
ABSTRACT

WANG, CHRISTINE ANNE. Epidemiology in the Genomic Age: Untangling Antimicrobial
Resistance Dynamics in Campylobacter coli using Novel Computational Approaches. (Under the
direction of Cristina Lanzas).

Antimicrobial resistance (AMR) is a public health threat of growing concern, and understand-

ing the processes driving AMR occurrence is critical. It is commonly assumed that antimicrobial

exposure is necessary for resistance outcomes to occur, and that resistance mechanisms confer

a fitness cost in absence of antimicrobial exposure. In reality, the drivers of AMR are numerous,

diverse and complex, potentially interacting and causing unexpected AMR outcomes. Experimen-

tal research is critical for interrogating specific molecular mechanisms that drive AMR outcomes.

Yet, these studies often cannot accurately represent the diversity of exposures and ecological

pressures experienced by natural microbial communities. In contexts where experimentation

cannot be reasonably employed, epidemiological studies can identify risk factors for disease out-

comes using observational data and rigorous analytical frameworks. However, analytical methods

commonly employed in epidemiology are often poorly suited for AMR epidemiology due to the

complex nature of AMR. In Chapter 1, we elaborate on why current analytical frameworks in

epidemiology are insufficient for AMR, and propose alternative frameworks based on probabilis-

tic graphical models. The remainder of this dissertation interrogates the previously identified

common assumptions in AMR epidemiology by applying novel computational methods to a

large, well-characterized system of Campylobacter coli from conventional and antibiotic-free (ABF)

agricultural swine farms. We focused on resistance to macrolide and fluoroquinolone antibiotics

due to their clinical importance as first-line treatments for human campylobacteriosis. Prior studies

on this system identified a high prevalence of macrolide- and fluoroquinolone-resistance among

C. coli from conventional farms, in which large quantities of diverse antimicrobials were adminis-

tered to pigs. Unexpectedly, a comparably high prevalence of macrolide-resistance was observed

among C. coli from ABF farms. These findings do not support common assumptions about AMR

epidemiology because pigs from ABF farms were never administered antimicrobials over their

lifetime. Furthermore, previous experimental studies found that the 23S rRNA point mutation



conferring macrolide-resistance in Campylobacter spp. carried considerably fitness costs in absence

of macrolide exposure. In Chapter 2, we applied a quantitative framework based on probabilistic

graphical models to identify risk factors for macrolide- and fluoroquinolone-resistance. We learned

multi-layered Gaussian chain graphs from host exposure, microbial resistance genotype, and

microbial resistance phenotype data from this C. coli system. Additionally, we assessed direct

and indirect effects of microbial genotypes and host exposures on resistance outcomes, thereby

indirectly assessing for confounding and mediation. We identified more numerous and diverse

risk factors for resistance outcomes among ABF C. coli, including several genotypic risk factors that

confer resistance to other antimicrobial classes. These findings suggest areas for future genomic

and gene-environment studies to investigate. In Chapter 3, we applied a phylodynamic approach

to quantify fitness effects associated with fluoroquinolone- and macrolide-resistance conferring

genes in this natural C. coli system. We employed a likelihood-based multi-type birth-death model

to quantify relative fitness of C. coli lineages with or without various resistance genes, including

gyrA and 23S rRNA point mutations conferring fluoroquinolone- and macrolide-resistance, respec-

tively. Overall, we found that the gyrA point mutation conferred the greatest fitness advantage

of any resistance gene detected in this system. However, this fitness effect was attributable to

the significant advantageous effect of the gyrA mutation among conventional C. coli, and was

associated with a significant deleterious fitness effect among ABF C. coli. In contrast, the fitness

effect of the 23S rRNA mutation was approximately neutral among conventional and ABF C. coli.

