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ABSTRACT 

Fecal material from animals and untreated sewage in waterways pose 

serious risks to human health. Methods that detect and determine sources of 

aquatic fecal pollution are a part of microbial source tracking (MST). Currently, 

one of the most widely-used MST methods is susceptible to sensitivity and 

specificity issues and exhibits variable geographic results which obstruct its 

widespread use in regulatory capacities. These drawbacks have led to the 

continued development and evaluation of new MST methodologies. One such 

new methodology is community-based MST, which uses high-throughput DNA 

sequencing (HTS) to construct taxonomic profiles of potential fecal sources and 

environmental samples. SourceTracker, a Bayesian classifier designed to 

determine sources of contamination in HTS data, is the most common 

community-based MST tool. Due to the relative novelty of SourceTracker, few 

studies have evaluated its limitations as a MST tool. This thesis explores the use 

and limitations of community-based MST with SourceTracker for identifying 

sources of fecal bacteria in waterways. HTS analysis of microbiota from a diverse 

collection of fecal samples and environmental samples revealed that the 

community compositions of freshwater and feces were significantly different, 

allowing for determination of the presence of fecal inputs. Moreover, the 

differences in community composition between multiple fecal sources were also 

statistically significant suggesting that differentiation between fecal sources was 

possible. When SourceTracker was challenged to identify fecal sources in a 

freshwater lake with the most diverse and extensive fecal source library used in a 
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community-based MST field study, SourceTracker was able to identify 

wastewater effluent from a nearby wastewater treatment plant. SourceTracker 

also predicted the presence of geese and gull wastes which is in agreement with 

previous MST studies in that research location. To examine the limitations of 

community-based MST using SourceTracker, SourceTracker was challenged 

with identifying known fecal sources in in situ mesocosms using different fecal 

source library configurations. Across nearly all fecal source library configurations, 

SourceTracker was able to accurately predict most sources in the in situ 

mesocosms. These results were most reliable when the fecal source library 

contained only the known sources. When fecal sources were missing from the 

fecal source library, erroneous classifications not seen when all known sources 

were present became common. Results of this chapter also indicated that the 

ideal SourceTracker source profile has low-intragroup variability and shares few 

taxa with other sources. To understand how SourceTracker predictions are 

influenced by the concentration of feces, geographical variance, diet, and age of 

source animals, SourceTracker was challenged to identify spiked cow feces from 

a farm in St. Paul, MN, USA using cow feces from other farms across North 

America as sources. Analysis of the cow fecal microbiome revealed statistically 

significant differences in cow fecal taxa at the OTU level when evaluating sample 

relationships by farm, state, age groups, and diet. Most of the OTU variance was 

attributed to the individual farms the cows came from, and not to age and diet 

differences. Source samples from all locations yielded high SourceTracker 

predictions. On average, higher predictions in source attribution were associated 
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with more concentrated samples and with cow feces from animals closer to the 

spiked fecal source location. While SourceTracker was able to detect fecal 

contamination with source animals that were not from the original location, 

animals sourced closer to the contamination site provided the most accurate 

predictions. All of these data demonstrate the ability of SourceTracker to 

accurately identify sources, making this program a powerful tool for community-

based MST. 
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CHAPTER 1 : GENERAL INTRODUCTION 
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RISKS OF FECAL CONTAMINATION IN WATER TO HUMAN 
HEALTH 

 

In low-to-middle income nations, over 800,000 deaths are attributed to 

poor water sanitation and hygiene, accounting for nearly 60% of all diarrheal 

deaths, which are caused by the ingestion of fecal-associated pathogens (1). In 

2012, over 300,000 children under five years of age died from diarrheal diseases 

attributed to inadequate water sanitation and hygiene (1). An estimated 4% of all 

deaths can be linked to inadequate water hygiene and sanitation (2). These data 

demonstrate the importance of determining the presence of feces in water due to 

the serious health ramifications. 

In the United States and Canada, there have been several waterborne 

outbreaks. In 1993, there was a waterborne outbreak in Wisconsin that caused 

gastroenteritis in over 400,000 people. This led to 100 deaths and economic and 

productivity loss estimates of over $90 million (3,4). In 2000, a waterborne 

outbreak occurred in Walkerton, Ontario, Canada causing gastroenteritis in 2,300 

people and killing seven (5). In 2011 to 2012 in the United States, there were 90 

reported water-associated outbreaks that resulted in nearly 2000 illnesses, 95 

hospitalizations, and 1 death (6). With incidents involving treated water, slightly 

over half were due to Crytosporidium spp. and 33% due to Escherichia coli 

(serotypes 0157:H7 or O111) (6). Avoiding fecal-contaminated water is still an 

ongoing problem even in highly-developed nations. Human fecal material in 

untreated sewage poses the greatest health risks due to the presence of human-

specific pathogens (7). However, the health risks from animal fecal wastes can 
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be substantial (8). There are many water-tolerant, fecal-associated pathogens 

that can cause disease in humans. These pathogens, that can be resistant to a 

broad range of disinfectants, include protozoa (Crytospiridium, Cyclospora, 

Entamoeba, Giardia duodenalis), viruses (Heptatitis A and E, rotavirus, Norwalk 

and Norwalk-like viruses), and bacteria (Clostridium, Campylobacter, Shigella, 

Salmonella) (9). These organisms can lead to diseases that range from 

gastroenteritis to more serious and potentially fatal illnesses that include 

hemolytic uremic syndrome, severe diarrheal diseases, liver disease, and typhoid 

fever (9,10).  

 

FECAL INDICATOR BACTERIA 
 

Monitoring all potential pathogens would be difficult due to the number of 

potential health threats that would require specialized and technically-difficult 

tests (11). Due to this intractable task, the concept of indicator organism(s) was 

developed (11,12). These microorganisms are used for detecting the potential 

presence of pathogenic fecal-associated viruses, protozoa and bacteria. Since 

bacteria have historically been more readily cultivable and tend to be present at 

higher environmental concentrations than viruses and protozoa, they are the 

preferred indicators (9,13). This has led to bacterial indicators of fecal 

contamination being termed fecal indicator bacteria (FIB). FIB are generally able 

to be cultivated easily and rapidly (11). To be designated a high-quality FIB, the 

following criteria (11) must be satisfied: 

1. The indicator must be present in high levels in feces 
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2. The indicator must persist as long as the health risks persists 

3. The indicator should not grow outside of the fecal source host 

species 

 

Some of the first FIB were coliforms, which are a non-taxonomic group of 

bacteria based mostly on biochemical properties. These bacteria have been 

found in human and animal feces, sewage, plants, milk, and in soil (14,15). This 

group includes many Enterobacteriaceae members, including Escherichia spp., 

Klebsiella spp., Enterobacter spp., and Citrobacter spp. (16,17). The coliform 

group includes 80 species across 19 genera which are all defined as gram-

negative aerobic and facultative anaerobic, non-spore-forming bacteria that 

ferment lactose within 48 hours (16). 

Several organisms in the coliform group have been identified in extra-

intestinal environments, suggesting that many species are not always associated 

with feces (14,18). These findings led to the designation of the thermotolerant 

“fecal” coliform group, a subset of the coliform group able to grow at 44.5C (14). 

These thermotolerant, fecal coliforms were only supposed to contain bacteria 

that were identified in feces and therefore would work as more reliable indicators 

of fecal pollution (14,18). Therefore, the United States Public Health Service 

started using fecal coliforms to detect fecal pollution in water in the 1960s (19). 

Concurrent with the discovery and exploration of coliforms as indicators of 

fecal pollution, streptococci associated with feces was observed in the early 

1900’s (12,20). These streptococcus spp. were labeled fecal streptococci and 
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were found in human and animal feces (20). While these organisms were not 

found to have naturalized populations in the environment, there were several 

issues with low recovery numbers in comparison to other FIB, difficulty in 

quantifying, and a lack of standardized detection methods (21,22). 

Unlike other FIB (coliforms and thermotolerant coliforms), Clostridium 

perfringens possesses spore-forming capabilities and is therefore able to persist 

in the environment longer than most non-spore-formers (23,24). While C. 

perfringens was found to be an indicator capable of predicting the potential 

presence of viruses and Cryptosporidium spp., due to its spore-forming 

capabilities and its long-term persistence in aquatic sediments, it is generally 

regarded as not a good indicator of immediate health risks (24,25). 

Correlations have been poor with FIB (coliforms, thermotolerant coliforms, 

C. perfringens) and pathogen occurrence (26,27). Since coliforms can be highly 

susceptible to disinfection, their absence in disinfected water does not correlate 

with exposure to protozoan (28) or viral (29) pathogens. When coliforms and 

thermotolerant coliform levels were observed in in situ freshwater and saltwater 

mesocosms spiked with feces (i.e, dog, sewage) and contaminated soil, 

detection levels of the different FIB varied, being impacted by environmental 

parameters (saltwater vs. freshwater) (26). When organisms such as Giardia 

cysts and Cryptosporidium oocysts were tracked in six waste water treatment 

plants over the course of a year, none of these organisms had strong correlations 

with the presence of pathogens (27). 
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In the late 1970’s and through the 1980’s, the United States 

Environmental Protection agency (US EPA) conducted studies that found 

correlations between the incidences of gastrointestinal illness after swimming 

and the levels of E. coli and Enterococcus spp. in fresh and marine waters (19). 

Therefore, in the late 1980s, the US EPA recommended that E. coli and 

Enterococcus spp. be adopted as fecal indicators for waters that had been 

impacted by feces (19). Both E. coli and Enterococcus spp. have historically 

been detected by using culture-based methods partially developed by the US 

EPA. Within the last few years, however, molecular methods have been 

developed for E. coli and have been approved for Enterococci spp. by the US 

EPA. Both microbes are targeted using a fragment of the 23S rRNA gene in both. 

These molecular methods allow for more rapid detection and quantification of 

these fecal indicator bacteria (30,31). 

The World Health Organization (WHO) guidelines currently use E. coli and 

thermotolerant coliforms to gauge the safety of water after disinfection (32). 

However, naturalized populations of E. coli and thermotolerant coliforms have 

been observed to persist outside of the intestinal and fecal environments, 

suggesting that detection does not necessarily mean fecal contamination 

(12,32,33). One metareview found that no link existed between diarrhea and 

thermotolerant coliforms, fecal streptococci, and E. coli (34). However, a more 

recent metareview that looked for links between diarrheal diseases and 

thermotolerant coliforms and E. coli separately found relationships between 

incidences and E. coli, but not for thermotolerant coliforms (35). Additionally, 
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studies have revealed naturalized E. coli populations in beach sand, sediments 

and soils (36). This data suggests that E. coli detection in the environment does 

not automatically translate to fecal contamination. 

 

EARLY MICROBIAL SOURCE TRACKING 
 

To date, none of the developed FIB methods meet all of the 

aforementioned required criteria. Additionally, mitigation of fecal pollution in 

waterbodies demands knowledge of the contaminating sources. The use of FIB 

failed to reveal sources of fecal bacteria since it targeted organisms that are 

heavily associated with the feces of most warm-blooded animals. Due to these 

drawbacks, microbial source tracking (MST) as a science was born.  

There have been several MST methodologies developed since the field 

began (Table 1.1) (37–39). Some of the initial decisions surrounding the 

development of MST methods involved questions about what would make a high-

quality MST marker. The following criteria (38) have been suggested: 

 

1. The marker ideally should be host-specific  

2. The marker should be present in all members of the host species with 

consistent taxonomic levels  

3. The detectability and taxonomic levels of the host-specific marker should 

not change due to geographic or temporal differences 

4. The marker ideally should be easily and rapidly quantifiable  
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5. Ideally, the marker should correlate to all fecal-associated health risks and 

pathogens and not persist longer than the threat is present 

 

Some of the early MST techniques were library-dependent, phenotypic 

methods that involved creating characteristic trait libraries (Table 1.1). These 

methods distinguished between fecal sources based on differences in 

biochemical or phenotypic profiles. One of the first MST methods to be 

developed was the carbon source utilization assay where carbon source profiles, 

or growth patterns, of Enterococccus isolates were determined and 

environmental samples compared against this library (40). While this method is 

rapid, it suffered from poorer performance relative to other MST methods (40). 

Other phenotypic methods, such as antibiotic resistance analysis, also performed 

relatively poorly in comparison to other MST methods (41). Moreover, while 

these methods could be rapid, easy to perform and cheap, they were 

demonstrated to be either geographically-specific, lacked source specificity, had 

many false positives or still lacked extensive limitations testing (Table 1.1). 

Ribotyping, which involves hybridizing digested genomic DNA to rRNA 

probes to differentiate species, was also one of the first molecular MST methods 

to be used (42). While it generally performs well in comparison to other MST 

methods, it can be time-consuming with inconclusive results (38). Rep-PCR, a 

method that uses gel electrophoresis to distinguish species by their palindromic 

DNA, requires large libraries that are laborious and time-consuming to build (38). 

Pulse-field gel electrophoresis, another one of the first developed MST methods, 
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involves analyzing digested genomic DNA with gel electrophoresis (43). While 

this method performs well when compared to other MST methods with highly 

discriminatory and conclusive results, it is time-consuming to perform and 

requires finesse (11,44). 

Early library-dependent MST methods consistently required assembling 

large libraries of bacteria from known animals that were laborious and time-

consuming to build. These techniques also suffered from being geographically-

specific and therefore these large developed libraries could not be shared 

between multiple locations or investigators. Additionally, the temporal stability of 

libraries, which is how effective a library is in allowing the prediction of fecal 

contamination over time, was either unexplored or found to be poor, hindering 

the use of these methods for regulatory purposes.   

