

of methanogens at two different influent temperatures. At the colder wastewater influent 

temperature (12°C), the relative proportion of methanogens within the system was higher than at 

a higher influent temperature (23˚C) (Pfluger, 2018). This higher relative abundance of 

methanogens was, however, accompanied by a lower rate of produced methane from the system 

at the colder temperature. Different temperatures were thus associated with different methanogen 

relative abundances as well as different methane flow rates. While relative abundance data on 

methanogen populations exist, the absolute concentration of methanogens was unknown for this 

system, thus forming the basis of this study.  
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Methane generation is correlated with methanogen metabolic rate and methanogen cell 

growth (Ferry, 2012). Studies show that methane flow is tied to the absolute number of 

methanogens (Traversi et al., 2012, Morris et al., 2016) and that methane flow is higher at higher 

temperatures because of faster kinetics (Lew et al., 2004, Yu et al., 2014, Xu et al., 2017). The 

goal of this study is to determine the driver for the change in the methane flow rates observed in 

the Mines Park ABR system.  

Ultimately, I sought to use qPCR and statistical analysis to determine if microbial 

concentrations relate to the production of methane and if these microbial concentrations share a 

significant relationship with temperature. For example, a qPCR-quantified genetic marker such 

as the methyl-coenzyme M reductase (mcrA) gene, a biosignature for methanogens, may be 

compared to a reactor performance metric such as produced methane flow. I examined other 

variables from the reactor system such as pH and volatile suspended solids (VSS) to assess 

possible correlations with mcrA and methane flow. The research questions I sought to answer are 

as follows:  

(1) Does absolute methanogen concentration change at different temperatures?  

(2) Do higher methane flow rates correlate with methanogen concentration or is the higher 

methane production due more to faster kinetics at higher temperatures? 

The goal of this study is to relate microbial concentrations within an anaerobic baffled 

reactor to reactor performance. This was done by comparing qPCR data to measured variables 

from the Mines Park anaerobic reactor system. Specifically, concentrations of different groups 

were measured by qPCR analysis; these concentrations (mcrA (methanogens), fhs (acetogens), 

16S rRNA genes for total bacteria, total archaea) were compared to measured reactor 

performance variables (i.e. gaseous methane production, chemical oxygen demand (COD), and 

biochemical oxygen demand (BOD)) and other properties such as pH and temperature. The 

amplicon copy numbers determined by qPCR were normalized by the mass of wet sludge, and 

the mass of DNA.  

Several regression functions, including ordinary least squares, multiple and lasso 

regression, and decision analysis such as regression tree analysis, in conjunction with graphical 

representations, were used to determine relationships between qPCR data and measured reactor 

variables. Estimation statistics such as the Cummings estimation plot were used as an alternative 
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to the hypothesis testing-based statistics used in regression analysis. Analyses were used to test 

the following hypotheses: 

(1) Absolute copy number of methanogens increases with increased temperature. 

(2) Methane flow is correlated with the methanogen copy number. The amount of 

methane produced is dependent on temperature and associated metabolic rate, but 

these factors alone cannot account for the observed changes inflow.  
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CHAPTER 2 BACKGROUND 

The United Nations estimates an increase of 2.7 billion people in the world’s population 

between 2010 and 2050 (Lehmann, 2011). With this increase in population, wastewater 

treatment processes and infrastructure will need improvement to meet the needs of a larger 

population. Aerobic treatment is prevalent in wastewater treatment but is energy-intensive and 

results in high biosolids production. Anaerobic treatment such as an anaerobic baffled reactor 

(ABR) reduces energy intensity by eliminating aeration. ABRs also produce fewer biosolids. 

Bench, pilot, and large-scale ABRs have been constructed around the world mostly in tropical 

climates. Data from large pilot- and large-scale ABRs built to operate at lower wastewater 

temperatures is limited, which makes the ABR at Mines Park a novel system. The Mines Park 

reactor system has shown the ability to recover from sludge washout, and wastewater treatment 

potential by reaching the federal standard for wastewater effluent total suspended solids (TSS) 

(30 mg/L over 30 days) (Coffey, 2019). Efforts have also been made to study its microbial 

community. DNA sequencing was done on the reactor system to characterize proportions of 

microbial communities within the system. Most notably the sequencing data established that 

samples collected on two different days with two different influent temperatures (12 and 23 ˚C) 

exhibited quite different proportions of methanogens. The sequencing data show that the relative 

abundance of methanogens was higher at the colder influent temperature, though the methane 

production rate was lower (Pfluger et al., 2018). 

The purpose of this study is to identify correlations between reactor performance 

measures and quantities of specific microbial communities. Using quantitative polymerase chain 

reaction (qPCR) and statistical analysis, concentrations of methanogens, acetogens, and total 

bacteria were used in conjunction with reactor properties to derive correlations between reactor 

performance and microbial community composition. The following sections detail previous 

studies relevant to this thesis.   

2.1 Conventional Activated Sludge and Unconventional Anaerobic Treatment  

Conventional activated sludge treatment uses microorganisms to aerobically treat 

wastewater and is robust, being able to effectively deal with a wide variety of wastewater 

constituents under a range of operating conditions. Microbial respiration/metabolism and growth 

and engineered settling are the main mechanisms used in aerobic activated sludge treatment. 
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Microorganisms either use the wastewater constituents to make energy or they assimilate it into 

their structure, enabling separation from the water. The aerated activated sludge biological 

reactor is coupled to a clarifier that acts as a solids recycling system that mixes returning sludge 

with incoming wastewater to create an ideal mixture. Aeration requires substantial energy input, 

though high-efficiency blowers can help to reduce the energy required for aeration. 

Anaerobic technologies offer many benefits such as reducing the need for aeration and 

potential energy production. Anaerobic technologies also use microbial respiration/metabolism 

and growth, in the absence of oxygen, to treat wastewater influent. One potential energy resource 

created by anaerobic technologies is biogas. Biogas is created by the microbial processes that 

turn the waste constituents into gases such as carbon dioxide and methane, which can be used as 

fuel or a chemical building block. Anaerobic technologies may ultimately eliminate the need to 

treat wastewater via conventional aeration. Anaerobic technologies have shown potential 

especially with combined waste streams, i.e. waste streams containing different types of waste 

such as municipal solid waste and liquid waste.  

Studies conducted on ABR systems postulate that ABRs perform much better at higher 

temperatures. A study conducted by Agrawal et al. (1997) observed that a 78% decrease in the 

gas production coincided with a 25% lower COD removal at 10 ˚C rather than 27 ˚C. The lower 

gas production was also accompanied by lower rates of COD removal and solids accumulation 

and higher effluent TSS values. The correlation between temperature and reactor performance 

challenges the use of ABRs at lower wastewater temperatures. 

2.2 Sustainability of Conventional Activated Sludge and Unconventional Anaerobic 

Treatment for Domestic Wastewater  

Wastewater treatment processes can have a strong environmental impact. To evaluate 

sustainability of ABRs, Pfluger et al. (2018) conducted an environmental life cycle assessment 

(LCA). The study used anaerobic primary treatment data taken from pilot-scale anaerobic baffled 

reactors at Mines Park and Plum Creek to determine the lifecycle impacts of primary domestic 

wastewater treatment using anaerobic baffled reactors coupled with aerobic secondary treatment. 

The study concluded that ABRs coupled with conventional secondary treatment decreased need 

for aeration, which resulted in a more favorable energy balance, reduced environmental impacts 

and lower cost. The environmental benefit of ABRs hinged on the capture of dissolved methane 

to reduce global warming impacts and increase energy production of the treatment facility. 
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An LCA conducted in 2011 (Risch et al., 2011) compared a conventional activated sludge 

secondary treatment system to a constructed wetland secondary treatment system. The wetland 

system consistently outperformed the conventional system in all categories except for 

eutrophication (Risch et al., 2011). The eutrophication impact of the constructed wetland system 

poses a significant challenge that will have to be addressed by further treatment of water. In all, 

the CO2 emissions of conventional activated sludge systems were directly related to the energy 

consumption of aeration (Risch et al., 2011) and were more impactful than greenhouse gas 

emissions from the wetland system. Reducing energy consumption associated with activated 

sludge systems is critical to reducing the impacts of wastewater treatment.  

2.3 Energy and Domestic Wastewater Treatment 

Many of the technologies within wastewater treatment processes can be more energy 

efficient. As the world moves into a situation in which more and more human beings have an 

increasing demand for water, it becomes imperative that both of these efficiency problems are 

properly addressed. Policy and education can mediate inefficient water use in most places, but 

engineering and scientific discovery are needed to make the current treatment systems more 

energy-efficient as well as develop more efficient new systems. Systems that can mediate the use 

of aeration and provide energy positivity will be beneficial for the future with a larger human 

population.  

Water resource recovery facilities (WRRFs) can account for 3% of U.S. electricity 

consumption (McCarty et al., 2011). One of the main drivers for energy consumption is activated 

sludge used in conventional wastewater treatment (Morris et al., 2016). Activated sludge uses 

energy-intensive aeration techniques that involve pumping air or oxygen into the wastewater so 

microbes can use it to degrade organics. Half of the energy use of WRRFs can be attributed to 

the technology needed for aeration (Larsen, 2009). Due to the energy intensity of conventional 

wastewater treatment, anaerobic treatment technologies, which dramatically reduce the energy 

impact by eliminating aeration, have gained attention of scientific researchers in the WRRF 

community. As a balance between degrading organics and recovering energy is attained, 

sustainability must be an overarching goal in anaerobic wastewater treatment. Effluent standards 

must be achieved while net-positive energy is also targeted. 

Anaerobic technologies are known for their potential to be net energy positive. Anaerobic 

technologies used in conjunction with conventional wastewater treatment can improve energy 



 

8 

 

efficiency. McCarty et al. (2011) compared wastewater treated fully anaerobically by either an 

ABR or a membrane bioreactor to conventional activated sludge and anaerobic sludge digestion. 

The study found that a twice as much methane can be produced when using a full anaerobic 

treatment train as opposed to the conventional. The energy production may exceed the energy 

used for the wastewater treatment, meaning that a full anaerobic treatment train can be energy 

positive (McCarty et al., 2011). A comprehensive literature review performed by Shoener et al. 

(2014) asserts that the negative energy balance of wastewater treatment today can be reversed if 

anaerobic technologies for organic carbon removal and phototrophic technologies for nutrient 

recovery were utilized in conjunction with each other.  

Upgrades to U.S. infrastructure are expected to cost 300 billion dollars over the next 20 

years (ASCE, 2013). This need for investment in infrastructure provides an excellent opportunity 

to reimagine the nation’s water infrastructure with a heavy influence of anaerobic technologies. 

Specifically, Shoener et al. (2014) detailed several different gas-producing technologies capable 

of generating significant amounts of methane for energy recovery. The anaerobic baffled reactor 

was found to have the highest percentage of recoverable energy in the form of methane, 

hydrogen, or electricity at around 47.5% ± 4.5 % (Shoener et al., 2014). Not only did the ABR 

have the highest percent recoverable energy, but it was also one of the most consistent within the 

study. The other reactor systems did not produce as much recoverable energy nor did they 

produce it consistently.  

Many other anaerobic reactors have high potential, but this potential is offset by 

insufficient technology that results in more energy being needed to maintain or control the 

reactor system than economically feasible. Many other anaerobic reactor systems need 

continuous energy for gas sparging for mixing as well as to prevent the fouling of membranes, 

causing the entire process to be less energy positive. Energy recovery was also limited by the 

amount of methane generated that is in the dissolved form. Shoener et al. (2014) stated that 30 – 

50% of methane can remain dissolved in the effluent and therefore needs to be treated as the 

effluent is further processed.  

