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Abstract 
Ballast water is a known vector for the global translocation of microorganisms. 

Research into the ballast microbiome recently accelerated following a ballast-associated 

outbreak of Vibrio cholerae in Peru during the 1990s that killed over 10,000 people. Over 

the last two decades there has been increasing regulation surrounding ballast water 

treatment with the aim of protecting human and environmental health, recently 

culminating in the approval of the International Maritime Organization Ballast Water 

Management Convention in September 2017. The Convention requires shipowners to 

install and use of ballast water treatment systems within an established timeline. 

However, many basic questions remain surrounding the composition of the ballast 

water microbiome. This dissertation strives to address several of these questions, which 

will allow shipowners, regulators, and enforcement agencies to make more informed 

decisions in an uncertain space.  

The first aim of this dissertation is to characterize the bacterial microbiome of 

ballast water aboard vessels arriving at several ports, and identify characteristics to 

explain observed variations. Published research that utilizes high throughput 

sequencing (HTS) technology to explore microbial community dynamics is relatively 

rare. In this study, 16S rRNA gene sequencing and metabarcoding were used to perform 

the most comprehensive microbiological survey of ballast water arriving to hub ports to 

date. In total, 41 ballast, 20 harbor, and 6 open ocean water samples were characterized 
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from four world ports (Shanghai, China; Singapore; Durban, South Africa; Los Angeles, 

California). In addition, total coliforms, Enterococcus, and E. coli were cultured to 

evaluate adherence to International Maritime Organization standards for ballast 

discharge. Five of the 41 vessels – all of which were loaded in China – did not comply 

with standards for at least one indicator organism. Dominant bacterial taxa of ballast 

water at the class level were Alphaproteobacteria, Gammaproteobacteria, and 

Bacteroidia. Ballast water samples were composed of significantly lower proportions of 

Oxyphotobacteria than either ocean or harbor samples. Linear discriminant analysis 

(LDA) effect size (LEfSe) and machine learning were used to identify and test potential 

biomarkers for classifying sample types (ocean, harbor, ballast). Eight candidate 

biomarkers were used to achieve 81% (k nearest neighbors) to 88% (random forest) 

classification accuracy. Further research of these biomarkers could aid the development 

of techniques to rapidly assess ballast water origin. 

The first portion of the second aim of this dissertation evaluates the prevalence of 

indicator organisms and antibiotic resistance genes (ARGs) in ballast water compared to 

harbor and ocean water. The Ballast Water Management Convention, which sets forth 

guidelines regarding indicator organisms in ballast water, entered into force in 

September 2017. Notably, antibiotic resistance is absent from the Convention. We 

collected a total of 74 ballast and harbor samples from Singapore; Shanghai, China; 

Durban, South Africa; and Los Angeles, California. Eight ocean samples were collected 
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for comparison. This research examines the concentration of indicator organisms and 

prevalence of three antibiotic resistance genes (ARGs). The ARGs examined in this study 

range from ubiquitous (sul1 – sulfonamide) to common (tetM – tetracycline) to rare 

(vanA – vancomycin). In ballast samples, there were significantly higher concentrations 

of E. coli in Singapore and China when compared to South Africa (Singapore, p = 0.040) 

and California (Singapore, p < 0.001; China, p = 0.038). Harbor samples from China had 

significantly higher concentrations of E. coli than Singapore (p = 0.049) and California (p 

= 0.001). When compared to ocean samples, there were significantly higher 

concentrations of normalized tetM in ballast samples from California (p = 0.011) and 

Singapore (p = 0.019) and in harbor samples from California (p = 0.018), Singapore (p = 

0.010), and South Africa (p = 0.008). These findings indicate that there are differential 

microbial loads in different ports. Furthermore, there appears to be elevated levels of 

certain ARGs in ballast and harbor water when compared to ocean water, which may 

indicate that ballast is either translocating higher concentrations of certain ARGs or that 

conditions in the ballast tanks are placing selective pressure in favor of some ARGs. 

The second portion of the second aim of this dissertation evaluates the 

prevalence of fungal pathogens in ballast water compared to harbor and ocean water. 

Several recent studies have explored the ballast water microbiome, but few have 

examined the fungal mycobiome and, to our knowledge, no studies have examined 

fungal pathogens in ballast. The fungal mycobiome was characterized by collecting a 
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total of 65 ballast, harbor, and ocean samples from four major ports and sequencing the 

fungal internal transcribed spacer (ITS) region. A literature review of the resulting taxa 

was performed to identify well-studied fungal pathogens. Hosts of the identified 

pathogens included corals, humans, animals, plants, and crops. Of ballast samples, 

21.4% had at least one fungal taxon pathogenic to corals and 81.0% had at least one 

fungal taxon pathogenic to humans. The majority of the fungal community in 19% of 

ballast samples were pathogenic taxa. A significantly higher proportion of the fungal 

community was composed of pathogens in Shanghai compared to all other sample sites 

(p = 0.025). The identification of fungal pathogens in ballast, especially those affecting 

corals and humans, highlights the need to further research the ballast microbiome to 

protect human and environmental health from the threat of fungal pathogen 

introductions via ballast. 

The first portion of the third aim of this dissertation examines correlations 

between the bacterial and fungal microbiome. This chapter utilizes high throughput 

sequencing (HTS) and machine learning to examine and integrate the 16S and 18S rRNA 

genes and fungal ITS region. These sequencing regions were examined using the SILVA 

v132 and UNITE reference databases. The highest correlation was found between the 

communities in Silva_16S and UNITE_ITS (0.74). There was a higher proportion of 

positive inter-kingdom correlations than positive intra-kingdom interactions (p = 0.032). 

Understanding the reasons for this difference will require additional research under 
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more controlled conditions. Finally, a machine learning model was used to examine the 

accuracy of assignment when using each sequencing region and reference database. 

There was significantly higher accuracy when using SILVA v132 (0.814) when compared 

to UNITE (0.664) (p < 0.001). In the short term, future research with the goal of 

classifying ballast water samples based on location or ballast water residence time 

should be performed using the 16S rRNA gene and SILVA v132 reference database. 

Future research to curate other sequencing regions or the UNITE reference database in 

the aquatic ecosystem may improve the utility of these tools when attempting to classify 

ballast water. 

The second portion of the third aim of this dissertation examines correlations 

between the bacterial microbiome and non-target chemical analysis. To our knowledge, 

no literature is available that examines the interaction between microbes and chemicals 

in ballast water. This study addresses this gap in the literature by examining correlations 

between bacterial taxa and non-target chemical compounds. All strong interdomain and 

intradomain Pearson correlations (i.e. |r| > 0.7) were positive (54 interactions); however, 

the majority of Pearson correlations at all levels were negative (25,497 of 33,920; 75.2%). 

The reasons for this pattern are unclear and further research to isolate specific bacterial 

taxa and non-target chemicals may provide useful insight. In addition, machine learning 

was performed using bacterial, chemical, and bacterial and chemical markers. The 

bacterial markers appeared to perform well at differentiating California, China, and 
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South Africa; however, accuracy was poor when classifying Singapore samples. 

Chemical markers appeared to supplement this deficiency, and the lowest out-of-bag 

error was achieved using a combined bacterial-chemical marker set with 6 features 

(6.67%). Further research with a larger sample size is necessary to appropriately test the 

markers identified in this work; however, this research serves as a proof-of-concept for a 

combined bacterial-chemical machine learning classification approach to ballast and 

harbor water samples.
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1. Introduction and Motivation 
The following chapter provides an introduction and outlines the motivation and 

scope of the research completed in this dissertation. 

1.1 Introduction and Problem Definition 

Ballast water is a known vector for the global translocation of microorganisms, 

which may also carry antibiotic resistance (Drake, Tamburri, First, Smith, & Johengen, 

2014; Ruiz et al., 2000). Previous research has examined the possible role of ballast water 

in global translocation of pathogens or antibiotic resistance genes (ARGs) (McCarthy & 

Khambaty, 1994). Recent research has capitalized on advances in high throughput 

sequencing (HTS) technology, which allow for more nuanced analysis of community 

dynamics than was previously possible (Brinkmeyer, 2016; Gerhard & Gunsch, 2019; 

Kim, Aw, Teal, & Rose, 2015; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). Despite 

the expansion of this field in recent years, published literature that examines the ballast 

water microbiome remains limited (Gerhard & Gunsch, 2019). 

Examining the microbiome of ballast water using HTS allows researchers to gain 

insight to community composition while also providing sufficient data to explore the 

existence of possible biomarkers for sample type classification. A better understanding 

of the microbial community could allow ballast water treatment manufacturers to 

design more effective treatment systems, shipowners to make more informed ballast 

water management decisions, and regulators to create more effective and targeted 



 

2 

policies. Furthermore, the tools currently available to help regulators identify and 

prevent untreated ballast water discharge are particularly limited. In many cases, the 

enforcement arm of regulatory agencies will simply measure salinity, which is not a 

reliable measure to gauge whether ballast has been effectively treated. By combining 

molecular methods and machine learning approaches, potential biomarkers can be 

identified for sample type discrimination, which may assist regulators in developing 

more robust compliance tests, thereby protecting human and environmental health from 

accidental ballast-associated invasions. 

In addition to community composition, it is important to specifically examine the 

prevalence of ARGs in ballast water. An elevated presence of ARGs gathered from DNA 

in ballast does not necessarily indicate transcription or expression of antibiotic 

resistance; however, it could be particularly problematic because it may indicate that 

ballast either has selective pressure for ARGs or is transporting ARGs from a higher 

concentration location. In order to effectively monitor global proliferation pathways of 

antibiotic resistance, it is imperative to examine the current scale of antibiotic resistance 

in ballast water across multiple study sites. 

Finally, bacterial communities are only one part of dynamic systems that include 

fungi, viruses, chemical compounds, and other forces. Interaction between the bacterial, 

fungal, and chemical domains may play a role in determining the behavior of microbial 

communities. Identifying relationships between these domains may highlight 
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phenomena driving important microbial characteristics such as community composition, 

antibiotic resistance, or pathogen prevalence. A comprehensive analysis of interactions 

between the bacterial, fungal, and chemical domains may also provide valuable insight 

to researchers who aim to mitigate threats to human and environmental health by 

treating ballast water. 

The dissertation work described herein focuses on the microbial community of 

ballast water. This research is pursued with the goal of laying the groundwork for future 

research into potential implications of ballast water movement and discharge on human 

and environmental health. The specific aims of this project are the following: 

1.) Characterize the bacterial microbiome of ballast water aboard vessels arriving 

at several ports, and identify characteristics to explain observed variations. 

2.) Evaluate the prevalence of indicator organisms, antibiotic resistance genes 

(ARGs), and fungal pathogens in ballast water compared to harbor and ocean 

water. 

3.) Identify correlations between the bacterial microbiome, fungal microbiome, 

and non-target chemical analysis, and assess the utility of each as a 

classification tool. 

Successful completion of these aims will improve the current understanding of 

the microbial community of ballast water. Community dynamics including composition, 

ARG prevalence, and pathogen prevalence will all provide important insight as 

stakeholders attempt to understand the conditions influencing the ballast microbiome 
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and its role in the global translocation of microbial characteristics relevant to human and 

environmental health. This research identifies several tools that may be useful to 

stakeholders and lays the groundwork for future research to further explore patterns 

discovered herein. A better understanding of factors impacting the microbiome will 

allow regulatory agencies to create more informed policy while providing shipowners 

with additional insight to pursue compliance in the future. 

1.2 Research Hypotheses and Objectives 

The primary hypothesis of this dissertation work is that ballast water is an 

important vector for the global translocation of microorganisms. In order to examine this 

statement, it is necessary to thoroughly characterize several aspects of the ballast water 

microbiome. Specific analyses were performed to identify relationships between the 

ballast microbiome and various characteristics, including ARG prevalence, pathogen 

prevalence, and relationships to other domains. 

Aim I sought to perform a baseline characterization of the ballast water bacterial 

community. It was expected that microbial communities found in ballast water would 

be significantly different in composition, diversity, and richness when compared to the 

microbial community in harbors or open oceans. This hypothesis was tested by 

collecting ballast and harbor samples from four international ports in addition to open 

ocean samples. A metabarcoding approach to bacterial community characterization was 

performed using the 16S rRNA gene sequence. The resulting community composition 
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across all samples was compared to identify significant differences between sample 

types (i.e. ballast, harbor, ocean) or location (i.e. China, California, Singapore, South 

Africa). A machine learning model was created to identify possible biomarkers for 

sample classification. 

Aim II evaluated the prevalence of indicator organisms, ARGs, and fungal 

pathogens in ballast water compared to harbor or ocean water in several locations. It 

was hypothesized that ballast water would have similar prevalence of indicator 

organisms, ARGs, and pathogens when compared to harbor water, which would be 

higher than ocean water. This was tested using replicates of the samples referenced in 

Aim I. The indicator organisms measured in addressing this aim were total coliforms, E. 

coli, and intestinal enterococcus. Differences between sample types and locations were 

assessed for significance. The specific ARGs examined were sul1, tetM, and vanA. All 

ARGs were normalized to the concentration of 16S rRNA gene sequence copies. 

Differences in proportion were tested for significance between sample types and 

locations. In addition, it was hypothesized that fungal pathogens could be transported in 

ballast water. In order to examine the fungal fraction of the ballast microbiome, HTS was 

performed using the fungal internal transcribed spacer (ITS) region. The resulting taxa 

were examined via an online literature review to identify well-studied putative 

pathogens. The proportion of each fungal community composed of these well-studied 

possible pathogens was compared between sample types and locations to identify 
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significant differences. In addition, the hosts of pathogens were examined to determine 

the prevalence of pathogens in ballast that affect corals, humans/mammals, crops, and 

plants. 

Aim III was primarily focused on identifying meaningful correlations in ballast 

water between the bacterial community composition when compared to fungal 

community composition and non-target chemical data and utilizing each domain in a 

classification tool. It was hypothesized that there would be multiple significant positive 

and negative correlations between domains, which may have some basis in microbial or 

chemical mutualistic or antagonistic interactions. The bacterial community data (Aim I) 

and fungal community data (Aim II) were partially used in other analyses in this 

dissertation. The non-target chemical data was generated as part of the dissertation 

work of Dr. Noelle DeStefano. Correlations between these high-dimension domains 

were identified using multivariate methods. Machine learning approaches were used to 

assess the advantages of each domain in classifying useful sample characteristics.  
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2. Background and Literature Review 
2.1 Trade Globalization and the Role of Maritime Shipping 

Trade globalization has brought the world closer than ever before. The ability of 

economies to specialize is what truly drives globalization forward. A globally inter-

connected economy of producers and consumers allows country-level economies to 

increasingly focus on producing a narrow range of goods or services  (Hummels, 

Rapoport, & Kei-Mu, 1998). In developing economies like those of East Asia, value-

added trade, also called vertical specialization, has become increasingly common (T. 

Kwon & Ryou, 2015). Vertical specialization describes the process of importing goods 

that are processed within-country to generate more valuable exports. Expansive 

logistical networks are necessary to feed the economies built on the principle of vertical 

specialization. As country-level economies increasingly specialize, the supporting 

logistical networks required to import raw materials and export finished goods must 

also grow to support the economy. 

According to data available through the World Bank Group, the global economic 

product – measured as global GDP – has grown exponentially from $6.4 trillion in 1976 

to $75.5 trillion in 2016. In the latter years of this period, GDP growth (3 percent per 

year) was outpaced by annual international trade growth (5.4 percent per year) by 

nearly a factor of two. In addition to vertical specialization, some of the larger country-

level economies have shifted away from domestic production while maintaining their 
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consumption levels. One result of this shift among the leading global consumers is 

increasing portions of domestic GDP attributable to imports and exports. For example, 

United States imports and exports rose from 6.5 percent of GDP in 1960 to 20 percent of 

GDP by the 2000s (Hummels, 2007). 

The ability to support distant, specialized economies requires a massive network 

of shipping. In the current global trade network, approximately 23 percent of world 

trade occurs between neighboring countries with a common land border. This number 

varies widely between continents with a much higher proportion of trade across land 

borders happening in Europe and North America than in Asia or Africa. However, 

nearly all trade between countries worldwide that do not share a common land border is 

done by air or sea (Hummels, 2007). Of these two media, sea transport represents the 

bulk of traffic. Sea trade between countries with a common land border is a small, but 

non-negligible, segment of this global trade network. Once these amounts are included 

in the total, more than 80 percent of internationally traded goods are transported by sea 

(UNCTAD, 2016). 

Much of the shift in oceanic shipping over the 20th century can be tied to the 

advent of containerization in the 1950s and 1960s (Talley, 2000). The cost of shipping 

goods was reduced several-fold by containerizing cargo so that it could easily be moved 

between modes of transport such as ships, rail, and trucks. This technological 

improvement significantly reduced labor costs and allowed shipping lines to 
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revolutionize their approach to pricing negotiations with ports by providing greater 

flexibility in endpoint oceanic travel (Talley, 2000). The oceanic shipping industry 

quickly grew to meet the demand of a global economy looking to centralize production 

via vertical specialization. 

2.2 Effects of Mergers and Acquisitions on Ship Size and 
Operations 

Firms have historically struggled to rapidly and organically grow because of 

large capital investments required to expand fleets and operations in additional ports. 

Instead, these firms must rely on mergers and acquisitions to grow and compete in an 

industry characterized by small margins (Alexandrou, Gounopoulos, & Thomas, 2014). 

After decades of high growth rates, international shipping in terms of vessel operations 

has recently slowed in some sectors – namely containerized and bulk cargo. This small 

dip in the growth rate of operations is likely due to several factors including a changing 

global economy and shifting organization of global shipping liners in response (Fusillo, 

2003; Hummels, 2007; Lun, Pang, & Panayides, 2010; Talley, 2000). Large shipping 

companies began to form alliances beginning in the 1990s to protect themselves from 

what they perceived as static freight rates (Talley, 2000). This move was an attempt to 

cut operational costs without reducing the capability of their services. In addition, an 

alliance rather than a full merger allowed the shipping companies to keep their 

independence from one another. 
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Though the move was expected to save annual costs around $100 million, these 

numbers would not be realized quickly (Wastler, 1997). As a result, container shipping 

lines began to merge starting with the merger of P&O and Nedlloyd in 1997. The 

immediate cost savings of this move was approximately $200 million – a number that 

caused several other shipping companies to explore potential mergers. Even the result of 

the P&O-Nedlloyd merger was eventually acquired by AP Moller-Maersk, the world’s 

largest shipping company, in 2005. Mergers and acquisitions fueled much of the growth 

in shipping companies over the last 30 years (Alexandrou et al., 2014). 

Maritime technology improvements, especially those allowing for larger ships, 

have major impacts on shipping firms. Technological improvements allowed the 

shipping companies to capitalize on economies of scale offered by increasing ship sizes. 

For example, the creation of 18000 TEU container ships by MAERSK was expected to 

save the company over $1 million per voyage from Shanghai to Rotterdam (Alexandrou 

et al., 2014). Larger ships also represent bigger capital investments, which prevented 

their widespread proliferation prior to the push towards shipping line mergers despite 

previous interest from shipping companies (Cullinane & Khanna, 1999). As mergers 

became more common, the capital resources required for fleet upsizing were centralized, 

thereby allowing companies to increase the percentage of their fleets composed of larger 

ships. 
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Ship size may seem to have an upper limit defined only by technological 

limitations in shipbuilding, but the reality is that operational specifications dictate 

certain maximum sizes depending on the intended functions or operating regions of the 

ship. This upper limit is most often set by geographical characteristics of operation. For 

example, the most historically relevant factors limiting ship size in American maritime 

activity are the dimensions of the Panama Canal locks. Ships that fit within the original 

locks are known as Panamax ships. The maximum dimension of Panamax ships (294 m 

long, 32 m wide, 12 m draft, 5000 TEUs, and 52500 DWT) was not large enough to truly 

capitalize on economies of scale when competing against other improving methods of 

transporting goods. As a result of the compelling economy of scale, much larger ships 

were made that could not pass through the Panama Canal (Cullinane & Khanna, 2000). 

These ships were instead going around Cape Horn or transporting their cargo to ports 

that could then load the goods on trucks for overland transport. In response, the Panama 

Canal built a third lock with neo-Panamax specifications in 2016, which allows much 

larger ships to transit the canal. This new construction allows canal transit for much 

larger ships (366 m long, 49 m wide, 15 m draft, 13000 TEUs, and 120000 DWT). Demand 

for “Old Panamax” ships dropped precipitously after completion of the neo-Panamax 

locks. In some cases, “Old Panamax” ships as new as seven years old were being sold for 

scrap by larger shipping firms. This example highlights the importance of ship size 

when considering operating routes or functional uses of the ship. 
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There are also ship size limitations in other regions of the world. Some of the 

more relevant ship size limitations for global shipping are Seawaymax (Great Lakes), 

Suezmax (Suez Canal), Chinamax (China), Qmax (Qatar), and Handymax (global). 

Seawaymax and Suezmax dimensions are both related to the size of canals and locks. In 

contrast, Chinamax, Qmax, and Handymax relate to port operations (Rodrigue & Ashar, 

2016). Handymax ships are between 35000 and 50000 DWT and are often fitted with 

their own cranes to load and unload cargo in port. Different ship sizes and gearings will 

have competitive advantages in specific ports, regions, and seaways. Ideally, shipping 

can be performed point-to-point in order to reduce time in transit and maximize the 

timeliness of shipments; however, this is not always possible given operational 

restrictions based on ships or ports involved along the supply chain (Wiegmans, Hoest, 

& Notteboom, 2008). 

The size differences of ships allow owners to maximize economies of scale given 

while complying with operational limitations of ship size by connecting a network of 

shipping in a hub and spoke system (Rodrigue & Ashar, 2016; C. Wang & Wang, 2011). 

The hub and spoke system is also commonly called transshipment in the maritime 

shipping industry (Rodrigue & Ashar, 2016). Transshipment hubs are arguably the most 

important component involved in maritime shipping networks. The most heavily 

trafficked global maritime shipping route is the circum-equatorial route, along which 

there are several significant transshipment hubs that are related to ship size limitations. 
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Important points along this route and their associated size limitations are the Strait of 

Malacca (Malaccamax), Panama Canal (neo-Panamax), and Suez Canal (Suezmax) 

(Rodrigue & Ashar, 2016). Most of the largest transshipment hubs are located along the 

circum-equatorial route between Europe and Asia. The expansion of the Panama Canal 

is expected to increase the occurrence of transshipment in the Caribbean Region in the 

coming years (Rodrigue & Ashar, 2016). 

As ships sizes and the prevalence of transshipment have increased, equipment 

required for cargo operations have been largely moved from the ship to land (Martin, 

Martin, & Pettit, 2015). Shipboard cargo cranes, typically seen on Handymax ships, are 

increasingly being replaced by port-based gantry cranes with the former becoming 

increasingly less common, especially in larger ship designs. Shifting the responsibility of 

container movement from shipboard cranes to port-based cranes allows ships to 

maximize their deck space for cargo carriage and affords additional options in cargo 

operations while in port (Cullinane & Khanna, 1999). Furthermore, shipboard cargo 

cranes lack the necessary size to move containers across the width of modern container 

ships (Martin et al., 2015). 

Larger ship sizes and increasingly port-based operations have contributed to a 

shipping network that favors movement along arteries from large port to large port 

rather than a network with direct movement between smaller endpoint ports (Martin et 

al., 2015; Rodrigue & Ashar, 2016). By selecting for increasingly larger ports with more 
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resources, the shipping industry is inherently centralizing the movement along common 

shipping routes. The increasing number of ships calling at large maritime shipping ports 

illustrate a trend further towards a hub and spoke system than was previously seen. In 

addition, it has become increasingly common for goods to be transported to 

transshipment hubs from which they are transported overland rather than directly by 

sea to their intended destination. This shift in shipping technique has greatly increased 

the demand and burden placed on larger ports and has somewhat diminished the role of 

smaller ports in global maritime shipping. 

Changing regulations also have major impacts on shipping firms. Maritime 

shipping was previously exempted from some emissions regulations – most notably in 

Europe (Cariou, 2008). When regulatory protections of the maritime industry are 

removed by government, maritime shipping firms are forced to compete with fewer 

advantages against other avenues of shipping (i.e. rail or air). As we see improvements 

in maritime shipping technology that allow for greater profit margins, the reduction of 

regulatory protections seems an inevitable outcome in order to internalize the many 

negative externalities of maritime shipping. The most likely first round of regulatory 

protections that will be repealed are related to the poor air quality resulting from ship 

emissions. The first round of these protective repeals were already underway by 2008 

(Alexandrou et al., 2014; Cariou, 2008). By repealing protective appeals, the maritime 

shipping industry must continue to optimize their operations via mergers as they 
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attempt to realize economies of scale and maintain profit margins. This is likely to 

hasten the movement of shipping routes towards a more well-defined hub and spoke 

system. 

Many of the changes discussed so far regarding mergers and technology were 

specifically referring to container ships; however, these changes still apply to other ship 

types. Tankers have traditionally been quite independent. As recently as 2003, 

independent owners made up approximately 80 percent of the global tanker capacity 

(GMC, 2003; Merikas, Merikas, Polemis, & Triantafyllou, 2014). The independence of 

tanker owners has recently begun to shift as oil companies have increasingly looked to 

deal with large trusted shipowners to securely move their valuable cargo. This has 

resulted in mergers among tanker owners that have caused a similar concentration of 

shipping in the oil and natural gas sector as is observed in the container shipping sector 

(Merikas et al., 2014). In addition to tankers, similar trends have been seen in the bulker, 

passenger, and reefer categories (Brooks & Ritchie, 2006). The effects that mergers and 

acquisitions have on container companies also apply to companies that primarily 

operate other ship types. Growing fleet and ship sizes are becoming increasingly 

common, independent of ship type. 

2.3 Environmental and Ecological Impacts of Maritime Shipping 

Increasing ship sizes decrease many metrics used to assess environmental and 

ecological impacts in aggregate across the industry, but they increase the environmental 
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and ecological impacts of each ship. The economies of scale afforded by larger ships 

reduce the amount of emissions per ton of cargo by up to 25 percent when comparing 

Aframax and VLCC ship sizes; however, VLCC ships carry almost three times as much 

cargo as Aframax ships, resulting in more than double the emissions per ship (Lindstad 

& Eskeland, 2015). As the maritime industry shifts towards larger ship types, the per 

ship impacts will be much greater than before. In other words, each ship call at a port 

will result in much larger environmental and ecological impacts as measured through 

most metrics (e.g. ballast discharge, greenhouse gas emissions, fuel consumption, 

number of port calls). The environmental and ecological impacts of large ships on their 

ports-of-call is especially dramatic when considering the increasing centralization of 

large ship activity on hub ports. 

The negative environmental and ecological externalities associated with 

maritime shipping are well-known. There are many environmental problems associated 

with maritime shipping. Among the most prominent are emissions, poor air quality in 

ports, and fuel spills. Maritime shipping represents 5-33 percent of total fossil fuel 

combustion worldwide (Beirle, Platt, von Glasow, Wenig, & Wagner, 2004). Though the 

exact number of emissions cannot be determined precisely, this large proportion of 

global fuel usage implies that maritime shipping is a large source of CO2, NOx, SOx, and 

CO emissions (Eyring, Köhler, Van Aardenne, & Lauer, 2005). These emissions are 

observed in higher concentrations along shipping routes using satellite imaging (Beirle 
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et al., 2004). Ship emissions can also have a large impact on coastal areas because 70 

percent of ship emissions are estimated to occur within 400 km of land (Endresen et al., 

2003). Shipping contributes 1-14 percent of PM2.5 and at least 11 percent of PM1 observed 

in European coastal areas (Viana et al., 2014). High emissions can be especially 

problematic for  port cities where the impacts are localized and may not readily disperse 

depending on topographic characteristics (Saxe & Larsen, 2004; Viana et al., 2014; 

Vutukuru & Dabdub, 2008). Fuel spills also represent a negative environmental 

externality associated with maritime shipping, especially in the tanker sector. The Exxon 

Valdez spill, probably the most well-known example of a tanker spill, caused an 

estimated $2.8 billion in aggregate lost passive use values. Further estimates have 

calculated increasingly higher losses up to $7.2 billion (Carson et al., 2003). 

In addition to strictly environmental impacts, maritime shipping is closely 

related to several ecological problems. The most prominent of these ecological problems 

are the many invasive species associated with ballast water. Some examples of ballast-

associated invasive species include Asian Kelp along the west coast of the United States 

and the Zebra mussel to the Great Lakes. In addition to damaging the local ecosystem, 

these invasive species can create significant costs for some local industries that must 

control their spread. For example, attempts to control the Zebra mussel cost facilities 

along the Great Lakes more than $69 million from 1989 to 1995 (O’Neill Jr, 1997). Though 

larger species were historically the focus of control efforts, more recent efforts have 
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begun to examine the role of ballast water in global microbial transport. There are 

several particularly concerning concepts that may be associated with the translocation of 

microorganisms in ballast water, including:  creation of toxic algae blooms, movement of 

pathogenic microorganisms between countries, and global movement of antibiotic 

resistance genes. 

2.4 Ballast Water Uses and Impacts 

Ballast water has been used to provide stability for large ships since the advent of 

steel shipbuilding. Water ballast, as opposed to solid ballast, provides operational 

flexibility during voyages by allowing captains to easily load, discharge, or internally 

transfer ballast water to meet operational requirements. Ballast water can be used to 

meet stability, maneuverability, and fuel efficiency requirements, which results in its 

extensive and growing use as the scale of global shipping increases. From 2005 to 2013, 

the Chesapeake Bay – a particularly vulnerable marine ecosystem –  has seen a 374 

percent increase in ballast water discharge from bulker ships, which are the main 

contributor of ballast water discharge in the region (Carney et al., 2017). The increase of 

ballast discharge in United States ports over the same period is not exclusive to the 

Chesapeake Bay area. According to the National Oceanic and Atmospheric 

Administration (NOAA), more than 200 million metric tons of ballast water are 

discharged in United States ports annually. Approximately 30% of this ballast water 

originates from international ports. The continually increasing volume of ballast water 
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discharged in port areas increase the possibility of associated environmental and human 

health effects. 