Due to the drawbacks of library-dependent techniques, the field of MST 

explored using methods that didn’t require large databases to build and maintain. 

These methods generally distinguished fecal sources with libraries based on 

genetic differences (45). These included library-independent genotypic methods 

such as host-specific PCR and quantitative PCR (qPCR) (Table 1.1). Host-

specific PCR methods targeted different DNA fragments (16S rRNA, toxin genes) 

in a variety of bacteria (Bacteroidales, Bifodobacterium, E. coli) (38). While a few 

of the host-specific PCR markers have had superior source discrimination ability 

when compared to other MST methods, quantification of fecal contamination was 

not possible (38,41). Additionally, there have been issues with several markers 

not detecting contamination when it is present (sensitivity), and/or markers that 
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would detect unintended fecal source groups (specificity) (38). In order to allow 

semi-quantification of contamination, newer MST methods focused on the use of 

qPCR, making it currently one of the most widely-used and developed MST 

techniques. These methods involve quantifying amplified DNA fragments, with 

most focused on Bacteroidales given its prevalence in host microbiomes and its 

suspected host-specific co-evolution (38). However, the drawbacks to MST with 

qPCR are similar to the sensitivity and specificity issues of MST with PCR.  

Genotypic, library-independent MST methods are culture-independent, 

rapid and easy to perform. Additionally, some of these methods have been 

shown to have geographic stability (46). However, there have been many issues 

with sensitivity and specificity of several markers halting their widespread use in 

regulatory capacities (47).
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Table 1.1. Methodology overview of microbial source tracking methods 
 

Method 

Classification 

Method 

Examples 

Library 

Type 

Advantages Disadvantages 

Phenotypic Antibiotic 

resistance 

analysis (48), 

carbon source 

utilization (40), 

fatty acid 

methyl esters 

profiling (49)  

Library-

dependent  

Some methods 

are rapid, easy, 

cheap, small 

libraries 

needed, highly 

discriminatory 

These methods 

are either 

geographically 

variable or have 

unknown 

geographic 

specificity 

Genotypic Pulse-field gel 

electrophoresis 

(50), ribotyping 

(51), rep-PCR 

(52) 

Library-

dependent  

Some methods 

are easy, rapid, 

and highly 

reproducible 

Some of these 

methods are 

complex and 

time-consuming, 

large library 

needed, 

geographically 

specific 

Genotypic Host-specific 

PCR (53), 

qPCR (54)  

Library-

independent  

Culture-

independent, 

rapid and semi-

quantitative, 

geographically 

stable 

There are 

documented 

sensitivity and 

specificity issues 

with several 

molecular 

targets, some 

methods aren’t 

able to be 

quantified 

HTS Machine 

learning  

Oligotyping 

(55), 

SourceTracker 

(56) 

Library-

dependent  

Culture-

independent, 

simultaneous 

community 

profiling with 

several sources 

Still in early 

stages of 

limitations 

testing, absolute 

quantification of 

contamination not 

possible 

HTS is an abbreviation for High-Throughput DNA Sequencing.
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THE IMPACTS OF HIGH-THROUGHPUT DNA SEQUENCING ON 
MICROBIAL ECOLOGY AND MICROBIAL SOURCE TRACKING 

 

Since many bacteria in various environments are unable to be cultured, it 

is now common to find the use of high-throughput DNA sequencing (HTS) in 

microbial ecology studies (57). Currently, community analysis studies use 

massively parallel DNA sequencing of clonally amplified phylogenetic markers, 

like 16S rRNA genes, to determine the microbial community in an environment. 

Several environments, from the human body (58) to the phyllosphere (59), have 

been explored using community analysis techniques with HTS.  

A proposal in 1977 calling for phylogenetic classification of all microbial life 

based on ribosomal RNA genes was a monumental step in allowing for later 

microbial community analyses in natural systems (60). Months later, an improved 

sequencing technique (the Sanger sequencing method) was described, allowing 

for the sequence elucidation of genes (61). Nearly 20 years later, the first 

microbial community analysis study was done using 16S rRNA, profiled in 

picoplankton from the Sargasso Sea (62).  

The use of the 16S rRNA gene as a molecular chronometer was due to its 

widespread presence in bacterial (and archaeal) genomes, its resistance to 

mutations, and its ability to elucidate phylogenetic relatedness (63). The 16S 

rRNA gene contains regions of conserved DNA sequences where primers for 

amplification-based molecular techniques can be targeted to (64,65). Inter-

spaced in these conserved DNA regions are nine hyper-variable regions, labeled 

V1-V9, where taxa that share close phylogenetic relationships can have similar 
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nucleotide sequences (63,66). Different hypervariable regions exhibit varying 

abilities to distinguish between bacterial taxa, with none being able to distinguish 

all. There can be drawbacks to using all of the different 16S rRNA variable 

regions for taxonomic assignment. In a study evaluating which hypervariable 

regions allowed for the phylogenetic differentiation among pathogenic bacteria, 

the V2, V3, and V6 regions were found to be most suitable due to their high 

sequence variability and strong discriminatory power (67).  

Early community analysis studies were enhanced by the creation of 

computational tools like DOTUR (68), the Ribosomal Database Project (RDP) 

(69), and the NAST alignment algorithm (70). As more community analysis 

studies for microbial ecology were done, computational approaches to 

processing these data greatly improved. Commonly used bioinformatic programs 

that allow quality-control processing of sequence reads today include QIIME (71) 

and Mothur (72), of which both utilize a number of tools used to align sequences 

(PyNAST (73)), cluster them into taxonomic units based on sequence similarity 

(uclust (74)), and ultimately assign sequence reads to taxonomic groups (RDP 

Classifier (75)).  

One of the first realizations upon profiling bacterial communities in feces 

for early MST methods was that there was a lack of knowledge about the 

distribution of bacterial markers used in early MST methods in animal hosts of 

the same species and in varying animal species. This was important because 

historically, these methods used markers with single indicator organisms or 
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narrowly-targeted taxonomic groups. The use of single indicator organisms is 

often based on the presence or absence of detection.  

Some of the first community analysis studies with a focus on MST were 

performed on the feces of animals and sewage, allowing for an understanding of 

the taxonomic composition in these environments. In a recent HTS study 

examining the microbial composition of cow feces, the authors used pyro-

sequencing on fecal samples from 20 adult cattle from the same herd in the 

southwestern United States (76). Bacteroidales members, including Bacteroides 

spp., Alistipes spp., Prevotella spp., and unclassified Bacteroidales spp., were 

among the most abundant taxa across the samples (76). Bacteroides spp., one 

of the most abundant genera, ranged from 5-14% of the sequenced bacterial 

community (76). In qPCR MST methods, Bacteroides spp. are some of the most 

widely-targeted FIB (38). Clostridium spp., which includes C. perfringens, itself a 

FIB, were also a substantial makeup of the microbial community (76). 

Escherichia spp. however ranged from less than 1% to approximately 3% (76). 

More importantly, however, Escherichia spp. were not detected in a little over 

10% of the study sample size, reflecting an overestimation of the importance 

placed on cultivable FIB in detecting fecal contamination (76). 

Another one of the studies seeking to understand fecal microbiomes 

specifically for MST was work that profiled the bacterial community of sewage 

from two wastewater treatment plants in Wisconsin, USA (77). This study looked 

for a multi-taxa signature that could be used to identify human fecal-associated 

pollution that had been introduced into freshwater by way of sewage 
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contamination (77). The authors first profiled the bacterial communities of 

sewage, freshwater and human feces looking for shared taxa between them (77). 

While sewage shared several taxa with both human feces and freshwater, there 

were very few taxa shared between human feces and freshwater (77). The taxa 

shared between sewage and human feces became the human fecal signature 

within sewage. The human fecal signature within sewage possessed several 

members of the Bacteroidetes and Firmicutes phyla (77).  

Unno et. al was one of the first to look for shared taxa between different 

fecal sources and environmental samples with HTS data (78). This new library-

based MST method required bacterial source profiles to be built from 16S rRNA 

gene HTS data using animal feces and environmental freshwater samples to 

determine fecal pollution sources in a South Korean river (78). Thirty fecal swabs 

each were collected from chickens, ducks, swine, beef and dairy cattle from 3 

farms in the Jeonnam Province, South Korea (78). Fecal samples from 30 

healthy adult humans and wild geese were also collected (78). Since the 

Yeongsan River runs through land that has multiple uses (agricultural, urban), 

freshwater samples were taken at multiple sites (78). In this study, major 

taxonomic differences between animal and human feces and freshwater were 

detected (78). Firmicutes and Bacteroidetes dominated the taxa in feces in this 

study as well as the study in Wisconsin (77,78). To determine the source of fecal 

bacteria, this study used an algorithm in Mothur to look for taxa shared between 

the environmental samples and different fecal sources (78). Using this bacterial 
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community-based MST method, they concluded that human, swine and geese 

were the main source contributors (78).  

 

COMMUNITY-BASED MICROBIAL SOURCE TRACKING WITH 
SOURCETRACKER 

  

Machine learning involves using statistical techniques enabling software 

applications to predict outcomes without explicit programming. One of the first 

machine learning MST methods using HTS data was the program SourceTracker 

(56). SourceTracker is a Bayesian classifier designed to determine sources of 

contamination in HTS samples (56). This program requires source samples that 

compose the source library and sink samples where it will look for shared taxa 

from the source library. SourceTracker uses a mixture-modeling approach, 

assuming that all taxa in a sink sample can be assigned to a source in the source 

library (56). For taxa that cannot be assigned to any of the user-provided 

sources, SourceTracker creates an “unknown” source designation (56). Using a 

Markov Chain Monte Carlo method, SourceTracker predicts the probabilities that 

certain taxa come from specific sources (56). SourceTracker is then able to 

assign taxa to specific sources when recognized in contaminated samples (56). 

From this, it is then able to quantify the relative contribution each source 

contributes in a contaminated sample (56). SourceTracker also provides the 

taxonomic composition of the source profiles that were constructed to identify 

specific sources in each of the contaminated samples.  
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Several studies have used SourceTracker to detect different kinds of 

sources. SourceTracker has been used to identify the biogeographical patterns 

of bacteria in public restrooms (79), to characterize ancient oral microbiota (80), 

and identify contamination in DNA databases (81). When utilized for MST, 

SourceTracker can be used to estimate the proportion of fecal contamination that 

sources contribute to in an environment.  

 SourceTracker had been used for community-based MST for only a few 

studies before and during the beginning of this thesis (Table 1.2). The earliest 

community-based MST studies with SourceTracker used it to characterize the 

composition of sewage (Table 1.2) (82,83). In these studies, sewage was used 

as a sink sample while human and non-human feces were evaluated as source 

samples. This research utilized the fecal signature approaches of community-

based MST studies developed before SourceTracker use (82,83).  

Other SourceTracker-based studies used “toolbox” approaches where 

multiple MST methods are utilized to determine fecal pollution sources (Table 

1.2). These studies found varying degrees of successful corroboration that were 

dependent on the methods being compared (84,85). When molecular-based 

methods, like qPCR, were used, SourceTracker results had varying levels of 

agreement. This is most likely due to how HTS methods can use different 

primers to amplify and profile microbial communities than qPCR markers. As 

mentioned earlier, qPCR markers can suffer from sensitivity, specificity and 

geographic-specificity issues which could lead to SourceTracker detecting 

sources qPCR markers could fail to detect. Additionally, specificity, sensitivity 
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and geographic-specificity in SourceTracker fecal libraries had not been explored 

extensively prior to the start of this thesis.
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Table 1.2. Early community-based microbial source tracking study outcomes that 
used SourceTracker 

Study Main Objective 

Related to 

SourceTracker 

Major Finding(s) Significance 

Newton et. 

al, 2013 

Used 

SourceTracker to 

identify human 

fecal taxa 

signature in 

sewage samples. 

In samples obtained 

during sewer 

overflows, there were 

statistically significant 

increases in the 

SourceTracker-

identified human fecal 

taxa signature. 

SourceTracker results 

were logical and 

consistent with metadata 

suggesting it may be an 

accurate tool to detect 

taxonomic signatures 

from source samples. 

Shanks et. 

al, 2013 

Characterized 

the source 

profiles of 

sewage from 13 

different 

locations across 

the United 

States. 

The shared taxa 

between sewage and 

human feces were 

consistently found 

across all samples 

regardless of location.  

SourceTracker results 

suggests that across the 

United States, a core 

fecal community exists in 

sewage. 

Neave et. 

al, 2014 

Using multiple 

MST methods, 

determine fecal 

contamination 

source(s) at 

several 

environmental 

sites.  

SourceTracker findings 

had variable 

agreement with other 

MST methods. When 

SourceTracker results 

didn’t agree, results 

were consistent with 

metadata. 

While there was some 

agreement with other 

MST methods and 

metadata, comparisons 

of SourceTracker with 

other molecular MST 

methods can be 

complicated. 

Ahmed et. 

al, 2015 

Using qPCR and 

SourceTracker, 

determine 

sources of fecal 

bacteria at six 

sites with varying 

land use. 

SourceTracker and 

qPCR results were 

inconsistent about the 

presence of fecal 

sources. 

While there was some 

agreement between 

SourceTracker and 

qPCR, results 

comparisons with 

molecular MST methods 

can be complicated. 

MST is an abbreviation for microbial source tracking. 
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THESIS OBJECTIVES 
 

This thesis explores the use and limitations of community-based MST 

using SourceTracker for identifying sources of fecal bacteria in waterways. Due 

to the relative novelty of SourceTracker, few studies had evaluated its limitations 

as a MST tool before the beginning of this thesis.  