Reactor systems often use gas produced from the reactor system to heat wastewater 

influent to a higher temperature for desired metabolic effects and faster reaction kinetics. This, 

however, may offset the energy positivity of the reactor system because 4200 kJ/m3  of 

wastewater is needed to raise the temperature by 1 ˚C (Shoener et al., 2014). Shoener et al. 
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(2014) state that of more than 1300 treatment plants that employ anaerobic digestion, currently 

364 of these plants produce enough biogas to make using biogas economically feasible. The 

biogas produced by anaerobic reactor systems also often undergoes further processing to make it 

into viable fuel. Main factors that challenge energy positivity of anaerobic technologies are the 

need for gas sparging to clean membrane reactors that are significantly damaged by the use of 

mechanical cleaning apparatus (Shoener, 2014) and the need to further process biogas to make it 

easily viable as a fuel source. 

2.4 Microbial Analysis in Anaerobic Technologies  

The true energy potential for anaerobic technologies can be achieved through a better 

understanding of the system inside and out. To optimize a reactor system, it is not enough to 

understand the physicochemical properties; the biological properties must also be understood. 

For example, Wintsche et al. (2018) used mainly microscopy techniques to determine how 

methanogens reacted to trace element (TE) deficiency in an anaerobic digestor reactor system. 

The goal of their study was to determine if the TE deficiency that has been observed to 

negatively affect methanogens could cause a drop in the reactor performance. The study 

concluded that TE deficiency was a significant influence on methanogen community within the 

reactor system. Specifically, the study shows that methanogens, mainly Methanosarcina and 

Methanoculleus, are capable of adapting their metabolic capabilities to adjust to the deprivation 

of trace elements (Wintsche et al., 2018). Methanoculleus increases its hydrogenotrophic activity 

to sustain the amount of energy available to the cell (Wintsche et al., 2018). Methanosarcina 

dropped 5% in relative abundance, while formylmethanofuran dehydrogenase, a protein 

specialized for hydrogenotrophic methanogenesis, increased in abundance and proteins specific 

to methylotrophic and acetoclastic methanogenesis decreased in abundance (Wintsche et al., 

2018). Altogether a TE deficiency triggered a transition from acetoclastic to hydrogenotrophic 

methanogenesis from Methanosarcinaceae. Understanding how reactor stability and microbial 

community is influenced by TE offers potential in creating and maintaining a stable reactor 

(Wintsche et al., 2018). 

An ABR was coupled with a microbial electrolysis cell (MEC) in a study conducted by 

(Wintsche et al., 2018). This resulted in a partnership between methanogens and exoelectrogens, 

microorganisms that make use of electricity to perform oxidation extracellularly. The 

relationship between the microorganisms within this reactor system was found to be synergistic: 
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the microbial community within the system was able to reach an efficient equilibrium of COD 

removal and methane production. With the combination of microbial and chemical evidence, 

Wang et al. (2018) determined the following:  

1. Hydrolytic bacteria degraded organics. 

2. Substrates like propionic acid and butyric acid were degraded into acetic acid by 

syntrophic fatty acid oxidizing bacteria (SFOB).  

3. The acetic acid was then used by exoelectrogens and methanogens.  

4. Electrons from the exoelectrogens were transferred to Methanobacterium or H2 and 

used by methanogens.  

The coupling of the ABR and the MEC allowed the consumption of acetic acid by 

exoelectrogens to enrich hydrogenotrophic methanogens by removing excess acetic acid, which 

inhibits SFOB (Wang et al., 2018). Acetoclastic methanogens were not the focus of the Wang et 

al. (2018) study but may have contributed to removal of acetate. This reactor system 

demonstrated the possibility of a system in which microorganisms occupying a metabolic niche 

are selectively cultivated to efficiently remove substrate at high organic loading rates (OLR). 

Wang et al. (2018) concluded that the addition of a MEC to an anaerobic baffled reactor can help 

to achieve reactor stability more quickly. Reactor stability was defined by the reactor system’s 

ability to consistently produce methane at a high organic loading rate accompanied by balance 

between hydrolytic bacteria, acidogens, and methanogens. Wang et al. (2018) also concluded 

that more microbial study is needed to further understand the relationship between 

microorganisms such as SFOBs and methanogens within the system. 

2.4.1 ABR-Specific Microbial Community Analysis  

Biological wastewater treatment, in general, is often treated as a black box due to the complexity 

of the systems. Data on ABR systems tend to focus on parameters excluding the microbial 

system. Doloman et al. (2017) assert that the most attention to optimizing reactor systems has 

been placed on understanding and manipulating the reactor design and physicochemical 

properties of the reactor system. Microbial analysis identifying specific organisms in the system 

can potentially help to understand reactor performance.  

Microbial analysis on ABRs operating at colder wastewater temperatures is novel. A 

study by Doloman et al. (2017) concluded that an anaerobic baffled reactor environment can be 

designed to cultivate the specific microorganisms of interest. Their specific reactor system used 



 

11 

 

an algal mass for digestion. This substrate has been in use for biofuel production but comes with 

a host of obstacles for effective anaerobic digestion, mostly due to the complex polysaccharides 

that are present in the cell walls of the algal biomass (Doloman, 2017). Finding a way to 

understand and solve this problem without the introduction of much more pretreatment may lead 

to algal biomass becoming a viable substrate for AD. By using molecular techniques such as 

quantitative polymerase chain reaction (qPCR) and fluorescent in situ hybridization (FISH), the 

Doloman (2017) study determined that members of the orders Bacteroidales, Pseudomonadales, 

and Enterobacteriales showed potential alga-lytic behavior and aided in the digestion of the algal 

biomass. This knowledge offers a way to continued study in which the cultivation of these 

organisms can be optimized for better algal digestion.  

The design of the ABR system, in which wastewater flows through a series of 

compartments, creates a chemical gradient that allows microbiota to be spatially distributed. 

Fast-growing bacteria capable of growth at high substrate levels and reduced pH dominate the 

first few compartments, whereas slower-growing microbes like methanogens dominate near the 

end of the reactor at higher pH (Pillay et al., 2019). Pillay et al. (2019) found that an increase in 

hydraulic residence time (HRT) from 22 hours to 44 hours in a pilot-scale ABR system created a 

more defined partial separation of acidogenic and methanogenic activities. The corresponding 

microbial fractions were determined using FISH and validated via scanning electron microscopy 

(SEM) (Pillay et al., 2019). The SEM validation was based on known morphology of archaea 

and bacteria of similar metabolic nature to those present in the Pillay et al. (2019) ABR. The 

combination of FISH and SEM offered a view of what happens to the microbiota of the system 

during reactor operation changes; microbial analysis can offer insight into reactor system 

performance. 

2.4.2 Previous Microbial Community Analysis of Mines Park ABR 

Most of the microbial analysis done on the Mines Park reactor system has involved 16S 

rRNA gene sequencing. To date, the sequencing data have helped to establish relative trends 

within the reactor system. For the influent wastewater, Proteobacteria, Firmicutes, and 

Bacteroidetes were the most prevalent phyla in both the warm- and cold- weather samples 

(Pfluger, 2018). The sequencing data can help to determine how the microbial system changes 

with time. Sequencing the reactor microbial community provides a relative snapshot of the 

system. Four methanogen genera were prevalent in the reactor system: Methanosaeta, 
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Methanospirillum, Methanobrevibacter, and an uncultured methanogen from the family 

Thermoplasmatales (Pfluger, 2018). These sequencing data help us to understand the major 

pathways present within the system. Methanosaeta, an acetate-utilizing methanogen, is a 

dominant organism within the system. Based on chemical data, acetogenesis is a major pathway 

in the system. The increasing relative abundance of Methanosaeta longitudinally through the 

reactor under warm temperatures corresponds with observed acetate concentrations in warmer 

weather (Pfluger, 2018). The concentration of acetate was higher in the first compartment than in 

the influent, suggesting that acetogenesis was a major pathway in compartment 1. The acetate 

concentration remained high in the rest of the compartments, suggesting that the acetate was 

either not being degraded, not being produced, or being simultaneously degraded and produced. 

The relative abundance of methanogens was higher at colder wastewater temperatures than at 

warmer temperatures.  

Microbial analysis of acetogens has also been conducted on samples from the Mines Park 

ABR. These acetogenic bacteria that inhabit the compartments 1, 2, and 3 of the reactor system 

systematically decrease in prevalence as wastewater flows through the reactor compartments. 

This decreasing acetogen prevalence is coupled with an increase in methanogen prevalence 

sequentially through the reactor compartments (Pfluger, 2018). This coupling of acetogenesis 

and methanogenesis is one of the main benefits of the ABR system, which allows a complex 

microbial community to develop in a sequence of reactor compartments that optimizes the 

growth of different communities at different points within the reactor system.  

2.5 qPCR Analysis 

qPCR is a viable way to produce microbial analysis data in real-time. Many different 

studies have used qPCR to attain quantitative data about complex microbial systems. The goal of 

using qPCR in this study is to determine if methane flow observed within the reactor system is 

affected by concentrations of specific populations of organisms that can be monitored via qPCR 

assays. Ultimately, in this study, I sought to measure concentrations of methanogens, acetogens, 

total archaea, and total bacteria in the reactor system and determine how these concentrations 

relate to the reactor operating conditions and performance. qPCR is a viable assay for such work 

because many of the organisms being studied in this research are either hard to cultivate for 

quantification in a lab setting or exhibit different behaviors in complex microbial reactor systems 

than when isolated. 
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2.5.1 Methanogen qPCR 

The nature of methanogens makes them important for not only anaerobic technology but 

also the carbon cycle. Because of the importance of the organisms, they have been subjects of 

extensive lab research. Methanogens are anaerobic organisms that are hard to cultivate in a lab, 

which has driven scientists to find other ways to study methanogens that do not rely on 

cultivation. The 16S rRNA gene is the most widely used target for gene surveys, and several 

primers and probes have been developed to target methanogen groups. To eliminate problems 

with non-specific amplification, some researchers have developed primers for the gene sequence 

of the alpha subunit of the methyl coenzyme M reductase (mcrA). (Steinberg et al., 2009)  

mcrA concentrations within anaerobic reactor systems continue to be studied as anaerobic 

technologies develop. Defining correlations between methanogen concentration and biogas 

produced in the reactor offers insight into the relationship between methane production and the 

concentration of methanogenic organisms. mcrA is exclusive to methanogens with exceptions of 

methane-oxidizing archaea usually found in deep marine sediments (Knittel et al., 2009). For this 

reason, the gene is a viable biomarker for qPCR analysis. mcrA shows mostly congruent 

phylogeny to the 16S rRNA gene (Luton et al., 2002), allowing either mcrA or 16S rRNA to be 

used.  

Because methanogens are responsible for methane production, it is reasonable to assume 

that methane production rate will be affected by methanogen concentration. Methanogen 

transcripts have also been used as a biosignature for methanogens and methanogenic activity 

within bioreactors. Wilkins et al. (2015) successfully derived correlations between methane 

production and mcrA(gene/transcript) concentrations using qPCR and regression. Wilkins et al. 

(2015) compared qPCR of the mcrA gene, mcrA transcripts to methane generated from a sludge 

sample taken out of the reactor system and incubated in growth media where biogas was then 

collected from the external sludge sample. The Wilkins et al. (2015) study reveals a positive 

correlation between mcrA transcription and produced methane from bioreactor sludge. Wilkins et 

al. (2015) did not look at mcrA gene concentration because the study assumed that microbial 

activity cannot be measured by specific gene copy number alone. The findings of Wilkins et al. 