Ships have been associated with the trans-oceanic movement of organisms for 

centuries. In these cases, the movement was typically via organisms attached to the hull 

(Carlton, 2001). With the advent of ballast water, the number and types of organisms 

that could move with or within ships has increased. Ballast water has been associated 

with various invasive species for decades. According to the International Maritime 

Organization (IMO), the first recognized sign of invasive species introduction was of the 

Asian phytoplankton algae Odontella in the North Sea in 1903. Almost 70 years passed 

before the scientific community began investigating the role of ballast water in marine 

invasive species introductions in detail. At any given moment, there are estimated to be 

10,000 different species being transported between bio-geographic reasons in ballast 

water (Bax, Williamson, Aguero, Gonzalez, & Geeves, 2003). These species can impact 

local ecosystems in dramatic ways as either invasive or nuisance species. Even when the 

species transported in ballast water are present in the receiving harbor, the arriving 

species may represent a genetically distinct population that can have unpredictable 

impacts on the local marine ecosystem (Lavoie, Smith, & Ruiz, 1999). 

In addition to environmental health risks, ballast water also poses human health 

risks. The best example to highlight these risks is the ballast-associated outbreak of 

Vibrio cholerae in Peru during the 1990s that killed more than 10,000 people (McCarthy & 
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Khambaty, 1994). This event gave momentum to ongoing efforts to improve ballast 

water management strategies via enhanced technologies, regulations, and enforcement 

efforts. Despite this catastrophic event, research into microbial community of ballast 

water remains in its relative infancy over 20 years later, especially considering the 

development of high-throughput sequencing methods. There has been a recent call for 

researchers to apply high-throughput sequencing methods to ballast water analysis. 

Many studies have explored specific aspects of the ballast water microbial 

community, especially regarding the presence and persistence of indicator organisms 

(Carney et al., 2017; Ng et al., 2015). Several more studies have examined the total 

number of bacteria using culture-based or molecular methods (Brinkmeyer, 2016; 

Lymperopoulou & Dobbs, 2017; Ng et al., 2018; Ruiz et al., 2005). Pathogens in ballast 

water are worth monitoring; however, many studies have found their abundance in 

ballast water to be relatively low when compared to other environmental bacteria. Few 

studies have examined the composition of the microbial community in ballast water 

even as the field of microbiology has gained an increasing awareness of the role of 

microbial communities in determining the manifestation of certain characteristics. 

Despite increased appreciation of the role of microbial communities, research to examine 

the microbiome of ballast water remains limited. Very few studies to date have used 

high-throughput sequencing techniques to examine the microbiome of ballast water 

(Brinkmeyer, 2016; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). 
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2.5 Ballast Water Management Strategies 

The first international effort by the IMO to address the transfer of invasive 

aquatic species occurred in 1991 when the “International Guidelines for preventing the 

introduction of unwanted aquatic organisms and pathogens from ships’ ballast water 

and sediment discharges” was adopted. These guidelines were not legally binding or 

enforceable. Instead, the enforcement of ballast water management recommendations 

was placed at the country-level. In addition, following enforceable recommendations 

from the IMO did not have targets to validate compliance. In September 2017 the first 

IMO ballast water management recommendation with target concentrations for various 

organisms was adopted after approval by member states that represented the required 

proportion of global shipping tonnage. 

Ballast water management (BWM) has been required by the United States Coast 

Guard (USCG) since 2004 (Carney et al., 2017). In addition, the USCG requires all ships 

that plan to discharge ballast in United States ports to file ballast water reports with 

details regarding ballast water origin, volume, and BWM strategy among other details. 

This information is publicly available through the National Ballast Information 

Clearinghouse (NBIC) (National Ballast Information Clearinghouse, n.d.). This database 

allows monitoring of ballast water discharge patterns in domestic ports starting in 2004. 

Ballast water information available through the NBIC allows regulators to make more 

informed decisions about ballast water management strategies and enforcement. In 
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addition, the NBIC data allows researchers to identify ports that may be more 

vulnerable to environmental damage from ballast water discharge based on volume, 

ballast origin, or BWM. 

Conventional BWM strategies include empty-refill and flow-through exchange. 

Both strategies are known as ballast water exchange (BWE) management methods. BWE 

management methods must be done at least 200 nautical miles from shore in water that 

is at least 200 meters deep. Empty-refill requires the ballast tank to be pumped as empty 

as possible before being refilled with open ocean water. Flow-through exchange requires 

the ballast tank to be pumped with three times the volume of the ballast tank while the 

ship is in open ocean water. BWE methods replace approximately 96 to 100 percent of 

the water in the tank depending on method used and the hydrodynamics of the tank 

(Ruiz et al., 2005). There is also variable efficacy of organism removal depending on 

BWE strategy used (Ruiz et al., 2005). Though this reduces the risk of invasive species by 

replacing a substantial portion of ballast water in the tank, four percent of the total 

volume of ballast water discharge is 8 million metric tons of ballast water discharged in 

United States ports annually. 

Dozens of alternative BWM systems have already been approved or are currently 

under review by the IMO and USCG for type approval. Alternative systems must treat 

flow rates ranging from several hundred cubic meters per hour on small container ships 

up to 10,000 m3 per hour on large oil tankers. The maritime shipping industry is 
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increasingly moving towards larger ships, so the majority of alternative BWM systems 

will be required to treat large volumes and flow rates of ballast. All the technology 

required for alternative treatment must be installed in the engine room roughly within 

the dimensions of a 20-foot shipping container. Many potential alternative BWM 

strategies that would be effective at removing or inactivating organisms are not viable 

because of high energy costs or large design footprints. Some of the most common 

alternative BWM systems that are sufficiently small and energy efficient involve electro-

chlorination, UV, filtration, or sonication. 

Alternative BWM has many advantages such as ensuring safety and stability of 

the vessel during management, but there are some notable disadvantages. The most 

common alternative BWM systems are generally effective at inactivating 

microorganisms; however, their mechanism of action may not be specifically destructive 

to genetic material. This fact becomes especially concerning when considering the 

potential for ballast to serve as a vector for the global translocation of antibiotic 

resistance genes (ARGs). ARGs are present in higher concentrations near sites that have 

human impact, such as harbors when compared to open ocean water (Baquero, 

Martínez, & Cantón, 2008; Marti, Variatza, & Balcazar, 2014; Rodriguez-Mozaz et al., 

2015). As a result, conventional BWM removes ARGs by exchanging open ocean water 

in place of harbor water, whereas alternative BWM may not remove the same amount of 

ARGs. This could result in a higher concentration of ARGs in ballast water discharge 
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from ships that use alternative BWM instead of conventional BWM; however, further 

research is required to determine the potential of ballast water to serve as a vector of 

global translocation. 

2.6 Monitoring Vessel Compliance 

Ships discharging ballast water in the United States have been required to 

employ BWM for over a decade; however, the resources necessary to ensure compliance 

by testing samples of ballast water are limited. As a result, most enforcement agencies 

are forced to utilize on unreliable checks such as examining ship ballast logs or testing 

the salinity of water in the ballast tank to ensure open ocean exchange. Both measures 

have the potential to be misleading:  ballast logs because they can easily be falsified, and 

salinity because the uptake harbor may have higher salinity water depending on local 

hydraulic characteristics. The adoption of the most recent IMO ballast guidelines may 

lead some municipalities to expand their budget for testing compliance, but the 

proportion of ships tested for compliance will remain limited because culture-based 

bacterial tests will be performed by contractors and it still will not be possible to 

examine all arriving vessels. 

In addition to inconsistent testing, most compliance tests of the proposed 

indicator bacteria (Intestinal Enterococcus, Escherichia coli, and Vibrio cholerae serotype O1 

and O139) will be culture-based because of available resources. Culture-based tests 

require overnight incubation; therefore, the ship being examined may have already 
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discharged ballast water prior to the final test results. At that point, only retroactive 

consequences such as fines or sanctions will be an option, and the damage to the local 

marine ecosystem will already be done. Identifying fast and simple tests to assess vessel 

compliance with BWM recommendations should be one of the top priorities for 

scientists and engineers moving forward. 

2.7 Existing Knowledge Gaps 

Many of the existing studies examine certain species rather than taking a holistic 

approach to the ballast water microbiome. Only three studies to date have used high-

throughput sequencing techniques to examine the ballast water microbiome 

(Brinkmeyer, 2016; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). The most extensive 

of these studies examined only 17 ballast tanks (Lymperopoulou & Dobbs, 2017). In 

addition, the most expansive of existing studies did not perform culture-based analyses 

of indicator organisms like those that will be used by regulators. A comparison of results 

for these microbiological methods when applied to ballast water may prove insightful to 

stakeholders as they make decisions regarding best-practice BWM strategies. 

Many questions surround the current type-approved BWM systems. The 

differences in efficacy between conventional and alternative BWM at removing 

pathogens in a range of real-world settings is not well-understood. Further complicating 

the comparison is the fact that most existing information regarding the efficacies of type-

approved alternative BWM strategies is proprietary data. The importance of 
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independent examination is underscored by a recent study that found some type-

approved alternative BWM systems have been approved through a process starting with 

ballast water that did not have microbial concentrations exceeding the recommended 

standards (Cohen & Dobbs, 2015). In addition, type-approval testing has the potential to 

be manipulated by the source of natural organic matter (NOM) used in the test (e.g. 

marine- or land-derived NOM). Finally, the use of conventional or alternative BWM 

could have significant impacts on the concentration and classes of ARGs found in real-

world ballast water; however, this relationship has not been explored in-depth. 

There is an existing knowledge gap about the effects of sediment concentration 

on the persistence of microorganisms through different treatment practices. There is also 

a relatively limited understanding of how proposed indicator organisms or ARGs 

partition between the water and sediment phases of ballast water, which may have a 

substantial impact on the observed efficacy of BWM strategies and whether co-discharge 

of microorganisms in ballast water occurs. Further research, beyond that described in 

this dissertation, to explore the fate and transport of microorganisms within the tank 

environment may be useful in developing effective ballast water management plans to 

ensure compliance when typical BWM strategies may not be sufficient (e.g. high 

sediment load, rough sea conditions). 
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2.8 Future Concerns 

The steadily increasing size of ships has caused a further concentration on hub 

ports of the hub-and-spoke system. In theory, the increasing amount of traffic and 

corresponding ballast discharge in hub ports may seem to be advantageous by creating a 

focal point for invasive species prevention. In reality, this system may increase the 

likelihood of success for invasive species looking to gain a foothold. The subsequent 

spread of organisms from hubs to other domestic ports is less controlled because ballast 

water management within an exclusive economic zone (EEZ) is not as regulated as 

trans-national shipping (Lavoie et al., 1999; Rup et al., 2010; Simkanin, Davidson, 

Falkner, Sytsma, & Ruiz, 2009). It is imperative to examine ballast water discharge from 

smaller ships operating along the spokes of the maritime shipping network as the 

industry continues to further its dependency on the hub-and-spoke system. 

 In addition to increasing traffic along existing shipping routes, new 

possible shipping routes are expected to open through the Arctic by 2050 if sea ice 

continues to melt at the current rate (L. C. Smith & Stephenson, 2013). These routes are 

of specific interest to European-Asian and natural resources trade as they could provide 

an alternative to the Suez Canal while providing nearby access to existing natural 

resources (Buixadé Farré et al., 2014). Aside from the many geo-political issues 

presented by opening new trade routes through the Arctic, there would also be 

significant and not fully understood environmental implications (Borgerson, 2008; A. 
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Whitman Miller & Ruiz, 2014). Further research is required to understand the impacts of 

shipping across the Arctic region, especially pertaining to natural resources recovery 

and the dynamics of invasive species transiting through this region.
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3. Analyzing Trends in Ballasting Behavior of Vessels 
Arriving to the United States from 2004 to 2017 

The following chapter describes work to address Aim I. Understanding the scale 

of ballast water movement affecting the United States provides necessary context within 

which the microbial community of ballast can be examined. This research was published 

in Marine Pollution Bulletin, 2018, Volume 135, pages 525-533. 

3.1 Introduction 

According to the International Maritime Organization (IMO), over 90% of goods 

are transported by sea. This highlights the large role of maritime shipping in the global 

economy. Over the last several decades, changes to maritime shipping technology and 

policy regulations have altered the global shipping landscape. The many mergers and 

acquisitions which took place over the last 20 years have led to increasingly large 

shipping firms and vessels (Alexandrou et al., 2014; Wastler, 1997). The maritime 

shipping industry will undergo further dramatic changes in the coming decades, as sea 

ice recession is expected to open sea routes through the Arctic by 2050 (L. C. Smith & 

Stephenson, 2013; Stephenson, Smith, Brigham, & Agnew, 2013). Given the size and 

scope of the maritime shipping industry, it is important to understand the role of vessels 

as sources of inputs to their surrounding environments. 

Maritime shipping has many well-documented negative impacts on human and 

environmental health. Air pollution emissions along shipping routes and coastal cities 
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have garnered attention for their negative association with human health in nearby areas 

(Beirle et al., 2004; Eyring et al., 2005). In addition to air pollution, ballast water, which is 

used to provide vessel stability, is a known vector for aquatic invasive species and 

pathogens worldwide (Bax et al., 2003; Carlton, 2001; McCarthy & Khambaty, 1994). 

Finally, ballast water may also serve as a vector for the global translocation of antibiotic 

resistance (Ng et al., 2018). All of these factors suggest that monitoring ballast water 

should be a top priority to researchers and policy-makers who strive to mitigate human 

and environmental health risks associated with maritime shipping. 

Ballast water management (BWM) became a global focus in the 1980s following 

several accidental introductions of marine invasive species and a landmark study 

describing the biology of ballast (Carlton, 1985). Conventional BWM is essentially re-

ballasting at sea and is part of the current IMO guidelines. The IMO recommends that 

conventional BWM be performed 200 nautical miles from shore in water more than 200 

m deep, although there are several exceptions that allow vessels to exchange ballast in 

waters 50 nautical miles from shore and 200 m of depth (IMO, 2005). The primary 

conventional BWM methods are empty-refill, also called sequential, and flow-through, 

also known as continuous flushing. A less common option for conventional BWM is to 

discharge ballast water within designated areas. Empty-refill requires the tanks to be 

emptied to the lowest level possible with pumping before refilling. This method is 

estimated to have exchange efficiencies ranging from 70-90% according to estimates in 
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previously published literature (Dames Moore, 1999; Tsolaki & Diamadopoulos, 2010). 

Further research has found that open-ocean exchange replaced 93-100% of coastal water 

and removed 80-100% of coastal plankton (Wonham et al., 2001). Empty-refill is 

associated with a 1.6-fold decrease in bacterial concentration; however, this decrease was 

not shown to be significantly different than control tanks (Drake et al., 2002). Flow-

through requires vessels to pump open-ocean water into ballast holds during voyage, 

thereby overflowing tanks with three times the volume of the tank. This method 

theoretically removes 95% of the original ballast water, but the true removal rate may 

actually be lower (Dickman & Zhang, 1999). The same researchers concluded that newer 

vessels are more effective than older vessels at removing organisms using conventional 

BWM, which may be explained by newer piping systems in the ballast holds (F. Zhang 

& Dickman, 1999). 

Alternative BWM includes treatment systems using several technologies such as 

electro-chlorination, ozonation, UV irradiation, sonication, filtration, or heat, among 

others (Tsolaki & Diamadopoulos, 2010). Alternative BWM that make use of active 

substances such as ozone, chlorine, or free radicals must be type approved by the IMO 

member states according to IMO guidelines before they can be used; whereas, systems 

that do not use active substances require clearance from their respective government 

agencies. The IMO website lists 42 active substance systems with final type approval 

and 73 non-active substance systems with type approval from their respective 



 

32 

government agencies as of July 2017. In addition to the IMO approval process, the 

United States Coast Guard (USCG) has a separate approval process that may be more 

stringent (Cohen, Dobbs, & Chapman, 2017). Despite these hurdles, more than 200 

vessels arriving to United States ports reported using 58 different systems to treat 4.42 x 

106 m3 of ballast water over a 28-month period from September 2013 to December 2015 

(Davidson, Minton, Carney, Miller, & Ruiz, 2017). The proportion of ballast water 

treated using alternative BWM during this 28-month period only comprised 

approximately 2% of the total ballast discharge in United States waters. There are 

several concerns surrounding the use of alternative BWM systems, including:  1) 

Variable efficacy in real-world settings; 2) Regrowth of microorganisms after treatment; 

and 3) Co-discharge of disinfection by-products (Delacroix, Vogelsang, Tobiesen, & 

Liltved, 2013; Gollasch et al., 2007; Werschkun et al., 2014; Werschkun, Sommer, & 

Banerji, 2012). Molecular analyses should be used in studies to address these concerns, 

because previous studies of water quality in tropical regions have reported atypical 

findings in culture-based tests (Gerhard, Choi, Houck, & Stewart, 2017; Toranzos, 1991). 

Ballasting behavior differences across vessel types and regions of the United 

States are important to understand, as they can be used to predict possible impacts of 

different types of shipping activity in United States ports. Vessels that are used to export 

goods from a port are more likely to discharge ballast in that port. As a result, certain 

vessel types are likely to be associated with a high volume of ballast discharge in ports 
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that export large amounts of cargo relevant to that vessel type. For example, ballast 

water discharge in Alaska and Hawaii was dominated by tankers – a finding that makes 

sense in light of the volume of crude oil exported from Alaska to the rest of the United 

States (McGee, Piorkowski, & Ruiz, 2006). Additional information about ballasting 

behavior to other regions of the United States provided herein should be insightful to 

researchers and decision-makers as they prioritize certain vessel types or regions in 

future research or legislation. 

Data-driven perspectives are necessary to create informed policy to protect 

human and environmental health. Ballasting data is gathered by some governments 

such as Australia, China, and the United States among many others; however, the 

characteristics of data gathered and its availability to the public ranges depending on the 

agency or country collecting the data. The United States ballast water data is publicly 

available online through the National Ballast Information Clearinghouse (NBIC), which 

is a partnership of the USCG and the Smithsonian Environmental Research Center 

(SERC). The NBIC started gathering ballast data in 2004 with the first full year of data 

collection occurring in 2005. Although the database is meant to include all arrivals, the 

percentage of overseas arrivals reporting in the early years was around 82-84% (A 

Whitman Miller, Huber, Minton, & Ruiz, 2011). The percentage of vessels reporting was 

expected to slightly increase as capacity for oversight increased following the 

implementation of the program. Several studies have previously examined different 
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characteristics of the ballasting behavior of vessels arriving to the United States via the 

NBIC data (Davidson et al., 2017; A. Whitman Miller, Minton, & Ruiz, 2011; A W Miller, 

Lion, Minton, & Ruiz, 2007). Despite the common use of NBIC data in ballast research, a 

peer-reviewed overview of the NBIC data has not been published in the last five years. 

The IMO Ballast Water Management Convention of 2004 received enough 

support to achieve ratification and entered into force in September 2017. Changes to 

BWM are likely to occur on several levels, such as volume of ballast, treatment of ballast, 

and location of BWM. A before-and-after comparison of ballasting behavior and BWM 

would provide insight to the real-world impacts of the implementation of the IMO 

Ballast Water Management Convention. As a result, now is a critical time to characterize 

ballasting behaviors of vessels in United States ports. It is imperative that researchers 

and decision makers have the necessary understanding of recent ballasting behavior to 

identify likely areas of importance, both for additional research and for effective policy 

measures to protect human and environmental health in this changing time. This paper 

examines ballasting behavior of vessels arriving in regions of the United States from 

2004 to 2017, including BWM location, number of vessel arrivals, total ballast discharge, 

ballast discharge per vessel, and BWM method. 
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3.2 Methods 

3.2.1 Data Acquisition 

All data used in this study were acquired from the NBIC. The NBIC database 

compiles information from commercial vessels arriving to the United States after an 

international journey. All vessels, with some exceptions for those operating exclusively 

in the United States Exclusive Economic Zone (USEEZ), must submit a report upon 

arrival in a United States port [dataset] (National Ballast Information Clearinghouse, 

n.d.). 

A function was written in R using the readr and httr packages to access the 

ballast records, both arrivals and tanks, for each state or territory (Team, 2018; Wickham, 

2017; Wickham, Hester, & Francois, 2018). All files were saved locally to avoid repetitive 

requests to the NBIC database servers. Although permission to use the data was not 

required by the data use agreement found on the NBIC website, the authors contacted 

and received permission from the USCG to ensure compliance. 

3.2.2 Defining Regions 

All analyses were performed using different regions of the United States 

(Eastern, Western, Gulf States, and Alaska & Hawaii) similar to those defined in 

previous publications by researchers from the SERC (Minton, Miller, & Ruiz, 2015). The 

regions as defined in the present study are:  1) Western – California, Oregon, 

Washington; 2) Eastern – Maine, New Hampshire, Massachusetts, Rhode Island, 
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Connecticut, New York, New Jersey, Pennsylvania, Delaware, Maryland, Virginia, West 

Virginia, Ohio, Michigan, Indiana, Wisconsin, Minnesota, Illinois, Nevada, South 

Carolina, Georgia; 3) Gulf States – Texas, Louisiana, Arkansas, Missouri, Iowa, 

Mississippi, Alabama, Tennessee, Kentucky, Oklahoma, Florida; and 4) Alaska & Hawaii 

– Alaska, Hawaii. There are additional locations in the NBIC database, including Guam, 

the US Virgin Islands, Puerto Rico, and American Samoa. These locations are included 

in this paper when describing “all regions”, but they are not grouped for the regional 

analyses in this report. 

Some of the states with ballast records in the NBIC database are not located on a 

coast and were not clearly included in specific regions in the literature. These states were 

added to the region from which the majority of the arriving vessels were likely to 

originate. For example, Iowa was added to the Gulf States based on the belief that most 

arrivals to the state were transiting along the Mississippi River, which has its mouth on 

the Gulf of Mexico. On the other hand, Michigan was added to the Eastern Region 

because most vessels were arriving at ports along the Great Lakes, which are connected 

internationally to the Atlantic Ocean via the Saint Lawrence Seaway. 

3.2.3 Vessel Types 

The vessel type was based on IMO classification of vessels and was self-reported 

among the NBIC data. Vessel types specifically included in this study include:  bulker, 

tanker, container, general cargo, and other. The category of “other” predominantly 
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includes reefer (refrigerated), fishing, passenger, RoRo (roll-on roll-off), and unknown 

vessel types. The contribution of “other” vessel types to total ballast arriving to ports 

was grouped together. Alaska and Hawaii saw the largest portion of ballast water 

associated with the “other” category; however, the majority of ballast water is associated 

with the specified vessel types (i.e. bulker, tanker, container, and general cargo). 

3.2.4 Ballast Water Management Location and Density Analysis 

All ballast reporting forms include self-reported BWM locations as latitude and 

longitude. The location data were cleaned and converted to a useful format. A 2D 

binned kernel density estimate was calculated in R using the KernSmooth package to 

create a raster file heat map of BWM locations for each geographic region (Wand & 

Ripley, 2015). All calculations in this package are based on previously existing literature 

published by Wand and colleagues in the 1990s (Wand, 1994; Wand & Jones, 1995). The 

kernel density values for the different regions was widely disparate because the high 

volume of BWM occurring in the Gulf of Mexico generated high density values for the 

Gulf Region. As a result, the figure legend for each region has a different maximum to 

give more clarity to the important locations of BWM for each region. It is important to 

note that BWM location data is relatively limited because it is only available for the years 

2011, 2013, 2014, 2015, and 2016. This subset represents five of fourteen years during 

which the NBIC has collected data. 
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3.2.5 Statistical Analysis 

This dataset is treated as a complete collection of arrival and tank records for 

vessels arriving to the United States from an international journey, so classic statistical 

tests are not appropriate. Rather, the data is reported in its entirety at the national, 

regional, state, and port levels. The measures used herein include absolute number of 

arrivals, total ballast water discharge, and ballast water discharge per vessel. These 

measures were calculated using base R or with code written specifically to examine this 

dataset. 

3.3 Results 

3.3.1 BWM Location 

Conventional BWM can occur anywhere along the voyage route; whereas, 

alternative BWM typically occurs in port during cargo operations. As a result, mapping 

the location of all BWM sites creates a figure that roughly mirrors global shipping routes 

(Figure 1). Bulker and tanker vessel types dominate the area near the United States 

coastlines; however, several other patterns can be observed from the BWM map, 

including:  1) Bulker and tanker vessels traveling around the Cape of Good Hope; 2) 

Container vessels transiting the Indian Ocean between Singapore and the Suez Canal; 3) 

Container vessels transiting the Atlantic Ocean directly from the Strait of Gibraltar to 

New England; and 4) General cargo vessels travelling between Africa and South 

America. In addition to these shipping routes, the effects of BWM regulations can be 
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observed in several ways. One example is the lack of BWM near the Azures archipelago 

in the Atlantic Ocean. More prominently, there are two lines formed along each coast of 

the Americas. These lines roughly indicate 200 nautical miles from shore, which is the 

minimum distance required for conventional BWM on vessels entering the USEEZ, and 

50 nautical miles from shore, which is the distance required for ballast water exchange if 

200 nautical miles is not feasible.
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Figure 1:  Ballast water management locations for all vessels arriving to the United States (2011–2016).
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The two-dimension kernel density was calculated for BWM locations (Figure 2). 

The presented figure is faceted by region of the United States to which the ship is 

arriving because the high density of BWM in the Gulf of Mexico region biased the heat 

map when all regions were combined. For the same reason, each region has a different 

legend corresponding to density of BWM locations in that particular region. An 

interesting trend emerges from 2011 until 2016 when a gradual movement of high 

density regions towards the United States coasts is observed. This trend suggests either 

that vessels may be treating ballast water later in the voyage or that the proportion of 

short voyages originating near the coasts of the United States increased between 2011 

and 2016. 
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Figure 2:  Kernel density heat map of ballast water management locations for vessels arriving in United States faceted by 
port region (2011-2016).
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3.3.2 Vessel Arrivals 

Vessel arrivals to United States ports has remained relatively constant since the 

NBIC began collecting data on a complete basis in 2005. Vessel arrivals to all regions of 

the United States number 1,225,181 since the NBIC began collecting data in 2004. 

Arrivals spread between regions (proportion, number):  Alaska and Hawaii (49338, 

0.04); Eastern USA (395203, 0.32); Western USA (201678, 0.16); and Gulf States (497910, 

0.41). The average annual growth in arrivals to United States ports from 2005 to 2017 

was 1.2% per year. Low annual growth rate is also seen in each region:  Alaska and 

Hawaii (2.9%); Eastern USA (0.1%); Western USA (0.9%); and Gulf States (1.8%). In 

addition, the proportion of vessel types has remained similarly constant across the years 

(Figure 3, Table 1). The proportion of arrivals by ship type (2005, 2017) was:  1) Bulker – 

0.18, 0.16; 2) Tanker – 0.24, 0.26; 3) Container – 0.19, 0.21; 4) General Cargo – 0.07, 0.05; 

and 5) Other – 0.32, 0.32. The proportion of vessel types also remains relatively constant 

when examined over the years across different regions of the United States (Table 1, 

Figure 27). 
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Figure 3:  Vessel arrivals to the United States (2004-2017). 
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Table 1:  Ship arrivals in National Ballast Information Clearinghouse database (2004-2017). 
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3.3.3 Total Ballast Water Discharge 

Despite a relatively constant number of vessel arrivals, the amount of ballast 

water discharged in United States ports has steadily increased at an annual rate of 6.4% 

from 2005 to 2017 (Table 2, Figure 28). Interestingly, much of this increase is attributable 

to tankers arriving in the Gulf Region of the United States in which total ballast water 

discharge has increased at an annual rate of 11.9% over the same time period (Figure 4). 

There was an apparent 440% increase in Alaska and Hawaii from 2008 to 2009; however, 

this increase is likely a result of the ballast water reporting requirements in the state of 

Alaska that went into effect during this time (Verna & Harris, 2016). Despite the 

relatively even composition of vessel type arrivals, ballast discharge in the United States 

is dominated by tankers and bulkers. Ballast discharge in the oil-producing regions of 

the United States are predominantly associated with tankers; whereas, ballast discharge 

in ports along the east and west coasts of the United States is derived largely from 

bulkers. Finally, the difference in scale of ballast water discharge to the different regions 

of the United States is worth noting, as ports in the Gulf Region receive more than the 

rest of the ports in the United States combined. The total ballast water discharge 

received in 2017 by United States ports along the Atlantic Ocean was an order of 

magnitude higher than United States ports along the Pacific Ocean (2.94 x 108 m3 in 

Atlantic ports and 5.13 x 107 m3 in Pacific ports).
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Table 2:  Ballast water discharge (cubic meters) in National Ballast Information Clearinghouse database (2004-2017). 
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Figure 4:  Total ballast water discharged in United States ports separated by 
region as reported to the National Ballast Information Clearinghouse (2004–2017). 

3.3.4 Ballast Water Discharge Per Vessel 

Ballast water discharge per vessel is widely disparate across regions (Figure 5). 

Notably, the amount of ballast water discharged by bulker vessels is fairly consistent in 

all regions with 8-10 x 103 m3 of ballast water discharge per bulker vessel arrival. 

Tankers discharge high volumes of ballast per vessel in oil producing regions. The 

amount of ballast discharge per tanker vessel in Alaska and Hawaii is especially high 

with discharge of 2.07 x 104 m3 per tanker in 2017. The amount of ballast discharged per 

tanker vessel has steadily increased on average across the United States from 2004 to 

2017 at an annual rate of 7.6% (Figure 29). In 2017, container vessels discharged the least 

ballast water per vessel of the major vessel arrival types in all regions with an average of 

169.1 m3 of ballast water. This amount is two orders of magnitude lower than the 
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average tanker discharge (1.01 x 104 m3) and one order of magnitude lower than the 

average bulker discharge (6.79 x 103 m3). Discharge per vessel arriving to the Gulf 

Region is the lowest of any region; however, the high number of arrivals to the region 

results in the largest total amount of ballast discharge of any region in this study. 

 

Figure 5:  Ballast water discharged per vessel arrival in United States ports 
separated by region (2004-2017). 