Therefore, our results do not support that 23S rRNA point mutations incur significant fitness costs

in absence of antimicrobial use. Through this dissertation work, we demonstrate the value and

utility of applying novel computational methods to analyze diverse epidemiological data, and

advance AMR epidemiology.
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CHAPTER

ONE

QUANTITATIVE FRAMEWORKS FOR ADVANCING THE

EPIDEMIOLOGY OF ANTIMICROBIAL RESISTANCE

1.1 Introduction

Antimicrobial resistance (AMR) is one of the greatest challenges in global public health today

(68). AMR decreases the ef�cacy of lifesaving antibiotic treatments in patients infected with

resistant bacteria, whom often have worse morbidity and mortality outcomes ( 135). To prevent

worsening impacts of resistant infections, it is important to understand the processes driving

AMR epidemiology. One important driver of AMR is antimicrobial use (AMU), speci�cally among

the medical and agricultural sectors. Because it is a known and modi�able risk factor, reducing

AMU is the cornerstone of current AMR mitigation strategies ( 168). Antimicrobial stewardship

practices includes minimizing duration of therapy, restricting antimicrobial prescriptions, and

antibiotic mixing or cycling ( 44; 110). Yet, the success of such stewardship programs in preventing

the emergence or persistence of AMR is often varied and limited ( 24). This re�ects how our

understanding of the epidemiology of AMR in bacteria populations in natural settings remains

limited.

The mechanisms underlying the relationship between AMU and AMR are complex and often

nonlinear. While AMU is a well-established selective pressure for AMR, antimicrobial exposure
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can also impact AMR epidemiology in ways that do not involve selection ( 86). At non-lethal doses,

antimicrobial exposure can increase the rate of adaptive evolution and subsequent emergence

of new resistant variants ( 209). Antimicrobials can also act as signalling molecules, in�uencing

bacterial physiology such as virulence traits and bio�lm formation ( 12). The combined effects of

antimicrobial exposures and AMR traits on bacterial �tness are also in�uenced by a myriad of

evolutionary and ecological processes. AMR is often advantageous for bacteria when antimicrobials

are present, but incurs �tness costs in absence of antimicrobial exposure (199). However, epistasis,

compensatory mutations, and co-selection can modify the relative �tness costs associated with a

given resistance trait over time ( 61; 87). Finally, AMR is not always linked to AMU. This is evident

from the resistant bacteria isolated from hosts and environments never anthropogenically exposed

to antimicrobials ( 43; 20), emphasizing how AMU is neither a necessary nor suf�cient cause of

AMR. In summary, AMR outcomes are in�uenced by a complex system of numerous interacting

processes at the microbial, ecological and evolutionary levels (19), many of which remain poorly

understood in natural bacterial populations ( 30). Elucidating these complex processes will be

critical for gaining novel insights about the epidemiology of AMR, the relationship between AMU

and AMR, the implications of existing interventions, and ultimately identifying more promising

mitigation strategies.

Advances in next-generation and high-throughput sequencing technologies, sensor-based

technologies, and electronic medical record keeping are providing more opportunities to generate

data from which we can learn about the microbial, ecological, and evolutionary processes that

in�uence AMR epidemiology ( 99; 29; 132). These data are collected at multiple scales, ranging

from individual microbial genes to host populations ( 83). These types of data have been used to 1)

rank health risk associated to AMR genes (213); 2) predict phenotypic resistance from genomic

sequences using machine learning algorithms (127), and 3) predict best treatments and prognosis

for resistant infections ( 97). Applications of such data to advance understanding and causality in

AMR are less common because these data pose numerous analytical challenges for established

epidemiological frameworks ( 4; 120). Speci�cally, these data are often dynamic, highly correlated,

and high-dimensional (i.e. with more measured variables ( p) than observations (n)). To take full
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advantage, more �exible analytical frameworks that can effectively integrate these diverse data

are needed to elucidate the complex processes driving AMR in natural bacterial populations.

Where experimentation is unethical or infeasible, epidemiological methods and causal inference

approaches have provided critical frameworks for using observational data to infer causes of

population-level disease occurrence and ultimately to identify intervention strategies ( 147; 131; 15).