(2015) offer promise to using mcrA transcripts as a monitoring approach to determine the 

methane production potential.   
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Munk et al. (2012) also used mcrA transcript and gene count to relate to microbial 

activity based on parameters other than biogas measurements. Munk et al. (2012) state that a 

microbial quotient can be constructed using the transcripts for mcrA. This provides a sense of the 

number of cells that are being transcribed in the reactor system. Similar to the study mentioned 

above, the mcrA transcript is used to determine the number of cells that are active within the 

system and compare that with the activity of the microbial community. The Munk et al. study 

also pointed out some major differences within the methanogen community proportions when 

stress sequences were placed on the reactor system. When substrates were not readily available, 

the mcrA gene measured within the system did not change, but the amount of transcribed DNA 

within the system decreased a significant amount. This alludes to the issue of inactive or dead 

cells that harbor DNA but are not transcribing this DNA. The microbial quotient, which divides 

the amount of cDNA by DNA, generates a specific transcription activity. The specific 

transcription is important because it allows interpretation of the actual gene being expressed.  

qPCR on methanogens has also been done on reactors with different waste streams to 

determine how the absolute number of methanogens varies with different waste streams (Xu et 

al., 2017). Pyrosequencing was used as well to help determine the types of methanogens that 

grow with different waste streams being dominant in the reactor influent. This is important 

because determining the types of methanogens that work well in different types of waste streams 

allows understanding where the seed for a reactor system should come from and how to design 

the reactor for particular organisms. A study conducted on sweet potato starch wastewater was 

able to produce reactor sludge containing 5.29 x 108 mcrA copies per milliliter of sludge (Xu et 

al., 2017). The pyrosequencing results showed that Methanosaeta dominated in every 

compartment. The Xu et al. (2017) study showcases how qPCR can be a valuable tool but also 

provides info on how qPCR can be used to determine how different substrates affect 

methanogenic communities in bioreactor systems. Their study also added temporal values 

associated with the qPCR information and used this information to get timestamps of the reactor 

system, which is also valuable in determining what reactor stability looks like and when it 

occurs. In the Xu et al. (2017) study, qPCR and pyrosequencing were used to determine that 

ABR archaeal communities shift quite a bit with time and reactor configuration, with acetoclastic 

and hydrogenotrophic methanogens dominating different reactor compartments at different 

times. Specifically, during the reactor start-up periods, the acetoclastic methanogens tended to 



 

15 

 

shift to dominating the later compartments of the reactor system as the reactor system became 

more stable.  

2.5.2 Acetogen qPCR Analysis 

Because acetoclastic methanogenesis is a major methanogenic pathway within the Mines 

Park ABR system, acetogens are also a microbial group of high importance. Acetogenic bacteria 

are obligate anaerobic bacteria that can create acetate by using several pathways, notably 

reduction of organic acids (Küsel et al., 2011) and conversion of molecules of carbon dioxide 

(CO2) (Yang, 2018). Developing a system to determine the concentration of acetogens is also 

important as these organisms are important to the stability of anaerobic technology. Acetogens, 

like methanogens, are widely distributed in nature. Acetogens produce acetate through the 

reductive acetyl-coenzyme A (Acetyl-CoA) pathway. This pathway is naturally present in 

acetogens and is suggested to be the most effective known path to convert CO₂ into organic 

compounds; thus, autotrophic acetogens are an attractive catalyst for the utilization of syngases 

(CO, CO₂, + H₂) to produce organic commodities such as biofuels and chemicals, which have 

ecological and economic benefits. (Yang, 2018) 

qPCR analysis has been conducted on acetogenic bacteria. To overcome the limitations 

and biases associated with culture-dependent methods, primers for qPCR have been developed to 

target the formyltetrahydrofolate synthetase gene (FTHFS) gene (Xu et al., 2009). Because the 

capacity for acetogenesis is distributed across the tree of life, it is often hard to definitively 

identify acetogens through 16S rRNA. Conversely, the FTHFS gene is highly conserved in the 

acetyl CoA pathway of acetogenesis. Because this gene is highly conserved, it is a great 

biosignature for many acetogens that exist within the natural environments.  

2.5.3 Bacteria qPCR Analysis  

Total bacteria is a qPCR measurable quantity that corresponds to the total amount of 

bacteria within the sample being analyzed. This concentration of total bacteria has been looked at 

in wastewater treatment reactors because this concentration can account for a large percentage of 

the microbial population. Techniques that allow quantification of bacteria concentrations without 

cultivation are ideal for a complex microbial system. Rapid enumeration has been achieved using 

molecular approaches: primers with broad interspecies specificity have been designed to amplify 

the 16S rRNA gene by PCR and have been used to determine bacterial numbers in complex 

communities (Nadkarni et al., 2002). The Nadkarni et al. (2002) study enumerated bacteria using 
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qPCR comparable to counting colonies. The qPCR was also less time-consuming. Ultimately 

bacterial species and strains belonging to major bacterial groups were specifically detected 

without cross-detection of DNA from eukarya or archaea (Nadkarni, 2002).  

Pfluger et al. (2018) described that the understanding the bacterial concentration is 

crucial for determining the reactor performance of the Mines Park ABR. This is because the 

ABR reactor system has the potential to use the available wastewater constituents more 

efficiently by enhancing partnerships between the microorganisms within the system.  

2.6 Statistical Analysis  

Biological data often invokes statistical analysis to derive conclusions. In this study, these 

analyses included simple regression, multiple regression, elastic net regression, and estimation 

statistics. All of these different types of analysis were used to characterize the relationships 

between the qPCR-determined microbial concentrations and measured reactor variables (e.g. 

monthly averaged reactor temperature, methane flow per compartment). Many of the statistical 

analyses used in this study are not limited to biological datasets, but also have been conducted on 

datasets relating to other natural sciences, economics, business, and social sciences, as described 

below.  

2.6.1 Simple Regression  

Simple regression analysis is defined as regression with one explanatory variable or 

independent variable. Simple regression is often used as a baseline to explain the relationship 

between an independent variable and a dependent variable. The goal of this type of analysis is to 

determine if changes in the independent variable display a quantifiable trend with the changes in 

the dependent variable. Regression analysis is conducted based on a number of assumptions. 

Regression models assume linearity, homoscedasticity, independence, and normality (Helsel et 

al., 1992). Linearity means the relationship between the independent and dependent variables is 

proportional. Homoscedasticity means that the variance of residuals is similar for all input 

variables. Independence means that the observations used to predict the dependent variable are 

unrelated to each other. The normality assumption refers to the distribution of random error 

within the residuals of the regression analysis.  

This type of analysis has been used in natural and social science and economics. 

Regression has been used in wastewater treatment analyses; for example, biochemical oxygen 

demand and suspended solids have a strong linear relationship with microbial concentrations 
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such as total coliforms, fecal coliforms, fecal streptococci, and pathogen (helminth) eggs (Tyagi 

et al., 2010). Simple regression is often used as a baseline form of regression because many real-

world systems have more than one explanatory variable. To account for multiple variables, 

multiple regression is used. 

2.6.2 Multiple Regression  

Multiple regression expands simple linear regression and adds more independent variables to 

predict the dependent variable. If several different simple regressions were conducted, that would 

result in many regression equations with multiple variables. In this scenario, it would be hard to 

determine which one equation predicts the dependent variable the best. Often the combination of 

several variables helps to explain more of the change in the dependent variable, another benefit 

of multiple regression. The multiple regression equation also considers how the different 

independent variables contribute to the overall explanation of the dependent variable by use of 

the adjusted R squared value. In real-world regression applications, adding more independent 

variables does not always help to explain the variability within the dataset. Using the adjusted R 

squared metric, multiple regression analysis can determine whether adding more variables to the 

dataset improves the regression equation’s ability to explain the relationship between 

independent and dependent variables. 

Multiple regression has been used in wastewater treatment to determine that feed flow, 

detention time, concentration of sulfate in the influent, and pH exhibited a statistically significant 

relationship with biological sulfate removal within an anaerobic two stage pilot plant, while 

COD, chromium, chloride, and sulfide concentrations did not exhibit significant relationships 

with sulfate removal (Genschow et al., 1996). The study concluded that the largest reduction in 

sulfate from both compartments were seen when influent pH was 7. 

Tillett (1981) used multiple regression analysis to examine the number of infectious 

disease cases relating to several types of diarrhea that are diagnosed and misdiagnosed. 

Specifically, the study by Tillett (1981) sought to determine if outside factors such as age, 

proximity to an epidemic, or time of year influenced whether a case was diagnosed correctly. 

Using multiple regression, a trend within the data signified that medical practitioners generally 

misdiagnosed the diarrhea doing period of a diarrhea epidemics. Based on this trend, future 

diagnoses can be conducted, remembering the inaccuracy that is generally present in diagnoses 

during the time frames of diarrhea epidemics to result in more accurate diagnoses. 
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2.6.3 Regression Tree Analysis  

Regression trees are a type of decision tree and machine learning technique that is often 

used to divide datasets with multiple variables. The regression tree function does this by 

systematically creating binary splits that minimize the residual sum of squares using variables 

with relationships to the dependent variable. The regression tree also can be a good tool for 

determining possible trends within the dataset, but should not be interpreted as a standalone 

model of the system being investigated because the tree often may overfit the data and can be 

bettered using cross-validation and pruning to develop a true standalone model (James et al., 

n.d). Regression tree models are popular for their ability to deal with high order non-linearity 

(James et al., n.d). This means that the regression tree functions may find trends within data that 

do not exhibit linear trends.  

Regression trees can be compared to other forms of statistical analysis. A study 

conducted by Yoo et al. (2018) used qPCR data to determine how hazards of airborne pathogens 

related to Asian dust storms. The study demonstrated that the regression tree outperformed 

multiple regression in the root mean squared error (RMSE) and mean absolute error (MAE) 

categories when determining that the concentration of particulate matter 10 µm or less in 

diameter is an important parameter for monitoring pathogens that accompany the Asian dust.  

2.6.4 Estimation Statistics (Cummings Plot) 

Estimation statistics are a unique alternative to statistics involving null hypothesis testing. 

Alternatives to null hypothesis testing have been debated for over 70 years (Ho et al., 2019). A 

key facet of estimation statistics techniques is changing the quantitative question from “Does it?” 

to “How much?” (Ho et al., 2019). This concept is important because often, when using analyses 

such as regression, the null hypothesis is relied on to determine if the relationship is significant 

or not, and significance is based on cut-off values such as the p-value being smaller than a 

certain number. Using a single numerical value to determine significance can cause the user to 

conflate the magnitude and precision of the relationships within a dataset (Ho et al., 2019). 

Estimation statistics have shown potential and have been adopted into biological sciences and 

economics. 

One particular study from Yildizoglu et al. (2015) used estimation statistics to relate the 

brain structure in the Drosophila, a genus of flies, called the mushroom body to olfactory 

memories. The mushroom body consists of 3 separate lobes. Different studies surrounding the 
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mushroom body have reached vastly different conclusions. One possible reason for the 

divergence of the conclusions in the studies is that arbitrary significance levels can be assigned 

during null hypothesis testing (Yildizoglu et al., 2015). The study concluded that by using 

estimation statistics, a gap between the divergent studies could be gradually filled by decreasing 

the inconsistency between studies, which arises due to the nature of p-values that seek to add 

binary reject or accept nature to data that does not fit an acceptable reject analysis scheme. 

Yildizoglu et al. (2015) determined that multiple lobes used for memories resulted in the 

strongest memories within the flies. Estimation statistics is a valuable way to make qualitative 

inferences on a complex dataset instead of drawing conclusions based on significance values that 

can change from study to study.   