3.3.5 Ballast Water Management Methods 

From 2004 to 2016, empty-refill was the most common form of BWM (6.28 x 108 

m3 total), while flow-through was the second most common (5.58 x 108 m3 total). The 

total amount of ballast water that underwent conventional BWM (i.e. empty-refill, flow-

through) from 2004 to 2016 was approximately two orders of magnitude higher than the 

total amount of ballast water treated using alternative methods (1.86 x 109 m3 

conventional, 1.26 x 107 m3 alternative) (Table 3). The gap between conventional and 
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alternative management methods decreased significantly during the years 2014-2016 

from conventional BWM volumes nearly three orders of magnitude higher in 2014 to 

conventional BWM volumes just over an order of magnitude higher in 2016. In the years 

2004-2008, 2010, and 2013, no instances of alternative BWM on vessels planning to 

discharge ballast in the United States were reported to the NBIC. 
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Table 3:  Volume of ballast water (cubic meters) treated by conventional and alternative methods (2004-2016). 
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3.4 Discussion  

The BWM locations of vessels arriving to United States ports are globally 

dispersed with a bias towards high northern latitudes and are often located along major 

shipping routes (Figure 1, Figure 2). The association between BWM location and 

shipping routes is especially clear for vessels that exchange ballast farther from United 

States coasts, namely in the Indian Ocean and South Atlantic Ocean. In these areas, the 

circum-equatorial route near India and Sri Lanka can be observed in container ship 

BWM and the southern passage around the Cape of Good Hope can be observed by 

visualizing tanker and bulker BWM locations. There are more locations of BWM closer 

to the coast of the United States with a line formed approximately 200 nautical miles off 

each coast delineating the required minimum distance from land at which conventional 

BWM must be performed. The concentration of BWM locations in high northern 

latitudes highlights the need to examine relationships between the ecosystems of ports 

and high latitude open-oceans to identify potential environmental health risks 

associated with accidental introductions via ballast during BWM or discharge. In 

addition, high latitude conditions, such as low temperatures and rough seas, present 

many environmental challenges for alternative BWM systems. 

The number of vessel arrivals to the United States has grown at a rate of 1.2% 

annually from 2005 to 2017, and the total amount of ballast water discharged per vessel 

has grown at an annual rate of 7.6% (Figures 3, Figure 4). The amount of ballast water 
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discharged has outpaced the growth of vessel arrivals, which indicates that the amount 

of ballast water discharged per vessel has grown during this time period. This is not 

surprising as it may be explained by increasing size of vessels, more exports from the 

United States during this time period, or relaxation of laws restricting the export of 

unrefined oil from the United States.  

The amount of ballast discharge per vessel and its origin may play a large role in 

risk assessments aimed to assess threats to human and environmental health. This 

analysis of the NBIC data shows a clear relationship between the volume of ballast water 

discharge per vessel and the vessel type with higher per vessel discharges recorded from 

bulker and tanker vessel types (Figure 5). The activity of these vessel types and water 

conditions in the ports of origin should be closely monitored to decrease the possibility 

of accidental introduction of marine invasive species to United States ports. However, in 

the absence of additional information about the water quality in the ballast discharged 

by different vessel types, the ability to perform an accurate risk assessment is lacking. 

The method of conventional BWM may reflect regional differences in vessel 

types, cargo, or ocean conditions. Notably, the Gulf States consistently recorded higher 

volumes of ballast water managed by empty-refill than flow-through; whereas, the 

Western USA consistently recorded higher volumes of ballast water managed using 

flow-through than empty-refill. This difference could be related to rougher ocean 

conditions in the North Pacific when compared to the Gulf of Mexico. Rougher ocean 
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conditions would cause crews to select flow-through exchange in order to maintain 

vessel stability in rough seas, because the empty-refill method creates more 

opportunities for vessel instability by creating pockets of the hull momentarily devoid of 

water ballast. In addition, the type of vessel, cargo, and location of the ballast tank likely 

play a role in the conventional BWM method selected. Vessels that are operating with 

high ballast water levels may be more likely to use flow-through exchange than vessels 

with low ballast water levels simply because of energy requirements associated with 

filling an otherwise near-empty tank. Furthermore, tanks that are located above sea level 

can be efficiently exchanged using empty-refill. Gravity will empty the tank with 

minimal need for pumping water and the primary energy input is when the tank is 

refilled to the original level. 

The smaller amount of ballast water treated using alternative BWM can be 

partially explained by years in which no ballast water was listed as undergoing 

alternative BWM (i.e., 2004-2008, 2010, 2013). The reason that no tanks were listed as 

using alternative BWM could be related to uncertainty from ship owners regarding 

alternative BWM regulations put in place by the USCG (33 U.S.C. § 151 (2012)). There 

were vessels calling to United States ports in 2010 and 2013 that had alternative BWM 

systems installed; yet, based on this analysis of the NBIC database, it appears that a 

conscious decision to avoid using alternative BWM systems was made by vessels 

carrying ballast into United States waters during these years. The continued growth of 
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alternative BWM is expected as further regulations requiring their installation and use 

are implemented by the IMO and USCG. 

There are several shortcomings of the NBIC data. All of the ballast data is self-

reported and may have some inconsistency in record-keeping protocols at the vessel 

level. Some reported BWM locations were on land, which could be indicative of typos 

when submitting the data to the NBIC or poor record-keeping. The rarity of these 

mistakes indicated that record-keeping and reporting aboard vessels may be more 

accurate than initially believed. Finally, there were several years where the total volume 

of reported alternative BWM was zero. A complete lack of alternative BWM during 

some years seems unlikely because two of these years (2010 and 2013) occur after 

recorded instances of alternative BWM in the United States. The NBIC only allows 

vessels to report one treatment type per ballast tank, so it is more likely that some 

instances of alternative BWM during these years underwent multiple BWM methods 

before discharge. 

Trends within the NBIC ballast data highlight several important areas for 

additional research. It is imperative to examine the differences between ecosystems in 

ports and high latitude open-oceans to examine risks of conventional BWM to coastal 

and open-ocean ecosystems. Additional research that examines the aptitude of 

alternative BWM methods at mitigating human and environmental health risks is 

necessary, especially with regards to species regrowth and variable efficacy under real 
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world conditions. Much of the existing ballast water research has focused on organisms 

larger than several millimeters; however, future research that characterizes the 

microbiome of ballast water, high latitude open-oceans, and ports would be especially 

insightful. This endeavor will provide researchers with sufficient information to 

generate risk assessments and decision-makers with the tools to create informed policies 

that protect human and environmental health.  
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4. Characterizing the Microbiome of Ballast Water 
The following chapter describes work to address Aim I. This chapter discusses a 

16S rRNA gene sequence metabarcoding approach to examine the bacterial fraction of 

the ballast water microbiome. This research was published in Environment International, 

Volume 124, pages 312-319. 

4.1. Introduction 

The volume of total ballast water discharges to ports in the United States has 

grown significantly over the last decade (Gerhard & Gunsch, 2018). This increase in 

ballast water discharge may provide additional opportunity for the accidental co-

discharge, and introduction, of aquatic invasive species (Bax et al., 2003; Carlton, 2001). 

Following a ballast-associated chlolera outbreak in Peru during the 1990s, a renewed 

focus was placed on the role of ballast water management in preventing accidental 

microbial introduction (McCarthy & Khambaty, 1994; Ruiz et al., 2000). 

Ballast water is a known vector for the global proliferation of pathogens 

(Aguirre-Macedo et al., 2008; Drake et al., 2005; Drake, Doblin, & Dobbs, 2007; Ruiz et 

al., 2000). Recent research has discovered that ballast water may also serve as a vector 

for the global movement of antibiotic resistance genes (ARGs) (Ng et al., 2018). The 

World Health Organization has called the global proliferation of antibiotic resistance the 

greatest risk to human health in the 21st century (WHO, 2014). The possibility of ARG 

translocation in ballast water further necessitates the need for effective ballast water 
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management and regulation. As a result, there has been a push by researchers and 

regulators to develop tools for rapid measurement of vessel compliance prior to 

discharge (Drake et al., 2014; Egan et al., 2015; Emami et al., 2012; Fykse et al., 2012). 

Effectively advising the development of ballast water management techniques 

requires the use of advanced characterization technologies. One such characterization 

technology is high throughput sequencing (HTS), which has made large improvements 

in cost and accuracy over the last decade (Czaplicki & Gunsch, 2016; Shokralla, Spall, 

Gibson, & Hajibabaei, 2012). These improvements have brought HTS into the 

mainstream of environmental science, and it is used to augment analysis of 

environmental questions from bioremediation to water quality to the impacts of air 

pollution (Adar, Huffnagle, & Curtis, 2016; Gwin, Lefevre, Alito, & Gunsch, 2018; 

Lefèvre et al., 2018; Staley et al., 2013). DNA in environmental matrices is often referred 

to as environmental DNA or eDNA and can be used to analyze community 

ecology dynamics that may not be feasible to examine via other methods (Brady, 2007; F. 

Li et al., 2018; Stoeck et al., 2018; Thomsen & Willerslev, 2015). In addition, HTS has been 

shown to be well-suited to identifying novel biomarkers for classification (Tan et al., 

2015). 

The application of HTS to examine environmental DNA in ballast water is still a 

developing field with relatively little published research. Recent studies have used HTS 

to examine different portions of the ballast microbiome, including the 16S rRNA gene, 
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eukaryotic 18S rRNA gene, and viral fractions (Brinkmeyer, 2016; Darling et al., 2018; 

Kim et al., 2015; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). Previously published 

HTS studies have examined relatively small sample sizes, with the largest eukaryotic 

18S rRNA gene study examining 39 ballast water samples (Darling et al., 2018), the 

largest bacterial 16S rRNA gene study examining 17 ballast water samples 

(Lymperopoulou & Dobbs, 2017), and the largest viral study examining five ballast 

water samples (Kim et al., 2015). In addition, all of these studies were performed on 

ballast water arriving in a single port. 

The goals of the present study were to: 1) Perform ballast water metabarcoding 

analysis on a larger sample size and geographic scale than previously published studies; 

2) Utilize bioinformatic analyses for less-characterized matrices; and 3) Identify 

biomarkers that may be useful for rapid assessment of ballast water origin. To 

accomplish these goals, we characterized 41 ballast, 20 harbor and 6 open ocean water 

samples via HTS. Samples were gathered from four different countries (United States, 

China, Singapore, South Africa), which allowed intra-study bacteriome comparison of 

ballast arriving to different ports for the first time. Second, we utilized amplicon 

sequence variants (ASVs) rather than Operational Taxonomic Units (OTUs) for 

classification. This type of analysis has been shown to be better suited for less 

characterized matrices and may be ideal for analyzing ballast or ocean water (Callahan, 

McMurdie, & Holmes, 2017). Third, machine learning was performed to identify 
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candidate bacteria for classification of water type (ocean, harbor, ballast) that may be 

useful as potential biomarkers for ballast water exchange in future research. 

4.2. Materials and Methods 

4.2.1. Site Selection 

We selected worldwide shipping hubs as sampling sites as these locations are 

likely to be ecologically important and may have the most potential to impact other 

areas via ballast water translocation. In addition, preference was placed on sites near 

partner institutions with the resources to collaborate on this project, and port access 

must be negotiable in advance of sampling trips via existing industry partnerships. As a 

result of these criteria, there were no ports along the Atlantic Ocean or in Europe that 

were included in this study. The ports included in this study, the reason for including 

them, the sample abbreviation, and their reference notation throughout the paper are the 

following: 1) Los Angeles/Long Beach, CA – Busiest harbor along the Pacific Coast of the 

United States, CA, United States; 2) Singapore – Busiest transshipment port in the world, 

S, Singapore; 3) Durban, South Africa – Busiest port in sub-Saharan Africa, SA, South 

Africa; and 4) Shanghai, China – Busiest port in the world, CN, China. All of the 

international research sites are hub cities along global shipping linkages (C. Wang & 

Wang, 2011). 
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4.2.2. Sample Collection 

Over a two-year period from September 2015 to August 2017, a total of 20 harbor 

and 41 ballast water samples were collected from four different ports and analyzed 

(Table 4). Ballast samples were collected by opening the ballast tank manhole and 

lowering a 1.2 L Kemmerer sampler to the water below (Wildco, Yulee, Florida). Three 

distinct 1.2 L samples were drawn from the ballast tank at approximately 1 m below the 

surface and stored in autoclaved glass bottles on ice for transport to the laboratory. 

Harbor water samples were collected immediately next to the docks with moored 

vessels at a depth of approximately 1 m. Harbor samples were collected and analyzed 

using the same methods as ballast water samples. In addition to harbor and ballast 

water samples, six open ocean samples were collected from a sailboat in the South China 

Sea between Singapore and Jakarta, Indonesia. These samples were also collected using 

the same techniques and depth as ballast and harbor water samples. The specific 

coordinates of open ocean samples can be found in the Supplementary material (Table 

7). Preparation for molecular analyses was performed on sailboat samples using a 

temporary lab and samples were stored in the ship's freezer until they could be 

transported to a lab for further analysis. 
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Table 4:  Ballast and harbor samples collected and included in this study. 

 

*Excludes six open ocean samples. 

4.2.3. Culture-based Analyses 

Culture-based analyses were performed on all harbor and ballast water samples 

within 12 h of collection; however, resource limitations at sea prevented their application 

to ocean samples. The combined analyses required 20 mL of each sample. Total coliform 

and E. coli most probable number (MPN) per 100 mL were measured using IDEXX 

Colilert® (Westbrook, ME USA) according to the manufacturer's protocol with the slight 

modification of diluting the sample 10× to account for higher salinity (Microbial 

Contaminants Method 9223, 2005). Intestinal Enterococcus MPN per 100 mL was calculated 

using IDEXX Enterolert® (Westbrook, ME USA) according to the manufacturer's 

protocol. Both of these tests are EPA approved methods for quantification of indicator 

bacteria in water. These tests have been used in geographically-remote laboratory 

settings and ballast water research previously (Gerhard et al., 2017; Ng et al., 2018). 

4.2.4. Preparation for Molecular Analysis 

One liter of each 1.2 L triplicate was filtered through 0.45 µm polycarbonate filter 

paper using a vacuum pump within 12 h of collection. The resulting filter was stored in 
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a −20 °C freezer prior to transport to Duke University for DNA extraction and analysis. 

DNA extraction was performed on all filtered samples using the MoBio PowerSoil® 

DNA Isolation Kit (Carlsbad, CA USA) according to the manufacturer's protocol. 

PowerSoil® was chosen instead of PowerWater® because prior studies show that the 

former can effectively prevent inhibition (Cox & Goodwin, 2013). In addition, studies 

have shown similar recovery with the two MoBio kits when using filter homogenized 

samples (Kaevska & Slana, 2015). 

The extraction resulted in 100 µL DNA extract volumes for each of the triplicates. 

One 100 µL volume was used for HTS analysis of the 16S rRNA gene. The other two 

100 µL elution volumes were transferred into two single-use aliquots of 20 µL for 16S 

rRNA gene sequencing and one reserve aliquot of 60 µL for future analysis to be 

determined. 

4.2.5. High Throughput Sequencing 

Illumina MiSeq amplicon sequencing was performed on all samples. The 16S 

rRNA gene sequencing primers 314F (5′-CCTACGGGAGGCAGCAG-3′) and 807R 

(5′GGACTACHAGGGTATCTAAT-3′) that cover the V3 and V4 rRNA regions were 

used to amplify the bacterial fraction of extracted DNA according to previous protocols 

(Prosdocimi et al., 2013). Samples were prepared using the Illumina workflow for 16S 

rRNA gene analysis (16S Metagenomic Sequencing Library Preparation, Illumina Inc.). 
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Samples were normalized, pooled, and run on a paired-end MiSeq platform using V3 

sequencing technology. 

Raw sequencing reads were processed in R using the DADA2 

bioinformatics package according to a previously described pipeline (Callahan et al., 

2017). Briefly, the Divisive Amplicon Denoising Algorithm (DADA) uses a model-based 

approach to correct amplicon errors without constructing OTUs. Rather than retaining 

individual reads, analysis using DADA2 generates a set of ASVs based upon the raw 

reads that can then be matched against a reference database. This allows for combination 

of multiple sequencing runs and reduces computational load when working with large 

datasets. Though the use of exact sequence variants results in slightly different values 

for diversity and richness metrics, values strongly correlate to OTU-based analysis. 

Comparison of samples using each of these methods is likely to yield similar results 

(Glassman & Martiny, 2018). In this study, we used SILVA v132 as the reference 

database for 16S rRNA gene sequences. 

4.2.6. Physical-chemical Parameters and Sample Metadata 

Temperature, pH, and salinity were measured using a YSI Professional Plus 

handheld multi-parameter instrument when possible. Access limitations prevented the 

use of a YSI to gather physical-chemical parameters in China. Instrument calibration 

problems resulted in data for some samples to be removed from consideration in this 
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study. Of samples collected in sites when a YSI was available, physical-chemical 

parameters were gathered for 39 of 55 samples and 25 of 34 ballast water samples. 

4.2.7. Data Analysis 

All downstream data analysis of 16S rRNA gene data was performed using R in 

the phyloseq package (McMurdie & Holmes, 2013). Rarefaction was performed on all 

samples. In addition, Shannon's index and Simpson's index were calculated for all 

samples using the phyloseq and vegan packages (Oksanen et al., 2017). ASV data were 

transformed to relative abundance of each sample. Further data visualizations that were 

not available through the phyloseq or DADA2 packages were performed using the 

ggplot2 package within R (Wickham, 2009). 

Concentration of ASVs in different samples was compared using the Wilcoxon 

rank-sum test in each sample type (ocean, ballast, harbor) and location (California, 

China, Singapore, South Africa). Comparisons were performed by combining samples 

into two groups. For example, testing if the concentration of California samples differed 

from all other samples was performed by creating one group of California samples and a 

second group composed of all other study sites before running the Wilcoxon rank-sum 

test. The concentration of E. coli and Enterococcus was compared by converting raw 

concentration to log scale and performing ANOVA and the Tukey test to examine 

differences across sample type and location. 
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Cluster analysis was used to analyze community similarities between samples. 

The analysis was performed with non-metric multidimensional scaling (NMDS) based 

on Bray-Curtis dissimilarities at the phylum, class, and order levels. Edges were 

assigned to samples with >0.70 similarity. Environmental vectors and factors were fit to 

the ordination plots using the envfit function in the vegan R package (Oksanen et al., 

2017). The environmental vectors included in this analysis were temperature, pH, 

salinity, and ballast residence time in the ballast tank. Samples without all four 

environmental variables were not included in the vector analysis. In addition, PCoA was 

performed and visualized using unweighted UniFrac distance between samples. 

4.2.8. Machine Learning to Identify Potential Markers 

Though this study is the largest high throughput sequencing study of ballast 

water to date (41 ballast samples), the total sample size (n = 67) is still relatively small to 

generate a machine learning model. As a result, machine learning was performed with 

67-fold cross-validation, withholding one sample per cross-validation. Limitations of 

this approach are discussed in the discussion section. 

Linear discriminant analysis (LDA) effect size (LEfSe) analysis was performed to 

select potential markers for classifying samples by sample type (ballast, harbor, ocean) 

(Segata et al., 2011). A random forest model using 5000 trees was generated using all 

potential markers and performance metrics were recorded (Breiman, Cutler, Liaw, & 

Wiener, 2018). The variable with the smallest contribution to classification accuracy was 
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removed, and the model was rerun with performance metrics recorded. Iterative 

reduction of the variables input to the model was performed to determine the minimum 

number of variables required to achieve a lower out-of-bag (OOB) error than the original 

model with all 19 variables. The robustness of the selected variables from the random 

forest method was assessed by using three other machine learning methods: 1) 

Penalized linear regression (Goeman, Meijer, Chaturvedi, & Lueder, 2018); 2) 

multinomial logistic regression (Ripley & Venables, 2016); and 3) k nearest neighbors 

(Ripley & Venables, 2015). 

4.3. Results 

4.3.1. 16S rRNA Gene Analysis 

4.3.1.1. Reads, Rarefaction, Sample Coverage, and Diversity Indices 

Sequencing resulted in a total of approximately 22 million raw Illumina reads 

across the 67 samples. Approximately 19 million reads remained after filtering, 

approximately 17 million reads were tabled, and approximately 15 million reads 

remained after removing chimeric sequences. These reads corresponded to 52,838 

unique ASVs. Rarefaction curves were calculated and approached a plateau in all 

samples (Figure 30). The range of unique ASVs per sample were: ballast 440 (CA13) to 

2993 (S17); harbor 569 (CA21) to 4339 (CN3); and ocean 136 (S5) to 700 (S8). Shannon's 

index ranges were: ballast 2.61 (S19) to 6.42 (S17); harbor 4.52 (CA39) to 6.61 (CN3); and 

ocean 3.13 (S2) to 5.02 (S8). Simpson's index ranges were: ballast 0.744 (S19) to 0.995 
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(CA35); harbor 0.941 (SA7) to 0.994 (CN10); and ocean 0.856 (S2) to 0.982 (S8). The 

diversity values for all samples are shown in the Supplementary data (Table 8). 

4.3.1.2. Relative Abundance of Major Amplicon Sequence Variants 

At the phylum level, bacterial communities in ballast tanks were dominated by 

Proteobacteria (11.2%, CA35 to 71.7%, S19), Bacteroidetes (0.8%, SA6 to 51.9%, CA13), 

and Actinobacteria (0.2%, SA6 to 20.8%, CN9). In harbor water samples, the major ASVs 

were Proteobacteria (12.2%, CN5 to 59.5%, S12), Bacteroidetes (3.0%, CN5 to 35.8%, 

CA27), and Cyanobacteria (2.5%, CN10 to 27.1%, S16). In ocean water samples, the major 

ASVs were Proteobacteria (19.9%, S2 to 73.5%, S5), Cyanobacteria (4.8%, S8 to 58.5%, S2), 

and Bacteroidetes (4.6%, S5 to 12.7%, S8). The relative abundance of Proteobacteria in 

ballast water was significantly higher than in other sample types (p = 0.045). In addition, 

the relative abundance of Cyanobacteria in ballast water was significantly lower than in 

other sample types (p < 0.0001). All phyla with >5% relative abundance were visualized 

to examine for trends (Figure 6A). 
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Figure 6:  Relative abundance of ASVs in all samples with relative abundance > 0.05. 
(A, left) At the phylum level. (B, right) at the class level.
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At the class level, bacterial communities in ballast water were dominated by 

Alphaproteobacteria (9.0%, CA13 to 51.4%, CA31), Gammaproteobacteria (7.7%, CN1 to 

70.6%, S19), and Bacteroidia (6.7%, SA4 to 58.7%, CA13). In harbor samples, the bacterial 

community was predominantly composed of Alphaproteobacteria (12.8%, CN5 to 34.2%, 

SA7), Gammaproteobacteria (11.8%, S16 to 54.4%, S12), and Bacteroidia (5.1%, CN5 to 

38.0%, CA27). In ocean samples, the major classes were Gammaproteobacteria (7.0%, S2 

to 65.6%, S5), Oxyphotobacteria (5.5%, S8 to 59.9%, S2), and Alphaproteobacteria (10.9%, 

S3 to 24.6%, S7). The relative abundance of certain classes in the ballast water microbial 

community had significant differences much like the relative abundance of certain 

phyla. For example, Oxyphotobacteria composed a significantly higher proportion of the 

population in ocean and harbor water than ballast water (p = 0.012). The composition of 

the ballast water bacterial community when analyzed at the class level looked similar 

across all locations; however, the composition of classes in the harbor water bacterial 

community in China appeared to differ from California, Singapore, and South Africa. 

All classes with >5% relative abundance were visualized to assess the existence of trends 

(Figure 6B). 

4.3.1.3. Multivariate analysis 

Cluster analysis of the relative abundance of ASVs in each sample at the phylum 

level revealed a trend by location when samples were faceted by sample type. This 

segmentation was especially evident in harbor water samples (Figure 7A). In addition, 
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ballast and harbor water samples collected in the same location tended to cluster 

together in the un-faceted analysis. A pattern of clustering despite the lack of faceting 

was most easily observed in the California samples (Figure 7B). Network projections 

using Bray-Curtis dissimilarities revealed edges by location (Figure 8). Harbor water 

samples from different sites were distinct from one another, because harbor samples 

from two different sites never had a Bray-Curtis dissimilarity value <0.70. A non-metric 

multidimensional scaling (NMDS) plot identified possible clustering by location. 

Temperature may explain some variation (r2 = 0.48, p = 0.004); however, it was likely 

confounded by location. Explanatory environmental variables such as pH (r2 = 0.13, 

p = 0.29), salinity (r2 = 0.05, p = 0.66), and residence time of ballast water in ballast tanks 

(r2 = 0.14, p = 0.27) did not have significant correlations to sample clustering (Figure 31). 

PCoA analysis depicts California samples as marginally separate from all other sample 

locations, regardless of sample type; however, there was significant overlap among 

other sample locations (Figure 9). There was some differentiation of Chinese samples, 

including a cluster of three Chinese harbor water samples separate from all other 

samples; however, Chinese ballast water samples retained apparent overlap with many 

other sample types and locations.
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Figure 7:  Phylum-level clustered heatmaps. 
(A, left) Phylum-level clustered heatmap of relative abundance of ASVs among samples faceted by sample type. (B, right) 

Phylum-level clustered heatmap of relative abundance of ASVs.
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Figure 8:  Network projection of Bray-Curtis dissimilarity values <0.70 
between linked samples calculated on relative abundance of ASVs. 
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Figure 9:  PCoA of all samples calculated using unweighted UniFrac on 
relative abundance of ASVs. 

4.3.2. Indicator Organisms 

Culture-based analysis of indicator organisms identified five vessels that 

exceeded IMO Regulation D-2 for E. coli (one), Enterococcus (three), or both (one) (Table 

9). The number of vessels arriving at each port that exceeded proposed regulations were: 

Shanghai, China (two of seven); Singapore (three of seven); Los Angeles/Long Beach, 

California (zero of 24); and Durban, South Africa (zero of four). The IMO Regulation D-2 

Ballast Water Performance Standard includes standards for acceptable concentrations of 

indicator microbes. The regulation includes language requiring E. coli concentration <250 

colony forming units per 100 mL and intestinal Enterococci concentration <100 colony 

forming units per 100 mL. All of the ballast samples in this study that exceeded IMO 

standards were loaded in the Chinese EEZ or Chinese ports. Some harbor water samples 
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also exceeded IMO Regulation D-2 for E. coli (one), Enterococcus (three), or both (three). 

The number of harbor samples exceeding the regulation segmented by location were: 

Shanghai, China (five of five); Singapore (one of four); Los Angeles/Long Beach, 

California (zero of seven); and Durban, South Africa (one of four). 

ANOVA tests were performed to examine for differences in variance among the 

sample locations and types. In ballast water, there were significant differences between 

locations in the log transformed concentration of total coliforms 

(p < 0.001), Enterococcus (p = 0.001), and E. coli (p = 0.003). Tukey's post hoc test identified 

that lower concentrations of the tested indicator organisms were typically observed in 

vessels arriving to the United States or South Africa when compared to vessels arriving 

in China or Singapore; however, this finding was not always statistically significant. In 

harbor water, there were significant differences between locations in the log-

transformed concentration of total coliforms (p = 0.002), Enterococcus (p = 0.001), and E. 

coli (p = 0.001). Tukey's post hoc test indicated that there was a significantly higher 

concentration of all tested indicator bacteria in Chinese harbor water when compared to 

United States or Singapore harbor water (p < 0.05); however, there was not a significant 

difference between Chinese and South African harbor water. 

4.3.3. Machine Learning and Classification Biomarker Identification 

LEfSe identified 19 potential markers to indicate sample type (ballast, harbor, 

ocean) with linear discriminant analysis (LDA) values >104 (Figure 32). After iterative 
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removal and assessment of out-of-bag (OOB) error, the best random forest model used 

eight variables and had an OOB error of 11.94% (Figure 10). Based on the iterative 

reduction, these eight variables (taxonomic level) in decreasing order of importance are: 

1) HIMB11 (genus); 2) Actinobacteria (class); 3) Cyanobium_PCC-6307 (genus); 4) 

Sulfurimonas (genus); 5) Marivivens (genus); 6) Thiomicrospirales (order); 7) Gilvibacter 

(genus); and 8) Microtrichales (order).  
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Figure 10:  Random forest out-of-bag error when using different markers. 
Iterative removal of variables was performed to select the best model. The 

variable removed at each step is annotated on the figure. 

Additional machine learning models were generated using the eight variables 

identified by the random forest to assess the robustness of these indicators to additional 

machine learning methods. The k nearest neighbors (kNN) approach required fewer 

than six neighbors to be used so that ocean samples (n = 6) could be correctly identified. 

The best performance was achieved when one neighbor was used (accuracy = 0.806), and 

the worst performance occurred when five neighbors were used (accuracy = 0.657). The 

penalized linear regression model had a maximum accuracy when the L2 value was 0.01 

(accuracy = 0.776); however, this was not significantly better than the performance of the 

unpenalized linear regression model (accuracy = 0.731). Rapid loss of accuracy was 
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observed when penalties >0.01 were applied to either L1 or L2 (Figure 33). In addition, 

the multinomial regression model performed well without penalties. The model is 

improved through iteration, so the lowest accuracy was observed on the initial iteration 

(accuracy = 0.239) and the maximum accuracy was observed with 250 iterations 

(accuracy = 0.866). A slight decline in accuracy was recorded after 250 iterations as 

accuracy dropped to 0.851; however, the accuracy stabilized at this value despite 

additional iterations. 

4.4. Discussion 

4.4.1. 16S rRNA Gene Analysis 

4.4.1.1. Relative Abundance of Major Amplicon Sequence Variants 

The present study shares several findings with previously published research. 

Similar to the existing literature, our study suggests that Alphaproteobacteria, 

Gammaproteobacteria, Bacteroidetes, and unclassified Bacteria dominate the bacterial 

assemblages of the environmental DNA in ballast water (Lymperopoulou & Dobbs, 

2017). In California, South Africa, and Singapore, ballast water samples had a wider 

range of alpha diversity values than harbor water samples, but the median was 

approximately the same between sample types (Table 8). This was not the case in China, 

where harbor water samples consistently had higher alpha diversity (Table 8). This 

finding is similar to previous research, including findings that the ballast water alpha 
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diversity of a tank loaded in Chinese ports or the Chinese exclusive economic 

zone (EEZ) had a higher alpha diversity score (Ng et al., 2015). 

This study identified higher relative abundance of Cyanobacteria in harbor water 

and ballast water with low residence time than was previously reported 

(Lymperopoulou & Dobbs, 2017). This finding may be associated with many variables, 

including sample time or sample method. In addition, a much higher number of unique 

ASVs were found in this research than OTUs found in all previous studies using HTS of 

16S rRNA genes (Brinkmeyer, 2016; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). 

This could be explained by the larger sample size and wider range of sample types as 

previously discussed. Furthermore, the pipeline that generates ASVs will not cluster 

similar sequences until later in the analysis, thereby resulting in more richness reported 

in the initial stages of the pipeline. 

4.4.1.2. Multivariate Analysis 

Clustering of harbor and ballast samples by sampling site is a surprising result, 

because ballast water collected in a study site often originates in another locale. 