With the classical epidemiological framework, the likelihood of a single outcome is evaluated given

a set of exposures known to be potential predictors and confounders of the outcome based on

existing knowledge. In AMR, this framework has served well to answer narrow causal questions

than do not need to consider the broader complex interactions underlying the system. However,

this framework is often poorly suited for addressing AMR questions that need to consider

the jointly effects of multiple AMR drivers for several reasons. First, this classical framework

relies heavily on testing a priori hypotheses informed by existing knowledge, which is often

unavailable in AMR due to the complexity of the processes driving resistance dynamics. Second,

analytical methods commonly used in epidemiological frameworks are not suf�ciently �exible for

elucidating the complex processes driving AMR that may require integration of multiple data

streams. Consequently, it is dif�cult to gain new insights about the poorly understood processes

driving AMR in natural bacterial populations using existing epidemiological frameworks alone.

Here we evaluate how different analytical frameworks can be used to advance knowledge in

AMR epidemiology. Speci�cally, this paper will �rst review contexts in which classical frameworks

for epidemiological analysis are appropriate for AMR epidemiology. Afterwards, we propose

alternative analytical frameworks based on recent advances in statistical learning and biomedical

data integration for when classical frameworks are less appropriate. Finally, we identify ways

to integrate the two frameworks to maximize opportunities to gain new insights and advance

causal inference for AMR epidemiology. Ultimately, this paper aims to catalyze a new wave of

epidemiological research that untangles the poorly understood complex processes driving AMR

and facilitates the identi�cation of more comprehensive AMR mitigation strategies.
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1.2 Classical Framework in Epidemiological Analysis

The ultimate goal of epidemiological research, broadly, is to identify ways to reduce disease

occurrence at the population-level ( 16). This requires a robust understanding of what factors drive

population-level disease outcomes, therefore necessitating the consideration of causal questions at

the core of all epidemiological research (179). Although causal mechanisms are most precisely

examined through controlled experimental settings, oftentimes such studies are infeasible or

unethical to conduct for epidemiological research, especially among human populations ( 28).

Moreover, conditions of experimental studies often do not suf�ciently re�ect those experienced by

the target population; thus, experimental �ndings may lack external validity (3).

Classical analytical frameworks used in epidemiological research have facilitated the evaluation

of causation for population-level disease outcomes using observational data and subject matter

expertise. Such frameworks have been widely used in public health and epidemiological research,

and have signi�cant advantages associated with their use. First, the classical framework is

centered around quantifying the average effect of an exposure, or primary predictor variable, on a

population-level disease outcome. Such effects are important for informing the expected impacts

of interventions and mitigation strategies. Second, the classical framework works effectively with

causal inference approaches to identify the conditions under which a causal interpretation based

on observational data is valid ( 147). In the rest of this section, we will �rst review the general

approach of the classical analytical framework, then identify the limitations of classical analytical

frameworks for AMR epidemiology, speci�cally.

1.2.1 Classical Framework Approach

In the classical framework, a rigorously de�ned scienti�c question informs the entire scienti�c

process, including the statistical model, study design and data analysis (Fig.1.1). This approach

integrates well with existing causal inference approaches to facilitate causal interpretations from

observational data, which has been well-de�ned by others ( 78; 147). Here, we summarize the steps

of the classical framework and its application to AMR epidemiology.
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Figure 1.1: The approach for the classical framework in epidemiological analysis is rooted in a
rigorously de�ned scienti�c question, which guides the rest of the scienti�c process.

Step 1: Identify the Scienti�c Question

Epidemiological questions are broadly concerned with understanding the relationship between a

disease outcome and a set of potentially causal predictor variables (e.g. exposures) among a target

population. Thus, formalizing the epidemiological study question involves rigorously specifying

these components, which requires suf�cient expert knowledge about the disease system and the

target population. It is additionally important to consider what data will be used to characterize

the disease outcome, predictor(s) and target population. In order for any conclusions drawn from

these data to be biologically meaningful, these data must adequately represent the predictor and

outcome variables of interest and be feasibly measurable from a sample that represents the target

population. If these conditions are not met, then study �ndings may not accurately capture the

underlying processes of the scienti�c question. A quintessential epidemiological question for AMR

is whether AMU use increases AMR in a given setting, and subsequently whether the reduction

in AMU would lead to a decrease in AMR.