One unexplored aspect of SourceTracker was its use in determining 

sources of fecal pollution in the coastal areas of Lake Superior in Duluth, 

Minnesota. Chapter 2 involved the creation of the most diverse and extensive 

fecal source library used in a SourceTracker field study. SourceTracker was then 

challenged to identify fecal pollution sources in several coastal locations around 

this freshwater lake.  

Another relatively unexplored, but potential limitation of SourceTracker is 

understanding how SourceTracker predictions change when the composition of 

the fecal source library changes. In Chapter 3, the ability of SourceTracker to 

correctly determine sources of known fecal contamination with in situ 

mesocosms was investigated when different combinations of fecal source library 

configurations were used. Additionally, the structure and composition of the 

source profiles SourceTracker used to discern sources was explored.  

While early library-dependent MST methods suffered from geographic 

specificity, SourceTracker was hypothesized to be able to overcome this with its 

multi-taxa approach in identifying fecal contamination. Additionally, it is unknown 

how diet, age, and the location of source animals, as well as the concentration of 

fecal contamination, potentially impact SourceTracker’s ability to accurately 
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predict fecal sources. These questions are explored in Chapter 4 by challenging 

SourceTracker to identify different dilutions of spiked cow samples in buffer by 

using different cow populations across North America as the sources in the fecal 

source library.   
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CHAPTER 2 : A HIGH-THROUGHPUT DNA 
SEQUENCING APPROACH TO DETERMINE 
SOURCES OF FECAL BACTERIA IN A LAKE 

SUPERIOR ESTUARY  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

“Reprinted with permission from Brown C, Staley C, Wang P, Dalzell B, Chun 

CL, Sadowsky M. A High-Throughput DNA Sequencing-Based Approach for 

Determining Sources of Fecal Bacteria in the Lake Superior Watershed. Environ 

Sci Technol. 2017;51:8263–71. Copyright 2018 American Chemical Society.”  
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INTRODUCTION 

 
 

Microbial source tracking methods (MST) rely on the use of specific 

microorganisms or bacterial profiles, thought to be host-associated (e.g. human, 

ruminant, bird), to determine sources of fecal bacteria in the environment (86). 

The intestinal tracts of different animals harbor distinct bacterial communities that 

vary in the presence and abundance of specific taxa (78). This allows for the 

determination of different fecal sources by using unique bacterial profiles seen 

within different animals’ fecal microbiomes.  

Currently, the most common MST methods involve the use of quantitative 

PCR (qPCR) and molecular markers (primers) that mainly target the 16S rRNA 

genes of presumptively host-associated microorganisms. The majority of these 

markers target members of the genus Bacteroides. However, developing qPCR 

markers that are both sensitive and specific has proven to be challenging in 

several cases (87–90).  

The introduction of high-throughput DNA sequencing (HTS) technology 

has allowed increased use of culture-independent methods to rapidly assess 

bacterial community structure in several different environments (78,84,91–93). 

Community-based MST methods involve the creation of a library of operational 

taxonomic units (OTUs) present in feces from different animal types, featuring 

source-specific microbial profiles. These libraries, referred to as fecal taxon 

libraries (FTL), are compared with bacterial community profiles from 

environmental samples to find shared taxa or OTUs between the two sample 

types.  
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Several community-based MST studies (78,84,91–93). have utilized the 

SourceTracker program (94) which accepts quality-controlled sequence data, 

along with a list of samples either identified as a potential fecal source or an 

environmental sink. SourceTracker uses a Bayesian statistical approach to 

determine the percentage of the bacterial community, and the probability, that a 

potential fecal source contributed to an environment (94). 

While SourceTracker results include the standard deviation for an 

estimation of error, higher confidence in the Bayesian model used to predict 

sources can be achieved by running SourceTracker multiple times, in a 

bootstrap-like manner, and measuring the uncertainty of the model using the 

relative standard deviation (RSD) (95). An important consideration with 

community-based MST methods is determining the appropriate library size of 

samples for each source. This can be established by using statistical power 

analysis, which determines whether the sample size is large enough to be able to 

detect significant differences between sample groups. The Dirichlet multinomial 

distribution can be used to model data during power analysis, such that Type II 

error due to overdispersion is alleviated (96). This approach has been 

successfully used to model microbial community analysis data (97). 

Lake Superior, the largest freshwater lake in the world by area, is used for 

recreational and commercial purposes. Fecal bacterial inputs onto beaches in the 

Lake Superior harbor area, Park Point, and the St. Louis River estuary, 

measured by E. coli concentrations, have been found to be seasonally impacted 

by waterfowl (36). Results obtained using qPCR in previous research have also 
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indicated that the largest point source contributor of fecal-associated bacteria to 

the Lake Superior-Duluth Harbor was treated wastewater effluent, likely 

originating from two local wastewater treatment plants (WWTP) (98,99).  

In this study, we examined potential sources of fecal bacterial inputs into 

the Duluth-Superior Harbor and St. Louis River in the Lake Superior watershed 

employing a community-based MST approach using Illumina DNA sequencing 

data and SourceTracker analyses. To achieve this goal, water samples were 

collected over two years, from seven different sites in the Duluth-Superior Harbor 

and St. Louis River estuary in Duluth, MN, USA along with fecal samples from 11 

different types of animal sources and treated wastewater effluent. Samples were 

sequenced and high-quality HTS data from animal and effluent samples were 

used to create a FTL for community-based MST. Power analyses, done using a 

Dirichlet multinomial distribution to model 16S community data, were used to 

determine whether an appropriate library size had been obtained for the entire 

FTL. Multiple SourceTracker runs allowed fecal sources to be identified, along 

with RSD values which allowed for an estimation of confidence to be assigned to 

the predicted proportions of fecal sources. Results of this study show that a 

community-based MST approach, with an appropriately-sized FTL, could 

potentially be used as a tool to allow watershed managers to confidently predict 

sources of fecal inputs into waterways.  

METHODS 
 
Sample collection. Triplicate, two-liter water samples were collected just 

below the surface from seven sites in the Lake Superior-St. Louis estuary during 
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summer and fall 2014 and the summer of 2015 (Fig. 2.1). These sites included 

the: St. Louis River site 1 in 2014 and St. Louis River site 2 in 2015, Western 

Lake Superior Sanitary District (WLSSD) outfall, Rice’s Point, Brewery Creek 

storm drain, Southworth Marsh storm drain, and Minnesota Point Beach sites in 

both years (Table 2.1). The St. Louis River site in 2014 changed due to 

accessibility. Water was sampled on July 23, August 20, and November 5 in 

2014. In 2015, water was sampled on June 16 and July 27. All water samples 

were transported on ice to the lab and stored at 4C for less than 24 hours prior 

to filtration. 

Fecal samples were collected from 11 different animal types from a variety 

of sources including farms, via wildlife managers, and from personal pet 

donations across Minnesota. Several grams of feces were collected from 

individual chickens, cows, production turkeys, swine, beavers, gulls, Canada 

geese, wild and domesticated rabbits, deer, cats, and dogs. Triplicate, two-liter 

samples of treated wastewater effluent were collected from WLSSD during every 

sampling event. 

Sample processing and DNA extraction. Fecal samples were 

transported at 4C (on ice) and stored at -20C until DNA could be extracted. All 

triplicate 2L environmental water samples were pre-filtered through 5μm 

nitrocellulose filters (Millipore-Sigma, St. Louis, MO) to remove debris and larger 

microorganisms and processed as previously described (100). The 

environmental water was subsequently filtered through 0.45μm, and then 

0.22μm, nitrocellulose filters (Millipore-Sigma, St. Louis, MO) to capture all 
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bacteria. Filters were transferred into 50ml conical tubes containing 2ml of 0.01% 

sodium pyrophosphate buffer, pH 7.0 containing 0.2% Tween 20 (polyethylene 

glycol sorbitan monolaurate) and vortexed, twice, for 3 min at room temperature. 

Each conical tube held up to five filters from the same environmental site, and 

some of the 0.45μm and 0.22μm filters were placed in the same tube if space 

allowed. The supernatant, containing re-suspended cells from the filters, were 

transferred from the conical tubes to 1.5ml Eppendorf tubes and centrifuged for 3 

min at 13,300×g. Cell pellets from 0.45μm and 0.22μm filters from the same 

sample were ultimately combined if the filters from the same sample were placed 

in different 50ml conical tubes. Samples were stored at -20C until DNA was 

extracted. DNA from fecal and environmental water samples was extracted using 

the DNeasy PowerSoil DNA extraction kit (Qiagen, CA, USA), as per kit 

directions.  

PCR and DNA sequencing. PCR and DNA sequencing were performed 

at the University of Minnesota Genomics Center (St. Paul, MN, USA) using 

primers F784 (5’ RGGATTAGATACCC 3’) (101) and 1046R (5’ 

CGACRRCCATGCANCACCT 3’) (102), targeting the V5 and V6 regions of the 

16S rRNA gene. Sequencing was done using the dual indexing method as 

previously described (103). Amplicons were paired-end sequenced on the 

Illumina HiSeq 2000, HiSeq 2500 (150bp), and MiSeq (300bp) platforms 

(Illumina, San Diego, CA). Sequencing results can be accessed from GenBank 

under BioProject PRJNA377760.  
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Processing of sequence data. All sequencing data obtained from the 

Illumina MiSeq platform runs were trimmed to 150 bp to match the run length 

obtained from Illumina HiSeq runs. All sequence processing was performed 

using QIIME versions 1.8.0 and 1.9.1 software (73). Illumina adapter 

contamination and low quality base regions were removed using Trimmomatic v. 

3.2 (104). Primers, homopolymers >8, and reads smaller than 75% of the 

amplicon length were removed using Pandaseq (105). This program was also 

used to concatenate reads using the fastq-join script.(106) Chimeras were 

removed using UCHIME 6.1 (74). Open reference OTUs were grouped using 

uclust, at 97% identity, and compared to the SILVA ver. 119 reference database 

(107,108) using the PyNAST alignment algorithm (73). Taxonomy was assigned 

utilizing the RDP Classifier, with an 80% bootstrap value (69). Singletons were 

removed from the dataset and all data that passed quality control were used for 

statistical analysis. The final dataset was comprised of DNA sequences from 20 

beavers, 14 cats, 16 chickens, 32 cows, 19 deer, 17 dogs, 25 geese, 14 gulls, 18 

wild and domesticated rabbits (treated as a single source), 18 swine, 18 turkeys, 

and 22 effluent samples. 

Statistical analyses. Statistical analyses were done using QIIME v. 1.8.0 

(73), RStudio v. 0.99.896, R v. 3.2.1 (109) and mothur v. 1.34.0 (72). After 

sequence processing, multiple rarefaction depths were evaluated by random 

sampling of sequences so that the number of observed taxa were close to the 

number of expected taxa. A final sequence depth of 25,000 was chosen for all 

subsequent statistical analysis. Bray Curtis dissimilarity (110) was calculated in 
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mothur and was used in principal coordinates analysis (PCoA) and analysis of 

molecular variance (AMOVA) (111). Hierarchical clustering was calculated in the 

R package pvclust in RStudio (112) using the UPGMA method. Clustering was 

performed on a Bray Curtis dissimilarity matrix with 1,000 bootstrap iterations 

containing the averages of family-level taxa abundances from all sample types. 

Community-based MST was done using SourceTracker v. 1.0 (94) through 

QIIME v. 1.9.0 (73). While family-level taxa tables rarefied to a sequencing depth 

of 25,000 were used, SourceTracker was run with default parameters five 

independent times on the same FTL. Spearman rank correlations were 

performed in RStudio to determine the correlation between predicted source 

proportions obtained via SourceTracker and RSD values determined from the 

five independent runs of the SourceTracker program. 

RSD analysis was performed to estimate confidence in SourceTracker 

proportions and was calculated by using the average standard deviations of a 

sample across the five independent SourceTracker runs. This value was divided 

by the average predicted source proportions of that same sample obtained from 

the five independent SourceTracker runs.  

Power analyses were performed on all animal fecal samples to determine 

whether sufficient samples from each source type were present in the library to 

avoid increased statistical Type II error. Library size analysis was done by 

reducing the number of individuals within each source type (ranging from 14 to 

32) and then running power analysis using the R HMP package to determine a 
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minimum size of the library (96). If the source type did not have as many samples 

as required, all samples were used.  

 
Figure 2.1. Sampling sites  

Map showing locations of the seven sites that were sampled in the Lake Superior 

watershed in 2014 and 2015. The sites are as follows: 1) St. Louis River site 2, 2) 

St. Louis River site 1, 3) WLSSD treated effluent outfall, 4) Rice’s Point, 5) 

Brewery Creek storm drain, 6) Southworth Marsh storm drain, and 7) Minnesota 

Point Beach.  
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Table 2.1. GPS coordinates to environmental sites 

Site GPS Coordinates 

St. Louis River site 1 46.719486, 

92.189544 

St. Louis River site 2 46.700478, 

92.207532 

Western Lake Superior Sanitary District 

outfall (WLSSD) 

46.758008, 

92.120118 

Rice’s Point 46.751847, 

92.103359 

Brewery Creek storm drain 46.792084, 

92.089915 

Southworth Marsh storm drain 46.741114, 

92.062519 

Minnesota Point Beach 46.728946, 

92.047469 

 

 

RESULTS 
 

Bacterial community structure among water and fecal samples. 

Water samples from seven different locations in the Duluth-Superior Harbor and 

St. Louis River estuary in Duluth, MN and animal fecal samples were collected 

during 2014 and 2015. The V5 and V6 regions of the 16S rRNA gene were 

sequenced from 319 environmental lake water, fecal, and treated wastewater 

effluent samples yielding nearly 60 million reads. The 233 fecal samples were 

obtained from 12 different domesticated, agricultural, and wild animal types, as 

well as wastewater effluent, and together the source sequences comprised the 

FTL used for community-based MST.  