Location-specific clustering may be related to the route travelled by the vessels. Vessels 

arriving to South Africa, China, and Singapore were typically arriving after short 

journeys through the South China Sea or the Indian Ocean; whereas, vessels arriving to 

California typically crossed through the North Pacific with ballast water exchange or 

treatment occurring while underway. In addition, major ocean currents near Singapore, 
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China, and South Africa flow from the equator towards the poles, while the major ocean 

current along the California coast flows from the Arctic to equator. This difference may 

result in different physical, chemical, and microbial characteristics of water along the 

route and in the harbor. Ocean microbial community richness metrics have been 

previously observed to change with latitude (Fuhrman et al., 2008), so different locations 

of ballast water exchange may explain some of the variation in microbial community 

dynamics of ballast water arriving at different sites. Similarly, the microbial community 

of harbor water likely depends on several characteristics such as turbidity, temperature, 

and salinity. Harbor water samples from different sites never had a Bray-Curtis 

dissimilarity value <0.70, so the harbors included in this study often had quite different 

bacterial communities when compared to one another. The impact of bacterial 

community dynamics at the site of ballast uptake is not well understood and should be 

further examined in future research. 

4.4.1.3. Amplicon Sequence Variants vs. OTUs 

ASVs may be better suited than OTUs for analysis of less characterized matrices, 

such as ocean or ballast water, because ASVs are a DNA sequence that is determined 

independently of a reference database, which carries some intrinsic biological meaning 

(Callahan et al., 2017). While we intended to characterize the amplicons as both ASVs 

and OTUs to allow comparison of results, initial efforts were abandoned because of the 

higher computational demand of OTU-based analysis which led to unreasonably long 
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lengths of analysis times. Our experience was similar to that of others who reported that 

ASV based analysis reduces the computational demands of a data set when compared to 

OTUs (Callahan et al., 2017). Overall, we identified a higher number of ASVs than the 

number of OTUs that were previously reported (Lymperopoulou & Dobbs, 2017). There 

are several possible explanations for why our numbers may be higher. First, the present 

study examined the V3–V4 region of the 16S rRNA gene. Though the primers and region 

were selected based on the Illumina standard protocol for amplicon sequencing, the lack 

of a large overlap region in the forward and reverse reads likely increased the number of 

ASVs reported. Second, a higher number of ASVs would still be expected in this study 

compared to previous research, because this study included a much larger set of 

samples (61 vs. a maximum of 19 in previous 16S rRNA gene studies) that were collected 

in the open ocean and ballast water from a wider geographic area (Lymperopoulou & 

Dobbs, 2017). The larger number of samples as well as the diversity of samples may 

have contributed to a greater number of observed microorganisms. Third, ASV analysis 

is more likely than closed-reference OTU analysis to identify high variation, because 

biological variation not present in the reference database will be lost during OTU 

assignment (Callahan et al., 2017). 

4.4.2. Indicator Organisms 

The finding of ballast tanks exceeding IMO standards has been previously 

reported (Altug, Gurun, Cardak, Ciftci, & Kalkan, 2012). The presence of pathogens has 



 

82 

been reported in up to 48% of tanks in previous research (Burkholder et al., 2007). A 

slightly lower rate of tanks with possible pathogens was found herein (16 of 41 or 39%). 

However, this number may have been higher if we had included as many pathogens as 

those tested in the previous study (Burkholder et al., 2007). 

The presence of indicator organisms in ballast water is not surprising given their 

global spread. When present, the observed concentrations were often not problematic 

according to the standards set forth by the IMO. It is important to note that at least one 

ballast water sample with concentrations of either E. coli or Enterococcus that exceeded 

the standards was collected in both Singapore and China. Further, China, Singapore, 

and South Africa all had at least one harbor water sample with concentrations of E. 

coli or Enterococcus exceeding the standards. Receiving ballast water with concentrations 

of indicator organisms greater than the defined thresholds may pose a risk to human 

and environmental health; however, the direct risks posed by ballast water with high 

concentrations of indicator organisms are difficult to elucidate when the receiving 

harbor also intermittently has values above these thresholds. 

In addition, harbors with concentrations above the recommended standards 

require ballast water treatment systems to actively reduce concentrations prior to 

discharge. This poses an additional challenge when compared to ballast loaded in zones 

with indicator organism concentrations below the IMO Regulation D-2 standards. In this 

study, all ballast water samples above the thresholds were loaded in the Chinese EEZ. 
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This finding highlights the fact that certain ports may be hot spots for microbial 

activity and may serve as hubs for microbial translocation. The reasons for this 

observation may be regulatory (e.g. lack of industry oversight, differential waste 

management) or geographic (e.g. high turbidity, warmer climate). Further research 

should be performed to understand the role of individual ports in the global 

proliferation of microorganisms through ballast. 

4.4.3. Machine Learning and Classification Biomarker Identification 

The lowest OOB error in a random forest machine learning model was achieved 

by using eight of the 19 variables identified by LEfSe as possible markers for 

classification. The kNN and penalized regression machine learning models using the 

eight markers identified from the random forest also performed well, which suggests 

that the selected markers are robust to machine learning method and may be useful 

biomarkers for water type differentiation between ballast, harbor, and ocean water. 

There was not sufficient sample size for a holdout test set, which may bias the accuracy 

and OOB error values to indicate a better model than reality. However, the performance 

of these machine learning models could be further improved with additional tuning. 

Further research applying machine learning to larger sample sizes would be useful to 

generate more accurate real-world performance metrics. In addition, future research 

should be performed to further assess the reliable capability of markers identified herein 

for accurately classifying ballast, harbor, and ocean water. 
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4.5. Conclusion 

Ballast water had significantly different relative abundances of some bacterial 

taxa compared to harbor and ocean water. This difference may allow for the use of 

biomarkers to rapidly assess water origin from ballast tanks, harbors, and ports. Further 

refinement of this approach may allow for classification of ballast water as originating 

from a harbor or a port. The approach described herein may serve as a useful proof-of-

concept for a machine learning and biomarkers-based approach to classification. As with 

other machine learning based studies, additional work to increase the sample size will 

likely lead to a reduction in the number of necessary biomarkers needed to achieve the 

desired accuracy thresholds for classification and improve the real-world applicability of 

this model.  
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5. Fungal Pathogens in Ballast Water 
The following chapter describes work to address Aim II. This chapter discusses a 

fungal ITS region metabarcoding approach to examine the fungal fraction of the ballast 

water microbiome, specifically with the goal of identifying possible pathogens present in 

collected samples. 

5.1. Introduction 

Ballast water is a known vector for the global translocation of microorganisms 

(Drake et al., 2002; Ruiz et al., 2000). Despite this awareness, research to 

comprehensively examine the microbiome of ballast water is limited. Relatively recent 

advancements in high throughput sequencing (HTS) technology have driven the price 

low enough that the democratization of HTS to environmental matrices has extensively 

proliferated (J. Gregory Caporaso et al., 2012). In the last five years, research to examine 

ballast water using HTS have explored different fractions of the microbiome, including: 

viral (Kim et al., 2015), bacterial (Brinkmeyer, 2016; Gerhard & Gunsch, 2019; 

Lymperopoulou & Dobbs, 2017; Ng et al., 2015), and eukaryal (Darling et al., 2018; 

Pagenkopp Lohan, Fleischer, Carney, Holzer, & Ruiz, 2016). To our knowledge, there is 

currently no literature examining possible pathogens found in the fungal portion of the 

ballast water microbiome despite the expansion of HTS tools into ballast water research. 

Fungal pathogens are known to affect a wide range of hosts, including: corals 

(Alker, Smith, & Kim, 2001; Petes, Harvell, Peters, Webb, & Mullen, 2003; Toledo-
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Hernández et al., 2008), humans and mammals (L. Li, Redding, & Dongari-Bagtzoglou, 

2007; McCusker, Clemons, Stevens, & Davis, 1994; Papon, Courdavault, Clastre, & 

Bennett, 2013), crops (Liu, Ellwood, Oliver, & Friesen, 2011; Talhinhas et al., 2017; Tang, 

Ding, Zhou, Wang, & Guo, 2011; Wyand & Brown, 2003), and plants (Alam et al., 2017; 

Burdsall & Eslyn, 1974; Łakomy, Kwaśna, Ratajczak, & Molińska-Glura, 2005). Over the 

last two decades, there has been a large uptick in the number of fungal diseases that 

have caused severe die-offs in wild species (Fisher et al., 2012). In addition, some 

“emerging” fungal pathogens that were never previously encountered may be 

associated with some of these effects (Daszak, Cunningham, & Hyatt, 2000; K. F. Smith, 

Sax, & Lafferty, 2006). As such, relatively little is known about their pathogenicity or 

mechanisms of action. Indeed, the role of fungi in global disease may sometimes be 

overlooked in favor of organisms from other domains; however, this has recently begun 

to rapidly shift towards more awareness (Fisher et al., 2012). 

It is important to understand the possible global translocation mechanisms of 

these pathogens, one of which is ballast water, in order to mediate any potential risks to 

human and environmental health (Fisher et al., 2012; Ruiz et al., 2000). The identification 

of fungal pathogens in different relative abundances between ballast, harbor, and ocean 

samples could indicate selective pressures or geographic differences in the fungal 

microbiome and could have direct relevance to overall pathogenicity of a certain sample, 

which has been observed in bacterial community composition (Stecher et al., 2010). 
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Furthermore, even if there are similar community composition characteristics between 

ballast, harbor, and ocean water, the presence of fungal pathogens in ballast could 

indicate that ballast water is a global transference mechanism. 

The phenomenon of fungistatic growth has been reported in soil and is thought 

to be a result of microbial community impacts on either availability of carbon sources or 

levels of antifungal production; however, research indicates that perturbations of the 

microbial community to alter these balances may impact the development of fungistasis 

(or lack thereof) (De Boer, Verheggen, Klein Gunnewiek, Kowalchuk, & Van Veen, 

2003). As a result, differences in microbial communities of water found in different 

regions may allow opportunistic pathogens co-loaded and co-unloaded with ballast 

water to gain a foothold in sensitive areas. The need to understand possible community 

impacts upon discharge highlights the need to further characterize the fungal portion of 

the ballast water microbiome. 

With this in mind, the goal of this study is to identify whether fungal pathogens 

are being moved in the ballast water microbiome. To accomplish this goal, a total of 65 

ballast, harbor, and ocean samples were collected over a two-year period and examined 

using Illumina MiSeq amplicon sequencing of the fungal internal transcribed spacer 

(ITS) region. All resulting taxa were examined in the available literature to assess their 

pathogenicity and ties to specific hosts. Information surrounding the movement of 

fungal pathogens in ballast water, and the hosts that these pathogens may target, may be 
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useful to stakeholders who hope to protect human and environmental health in areas 

affected by ballasting activity. 

 

5.2. Experimental 

5.2.1. Sample Collection and Preparation for Molecular Analysis 

Over a two-year period from September 2015 to August 2017, a total of 65 ballast, 

harbor, and ocean water samples were collected from four different ports and analyzed 

for this study (Table 12). The ports (identifiers in this paper) were: Durban, South Africa 

(South Africa); Los Angeles/Long Beach, California (California); Singapore (Singapore); 

and Shanghai, China (China). Collection methods have been described previously 

(Gerhard & Gunsch, 2019). Briefly, ballast samples were collected approximately 1 meter 

below the water surface using a 1.2 L Kemmerer sampler (Wildco, Yulee, Florida) 

through an open manhole. Harbor water samples were preferentially collected from the 

dock next to sampled vessels. Five open ocean samples were collected from a sailboat in 

the South China Sea between Singapore and Jakarta, Indonesia (Table 13). Ballast, 

harbor, and ocean samples were collected and analyzed using the same techniques. 

A vacuum pump was used to filter 1 L of each triplicate through 0.45 µm 

polycarbonate filter paper. The filter was stored in a −20°C freezer prior to transport to 

Duke University for DNA extraction and analysis. All extractions were performed using 

MoBio PowerSoil® DNA Isolation Kit (Carlsbad, CA, USA) according to the 
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manufacturer’s protocol. PowerSoil® was chosen because it can prevent sample 

inhibition (Cox & Goodwin, 2013). There is also similar DNA recovery between 

PowerSoil® and MoBio PowerWater® when using filter samples (Kaevska & Slana, 

2015). Extract volumes of 100 µL DNA were generated for each of the samples. DNA 

concentration for each sample was determined using an Invitrogen Qubit® 2.0 

Fluorometer (Carlsbad, CA, USA). 

5.2.2. High Throughput Sequencing 

Illumina MiSeq amplicon high throughput sequencing (HTS) was performed on 

all samples. The fungal ITS sequencing primers ITS1f (5’-

CTTGGTCATTTAGAGGAAGTAA-3’) and ITS2 (5’-GCTGCGTTCTTCATCGATGC-3’) 

were used to amplify the fungal fraction of extracted DNA according to previously 

published protocols (D. P. Smith & Peay, 2014). Raw reads were processed using the 

DADA2 package according to a previously described DADA2 ITS pipeline (Callahan, 

McMurdie, Rosen, Han, & A, 2016). Briefly, the Divisive Amplicon Denoising Algorithm 

(DADA) corrects amplicon errors using a model-based approach. Rather than 

operational taxonomic units (OTUs), DADA2 generates a set of amplicon sequence 

variants (ASVs) that can then be matched against a reference database. The use of ASVs 

will generate different diversity metrics than OTU-based analyses, but comparison of 

samples using each of these methods are likely to yield similar results (Glassman & 

Martiny, 2018). In this study, we used UNITE as the reference database. 
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5.2.3. Identifying Pathogenic Fungal Taxa 

It was necessary to prioritize fungal pathogens that were relatively well-studied 

in order to identify likely hosts and understand possible implications of their global 

translocation. A script was written to perform a Google Scholar search using the search 

terms of each genus and species along with the word “pathogen” and record the number 

of Google Scholar results. Taxa with at least 2,000 results were identified in the 

downstream analysis as studied fungal pathogens. A manual literature review was 

performed of the taxa with at least 2,000 results to assess whether the taxa had research 

identifying hosts and possible ecosystem impacts. Certain taxa with high relevance to 

aquatic ecosystems based on the manual literature review are described in this study. 

5.2.4. Data Analysis 

Rarefaction curves and diversity metrics were calculated using the raw taxa 

count data. Taxa count data was transformed to relative abundance per sample prior to 

visualization and statistical analysis. Data visualization was performed using the 

phyloseq or DADA2 packages in R (McMurdie & Holmes, 2013). Visualizations that 

were not available in these packages were performed using the ggplot2 package in R 

(Wickham, 2009). 

The relative composition of samples was compared using a two-sample t test 

assuming unequal variances. Specific comparisons examined whether there was a 

significant difference in relative composition of putative pathogens between sample 
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types (i.e. ballast, harbor, ocean) or sample collection locations (i.e. California, South 

Africa, Singapore, China). 

5.3. Results and Discussion 

5.3.1. Fungal ITS Region 

There was a total of 4.96 million raw reads across 65 samples. Approximately 

2.52 million read remained after filtering, approximately 1.53 million reads were tabled, 

and approximately 1.46 million reads remained after removing chimeric sequences. 

These reads corresponded to 9,163 ASVs. Rarefaction curves were calculated and all 

approached a plateau (Figure 34). All diversity indices are reported in the 

supplementary material (Table 14). Agglomeration was performed at the species level, 

which reduced the 9,163 ASVs to 615 unique taxa. 

The relative composition of samples was analyzed at the class level. All classes 

with > 5% relative abundance in at least one sample were visualized (Figure 11). Of the 

five most common classes across all samples, there was a significantly higher relative 

abundance of Sordariomycetes (p = 0.049) in ballast and harbor samples (mean = 0.131) 

compared to ocean samples (mean = 0.009). When Singapore ballast and harbor samples 

were compared to all other sites, there was a significantly higher relative abundance of 

Sordariomycetes (p = 0.001, Singapore mean = 0.420, other locations mean = 0.066), and a 

significantly lower relative abundance of Saccharomycetes (p = 0.006, Singapore mean = 

0.025, other locations mean = 0.160) and Eurotiomycetes (p = 0.007, Singapore mean = 
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0.023, other locations mean = 0.114). When California samples were compared to all 

other sites, there was a significantly lower relative abundance of Microbotryomycetes (p 

= 0.007, California mean = 0.082, other locations mean = 0.143). Finally, when China 

samples were compared to all other sites, there was a significantly higher relative 

abundance of Microbotryomycetes (p = 0.003, China mean = 0.278, other locations mean 

= 0.073).
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Figure 11:  Relative abundance of all fungal classes with > 5% relative abundance in at least one sample across all samples 
faceted by sample type. 
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These results highlight that significant community differences among the most 

prevalent fungal classes are more likely to be related to sample collection location than 

sample type. Future research that performs regression analysis with a larger data set 

may provide insight to additional drivers behind the observed differences, which may 

include sea surface temperature, salinity, holding time, and nutrient levels, among 

others. 

5.3.2. Fungal Pathogens 

There were 615 fungal taxa remaining after agglomeration at the species level. Of 

these, 45 fungal taxa had more than 2,000 results in a Google Scholar search of the genus 

and species with the term “pathogen”. These were putatively identified as studied 

fungal pathogens, and a manual literature review of each was performed to confirm that 

the identified taxa are pathogenic and determine likely hosts (Table 15). Fungal 

pathogens in these samples had hosts including corals, humans/mammals, fish, plants, 

and insects. Fungi identified as possible coral pathogens that were found in these 

samples included Aspergillus sydowii, Aspergillus flavus, and Penicillium citrinum. There is 

some disagreement in the literature regarding specific roles of these fungi in coral 

aspergillosis; however, all are thought to play some role in coral disease (Alker et al., 

2001; Petes et al., 2003; Toledo-Hernández et al., 2008). In particular, the identification of 

human and coral pathogens in ballast and harbor water highlights the need to further 
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monitor these waters to prevent the global transmission of these potentially damaging 

fungal species. 

The majority of the fungal community in some samples was composed of studied 

fungal pathogens (Figure 12). The proportion of each sample type composed of 

pathogens was (mean, standard deviation): ballast (0.246, 0.299); harbor (0.1333, 0.099); 

and ocean (0.335, 0.249). A two-sample t test was used to determine whether there was a 

significantly different community composition between sample type or sample 

collection location. The proportion of each sample composed of putative pathogens was 

not significantly different between the sample types: ballast (p = 0.721); harbor (p = 

0.623); and ocean (p = 0.130). In addition, there were no significant differences in the 

proportion of other sample locations composed of putative pathogens (mean, p-value): 

California (0.212, p = 0.311); Singapore (0.091, p = 0.106); and South Africa (0.225, p = 

0.493). High variation among ballast and ocean sample types complicated the ability to 

determine significant overall trends (Figure 35). Future research that gathers a larger 

sample size will allow for higher resolution comparison of different sample types to 

determine true trends.
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Figure 12:  Relative abundance of taxa identified as fungal pathogens classified by host and faceted by sample type.
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However, a significantly higher proportion of the fungal community of samples 

collected in China were composed of studied pathogens when compared to all other 

sample locations (p = 0.025, China mean = 0.298, other locations mean = 0.186). Though 

this does not necessarily relate to a significantly higher load of fungal pathogens in 

China samples when compared to other locations, this observation warrants further 

investigation to understand what mechanisms may be contributing to measured 

differences in fungal populations. 

Across all locations, 9 ballast water samples (21.4%) contained fungal coral 

pathogens and 34 ballast water samples (81.0%) contained fungal human/animal 

pathogens. These proportions did not differ significantly from the proportion of harbor 

and ocean samples with the same pathogens. Finding fungal pathogens of corals and 

humans/animals in ballast water underscores the potential role of ballast in the global 

translocation of these organisms. In addition, this discovery underscores that vessels 

should be wary of performing ballast water exchange in areas surrounding sensitive 

ecosystems, such as coral reefs, because of the possibility of accidental pathogen 

introduction. 

Further research is necessary to understand the scale and scope of this possible 

connection. This research utilizes DNA sequencing to establish a baseline of the living 

and dead organisms that may be encountered in these matrices; however, this technique 

is not capable of discriminating living and dead organisms. Research that leverages 
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RNA sequencing techniques could provide additional insight to the composition of the 

living fungal microbiome while also providing insight to potentially critical processes 

occurring in these matrices. Some of the remaining research gaps can be addressed by 

performing additional research that: 1) further examines less-studied fungi to determine 

whether they may be coral or human/animal pathogens; and 2) characterizes the fungal 

microbiome of ballast water using a larger sample size, RNA sequencing techniques, or 

both.  
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6. Indicator Organisms and Antibiotic Resistance Genes 
in Ballast Water 

The following chapter describes work to address Aim II. This chapter discusses 

the prevalence of antibiotic resistance genes in ballast, harbor, and ocean water with the 

goal of identifying whether any significant relationships existed between sample type or 

location and concentrations of antibiotic resistance genes. 

6.1. Introduction 

Since 2013, over 280 million metric tons of ballast water have been discharged 

annually into United States ports (Gerhard & Gunsch, 2018). Ballast water is a vector for 

the global movement of microorganisms (Drake et al., 2002, 2005; Mimura, Katakura, & 

Ishida, 2005; Ruiz et al., 2000). The spread of these organisms can have far-reaching 

effects on humans and the environment, which was exemplified by a ballast-associated 

outbreak of Vibrio cholerae in Peru during the 1990s that killed more than 10,000 people 

(McCarthy & Khambaty, 1994). Research to examine the microbial characteristics of 

ballast is especially timely because sea ice is expected to continue receding during the 

21st century, which will open additional reaches of the ocean to maritime shipping and 

its possible impacts on human and environmental health (Buixadé Farré et al., 2014; 

Holbech & Pederson, 2018; Stephenson et al., 2013). 

The International Maritime Organization (IMO) prepared the Ballast Water 

Management (BWM) Convention in 2004 to address some of the concerns regarding 

harmful aquatic organisms (Gollasch et al., 2007). The BWM Convention recognized two 
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management standards to encourage protection of aquatic environments from invasive 

or pathogenic species. Standard D-2 established enforceable compliance standards for 

microbial ballast water quality: E. coli (less than 250 viable organisms per 100 mL) and 

enterococcus (less than 100 viable organisms per 100 mL) (Lloyd’s Register, 2010). The 

BWM Convention entered into force in September 2017, which has been met with an 

increase in the utilization of ballast water treatment systems; however, the literature that 

examines indicator organism prevalence in ballast water remains relatively sparse. 

Perhaps the most ominous threat to human and environmental health presented 

by ballast water, and one that is notably absent from mention in the BWM Convention, 

is the role of ballast water as a possible medium for the global translocation of antibiotic 

resistance. Antibiotic resistant strains of Vibrio have been found in ballast water arriving 

to a major hub ports, highlighting the possibility that ballast may be inadvertently 

transporting these traits globally (Ng et al., 2018; Ruiz et al., 2000). Identifying whether 

there are significantly different concentrations of antibiotic resistance genes (ARGs) in 

ballast water tanks when compared to harbor and open ocean samples could provide 

further insight to the role of ballast in global dissemination of ARGs. The sul1 

(sulfonamide), tetM (tetracycline), and vanA (vancomycin) genes range from nearly 

ubiquitous (sul1) to rarely occurring in natural environments (vanA) (S. Chang et al., 

2003; Ng et al., 2015; Volkmann, Schwartz, Bischoff, Kirchen, & Obst, 2004). 
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In this study, we examine indicator organisms proposed by the IMO (E. coli and 

enterococcus) in addition to total coliforms in order to assess differences between 

locations and sample types. In addition, we explore the prevalence of antibiotic 

resistance across sample types and locations by enumerating the ARGs. Significantly 

different normalized values for ARGs between sample types or locations could merit 

further inspection to identify the best practices to prevent ARG transmission via high 

prevalence matrices or locations. 

6.2. Experimental 

6.2.1. Sample Collection 

A total of 82 ballast, harbor, and ocean water samples were collected from four 

ports over a two-year period from September 2015 to August 2017. The ports included in 

this study are (ballast samples, harbor samples):  Los Angeles/Long Beach, California 

(34, 8); Durban, South Africa (4, 4); Shanghai, China (7, 5); and Singapore (8, 4). For 

simplicity, these locations will be referred to as California, South Africa, China, and 

Singapore throughout this paper. There were eight open ocean samples collected from a 

sail boat during May 2016 between Singapore and Jakarta, Indonesia (Table 16). 

The sampling procedure for ballast, harbor, and ocean water samples were 

similar. Three distinct 1.2 L samples were collected approximately 1 meter below the 

water surface using a Kemmerer sampler (Wildco, Yulee, Florida). Ballast samples were 

collected through an open manhole, harbor samples were collected by lowering the 
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sampler from the edge of the dock, and ocean samples were collected by lowering the 

sampler from the side of the sailboat. All samples were stored in glass bottles on ice for 

transport to the laboratory. 

 

6.2.2. Indicator Organism Enumeration 

Culture-based analyses were performed on all ballast and harbor water samples. 

Lack of incubation capability while at sea prevented culture-based analysis of ocean 

samples. Indicator organisms were cultured using the IDEXX Colilert-18 (total coliforms, 

E. coli) and Enterolert (intestinal Enterococci) assays according to the manufacturer’s 

protocol with a 1:10 dilution for all samples to decrease the effects of salinity. These 

assays are substrate tests that can be used to detect enzymes specific to the targeted 

indicator organisms. The United States Environmental Protection Agency (USEPA) has 

approved methods for water quality analysis using these assays (Microbial Contaminants 

Method 9223, 2005). 

A 1:10 dilution of each sample was prepared using 10 mL of sample and 90 mL 

of autoclaved deionized water. The 100 mL resulting sample was mixed with the 

nutrient packet and incubated. Colilert-18 was incubated at 35ºC for 18-22 hours, and 

Enterolert was incubated at 41ºC for 24-28 hours. The positive wells were counted 

within each of these time windows and recorded. The most probable number (MPN) of 
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organisms per 100 mL sample was calculated using the MPN reference table provided 

by IDEXX, and MPN was corrected to the undiluted concentration. 

6.2.3. Preparation for Molecular Analyses 

The sample preparation techniques for molecular analyses used in this study 

have been previously described (Gerhard & Gunsch, 2019). All sample types (ballast, 

harbor, and ocean) were prepared for molecular analyses using the same method. 

Briefly, 1 L of each triplicate was filtered through a 0.45 µm polycarbonate filter paper 

using a vacuum pump. The resulting filter paper was stored at −20°C until samples were 

transported to Duke University for extraction. The MoBio PowerSoil® DNA Isolation 

Kit (Carlsbad, CA USA) was used according the manufacturer’s protocol to extract 

DNA. MoBio PowerSoil® was used instead of MoBio PowerWater® for extraction 

because studies highlight the strength of PowerSoil® for use with samples where 

inhibition may be present, and both extraction kits show similar recovery when using 

filter homogenized samples (Cox & Goodwin, 2013; Kaevska & Slana, 2015). The elution 

volume was 100 µL, and the concentration of DNA in the elute was measured using a 

Qubit® 2.0 Fluorometer (Thermo Fisher Scientific). The true replicate with the highest 

DNA concentration was used for downstream molecular analyses. 

6.2.4. Quantitative real-time PCR 

All quantitative real-time PCR (qPCR) analyses were performed at Duke 

University using a Bio-Rad CFX96 Touch Real-Time PCR Detection System (Hercules, 
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California, USA). This system includes the Bio-Rad CFX96 Optical Reaction Module and 

the Bio-Rad C1000 Touch Thermal Cycler. Standard curves and no template controls 

(NTCs) were generated for every run of each assay. Sequences for standard curves were 

found using GenBank available through the National Center for Biotechnology 

Information – part of the International Nucleotide Sequence Database Collaboration 

(Benson et al., 2018). The following reference sequences were used in this study, assay 

(accession number):  1) 16S rRNA gene (NR_157609.1); 2) sul1 (KY887591.1); 3) tetM 

(JINK01000010); and 4) vanA (KX810026). The forward and reverse primers were 

matched to each gene sequence, and a 20 base buffer was added to each end of the 

amplicon. The resulting sequence was sent to Integrated DNA Technologies (Skokie, 

Illinois, USA) to create a gBlock gene fragment of known copy concentration, which was 

used to generate all standard curves. 

All assays were performed in 25 µL volume with the following ingredients:  1) 13 

µL of PCR-grade water; 2) 10 µL of master mix; 3) 1 µL of primer or primer/probe mix – 

described in each section; and 4) 1 µL of template DNA. The 16S rRNA gene assay used 

SYBR chemistry with iTaqTM Universal SYBR® Green Supermix (Bio-Rad Laboratories, 

Inc.; Hercules, California, USA). All ARG assays used TaqMan chemistry with iTaqTM 

Universal Probes Supermix (Bio-Rad Laboratories, Inc.; Hercules, California, USA). 

The copies of bacterial 16S rRNA gene were determined using the standard 

protocol for 16S rRNA gene amplification described by the Earth Microbiome Project. 
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The approach requires a slight modification of the 515F-806R (Caporaso) primer pair 

using the 515F (Parada) and 806R (Apprill) with the goal of reducing biases against 

Crenarachaeota/Thaumarchaeota and the Alphaproteobcterial clade SAR11, which is 

found in high relative abundance in these marine samples (Apprill, Mcnally, Parsons, & 

Weber, 2015; J. G. Caporaso et al., 2011; Parada, Needham, & Fuhrman, 2016). The 

primers used in this study are:  515F (Parada) 5’ – GTGYCAGCMGCCGCGGTAA – 3’; 

and 806R (Apprill) 5’ – GGACTACNVGGGTWTCTAAT – 3’. These primers were added 

in a final concentration of 10 µM. Cycling conditions were:  1) initiation at 94°C for 3 

minutes; 2) 35 cycles at 94°C for 45 seconds, 50°C for 60 seconds, and 72°C for 90 

seconds; and 3) 72°C for 10 minutes. A melt curve was performed from 70-90°C with 

steps of 0.4°C every 10 seconds. 

The primers and probes used to examine the ARGs included in this study were 

diluted to a 10 µM final concentration in the reaction. The cycling conditions used for 

these assays were standard TaqMan cycling protocol: 1) initiation at 50°C for 2 minutes 

and 94°C for 10 minutes; and 2) 40 cycles at 95°C for 15 seconds and at 60°C for 60 

seconds. 

Three different ARGs were tested in this analysis:  1) sul1 – encoding 

sulfonamide resistance via dihydropteroate synthase encoding genes (Hu et al., 2008; 

Moura, Henriques, Ribeiro, & Correia, 2007); 2) tetM – encoding tetracycline resistance 

via ribosomal protection protein (Aminov, Chee-Sanford, Garrigues, Mehboob, & 
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Mackie, 2004); and 3) vanA – encoding vancomycin resistance via vancomycin resistance 

protein (Schwartz, Kohnen, Jansen, & Obst, 2003). The tetM and vanA ARGs were 

examined using a multiplexed qPCR approach, and the sul1 assay was performed 

separately. The primers and probes used to examine the ARGs in this study were 

described previously:  sul1 (Czekalski, Berthold, Caucci, Egli, & Bürgmann, 2012; Heuer 

et al., 2008; Heuer & Smalla, 2007); tetM (Peak et al., 2007); and vanA (Volkmann et al., 

2004). 