One strength of estimation statistics is due to the central limits theorem that dictates that 

samples of a population mean ultimately trend toward normality as more samples of a population 

are taken. Using this theorem, a confidence interval can be developed around a population mean 

of the samples and this confidence interval can be used to compare means of different groups. 

Estimation statistics were used to determine how different treatment effect sizes of gadolinium-

based contrast agents affect nitrifying bacteria’s ability to perform nitrification in wastewater 

treatment (Fujita et al., 2020). The effect sizes of gadolinium-based contrast agents were 

compared to nitrite production and nitrifying bacteria cell numbers. Effects sizes generated with 

95% confidence intervals determined that doses of Gd alone had no effect, lower doses of the 

specific agent Gd-DTPA had little effect, but higher doses of the specific agent Gd-DTPA 

exhited a small but significant inhibitory effect. DTPA alone exhibited a much larger inhibitory 

affect on nitrite production as well as nitrifying bacteria cell numbers. The Fujita et al. (2020) 

study concluded that GD-DTPA usage and disposal should be carefully monitored as results 

suggest these agents affect the microbial community in some capacity. Estimation statistics can 

be used for the data from the Mines Park ABR system as well. In the Mines Park ABR study, the 

mean estimation statistics were used to determine the mean difference between the methane flow 

rates observed at different temperatures. 
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CHAPTER 3 MATERIALS AND METHODS 

This chapter details the anaerobic baffled reactor (ABR) at Mines Park, which was the 

focus of this research. The reactor system treats raw domestic wastewater from the Mines Park 

student housing complex adjacent to campus. This chapter also describes the process of reactor 

sample selection, microbial analysis of the reactor samples by qPCR, and statistical analysis of 

the qPCR data. The results from the qPCR analysis of methanogens, acetogens, total archaea, 

and total bacteria were analyzed using multivariate statistics with R statistical computing 

language.  

3.1 Reactor System and Sampling  

Wastewater from Mines Park student housing is directed through a series of reactor 

compartments to couple anaerobic degradation of organics with the removal of solids. Full 

details of reactor design depicted in Figure 3-1 and reactor operation are described by Pfluger et 

al. (2018). Briefly, the ABR system consists of three equal-sized cylindrical compartments, each 

3.66 meters tall and 0.152 m in radius (total volume = 0.27m³). The fourth cylinder, about 1.22 m 

tall with the same radius (total volume = 0.089m³) and containing media for biofilm growth to 

act as an anaerobic fixed film reactor (AFFR), was added on day 390. The combination of all 

four cylinders corresponds to a hydraulic volume of 800 liters. Raw wastewater from the Mines 

Park student housing complex adjacent to the wastewater treatment site is first routed to a 2500 

gallon holding tank. From the holding tank, wastewater is fed with a grinder pump through a 

submerged 2 mm screen to a 40-gallon influent feed tank; solids are slightly reduced in the feed 

tank while most grease is retained in the holding tank. For this study, wastewater was fed from 

the feed tank to the reactor system at a rate of 0.5 L/min via a Masterflex L//S digital drive 

peristaltic pump. The total hydraulic retention time was 24 hours before the addition of the fourth 

compartment and 26.7 hours after the addition of the fourth compartment. Wastewater flowed 

through a downcomer pipe that routed influent water to the bottom of the compartment. This 

wastewater then flowed up through the sludge blanket at a velocity of 0.41 m/h. The 

compartment effluent exited the system though an outflow pipe located at the top of the reactor, 

below the water’s surface. This pattern was repeated for all compartments within the reactor 

system. The reactor compartments also contained gas-liquid-solid separators placed near the top 

of each reactor compartment. These gas-liquid-solid separators prevented sludge from floating to 
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the top of the reactor and flowing into the effluent. In the 4th compartment, the gas-liquid-solid 

separators also retained the media for biofilm growth. Compartments 1-3 were operated for 390 

days at 9-25 ˚C, and following addition of compartment 4, the ABR system was operated for this 

study for 720 days at 9-25 ˚C.  

 

 

 

 

 

 

 

 

Figure 3-1. Reactor system schematic. Wastewater enters from the 2500 gallon holding tank (not 

pictured) into the feed tank and is then pumped into the bottom of compartment 1 via a peristaltic 

pump. The wastewater then flows upward through the reactor compartment, into the bottom of 

the subsequent compartment, repeating sequentially until it exits the reactor system after 

compartment 4. 

 

 

Using a sludge judge C09247WA Sampler System, sludge samples were collected from 

reactor compartments 1, 2, and 3 for microbial analysis. The sludge judge is essentially a long 

pipe with a valve at the bottom, designed to open when the bottom part of the sludge judge is 

pushed. This allows a person standing directly above the reactor system to push the sludge judge 

into the reactor system to collect biomass. As the sludge judge is pulled out of the reactor 

system, the valve closes and the biomass is trapped within the sludge judge. The sludge judge 

containing sludge from reactor compartments 1, 2, or 3 was then emptied into a large carboy. 

Aliquots of 2 mL taken from the large carboy were placed in 2-mL microcentrifuge tubes and 

centrifuged for 10 minutes at 4000g. The supernatant was decanted before centrifuged biomass 

samples were placed in a freezer at -20 ˚C for storage until being processed for DNA extraction. 

While microbial samples were collected from the fourth compartment, they were not analyzed 

for the purposes of this study because of the late addition and very different function of 

compartment 4. 
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In conjunction with the sludge samples, temperature and pH were continuously 

monitored. Total chemical oxygen demand (tCOD), total suspended solids (TSS), volatile 

suspended solids (VSS) were taken twice weekly. Five-day biochemical oxygen demand (BOD5) 

was also measured biomonthly. Biogas samples (flow rate and composition) measurements were 

taken twice weekly. 

Temperature and pH were measured using a Labjack E1-1034 probe and a Cole-Parmer 

pH electrode (100 Ohm Pt RTD, EW-27003-23), respectively. Standard Methods (APHA et al., 

2005) were used to quantify tCOD (Method 5220.D using HACH Method 8000 TNT 822), 

BOD5 (Method 5220.D), TSS (Method 2540.D), and VSS (Method 2540.E). Biogas flowrate was 

measured using an Agilent Digital Flow Meter (Optiflow 520). Biogas composition was 

determined on a Hewlett Packard 6890 with Agilent 5973 Mass Selective Detector GC-MS with 

an Agilent 113-3133 GS-Carbonplot capillary column, using helium carrier gas at a flowrate of 

1.2 mL per minute. Methane flow rates were calculated from biogas composition and flowrate, 

normalized to standard temperature and pressure. These protocol specifics are detailed in greater 

depth in Pfluger et al. (2018). 

3.2 Sample Selection 

Samples were carefully selected using several criteria. The reactor compartment 

temperatures were the main factor for selection. Samples collected at daily average reactor 

temperatures ranging from 13.2 – 23.9 ˚C were analyzed. Samples were also selected based on 

methane flow. Total methane flows ranged between 31 and 76 liters per day. We sought to 

correlate the microbial copy numbers of methanogens, acetogens, total archaea, and total bacteria 

measured via qPCR to measurable reactor performance metrics such as gaseous methane flow. 

All samples were limited to periods when Mines Park student housing was occupied because the 

reactor system received consistent flow input. When the students are not present, flow and 

composition entering the holding tank and the feed tank are not consistent.  

3.3 Arrhenius Temperature Correction for Methane Flow 

The Arrhenius equation shown in was used to characterize effects of temperature on 

observed methane flow: 

  

                                     𝑲𝟐 = 𝑲𝟏𝜽𝑻𝟐−𝑻𝟏     (3.1) 
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where K1 and K2 are methane flows at temperature T1 and T2, respectively, and 𝝷 is the 

temperature correction factor. Excel Solver was used to minimize the root mean squared error 

between the calculated K2 values of the Arrhenius model and the observed methane flow by 

varying 𝝷. For each observed methane flow value from each reactor compartment, the average 

temperature for the preceding month in that reactor compartment was used as variable T₂. 

Reactor compartment 1 at a monthly average temperature of 20.141 ˚C was used as the reference 

temperature T₁, with the corresponding methane flow observed in compartment 1 at that 

temperature (20.699 L/d) representing K1. The calculated K₂ variable represents the theoretical 

methane generation at a specific temperature based on the temperature correction factor. 

3.4 DNA Extraction 

Frozen sludge biomass samples from reactor compartments 1, 2, and 3 were all fully 

thawed in their 2 mL storage containers prior to extraction. A portion of the biomass from these 

containers was transferred with heat-sterilized spatula directly to the DNA Isolation Bead 

Beating Tubes supplied in the DNeasy Powerlyzer PowerSoil DNA isolation kit (Qiagen, 

Hidden, Germany). The mass of sludge added to the DNA Isolation Bead Beating Tubes was 

recorded (average = 0.11 g, standard deviation = 0.05 g). The tubes from which biomass was 

taken were then resealed with remaining biomass and placed back into the freezer at -20 °C.   

DNA was extracted from samples using the DNeasy Powerlyzer PowerSoil DNA 

isolation kit (Qiagen, Hidden, Germany) using manufacturer protocols. Briefly, 750 µL of the 

PowerBead Solution were added to the DNA Isolation Bead Beating Tubes containing the sludge 

sample. After vortexing briefly, 60 µL of solution C1 from the PowerSoil kit were added to the 

tube, which was then placed in a Mini-BeadBeater (Biospec, Bartlesville, Oklahoma) for 1.5 

minutes. After bead beating, the tubes were centrifuged at 10,000 x g for approximately 30 

seconds. The supernatant was then transferred to clean 2-mL tubes. 250 µL of Solution C2 were 

added and vortexed for 5 seconds. The tubes were then incubated at 60 °C for 5 minutes. The 

tubes were centrifuged for 1 minute at 10,000 x g, after which 600 µL of the supernatant was 

pipetted to 2-mL collection tubes. 200 µL of Solution C3 were added and vortexed. The tubes 

were again incubated at 60 °C for 5 minutes. After incubation, the tubes were centrifuged at 

10,000 x g. The supernatant was then transferred to a clean 2-mL collection tube. 1200 µL of 

solution C4 were added and vortexed for 5 seconds. At this point, 675 µL of the fluid were added 



 

24 

 

to a spin filter and centrifuged for 1 minute at 10,000 x g. This step was repeated twice such that 

a total of three 675 µL supernatant volumes were added to the spin filter. 500 µL of Solution C5 

were added to the spin filter and centrifuged for 30 seconds at 10,000 x g. After centrifuging for 

30 seconds, the spin filter was then centrifuged again for 1 minute at 10,000 x g to drain excess 

C5 solution before DNA elution. The spin filter was placed in a 2-mL collection tube, and 100 

µL of Solution C6 was added to the filter. The solution was then centrifuged at 10,000 x g for 30 

seconds. The remaining solution containing extracted DNA was stored at a temperature of -20 

°C. 

3.5 qPCR 

qPCR is a form of microbial analysis that allows the enumeration of DNA from a specific 

organism or group of organisms. Methanogens were quantified using primers targeting the mcrA 

gene (Steinberg et al., 2008). Acetogens were quantified using primers targeting the fhs gene (Xu 

et al., 2009). Total bacteria were quantified using the Femto Bacterial DNA Quantification Kit 

made by Zymo Research using primers developed by Turner et al. (1999). Total archaea were 

quantified using primers specifically designed to target all archaea (Yu et al., 2005). The qPCR 

reactions were run on a Roche (location) LightCycler 480 in 96 well plates.  