The average sequencing coverage for water and feces was 99% and 

ranged from 97% to 100% (Table 2.2). Feces, on average, had lower diversity 
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than did lake water (Table 2.2). Feces had, on average, a Shannon index of 4.2 

and 1,672 OTUs that clustered at 97% similarity, while freshwater samples had 

an average Shannon index of 4.8 and 3,272 OTUs clustering at 97% similarity 

(Table 2.2).   

Hierarchical clustering showed that the environmental water and animal 

samples clustered separately, indicating the microbiota in feces is different from 

that found in water (Fig. 2.2A). The most common microbiota found in 

environmental water communities included members of the families 

Sporichthyaceae, LD12, and Comamonadaceae (Fig. 2.2B).  In contrast, 

members of the families Erysipelotrichaceae, Peptostreptococcaceae, and 

Ruminococcaceae were prevalent in the treated wastewater effluent samples, 

and animal fecal samples were dominated by members of the families 

Ruminococcaceae, Lachnospiraceae, and Peptostreptococcaceae (Fig. 2.2B). 

Nearly 30% of the sequencing reads from rabbits, swine, deer, cows, and 

beavers were classified as Ruminococcaceae and Lachnospiraceae. Cats, dogs, 

and chickens had nearly equal amounts of those families, as well as several 

other families, which explains why their samples clustered together (Fig. 2.2A). 

While geese had nearly equal amounts of Ruminococcaceae and 

Lachnospiraceae, which was similar to cats, dogs, and chickens, several of the 

families that make up the community structure were relatively different (Fig. 

2.2A). 

Similar to what was found with hierarchical clustering, PCoA revealed that 

fecal and environmental water samples clustered separately (Fig. 2.3). AMOVA 
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pairwise-comparisons identified significantly different (p <0.05) bacterial 

community structures among animal feces, effluent samples and freshwater sites 

in the Lake Superior-St. Louis River estuary. Fecal samples from individuals in 

the same source type clustered together (Fig. 2.3). Moreover, AMOVA analyses 

found that the bacterial community structures were significantly different between 

animal types.  
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Table 2.2. Diversity indices of all fecal and water samples used in this study 

Sample 
Type 

 
n 

 
Site/Group 

Avg. 
Coverage 

(%) 

Avg. 
Observed 

OTUs 

Shannon 
Index 

Water 
9 St. Louis River 1 

100 ± 0 1402 ± 488 3.65 ± 0.7 

Water 

6 St. Louis River 2 

99 ± 0 

1914 ± 

1067 3.97 ± 1 

Water 

15 WLSSD Outfall 

99 ± 0 

2069 ± 

1423 4.02 ± 1.2 

Water 

12 Southworth Marsh 

99 ± 0 

3084 ± 

2895 4.49 ± 1.6 

Water 

14 MPB 

98 ± 0 

4281 ± 

2976 5.32 ± 1.8 

Water 

14 Rice’s Point 

99 ± 0 

5297 ± 

3212 6.01 ± 1.5 

Water 

15 Brewery Creek 

98 ± 0 

4861 ± 

3022 6.13 ± 1.5 

mean    3272 4.80 

Fecal 22 Effluent 99 ± 0.1 2809 ± 797 4.40 ± 0.8 

Fecal 20 Beavers 100 ± 0.1 1256 ± 334 4.49 ± 1.0 

Fecal 12 Beef Cows 99 ± 0.1 2243 ± 453 5.57 ± 0.2 

Fecal 20 Dairy Cows 99 ± 0.1 2920 ± 600 5.85 ± 0.3 

Fecal 14 Cats 100 ± 0.1 694 ± 156 3.45 ± 1.0 

Fecal 16 Chickens 97 ± 0.1 1251 ± 827 3.39 ± 0.8 

Fecal 

19 Deer 

97 ± 0.1 

1748 ± 

1223 5.16 ± 0.7 

Fecal 

25 Geese 

100 ± 0 

1395 ± 

1121 3.61 ± 0.7 

Fecal 14 Gulls 99 ± 0 1500 ± 947 3.24 ± 0.8 

Fecal 17 Dogs 100 ± 0 624 ± 974 2.35 ± 0.9 

Fecal 18 Rabbits 100 ± 0 1330 ± 683 4.83 ± 0.9 

Fecal 18 Swine 100 ± 0 2259 ± 767 5.12 ± 0.9 

Fecal 18 Turkeys 100 ± 0 536 ± 871 1.99 ± 0.9 

mean    1672 4.20 

MPB = Minnesota Point Beach. 
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Figure 2.2. Clustering and taxonomic distribution in water and fecal 
samples at the family level  

(A) Hierarchical clustering using the UPGMA method performed on a Bray Curtis 

distance matrix containing averages of all sample types. Red values at nodes are 

AU p-values. (B) Stacked taxonomic bar charts depicting the average relative 

abundances of the thirty most abundant taxa. Hierarchical clustering (Fig. 2A) 

determined the order of samples for Fig. 2B. The number of animals used in both 

analyses are as follows: beavers (n=20), cats (n=14), chickens (n=16), cattle 

(n=32), deer (n=19), dogs (n=17), treated effluent (n=22), geese (n=25), gulls 

(n=14), rabbits (n=18), swine (n=18), and turkeys (n=18). The number of water 

samples per site are as follows: St. Louis River 2 (n=6), St. Louis (n=9), WLSSD 
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outfall (n=15), Rice’s Point (n=14), Brewery Creek (n=15), Southworth Marsh 

(n=12), Minnesota Point Beach (n=14).  

 
Figure 2.3. Principal coordinate analysis depicting sample relatedness  

Principal coordinates analyses were performed using a Bray Curtis dissimilarity 

distance matrix that described the dissimilarity of all collected fecal and water 

samples. Water site samples are shown in gray scale and in a variety of shapes 

while animal fecal samples are depicted in colored circles.  

 
Power analysis to determine appropriate library sizes. Power analyses 

were used to determine the number of samples in the FTL necessary to show 

statistical significances between fecal sources. To determine the lowest number 

of samples needed, library sizes were varied and power analyses re-run on the 

reformed libraries (Table 2.3). When < 12 animals per type were analyzed the 

power was 0%, while at 13 animals per type group, the power was ~31% (Table 

2.3). Greater than 13 individuals per animal type at 25,000 reads per sample 

yielded a power of 100% (Table 2.3). 
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Table 2.3. Power analyses of fecal samples to determine appropriate 
sample amounts for this study 

Library Size Power (%) 

10 0 

11 0 

12 30.9 

13 100 

15 100 

All 100 

Power analyses were performed at the family level on a taxa table containing a 

sequencing depth of 25,000 reads per sample.   

 
Fecal sources determined by using SourceTracker analyses. Five 

independent runs of SourceTracker on family-level taxa tables predicted that 

treated wastewater effluent was likely the most common fecal input source in 

seven different locations in the Duluth-Superior Harbor and St. Louis River 

estuary (Fig. 2.4). The most common families used to create the bacterial profile 

from treated wastewater effluent included the Comamonadaceae, 

Burkholderiaceae, and Candidate division OD1. SourceTracker used an average 

of 172 different families, across all seven sites to make bacterial profiles for 

wastewater effluent (Table 2.4). The number of family-level taxa used to predict 

fecal inputs at different sites varied.  

As expected, the WLSSD outfall that releases treated wastewater effluent 

into the Lake Superior-Duluth Harbor, had the greatest predicted source 

contribution associated with effluent (Fig. 2.4). This was followed by St. Louis 
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River site 2, Brewery Creek storm drain, Minnesota Point Beach, Rice’s Point, 

Southworth Marsh storm drain, and St. Louis River site 1 (Fig. 2.4). 

Fecal inputs by waterfowl (geese and gulls) were less widespread, and 

estimated to account for an average of 10% of the fecal inputs at the Brewery 

Creek storm drain in June 2015. SourceTracker used a mean of 68 different 

families to create bacterial profiles for geese at the Brewery Creek site (Table 

2.4). The most common families used to determine geese fecal inputs were 

Lachnospiraceae, Comamonadaceae, Oxalobacteraceae, and 

Flavobacteriaceae. In contrast, in June 2015, over half of the total detected 

contamination at the St. Louis River site 2 was estimated to come from gulls. 

SourceTracker used 68 different families to create bacterial profiles for gulls 

including the common orders Enterobacteriaceae, LD12 (within the SAR11 clade 

of the Alphaproteobacteria), Sporichtyaceae, and Burkholderiaceae (Table 2.4). 

Spearman rank correlation (ρ = -0.98, p value < 2e-16) revealed that the 

RSD values obtained from the five SourceTracker runs were negatively 

correlated with the size of the predicted SourceTracker proportions. Larger 

SourceTracker proportions, like those seen with effluent had lower RSD values, 

while smaller SourceTracker proportions like geese and gulls had higher RSD 

values (Table 2.5). 
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Figure 2.4. SourceTracker results depicting sources of fecal bacteria at 
seven sites in the Duluth-Superior Harbor and St. Louis River estuary  

SourceTracker was run on all collected water samples in five independent runs to 

perform community-based MST in the Lake Superior watershed. One bar 

represents the average of predicted fecal sources across all sampling events at 

one site in one independent SourceTracker run. Only SourceTracker proportions 

>1%, with RSDs below 100% were used. 
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Table 2.4. Unique OTUs and taxa used by SourceTracker to assign 
contamination sources  

Site Source Most Abundant Taxa Number of 

Unique 

Taxa 

SLR 1 Effluent Comamonadaceae, 

Burkholderiaceae, Sporichtyaceae 

151 

SLR 2 Effluent Comamonadaceae, 

Burkholderiaceae, LD12 

118 

SLR 2 Gulls Enterobacteriaceae, LD12, 

Sporichtyaceae 

79 

WLSSD  Effluent Comamonadaceae, Candidate 

division OD1, Candidate TM7 

230 

SWM Effluent Burkholderiaceae, 

Comamonadaceae, Sporichtyaceae  

134 

MPB Effluent Comamonadaceae, 

Burkholderiaceae, Sporichtyaceae  

158 

RP Effluent Comamonadaceae, 

Burkholderiaceae, Sporichtyaceae  

166 

BC  Effluent Comamonadaceae, Candidate 

division OD1, Flavobacteriaceae 

245 

BC  Geese Lachnospiraceae, Comamonadaceae, 

Oxalobacteraceae 

68 

SourceTracker was run on all collected water samples on a taxa table that 

contained family level taxonomic classifications. The third column contains the 

average number of family level taxa from five independent SourceTracker runs 

used for each source at each site. Site abbreviations are as follows: SLR = St. 

Louis River, WLSSD = the Western Lake Superior Sanitary District outfall, SWM 

= Southworth Marsh storm drain, MPB = Minnesota Point Beach, RP = Rice’s 

Point, and BC = Brewery Creek storm drain.  
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Table 2.5. Relative standard deviation analysis of SourceTracker results 
after five independent runs of select samples 

Sites & Dates Source Avg. ST 

Proportion 

(%) 

RSD 

(%) 

WLSSD July 27, 2015 Effluent 94.9 

 

0.71 

SLR 2 June 16, 2015 Effluent 68.3 2.48 

 

MPB November 5, 2014 Effluent 33.9 

 

4.07 

RP August 20, 2014 Effluent 18.9 

 

7.30 

 

BC June 16, 2015 Geese 6.1 20.71 

 

Select sites and dates were chosen to illustrate the negatively correlated trend of 

SourceTracker proportion and RSD values. Abbreviations are as follows: ST = 

SourceTracker; RSD = relative standard deviation, SLR 2 = St. Louis River site 2, 

WLSSD = Western Lake Superior Sanitary District outfall, RP = Rice’s Point, and 

BC = Brewery Creek storm drain. The RSD was calculated by dividing the 

average standard deviation over five independent SourceTracker runs by the 

average source proportion also obtained from five independent SourceTracker 

runs for each water sample and multiplying it by 100.  

 

DISCUSSION 
 
 In this study, the use of high-throughput DNA sequencing to create a FTL 

was applied as a tool to determine sources of fecal bacteria at seven different 

sites in the Duluth-Superior Harbor and St. Louis River estuary in Duluth, MN, 

USA. SourceTracker, a computational tool, was utilized to estimate the sources 

and the relative contributions of various fecal inputs into the study sites (94). We 
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performed power and relative standard deviation analyses to determine the 

appropriate size of the FTL as well as acquire an additional error estimation of 

the SourceTracker program.  

  On average, water samples possessed greater microbial diversity than did 

fecal samples. Shannon indices ranged from 3.65 to 6.13 in water versus 1.99 to 

5.85 in feces. This could be due to water communities receiving a variety of 

microbial inputs from stormwater and soil run-off from rain events. Our results are 

similar to those from previous research on a wide variety of sample types (113). 

The microbial community structures present in animal feces explain the 

clustering patterns seen in Figs. 2 and 3. All fecal samples from animals had 

large relative abundances of Clostridiales, with Bacteroidales as the next most 

abundant order, except for gulls which was in agreement with previous studies 

(84,92,114).  

Turkeys, geese, chickens and gulls cluster around each other within the 

fecal cluster. These samples contain families within the order Lactobacillales 

which is consistent with previous literature on these animals (54,88,115–117). 