6.2.5. Data Analysis 

Culture data was logarithmically transformed for data analysis. All culture data 

below the lower limit of detection (LLOD) with the IDEXX kit (i.e. 1 MPN per 100 mL) 

was recorded as (
!!"#
√% ). This method has been widely used to generate values for 

samples below the LLOD of microbial assays when the data is not highly skewed. In 

addition, samples with values above the upper limit of quantification (i.e. 2419.6 MPN 

per 100 mL) were assigned the value of this upper limit. The arithmetic mean of the 

logarithmically transformed data (i.e. geometric mean) for each sample type (i.e. ballast 

and harbor) was tested for significance using an unequal variances two sample t-test. All 

means were reported as an untransformed version of the geometric mean. A one-way 

ANOVA analysis was performed to examine whether there were significant differences 

between sample locations. In the case of significance, Tukey’s post-hoc test was used to 

determine which independent variables were significantly different than the others. 



 

107 

Molecular qPCR data for each sample was determined by averaging the cycle 

threshold value for each sample and calculating the value using the standard curve. All 

qPCR data below the lower limit of quantification (LLOQ) for a given standard curve 

was transformed to a value of 1. The ARG concentration was normalized to 16S rRNA 

gene concentration for each sample. The resulting ratio was then logarithmically 

transformed. This process has been described previously (B. Li et al., 2015). These log 

ratios were compared across sample type and sample location using one-way ANOVA 

and Tukey’s post-hoc test as described for the culture data. 

6.3. Results and Discussion 

6.3.1. Culture Analysis 

Culture-based comparison of sample types was performed to identify significant 

differences between ballast and harbor water samples segmented by location (Table 5). 

When aggregating all locations, significant differences were observed between ballast 

and harbor water samples regarding total coliforms (p = 0.001) and E. coli (p = 0.007). The 

reported geometric mean and 95% confidence interval of aggregated samples was lower 

in ballast (total coliforms, 47 [23-98] MPN per 100 mL; E. coli, 9.9 [7.4-13] MPN per 100 

mL) than harbor water (total coliforms, 628 [185-2133] MPN per 100 mL; E. coli, 36 [15-

85] MPN per 100 mL). The specific locations often did not have sufficient sample size to 

generate a significant p-value despite patterns that generally reflected the aggregated 

results in California, China, and South Africa with higher concentrations in harbor than 
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ballast water (Figure 13A). Notably, Singapore samples had a higher concentration of 

indicator organisms in ballast than harbor. This observation may be because ballast 

water samples collected in Singapore were often loaded while the vessel was in Chinese 

harbors – Shanghai harbor samples had the highest geometric mean of indicator 

organisms compared to all other sites by at least an order of magnitude in every tested 

category.
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Table 5:  Comparison of indicator organism concentrations between ballast and harbor water samples. 
All values are most probable number per 100 mL reported as geometric mean with 95% confidence interval. 

 Total coliforms E. coli Enterococcus 

Location Ballast Harbor p-value Ballast Harbor p-value Ballast Harbor p-value 

California 

(n = 34, 8)1 

11 

(7.1-18) 

107 

(17-680) 

0.025* 6.8 

(6.5-7.0) 

8.4 

(4.9-15) 

0.370 7.0 

(6.6-7.4) 

7.7 

(6.4-9.3) 

0.272 

China 

(n = 7, 5)1 

1828 

(215-15576) 

10662 

(5031-22598) 

0.095 18 

(4.3-74) 

327 

(26-4077) 

0.030* 23 

(7.5-73) 

246 

(108-559) 

0.002* 

Singapore 

(n = 8, 4)1 

858 

(225-3264) 

268 

(81-888) 

0.130 34 

(8.2-138) 

29 (8.5-104) 0.837 132 

(8.1-2154) 

14 

(2.4-87) 

0.130 

South Africa 

(n = 4, 4)1 

44 

(0.7-2782) 

2628 

(0.2-3.7×107) 

0.198 All below 

LLOD2 

59 

(0.6-5551) 

0.184 All below 

LLOD2 

88 

(5.7-1387) 

0.058 

All 

(n = 53, 21)1 

47 

(23-98) 

628 

(185-2133) 

0.001* 9.9 

(7.4-13) 

36 

(15-85) 

0.007* 13 

(8.1-21) 

26 

(12-56) 

0.117 

1:  Reported as n = ballast, harbor 
2: All values below the lower limit of detection (10 MPN per 100 mL) 
*:  Significant at alpha	=	0.05
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Figure 13:  Concentration of indicator organisms and antibiotic resistance genes. 
(A) Log10 transformed concentration of indicator organisms grouped by sample type. (***) indicates a significant 

difference (p < 0.05) between locations at the endpoints of each line. (B) Log10 transformed ratio of antibiotic resistance gene 
copy numbers to 16S rRNA gene copy numbers grouped by sample type. (***) indicates a significant difference (p < 0.05) 

between locations at the endpoints of each line. (**) indicates a significant difference with the ocean samples.
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Furthermore, there were significant differences between locations when 

segmented by sample type (Figure 13A). Generally, harbor water samples from 

Singapore and California had lower concentrations of indicator organisms than harbor 

water samples from South Africa and China, and the concentration of indicator 

organisms in ballast water samples were generally higher in Singapore and China than 

South Africa and California. However, these differences were not always significant. 

Significant differences in total coliform concentration among ballast samples 

existed between China and California (p < 0.001), Singapore and California (p < 0.001), 

South Africa and China (p = 0.006), and South Africa and Singapore (p = 0.035). 

Significant differences in E. coli concentration among ballast samples existed between 

China and California (p = 0.038), Singapore and California (p < 0.001), and South Africa 

and Singapore (p = 0.040). Significant differences in enterococcus concentration among 

ballast samples existed between Singapore and California (p < 0.001) and South Africa 

and Singapore (p = 0.013). 

Significant differences in total coliform concentration among harbor samples 

existed between China and California (p = 0.005) and Singapore and China (p = 0.046). 

Significant differences in E. coli concentration among harbor samples existed between 

China and California (p = 0.001) and Singapore and China (p = 0.049). Significant 

differences in enterococcus concentration among harbor samples existed between China 
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and California (p < 0.001), South Africa and California (p = 0.004), Singapore and China 

(p < 0.001), and South Africa and Singapore (p = 0.048). 

Differences in indicator organism concentration between harbors highlight the 

differential potential to move microbes around the world in ballast water. This finding 

has particular relevance to vessels attempting to comply with IMO D-2 Standards. 

Loading ballast in harbors with high indicator organism concentrations, Shanghai and 

Durban in this study, should be avoided when possible to reduce the likelihood of 

failure in the event of compliance testing. 

6.3.2. Molecular Analysis 

For each qPCR assay, the lowest standard curve dilution with consistent 

performance was (in terms of the original sample concentration): 16S rRNA gene (10 

copies per mL); sul1 (1 copy per mL); tetM (10 copies per mL); and vanA (10 copies per 

mL). The percentage of samples above the LLOQ for each qPCR assay was: 16S rRNA 

gene (100%); sul1 (96.4%); tetM (74.4%); and vanA (0%). VanA is not reported in any of 

the figures or tables because it was not detected in any samples. All copy concentration 

data can be found in the supplementary material (Table 17). 

Comparison of normalized sul1 in ballast, harbor, and ocean water across all 

locations revealed that there were not many significant differences between sample 

types (Table 6). The only significantly different value was a higher log ratio in Chinese 

harbor water than Chinese ballast (p = 0.033) and open ocean water (p = 0.005) (Figure 
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13B). This finding may provide evidence that factors influencing sul1 selection could be 

similar across locations and sample types in this study.
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Table 6:  Comparison of log ratio of antibiotic resistance gene copies to 16S rRNA gene copies. 

All values are average log ratio with a 95% confidence interval. 

 sul1 tetM 

Location Ballast Harbor Ocean1 p-value2 Ballast Harbor Ocean1 p-value2 

California 

(n = 34, 8)3 

-3.4 

(-3.7 to -3.2) 

-3.8 

(-4.9 to -2.7) 

-3.5 

(-4.5 to -2.5) 

BH – 0.529 

BO – 0.988 

HO – 0.744 

-4.3 

(-4.7 to -3.9) 

-4.0 

(-4.5 to -3.5) 

-5.5 

(-6.4 to -4.7) 

BH – 0.835 

BO – 0.011* 

HO – 0.018* 

China 

(n = 7, 5)3 

-3.0 

(-3.5 to -2.6) 

-1.5 

(-2.7 to -0.4) 

-3.5 

(-4.5 to -2.5) 

BH – 0.033* 

BO – 0.661 

HO – 0.005* 

-5.6 

(-7.3 to -4.0) 

-3.9 

(-7.1 to -0.7) 

-5.5 

(-6.4 to -4.7) 

BH – 0.244 

BO – 0.993 

HO – 0.267 

Singapore 

(n = 8, 4)3 

-3.5 

(-4.6 to -2.5) 

-4.4 

(-6.1 to -2.7) 

-3.5 

(-4.5 to -2.5) 

BH – 0.497 

BO – 0.993 

HO – 0.442 

-3.6 

(-5.1 to -2.2) 

-3.2 

(-3.5 to -2.8) 

-5.5 

(-6.4 to -4.7) 

BH – 0.786 

BO – 0.019* 

HO – 0.010* 

South Africa 

(n = 4, 4)3 

-2.6 

(-4.3 to -0.9) 

-2.1 

(-3.9 to -0.3) 

-3.5 

(-4.5 to -2.5) 

BH – 0.844 

BO – 0.435 

HO – 0.217 

-4.7 

(-6.8 to -2.6) 

-2.9 

(-4.7 to -1.1) 

-5.5 

(-6.4 to -4.7) 

BH – 0.109 

BO – 0.426 

HO – 0.008* 

All 

(n = 53, 21, 8)4 

-3.3 

(-3.6 to -3.1) 

-3.2 

(-3.9 to -2.4) 

-3.5 

(-4.5 to -2.5) 

BH – 0.829 

BO – 0.937 

HO – 0.778 

-4.4 

(-4.8 to -4.0) 

-3.6 

(-4.2 to -3.0) 

-5.5 

(-6.4 to -4.7) 

BH – 0.087 

BO – 0.073 

HO – 0.003* 

1: All ocean samples are the same 8 samples collected in the South China Sea; 2: Comparisons listed in order of ballast-harbor, 

ballast-ocean, and harbor-ocean; 3:n = ballast, harbor; 4:n = ballast, harbor, ocean; *:  Significant at alpha	=	0.05
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There were significantly lower normalized tetM values in ocean samples when 

compared to harbor samples in Singapore, California, South Africa, and when 

aggregating all locations (Figure 13B, Table 6). These differences could be related to 

proximity to anthropogenic impacts that occur around harbor areas such as industrial 

runoff or wastewater discharge, which may create selective pressure for the tetM ARG. 

Finally, normalized tetM values in the ocean samples were significantly lower than the 

ballast samples collected in Singapore and California (Figure 13B). 

A higher normalized value for the tetM ARG in ballast and harbor water when 

compared to ocean water highlights the potential of ballast to serve as a vector for the 

global dispersion of ARGs. Additional research is necessary to explore the relationship 

between ballast, harbor, and ocean water throughout the voyage that may contribute to 

the observed differences. The vanA gene was not found in any samples, which is an 

encouraging sign regarding the transmission of resistance to this last line antibiotic in 

ballast water. In order to effectively protect human and environmental health from the 

possible risks of ballast-associated ARG transfer, it is necessary perform additional 

research to determine whether selective pressures to enrich ARGs exist within the ballast 

tank.  
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7. Analysis of Bacterial and Fungal Domain Interactions 
The following chapter describes work to address Aim III. This chapter discusses 

an integrative analysis with the goal of identifying correlations between the bacterial 

and fungal domains while also exploring the effect of using different fungal reference 

databases. In addition, a machine learning model was used to classify samples based on 

markers from both domains. 

7.1. Introduction 

Ballast water has long been known to be a vector for the global translocation of 

aquatic invasive species; however, the historic focus has often been on larger, 

multicellular organisms (Bax et al., 2003; Carlton, 2001). An outbreak of ballast-

associated cholera in Peru during the 1990s highlighted the importance of the microbial 

community of ballast water (McCarthy & Khambaty, 1994). A plethora of recent research 

has examined the role of ballast water in the global proliferation of bacterial pathogens 

and antibiotic resistance genes (Aguirre-Macedo et al., 2008; Drake et al., 2005, 2007; Ng 

et al., 2018; Ruiz et al., 2000). Despite the increased focus on the possible negative human 

health impacts, ballast water remains a crucial part of effective vessel operation during 

voyage. The volume of ballast water annually discharged in United States ports has 

grown over the last decade, which may increase the possibility for accidental co-

discharge of problematic organisms including microorganisms (Gerhard & Gunsch, 

2018). 
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Researchers and regulators are currently working to mitigate the risks to human 

and environmental health posed by ballast water. One of the most active areas of work is 

within ballast water treatment systems (BWTSs). BWTSs are designed to use active 

treatment, often adapted from drinking or wastewater treatment practices, to decrease 

the potential that problematic species will survive the voyage. Active treatment of 

ballast water prior to discharge using BWTSs is being phased in to service following the 

implementation of International Maritime Organization Ballast Water Management 

Convention (BWM Convention; MEPC 69/4/4) in September 2017. In order to effectively 

design and select BWTSs for certain use-cases, it is important to understand the physical, 

chemical, and biological characteristics of the ballast water to be treated. To date, much 

of the research to examine the ballast microbiome has been focused on the bacterial 

portion of the microbiome (bacteriome) by examining the 16S rRNA gene (Brinkmeyer, 

2016; Gerhard & Gunsch, 2019; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). To our 

knowledge, while there has been one study that used high throughput sequencing (HTS) 

to examine eukaryotic organisms in ballast water using the 18S rRNA gene (Darling et 

al., 2018), there is no published research that uses HTS to examine the fungal 

microbiome (mycobiome) of ballast water. 

The ballast mycobiome is likely to play an important role in the adaptation of the 

ballast bacterial microbiome during a voyage as there are many important synergistic 

relationships between bacteria and fungi. Unlike bacteria, fungi do not require 
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continuous water phases for active dispersal (Harms, Schlosser, & Wick, 2011). This 

results in different spreads of fungi than bacteria in aquatic systems. Fungi are capable 

of co-metabolizing a range of chemicals, which reduces dependence on certain 

compounds as carbon and energy sources and allows for better bacterial metabolic 

performance within the proximal environment (Harms et al., 2011; Kohlmeier et al., 

2005). Cometabolism of certain substrates may also be possible because of different 

optimal ecological stoichiometry for fungi and bacteria (Danger, Gessner, & Bärlocher, 

2016; Fabian, Zlatanovic, Mutz, & Premke, 2017). Fungi are known to be involved in the 

initial transformation of terrigenous organic matter to a form that is more amenable to 

transformation into biomass by bacteria (Fabian et al., 2017; Tant, Rosemond, Mehring, 

Kuehn, & Davis, 2015). Fungi can also enhance the quality of substrates to bacterial 

consumers by lowering C:N or C:P ratios in the aquatic ecosystem (Danger et al., 2016). 

Fungi and bacteria often work together to decompose natural matter such as leaves 

(Mora-Gómez et al., 2016). Which bacteria and fungi are involved in the decomposition 

process will vary depending on climate and physical-chemical parameters (Mora-Gómez 

et al., 2016). Finally, fungi and bacteria are known to have spatial variation in 

community composition, and minor differences of even several hundred feet may be 

enough to observe significantly different community composition (Adams, Miletto, 

Lindow, Taylor, & Bruns, 2014). Fungal communities also play a crucial ecological role 

in aquatic systems; however, these roles are difficult to identify because fungal 
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ecologists have not historically focused on aquatic systems (Peay, Kennedy, & Talbot, 

2016). Relatively few high-quality HTS studies have examined fungal diversity in 

aquatic ecosystems, especially when compared to the number of HTS studies performed 

on terrestrial ecosystems (Grossart, Wurzbacher, James, & Kagami, 2016; Peay et al., 

2016; Shearer et al., 2007). This lack of data complicates the effort to determine the 

specific roles and relationships of fungi within the aquatic environment which is 

particularly important as recent research indicates that there may be more fungal 

diversity in marine waters than previously thought (Grossart et al., 2016; Richards, 

Jones, Leonard, & Bass, 2012). Furthermore, despite the known relationship between 

fungal and bacterial communities, relatively few studies have examined microbial inter-

kingdom interactions in environmental matrices using HTS (Hassani, Durán, & 

Hacquard, 2018). Most published work on microbial interactions has also focused on 

terrestrial matrices. For instance, in one study of root systems, there was a negative 

correlation in inter-kingdom interactions and a positive correlation in intra-kingdom 

interactions (Durán et al., 2018). The sparse literature on the topic of microbial kingdom 

interactions in aquatic environments merits augmentations through further research. 

The present study primarily aimed to integrate fungal and bacterial community 

composition data collected within the ballast water. To our knowledge, this study is the 

first to examine the fungal community of ballast water using metabarcoding of the 

fungal ITS region and 18S rRNA genes. By identifying important positive or negative 
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correlations between taxa, this research highlights potentially important interactions 

within the ballast water microbiome. In addition, we applied machine learning 

techniques to assess if fungal and bacterial microbiome data can be used as markers of 

ballast water characteristics, including ballast residence time or sample collection 

location. Thus, this proof-of-concept machine learning work may have some broader 

implications in the context of regulation or vessel operation. 

7.2. Materials and Methods 

7.2.1. Sample Sites and Collection 

Large hub ports along common shipping routes were selected for sampling in 

this study. These sites (ocean, latitude/longitude) included:  Los Angeles/Long Beach, 

CA (Pacific Ocean, 33.755° / -118.214°); Singapore (Indian and Pacific Ocean, 1.259° / 

103.754°); Shanghai, China (Pacific Ocean, 31.366° / 121.615°); and Durban, South Africa 

(Indian and Atlantic Ocean, -29.881° / 31.027°). All of these ports are located along ocean 

currents traveling from or along the equator with the exception of Los Angeles/Long 

Beach, which may impact physical-chemical parameters at each of these sites. Over a 

two-year period from September 2015 to August 2017, a total of 40 samples were 

collected from vessels arriving to the studied ports:  1) Los Angeles/Long Beach, 

California – 22 vessels; 2) Singapore – 7 vessels; 3) Shanghai, China – 7 vessels; and 4) 

Durban, South Africa – 4 vessels. Vessel ballast records were examined to gather 

information about the ballast origin, residence time, and treatment method. Ballast 
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water samples were collected through an open ballast tank manhole with a Kemmerer 

sampler (Wildco, Yulee, Florida). Three distinct 1.2 L samples were drawn from the 

ballast tank at approximately 1 m below the surface and stored in autoclaved glass 

bottles on ice for transport to the laboratory. 

7.2.2. Sample Preparation for High Throughput Sequencing 

One L of each 1.2 L triplicate was filtered through 0.45 µm polycarbonate filter 

paper using a vacuum pump within 12 hours of collection. The resulting filters were 

stored in a −20°C freezer prior to transport to Duke University for DNA extraction and 

analysis. DNA extraction was performed on all samples using the MoBio PowerSoil® 

DNA Isolation Kit (Carlsbad, CA USA) according to the manufacturer’s protocol. The 

extraction resulted in 100 µL DNA extract volumes for each of the triplicates. One 100 

µL volume was used for HTS analysis of the 16S rRNA gene, 18S rRNA gene, and fungal 

ITS region. The other two 100 µL elution volumes were transferred into two single-use 

aliquots of 20 µL for 16S rRNA gene sequencing and one reserve aliquot of 60 µL for 

future analysis to be determined. 

7.2.3. High Throughput Sequencing and Processing 

Illumina MiSeq high throughput sequencing was performed on the 16S rRNA 

gene, 18S rRNA gene, and fungal ITS region. The bacterial 16S rRNA gene was 

sequenced according to previously described protocol (Gerhard & Gunsch, 2019). The 

18S rRNA gene and fungal ITS region were sequenced at the Argonne National 
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Laboratory using previously published primers and sequencing protocols (Amaral-

Zettler, McCliment, Ducklow, & Huse, 2009; D. P. Smith & Peay, 2014). Raw sequencing 

reads were processed in R using the DADA2 bioinformatics package according to a 

previously described pipeline (Callahan et al., 2016). Briefly, the Divisive Amplicon 

Denoising Algorithm (DADA) uses a model-based approach to correct amplicon errors 

without constructing OTUs. Rather than retaining individual reads, DADA2 generates 

amplicon sequence variants (ASVs) based on the raw reads, which can be matched 

against a reference database. This approach reduces computational load and allows for 

the combination of multiple sequencing runs. Though the use of exact sequence variants, 

such as ASVs, results in slightly different values for diversity and richness metrics, 

values strongly correlate to OTU-based analysis. Comparison of samples using ASV and 

OTU methods are likely to yield similar results (Glassman & Martiny, 2018). In this 

study, we used SILVA v132 as the reference database for 16S rRNA and 18S rRNA gene 

sequences. The UNITE database was used as a reference for the 18S rRNA gene 

sequences and fungal ITS region (Nilsson et al., 2018). The names used throughout this 

paper to refer to each set of data are (reference database_sequencing region):  Silva_16S, 

Silva_18S, UNITE_18S, and UNITE_ITS. 

7.2.4. Data Analysis 

All analysis of sequencing data was performed using R in the phyloseq package 

(McMurdie & Holmes, 2013). Rarefaction was performed on all samples. ASV data were 
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transformed to relative abundance of each sample. Filtering was performed on the data 

to keep only ASVs that were found more than three times in at least 15% of the samples. 

Further data visualizations that were not available through the pyhloseq or DADA2 

packages were performed using the ggplot2 package within R (Wickham, 2009). 

Associations between the presence of 16S and 18S rRNA genes and fungal ITS 

region were explored using the N-integration discriminant analysis with the DIABLO 

suite within  the mixOmics package (Rohart, Gautier, Singh, & Lê Cao, 2017). Briefly, the 

DIABLO (Data Integration Analysis for Biomarker discovery using Latent variable 

approaches for ‘Omics studies) framework builds on Generalized Canonical Correlation 

Analysis (GCCA) (Tenenhaus & Tenenhaus, 2011). This generalizes PLS for multiple 

matching dataset and the sparse GCCA method (Tenenhaus et al., 2014). This analysis 

generates a number of components identified by the user, in this case there were two 

components, based on fine tuning described in the package development literature. 

These components are linear relations of multiple variables. A correlation value of each 

feature to its corresponding component in the other data set can be calculated to show 

the relatedness of data sets. 

Partial Least Squares Discriminant Analysis (PLS-DA) was performed to 

discriminate ballast water residence time based on three splits:  1) less than one week; 2) 

one to two weeks; 3) two weeks and longer. A predictive clustering model using two 

dimensions was performed within the mixOmics package to identify possible clustering 
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patterns and determine whether there may be potential for future machine learning 

applications to discriminate ballast water residence time using any of the reference 

databases or gene regions in this study. In addition, PLS-DA was performed to 

discriminate ballast water based on sample collection location. The same predictive 

clustering machine learning algorithm was used to identify possible clustering patterns 

and determine whether a certain reference database or gene region may be best suited to 

differentiate ballast water collection location using future machine learning models. 

7.3. Results and Discussion 

7.3.1. High Throughput Sequencing 

There were over 4 million reads and 70,000 unique ASVs across the three 

sequencing regions (reads, ASVs):  16S rRNA gene (14961656, 52838); 18S rRNA gene 

(1474533, 10007); and ITS region (1197378, 9163). All sample rarefaction curves for each 

sequencing region reached a plateau. Samples were then matched against reference 

databases and taxa were agglomerated to the lowest level of positive identification. 

Following this step, there were over 3500 taxa remaining across all samples and 

reference databases:  Silva_16S, 2254; Silva_18S, 444; UNITE_18S, 13; and UNITE_ITS, 

862. The low number of remaining taxa in the UNITE 18S group was likely related to a 

poor match of sequencing region (18S rRNA gene) with a reference database (UNITE) 

that is more typically used with sequencing data from the fungal ITS region. 
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The entire data set was used for all subsequent analyses and visualizations with 

the exception of Figures 15-17. To reduce dimensionality to allow visualization and 

interpretation of these figures, filtering parameters were applied to highlight the role of 

more common taxa. The filtering parameters were tailored to the UNITE and SILVA 

reference databases separately. The UNITE filtering parameters required at least three 

instances of a specific taxa in at least 15% of samples, and the SILVA filtering parameters 

required at least 100 instances of a specific taxa in at least 25% of samples. The UNITE 

parameters were chosen because they were the same as the parameters in the phyloseq 

pipeline. The SILVA parameters were determined with the goal of removing at least 90% 

of taxa. This required more stringent filtering because taxa matched to the SILVA 

reference database because this reference database goes to the genus taxonomic level as 

opposed to species. Following filtering, there were 234 taxa remaining:  Silva_16S, 164; 

Silva_18S, 32; UNITE_18S, 9; and UNITE_ITS, 29. 

Shipping routes and arrival ports may have an impact on the arriving 

microbiome. Vessels arriving in California were in colder harbor water conditions than 

other samples collected in this study. This is related to ocean currents of the sites in this 

study, as California is the only site in this study fed by polar currents. This may have an 

impact on the current ballast water temperature and the nutrients and organisms 

introduced during ballast water exchange. All of these factors would place selective 

pressure on the microbial community of the ballast tank. 
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7.3.2. Correlations Between Reference Databases and Sequencing 
Regions 

Different sequencing regions were used to examine the fungal (ITS, 18S rRNA 

gene) and bacterial (16S rRNA gene) portions of the ballast water microbiome. In 

addition, two different reference databases (UNITE and SILVA) were used to examine 

the results of the 18S rRNA gene sequencing data. The highest correlation between the 

first dimension of each split when including all samples was between UNITE_ITS and 

Silva_16S (r = 0.74) (Figure 14). This correlation value underscores the notion that 

bacteria and fungi likely have an important relationship in the aquatic environment, 

which will require more research to understand.
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Figure 14:  Cluster diagrams of the first dimension of ITS (UNITE), 18S (SILVA v132/UNITE), and 16S (SILVA v132) data. 

Cluster maps are found above the diagonal and correlation coefficients are found below the diagonal. (A, Left) Cluster 

diagram of ballast differentiated by sample collection location (n = 40). (B, Right) Cluster diagram of ballast differentiated by 

ballast residence time (n = 30).
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Notably, several correlation values were much lower than anticipated. 

UNITE_18S and Silva_18S, which analyzed the same sequencing data using different 

reference databases, had a correlation value r = 0.64. In an ideal world, the reference 

databases would analyze the data similarly to generate highly correlational taxa data; 

however, differences in application between the databases (SILVA v132 tends to be used 

more often for bacteria, and UNITE tends to be used more often for fungi) may lead to 

differences in curation and oversight of the databases, which likely partially explains 

why the correlation value is lower than anticipated. 

The lowest correlation when examining all samples and using two components 

was between UNITE_18S and Silva_16S (r = 0.41). However, the correlation between 

UNITE_18S and Silva_16S increased (r = 0.67) when only samples with known ballast 

water residence time were included in the correlation analysis and one component was 

used. In particular, the majority of ballast water samples collected in China (6 of 7) were 

not able to provide information regarding ballast water residence time, and the 

exclusion of a large proportion of a sampling location may affect the correlation values 

observed across sequencing regions and reference databases. 

7.3.3. Correlations Between Taxa 

Correlations between taxa were measured using a sparse partial least squares 

(SPLS) similarity value, which were on a scale of -1 to +1. Similarity values with an 

absolute value greater than 0.3 are visualized to examine patterns across reference 
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databases and sequencing regions (Figure 15). There were 680 unique correlations 

between taxa that were greater than this threshold. There were 289 correlations between 

bacterial and fungal taxa, 333 correlations between bacterial taxa, and 58 correlations 

between fungal taxa. In addition, there appeared to be many more bacterial-bacterial or 

fungal-bacterial correlations than fungal-fungal. This indicates that interdomain 

interactions may play a large role in determining the microbiome of ballast water, but 

understanding the specific roles will require further research. 
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Figure 15:  Correlation between different amplicon sequence variants. 
Visualization followed aggregation to the lowest taxonomic level and 

matching against different reference databases. The correlation cutoff was 0.30 
similarity with positive and negative visualizations for correlations greater than 0.3 

and less than -0.3, respectively. 
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7.3.4. Correlations Between Kingdoms 

The proportion of inter-kingdom similarity values with an absolute value greater 

than 0.3 that were positive was 0.70 (201 positive, 88 negative). The proportion of 

positive intra-kingdom similarity values above this threshold was 0.62 (241 positive, 150 

negative), which was significantly lower than the proportion of inter-kingdom positive 

correlations (p = 0.032). The proportion of positive intra-kingdom bacterial similarity 

values above this threshold was 0.59 (196 positive, 137 negative), which was 

significantly lower than the proportion of inter-kingdom positive correlations (p = 

0.006). The proportion of positive intra-kingdom fungal similarity values above this 

threshold was 0.78 (45 positive, 13 negative), which was not significantly different than 

the proportion of inter-kingdom positive correlations (p = 0.219). In addition, there was 

not a significant difference between the mean similarity values of inter-kingdom 

relationships (0.003) and intra-kingdom interactions (0.001) (p = 0.253). 