3.5.1 Methanogen qPCR Protocol 

Methanogens were amplified using MLf - (GGTGGTGTMGGATTCA 

CACARTAYGCWACAGC) and MLr- (TTCATTGCRTAGTTWGGRTAGTT ) (Luton et al., 

2002). The amplicon size in base pairs of the primer set is 550. Each reaction contained 10 µL 

Perfecta SYBR Green Supermix (Quanta Biosciences) 6 µL nuclease-free water, 1 µL each 

forward and reverse primer (10 µM each) totaling 2 µL of primer, and 2 µL template DNA 

totaling a 20 µL reaction solution. The qPCR protocol for methanogens consisted of a  1 cycle of 

a 10-minute ramping at 95˚C, followed by 40 cycles of denaturing at 95 °C for 30 seconds, 

annealing at 54 °C for 45 seconds, and extension at 72 °C for 1 minute (Steinberg et al., 2009).  

3.5.2 Acetogen qPCR Protocol 

The acetogen qPCR primers were fhsF (GTWTGGGCWAARGGYGGMGAAGG) and 

fhsR (GTATTGDGTYTTRGCCATACA) (Xu et al., 2009). The amplicon size in base pairs of 

the primer set is 250 (Xu et al., 2009). Each reaction (20 µL) contained 10 µL Perfecta SYBR 

Green Supermix, 4 µL nuclease-free water, 2 µL each primer (10 µM each), and 2 µL template 
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DNA. The qPCR protocol for acetogens consisted of an initial denaturation of 95 °C for 5 min 

and then a nine-cycle pre-phase consisting of denaturation at 95 °C for 30 seconds, annealing 

from 63 to 55 °C for 45 seconds and extension at 72 °C for 45 seconds. This pre-phase was 

followed by a similar 30-cycle phase consisting of denaturation at 95 °C for 30 seconds, 

annealing at 55 °C for 45 seconds, and extension for 1 min at 72 °C (Xu et al., 2009).   

3.5.3 Archaea qPCR Protocol 

The primers for archaea 16S rRNA gene consisted of forward ARC787F 

(ATTAGATACCCSBGTAGTCC) and reverse ARC 1059R (GCCATGCACCWCCTCT) 

primers (Yu et al., 2005). The amplicon size in base pairs of the primer set  is 273 (Yu et al., 

2005). Each reaction (20 µL) contained 10 µL Perfecta SYBR Green Supermix, 6 µL nuclease-

free water, 1 µL each primer (10 µM each), and 2 µL template DNA. The qPCR protocol for 

archaea consisted of an initial denaturation at 94 °C for 10 minutes, followed by 45 cycles with 

denaturation at 94 °C for 10 seconds, annealing at 60 °C for 30 seconds and extension at 60 °C 

for 30 seconds (Yu et al., 2005). 

 

Figure 3-2 mcrA vs archaea concentrations. The singular blue line represents the best fit line, 

while the black line corresponds to the line with a slope of 1 forced through (0,0). The shaded 

regions represent the 95% confidence intervals surrounding the blue line of best fit. 
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Archaea qPCR data were not used for further analysis because these data were highly 

correlated to mcrA data and therefore statistically redundant. In the Mines Park ABR no archaea 

existed that were not taxonomically considered methanogens (Pfluger et al, 2018).  

3.5.4 Bacteria qPCR Protocol   

The standard protocol for the Femto Bacterial DNA Quantification Kit (Zymo Reasearch, 

Irvine, California) was used for the analysis of total bacteria. The kit includes qPCR master mix 

with primers that target all bacteria contained within the DNA sample. The primers used in this 

kit were forward 8F (AGAGTTTGATCCTGGCTCAG) and reverse 357R 

(GACGACGGAGGGCATCCTC) (Turner et al., 1999). The amplicon size in base pairs of the 

primer set is 352 (Turner, 1999). The kit also came with standards to use for a quantification 

curve. The protocol consisted of an initial denaturation at 95 °C for 10 minutes, followed by a 

40-cycle phase with denaturation at 95 °C for 30 seconds, annealing at 50 °C for 30 seconds, and 

extension at 72 °C for 1 minute. The 40-cycle amplification phase was followed by a final 

extension at 72 °C for 7 minutes. 

3.6 qPCR Standards 

DNA was extracted from the day 70 reactor compartment 1 sample for use as qPCR 

standards. Samples were used from this day because it occurred after the reactor startup phase 

and because extra samples were collected that day. Due to the extra samples, samples from 

reactor day 70 could be taken without eliminating all samples from that day, making it an 

excellent candidate for standards production.  

The DNA from the sludge samples was isolated according to standard protocol of the 

DNeasy Powerlyzer PowerSoil DNA isolation kit as described in Section 3.4. PCR on the 

isolated DNA was then conducted on a Techne (Staffordshire, UK) TC-512 gradient 

thermocycler instrument. The PCR amplification protocol and master mix solutions were the 

same as those described in Section 3.5. After PCR, the amplified DNA was subjected to gel 

electrophoresis for purification. The gels were created using 2 g of agarose (ISC Bio Express, 

Kaysville, Utah) in 100 mL of DI water. The mixture was microwaved for short periods to avoid 

boil over within the flask until the solution was clear. The mixture was then cast in an Owl D2 

gel box (Thermo Fisher, Waltham Massachusetts). The gels were subjected to 1 hour and 2 

minutes of electrophoresis at 105 volts in 1x TAE buffer solution (Amresco, Dallas, Texas). 
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TAE buffer is a solution containing Tris base, acetic acid, and EDTA and is frequently used in 

gel electrophoresis. Following electrophoresis, the gels were stained for 30 minutes with 

Invitrogen Molecular Probes (Carlsbad, California) SYBR Safe Stain DNA gel stain in 1x TAE 

on a Rocking Platform Model 100 (VWR Scientific Instruments, Radnor, Pennsylvania). DNA in 

gels was visualized a large Blue LED Transilluminator (IO Rodeo, Pasadena, California) so that 

DNA bands could be excised with a heat-sterilized razor blade. Excised gel slices were weighed 

using a precision balance P-2002 (Denver Instruments, Denver, Colorado) before being placed 

into 1.5-mL microcentrifuge tubes. DNA from the gels was then recovered using standard 

protocol of the Zymo (Irvine, California) clean DNA gel recovery kit. Briefly, 3 µL of agarose 

dissolving buffer per mg gel were added to the microcentrifuge tubes. The gel slices were 

incubated at 60 °C until completely dissolved within the tube. The solution was then transferred 

into a clean Zymo-Spin Filter Collection Tube. The tube was centrifuged for 1 minute at 

10,000g. After discarding the flow through, 200 µL of DNA wash buffer were added to the spin 

column. The spin filter was centrifuged for 30 seconds. The previous step was repeated, adding 

another 200 µL of DNA wash buffer and centrifuging again at 10,000g for 30 seconds. After 

washing, the spin filter tube was placed within a 1.5 mL collection tube and 25 µL of DNA 

elution buffer were added directly to the filter matrix contained within a spin filter tube. Once the 

elution buffer was added, the tube was centrifuged for 1 minute at 10,000g. The purified DNA in 

the eluent was stored at -20 °C.   

The purified DNA was used as template DNA for reamplification through the standard 

development process. PCR was again performed on the purified DNA from the first round of 

standard development. This resulted in a high DNA concentration consisting mostly of the 

primer amplicon twice amplified (PCR) and purified (gel electrophoresis). Standards were then 

run alone and in parallel with other samples. Standards with an efficiency of 90% and greater 

were kept as a part of the standard curve for qPCR analysis. Copy number for each amplicon was 

translated using Equation 3.2 below, where variable X represents the concentration of DNA in 

nanograms and variable N represents number of base pairs. 

𝑪𝒐𝒑𝒚 𝒏𝒖𝒎𝒃𝒆𝒓 = (𝑿 𝒏𝒈 𝑫𝑵𝑨)∗(𝟔.𝟎𝟐𝟐𝟏∗𝟏𝟎𝟐𝟑𝒎𝒐𝒍𝒆𝒄𝒖𝒍𝒆𝒔𝒎𝒐𝒍𝒆 𝑫𝑵𝑨)(𝑵 𝒃𝒂𝒔𝒆 𝒑𝒂𝒊𝒓𝒔∗𝟔𝟔𝟎 𝒈 𝑫𝑵𝑨𝒎𝒐𝒍𝒆 𝑫𝑵𝑨 𝒃𝒂𝒔𝒆 𝒑𝒂𝒊𝒓𝒔)∗(𝟏∗𝟏𝟎𝟗 𝒏𝒈/𝒈)   (3.2) 
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3.7 qPCR Concentration Normalizations 

Amplicon copy numbers were normalized to different masses to estimate effective 

concentrations. The normalization factors for the qPCR data were mass of wet sludge (g) used in 

extraction, and DNA mass (ng) used in the qPCR reaction. qPCR data were normalized by 

dividing the amplicon copy numbers determined via qPCR by the normalization factors. Ng of 

DNA had a significant positive relationship with the normalization factor gram of wet sludge 

mass defined by ordinary least squares regression (Figure 3-3). Because of this relationship, only 

results based on normalization by gram of wet sludge are included in the Results chapter; results 

using DNA mass are provided in Appendix A. 

 

Figure 3-3. Mass of DNA vs. mass of wet sludge. A p-value of 0.0014 was associated with this 

relationship based on linear regression. The blue line represents the line of best fit and the shaded 

area represents a 95% confidence interval surrounding the line of best fit.  
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3.8 Statistical Analysis 

Statistical analysis was conducted in R Studio Version 1.2.1335. This R Integrated 

Development Environment uses version R-3.6.1 of the R statistical language created by Rstudio 

Incorporated (R Core Team, 2020). R and R Studio were used to find statistical correlations 

between qPCR values and various other parameters of the reactor systems. Correlations can be 

detected using various forms of regression and regularization. The correlations defined by the 

multivariate statistics used can be validated by using test and train datasets that are derived from 

the overall database. The combination of several different statistical functions encompassing 

linear regression, multiple regression, regularization, and dimensional reduction allows for an in-

depth look at the complex reactor system and its variables in the context of qPCR data.   

3.8.1 Ordinary Least Squares Regression  

Ordinary least squares regression or linear regression was conducted as a baseline form 

of analysis. This form of regression analysis minimizes the squared distance between the 

observed and the regression line of best fit. Linear regression is often used for an initial statistical 

evaluation of a dataset and has been validated as a beneficial start (James et al., n.d). The 

regression in this study compared specific dependent variables, such as methane flow 

measurement, with a host of independent variables such as normalized microbial concentrations 

(e.g. mcrA concentration as log (copy number/gram of wet sludge)) and temperature 

measurements such as monthly average temperature. Relationships were designated as 

significant when the p-value corresponded to a significance class: 0.01< p-values<0.05 

corresponding to the class “significant”, 0.001< p-value<0.01 corresponding to the class “very 

significant”, and p-value<0.001 corresponding to the class “very highly significant”. 

An iterative process was used to cycle through all variables and record only the variables 

that demonstrated a significant relationship with a dependent variable (e.g. methane flow or 

mcrA concentration). Iteration was used to determine which independent variables had 

statistically significant relationships with the dependent variables. The purpose of this analysis 

was to identify variables to use for multiple regression.  

3.8.2 Multiple Regression 

Multiple regression models were used to determine if regression models containing 

multiple variables could increase the statistical significance of relationships with the dependent 

variables. The linear modeling function within R statistical computing language was used to 
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predict methane flow (dependent variable) based on five potential independent variables, 

monthly average temperature, mcrA copy number per gram of wet sludge, monthly average 

DOC, monthly average pH, and monthly average VSS. The adjusted R squared values were used 

to determine if the combination of any of these independent variables within multiple regression 

equations resulted in better explanation of the methane flow rate.  