Clustered near the avian sample microbiomes are domesticated cats and dogs, 

which possess bacterial communities that resemble chickens and to a lesser 

extent, geese microbiomes. Fecal samples from dogs, chickens and cats share 

several bacterial taxonomic families that drive the close clustering of these 

groups within our study. Our data also supports the presence of 

Erysipelotrichales in these animals’ microbiomes (84,92,117,118).  
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Agricultural animals such as cattle and swine cluster around wild and 

domesticated rabbits, deer, and beavers. These animals’ microbiome samples 

possess large amounts of similar bacterial families in this study. In previous work, 

the fecal microbiomes of beavers and cattle possessed Ruminococcaceae and 

Lachnospiraceae which is consistent with our study (76,119). Other research has 

shown that the fecal microbiomes of rabbits and swine consist of Firmicutes, 

Bacteroidetes and Verrucomicrobia, which is also consistent with our study 

(120,121).  

 The fecal microbiome samples from geese, dogs, cats and chickens 

exhibited higher levels of variability than other animals. Using the Shannon index 

as an additional diversity estimator, some of the highly variably groups seen in 

the principle coordinates analysis possess standard deviations that either exceed 

the averaged OTU values in an animal type group or are close to it. In addition, 

the samples within these animal groups are more sparsely clustered relative to 

other animals in this study. Geese and chicken samples are sparsely clustered 

throughout the fecal sample cluster in Fig. 3. While cat and dog samples cluster 

more tightly than geese and chickens, these samples still cluster more 

disparately than other animal groups. The greater degree of dissimilarity within 

these sources could potentially confound SourceTracker calculations to identify 

the presence and source of pollution from animals with high intra-group 

variability.  

SourceTracker predicted the largest source of fecal inputs to the study 

sites were due to treated wastewater effluent. Two wastewater treatment plants 
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(WWTP) discharge treated effluent into the Lake Superior-Duluth Harbor. As 

expected, the greatest proportion of taxa associated with wastewater effluent 

were at the outfall site in the harbor, while the lowest numbers were found at the 

St. Louis River site 1. Previous research using qPCR found that fecal inputs in 

the Lake Superior-Duluth Harbor could be attributed to wastewater effluent from 

WWTP (98,122). Our results obtained via community-based MST support these 

previous findings.  

Aside from wastewater effluent, the next most common fecal input source 

predictions included geese and gulls. Similarly, E. coli from waterfowl was found 

to be a significant contributor to fecal inputs at the Duluth Boat Club beach (123). 

At the Brewery Creek site, geese, on average, were estimated to make up 5% of 

the fecal contamination sources, while gulls were estimated to have contributed 

about 30% of the fecal loading at the St. Louis River site 2. While treated 

wastewater effluent was found here to be the most prevalent source of fecal 

inputs at the sampled sites, these results do not necessarily mean there are 

serious health risks associated with these inputs, although there may be 

potentially unknown risks such as heavy metal contamination associated with 

effluent discharge (124). The effluent signal is likely stronger than other potential 

sources given that it is released daily at high concentrations while waterfowl 

populations are more transient.  

SourceTracker estimated that several sites had large contributions from 

an unknown source. SourceTracker works by modeling the environmental 

sample as a mixed sink for several source taxa. It then works to assign all the 
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taxa in an environmental sink sample to a source. If taxa cannot be assigned to a 

source, it is assigned to an “Unknown” category. These unsourced taxa could be 

from unknown sources present in the environmental sites or be a part of the 

indigenous microbiome of freshwater in this estuary. 

To increase confidence of the proportion predictions by SourceTracker, 

the RSD was calculated from five independent SourceTracker runs. Sources with 

the largest proportions had the lowest RSD values, indicating high confidence. 

Spearman rank correlation found a strong negative relationship between RSD 

and the size of predicted source proportions. This trend is in accordance with 

previous findings, where the program yielded greater variability when quantifying 

low source contributors (94,95). Therefore, SourceTracker may only be able to 

predict that low abundance sources are present, rather than accurately 

quantifying fecal inputs.  

The geographic and temporal stability of the multi-taxa markers will need 

to be further investigated since geographic variability made sharing curated 

libraries difficult in previous library-dependent MST methods (45,125,126). 

Another consideration is that the decay rates for different taxa are likely unique 

and dependent on environmental factors (127). Since community-based MST 

markers are comprised of several different taxa, their unique decay rates may 

affect SourceTracker’s ability to accurately assign correct sources to 

contamination in a watershed.  

Additionally, while there were similarities between the animal microbiomes 

in previous studies and this work, the sequencing of different variable regions, 
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choice of sequencing technologies and chemistries, as well as the bioinformatic 

processing could have contributed to the lack of similarities between microbiome 

community structures. These factors also complicate the use of shared libraries if 

multi-taxa markers are not spatially and temporally stable and will need to be 

further researched. 

Community-based MST potentially allows for the simultaneous screening 

of all sources. While this technique is promising, there are still several challenges 

to be investigated including the geographic variability and temporal stability of 

FTLs, the cost and time required to build high-throughput sequencing libraries, 

risk assessments, decay of fecal pollution indicators and the effects of 

physiochemical parameters on decay, as well as the appropriate amount of each 

animal/fecal type required for each FTL. However, with a greater understanding 

of the potential pitfalls of this method, community-based MST could serve as a 

powerful way of determining fecal pollution sources in waterways. 

  



 

 

 48 

CHAPTER 3 : EVALUATION OF 
SOURCETRACKER FOR COMMUNITY-BASED 
MICROBIAL SOURCE TRACKING IN IN SITU 

FRESHWATER MESOCOSMS 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Brown C, Mathai P, Loesekann T, Staley C, Sadowsky M. Manuscript submitted 
for peer review to Environmental Science & Technology. 
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INTRODUCTION 
 

Microbial source tracking (MST) is the science of determining sources of 

fecal contamination in water, food and the environment. Recent MST methods 

targeted to water have utilized quantitative PCR (qPCR) to amplify host-

associated microbial markers to identify potential fecal sources (54,128,129). 

However, given the knowledge gap on the microbiota of different animal fecal 

sources, coupled with several qPCR markers suffering from low specificity, 

sensitivity, and cross-reactivity, a more reliable MST method is needed (47,88–

90,129).  

In the last two decades, the advancement of culture-independent 

techniques like high-throughput DNA sequencing have led to large-scale 

microbial community studies to profile microorganisms present in different 

environments (77,78,82,84,92,130,131). Several studies have reported distinct 

microbial communities that are present in the feces of different animals and in 

environmental samples (77,78,82,84,92,130,131). Leveraging DNA sequence 

data to acquire the unique microbial community profiles of environmental and 

fecal sources for MST has been termed community-based MST (84,94,95,130).  

Community-based MST approaches have been used in several studies, 

with some performed in concert with the Bayesian classifier program 

SourceTracker, which determines the probability that certain taxa are derived 

from specific fecal sources (84,94,95,130). This program provides an estimated 

percentage of the sequenced microbial community at a site (the sink) that can be 

attributed to a specific fecal source. SourceTracker also reveals the composition 
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of OTUs used to build the source profiles, as well as their relative abundances in 

each of the community-based source profiles it builds and uses from each of the 

sources in the fecal taxon library (FTL). To our knowledge, there has been no 

study to date that has explored the source profiles SourceTracker creates. There 

is also no study to date that examines how SourceTracker handles closely 

related sources. More information on the composition of SourceTracker source 

profiles will yield better insights into how the program uses the provided FTL data 

to predict sources.  

There are still several critical aspects of SourceTracker’s ability to perform 

in community-based MST that have not been explored. The efficacy of 

SourceTracker to detect known sources is still being established (84,95,130), as 

well as the consistency of these community-based MST source profiles (83,95). 

No studies to date have explored how SourceTracker results are impacted if the 

FTL contains additional sources, or if present sources are missing from the FTL 

provided. Additionally, to our knowledge, there have been no studies that 

address whether SourceTracker is able to predict sources that have undergone 

environmental exposure. Moreover, the impact on SourceTracker predictions 

when using or excluding autochthonous taxa as a source in these studies has not 

been investigated. Thus far, the study of SourceTracker’s predictive power has 

been in vitro (95). These are all critical points of investigation that may influence 

the accuracy of SourceTracker results.  

Therefore, the objective of this current study was to determine the ability 

of SourceTracker to detect inputs of known fecal sources that had been exposed 
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to freshwater environmental conditions and how different combinations of FTLs 

(configurations) impact determination of input sources. To simulate in situ 

conditions of when fecal contamination occurs, different combinations of fecal 

sources were spiked into ambient lake water and exposed to a freshwater lake in 

St. Paul, MN, USA that had an observable but small population of geese. These 

sources were chosen for their potential impact to human health and to challenge 

SourceTracker’s ability to distinguish closely-related sources. Feces from cows is 

hypothesized to pose high health risks, second only to the threat from human 

feces (132). In previous work, the bacterial community structure of secondary 

wastewater effluent closely resembled the bacterial community structure of 

freshwater (130). Effluent was therefore used to evaluate whether SourceTracker 

could discern between two sources (effluent and lake water) that had similar 

bacterial community structures. The triple-source fecal mixture (horse, cow, 

effluent) was created to simulate when multiple sources impact a body of water 

and to test SourceTracker’s ability to distinguish between them. We also 

evaluated the taxonomic composition of the SourceTracker source profiles for 

insights into how SourceTracker uses the provided data to discern sources. 

 

METHODS 
 

Sample collection, mesocosm creation and environmental 

placement. To evaluate SourceTracker’s predictive power under the influence of 

environmental exposure, triplicate, 300 ml, lake water samples containing single 

and triple fecal sources (secondary wastewater effluent, cattle, and horse feces) 

were contained within dialysis bags and placed in a freshwater lake. 
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Four types of spiked mesocosms were made for this study: cow-only, 

secondary wastewater effluent-only, lake water-only and a mixture of cattle and 

horse feces, and secondary effluent. Triplicate mesocosms of each treatment 

were prepared by diluting spiked sources into lake water collected from Lake 

Owasso in St. Paul, Minnesota (MN), USA. 

Fecal samples from five cows and five horses were collected from the 

University of Minnesota Agriculture Extension in St. Paul, MN, USA on two 

separate days of each experiment in 2016. Pre-treated secondary wastewater 

effluent was also obtained on the days of the experiments from the Metropolitan 

Council Environmental Services wastewater plant in St. Paul, MN, USA. These 

studies that occurred on two different days are referred to as Experiment 1 and 

Experiment 2.   

To construct the cow-only spiked mesocosms, 4 g of feces were collected 

from five individual cows for each experiment and blended with 1 L sterile 

phosphate buffered saline (PBS), pH 7.0. The fecal slurry was diluted 1:10 into 

lake water to make the cow-only spiked mesocosms to a final volume of 300 ml. 

For the effluent-only spiked mesocosms, a final concentration of 30% (v/v) 

effluent diluted into ambient lake water was used. For the mixed spiked 

mesocosms, 12.5 g of cow and horse feces each, along with 300 ml of 

secondary wastewater effluent were blended with 1 L of sterile PBS. The cow 

and mix slurries were diluted to 1:10 into 300 ml of a lake water. All spiked 

mesocosms were transferred to dialysis bags that were 75 mm (flat-width) with a 

molecular weight cut-off of 12-14 kD (Spectrum, Inc., Rancho Dominguez, CA).   
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A support frame to hold dialysis bags in water was constructed as 

previously described (133). The cage, 152.4 cm × 76.2 cm, was made using 1.9 

cm PVC pipe, and covered with plastic chicken-mesh wire to allow for water flow-

through, while preventing larger debris from puncturing the dialysis bags during 

strong hydrologic disturbances. Dialysis bags were submerged in Lake Owasso 

for one hour. 

Mesocosm sample processing. The triplicate dialysis bags for each 

treatment were collected in sterile 2 L bottles and transported to the lab at 

ambient temperature in approximately 800 mL of freshly collected lake water. 

The bags were gently massaged and the mesocosm slurries were transferred to 

sterile 500 ml bottles. All mesocosm samples were processed as previously 

described (130). Briefly, mesocosm slurries were filtered through 5 μm, 0.45 μm, 

and 0.22 μm nitrocellulose filters (Millipore-Sigma, St. Louis, MO) (100). The 0.45 

m and 0.22 m filters were pooled for filter processing and were the only filters 

used in this study. Filter processing involved adding 2 ml of 0.01% sodium 

pyrophosphate buffer, pH 7.0, containing 0.2% Tween 20, and vortexing three 

times. The supernatant was centrifuged at 13,000 × g for 3 min and the cell 

pellets from the same mesocosm samples were collected, combined, and stored 

at -20°C until DNA extraction. DNA was extracted using the MoBio Powersoil 

(now the DNeasy PowerSoil) DNA extraction kit (Qiagen, Hilden, Germany), as 

per kit directions.  

High-throughput DNA sequencing. Amplicon-based DNA sequencing 

was done as previously described at the University of Minnesota Genomics 
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Center (St. Paul, MN, USA) (103,130). Primers F784 (GGATTAGATACCC) (101) 

and 1046R (CGACRRCCATGC ANCACCT) (102) were used to amplify the V5 

and V6 regions of the 16S rRNA gene. Amplicons were paired-end sequenced 

using the dual indexing method on the Illumina HiSeq 2500 and MiSeq platforms 

(Illumina, San Diego, CA) (103). Sequencing results generated from this study 

can be accessed from the NCBI Sequence Read Archive under BioProject 

PRJNA473286. 