7.3.5. Discriminant Analysis 

Samples did not clearly cluster when using the first dimension of multiple 

databases using either ballast water residence time or sampling location (Figure 14). The 

ellipses overlaid on the figure identify areas with 95% confidence of assignment. Large 

areas of overlap between ellipses result from a lack of ability to discriminate samples. A 

lack of discrimination was especially evident when using UNITE_18S and Silva_18S as 

the values of different explanatory variables were nearly perfectly overlapping. This 
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indicates that the 18S rRNA gene sequencing region, regardless of reference database, 

was not particularly promising when it comes to discriminating samples based on 

ballast water residence time or collection location. Similarly, Principal Coordinates 

Analysis (PCoA) of each combination of sequencing region and reference database did 

not generate insightful clustering patterns. Finally, a clustered heat map was created 

with the goal of identifying patterns of taxa present in different sequencing regions and 

reference databases along with any patterns of clustering by explanatory variable 

(Figure 16, Figure 17). Once again, this analysis revealed a high degree of mixing 

between the samples with little apparent clustering behavior.
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Figure 16:  Heat map of ballast water samples clustered by location (n = 40).
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Figure 17:  Heat map of ballast water samples clustered by ballast residence time (n = 30).
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Sparse Partial Least Squares (SPLS-DA) and Partial Least Squares (PLS-DA) were 

performed on each combination of sequencing region and reference database to examine 

the relationship between explanatory variables and community composition. There was 

no clear pattern with regards to ballast water residence time or sample collection 

location when using SPLS-DA (Figure 18). Again, ellipses depict the area with 95% 

confidence of assignment. Similar to the cluster diagram (Figure 14), there was 

particularly little discriminatory value presented by the Silva_18S and UNITE_18S data 

(Figure 18). This may indicate that the 18S rRNA gene is currently a less useful tool for 

discriminating ballast water samples on the grounds of ballast water residence time or 

sample location. 

 

Figure 18:  Sparse Partial Least Squares Discriminant Analysis (SPLS-DA) of 
ballast water samples arriving to ports around the world. 

(A, Left) Analyzing differences based on which port the sample was collected 
(n = 40). (B, Right) Analyzing differences based on ballast residence time in samples 

with known residence (n = 30). 
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Analysis using PLS-DA yielded similar results regarding discrimination of 

potential explanatory variables (Figure 19, Figure 20). The best results appeared to be 

differentiation using Silva_16S when compared to all other sequencing regions and 

reference databases. The discriminatory value of sequencing regions and reference 

databases was subsequently explored mathematically using a machine learning model. 

 

Figure 19:  Partial Least Squares Discriminant Analysis (PLS-DA) of all 
samples (n = 40). 

The prediction algorithm was written to assign samples based on sample 
collection location. 
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Figure 20:  Partial Least Squares Discriminant Analysis (PLS-DA) of all 
samples with known ballast water residence times (n = 30). 

The prediction algorithm was written to assign samples based on ballast water 
residence time. 

7.3.6. Machine Learning Model 

Machine learning was used to classify samples by the explanatory variables of 

interest. The predictive model was used to examine PLS-DA data to generate a 

prediction background (Figure 19, Figure 20). When assigning samples based on 

collection location, the model was able to accurately assign more than 75% of samples 
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using Silva_16S (33/40), UNITE_ITS (31/40), and Silva_18S (30/40); however, it was only 

able to accurately assign 60% of samples using UNITE_18S (24/40). When assigning 

samples based on ballast water residence time, the model was able to accurately assign 

more than 75% of samples using Silva_16S (26/30), Silva_18S (25/30), and UNITE_ITS 

(23/30); however, it was only able to accurately assign 50% of samples using UNITE_18S 

(15/30). 

The model had the best performance when classifying samples using Silva_16S 

(59/70). Interestingly, despite visual overlap in discriminant analyses, Silva_18S (55/70) 

was a close second in overall classification accuracy. The worst performance was 

observed when sequences were matched to the UNITE reference database. The 

predictive model accurately classified a significantly higher proportion of samples when 

using SILVA v132 (0.814) instead of the UNITE reference database (0.664) (p < 0.001). 

This suggests that the SILVA v132 reference database may currently be a better tool for 

classifying samples based on ballast water residence time and sample collection location. 

7.3.7. Implications 

The bacterial Silva_16S and fungal UNITE_ITS portions of the microbiome have 

the highest correlation value (0.74) in this analysis. Notably, there did not appear to be a 

significant difference in inter-kingdom and intra-kingdom interactions, both in terms of 

number and magnitude. This finding differs from previous research performed in soil 

environments, which found that inter-kingdom interactions had a negative correlation 
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and intra-kingdom interactions had a positive correlation (Durán et al., 2018). Thus, in 

the short term, future research with the goal of classifying ballast water samples based 

on location or ballast water residence time should be performed using the 16S rRNA 

gene and SILVA v132 reference database. There may be potential for improved model 

classification performance resulting from further exploration of the fungal ITS and 18S 

rRNA gene sequence regions or additional work to curate the UNITE fungal database.  
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8. Analysis of Bacterial and Chemical Interactions 
The following chapter describes work to address Aim III. This chapter discusses 

an integrative analysis to identify correlations between 16S rRNA gene sequence 

amplicon data and non-target chemical data. In addition, a machine learning model was 

used to classify samples based on biological and chemical markers. 

8.1. Introduction 

Ballast water is a well-known vector for the accidental introduction of 

nonindigenous invasive species (NIS) (Bailey, 2015). In addition to industry, NIS can 

impact human and environmental health, sometimes in unpredictable and catastrophic 

ways. Maritime shipping and its associated impacts are expected to affect Arctic marine 

ecosystems in the coming decades as sea ice continues to recede throughout the 21st 

century; however, the scope and scale of impacts are difficult to discern (Buixadé Farré 

et al., 2014; Holbech & Pederson, 2018; Stephenson et al., 2013). Understanding the 

current ballast water environment is necessary to effectively anticipate the possible 

impacts of ballast water in the coming decades.  

The majority of initial forays into ballast-associated NIS research examined 

organisms visible to the naked eye; however, an outbreak of Vibrio cholerae in Peru 

during the 1990s that killed more than 10,000 people created a renewed impetus for 

examining the microbiome of ballast water (McCarthy & Khambaty, 1994). Additional 



 

141 

research over the following decade highlighted the role of ballast water in the global 

translocation of microorganisms (Drake et al., 2002, 2005; Mimura et al., 2005). 

Recent advancements in high throughput sequencing (HTS) have made the 

technology more cost-effective and allow for a wide array of applications within 

environmental research (Rantsiou et al., 2018). Recent research has utilized HTS 

technology to examine the composition of the bacterial, viral, and eukaryotic fractions of 

the ballast water microbiome (Brinkmeyer, 2016; Darling et al., 2018; Gerhard & Gunsch, 

2019; Kim et al., 2015; Lymperopoulou & Dobbs, 2017; Ng et al., 2015). The use of HTS 

may have promise as an initial step for generating data that can be used for machine 

learning and sample classification (Gerhard & Gunsch, 2019; Lê Cao, Boitard, & Besse, 

2011; Rohart et al., 2017). 

There are several important features of the ballast water microbial community 

that should be considered to protect human and environmental health including 

antibiotic resistance genes (ARGs), NIS, and pathogenic organisms (Dobbs & Rogerson, 

2005). The impact of microbes can be widespread and have millions of dollars of 

economic impact by adversely impacting human health (e.g. ballast-associated outbreak 

of V. cholerae) (McCarthy & Khambaty, 1994), natural ecosystem function (e.g. toxic algae 

disrupting plankton biogeography) (Hallegraeff G.M., 1992), and industry (e.g. toxic 

algae disrupting aquaculture) (Gollasch et al., 2007; Hallegraeff, 1998). These acute 
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threats to human and environmental health underscore the importance of improving the 

current understanding of the ballast water microbial community. 

Perhaps the largest microbial threats posed by ballast water is its potential role as 

a vector for the global translocation of antibiotic resistance. According to the World 

Health Organization, the global proliferation of antibiotic resistance is one of the greatest 

threats to humanity in the 21st century (WHO, 2014). Antibiotic resistant strains of 

Vibrio, which can be a human and zoonotic pathogen, have been found in ballast water 

arriving to a major hub ports (Ng et al., 2018; Ruiz et al., 2000). Understanding the 

composition of the microbial community in ballast water may allow researchers to better 

determine the potential for ballast water to serve as a vector of ARG translocation. 

Chemicals, especially emerging contaminants, may also have significant impacts 

on receiving ports. Advances in non-target chemical analysis have allowed for analytical 

identification of an increasing number of emerging contaminants (Richardson & 

Kimura, 2016). Possible chemicals in ballast water are similar to emerging contaminants 

found in natural waters including disinfection by-products (DBPs), pharmaceuticals and 

personal care products (PPCPs), antibiotics and antibiotic resistance genes (ARGs), and 

industrial compounds (Noguera-Oviedo & Aga, 2016; Richardson & Kimura, 2016). 

One particularly topical class of chemicals is disinfection by-products (DBPs). 

Electrochlorination systems are some of the most commonly-used ballast water 

treatment systems (BWTSs). The oxidative process of chlorination can inadvertently 
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create DBPs during treatment, which has been well-studied in drinking water treatment 

(Delacroix et al., 2013; N. Zhang et al., 2016). Generation of DBPs is especially likely in 

aquatic environments that have a high concentration of natural organic matter (NOM) 

(Hua, Reckhow, & Abusallout, 2015). The Ballast Water Management Convention 

entered into force in September 2017 and requires the use of BWTSs on all vessels by 

September 2024 (IMO, 2005). As more vessels install and utilize BWTSs, the total amount 

of ballast water treated with electrochlorination systems will likely increase, thereby 

increasing the amount of DBPs co-discharged annually in ballast water. 

Furthermore, chemicals could play a significant role in shaping the composition 

of the microbial community; however, the relationship between emerging contaminants 

and bacteria is often quite difficult to understand given the paucity of data on the subject 

(Aristi et al., 2016). The scope and scale of ballast-associated chemical impacts on the 

receiving environment may be a result of either direct action (direct chemical impacts on 

the receiving ecosystem) or indirect action (selective pressure on the microbial 

community of ballast water prior to discharge). Understanding the interaction between 

emerging contaminants and the microbial community will proactively inform regulators 

and researchers who aim to protect human and environmental health. Research that 

identifies correlations between emerging contaminants and the microbial community is 

necessary to triage research into causational relationships, such as those resulting from 

selective pressures. Future research to understand the mechanism of interaction between 
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bacteria and emerging contaminants is necessary to understand causational 

relationships; however, correlational relationships should be identified in order to 

prioritize future research. 

Finally, the use of machine learning to classify samples based on chemical and 

biological markers may be more accurate than previously published studies that 

leveraged only biological markers (Gerhard & Gunsch, 2019). Additionally, each domain 

requires disparate amounts of time and resources to generate data, so the decision of 

which domain (or domains) to utilize requires further analysis. Non-target chemical 

analysis and amplicon 16S rRNA gene metabarcoding may be beyond the technical and 

financial capabilities of many regulatory labs, so identifying more targeted markers is 

necessary to encourage the proliferation of marker utilization. 

This research utilizes HTS, non-target chemical analysis, and machine learning to 

comprehensively integrate and examine the bacterial and chemical domains of ballast 

and harbor water for linkages and possible markers to be used for classification by 

collection location. Understanding the interactions between chemicals and bacteria will 

allow regulators to craft more informed and effective interventions to protect human 

and environmental health from ballast-associated impacts. In addition, the research 

approach described herein may be applicable when searching for markers within other 

aquatic matrices. 
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8.2. Experimental 

8.2.1. Sample Collection 

A total of 69 ballast, harbor, and ocean water samples were collected from four 

ports over a two-year period from September 2015 to August 2017. A subset of these 

samples was analyzed using complete high throughput sequencing techniques (n = 67) 

and another subset was analyzed using non-target chemical analysis techniques (n = 47). 

The 45 samples described in this study (32 ballast and 13 harbor) were analyzed using 

both techniques. The sites included in this study (ballast, harbor): Los Angeles/Long 

Beach, California (19, 5); Singapore (4, 1); Durban, South Africa (3, 2); and Shanghai, 

China (6, 5). 

Ballast water samples were collected through an open manhole, and harbor 

water samples were collected by lowering the sampler from the edge of the dock. Three 

distinct 1.2 L samples were collected approximately 1 meter below the water surface 

using a Kemmerer sampler (Wildco, Yulee, Florida). All samples were stored in glass 

bottles on ice for transport to the laboratory. Molecular and chemical analysis methods 

were the same for ballast and harbor water samples. Physical-chemical data including 

pH, temperature, and salinity were collected when appropriate equipment (such as a 

YSI) was available. Ballast water metadata was collected by obtaining copies of ballast 

logs from each vessel’s office. Metadata typically included ballast water residence time 

(age), location of uptake, and treatments performed on the tank. 
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8.2.2. High Throughput Sequencing and Processing 

8.2.2.1. Preparation for Molecular Analysis 

The sample preparation techniques used in this study have been previously 

described (Gerhard & Gunsch, 2019). Briefly, 1 L of each triplicate was filtered through a 

0.45 µm polycarbonate filter paper using a vacuum pump. Filter paper was stored at 

−20°C until extraction was performed at Duke University. Extraction was performed 

using the MoBio PowerSoil® DNA Isolation Kit (Carlsbad, CA USA) according the 

manufacturer’s protocol. Studies indicate that MoBio PowerSoil could be better suited 

than MoBio PowerWater® for extraction from samples where inhibition may be present, 

and both extraction kits show similar recovery when using filter homogenized samples 

(Cox & Goodwin, 2013; Kaevska & Slana, 2015). DNA was eluted to a volume of 100 µL, 

and the concentration of DNA in the elute was measured using a Qubit® 2.0 

Fluorometer (Thermo Fisher Scientific). One 100 µL volume of each sample was used for 

HTS analysis of the 16S rRNA gene. 

8.2.2.2. High Throughput Sequencing 

Illumina MiSeq amplicon sequencing was performed on all samples. The 16S 

rRNA gene sequencing primers 314F (5’-CCTACGGGAGGCAGCAG-3’) and 807R (5’-

GGACTACHAGGGTATCTAAT-3’) that cover the V3 and V4 rRNA regions were used 

to amplify the bacterial fraction of extracted DNA according to previous protocols 

(Prosdocimi et al., 2013). All samples were prepared using the Illumina standard 
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workflow for 16S rRNA gene analysis (16S Metagenomic Sequencing Library 

Preparation, Illumina Inc.). Samples were run on a paired-end MiSeq platform using V3 

sequencing technology. 

8.2.2.3. Bioinformatic Analysis 

Raw sequencing reads were processed to amplicon sequence variants (ASVs) in 

R using DADA2 as previously described (Callahan et al., 2017). Briefly, the Divisive 

Amplicon Denoising Algorithm (DADA) uses a model-based approach to generate a set 

of ASVs based on mathematical analysis of raw reads. Exact sequence variants result in 

slightly different values for diversity and richness metrics; however, values strongly 

correlate to OTU-based analysis. Comparison of samples using these methods is likely to 

give similar results (Glassman & Martiny, 2018). The resulting ASVs were then matched 

against the SILVA v132 reference database. Feature reduction of 16S rRNA gene data for 

similarity analysis was accomplished by filtering taxa to retain only those that had at 

least 100 occurrences in 25% of the samples. All remaining taxa were then transformed 

to relative abundance of the original sample counts. Reduction of features for machine 

learning is described in the machine learning section. 

8.2.3. High-resolution Compound Identification 

This section describes work from the dissertation of Dr. Noelle DeStefano (Duke 

University, 2018). 
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8.2.3.1. Sample Cleanup and Preparation 

Samples were prepared for organic contaminant analysis using solid phase 

extraction (SPE). Briefly, 1 L water samples were spiked with 250 ng of isotope-labelled 

surrogate standard mix prior to concentration onto pre-conditioned Oasis HLB SPE 

cartridges (Waters, P/N 186000115). Samples were loaded using an automated SPE 

system at a flow rate 10 mL/min, (AutoTrace, Dionex, Sunnyvalle, CA), dried under 

nitrogen and extracted with 6 mL of 10% methyl t-butyl ether in methanol. Extracts were 

further concentrated to dryness under vacuum (Thermo Scientific Savant SPD121P 

Vacuum Concentrator, Waltham, MA, U.S.A.), reconstituted to 1 mL in 5% acetonitrile 

in water and spiked with 100 ng of caffeine-13C3 internal standard solution in methanol 

(Sigma-Aldrich). Extracts were stored at -20 ºC and brought to room temperature prior to 

analysis. 

8.2.3.2. LC-HRMS Analysis 

Sample extracts were separated using high performance liquid chromatography 

(HPLC) with high resolution mass spectrometry (HRMS) detection in both positive and 

negative electrospray ionization (ESI). A PAL autosampler (CTC Analytics, Zwingen, 

Switzerland) introduced 5 or 25 µL samples for ESI(+) and ESI(-), respectively, to an 

UltiMate 3000 HPLC system (Thermo Fisher, Waltham, MA, U.S.A.) equipped with a 

binary high pressure gradient mixing pump and column heater held at 30 ºC. A Hypersil 

Gold aQ C18 endcapped column was chosen (1.9 µm, 2.1 x 100 mm) based on excellent 

chromatography for highly aqueous samples (Thermo Fisher Scientific). The mobile 

phase was water and acetonitrile for both ionizations, though 0.1% formic acid was added 
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in ESI(+) to assist with ionization efficiency. A solvent gradient program was maintained 

at 95:5 water to acetonitrile until 1.5 min after injection, increasing acetonitrile to 56% 

over 45 minutes and to 99% in 10 minutes at a constant flow rate of 0.300 mL/min. The 

final solvent condition was held constant for 3 minutes before returning to initial 

conditions and allowing to equilibrate for 2 minutes. Full scan MS was acquired on a 

Fusion Lumos Orbitrap (Thermo Fisher Scientific, San Jose, CA, U.S.A.) with a 

resolution 240,000 (FWHM at m/z 200) over the m/z range 100-1000. Rapid acquisition 

scans were acquired over 1 second cycle time using higher-energy collisional dissociation 

(HCD) at 35 eV with dynamic precursor ion exclusion. 

8.2.3.3. Nontarget and Target Compound Identification 

Targeted compound analysis was performed against a set of 68 polar, organic lab 

standards consisting of commonly detected environmental contaminants, including 

pharmaceuticals, pesticides, surfactants and personal care products. Seven-point 

calibration curves were generated (0-500 ng/L), and quantitation was performed using 

TraceFinder EFS software (Thermo Scientific v4.1, 2018). Targeted compound detects 

were confirmed against lab standards by retention time and spectral fragmentation 

comparison.   

Compound Discoverer software (Thermo Scientific v3.0, 2018) was used for peak 

picking, retention time alignment, and adduct and isotope grouping of molecular features 

in all raw files. Following targeted compound identification, all remaining molecular 

features were filtered to prioritize those with a maximum intensity greater than 105 and at 

least 1 MS/MS spectra. The Compound Discoverer workflow included isotope 
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rationalization for molecular formula assignment and interrogation of mzCloud spectral 

library (Highchem LLC, Slovakia) against MS/MS spectra. Masses with an mzCloud 

match greater than 80% were prioritized for identification and assignment of sum 

molecular formula using Sirius and CSI:FingerID algorithms (Duhrkop, et al., 2013). Top 

structures were searched against the PubChem database (Kim, et al., 2015) to quantify the 

number of references and determine environmental relevance of candidate structures. 

8.2.3.4. Feature Reduction 

To reduce the number of chemical features used in the similarity integration 

analysis, all features were filtered to retain only those with mzCloud scores greater than 

0.75. The peak area of features with the same compound identification were summed. 

Further reduction for machine learning analysis is described later in this section. 

8.2.4. Integration and Correlation Analysis of Microbial and Chemical 
Data 

Integration of chemical compounds and bacterial taxa was performed using the 

mixOmics package in R (Rohart et al., 2017). Correlation between features was 

calculated based on a similarity matrix calculated from the output of a partial least 

squares discriminant analysis (PLS), which was extended in the mixOmics package to 

cover multiple data sets (González, Cao, Davis, & Déjean, 2012; Rohart et al., 2017). To 

examine the correlation found between all features of bacterial and chemical data sets, 

the DIABLO function of the mixOmics package was used to extend a Generalized 

Canonical Correlation Analysis (GCCA) by generalizing PLS and the sparse GCCA 
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(sGCCA) method (Tenenhaus et al., 2014; Tenenhaus & Tenenhaus, 2011). This analysis 

generates a number of components identified by the user based on fine tuning described 

in the package development literature. These components are linear relations of multiple 

variables. A correlation value of each feature to its corresponding component in the 

other data set can be calculated to show the relatedness of data sets. The formula to 

calculate the correlation value used by the mixOmics package has been described in 

detail previously (González et al., 2012). The correlation value of the first four features of 

each data set are reported herein. In addition, all features were visualized in a circos 

plot, and those with absolute correlation values higher than r = 0.7 based on the 

component correlation analysis described in the mixOmics development literature were 

linked. Pearson correlation value was also calculated for all features as a more 

conventional measure of similarity. There were six levels of correlation described in this 

analysis: strong negative (-1 – -0.7), moderate negative (-0.7 – -0.3), weak negative (-0.3 – 

0), weak positive (0 – 0.3), moderate positive (0.3 – 0.7), and strong positive (0.7 – 1). 

8.2.5. Machine Learning 

8.2.5.1. Data Transformations and Feature Reduction 

All microbial data was transformed to relative abundance for each sample. 

Reduction of microbial features for machine learning was performed by inputting the 

entirety of the relative abundance data into the Linear Discriminant Analysis (LDA) 

Effect Size (LEfSe) tool available through the Huttenhower Lab (Segata et al., 2011). This 
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tool uses relative abundance and class data to identify potential classification markers. 

Step one tests whether values of features in different classes are differentially distributed 

using a Kruskal Wallis test. Those which are differentially distributed are then analyzed 

in step two, which examines subclass information using a Wilcoxon test. Finally, the 

resulting subset of vectors is used to generate a LDA model, which is used to rank the 

features based on their potential as classifiers (Segata et al., 2011). 

Chemical features were log ratio transformed against the most common 

compound across all samples (dodecyl sulfate, NaC12H25SO4, MW = 288.372). The 

resulting log ratio was then standardized using a standard scaler to create a mean of 0 

and standard deviation of 1 within each feature across all samples. The distribution of 

values within these features was examined using a Kruskal Wallis test to identify 

features that could discriminate collection location based on a priori knowledge. 

Insignificant features (p < 0.05) were removed. This approach mirrors the first step of the 

Linear Discriminant Analysis (LDA) Effect Size (LEfSe) tool, which was used to reduce 

the number of microbial features (Segata et al., 2011). 

8.2.5.2. Machine Learning Models 

Machine learning was performed within the mixOmics package to classify 

samples based on sample type (i.e. harbor or ballast). Clustering behavior of samples in 

two features was examined by creating PCoA plots using only chemical compounds and 

only bacterial taxa. The feature set with the highest ability to cluster samples based on 
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sample type was used in the machine learning model to create a predictive background. 

Classification was performed using a predictive Sparse Partial Least Squares 

Discriminant Analysis (SPLS-DA) (Lê Cao et al., 2011). Performance was assessed by 

determining the accuracy of the predictive background at differentiating the four sample 

locations. 

Additional machine learning classification was performed using a random forest 

of 5000 trees with iterative reduction of the chemical compounds and bacterial taxa 

included in the model. Each step of reduction was performed by removing the feature 

which had the least decrease in mean accuracy when removed from the model. 

Withhold one cross validation was performed to assess model accuracy. The accuracy of 

the model was measured using out-of-bag error (OOB) to assess the average percentage 

of samples incorrectly classified in the model. The optimal model features were selected 

from the model with the lowest OOB. There was not a true hold-out test set because of 

the relatively small sample size in this study (n = 45). The features included in the final 

random forest model were tested for robustness by using three machine learning 

methods:  1) penalized linear regression (Goeman et al., 2018); 2) logistic regression 

(Ripley & Venables, 2016); and 3) k nearest neighbors (Ripley & Venables, 2015). This 

process was repeated using only microbial, only chemical, and both microbial and 

chemical markers to assess the strengths and weaknesses of each class of markers. 



 

154 

8.3. Results and Discussion 

8.3.1. High Throughput Sequencing 

8.3.1.1. Characteristics of the Sequencing Runs 

The sequencing results of 67 samples has been described previously (Gerhard & 

Gunsch, 2019). Briefly, the sequencing analysis resulted in approximately 22 million raw 

reads. Approximately 15 million reads remained following filtering, tabling, and 

removal of chimeric sequences. These reads corresponded to 52,838 unique ASVs. 

Rarefaction curves approached a plateau in all samples. 

The sample set was subset to retain only those samples for which non-target 

chemical data was available (n = 45). This reduced the number of remaining reads to 

approximately 10 million; however, the number of unique ASVs remained the same. 

Assignment was performed using the SILVA v132 reference database, and taxa were 

agglomerated to the genus level. This reduced the number of taxa to 1540 and the 

number of reads to approximately 15 million across the 45 samples. Richness metrics for 

each sample are available in the supplementary material (Figure 38, Table 18). 

At the phylum level, the community was dominated by Proteobacteria. At the 

class level, the community was dominated by Alphaproteobacteria, 

Gammaproteobacteria, or Bacteroidia depending on the sampling location and sample 

type (Figure 21). Specific nuances of the community composition in these samples have 

been described in more detail previously (Gerhard & Gunsch, 2019).  
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Figure 21:  Relative abundance of bacterial taxa at the phylum and class levels 
prior to feature reduction. 

Only those taxa with greater than 0.05 relative abundance are visualized. 
Location is coded as California (CA), China (CN), Singapore (S), and South Africa 

(SA). Sample type is coded as ballast (B) and harbor (H). 
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8.3.1.2. Feature Reduction 

Taxa were agglomerated at the genus level and filtered to retain only those with 

at least 0.001 relative abundance in at least 25% of samples. This reduced the number of 

taxa to 80 (94.8% reduction) and the number of reads to approximately 6.86 million 

(54.2% reduction) across the 45 samples. This feature reduction was used for the 

integration and correlation analyses with the non-target chemical data. 

Further feature reduction for machine learning was performed using LEfSe 

(Segata et al., 2011). The alpha Kruskal Wallis alpha value was 0.05 and the threshold 

logarithmic LDA score for discriminative features was greater than 4. This process 

identified 47 taxa as possible biomarkers that had potential for classification based on 

collection location. These taxa were at several taxonomic levels:  phylum (4); class (3); 

order (11); family (12); and genus (17). 

8.3.2. Organic Contaminant Chemical Analysis 

8.3.2.1. Chemical Compounds 

A total of 12,624 chromatographic features were prioritized for further 

investigation. Of these, 51 were identified and confirmed by targeted analysis and 

consisted of 21 biocides, 5 biocide transformation products (TPs), 10 surfactants, 10 

pharmaceuticals, 1 pharmaceutical TP and 2 industrial chemicals. The non-targeted 

workflow further allowed for the probable identification of 70 and tentative 

identification of 129 organic pollutants, as defined by Schymansky et al (2014).  
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The extraction and analysis techniques employed in this study were specific to 

polar, organic compounds. These chemicals remain mobile in natural waters and are 

commonly found as riverine and coastal water pollutants from land runoff and marine 

activities. One example of such compounds found in this study is that of alcohol 

ethoxylate (AE) and alkylphenol ethoxylate (APEO) series, which were detected with 

relatively high signal intensity, comprising anywhere from 14-91% of the total signal, 

and present in every ballast and port water sample. These polyethoxylated chemicals are 

commercially available surfactant and emulsifying agents and commonly found in 

industrial detergents, thus their ubiquity. Following surfactants, the stimulant caffeine 

and its metabolite, paraxanthine, were detected in 95% and 98% in ballast and port 

water samples, respectively, and have been regularly used as tracers for raw sewage 

infiltration (45). Biocides, particularly carbendazim, DEET and atrazine, accounted for 

some of the most frequently detected compounds (85%, 72% and 39%, respectively), 

followed by pharmaceuticals associated with wastewater and land usage runoff.  

8.3.2.2. Feature Reduction 

There were 379 compounds with an mzCloud score greater than 0.75. Some of 

these compounds were repeated several times, so peak areas with the same compound 

identification were summed in each sample. The combination of multiple identities of 

each compound reduced the features to 250. All of these features were retained for 

downstream integration and machine learning analysis; however, only the most 
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abundant 100 compounds of this group were used for large visualizations. Of the 250 

compounds, 161 (64.4%) were found in all of the samples collected for this study. The 

most frequently occurring compounds in this work have also been reported in previous 

environmental occurrence studies. These compounds were retained because they would 

theoretically be more likely detected in subsequent studies or sample collections (REFS). 

Though there may be some relationships between less common bacteria and chemicals, 

the true nature of their relationship would be difficult to determine with any certainty in 

light of the relatively small sample size of this study. 

There were 20 candidate chemical markers following feature reduction for 

machine learning using the Kruskal Wallis test and LDA threshold analysis. Some of 

these markers have connections to human health, such as ketamine (which differentiated 

California samples) and clarithromycin (which differentiated South African samples). 

Ketamine is prescribed for chronic pain and sedation in the United States, and 

clarithromycin is an antibiotic used to fight opportunistic pathogens in HIV patients in 

South Africa. The identifiable compounds were generally not well-examined based on a 

review of the EPA CompTox Chemicals Dashboard (Version 3.0). This highlights the 

current lack of research to examine the biological impacts of emerging chemicals, which 

may be differentially distributed in worldwide aquatic environments. 



 

159 

8.3.3. Integration and Correlations 

 Pearson correlation values were calculated for the 100 most abundant chemical 

compounds and the 80 bacterial taxa remaining following filtering. The breakdown of 

interdomain interactions was strong positive (54), moderate positive (355), weak positive 

(1626), weak negative (4267), moderate negative (5991), and strong negative (0). The 

breakdown of intradomain chemical interactions was strong positive (298), moderate 

positive (1098), weak positive (2786), weak negative (5448), moderate negative (8504), 

and strong negative (0). The breakdown of intradomain bacterial interactions was strong 

positive (94), moderate positive (592), weak positive (1520), weak negative (4076), 

moderate negative (5634), and strong negative (0). The proportion of interdomain 

interactions that had negative Pearson correlation values (0.834) was significantly higher 

than the proportion of intradomain chemical interactions that were negative (0.769) (p < 

0.001) and the proportion of intradomain bacterial interactions that were negative (0.815) 

(p < 0.001). Interdomain correlations were calculated using the mixOmics package 

correlation algorithm with 10 components and visualized in a circos plot to identify 

bacterial taxa and chemical compounds that had high similarity or dissimilarity values 

(Figure 22). In addition to these interactions, clustering appeared to occur largely based 

on domain (Figure 23). Given the presented research design, it is not possible to 

determine whether these antagonistic relationships exist because chemical compounds 

are reducing relative abundance of specific bacterial taxa or certain bacterial taxa are 
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metabolizing chemical compounds. Further research is necessary to understand the 

relationship between bacterial taxa and chemical compounds in this study. 