3.8.3 Regression Tree Analysis  

A regression tree is a form of a decision tree that determines how to classify predicted 

variables to facilitate the best prediction of a dependent variable. The rpart function within R 

statistical computing language was used to conduct the regression tree analysis. For this study, a 

regression tree analysis was conducted with five explanatory variables (monthly average 

temperature, mcrA concentration, monthly average DOC, monthly average pH, monthly average 

VSS). The grouping that the regression tree function created was then used for estimation 

statistics. 

3.8.4 Estimation Plot 

Estimation statistics were conducted as a statistical analysis relying less on hypothesis 

testing and more on qualitative inference. The function dabest in R statistical computing 

languages was used to create bootstrapped means of the categories created by the regression tree 

function. The groups created by the regression tree were passed through the dabest function. The 

dabest function uses a bias-corrected bootstrapping (5000 intervals) process to create a 95% 

confidence interval around the estimate of the mean difference (Ho et al., 2019). This means that 

based on the dabest function, there is a 95 % chance that the true population mean of the sample 

will fall within the computed interval (Ho et al., 2019). This computation offers a non-parametric 

statistical analysis and a confidence interval for interpretation of the groups created by the 

regression tree.  
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CHAPTER 4 RESULTS AND DISCUSSION  

4.1 Microbial Concentrations Over Time 

 Concentrations of methanogens, acetogens, and bacteria based on reactor day of 

operation are shown in Figure 4-1. Methanogen, acetogen and bacteria concentrations in the 

Mines Park ABR were relatively steady, other than a jump in mcrA concentration past day 600 

(day 665). Functional redundancy may have contributed to stability for all groups. If one 

bacterium increases the metabolism of one constituent, resulting in a decrease in concentration, 

another bacterium may not get as much substrate and diminish in number, but the qPCR data 

using a universal bacterial primer will not reflect this change as long as the overall bacteria 

concentrations are within the same range after the change. This concept is theoretically possible 

for methanogen and acetogen concentrations as well. 

 

Figure 4-1. Concentration of mcrA (methanogens), fhs (acetogens), and Bac (bacteria) in log 

(copy number per gram of wet sludge) vs. reactor day of operation. The symbol color and shape 

denote the reactor compartment from which the sludge sample was taken.  
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Many optimal growth rates for methanogens fall within thermophilic temperature ranges 

from 45 °C to 75 °C (Ferry, 2012). Determining the correlation between reactor temperature and 

methanogen concentration will potentially help to understand microbial dynamics within the 

ABR system. Specifically, regression analysis was conducted to investigate whether the absolute 

number of methanogens varies with reactor temperature.  

4.2 Relationship between mcrA and Temperature  

Linear regression was used to characterize the relationship between various average 

temperatures (i.e. average daily, weekly or monthly temperature) and mcrA copy number 

normalized by mass of wet ABR sludge.. The goal of regression analysis using these variables is 

to determine whether the relationship between mcrA and temperature is statistically significant. 

Regression analysis depicted in Figure 4-2 indicates a statistically significant relationship 

between methanogen concentration normalized by gram of wet sludge vs. monthly average 

temperature (p-value = 0.002). 

 

Figure 4-2. By compartment, mcrA in log (copy number per gram of wet sludge) vs. average 

monthly temperature. The monthly temperature is the average of all temperature values during 

the month before the sludge sample was taken. The blue line represents the regression function 

between the independent variable temperature and the dependent variable mcrA; shading 

represents the 95% confidence interval.  
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Regressions using normalizations by mass of DNA within the sludge sample, because of 

their correlations with mass of wet sludge, are included in Appendix A (Figures A-1 – A-6). No 

significant relationships were observed between mcrA concentrations and daily and weekly 

average compartment temperature, based on ordinary least squares regression.  

Based on the results of this study, a time period of a month is sufficient to produce a 

significant relationship between and average temperature and mcrA, while daily and weekly 

temperatures may not be reflected in mcrA concentrations. Daily and weekly average 

temperatures may not be exhibit relationships with mcrA concentration because methanogen 

doubling rates have been found to range from 30 minutes to over 100 hours (Jabłoński et al., 

2015). In conjunction with the different doubling rates, optimal growth rate temperatures for 

different methanogens can range from circa 20 °C to near 100 °C (Jabłoński, 2015). A database 

for methanogens created by Jabłoński et al. (2015) demonstrates that as optimal growth 

temperature increase doubling time decreases. For example, within the Jablonski database only 

methanogens with optimal growth temperatures above 50 °C had doubling times of below one 

hour, and as the optimal temperature went down, the doubling times increased. Specifically, 

many slow-growing methanogens tend to be psychrophiles such as Methanosaeta pelagica (Mori 

et al., 2012) with a doubling time equaling 12.9 days. Members of the genus Methanosaeta, 

which at times accounted for almost one quarter of the reactor community of the Mines Park 

ABR, have doubling times between 4-9 days (Liu et al., 2011). Due to the generally long 

doubling time for methanogens such as Methanosaeta that occupy the reactor system that 

operates at colder temperatures (10-25 °C) and the fact that sustained changes in temperature in 

the reactor system happened over longer periods of time such as months, a day or a week is 

likely not enough time to see changes within methanogen abundance, as denoted by lack of 

relationship in the regression analysis of mcrA vs. daily and weekly averaged temperature.  

These results offer a stark contrast with the sequencing data available for the ABR system, for 

which the warm water sequencing samples are from operation day 231 and the colder water 

samples are from day 395. The qPCR samples, selected as described in Section 3.2, were from 

the range of reactor operation days 273 to 665. The sequencing data depicted in Figure 4-3 

suggest a higher relative abundance of methanogens within the system at the colder wastewater 

temperature of around 12 °C than at the warmer wastewater temperature of 23 °C (Pfluger, 

2018). At the colder wastewater temperature, the relative abundance of methanogens, 
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predominantly Methanosaeta, an acetoclastic methanogen, accounts for almost a quarter of the 

community within Compartment 3. qPCR analysis conducted in this study suggests statistically 

significant positive correlations between monthly average temperature and mcrA normalized by 

wet sludge weight, though normalization by ng of DNA (Figure A-1) did not yield statistically 

significant relationships with temperature. It is worth noting that the sequencing data were 

derived from only two sample sets and associated daily temperatures, as opposed to 11 different 

sample sets for qPCR analysis across a range of monthly average temperatures. It is also notable 

that the relative abundance presented in for reactor operation day 665 at temperatures around 

22.5 ˚C aligned with sequencing proportion for the colder influent samples.  

 

Figure 4-3. Relative abundance of methanogens within the ABR system (Pfluger, 2018). The 

four genera of methanogens depicted on the left-hand y-axis represent the organisms that made 

up the majority of the reactor’s methanogen count. The bottom x-axis corresponds to the 

compartment where the sample was collected. The warm and cold wastewater temperatures 

correspond to the temperature of the reactor influent wastewater when the sample was taken: 

warm = 23 °C, cold = 12 °C. Darker shades of red within the square signify higher proportions of 

methanogens within the sample community. The numbers indicate the numerical percent of the 

methanogen genus within the sample community.  

 

 

Other studies have reported relatively consistent methanogen concentrations in different 

environments across a range of temperatures. A study by Xu et al. (2017)  has concluded that 

qPCR-determined methanogen concentration can remain consistent at different temperatures, 

despite changes in methane flow. Xu et al. (2017) found, in an ABR subjected to temperatures 

averaging 9.7 to 29.8 ˚C, concentrations of mcrA in the range of 7 × 107 to 7.5 × 108 copies/mL 

after an initial startup stage. Methane generation was greatest at the highest temperature (Xu et 

al., 2017), but HRT and organic loading rate also varied so the influence of temperature cannot 

be directly characterized. The mcrA concentration in the Xu et al. (2017) study varied from 

compartment to compartment within the reactor system, but mcrA concentrations within around 

one order of magnitude were measured across compartments at different temperatures. The mcrA 
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concentrations from these studies are comparable to the 2.12 × 107 to 2.01 × 109 copy number/g 

wet sludge observed in the Mines Park reactor. 

Methanogen concentrations in sediments from Lake Stechlin and Lake Geneva, exhibited 

no change in absolute abundance with relation to temperature (Fuchs et al., 2016). The Fuchs et 

al. (2016) study assessed the possible increase in the absolute abundance of thanogens in lake 

sediment cores with increasing temperatures. Methanogen (mcrA) abundance measured in 

sediment cores from both lakes, incubated at 4, 8, and 12 °C for a period of up to 25 days, did not 

exhibit statistically significant correlation with the changes in temperature (Fuchs et al., 2016). 

This lack of significant change in methanogen abundance within sediment cores incubated at 

these low temperatures is consistent with the slower growth rates found by Jabłoński et al. 

(2015). 

The percentage (relative abundance) of methanogens and monthly average reactor 

temperatures (Figure 4-4) have a statistically significant relationship (p-value = 0.007). In 

calculating the percentage, the mcrA, bacteria and archaea copy numbers were not normalized by 

copy numbers per cell or genome, because normalizing can introduce bias to the overall 

calculation (Louca et al., 2018). The majority of the data points in Figure 4-4 are between 0 and 

10%. Excluding three points that are > 20%, the percentage of methanogens within this range 

appear to vary slightly with temperature: for T < 18 ˚C, all mcrA percentages are below 5%, 

while above 18 ˚C, most mcrA percentages are over 5%. With the addition of the datapoints > 

13%, the methanogen vs. temperature relationship becomes more positive and significant, 

influenced heavily by the three observations > 20%. 
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Figure 4-4. Percentage of mcrA relative to total bacteria and archaea vs. monthly average 

temperature. Blue line represents the line of best fit based on ordinary least squares regression 

analysis of two variables; shading represents the 95% confidence interval. 

 

 

The mcrA percentages presented in Figure 4-4 suggest a different possible relationship 

between methanogen relative abundance and temperature than the methanogen relative 

abundance presented in Figure 4-3. From the proportions presented in Figure 4-3, the 

methanogen percentage is higher at colder temperature, accounting for 28% of the total reactor 

population in the 12 ˚C wastewater effluent sample vs. 12% in the 23 ˚C sample. The 16S 

methanogen relative abundance data from colder wastewater temperature varies from the trend 

presented in Figure 4-4,while the 16S methanogen relative abundance data from warmer 

wastewater temperatures is consistent with data presented in Figure 4-3. The 28% value is, 

however, in the range of the three seemingly anomalously high values shown in Figure 4-4. 

 

4.3 Relationship Between Methane Flow and Temperature  

Methane gas flow within the reactor was observed to have a strong positive correlation 

with temperature. Figure 4-5 shows the amount of methane observed from each reactor 

compartment vs. the average monthly temperature in each compartment; the amount of methane 
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produced in the compartments is generally greater at higher temperatures. Figure 4-5 also shows 

the methane flow rate values calculated based on the Arrhenius relationship with temperature in 

the system (red dashed line), using the flow rate at 20.14˚C as the baseline value. 

 

Figure 4-5. Observed methane flow and Arrhenius calculated methane flow in liters per day vs. 

the average monthly reactor temperature (°C) by compartment. The black points correspond to 

the flow measured from the reactor system. The red line represents the Arrhenius calculated 

methane flow values based on temperature. 

 

 

The optimum value theta (𝝷) for this dataset was 1.09; 𝝷 is the temperature correction 

factor in the Arrhenius equation used to calculate different rates based on the change in 

temperature. Temperature correction values have been reported from other bioreactor research. 