Quantitative PCR. To evaluate whether waterfowl could be detected by 

another MST method, qPCR was performed on all mesocosm samples in this 

study using the GFD marker (54). The forward and reverse primer sequences 

were: TCGGCTGAGCACTCTAGGG and GCGTCTCTTTGTACATCCCA, 

respectively (54). Triplicate reactions were performed in 20 μl volumes with iTaq 

(TM) Universal SYBR® Green Supermix (Biorad, Hercules, CA). Magnesium 

chloride was used at a 1 mM final concentration (Promega, Madison, WI). The 

concentration of each primer was 250 nM with 5 μl of template DNA added to 

each 15 μl reaction. Cycling conditions were as follows: 95C for 10 minutes, with 

40 cycles of 95C for 15 seconds and 57C for 30 seconds. Only reactions with 

amplification efficiencies above 90% and below 110% are reported here.  

Bioinformatics. The dataset for FTL construction and SourceTracker 

analyses included fecal input sources generated from a previous study (130) : 20 

beavers, 14 cats, 16 chickens, 32 cows, 19 deer, 17 dogs, 25 geese, 14 gulls, 18 

rabbits, 18 swine, 18 turkeys, 22 effluent samples, and 16 horses. All fecal 
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samples were collected from Minnesota except horses which were collected from 

Florida.  

When all fecal sources were included in the FTL, these configurations 

were referred to as the All Available Sources (AAS) library. When only the known 

sources (cows, effluent, horses and occasionally lake water when used as a 

source) were included in the FTL, the configurations were known as the Only 

Known Sources (OKS) library. Lake water was used as either a source or a sink 

to evaluate its effect on SourceTracker predictions in both FTL configurations. 

QIIME v. 1.8.0 and 1.9.1 (134) , R v. 3.2.1 (135)  and SourceTracker v. 

1.0.1 (56) were used for bioinformatic and statistical processing of DNA 

sequence data. Data, generated from both Illumina HiSeq and MiSeq runs, were 

processed as previously described (130). Low-quality base calls and Illumina 

adapter contamination were removed with Trimmomatic v. 3.2 (104), and 

primers, homopolymers >8, reads smaller than 75% of the amplicon length were 

removed with Pandaseq (105). UCHIME v. 6.1 (74) was used to remove 

chimeras, while open-reference OTUs were clustered at 97% with uclust (107). 

Sequence alignment was performed with the SILVA v. 128 reference database 

(108) using the PyNAST algorithm (73). Taxonomic assignment, with an 80% 

bootstrap value, used the SILVA v. 128 reference taxonomy database with the 

RDP Classifier (69). The remaining high-quality data were used for statistical 

analyses after removal of singletons from the dataset. After multiple rarefaction 

depths were analyzed for sample coverage, 30,000 sequences per sample was 
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chosen. Bray-Curtis dissimilarity (110) was calculated to determine sample 

relatedness. 

The betadisper function (136) of the R vegan package (137) was run to 

calculate inter-group variation. This test is a multi-variate version of Levene’s test 

for homogeneity of variances and calculates the average distance of group 

members to the group centroid (138). Significance was determined with 

permutation tests. 

SourceTracker (56) was used to perform community-based MST as 

previously described (130). Different library configurations were built by filtering 

the OTU table for only the source and sink samples that were included in the FTL 

configuration in QIIME. To assess confidence in the SourceTracker predictions, 

relative standard deviation (RSD) values have been calculated from multiple 

technical replicates of SourceTracker runs (95,130). These values, however, only 

address the technical replicates used by SourceTracker, and not the combined 

error between the biological and technical replicates. To assess the error in 

biological and technical replicates of SourceTracker sink predictions, five 

independent runs were performed and all values were averaged. This was done 

by averaging SourceTracker predictions of the five technical replicates and 

biological replicates and calculating the standard deviation between all technical 

and biological replicates. This allowed for calculation of the overall relative 

standard deviation (RSD), where the standard deviation between the biological 

and technical replicates was divided by the averaged SourceTracker predictions 

of each source in each of averaged mesocosm samples.  
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SourceTracker output includes source-specific sink contribution files for 

each source. These files contain the relative abundances of OTUs that compose 

a source profile in every sink sample. While the source profiles of the same 

source in each mesocosm can be different, this file allows us to view all of the 

taxa used across all mesocosms to build a specific source profile. Therefore, 

source-specific OTU lists, which included all of the taxa used to build a particular 

source across all mesocosms, were constructed from the sink contribution files 

using taxa that had relative abundances greater than 0%. Intersecting OTUs 

between two different SourceTracker source profiles were selected to better 

understand the percentage of taxa shared between them. These intersecting 

OTUs were termed the shared taxonomic composition (Fig. 3.1). This analysis 

yielded two numbers for each source combination and was exclusively used on 

the OKS configurations. Each number was the percentage of the source profile 

that consisted of shared taxa with the other source profile.  

To determine how much of a source profile in a mesocosm consisted of 

shared taxa, the number of taxa in each source-specific OTU list within a 

mesocosm was divided by the number of taxa in the shared taxonomic 

composition that was compared to it (Fig. 3.1). This percentage was termed the 

shared relative abundance (Fig. 3.1). This analysis yielded shared relative 

abundances for every source in a sink sample, and was used exclusively on the 

OKS configurations. Since differences between the two experiments were small, 

only mean values from the first experiment were reported. 
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Figure 3.1. Depiction of the shared taxonomic composition and shared 
relative abundance  

The shared taxonomic composition are the percentages of taxa in each marker 

that are shared between two different markers. The shared relative abundance is 

the percentage the shared taxonomic composition composes in a marker used to 

predict a source in a mesocosm. 

 

RESULTS 
 

The effects of using “All Available Sources” on SourceTracker 

predictions. Two additional FTL configurations were constructed to investigate 

how additional sources in the FTL, chiefly those sources that were not present in 

the mesocosms, impacted SourceTracker’s ability to discern known and present 

sources (Fig. 3.2). All available sources (AAS) were analyzed with the lake water 

mesocosm acting as either a source (Fig. 3.2a) or a sink (Fig. 3.2b).  
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When lake water was used as a source, SourceTracker predicted that 

cows, horses, and lake water were in the cow mesocosms, effluent and lake 

water were in the effluent mesocosms, and cows, horses, and lake water were in 

the mixed mesocosms (Fig. 3.2a). SourceTracker also predicted a moderate 

presence of geese in the mixed mesocosms in both experiments and in the cow 

mesocosms in Experiment 2. Additionally, effluent did not appear in the mixed 

mesocosms.  

When lake water was used as a sink, SourceTracker predicted that the 

cow mesocosms consisted of a little less than half of cow (Fig. 3.2b). Some of 

the other sources predicted included waterfowl and effluent (Fig. 3.2b). High 

levels of effluent, with low levels of waterfowl, were predicted in the lake water 

mesocosms, while horses, cows, and geese were the main predicted sources in 

the mixed mesocosms (Fig. 3.2b). 

When lake water was used a sink, the lake water mesocosm predictions 

never summed to around 100% since there were substantial predictions with 

overall RSD values above 100% that had been removed. 

Quantitative-PCR was used to determine whether waterfowl, such as 

geese, had been present in the lake water. While geese fecal samples had 

detectable levels of GFD marker, none of the mesocosm samples displayed 

detectable levels of this marker (data not shown). 

Additionally, the intra-group variability of all source profiles was evaluated. 

Geese had the highest intra-group variability which was found to be significantly 

different from cows (Fig. 3.3).  
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Figure 3.2. Stacked bar charts analyzing effects of additional sources in the 
FTL on SourceTracker predictions  

Only values that are above 1% and have overall RSD values less than 100% 

were used. The y-axis depicts the averaged percent of total contamination for 

each source while the x axis are the mesocosms. (a) This figure shows 

SourceTracker results from the AAS FTL configuration with lake water being 

utilized as a source while (b) depicts the AAS FTL configuration with lake water 

as a sink. 
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Figure 3.3. Boxplot depicting intra-group variances within source groups.  

Black dots are all samples within a group. A multivariate version of Levene’s test 

for homogeneity of variances was performed on source group samples. Higher 

distances from the median indicate higher variation within the group. To have 

sample numbers that resembled other source groups, the cow source group was 

reduced to 20 samples instead of 32 for this analysis. 

 

The impact of using “Only Known Sources” on SourceTracker 

predictions. Two more FTL configurations were constructed to determine how 

the fecal taxon library (FTL) composition impacted SourceTracker’s ability to 

discern known and present sources (Fig. 3.4). These configurations addressed 

how SourceTracker predictions were impacted by the presence of only the 

known sources (OKS) in the FTL.  
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When lake water was used as a source, SourceTracker predicted that 

cows and lake water were the major sources in the cow mesocosms, effluent and 

lake water in the effluent mesocosms, and effluent, cows, horses, and lake water 

in the mixed mesocosms (Fig. 3.4a). There were low to moderate levels of horse 

in the cow mesocosms in both experiments (Fig. 3.4a). The effluent signal was 

not detected in the mixed mesocosms (Fig. 3.4a). 

When lake water was used as a sink, SourceTracker predicted mostly 

cows with varying levels of cows and horses in the cow mesocosms across both 

experiments. High levels of effluent were predicted in the effluent and lake water 

mesocosms with horses, cows, and effluent being predicted in the mixed 

mesocosms (Fig. 3.4b).  

Additionally, in Experiment 1 when lake was used as a sink, the lake water 

mesocosm predictions never summed to around 100%. There were substantial 

predictions with overall RSD values above 100% that had been removed. 
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Figure 3.4. Stacked bar charts analyzing effects of using only the known 
sources in the FTL on SourceTracker predictions  

Only values that are above 1% and have overall RSD values less than 100% 

were used. The y-axis depicts the averaged percent of total contamination for 

each source while the x axis are the mesocosms. The following configurations 
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were tested: (a) the OKS FTL configuration with lake water being utilized as a 

source and (b) depicts the OKS FTL configuration with lake water as a sink. 

 

The effects of FTLs with missing sources on SourceTracker 

predictions. To address how SourceTracker predictions are impacted when 

known sources are missing, six additional FTL configurations were constructed 

(Fig. 3.5). These included examining the effects of when each of the sources 

were missing from their respective mesocosms with lake water as either a source 

(Fig. 3.5a-c) or a sink (Fig. 3.5d-e).  

 When lake water was used as a source, SourceTracker predicted that cow 

and lake water were in the cow and mixed mesocosms (Fig. 3.5a), that effluent 

and lake water were in the effluent mesocosms (Fig. 3.5b), and that horses and 

lake water in the mixed mesocosms (Fig. 3.5c). Horse was also predicted to be 

present in the cow mesocosm when horse and lake water were an available 

source in the FTL (Fig. 3.5c). When lake water was used as a sink, 

SourceTracker predicted that cow and horse were in nearly all mesocosms when 

they each were used as the only sources available (Fig. 3.5d-f). In addition, 

effluent was predicted in all mesocosms when it was present as the only source 

(Fig. 3.5e). 
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Figure 3.5. Stacked bar charts analyzing effects of missing sources on 
SourceTracker predictions  

Only values that are above 1% and have overall RSD values less than 100% 

were used. The y-axis depicts the averaged percent of total contamination for 

each source while the x axis are the mesocosms. The following FTL 

configurations were tested: (a) when cows and lake water are only present, (b) 

when only effluent and lake water were present, (c) when only horse and lake 

water were present, (d) when only cow was present, (e) when only effluent was 

present, (f) when only horses were present. 
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Analysis of SourceTracker source profiles. To describe how 

SourceTracker forms the multi-taxa source profiles, the concept of shared 

taxonomic composition was created (Fig. 3.1). As defined previously, shared 

taxonomic composition is the percentage of taxa that are shared between two 

different source profiles. This analysis exclusively focused on the OKS 

configurations, with lake water used as a source or a sink due to the few sources 

available (Fig. 3.3).  

A large percentage of the taxa in the effluent source profile was shared 

between lake water in the configuration where lake water was used as a source 

configuration, and with unknown in the configuration where lake water was used 

as a sink configuration (Table 3.1). There were few shared taxa between cow 

and horse in either configuration (Table 3.1). When comparing across different 

configurations, a large quantity of the taxa in the lake water source profile, when 

lake water was used as a source, was shared with the unknown fraction in the 

configuration where lake water was used as a sink (Table 3.1). There was a 

relatively moderate percentage of shared taxa between the cow and horse 

source profiles when comparing the source profiles across different 

configurations (Table 3.1). 

As previously defined, the shared relative abundance determines how 

much of a source profile in a given mesocosm consists of the shared taxonomic 

composition between two other source profiles. The shared relative abundances 

of different SourceTracker source profiles (Fig. 3.1) within various mesocosms 
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were examined to better understand how SourceTracker uses different sources’ 

taxa to form multi-taxa source profiles (Table 3.2).  Nearly all of the taxa shared 

between effluent and unknown was used to build the effluent source profiles in 

both the lake water and the effluent mesocosms in the lake water as a sink 

configuration (Table 3.2). Only a few of the taxa shared between the cow and 

horse source profiles were used to create the source profiles for cow in the cow 

and mixed mesocosms (Table 3.2). A lot of the taxa shared between effluent and 

unknown was used to build the effluent source profiles in the effluent mesocosm 

in the lake water as a source configuration. Only approximately 40% of the taxa 

shared between lake water and effluent were used to form the effluent marker in 

the lake water as a source configuration.  