There appears to be a moderate correlation between each of the first four 

chemical and four microbial components following feature selection with correlation 

values ranging from 0.67 to 0.72. Differentiating sample locations with single features 

from each data set selected via independent analysis of chemical and microbial data 

does not perform well, as can be visually observed in the overlapping ellipses when 

visualized in the two features – one chemical and one microbial (Figure 24). A more 

refined feature selection mechanism was explored via machine learning to assess the 

potential for using chemical and microbial features to classify based on sample location. 
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Figure 22:  Circos plot of similarity and dissimilarity values between chemical 
compounds and bacterial taxa. The correlation cutoff was |r| > 0.7. 
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Figure 23:  Clustered heat map of all samples using microbial taxa and 
chemical compounds. 

There appears to be a moderate correlation between each of the first four 

chemical and four microbial features following feature selection with correlation values 

ranging from 0.67 to 0.72. Differentiating sample locations with single features from each 

data set selected via independent analysis of chemical and microbial data does not 

perform well, as can be visually observed in the overlapping ellipses when visualized in 

the two features – one chemical and one microbial (Figure 24). A more refined feature 

selection mechanism was explored via machine learning to assess the potential for using 

chemical and microbial features to classify based on sample location. 
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Figure 24:  Correlation between the top four chemical and microbial features 
from each data set. 

The microbial features are transformed to relative abundance, and the 
chemical features are transformed as a standard scaler of a log ratio transformation 

with the most abundant compound. 

8.3.4. Machine Learning 

8.3.4.1. Classification of Sample Type 

Machine learning background prediction was used to predict whether samples 

were ballast or harbor water using only microbial or only chemical markers (Figure 25). 

Microbial markers appear to have more promise in classifying sample type. This could 
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be caused by the sampling technique used to collect the samples. Because the majority of 

samples were collected during the day and all samples were collected approximately 1-2 

m below the surface, there may be a higher relative abundance of phototrophic bacteria 

in the harbor water samples when compared to the ballast water samples. The difference 

in relative abundance of phototrophic bacteria across sample types has been highlighted 

in previous research (Gerhard & Gunsch, 2019). 

 

Figure 25:  Predicted sample type using the first two features of each data set. 
The microbial model correctly predicted 45 of 47 samples (95.7%), and the 

chemical model correctly predicted 40 of 47 (85.1%).  
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It is difficult to speculate about the performance of chemical markers, because 

many of the possible chemical markers are emerging contaminants. As a result, their 

identity and origin are not always known, which complicates the ability to infer any 

possible causes driving observed correlations. Further research to characterize emerging 

contaminants will allow future research to better explain the performance of non-target 

chemical-based classification models. 

8.3.4.2 Classification of Collection Location 

Three random forest models were created using the different sets of potential 

markers, including: microbial, chemical, and both. 

The microbial model was generated by iterative reduction from the original 47 

microbial features identified by LEfSe. The best performance of the microbial model was 

achieved when using 15 markers (15.6% OOB); however, performance was favorably 

comparable when using four markers (15.8% OOB). These markers are identified in the 

supplementary material (Table 19). The confusion matrix of the four marker model 

indicated that microbial markers were effective at differentiating California and South 

Africa samples from other locations (Figure 26A). A possible explanation for this divide 

is the ocean currents feeding each port. California is the only port in this study that is 

along an ocean current coming from one of the poles, and South Africa is located at a 

latitude farther from the equator than Singapore or China. Furthermore, there is a large 
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amount of reciprocal shipping traffic between Singapore and China that may complicate 

differences between the locations when examining microbes alone. 

 

Figure 26:  Confusion matrices of microbial, chemical, and microbial and 
chemical features. 

The performance of the combined model was better than each individual 
model. 

The chemical model was iteratively reduced from 20 features. The best 

performance was achieved when using 19 markers (13.7% OOB); however, performance 

was favorably comparable when using only two markers (15.5% OOB). These markers 

are identified in the supplementary material (Table 20). Unlike the microbial model, the 
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chemical model using two markers was effective at differentiating Chinese and 

Singaporean samples (Figure 26B). There were no samples with mistaken identity 

between China and Singapore samples, which contrasted sharply with the model based 

only on microbes. A possible explanation for this difference is that chemicals involved in 

industry, agriculture, or wastewater treatment are different between Singapore and 

China. Despite these strengths, the chemical model performed poorly at differentiating 

South African samples. 

The weaknesses of chemical or microbial models alone were addressed by 

combining chemical and microbial markers into one model. The best performance of the 

combined model when using the iterative reduction method was achieved when using 

27 markers (10.0% OOB). These markers are identified in the supplementary material 

(Table 21). Of the 27 markers, there were nine microbial markers and 18 chemical 

markers. The confusion matrix of the model indicated that there was some trouble with 

accurate classification of South African samples. Because bacterial features were 

particularly valuable at differentiating South African samples, this deficiency was 

addressed by creating a model using the last two chemical features: Thymidine and 

Fenthion sulfoxide; and the last four bacterial features: Planktomarina (genus), 

Chitinophagales (order), Prochlorococcus_MIT9313 (genus), and Saprospiraceae (family) 

to be removed in the combined iterative reduction. This six marker model performed 

with higher accuracy than the microbial model, chemical model, and the combined 
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iterative reduction model (6.67% OOB). The model also was able to classify all sample 

locations with less than 50% classification error (Figure 26C). 

The six markers were tested for robustness using kNN, penalized regression, and 

multinomial regression, which were all performed using withhold one cross validation. 

Penalized regression and multinomial regression achieved 100% accuracy, and kNN 

achieved 97.8% accuracy. These accuracy values are likely unrealistically high for real-

world applications of this machine learning model, but it demonstrates an effective 

proof-of-concept for these markers. The optimal models were:  kNN using 1 neighbor, 

penalized regression without penalizing features, and multinomial regression after five 

iterations. The performance of the combined model was better than the best 

performance of the only chemical and only microbial model even when using only four 

features – one chemical: Fenthion sulfoxide; and three microbial: Planktomarina (genus), 

Chitinophagales (order), and Prochlorococcus_MIT9313 (genus) (11.4% OOB). This 

finding provides evidence that an integrated approach when selecting features from two 

different data sets may be beneficial to identify the best classification features. 

Unlike the chemical or microbial models, the combined model did not appear to 

have any systematic shortcomings with regards to classification on sample location 

(Figure 26C). The combined model leverages the apparent strengths of each independent 

model – microbial features allowed the differentiation of California and South Africa 
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samples from the Asian samples while chemical features allowed the differentiation of 

China and Singapore samples. 

These findings highlight the strength of a unified chemical and microbial 

approach to machine learning classification, especially when classification regions may 

share similar environmental conditions. Though this study was limited in sample size, 

the results serve as a proof-of-concept for future research in the space of marine sample 

location classification. Future research that aims to develop predictive classification 

models may benefit from utilizing a similar approach that integrates chemical and 

microbial markers in a unified model.  
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9. Conclusions and Significance 
9.1. Characterizing the Ballast Microbiome 

The bacterial fraction of the ballast water microbiome was dominated by 

Alphaproteobacteria, Gammaproteobacteria, Bacteroidetes, and unclassified Bacteria. 

This composition is similar to previously published research. In California, South Africa, 

and Singapore, the range of alpha diversity values was higher for ballast than harbor, 

but the opposite was true in China. This is consistent with previous research that found 

higher alpha diversity scores of ballast water loaded in Chinese ports or Chinese waters. 

There was a higher relative abundance of Cyanobacteria in harbor water and ballast 

with low residence time than was reported previously, which may be explained by 

different collection methods regarding sampling depths. Finally, there were many more 

ASVs reported in this research than OTUs in previous studies. This could be explained 

by the processing pipeline to generate ASVs, larger sample size of this study, or wider 

range of sample types and locations included in this study. 

Overall, the bacterial fraction of the ballast water microbiome had significantly 

different relative abundances of some bacterial taxa when compared to harbor and 

ocean water. These differences allow for differentiation of samples within this study 

using machine learning methods. Though this approach classifies sample types of the 

samples included in this study with fairly high accuracy (88.06%), further sampling and 

validation is necessary before the biomarkers identified herein can be recommended for 
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real-world use by regulators. Future research to augment this aim includes work to: 1) 

Identify a smaller set of biomarkers for classification; and 2) Identify biomarkers to 

determine whether ballast water underwent ballast water exchange. 

9.2. Examining Indicator Organisms, Antibiotic Resistance 
Genes, and Fungal Pathogens 

9.2.1. Indicator Organisms 

The concentration of total coliforms and E. coli in ballast water was significantly 

lower than the concentrations in harbor water samples. Specific locations did not have 

sufficient sample size to establish significance in each location individually; however, 

California, China, and South Africa all represented the same trend. Singapore ballast 

samples had a higher concentration of these indicators than Singapore harbor samples, 

which may be explained by the fact that many Singapore ballast samples were loaded by 

vessels passing through Chinese waters where indicator organisms may have been 

found in higher concentrations. 

There were also significant differences in the concentration of indicator 

organisms between samples of the same sample type collected in different locations. 

Generally, there were higher concentrations of indicator organisms in both sample types 

collected in China and lower concentrations in both sample types collected in California. 

There were higher concentrations of indicator organisms in ballast in Singapore and 

higher concentrations in harbor water in South Africa. These trends may be related to a 

few causes. Water in China often had a high amount of suspended particulate matter, 



 

172 

which may allow microbes to grow. In addition, the harbor samples collected in this 

research were downstream of large populations with significant industry. The harbor 

samples collected in South Africa were downstream of unincorporated settlements that 

may not have been treating their waste prior to discharge into rivers feeding the port. 

Conversely, California and Singapore have more strict regulations and enforcement 

mandating water treatment prior to discharge. This appears to result in lower 

concentrations of the indicator organisms in harbor samples in both sites. 

Differences in indicator organism concentrations of harbor water at different 

study locations highlight the potential to move microbes around the world in ballast. 

Higher concentration of indicators in certain harbor has particular relevance to IMO D-2 

compliance, because vessels may be better served to avoid loading ballast in harbors 

with high concentrations of proposed indicator organisms. Avoiding water from these 

harbors may allow vessel operators to avoid loading ballast that is out of compliance; 

thereby, reducing the possibility that ballast is later found to be non-compliant.  

9.2.2. Antibiotic Resistance Genes 

The ARGs tested while addressing Aim II were found in nearly all samples (sul1, 

96.4%), most samples (tetM, 74.4%), and no samples (vanA, 0%). The 16S rRNA gene 

normalized values of sul1 did not have many significant differences by location or 

sample type. The only significant difference was a significantly higher log ratio in 

Chinese harbor water when compared to Chinese ballast (p = 0.033) or open ocean water 
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(p = 0.005). Possible explanations for this observation include: 1) Higher selective 

pressures, such as high concentrations of chemicals or antibiotics, in Chinese harbor 

water; or 2) Higher naturally occurring prevalence of the sul1 gene in this region of the 

world. Additional work must be done to accurately assign causality. 

There was a higher normalized log ratio for the tetM ARG in ballast and harbor 

water when compared to ocean water. The proximity of ballast and harbor water to 

human activity highlights possible anthropogenic effects on increasing antibiotic 

resistance. Furthermore, the similar values between ballast and harbor water indicate 

that there may be an interplay between these sample types with ballast loading and 

unloading occurring often in specific harbor waters. The absence of vanA in all samples 

was an encouraging finding, because the ARG confers resistance to a last-line antibiotic. 

Overall, it appears that ballast may play a role in moving antibiotic resistance 

globally; however, additional work remains to understand the mechanisms responsible 

for the higher levels of certain ARGs found in ballast when compared to open ocean 

water. Future work to examine whether the conditions of a ballast tank (i.e. low oxygen, 

exposure to treatment technologies, complete darkness) inadvertently create selective 

pressures that encourage the proliferation of antibiotic resistance during voyage. 

9.2.3. Fungal Pathogens 

Of the 615 identified fungal taxa, 45 had more than 2,000 Google Scholar results 

when searching the taxon name with the term “pathogen”. These taxa, further examined 
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via manual literature review, had a wide range of hosts including corals, 

humans/mammals, fish, plants, and insects. In some cases, the majority of the fungal 

community was composed of putative pathogens. 

The possible coral pathogens identified among samples collected in this study 

include Aspergillus sydowii, Aspergillus flavus, and Penicillium citrinum. The literature 

identifies each species as a possible contributor to the condition of aspergillosis in corals; 

however, the role of each is still unclear. At least one possible coral pathogen was 

identified in 21.4% of ballast water samples. 

To my knowledge, there are no papers currently published that specifically 

examine fungal pathogens in ballast water; therefore, there is no basis for comparison of 

the results of this portion of the dissertation. It is important to note that there did not 

appear to be significant differences between relative abundances of pathogens in ballast 

water when compared to harbor or ocean water. The primary conclusion of this section 

is that ballast has the capability to transport fungal pathogens. Although these 

pathogens may not be found in significantly different relative abundances in ballast 

when compared to aggregate harbor and ocean samples, small regional differences in 

biotic and abiotic factors may allow certain pathogens to proliferate and adversely 

impact human and environmental health in receiving waters. Future research that 

would augment this aim includes: 1) Analysis of the impacts of fungal pathogens 
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identified herein on organisms in receiving aqueous environments; and 2) Examination 

of the impacts of fungal community composition on pathogenicity of fungal pathogens. 

9.3. Analyzing Interactions Between Domains 

9.3.1. Bacterial and Fungal 

There were 680 unique correlations between taxa and above the threshold 

correlation value. Interestingly, 289 correlations were inter-kingdom, 333 were intra-

kingdom bacterial, and 58 were intra-kingdom fungal. This indicates a high degree of 

interaction within the bacterial portion of the microbiome. There also appears to be a 

large interaction between the fungal and bacterial portions of the ballast microbiome; 

however, more specific insights into the roles of taxa will require further research. 

Furthermore, positive correlations were the majority of both inter-kingdom (0.70) 

and intra-kingdom (0.62) correlations. The proportion of positive inter-kingdom 

correlations was higher than the proportion of positive intra-kingdom correlations (p = 

0.032). However, there was not a significant difference in the mean similarity values of 

inter-kingdom and intra-kingdom interactions (p = 0.253). Further research is necessary 

to understand the specific interactions within and between the bacterial and fungal 

kingdoms in ballast water. 

Finally, machine learning to classify sample locations or ballast water residence 

time using the bacterial and fungal data had varied success depending on the dataset. 

The most accurate dataset for both of these classifications was the 16S rRNA gene using 
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the SILVA v132 reference database. Interestingly, the SILVA v132 database also 

performed better than the UNITE database when using 18S rRNA gene data. This may 

be explained several ways:  1) Bacteria are more widely studied than fungi, so the 

reference database may be more thorough or have higher resolution; or 2) The bacterial 

community may be more likely than the fungal community to change in relation to the 

examined classifications. 

9.3.2. Bacterial and Chemical 

There appear to be predominantly antagonistic interactions in the bacterial and 

chemical space. There were 147 interdomain interactions, which were dominated by 144 

negative interactions. There were 36 intradomain correlations among bacterial taxa, 

which were all positive correlations. There were 6,910 intradomain correlations between 

chemical compounds which were composed entirely of positive interactions. It is 

important to note that many of the intradomain interactions are dominated by positive 

correlations; whereas, interdomain interactions are predominantly negative. Given the 

presented research design, it is not possible to determine whether this antagonistic 

relationship exists because chemical compounds are reducing relative abundance of 

specific bacterial taxa or certain bacterial taxa are metabolizing chemical compounds. 

Further research is necessary to understand the relationship between bacterial taxa and 

chemical compounds in this study. 
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In addition, machine learning was used to classify samples based on sample type 

and collection location using chemical, bacterial, and chemical and bacterial markers. 

Performance was lowest with only chemical markers and highest with both chemical 

and bacterial markers. The combined model also augmented many of the shortcomings 

of each individual model. For example, when predicting sample collection location, 

bacteria were excellent at differentiating China and South Africa; however, chemicals 

were better at differentiating Singapore and California. When the markers were 

combined, the combined model performed with the highest accuracy and used fewer 

variables. This finding highlights the strength of a unified approach to marker selection 

for machine learning classification when differentiating regions that may share similar 

environmental or anthropogenic conditions. Further research into a unified chemical 

and bacterial marker selection approach is necessary to validate the observations in this 

relatively small sample size, but this work serves as an effective proof-of-concept. 

9.4. Future Directions 

This research represents an early step into the field of ballast water microbiome 

research, specifically with regards to the topics of 16S rRNA gene metabarcoding, ARG 

prevalence in ballast arriving to different regions, fungal pathogens, and interactions 

between domains. Future work should further examine these issues in ways that have 

been described previously in this chapter. 
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The impacts of climate change on the maritime shipping trade, more specifically 

ballast water management and treatment, is another topic that merits additional 

examination. The recession of sea ice in the Arctic will open a more direct shipping route 

from China to the Northern Atlantic via the Arctic Circle. The opening of the Arctic 

presents its own unique set of challenges with regards to protecting a previously pristine 

climate from the possible impacts of ballast water exchange or treatment. Furthermore, 

different conditions during the voyage may necessitate different ballast water treatment 

practices, and an increase in the number of vessels operating in Arctic conditions may 

require additional examination of ballast water treatment systems to ensure compliance 

in the harsh climate. A re-examination of topics discussed in this dissertation with 

specific consideration of ballast water and maritime shipping passing through the Arctic 

could allow stakeholders to proactively protect human and environmental health from 

microbial transport partially facilitated by climate change.  
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Appendix – Chapter 3 

 

Figure 27:  Vessel arrivals to regions of the United States (2004-2017). 

 

 

 



 

180 

 

Figure 28:  Total ballast water discharged in United States ports as reported to 
the National Ballast Information Clearinghouse (2004-2017). 
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Figure 29:  Ballast water discharged per vessel arrival in United States ports 
(2004-2017). 
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Appendix – Chapter 4 

 

Figure 30:  Rarefaction curves of all samples faceted by sample type (n = 67). 
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Figure 31:  Non-metric multidimensional scaling (NMDS) plot of Bray-Curtis 
dissimilarity on ASV relative abundance in all samples. 

The impact of environmental variables is overlaid. 

  



 

184 

 

Figure 32:  LEfSe candidate markers. 
The samples with scores above 104 were tested in the machine learning model.
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Figure 33:  Accuracy of penalized linear regression model over ranges of L1 and L2. 
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Table 7:  Latitude and longitude of ocean samples. 

Sample Latitude Longitude 

S2 01.4791667 104.0213889 

S3 01.1960050 104.0981728 

S4 00.8075000 104.5552778 

S5 00.0419444 104.7627778 

S7 -01.9702778 105.1883333 

S8 -04.9241667 106.9772222 
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Table 8:  Diversity indices of all samples. 

Sample Type Observed Shannon Simpson 

CA2 Ballast 909 4.830278 0.97714 

CA3 Ballast 1234 4.755037 0.96794 

CA6 Ballast 712 4.928989 0.98304 

CA9 Ballast 1109 5.196997 0.98641 

CA10 Harbor 1793 5.439262 0.98748 

CA11 Ballast 612 4.262449 0.95297 

CA13 Ballast 440 4.038157 0.94665 

CA15 Harbor 858 5.061778 0.98250 

CA16 Harbor 1203 4.912397 0.97650 

CA18 Ballast 2611 5.7668315 0.988761 

CA20 Ballast 1218 4.6540815 0.966726 

CA21 Harbor 569 4.9036918 0.981220 

CA23 Ballast 1012 4.2721259 0.921399 

CA26 Ballast 858 4.3015735 0.955728 

CA27 Harbor 623 4.8361161 0.979302 

CA28 Ballast 1058 3.7442293 0.899940 

CA29 Ballast 1126 4.7048199 0.972707 

CA30 Ballast 1249 4.9040936 0.979270 

CA31 Ballast 923 4.8244816 0.959617 

CA32 Ballast 1211 5.2820215 0.986727 

CA33 Ballast 729 4.0575847 0.949193 

CA34 Ballast 611 4.7916367 0.980048 
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CA35 Ballast 1501 5.9887050 0.994671 

CA36 Ballast 834 4.525683 0.970821 

CA37 Ballast 1313 5.4375504 0.987098 

CA38 Ballast 639 4.4369301 0.964920 

CA39 Harbor 731 4.5180081 0.970844 

CA40 Ballast 1096 4.0270883 0.925368 

CA41 Ballast 973 4.7908140 0.979456 

CA42 Harbor 835 4.6369907 0.975299 

CN1 Ballast 1036 4.5215492 0.971038 

CN2 Ballast 1688 5.2365288 0.983383 

CN3 Harbor 4339 6.6097789 0.992987 

CN4 Ballast 1127 4.5365037 0.965770 

CN5 Harbor 2377 6.3402606 0.993482 

CN6 Ballast 2235 5.8509729 0.988903 

CN7 Ballast 803 4.4988529 0.961903 

CN8 Harbor 1624 5.8236651 0.988305 

CN9 Ballast 1066 4.9240242 0.981917 

CN10 Harbor 3182 6.4321504 0.993788 

CN11 Ballast 819 4.4764252 0.966641 

CN12 Harbor 2776 6.2208840 0.991799 

S2 Ocean 343 3.1340191 0.856105 

S3 Ocean 485 4.3601241 0.959618 

S4 Ocean 554 4.0303768 0.884517 

S5 Ocean 136 3.3984729 0.890375 
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S7 Ocean 506 4.5705204 0.968829 

S8 Ocean 700 5.0172800 0.981331 

S9 Ballast 2044 5.6282925 0.989553 

S10 Ballast 1256 4.5233636 0.907808 

S11 Ballast 940 4.9327045 0.976637 

S12 Harbor 960 4.6240670 0.964795 

S13 Ballast 1475 5.4435549 0.986136 

S14 Harbor 1247 5.2066645 0.982150 

S15 Ballast 1343 5.3081702 0.986824 

S16 Harbor 769 4.7895762 0.975243 

S17 Ballast 2993 6.4203201 0.990926 

S18 Harbor 1257 4.9239662 0.980006 

S19 Ballast 578 2.6080041 0.744180 

SA1 Ballast 2616 5.7640464 0.985776 

SA2 Ballast 2835 5.7181161 0.984758 

SA3 Harbor 2137 5.5877061 0.989538 

SA4 Ballast 2250 4.8466720 0.952813 

SA5 Harbor 1739 5.1030596 0.979723 

SA6 Ballast 2483 5.6635671 0.983315 

SA7 Harbor 3076 4.9929639 0.941109 

SA8 Ballast 1110 4.914376 0.972882 
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Table 9:  Culture-based indicator bacteria concentrations for all samples. 
The lower limit of detection was 7.1 organisms per 100 mL, and the upper limit 

of quanitification was 24196 organisms per 100 mL. 

Sample Sample Type Total coliforms E. coli Intestinal Enterococci 

CA2 Ballast 1720 10 < 7.1 

CA3 Ballast < 7.1 < 7.1 < 7.1 

CA6 Ballast < 7.1 < 7.1 < 7.1 

CA9 Ballast < 7.1 < 7.1 < 7.1 

CA10 Harbor 861 < 7.1 10 

CA11 Ballast < 7.1 < 7.1 10 

CA13 Ballast < 7.1 < 7.1 < 7.1 

CA15 Harbor 749 < 7.1 20 

CA16 Harbor 86 41 < 7.1 

CA18 Ballast < 7.1 < 7.1 < 7.1 

CA20 Ballast 631 < 7.1 < 7.1 

CA21 Harbor 98 < 7.1 < 7.1 

CA23 Ballast 20 < 7.1 < 7.1 

CA26 Ballast < 7.1 < 7.1 < 7.1 

CA27 Harbor < 7.1 < 7.1 < 7.1 

CA28 Ballast < 7.1 < 7.1 < 7.1 

CA29 Ballast 10 < 7.1 10 

CA30 Ballast < 7.1 < 7.1 < 7.1 

CA31 Ballast < 7.1 < 7.1 < 7.1 

CA32 Ballast < 7.1 < 7.1 < 7.1 

CA33 Ballast < 7.1 < 7.1 < 7.1 

CA34 Ballast 20 < 7.1 < 7.1 

CA35 Ballast 135 < 7.1 < 7.1 

CA36 Ballast < 7.1 < 7.1 < 7.1 

CA37 Ballast < 7.1 < 7.1 < 7.1 

CA38 Ballast < 7.1 < 7.1 < 7.1 

CA39 Harbor 10 < 7.1 10 

CA40 Ballast 52 < 7.1 < 7.1 

CA41 Ballast < 7.1 < 7.1 < 7.1 

CA42 Harbor 20 < 7.1 < 7.1 

CN1 Ballast 17329 63 < 7.1 
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CN2 Ballast 2613 358 < 7.1 

CN3 Harbor 5172 1455 195 

CN4 Ballast 313 < 7.1 31 

CN5 Harbor 15531 3076 487 

CN6 Ballast 187 < 7.1 41 

CN7 Ballast 95 < 7.1 52 

CN8 Harbor 9208 417 265 

CN9 Ballast > 24196 10 161 

CN10 Harbor 7701 20 146 

CN11 Ballast 11199 < 7.1 < 7.1 

CN12 Harbor > 24196 295 NA 

S9 Ballast 487 < 7.1 397 

S10 Ballast 5475 448 6488 

S11 Ballast 6131 100 10 

S12 Harbor 52 < 7.1 < 7.1 

S13 Ballast 369 10 < 7.1 

S14 Harbor 495 63 189 

S15 Ballast 47.4 10.7 < 7.1 

S16 Harbor 365.4 16.4 < 7.1 

S17 Ballast 1785 189 < 7.1 

S18 Harbor 262 52 < 7.1 

S19 Ballast 1309 < 7.1 464 

SA1 Ballast 63 < 7.1 < 7.1 

SA2 Ballast 189 < 7.1 < 7.1 

SA3 Harbor 565 63 10 

SA4 Ballast < 7.1 < 7.1 < 7.1 

SA5 Harbor 31 < 7.1 85 

SA6 Ballast NA NA NA 

SA7 Harbor > 24196 152 274 

SA8 Ballast > 24196 187 30 
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Table 10:  Physical-chemical data. 

Sample Type Date Temp (C) Salinity (ppth) pH 

CA6 Ballast 3/15/16 17.41 33.569 7.97 

CA9 Ballast 3/15/16 18.11 33.635 7.8 

CA11 Ballast 3/16/16 15.67 34.389 7.72 

CA13 Ballast 3/17/16 13.77 3.293 7.69 

CA18 Ballast 3/18/16 16.03 33.355 7.29 

CA20 Ballast 3/18/16 19.74 35.621 7.69 

CA23 Ballast 3/20/16 15.37 21.992 7.82 

CA26 Ballast 3/20/16 16.89 33.812 7.79 

CA28 Ballast 3/9/17 16.7 34.4 7.8 

CA29 Ballast 3/9/17 19 35.85 7.69 

CA30 Ballast 3/10/17 16.7 34.0 7.7 

CA31 Ballast 3/10/17 20.2 33.4 7.6 

CA32 Ballast 3/11/17 18.6 35.8 7.7 

CA33 Ballast 3/12/17 15.6 35.0 7.8 

CA34 Ballast 3/12/17 16.5 34.9 7.4 

CA35 Ballast 3/12/17 13.7 1.3 7.8 

CA36 Ballast 3/12/17 16.0 34.8 7.7 

CA37 Ballast 3/13/17 14.1 35.0 7.9 

CA38 Ballast 3/13/17 15.2 34.7 7.7 

CA10 Harbor 3/15/16 16.08 32.62 8.39 

CA15 Harbor 3/17/16 15.35 33.377 7.26 

CA16 Harbor 3/17/16 16.71 32.29 7.77 

CA21 Harbor 3/18/16 15.52 33.26 7.53 

CA27 Harbor 3/20/16 16.45 33.208 7.77 

CA39 Harbor 3/13/17 15.2 34.72 7.72 

SA1 Ballast 4/23/17 25.1 34.1 
 

SA2 Ballast 4/23/17 25.1 34.1 
 

SA4 Ballast 4/25/17 24.8 32.8 8.14 

SA6 Ballast 4/29/17 23.7 32.4 
 

S9 Ballast 5/16/16 31.69 23.75 7.45 

S11 Ballast 5/20/16 31.35 10.883 7.89 

S12 Harbor 5/20/16 31.44 33.054 7.54 
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S14 Harbor 5/21/16 31.53 32.995 7.72 

S2 Ocean 4/26/16 31.11 33.318 7.86 

S3 Ocean 4/26/16 32 33.547 7.41 

S4 Ocean 4/29/16 31.15 33.488 7.64 

S5 Ocean 4/29/16 31.64 33.68 8.04 

S7 Ocean 5/2/16 31.06 31.11 7.75 

S8 Ocean 5/7/16 30.72 32.69 7.6 
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Table 11:  Metadata for ballast water samples. 

Sample Date Vessel Type Last Fill  BWM1 RT2 

CA2 3/15/16 tanker usa bwe 3 

CA3 3/15/16 bulker ocean er 26 

CA6 3/15/16 bulker usa bwe 6 

CA7 3/15/16 bulker ocean er 29 

CA9 3/15/16 tanker 
   

CA11 3/16/16 roro usa bwe 70 

CA13 3/17/16 container brazil er 10 

CA18 3/18/16 container usa bwe 1 

CA20 3/18/16 container canada bwe 74 

CA23 3/20/16 container ocean er 8 

CA26 3/20/16 tanker 
 

er 1 

CA28 3/9/17 container usa bwe 5 

CA29 3/9/17 container hong kong er 8 

CA30 3/10/17 bulker usa bwe 5 

CA31 3/10/17 container hong kong bwe 9 

CA32 3/11/17 container 
 

er 98 

CA33 3/12/17 container belgium er 10 

CA34 3/12/17 tanker usa bwe 0 

CA35 3/12/17 tanker usa bwe 2 

CA36 3/12/17 tanker korea 
  

CA37 3/13/17 container korea er 4 

CA38 3/13/17 container china er 5 

CA40 3/15/17 cargo 
  

  

CA41 3/15/17 cargo 
  

  

CN1 7/21/17 container china bwe 5 

CN2 7/23/17 container china bwe   

CN4 7/24/17 container taiwan bwe   

CN6 7/26/17 container 
   

CN7 7/26/17 container shanghai bwe   

CN9 7/28/17 container germany bwe   

CN11 7/28/17 container malta bwe   

SA1 4/23/17 container brazil er 6 
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SA2 4/23/17 container brazil er 6 

SA4 4/25/17 container india ft 8 

SA6 4/29/17 container south africa bwe 15 

S9 5/16/16 container china bwe 6 

S10 5/15/16 container china bwe 17 

S11 5/20/16 container china bwe 16 

S13 5/21/16 container ocean bwe 7 

S15 7/1/16 container uae bwe 14 

S17 7/4/16 container singapore bwe 0 

S19 7/9/16 container singapore er 7 

 

1 BWM = Ballast water management. Treatment type abbreviations (meaning):  

bwe (ballast water exchange), er (empty-refill, sequential), ft (flow-through). 