Lee (2017) modeled oxygen transport within a bioreactor using values of 𝝷 that ranged from 

1.008 to 1.047. Lee (2017) ultimately asserted that the use of temperature correction factors is 

limited because they do not account for other properties of the reactor system’s treatment process 

and characteristics such as water viscosity, surface tension, and gas diffusivity. Although Lee 

(2017) focused on oxygen transport, multiple variables involved with the microbial degradation 

that accompanies biogas production, such as chemical oxygen demand (COD) removal, volatile 

suspended solids (VSS) concentration, and hydraulic retention time, may influence biogas 
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production alongside temperature. As such, the Arrhenius calculations may not completely 

explain the trends in process data (e.g. methane production) within a reactor system. 

A study by Viraraghavan et al. (1996) used the Arrhenius equation to model COD 

removal by anaerobic filters. Different 𝝷 values for different types of wastes were observed: 

dairy (1.05), septic tank (1.07), whey wastewater (1.09), potato processing (1.10), slaughterhouse 

(1.15). Viraraghavan et al. (1996) concluded that Arrhenius relationships did not accurately 

model the methane flow in all the different types of effluent. The septic tank effluent and the 

dairy effluent datasets were not modeled well by the Arrhenius equation, but the whey, potato, 

and slaughterhouse effluent were modeled well by the Arrhenius relationship. Another study by 

Rebac et al. (1995) modeled COD removal in an expanded granular sludge bed reactor. Their 

study concluded that even at a lower temperature between 10-12 °C, enrichment in the 

methanogen community, meaning a higher abundance of methanogens in the reactor system, 

resulted in increased COD removals at any temperature. These studies support the hypothesis 

that reactor kinetics are not driven by temperature only. However, because the 𝝷 value we found 

(1.09) is within the range of reported values, the variation of methane flow with temperature is 

consistent with those other anaerobic studies. Based on the visual interpretation of how the 

observed methane flow rates varied from the Arrhenius calculated flow rate (red line in Figure 

4-5), it is plausible that the deviations in methane data from the trendline may be due to other 

factors and not just temperature. 

The residuals between the observed methane flow and Arrhenius equation are plotted vs. 

mcrA concentration in Figure 4-5. Regression analysis shows that the Arrhenius residuals vs. the 

mcrA concentration (log (copy number/g wet sludge)) in each compartment exhibited no 

statistically significant relationship, yielding a p-value = 0.66. Despite the lack of clear trend in 

Figure 4-6, I investigated the potential contribution of methanogen contribution to the methane 

flow variation. 
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Figure 4-6. Residuals of the observed and predicted methane flow rate vs. mcrA concentration in 

each compartment. The residuals represent the difference between the observed methane flow 

and the predicted flow based on the Arrhenius equation. Color denotes the day of operation 

corresponding to how long the reactor had been operating when the sludge sample was taken. (p-

value = 0.66) 

 

4.4 Relationship between Gaseous Methane Flow and mcrA Concentration 

One key question is whether the methane flow rate is dependent not just on temperature 

but also on methanogen cell numbers within the reactor system. Ordinary least squares 

regression was performed on mcrA concentrations and methane flow rates to determine if a 

statistically significant relationship exists between the two variables. Pairwise regression analysis 

and graphical analysis were used to compare gaseous methane flow rate per compartment with 

mcrA concentrations normalized by wet weight sludge. 

The comparison of gaseous methane flow rate vs. mcrA concentration normalized by 

gram of wet sludge yielded a statistically significant correlation (Figure 4-7, p-value = 0.0067). 

The correlation between methane flow and mcrA concentration normalized by nanogram of DNA 

was not significant (Figure A-2 p-value = 0.176). 
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Positive correlations between the mcrA gene and biogas production were observed by 

Traversi et al. (2012) in sludge samples from an anaerobic reactor that was fed municipal solid 

waste and wastewater sludge that was pretreated in two ways. The pretreatments were (A) a 

pressure-extrusion system treatment or (B) a turbo-mixing system treatment. The reactor system 

was fed the different pretreated waste during consecutive sessions and the biogas produced 

within the reactor from digestion processes was collected. When comparing biogas production to 

mcrA normalized per gram of wet sludge, Traversi et al. (2012) found an r-value of 0.579 with a 

significant p-value < 0.001 using Pearson’s correlation. A higher mean methanogen 

concentration was observed for a biogas production rate above 0.6 m³ biogas/kg TVS, with a 

mean mcrA concentration of 7.8 log (copy number/gram of wet sludge (31 ± 0.5 % humidity)) 

(Traversi et al. 2012), comparable to the Mines Park reactor average mcrA concentration of 8.5 

log (copy number/gram of wet sludge). 

 

Figure 4-7. Gaseous methane flow (by compartment) vs. mcrA log (copy number per g wet 

weight sludge). Color denotes the day of operation corresponding to how long the reactor had 

been operating when the sludge sample was taken. (p-value = 0.0067) 

 

An interesting trend is shown in Figure 4-7; the methane flow appears to jump at a 

concentration of mcrA ~ 1.8 × 108 copies/g sludge. This step function may be indicative of a 

microbial concentration threshold above which compartmental methane flow is ~20 to 30 L/d but 
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below which methane flow is 10 to 15 L/d. Thresholds like this have been observed in biogenic 

methane-producing coal microcosms (Gallagher, 2014). Gallagher (2014) found that when the 

concentration of methanogens reached 10⁷ copy numbers per mL, the concentration of acetogens 

reached 10⁵ copy numbers per mL, and the concentration of sulfate-reducing bacteria reached 

10⁶ copy numbers per mL, methane flow increased. When the concentrations were lower than 

these threshold values, methane production was limited (Gallagher, 2014). To investigate 

relevant relationships between methane flow, mcrA and temperature, additional techniques 

beyond ordinary least squares regression were used. These techniques included multiple 

regression, estimation statistics, and regression tree analysis. 

 
Figure 4-8. mcrA concentration (log (copy number/g of wet sludge)) vs. fhs concentration (log 

(copy number/g of wet sludge)). (p value 6.57 × 10-5) 
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A positive relationship was found between mcrA concentration and fhs concentrations 

based on ordinary least squares regression analysis. (p-value= 6.57 × 10-5). The R-squared value 

of 0.407 suggests that the fhs concentration explains 40 percent of the variation in the mcrA data. 

The relationship between mcrA and fhs concentration alludes to potential dependence of 

methanogens and acetogens within the ABR system. qPCR-determined mcrA and fhs 

concentrations have been shown to increase together (Ma et al., 2013). Ma et al. (2013) observed  

87 (fhs) fold and 1939 (mcrA) fold increases in absolute abundance for mcrA and fhs funtional 

groups, respectively, in conjuction with an increase in acetate and methane concentrations within 

a ground water sample. The relationship between mcrA and fhs in the Ma et al. (2013) study 

implied potential for anaerobic degradation of hydrocarbons by enriching anaerobic pathways 

related to methanogenesis and these functional groups (mcrA and fhs). Methanogens and 

acetogens play key roles in methanogenesis in both natural and engineered reactor systems, and 

more research on the relationship between methanogens and heterotrophic acetogens within the 

Mines Park ABR may offer more valuable insight into the important relationship between these 

functional groups.  

4.5 Multiple Regression 

Multiple regression is known to be beneficial for datasets with multiple variables. Multiple 

regression was done to determine if the combination of mcrA and temperature as two 

independent variables explained a significantly higher amount of variation within the methane 

flow data rather than temperature alone as an independent variable. Analyzing the outputs of the 

singular ordinary least squares regression function, the adjusted R-squared value for the mcrA 

concentration is 0.19 and the adjusted R-squared value for the monthly average temperature is 

variable is 0.68 (Table 4-1). The combination of the variables in a multiple regression function 

yields an adjusted R-squared value of 0.66. This result suggests that the addition of mcrA log 

copy number per gram wet sludge to the regression function does not explain more of the 

variance within the methane flow data than the monthly average temperature alone. Based on 

multiple regression analysis, the majority of the change within the methane flow data is related to 

temperature.  
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Table 4-1. Adjusted R-squared values for singular ordinary least squares regression with each 

variable, and then the multiple regression combination with both variables. Regression is 

predicting methane flow per compartment in (L/d). 

 

Variable Adjusted R-Squared Value 

mcrA (log (copy number per gram wet sludge)) 0.19 

Monthly Average Temperature (°C) 0.68 

Combination of The Two 0.66 

 

 

4.6 Regression Tree Analysis 

A regression tree analysis, a form of nonlinear decision analysis, was also performed on 

the dataset. The regression tree function creates groups by sorting variables and reducing the sum 

of squared residuals. A particular benefit of the regression tree is that it can distinguish patterns 

that do not follow an apparent trend such as a linear trend. The logic employed by the regression 

tree is detailed in the methodology chapter

 

Figure 4-9. Regression tree analysis to predict methane flow with the split based on monthly 

average temperature (˚C). The bottom ovals are leaf nodes where the percentage value represents 

the percent of data that fall within each node. The value above the percent variable in the leaves 

represents the predicted methane flow (L/d) for that particular node. 
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The regression tree function used monthly average temperature out of five possible 

explanatory variables to predict methane flow, as displayed in Figure 4-9. The regression tree 

function chose a node of 18.7 ˚C, at which methane prediction values were split into two groups. 

A group with temperature values ≥ 18.7 ˚C corresponded to higher predicted methane flow of 

22.9 L/d while the group with temperature values < 18.7 ˚C corresponded to lower predicted 

methane flow of 13.5 L/d. It should also be noted that temperature was the variable of most 

importance. Higher methane flow at higher temperature has been observed before in anerobic 

treatment. In an anaerobic co-digestion system, thermophilic temperatures produced the highest 

methane measured within the co-digestion system, resulting in a consistent increase in methane 

flow from 1.233 to 1.433 L/d as the operational temperature increased (Jang et al., 2016). In 

anaerobic baffled reactors specifically, when operating in mesophilic temperature ranges of 15-

40 ˚C, the methane production has been found to double with every 10 ˚C increase in operational 

temperature (Nguyen et al., 2010). The regression tree also identified that an increase in 

temperature corresponded to an increase in methane flow. 

These groups designated by the regression tree analysis depicted in Figure 4-9 were used 

to conduct estimation statistics in an effort to determine how the methane flow rates of these 

different groups relate to each other. Using the groups created by the regression tree, possible 

trends between methanogens, temperature, and gaseous methane flow were examined with 

estimation statistics. Estimation statistics offer a different approach by not relying on traditional 

significance testing. A Cummings plot separating the methane flow (L/d) by the groups created 

by the regression tree analysis based on temperature is shown in Figure 4-10.  
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Figure 4-10. Cummings plot of the groups designated by the regression tree function. Groups are 

based on differences in monthly average temperature. Group 1: monthly average temperature < 

18.7 °C and Group 2: monthly average temperature ≥ 18.7 °C.  

 

The differences in means in Figure 4-10are clear between the groups designated by the 

regression tree functions. The methane flow (L/d) is higher for Group 2 than Group 1. A mean 

difference of 9.14 L/d in gaseous methane flow was observed between Groups 1 and 2. The data 

categories taken from the regression tree analysis show a mean difference that can be clearly 

visualized using estimation statistics. 
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CHAPTER 5 CONCLUSIONS AND RECOMMENDATIONS  

The Mines Park ABR reactor system has shown robustness and the ability to recover 

from sludge washout (Pfluger et al., 2018). The reactor system has also demonstrated the 

potential to reach the EPA standards for total suspended solids (TSS) and biochemical oxygen 

demand (BOD) (Coffey, 2019). The microbial community responsible for biodegradation has 

been monitored to date via 16S rRNA gene sequencing. At the colder wastewater influent 

temperature (12 ˚C), the sequencing data suggest the relative proportion of methanogens within 

the system was higher than at a higher influent temperature (23 ˚C) (Pfluger, 2018). Even though 

the relative abundance of methanogens was higher, the methane flow rate was lower at the colder 

temperature. Does the absolute concentration of methanogens increase as temperature rises? 