 

Table 3.1. The shared taxonomic composition between several 
SourceTracker source profiles 

Source Profiles Shared Taxonomic 

Composition (%) 

FTL Configuration 

(OKS) 

Comparing within the same configuration 

Lake 

Water/Effluent 

9/82 Source/Source 

Cow/Horse 18/15 Source/Source 

Cow/Horse 24/18 Sink/Sink 

Effluent/Unknown 94/17 Sink/Sink 

Comparing across different configurations 

Lake 

Water/Unknown 

39/79 Source/Sink 

Cow/Cow 56/52 Source/Sink 

Horse/Horse 39/34 Source/Sink 

Effluent/Effluent 55/23 Source/Sink 

Unknown/Unknown 63/22 Source/Sink 
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This table shows the shared taxonomic composition between two source 

profiles in the OKS configurations where lake water was used as either a 

source or sink. This first column shows the two source profiles where the 

degree that they share the same taxa are being evaluated. The second 

column shows the percentage of shared taxa that make up the source profile 

in the corresponding position from the first column (i.e., 9% of the lake water 

source profile consists of shared taxa with effluent). The third column shows 

which OKS configuration (lake water as a source or lake water as a sink) the 

corresponding source profile in the first column is from. 
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Table 3.2. The shared relative abundances of selected source profiles 
within certain mesocosms  

Source Profiles Source Profile in 

Mesocosm 

Shared 

Relative 

Abundance (%) 

FTL Configuration: OKS with lake water as a sink 

Cow/Horse Cow in Cow 46 

Effluent/Unknown Effluent in Effluent 97 

Effluent/Unknown Effluent in Lake Water 99 

FTL Configuration: OKS with lake water as a source 

Cow/Horse Cow in Cow 25 

Cow/Horse Cow in Mix 16 

Lake Water/Effluent Effluent in Effluent 37 

This table depicts shared relative abundances of different source profiles 

used in a variety of mesocosms in the OKS configurations. The first column 

shows the two source profiles whose shared taxa are being compared to the 

taxa in the source profile in the second column. The second column indicates 

the source profile within a certain mesocosm of which whose taxa are being 

compared to the shared taxa from the first column. The third column shows 

how much of the source profile within a specific mesocosm in the second 

column is composed of taxa shared with the two source profiles in the first 

column.  

 

DISCUSSION 
 

SourceTracker was able to predict the presence of nearly all sources that 

were added to each of the mesocosms. Across the AAS and OKS FTL 

configurations with lake water as a sink, cows were consistently the largest 

source in the cow mesocosms. In the mix mesocosms of the OKS configuration, 

cows and horses were the largest sources while in the AAS configuration, cows, 
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horses and geese were the major sources. In the effluent and lake water 

mesocosms in the AAS and OKS configurations, effluent was predicted as the 

primary source of contamination. In the AAS and OKS FTL configurations that 

used lake water as a source, both cows and lake water were the major sources 

in the cow mesocosms, while in the mix mesocosms, cows, lake water, and 

horse were the largest sources. Given this data, less spurious predictions 

occurred when lake water was used as a source. Effluent and waterfowl were no 

longer predicted in the cow mesocosms and there were lower levels of geese 

predictions in the AAS lake water as a sink configuration results. The high overall 

RSD values indicate low SourceTracker model confidence in predictions and 

thus these observations are removed. Moreover, when lake water was used as a 

source, all of the mesocosms sum to or around 100% in both experiments 

indicating consistent source predictions.  

Across the AAS and OKS configurations that used lake water as a source, 

the effluent source profile was not detected in the mixed mesocosms. This may 

be due to the fact that bacterial cell counts in effluent (106) (139,140) are 

expected be much lower than those corresponding to feces (>1010) (141). 

Additionally, effluent was predicted to be a minor source in the effluent 

mesocosms. While this may be due to the effluent source used in this study’s 

FTL being different from the effluent source spiked into the mesocosms, we 

hypothesized that it could also be because of the similar bacterial community 

structures between effluent and freshwater (130) leading to SourceTracker 

struggling to distinguish between these two sources when present together. 
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 To explore whether SourceTracker conflated lake water and effluent with 

each other, we examined the source profiles more in depth. First, we looked at 

two distinct cases with both of the OKS configurations. The first case we 

examined was the OKS configuration when lake water was used as a source. We 

looked at the level of shared taxonomic composition between effluent and lake 

water. Nearly 40% of the effluent source profiles in the effluent mesocosm 

consisted of taxa almost entirely shared between effluent and lake water. For the 

second case in the OKS lake water as a sink configuration, we hypothesized that 

taxa associated with lake water would be classified to the unknown fraction. 

Therefore, if there were shared taxa between lake water and effluent, this could 

be partially reflected in the shared taxa between effluent and the unknown 

fraction. In the effluent source profile, a large percentage of taxa were shared 

with unknown confirming our hypothesis. These shared taxa made up nearly 

100% of the effluent source profiles in both the effluent and lake water 

mesocosms. While this is striking, it should be noted that SourceTracker uses 

presence/absence and relative abundance in its calculations. 

SourceTracker predicted higher levels of effluent in the effluent 

mesocosms when lake water wasn’t available as a source. Additionally, when 

lake water was used as a mesocosm, roughly half of the contamination was 

attributed to effluent. Moreover, given the high number of shared taxa between 

lake water and effluent, SourceTracker did struggle to distinguish between these 

two sources. Therefore, care should be taken with interpreting SourceTracker 

predictions with sources that have similar bacterial community structures. 
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Throughout this study, the relative source contribution (~40%) of the cow 

source predicted by SourceTracker was mostly consistent across different FTL 

configurations. Interestingly, with lake water as a source, taxonomic assignments 

for the cow source profiles led to the same relative source contributions seen in 

configurations that used lake water as a sink. The cow source profiles in AAS 

and OKS configurations (including lake water as a source and as a sink) also had 

the greatest intra-source shared taxonomic composition, of approximately 50-

60%. Given that horse was predicted to be present in the cow mesocosms, it was 

expected that the shared taxa between cow and horse would be large. While the 

shared taxonomic composition was low, the shared relative abundance ranged 

from 46% to 25% dependent on the FTL configuration used. Moreover, the intra-

group variability within the cow source group was among the lowest of all groups. 

The tight clustering in the NMDS also highlights the lower variance within the 

source group. Given that the cow source profile had the most fecal samples 

associated with it, this suggest that more samples allow for a more consistent 

average profile of this source. This suggest that an ideal SourceTracker source 

profile could come from having a sizable library of fecal samples, where the 

necessary library size would be dependent on the intra-source variability of the 

source. 

In contrast, the geese source in this study had the greatest intra-group 

variability. Quantitative-PCR results failed to corroborate the presence of geese 

in all of the mesocosms suggesting that the geese source profile was not 

present, or below the detection limit of our assay. Even though the geese source 
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profile could be present in the background lake water, it would be expected that 

the fresh deposits of cow and horse feces in the cow and mix mesocosms would 

heavily surpass the levels of the geese marker. Since SourceTracker uses an 

average profile of each source, high intra-group variability could make it more 

difficult for the program to identify geese or other sources that have similar 

bacterial community structures. To avoid such scenarios, we suggest that 

additional sources that are not expected to be present in the study area are not 

used in creation of the FTL. If a high-variability source must be used, it may be 

helpful to break the source into smaller groups of closely-related samples rather 

than use all samples as one source.  

When present sources are missing, SourceTracker will yield erroneous 

predictions. We found that SourceTracker conflated sources that could easily be 

differentiated when all of the correct sources were present. This suggests that 

before undertaking MST studies, a knowledge of the fecal sources impacting a 

body of water are critical. 

All of this data suggest that SourceTracker is a suitable tool for 

community-based MST. However, further work is needed to evaluate 

SourceTracker’s quantitative predictive power. In so far as SourceTracker’s 

predictive power is proven, quantitative risk assessments are needed to translate 

quantitative SourceTracker results into the potential for human health risks in 

waterways.   
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CHAPTER 4 : INVESTIGATION INTO THE IMPACTS 
OF AGE, DIET, AND GEOGRAPHY ON 

SOURCETRACKER PREDICTIONS 
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INTRODUCTION 
 

Microbial source tracking (MST) arose, in large part, from a need to 

determine sources of fecal bacteria in waterways. Initial MST methods required 

use of genetic and phenotypic libraries to determine fecal sources (44,45). These 

library-dependent methods included profiling fecal contamination sources by the 

presence of certain antibiotic resistance genes, DNA fingerprinting (52), and 

ribotyping (45). In evaluating these methods, researchers examined if these 

libraries could be shared across various geographic regions. Hartle and 

colleagues reported that some ribotypes had decreased sensitivity when the 

library used was created from animals in a geographically different region from 

the sources being examined (142).  

Due to many of the limitations of library-based methods, library-

independent techniques such as qPCR were developed to determine sources of 

fecal bacteria. A variety of studies have examined the geographic stability of 

these markers and found variations in sensitivity and specificity (143). This 

suggests that animals of the same species may have microbiomes affected by 

diet and geographically distinct factors. 

The recent use of high-throughput DNA sequencing has enabled a rapid 

proliferation of sequencing technologies that have decreasing costs. This 

subsequently led to the use of microbial community analysis on the fecal 

microbiota of different animals to evaluate different variables that may impact the 

composition of their microbiomes. Diet has been shown to influence the 

microbiomes of humans (144), gnotobiotic mice (145,146), horses (147) and 
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cows (148–150). In humans (151), cows (152), and horses (149), the microbiome 

varies in an age-dependent manner. Recently, community-based MST methods 

have been further enabled by use of the widely-accepted Bayesian statistical 

program SourceTracker (94). SourceTracker has now been used in several MST 

projects (84,95,130,153) and searches for the community structure of source 

samples in environmental sink samples (56).   

It has been reported that SourceTracker is sensitive to relative differences 

in concentrations of fecal contaminants present in waterways (95,154). 

Additionally, it has been demonstrated that geography plays a role in the 

accuracy of SourceTracker predictions (154). To our knowledge, however, no 

studies to date have examined how diet and the age of source animals impacts 

SourceTracker predictions. To examine this in detail, we challenged 

SourceTracker to identify spiked cow feces from a farm in St. Paul, Minnesota 

(MN), USA using DNA-based fecal taxon libraries created from approximately 

190 cow fecal samples from across the United States and Canada.  

 

METHODS 
 

Sample collection. Ten unique cow fecal samples were collected from 

each farm across the United States in Minnesota (n = 1), Wisconsin (n = 10), 

Michigan (n = 3), California (n = 3), Florida (n = 1), and in Canada (n = 1) in 2017 

(Table 4.1 and Fig. 4.1). One farm from Wisconsin only had 7 samples. Samples 

from across the United States and Canada were shipped overnight on blue or dry 

ice in coolers. Received samples were frozen at -80C until DNA extraction. 
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Spiking experiments. Five fresh cow samples collected the day of the 

experiment from the University of Minnesota Agricultural Extension were used for 

the spiking experiments. Approximately 1.6 g was taken from each cow fecal 

sample, mixed together and blended with 400ml of sterile PBS to make a fecal 

slurry. The fecal slurry was diluted with PBS to four different dilutions: 1:10, 

1:100, 1:1000, and 1:10,000. Four 1:10, 1:100, and 1:1000 dilutions were made, 

allowing for three replicates and one seed dilution that was subsequently diluted 

to the next lowest dilution. All triplicate dilutions were then filtered, and 

immediately frozen at -80C until cell removal with vortexing in PBS buffer as 

previously described (130). Only the 0.45m and 0.22m filters were used in this 

study. 

DNA extraction and sequencing. DNA from the spiking experiment 

dilutions was extracted from all filters using the Qiagen DNeasy PowerSoil Kit 

(Qiagen, Hilden, Germany), per kit instructions. The same kit was used to extract 

DNA from all of the cow source samples, except those from Canada, which were 

previously isolated by Tom Edge with a Qiagen DNeasy PowerSoil Kit (Qiagen, 

Hilden, Germany). Sequencing for all samples was performed on the V4 region, 

using dual-indexing, paired-end high-throughput Illumina DNA sequencing 

(Illumina, San Diego, CA) at the University of Minnesota Genomics Center (103). 

Sequencing results from this study can be accessed under BioProject 

PRJNA473284. 

Bioinformatic processing and statistical analysis. High-throughput 

sequencing data was analyzed in QIIME v. 1.9.1, mothur v. 1.37.6, and in python 
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3.6. In QIIME, sequencing results were analyzed as previously described (130). 

An OTU-level table, rarefied to 30,000 sequences per sample, was used as input 

into SourceTracker v. 1.0.1 which was performed via QIIME (56). Pairwise 

analysis of molecular variance (AMOVA) comparisons were performed in mothur. 

SourceTracker runs were set up to compare all of the cows from one farm as a 

source to all of the diluted sink samples. Principal coordinates and diversity 

analyses were performed on the rarefied OTU table by using the ecopy library in 

python.  

 

Table 4.1. Overview of fecal sample collection 

Locations No. of Farms Total Samples 

Wisconsin, USA 10 97 

Minnesota, USA 1 10 

Michigan, USA 3 30 

California, USA 3 30 

Ontario, Canada 

Florida, USA 

1 

1 

10 

10 

One Wisconsin farm that had only seven samples. 
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Figure 4.1. Map of sample locations 

Map of locations where fecal samples were collected from. The locations are 

represented by red stars. 

 

RESULTS 
 

The bacterial community structure of cow fecal samples from across 

North America. Approximately 190 cattle fecal samples were collected from 

across North America and their DNA was extracted. These samples, which 

constituted the fecal taxon library (FTL), were compared against dilutions of cow 

fecal samples obtained in Minnesota. Cow source samples and fecal spiked 

samples had Shannon indices that ranged from 4.1 to 7.15, with an average of 

6.2 There were on average 3,374 OTUs, ranging from 1,597 to 5,192. 

Cows from across the United States and Canada generally possessed 

high levels of Ruminococcaceae, Bacteroidaceae, and Lachnospiraceae (Fig. 
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4.2). Ruminococcaceae levels ranged from 20-40%, with consistent average 

levels seen in nearly all cow fecal samples (Fig. 4.3). Members of the 

Ruminococcaceae accounted for less than 10% of the sequenced bacterial 

community in the dilution samples, with levels increasing slightly with dilution 

factor (Fig. 4.3). The levels of Bacteroidaceae, and Lachnospiraceae ranged 

from approximately 2% to 25% across the cow source samples (Fig. 4.2) and 

were in general similar to each other. 