2RT = Residence time
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Appendix – Chapter 5 

 

Figure 34:  Rarefaction curves for all samples labeled with sample identification and faceted by sample type.
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Figure 35:  Counts of samples with pathogen relative abundance values. 
Bin sizes are 0.05.
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Table 12:  Samples collected and included in this study. 

Location Ballast Harbor Total 

LA/Long Beach, CA 23 7 30 

Singapore 7 4 11 

Durban, South Africa 4 4 8 

Shanghai, China 7 5 12 

Total 41 20 61 

1Five open ocean samples are not included in this list 

 

Table 13:  Latitude and longitude of ocean samples. 

Sample Latitude Longitude 

S2 01.4791667 104.0213889 

S3 01.1960050 104.0981728 

S4 00.8075000 104.5552778 

S5 00.0419444 104.7627778 

S7 -01.9702778 105.1883333 

S8 -04.9241667 106.9772222 



 

199 

Table 14:  Diversity indices for all samples. 

ID Location Type # Taxa Shannon Simpson 

CA2 california ballast 334 4.9062686 0.9829709 

CA3 california ballast 104 2.7613116 0.8644748 

CA6 california ballast 85 3.8758074 0.9632809 

CA9 california ballast 66 2.8919701 0.9176743 

CA10 california harbor 229 4.3869016 0.9681481 

CA13 california ballast 128 4.2945004 0.9734098 

CA15 california harbor 184 4.3197860 0.9683341 

CA16 california harbor 160 3.4394546 0.8757399 

CA18 california ballast 247 3.9423941 0.9496661 

CA20 california ballast 93 3.8309053 0.9621732 

CA21 california harbor 37 3.0212005 0.9187396 

CA23 california ballast 117 3.7770488 0.9004243 

CA26 california ballast 67 3.2210921 0.9008016 

CA27 california harbor 49 3.4549974 0.9438357 

CA28 california ballast 136 2.9895891 0.8438642 

CA29 california ballast 53 0.8752186 0.2665089 

CA30 california ballast 52 2.7308210 0.8721840 

CA31 california ballast 34 1.7124114 0.5918260 

CA32 california ballast 363 4.8391696 0.9739494 

CA33 california ballast 71 2.9193713 0.9012474 

CA34 california ballast 142 3.9217518 0.9507018 

CA35 california ballast 409 5.0025258 0.9787454 

CA36 california ballast 64 3.2631886 0.9299305 

CA37 california ballast 152 3.9386913 0.9351255 

CA38 california ballast 133 2.7822737 0.7784561 

CA39 california harbor 201 3.5632377 0.9335968 

CA40 california ballast 129 4.0226498 0.9653585 

CA41 california ballast 40 3.3124618 0.9497400 

CA42 california harbor 232 4.2036200 0.9460004 

CN1 china ballast 89 4.1370052 0.9770978 

CN2 china ballast 50 3.0223386 0.9209907 

CN3 china harbor 299 4.5138371 0.9458381 
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CN4 china ballast 88 2.6635812 0.7545577 

CN5 china harbor 286 4.10694 0.8983993 

CN6 china ballast 164 3.1929062 0.9064123 

CN7 china ballast 87 2.9098016 0.8327666 

CN8 china harbor 273 4.4643681 0.9616433 

CN9 china ballast 88 2.9454859 0.8677021 

CN10 china harbor 95 3.1638696 0.8963788 

CN11 china ballast 93 3.3912508 0.9301648 

CN12 china harbor 74 2.8367786 0.8649250 

S2 singapore ocean 82 3.8588397 0.9686317 

S3 singapore ocean 77 2.5599392 0.7948217 

S5 singapore ocean 61 3.2849381 0.9436949 

S7 singapore ocean 24 2.7925183 0.9083363 

S8 singapore ocean 115 4.0837765 0.9665023 

S9 singapore ballast 119 4.3254885 0.9780275 

S10 singapore ballast 111 2.1090866 0.6287928 

S11 singapore ballast 236 2.9422708 0.8006354 

S12 singapore harbor 135 3.2188246 0.9186017 

S13 singapore ballast 88 1.0678683 0.2997194 

S14 singapore harbor 113 1.3839367 0.3852323 

S15 singapore ballast 120 3.5988299 0.9225925 

S16 singapore harbor 116 1.1312274 0.4053306 

S17 singapore ballast 209 3.6982762 0.9444949 

S18 singapore harbor 115 3.3557516 0.9405498 

S19 singapore ballast 135 2.8931190 0.8718306 

SA1 south africa ballast 172 4.2483063 0.9651999 

SA2 south africa ballast 220 4.5780046 0.9781859 

SA3 south africa harbor 142 3.3335202 0.9092927 

SA4 south africa ballast 283 4.3524243 0.9645099 

SA5 south africa harbor 327 4.7219068 0.9754028 

SA6 south africa ballast 75 3.0191439 0.8957317 

SA7 south africa harbor 391 4.3602290 0.9661681 

SA8 south africa harbor 224 3.4513710 0.9039246 
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Table 15:  Putative fungal pathogens, the number of Google Scholar results, 
and possible hosts as identified in the literature. 

Genus Species Articles Hosts References 

Saccharomyces cerevisiae 190000 humans (McCusker et al., 1994) 

Aspergillus flavus 50700 plants; corals (Klich, 2007; Toledo-

Hernández et al., 2008) 

Candida glabrata 38900 humans (L. Li et al., 2007) 

Candida tropicalis 34000 humans (Mesa-Arango et al., 2013; 

Papon et al., 2013) 

Candida parapsilosis 29100 humans (Papon et al., 2013) 

Blumeria graminis 15000 plants (Wyand & Brown, 2003) 

Trichoderma reesei 15000 none (Nevalainen, Suominen, & 

Taimisto, 1994) 

Aureobasidium pullulans 11700 none (Castoria et al., 2001; Lima, 

Ippolito, Nigro, & Salerno, 

1997) 

Ganoderma lucidum 11300 plants (Sankaran, Bridge, & 

Gokulapalan, 2005) 

Fusarium proliferatum 10300 plants (Desjardins, Plattner, & 

Nelson, 1997; LOGRIECO, 

2010) 

Phanerochaete chrysosporium 9740 plants (Burdsall & Eslyn, 1974) 

Penicillium citrinum 9500 corals (Toledo-Hernández et al., 

2008) 

Schizophyllum commune 8590 plants (Takemoto, Nakamura, 

Erwin, Imamura, & 

Shimane, 2010) 

Thanatephorus cucumeris 7960 plants (JAYASINGHE, 1993) 

Trametes versicolor 7450 plants (Bieker, Kehr, Weber, & 

Rust, 2010) 

Armillaria mellea 7070 plants (Desjardin, Oliveira, & 

Stevani, 2008) 

Debaryomyces hansenii 7060 humans (Desnos-Ollivier et al., 2008) 

Fusarium acutatum 6430 humans (Taj-Aldeen et al., 2006) 

Pyrenophora teres 6330 plants (Liu et al., 2011) 
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Aspergillus gracilis 6210* none *57 results “Aspergillus 

gracillis”+pathogen 

Trichoderma longibrachiatum 6180 humans (Fleming, Walsh, & 

Anaissie, 2002) 

Rhizopus arrhizus 5100 humans (Chawla, Sehgal, Kumar, & 

Mishra, 2009) 

Phoma herbarum 5100 fish (Ross, Yasutake, & Leek, 

2011) 

Pseudallescheria boydii 4740 humans (TRAVIS, ROBERTS, & 

WILSON, 1985) 

Hemileia vastatrix 4720 plants (Talhinhas et al., 2017) 

Botryosphaeria dothidea 4310 plants (Phillips, 1998; Tang et al., 

2011) 

Epicoccum nigrum 4310 none (Larena et al., 2005) 

Mucor circinelloides 3940 humans (Z. Chang, Billmyre, Lee, & 

Heitman, 2019) 

Rhodotorula mucilaginosa 3840 humans (Wirth & Goldani, 2012) 

Cordyceps bassiana 3710 insects (Huang, Li, Li, Fan, & Li, 

2002; Z. Li, Li, Huang, & 

Fan, 2010) 

Mucor hiemalis 3610 humans (Prevoo, Starink, & Haan, 

1991) 

Mucor racemosus 3600 plants (J.-H. Kwon & Hong, 2010; 

W. Wang et al., 2018) 

Penicillium brevicompactum 3510 humans (de la Camara et al., 1996) 

Trichothecium roseum 3470 plants (Žabka, Drastichová, 

Jegorov, Soukupová, & 

Nedbal, 2006) 

Stachybotrys chartarum 3460 humans (Hossain, Ahmed, & 

Ghannoum, 2004) 

Zygosaccharomyces rouxii 3140 none Mostly involved in food 

spoilage 

Aspergillus intermedius 3130 none *37 results “Aspergillus 

intermedius”+pathogen 

Trichosporon asahii 3090 humans (Mekha et al., 2009; 

Netsvyetayeva et al., 2009) 



 

203 

Clonostachys rosea 3090 none (Chatterton & Punja, 2009; 

Xue, 2007) 

Nigrospora oryzae 3080 plants (Alam et al., 2017) 

Aspergillus sydowii 2950 corals (Alker et al., 2001; Petes et 

al., 2003) 

Cladosporium sphaerospermum 2460 humans (Zalar et al., 2007) 

Sporobolomyces roseus 2440 none Used in postharvest rot 

control 

Bjerkandera adusta 2230 plants (Łakomy et al., 2005) 

Candida orthopsilosis 2070 humans (Trofa, Gácser, & 

Nosanchuk, 2008) 
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Appendix – Chapter 6 

 

Figure 36:  Log10 transformed concentration of indicator organisms grouped 
by sample collection location. 

Significant differences (p < 0.05) in concentration of organisms between ballast 
and harbor water samples are indicated.  
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Figure 37:   Log10 transformed ratio of antibiotic resistance gene copy numbers 
to 16S rRNA gene copy numbers grouped by sample type. 

(**) indicates a significant difference (p < 0.05) between ballast or harbor 
samples from each location and the ocean water samples.
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Table 16:  Location of ocean samples. 

Sample Latitude Longitude 

S1 01.222660 103.954847 

S2 01.4791667 104.0213889 

S3 01.1960050 104.0981728 

S4 00.8075000 104.5552778 

S5 00.0419444 104.7627778 

S7 -01.9702778 105.1883333 

S8 -04.9241667 106.9772222 
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Table 17:  Targeted qPCR results for ARGs. 
All data are log10 transformed. Missing values indicate that the sample was 

below the lower limit of quantification. Copies per mL of original sample can be 
determined by raising 10 to the value and dividing the result by 10. 

ID Type 16s rRNA sul1 tetM vanA 

CA1 ballast 5.6537257 4.1268820 
  

CA11 ballast 6.5586405 2.7182793 1.9059075 
 

CA12 ballast 5.7000409 1.8720708 2.3141941 
 

CA13 ballast 6.6445975 2.0030852 4.6339993 
 

CA14 ballast 6.6761422 3.1176653 2.1570187 
 

CA17 ballast 7.0268830 2.7708592 3.6066933 
 

CA18 ballast 7.0260316 3.8175926 2.7146195 
 

CA19 ballast 6.6233839 2.9521343 2.4269304 
 

CA2 ballast 6.9301451 3.6889349 2.8942807 
 

CA20 ballast 7.1586985 3.3211403 3.5832231 
 

CA22 ballast 7.1502560 3.8417797 3.1322583 
 

CA23 ballast 6.7044014 4.5834855 3.7173703 
 

CA24 ballast 6.8348207 3.0118017 2.8102310 
 

CA25 ballast 6.4111662 2.9903910 2.5991154 
 

CA26 ballast 6.9199095 3.4712384 2.8357463 
 

CA28 ballast 6.4978354 3.1177143 3.9913125 
 

CA29 ballast 6.4981395 3.8482713 3.1803865 
 

CA3 ballast 6.2090484 1.8524411 2.3764182 
 

CA30 ballast 6.7757408 3.7739084 3.0860950 
 

CA31 ballast 6.4873919 3.0789257 2.2210114 
 

CA32 ballast 6.3863815 2.4833121 
  

CA33 ballast 7.4095744 4.3233072 2.3877211 
 

CA34 ballast 6.9371970 3.4022789 
  

CA35 ballast 6.9699274 3.7819517 2.2307232 
 

CA36 ballast 6.8686927 2.7548775 
  

CA37 ballast 6.6644759 2.9010795 3.5682639 
 

CA38 ballast 6.9038413 3.4861226 2.0250701 
 

CA4 ballast 6.0315303 2.9635569 
  

CA40 ballast 6.7074298 2.1113100 1.8825961 
 

CA41 ballast 5.1268507 2.4181890 
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CA6 ballast 6.4299009 2.8593680 3.6080632 
 

CA7 ballast 7.5947999 4.1227489 3.5305968 
 

CA8 ballast 6.1396733 4.4072013 2.1923226 
 

CA9 ballast 6.2337421 2.8053994 2.6452076 
 

CN1 ballast 7.3613908 4.2976002 
  

CN11 ballast 7.14118 3.3861594 
  

CN2 ballast 6.9358977 3.4587897 3.1012142 
 

CN4 ballast 6.7134678 3.7949719 2.7001086 
 

CN6 ballast 6.7338805 3.7228281 3.3914529 
 

CN7 ballast 6.7306898 4.0948067 
  

CN9 ballast 7.0030877 4.5703044 
  

S10 ballast 5.9930766 2.474188 3.1642664 
 

S11 ballast 6.1621883 2.4458528 3.4252952 
 

S13 ballast 6.2587890 1.4984849 2.3356228 
 

S15 ballast 6.2644213 2.2250165 
  

S17 ballast 6.0948530 3.4591763 3.9009381 
 

S19 ballast 6.9371294 5.5190391 3.7727232 
 

S20 ballast 5.4835618 
 

3.6746139 
 

S9 ballast 6.1544408 3.4156482 
  

SA1 ballast 6.4547502 3.0786726 
  

SA2 ballast 6.5847192 3.4729693 1.7652628 
 

SA4 ballast 6.6788015 3.7688107 3.3686883 
 

SA6 ballast 6.3628222 5.3602733 2.2295219 
 

CA10 harbor 7.1433377 4.1738386 3.5906906 
 

CA15 harbor 6.8743624 3.8451805 2.7873496 
 

CA16 harbor 7.0021093 2.5098060 3.0158876 
 

CA21 harbor 7.0081064 3.6840608 2.9054519 
 

CA27 harbor 6.7326679 3.6682292 2.3736789 
 

CA39 harbor 6.9549260 2.9668616 2.4969370 
 

CA42 harbor 6.8531391 
 

2.1339018 
 

CA5 harbor 5.9555346 3.2431868 3.1075203 
 

CN10 harbor 6.7260537 4.1096731 
  

CN12 harbor 6.7110904 4.2774656 
  

CN3 harbor 6.4644681 5.6767265 4.4917558 
 

CN5 harbor 6.5310512 5.7528466 4.5865164 
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CN8 harbor 7.1642409 6.2112845 5.0302345 
 

S12 harbor 6.3722706 
 

3.2841932 
 

S14 harbor 6.4799384 1.6543041 3.3055626 
 

S16 harbor 6.3367572 1.8562685 3.6121775 
 

S18 harbor 6.3995396 3.1503150 3.1186681 
 

SA3 harbor 7.1412145 4.1908045 3.6129731 
 

SA5 harbor 7.0575979 4.9709517 4.4398260 
 

SA7 harbor 7.4593296 6.0433049 5.1595529 
 

SA8 harbor 6.8885761 4.0142285 3.2038081 
 

S1 ocean 5.8527973 2.7865245 
  

S2 ocean 6.1568127 1.3156673 2.3944541 
 

S3 ocean 5.8776496 3.9774019 
  

S4 ocean 5.9842305 4.2854915 
  

S5 ocean 6.2744433 2.8908605 
  

S6 ocean 6.5148354 2.1530478 
  

S7 ocean 5.8961023 2.2087325 
  

S8 ocean 6.3208783 1.5123017 2.2671146 
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Appendix – Chapter 8 

 

Figure 38:  Alpha diversity measures of taxa for all samples included in this 
study prior to feature reduction (n = 45).
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Table 18:  Alpha diversity measures of 16S rRNA gene sequencing data for all 
samples included in this study (n = 45). 

 
Observed Shannon Simpson 

CA10 1793 5.43926298 0.9874815 

CA13 440 4.03815768 0.94665369 

CA15 858 5.06177887 0.98250027 

CA16 1203 4.91239772 0.97650782 

CA18 2611 5.76683159 0.98876115 

CA2 909 4.83027883 0.9771485 

CA20 1218 4.65408152 0.96672688 

CA21 569 4.9036918 0.98122045 

CA23 1012 4.27212597 0.92139964 

CA26 858 4.30157356 0.95572864 

CA27 623 4.83611616 0.9793029 

CA28 1058 3.74422938 0.89994058 

CA29 1126 4.70481996 0.97270711 

CA3 1234 4.75503715 0.96794488 

CA31 923 4.82448169 0.95961731 

CA33 729 4.05758479 0.94919365 

CA34 611 4.79163677 0.98004853 
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CA35 1501 5.98870508 0.99467179 

CA36 834 4.525683 0.97082116 

CA37 1313 5.43755048 0.98709833 

CA38 639 4.43693018 0.96492002 

CA41 973 4.79081407 0.97945606 

CA6 712 4.92898956 0.98304559 

CA9 1109 5.19699794 0.98641947 

CN1 1036 4.52154921 0.97103844 

CN10 3182 6.43215049 0.99378848 

CN11 819 4.47642527 0.96664146 

CN12 2776 6.22088402 0.99179981 

CN2 1688 5.23652881 0.98338363 

CN3 4339 6.60977892 0.99298785 

CN4 1127 4.53650373 0.96577094 

CN5 2377 6.34026062 0.99348273 

CN7 803 4.49885299 0.96190316 

CN8 1624 5.82366517 0.98830538 

CN9 1066 4.92402426 0.98191719 

S10 1256 4.52336367 0.90780863 
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S11 940 4.93270458 0.97663721 

S12 960 4.62406701 0.96479589 

S13 1475 5.44355492 0.98613642 

S17 2993 6.42032014 0.99092691 

SA1 2616 5.76404643 0.98577611 

SA4 2250 4.84667203 0.95281315 

SA6 2483 5.66356718 0.98331524 

SA7 3076 4.99296392 0.94110917 

SA8 1110 4.914376 0.97288294 
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Table 19:  Feature selection for microbial model. 

Variables OOB Taxa 

47 27.48759 Bacteria.Proteobacteria.Gammaproteobacteria.Alteromonadales.Pseudoalteromonadaceae 

46 30.08290 Bacteria.Cyanobacteria.Oxyphotobacteria.Chloroplast.NA.NA 

45 28.79233 Bacteria.Cyanobacteria.Oxyphotobacteria.Chloroplast.NA 

44 28.86373 Bacteria.Proteobacteria.Gammaproteobacteria.Alteromonadales.Pseudoalteromonadaceae.Pseudoalter

omonas 

43 26.3755 Bacteria.Proteobacteria.Alphaproteobacteria.Sphingomonadales 

42 26.73947 Bacteria.Proteobacteria.Gammaproteobacteria.SAR86_clade.NA.NA 

41 26.62489 Bacteria.Cyanobacteria.Oxyphotobacteria.Chloroplast 

40 21.98872 Bacteria.Proteobacteria.Alphaproteobacteria.Sphingomonadales.Sphingomonadaceae 

39 27.09007 Bacteria.Actinobacteria.Acidimicrobiia.Microtrichales.Ilumatobacteraceae 

38 24.63704 Bacteria.Proteobacteria.Gammaproteobacteria.SAR86_clade.NA 

37 24.69254 Bacteria.Proteobacteria.Alphaproteobacteria.NA.NA.NA 

36 24.6807 Bacteria.Bacteroidetes 

35 24.09771 Bacteria.Proteobacteria.Gammaproteobacteria.SAR86_clade 

34 26.45176 Bacteria.Proteobacteria.Alphaproteobacteria.NA 

33 24.47747 Bacteria.Proteobacteria.Alphaproteobacteria.NA.NA 

32 20.41981 Bacteria.Planctomycetes.Planctomycetacia.Planctomycetales.Gimesiaceae.NA 

31 22.74984 Bacteria.Proteobacteria.Gammaproteobacteria.NA.NA 

30 20.15165 Bacteria.Bacteroidetes.Bacteroidia 

29 20.39500 Bacteria.Proteobacteria.Gammaproteobacteria.NA 

28 19.27816 Bacteria.Proteobacteria.Gammaproteobacteria.Methylococcales.Cycloclasticaceae 

27 19.49631 Bacteria.Proteobacteria.Gammaproteobacteria.NA.NA.NA 

26 18.47190 Bacteria.Cyanobacteria.Oxyphotobacteria.Synechococcales.Cyanobiaceae.Synechococcus_CC9902 

25 18.74745 Bacteria.Proteobacteria.Gammaproteobacteria.Methylococcales.Cycloclasticaceae.Cycloclasticus 

24 18.23599 Bacteria.Planctomycetes 

23 15.69702 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae 

22 20.36321 Bacteria.Planctomycetes.Planctomycetacia.Planctomycetales.Gimesiaceae 

21 18.09864 Bacteria.Actinobacteria.Acidimicrobiia.Microtrichales 

20 17.57077 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae.NS5_marine_group 

19 19.80290 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales 

18 19.20838 Bacteria.Planctomycetes.Planctomycetacia.Planctomycetales 

17 19.76756 Bacteria.Proteobacteria.Gammaproteobacteria.Methylococcales 
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16 17.37985 Bacteria.Proteobacteria.Alphaproteobacteria.Rhodobacterales.Rhodobacteraceae.Loktanella 

15 15.59589 Bacteria.Patescibacteria 

14 17.79280 Bacteria.Planctomycetes.Planctomycetacia 

13 20.68352 Bacteria.Proteobacteria.Alphaproteobacteria.SAR11_clade.Clade_III.NA 

12 16.30797 Bacteria.Actinobacteria 

11 18.39054 Bacteria.Proteobacteria.Alphaproteobacteria.SAR11_clade.Clade_III 

10 16.77925 Bacteria.Actinobacteria.Acidimicrobiia 

9 15.78532 Bacteria.Cyanobacteria.Oxyphotobacteria.Synechococcales.Cyanobiaceae.Cyanobium_PCC 

8 15.84980 Bacteria.Proteobacteria.Gammaproteobacteria.Betaproteobacteriales 

7 19.66201 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae.Aurantivirga 

6 18.98245 Bacteria.Bacteroidetes.Bacteroidia.Chitinophagales 

5 18.4422 Bacteria.Bacteroidetes.Bacteroidia.Chitinophagales.Saprospiraceae.NA 

4 15.7937 Bacteria.Cyanobacteria.Oxyphotobacteria.Synechococcales.Cyanobiaceae.Prochlorococcus_MIT9313 

3 24.83618 Bacteria.Bacteroidetes.Bacteroidia.Chitinophagales.Saprospiraceae 

2 31.14729 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae.NS3a_marine_group 

1 28.93458 Bacteria.Proteobacteria.Alphaproteobacteria.Rhodobacterales.Rhodobacteraceae.Planktomarina 
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Table 20:  Feature selection for chemical model. 

Variables  OOB Compound 

20 13.6557102 PEG Diethylhexanoate n11 

19 13.4893957 Metolachlor ESA 

18 13.5493078 Dinoterb 

17 15.3812503 Bentazone 

16 15.2619203 Ketamine 

15 13.953176 N4-Acetylsulfamethoxazole 

14 13.7134969 Pentadecanoic acid 

13 15.5367438 Clarithromycin 

12 15.6249989 3,5-di-tert-Butyl-4-hydroxybenzyl alcohol 

11 15.4591335 Amisulpride 

10 15.8059834 Palmitoyl ethanolamide 

9 17.0904943 5-Hydroxymebendazole 

8 16.5078846 Mono(2-ethylhexyl) phthalate (MEHP) 

7 15.607724 Mebendazole 

6 17.9159224 ?2-cis-Hexadecenoic acid 

5 17.7932821 Argininosuccinic acid 

4 16.2136502 Undecanoic acid 

3 16.8007411 Mefenamic acid 

2 15.4597672 Fenthion sulfoxide 

1 35.5442605 Thymidine 
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Table 21:  Feature selection for microbial and chemical model. 

Variables OOB Marker 

67 15.69 Bacteria.Proteobacteria.Gammaproteobacteria.Alteromonadales.Pseudoalteromonadaceae.Pseudoalte

romonas 

66 15.6449 Bacteria.Proteobacteria.Alphaproteobacteria.NA.NA 

65 15.6318 Bacteria.Proteobacteria.Gammaproteobacteria.Alteromonadales.Pseudoalteromonadaceae 

64 15.4755 Bacteria.Proteobacteria.Alphaproteobacteria.NA.NA.NA 

63 15.5462 Bacteria.Proteobacteria.Alphaproteobacteria.NA 

62 15.5024 Bacteria.Cyanobacteria.Oxyphotobacteria.Chloroplast.NA.NA 

61 15.4824 Bacteria.Cyanobacteria.Oxyphotobacteria.Chloroplast 

60 15.306 Bacteria.Cyanobacteria.Oxyphotobacteria.Chloroplast.NA 

59 15.749 Bacteria.Proteobacteria.Gammaproteobacteria.SAR86_clade.NA 

58 15.5924 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae 

57 15.5979 Bacteria.Proteobacteria.Gammaproteobacteria.NA.NA 

56 15.5186 Bacteria.Patescibacteria 

55 15.5579 Bacteria.Proteobacteria.Gammaproteobacteria.NA 

54 15.9584 Bacteria.Proteobacteria.Gammaproteobacteria.NA.NA.NA 

53 15.4146 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae.NS5_marine_group 

52 15.6199 Bacteria.Proteobacteria.Gammaproteobacteria.SAR86_clade 

51 14.9992 Bacteria.Actinobacteria.Acidimicrobiia.Microtrichales.Ilumatobacteraceae 

50 15.0720 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales 

49 15.4356 Bacteria.Proteobacteria.Gammaproteobacteria.SAR86_clade.NA.NA 

48 15.7672 Bacteria.Actinobacteria.Acidimicrobiia.Microtrichales 

47 14.7032 Chemical. PEG Diethylhexanoate n11 

46 15.4567 Bacteria.Proteobacteria.Alphaproteobacteria.Sphingomonadales.Sphingomonadaceae 

45 15.6365 Bacteria.Cyanobacteria.Oxyphotobacteria.Synechococcales.Cyanobiaceae.Synechococcus_CC9902 

44 15.4136 Bacteria.Proteobacteria.Alphaproteobacteria.Sphingomonadales 

43 14.6818 Bacteria.Bacteroidetes 

42 15.5359 Bacteria.Proteobacteria.Gammaproteobacteria.Methylococcales.Cycloclasticaceae 

41 14.8999 Bacteria.Proteobacteria.Gammaproteobacteria.Methylococcales 

40 15.047 Bacteria.Proteobacteria.Gammaproteobacteria.Methylococcales.Cycloclasticaceae.Cycloclasticus 

39 14.9336 Bacteria.Bacteroidetes.Bacteroidia 

38 14.252 Bacteria.Planctomycetes.Planctomycetacia.Planctomycetales.Gimesiaceae.NA 

37 15.1422 Bacteria.Planctomycetes.Planctomycetacia.Planctomycetales 
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36 14.6898 Bacteria.Actinobacteria 

35 13.3580 Bacteria.Actinobacteria.Acidimicrobiia 

34 14.7558 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae.Aurantivirga 

33 11.8364 Bacteria.Planctomycetes.Planctomycetacia.Planctomycetales.Gimesiaceae 

32 13.2883 Bacteria.Proteobacteria.Alphaproteobacteria.SAR11_clade.Clade_III.NA 

31 13.365 Bacteria.Proteobacteria.Alphaproteobacteria.Rhodobacterales.Rhodobacteraceae.Loktanella 

30 13.6767 Chemical. Metolachlor ESA 

29 11.4217 Bacteria.Proteobacteria.Gammaproteobacteria.Betaproteobacteriales 

28 11.5065 Bacteria.Cyanobacteria.Oxyphotobacteria.Synechococcales.Cyanobiaceae.Cyanobium_PCC 

27 9.98970 Bacteria.Proteobacteria.Alphaproteobacteria.SAR11_clade.Clade_III 

26 11.1825 Chemical. Dinoterb 

25 11.0162 Bacteria.Planctomycetes.Planctomycetacia 

24 11.7908 Bacteria.Planctomycetes 

23 13.6638 Chemical. Ketamine 

22 12.5299 Chemical. N4-Acetylsulfamethoxazole 

21 13.2556 Chemical. Bentazone 

20 13.9984 Bacteria.Bacteroidetes.Bacteroidia.Flavobacteriales.Flavobacteriaceae.NS3a_marine_group 

19 13.2973 Bacteria.Bacteroidetes.Bacteroidia.Chitinophagales.Saprospiraceae.NA 

18 13.7716 Chemical. Pentadecanoic acid 

17 13.2528 Chemical. Clarithromycin 

16 15.5857 Bacteria.Bacteroidetes.Bacteroidia.Chitinophagales.Saprospiraceae 

15 13.5927 Bacteria.Cyanobacteria.Oxyphotobacteria.Synechococcales.Cyanobiaceae.Prochlorococcus_MIT9313 

14 13.7398 Bacteria.Bacteroidetes.Bacteroidia.Chitinophagales 

13 13.9787 Chemical. Amisulpride 

12 15.3594 Bacteria.Proteobacteria.Alphaproteobacteria.Rhodobacterales.Rhodobacteraceae.Planktomarina 

11 15.5499 Chemical. 3,5-di-tert-Butyl-4-hydroxybenzyl alcohol 

10 15.8059 Chemical. Palmitoyl ethanolamide 

9 17.0904 Chemical. 5-Hydroxymebendazole 

8 16.5078 Chemical. Mono(2-ethylhexyl) phthalate (MEHP) 

7 15.607 Chemical. Mebendazole 

6 17.9159 Chemical. ?2-cis-Hexadecenoic acid 

5 17.7932 Chemical. Argininosuccinic acid 

4 16.2136 Chemical. Undecanoic acid 

3 16.8007 Chemical. Mefenamic acid 

2 15.4597 Chemical. Fenthion sulfoxide 
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1 35.5442 Chemical. Thymidine 
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