Does the methane flow rate increase as the absolute methanogen concentration increases or is the 

higher methane production simply due to faster kinetics at higher temperatures? I sought to test 

the hypotheses: (1) the absolute concentration of methanogens increases as temperature increases 

and (2) methane flow increases as the absolute number of methanogens increases. 

5.1 Conclusions 

Statistically significant relationships between mcrA concentration and temperature, mcrA 

concentration and methane flow, and methane flow and temperature were demonstrated using 

ordinary least squares, regression tree analysis, and estimation statistics. Regression analysis 

found statistically significant positive relationships between mcrA concentration and monthly 

average temperature (p-value = 0.0019), between gaseous methane flow by compartment and 

mcrA concentration (p-value = 0.0067), and between gaseous methane flow by compartment and 

monthly average temperature (p-value = 2.99 × 10-9). The Arrhenius relationship was modeled 

for methane flow using a temperature correction factor. The best-fit correction factor (𝝷 = 1.09) 

was found to be within the range of other correction factors used within anaerobic wastewater 

treatment. The residuals of the Arrhenius relationship did not exhibit a statistically significant 

relationship with mcrA based on regression analysis.  

Multiple regression was conducted using gaseous methane flow by compartment as a 

dependent variable and mcrA concentration and monthly average temperature as explanatory 

variables. Multiple regression was used to investigate which explanatory variable explained most 
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of the variability within the methane flow data. Temperature averaged over the month before 

sample collection explained the most variability, with an adjusted R-squared = 0.68. When mcrA 

concentration was added to the regression model, the overall adjusted R-squared decreased to 

0.66. This signals that, based on multiple regression, mcrA absolute concentration does not add 

more explanation of the variability within the methane flow data that is not explained by 

temperature. 

Regression tree analysis determined two groups resulting in distinct predicted methane 

flows. Out of five potential explanatory variables, the regression tree identified temperature 

averaged a month before sample collection as the most explanatory variable. The groups were 

Group 1 < 18.7 °C and Group 2 ≥ 18.7 °C. These groups were cross-validated using estimation 

statistics. The bootstrapped mean difference of gaseous methane flow by compartment was 9.14 

L/d greater in Group 2 than Group 1. The findings of this study demonstrate that temperature is 

the main driver in the methane flow production of the Mines Park ABR. Based on the regression 

tree analysis, the temperature of 18.7 °C appears to have significance as a point above which the 

highest methane flow rate per compartment was observed.   

One major implication is associated with the finding that methane production is greatest 

at reactor compartment temperatures ≥ 18.7 ˚C. This temperature is below the range of 

temperatures used by most (i.e. located in tropical climates) high-producing ABRs. The Mines 

Park ABR shows the potential as a highly productive ABR system in a temperate zone 

(temperature ≥ 10 ˚C in warmer months, and 18 ˚C > temperature ≥ -3 ˚C in colder months). As 

another potential benefit, microbial concentrations measured in this study may also be useful in a 

microbial process model. The use of realistic microbial concentrations measured from the reactor 

system that are shown to exhibit statistically significant relationships with important reactor 

variables such as methane flow can be used to create a non-empirical model that is specific to the 

microbial community of the Mines Park ABR. 

5.2 Recommendations for Further Research 

 As the reactor is continuously operated, more qPCR on samples from different and more 

recent dates would serve to confirm the trends depicted in this study and potentially illustrate 

new trends that may have arisen with longer operation time under different conditions. For 

example, the hydraulic retention time (HRT) of the ABR was changed from 24 to 36 hours for a 

one-year period, and then back to 24 hours. The HRT was changed to determine if a longer HRT 
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resulted in better organics removal. The higher HRT did not result in proportionally better 

removal of organics, so the HRT was changed back to the original 24 hours. Investigating 

compartment 4 to determine how the microbial community on the fixed film within the reactor 

relates to operational variables and performance is also grounds for further research. Studying 

the microbial community during the HRT change may provide a better understanding of how 

system hydraulics affect the microbial community and associated reactor performance. 

More work must be done to explore the relationships between methanogens and 

acetogens within the reactor system. From analysis done in this study, normal least squares 

regression determined a very significant positive relationship between methanogen and acetogen 

concentrations (Figure 4-8). Understanding this relationship may help to understand drivers in 

acetoclastic methanogenesis, a major methanogenesis pathway in the Mines Park ABR system. 

Investigating compartment 4 to determine how the microbial community on the fixed film within 

the reactor relates to environmental variables associated with this reactor compartment is also 

grounds for further research 

The results from this study also indicate that the microbial concentrations, specifically 

methanogens, can be monitored if the methane flow production from the reactor system were to 

decrease to a non-optimal point. When mcrA absolute concentration is ≥ 8 log (copy number per 

gram of wet sludge), the methane flows are higher based on the visual threshold. Continuing to 

monitor the mcrA absolute concentration via qPCR will allow reactor operators to determine if 

current mcrA concentration values align with those ideal for higher methane flow. Further work 

should also investigate manipulating the organic loading rate and reactor seeding in an attempt to 

ensure high rates of methane production.  
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Appendix A. Additional Correlations 

 

Figure A-1 represents the mcrA concentration (log(copy number/g of DNA)) vs Temperature 

averaged a month before sample collection.  

 

The relationship between this normalization of mcrA and temperature was determined not to 

be statistically significant based on ordinary least squares regression. The outlier with log 

(copynumber/ng of DNA) of 5.80 was recorded when the sludge mass in compartment one was 

especially dense in comparison to other samples based on visual assessment of sludge sample 

while extracting sample from 2 milliliter storage tube prior to DNA isolation. 
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Figure A-1. log (mcrA concentration normalized by nanograms of DNA) vs. temperature 

averaged during a month before sample collection.  (p-value = 0.24). 

 

Pairwise regression of gaseous methane flow by compartment (L/d) vs. mcrA normalized 

by mass of DNA (Figure A-2) showed a less significant relationship (p-value = 0.176) than that 

normalized by mass of wet sludge. 
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Figure A-2. Gaseous methane flow (by compartment) vs. log (mcrA concentration normalized by 

nanograms of DNA. (p value = 0.176) 

 

 

Figure A-3 log (fhs (copy number normalized by nanograms of DNA)) vs. temperature averaged 

during the month before sample collection. (p-value= 0.774) 
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Figure A-4. Archaea concentration (log(copy number normalized by gram of wet sludge)) vs. 

temperature averaged during the month before sample collection. (p-value= 0.074) 

 

 

Figure A-5. Bacteria concentration (log (copy number normalized by gram of wet sludge)) vs. 

temperature averaged during the month before sample collection. (p-value = 0.670) 
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Figure A-6. Gaseous methane flow by compartment vs. archaea log (copy number normalized by 

grams of wet sludge). (p-value = 5.95 × 10-4) 
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Appendix B. Regression Assumptions 

 Regression assumptions were checked using diagnostic plots within R scientific computing 

language (plot function) as well as using visual interpretation of scatter plots between variables. 

Regression diagnostic graphs within R were used to validate assumptions of linearity, 

homoscedasticity, and normality. The independence of observations was addressed with data 

collection and carefully picking samples with different relational attributes such as temperature, 

methane flow, and time periods (Helsel, 1992). The variance inflation factor was addressed to 

validate the linearity assumption in multiple regression as well. 

1. The first assumption states that the independent variable is linearly related to the dependent 

variable. Scatter plots with trend lines were used for a baseline visual assessment and 

residual vs. fitted values plots were used to examine the linear relationship. 

2. The second assumption is homoscedasticity. Residual vs. fitted values plots were used to 

assess the homoscedasticity of the regression models. 

3. The third assumption of linear regression states that observations are independent. This 

assumption was also met in multiple regression specifically by generating the variance 

inflation factor which determines the measure of multicollinearity within the regression 

model. 

4. The fourth assumption is that for a fixed value of the independent variable, the dependent 

variable is normally distributed. This assumption was addressed using standardized error 

vs. theoretical quantiles plots.  

Figure B-1 shows a residuals vs. fitted values plot (left) next to a standardized residuals 

vs. theoretical quantiles plot (Normal Q-Q) diagnosing the multiple regression function 

predicting methane flow using monthly average temperature and mcrA concentration as 

explanatory variables. The homoscedasticity can be validated in the residuals vs fitted values 

plot. The random distribution of the points around the 0 residual horizontal line suggest the lack 

of heteroscedasticity signifying that the homoscedasticity assumption is valid. This assumption 

was quantitatively verified with the Goldfield-Quandt test. The test failed to reject the null 

hypothesis and validated the homoscedasticity assumption (p-value= 0.3).  
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Figure B-1. Residuals Vs. Fitted Values Plot (Left) and Standardized residuals Vs. Theoretical 

Quantiles Plot (Right). 

 

The curvature of the red line in the residuals vs. fitted values plot represents the 

possibility of non-linear relationships within the dataset. The potential for nonlinear relationships 

was the reason the regression tree function was also used for analysis, but the red line being 

fairly smooth signifies a linear relationship within the regression model between the independent 

variable and dependent variables, giving reason to move forward with the linearity assumption. 

Normality is determined by the fit of the points in the Normal Q-Q plot. Because these points are 

in proximity and mirror the slope of the line of best fit that represents the theoretical normal 

distribution of residuals, the normality assumption appears valid. This assumption was verified 

with the Jarque-Bera and the Kolmogorov-Smirnov test, both of which fail to reject the null 

hypothesis and validate the normality of the dataset (p-values= 0.9 and 0.9, respectively). 

 Multicollinearity was assessed using separate functions with R designed to compute the 

variance inflation factor. Variables with little to no collinearity are a major assumption of linear 

regression analysis. If the variables are strongly collinear, using these variables for regression 

analysis can cause misrepresentation of the data variables within the regression model. This, in 

turn, disrupts how other variables in the dataset affect the variance of the dependent variable. 

The variance inflation factor (VIF)  is a metric used to determine multicollinearity within a 

dataset by taking the ratio of variance between a variable’s regression coefficient when included 
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in the multiple regression dataset with more than one explanatory variable, as opposed to being 

used alone (James et al., 2013). If the VIF of the variables is above 10, then collinearity in the 

data set is possible (James et al., 2013).  To quantify the VIF for all the variables used in multiple 

regression, an iterative process was used to select the most statistically significant variables 

(based on bivariate regression determine with the p-value) to predict methane flow. This effort 

entailed determining, based on bivariate ordinary least squares regression, a subset of significant 

variables from a list of 39 variables. Once the significant subset was created, an iterative process 

was conducted to determine the number of variables that could be used and ultimately result in 

the lowest VIFs. The VIFs of variables that were most significantly correlated with methane flow 

are listed in Table B-1.  

Table B-1. Variables most significantly correlated with methane flow and with lowest variance 

inflation factors  

Variable VIF 

mcrA log (copy number/gram of wet sludge) 1.38 

DOC Monthly Average 1.26 

pH Monthly Average  1.15 

Temperature Monthly Average  1.59 

VSS Monthly Average 1.44 

 

 

After a statistically significant subset variable group with lowest VIF was created, 

multiple regression analysis used variables such as mcrA (log (copy number per gram of wet 

sludge)), temperature monthly average, dissolved organic carbon (DOC) monthly average, pH 

monthly average, and temperature monthly average to predict methane flow 

 