 

 

Figure 4.2. Distribution of relative abundances of the fifteen most abundant 
family-level taxa 

The fifteen most abundant taxa were selected from the cow source samples. 

These taxa were selected from a rarefied OTU table containing 30,000 

sequences per sample. 
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Figure 4.3. Averaged taxonomic bar charts of all cow samples  

Distribution of relative abundances of the fifteen most abundant taxa at family-

level across all cow source samples. 

 

The effects of age, diet, and location on the bacterial community 

structure in cattle feces. To evaluate the influence of age, diet and location, 

principal coordinates analysis was used to visualize relationships amongst 

variables at the OTU level (Fig. 4.4). The observed clusters were mostly coherent 

when viewing samples grouped by farm location (Fig. 4.4a and b). While cow 

samples from close locations tended to cluster together, there were three main 

clusters, two of which were subdivided by state groups. The Wisconsin samples 

were located in two clusters, one of which was comprised by fecal spike samples 

from Minnesota and Michigan samples, and the other comprised of samples from 

Michigan, Canada and Florida (Fig. 4.4a).  
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The OTU composition in the cow samples from California were most 

distinct, clustering apart from other samples from Wisconsin, Florida, Michigan, 

Canada, and Minnesota (Fig. 4.4a). Cow fecal samples from Wisconsin and 

Michigan possessed more similar bacterial community structures, at the OTU 

level, than to those from the fecal spikes prepared from Minnesotan cows (Fig. 

4.4a). Pairwise AMOVA comparisons revealed that samples from each state 

were significantly different (p-value < 0.001) from each other. 

Clusters were even more coherent when cow samples were examined by 

farm. Samples from the same farm tended to cluster together (Fig. 4.4b). When 

the locations of farms were examined by pairwise AMOVA comparisons, most 

OTU differences were found to be significant (p-value < 0.001), except for a few 

farms in Wisconsin.  

Cows within this dataset from the different farms had varying ages. When 

age was evaluated as a possible variable to explain OTU variance, there were no 

discernable trends observed in this study (Fig. 4.4c). Pairwise AMOVA analyses 

found no significant differences in OTU abundance or presence (p-value < 0.001) 

between cows of different ages, except between 1- and 2-year-old cows and 1- 

and 4-year-old cows. The clusters were also mostly coherent when visualizing 

samples by diet (Fig. 4.4d). The grain and haylage diet group formed two distinct 

clusters as did the haylage diet group (Fig. 4.4d). Diets dominated by haylage 

were generally not significantly different from those rich in alfalfa silage, corn 

silage, grass/hay, alfalfa, or high energy total mixed rations (Fig. 4.4d).  
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Figure 4.4. Influence of age, diet and location on sample relatedness  

Principal coordinates plots of state (a), individual farms (b), age (c) and diet (d) 

variables. If metadata for samples was missing for certain variables, they were 

removed from the plotted dataset for that variable. 

 

Influence of geography on SourceTracker predictions. SourceTracker 

was able to predict that the majority of the Minnesota dilution samples were from 

cows when source samples from farms across North America were used (Fig. 

4.5). All samples had at least a 60% attribution to cow (Fig. 4.5). 

Farms from Wisconsin and Michigan consistently had the highest 

SourceTracker cow predictions when compared to other farms (Fig. 4.5). 

Predictions of Minnesota cows in spiked samples ranged from 90% using a FTL 

created with cow feces from Wisconsin and Michigan to 60% for cows from farms 

in California, Canada, and Florida (Fig. 4.5).  
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Figure 4.5. SourceTracker analysis of fecal cow spikes from Minnesota  

Bar charts showing SourceTracker predictions for each farm using only the most 

concentrated samples (1:10 diluted samples). Error bars are standard deviation 

between biological replicates. 

 

Influence of concentration on SourceTracker predictions. The 

distribution of SourceTracker predictions in each farm was tightly clustered (Fig. 

4.6). Distributions tended to become more clustered when SourceTracker 

predictions were greatest (Fig. 4.6), and the most dilute fecal spike samples had 

lower SourceTracker predictions, on average (Fig. 4.6).  
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Figure 4.6. Boxplots of SourceTracker predictions  

A jitter plot with multiple colored categories shows the influence of concentration 

of feces on SourceTracker predictions. Dilutions are shown in different colored 

dots. 

 

DISCUSSION 
 

The approximately 190 cow fecal samples from 19 different farms located 

across the United States and from Canada contained cow fecal microbiomes that 

were mostly consistent at the bacterial family level. Previous studies have shown 

that the cow fecal microbiome is dominated by members of the phyla Firmicutes 

and Bacteroidetes (78,148,150). At the family-level, however, there are 

inconsistent results. While one study reported that the most abundant bacterial 

families present in cow feces were Ruminococcaceae, Bacteroidaceae, and 

Lachnospiraceae (130), another study reported that the most dominant families 
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in cow feces were Ruminococcaceae, Prevotella, and Lachnospiraceae (150). 

Our results presented here were more consistent with those reported by Shanks 

and colleagues (150) and Prevotella had comparable levels to some of the more 

abundant family members. The levels of Ruminococcaceae in the samples 

spiked with Minnesota cattle feces were at a much lower abundance when 

compared to cow fecal samples obtained from across North America. Despite 

this, however, Ruminococcaceae levels were still consistent with previous 

findings from cow feces from across the United States (150).  

The goal of this current study was to investigate how biogeography 

influences the cow fecal microbiome, and thus predictions of source attribution by 

the SourceTracker program. The most coherent clustering was observed when 

samples were grouped by the specific farms they came from, despite age 

differences and that some cows on the same farm were fed different diets 

(Michigan Farm 1). While taxonomic families were consistent across cow 

populations, there were statistically significant differences at the OTU level 

amongst cows from different states and farms. Lower intra-population variability 

in cows from the same farms, like what was found in this study, has been 

previously observed (150).  

Moreover, when evaluating how age played a role in shaping the cow 

fecal microbiome, it was observed that there were minimal statistically significant 

relationships found between cows of different ages. Previous research on this 

subject focused on the fecal microbiome changes in the first year of life from pre-

weaned calves to adult cows, but not as young adult cows subsequently mature 
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into older adult cows (152,155). When evaluating whether targeted qPCR-based 

genetic markers commonly used to identify fecal contamination from cows were 

detectable, it was found that E.coli, Enterococcus spp., and Bacteroidales levels 

were significantly different between adult cows and calves (152). Additionally, 

there were differing abundance trends for the three genetic markers at different 

times within the calves’ lives (152). However, there have been no reported 

studies, to our knowledge, where the microbiome is explored between young and 

older adult cows. While our findings could have been influenced by the low 

numbers of cows in some age categories, it is more likely that the majority of 

variance in this dataset is explained by the farm to which the cows belong to.  

When the effects of fecal concentration on SourceTracker performance 

were evaluated, we found that predictions for the more diluted samples were 

lower than those found for the more concentrated samples. Previous studies 

reported similar results, with SourceTracker being able to detect source 

contribution changes in a sample (95,154).  

When examining cows from different farms that were fed the same diets 

(haylage, or grain and haylage), there was coherent clustering by farm and state, 

but not by diet. Interestingly, the cow fecal microbiome from Ontario, Canada 

mostly clustered with cows from Florida and some from Wisconsin. Shanks and 

colleagues previously observed that diet provided the most profound influences 

on the cow fecal microbiome, that were divided based on whether the cows were 

fed a diet rich in plant material (i.e., silage, corn, alfalfa) or possessed high levels 

of grains (150). Kim et al, also observed significant taxonomic differences among 
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cows fed forage versus different total mixed ration diets (148). Since the majority 

of cows used in this study were fed diets rich in plant materials, this could explain 

the lack of discernable microbiome differences between these different cattle 

populations. 

Care must be taken, however, when using fecal source samples from 

locations different from the contaminated area. As was found with previous 

evaluations of library-dependent MST method sensitivity with concern to 

geographic variation (44,154), there were on average, higher levels of detection 

when cows closer to Minnesota were used as sources. Locations farther away 

from Minnesota, like Florida and California had lower prediction levels. 

Surprisingly, cow fecal samples from a farm in Ontario, Canada produced 

SourceTracker predictions comparable to those obtained using source samples 

from a farm in Florida. Additionally, the microbiomes in cattle from farms in 

Canada and Florida were observed to be closely related. This suggests that 

although they were significantly different at the OTU level, they were both more 

similar to each other when compared to the Minnesota fecal spike samples. This 

suggests that while geography plays a role in influencing SourceTracker 

predictions, other variables can be important as well.   
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CHAPTER 5 : CONCLUSIONS AND FUTURE 
DIRECTIONS 
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This thesis explores the use and limitations of community-based microbial 

source tracking (MST) using SourceTracker for identifying sources of fecal 

bacteria in waterways. Due to the relative novelty of SourceTracker, few studies 

had evaluated its limitations as a MST tool before the beginning of this thesis.  

Chapter 2 describes a study done in the Lake Superior-St. Louis River 

estuary using SourceTracker, a program that calculates the source contribution 

to an environment. High-throughput DNA sequencing analysis of microbiota from 

a diverse collection of fecal and environmental samples revealed that the 

community compositions in water and fecal samples were significantly different, 

allowing for determination of the presence of fecal inputs and identification of 

specific sources. SourceTracker results indicated that fecal bacterial inputs into 

the Lake Superior estuary were primarily attributed to wastewater effluent, and to 

a lesser extent geese and gull wastes. As with previous community-based MST 

studies, SourceTracker results were logical and corresponded well with metadata 

(nearby wastewater treatment plant, gull sightings).  

Chapter 3 investigated the ability of SourceTracker to correctly determine 

sources of known fecal contamination with in situ mesocosms when different 

combinations of library configurations were used. The structure and composition 

of the source profiles SourceTracker used to discern sources were also 

examined. SourceTracker was able to predict most sources in the in situ 

mesocosms. These results were most reliable when the fecal source library 

contained only the predicted sources. Sources missing from the library resulted 

in erroneous classifications not seen when all known sources were present. 
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Results of this chapter also indicated that the ideal SourceTracker source profile 

has low-intragroup variability and shares few taxa with other sources.  

In Chapter 4, SourceTracker was challenged with identifying spiked cow 

feces from a farm in St. Paul, Minnesota (MN), USA using fecal source libraries 

created from cow fecal samples from across the United States and Canada. 

While cows from across North America were dominated by members of the 

families Ruminococcaceae, Bacteroidaceae, and Lachnospiraceae, there were 

statistically significant differences in taxa at the OTU level when evaluating 

sample relationships by farm, state, age groups, and diet. Most of the OTU 

variance was attributed to the individual farms the cows came from, and not to 

age and diet differences. All source samples yielded high SourceTracker 

predictions. On average, greater predictions in source attribution were associated 

with more concentrated samples and with cow feces from animals closer to the 

spiked animal source location. While SourceTracker was able to detect fecal 

contamination with source animals that were not from the original location, 

animals sourced closer to the contamination site provided the most predictions. 

Not only was SourceTracker able to detect the occurrence of fecal 

contamination, but it was also able to determine sources that either 

corresponded well with metadata or were known sources. In Chapter 2, 

SourceTracker identified wastewater effluent as the predominant source nearby 

a wastewater treatment plant. In addition, previous research using other MST 

methods also found waterfowl and wastewater effluent to be major sources in the 

area. In Chapter 3, SourceTracker was mostly able to identify wastewater 
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effluent, cow and horse feces when they were used in different mesocosms when 

the known sources were present in the fecal source library. This provides more 

evidence for SourceTracker’s ability to be used as a tool for community-based 

MST. 

In Chapter 3, using only the known sources in the fecal source library 

yielded the most expected SourceTracker predictions. In Chapter 4, only cow 

was used as a source in the fecal source library. The higher source predictions 

would have most likely been negatively impacted by using other fecal sources 

(i.e., waterfowl, wastewater effluent). 

There are still large knowledge gaps about several aspects of community-

based MST with SourceTracker. In the past two years, studies have begun 

exploring the limitations of this program. Part of this work addressed how age, 

diet, the concentration of feces and geography impacted SourceTracker 

predictions for cattle populations across North America. However, other animals’ 

feces also harbor pathogens that pose health risks and are worth investigation. 

Animal sources like waterfowl or chickens should have similar work performed to 

evaluate how these factors affect SourceTracker’s accuracy. In previous MST 

methods, libraries for certain animals were found to be geographically-stable 

while geographically-specific for others. The sharing of fecal source libraries 

across certain regions, or animals could further facilitate the use of this method. 

Future studies exploring community-based MST with SourceTracker 

should explore the stability of fecal source libraries over time. Studies addressing 

this should pay attention to how the gut microbiomes of the animal or wastewater 
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treatment sources change over time. These studies should include challenging 

SourceTracker to identify known sources with fecal source libraries that have 

different ages. 

Currently, the inability to obtain absolute quantification of fecal pollution 

sources when performing community-based MST with SourceTracker is a 

significant drawback. Future work should involve finding complementary methods 

to allow absolute quantification of fecal pollution for proper health risk 

evaluations. 

Additionally, new sequencing technology such as the Oxford Nanopore is 

allowing ultra-rapid sequencing. The MinION Nanopore sequencer could allow 

instantaneous community analysis of potentially contaminated water samples. 

This method could allow recently captured DNA sequencing results from water 

samples to be compared against a reference fecal source library with 

SourceTracker.  
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