Step 2: Specify the Causal Model & Hypothesis

Once the epidemiological question has been identi�ed, it is important to formalize the proposed

causal relationships between the predictor variable(s) and the disease outcome in a causal model.

Causal models are often represented graphically using directed acyclic graphs (DAG), in which

variables are represented as nodes and the hypothesized causal relationships are represented

by directed arrows connecting two nodes ( 94) – for example, from an exposure to the disease

outcome. In addition to capturing potential direct relationships between predictor and outcome

variables, DAGs can also capture indirect relationships by accounting for covariates that complicate
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the evaluation of the predictor-outcome relationship. The most common covariates include

confounders, or variables that in�uence both the predictor and outcome variables, and mediators,

which lie on the causal pathway between the predictor and outcome variables ( 145; 78). In

epidemiological studies, the effect of AMU on AMR is often obscured by confounders and

bias (168). For example, confounding by indication is common in clinical studies evaluating the

relationship between AMU and AMR ( 52). Antimicrobial therapy is often initiated in response to

symptoms of a resistant infection prior to the diagnosis of infection, making AMU an effect of

AMR rather than a cause (52). Similar reverse causality occurs when AMU increases in response

to increases in AMR, and not vice versa (168).

Causal model speci�cation is critical in the classical framework because it facilitates the

formalization of a testable hypothesis, which further guides the scienti�c process by determining

subsequent statistical model speci�cation, study design, and analysis. The structure of the causal

model is entirely informed by existing knowledge about the disease outcome, exposure(s) and

covariate(s). Therefore, the accuracy of the causal model and robustness of the classical approach

are also limited by a lack of knowledge about any of these factors (190).

Step 3: Specify the Statistical Model

Once the scienti�c question and hypothesis are formalized in a causal model, the statistical model

must then be speci�ed. The purpose of the statistical model is to explicitly state how the data

will be interrogated to test the previously identi�ed hypothesis, typically by quantifying the

parameter that represents the hypothesized relationship between the predictor and outcome

variables. Regression models are some of the most commonly used methods in epidemiology for

quantifying effect measure estimates of these parameters, or measures of association between

a disease outcome and an exposure. One bene�t of regression models is the ability to account

for multiple predictor variables when estimating the disease outcome. This enables the effect of

an exposure on a disease outcome to be estimated while adjusting for known and measurable

confounders, thereby removing bias due to confounding. It also allows for the quanti�cation of

both the direct effects of an exposure, as well as the indirect effects via a mediator.
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Another bene�t of regression methods is the ability to evaluate diverse types of outcome

variables. Simple linear regressions are used for continuous outcome variables, but cannot be

applied to non-continuous variables which are commonly used in epidemiology. Generalized

linear models (GLMs) are bene�cial for these other outcome data types ( 54). Speci�cally, logistic

regression and Poisson regressions are popular GLMs in epidemiology for analyzing binary and

count outcome data. Furthermore, advanced regression techniques, such as mixed-effects and

multi-level analyses are able to account for more complex, hierarchical structure among predictor

variables within regression analyses (58).

Step 4: Study Design & Data Collection

The study design must facilitate the collection of data needed to interrogate the a priori hypothesis

using the speci�ed statistical model. This is the case whether the study data are collected prospec-

tively or retrospectively. Ultimately, the study design also determines the assumptions needed for

causal interpretations based on the observational data to be valid. An important component of

study design to consider is whether the data used in a study allow for an unbiased estimate of the

desired causal estimates in the target population (89; 195). For example, if a prohibitively small

proportion of the study sample has not been exposed to the exposure of interest, then variation

in the predictor variables may be insuf�cient for estimating the desired causal effect ( 160). The

diverse types of epidemiological study designs that can be used have been reviewed extensively

elsewhere (168), and are beyond the scope of this review.

Step 5: Data Analysis & Interpretation

Finally, the effect measure estimates must be quanti�ed using the speci�ed statistical model and

interpreted with respect to the a priori hypothesis. There are two broad types of interpretations

relevant to epidemiological research. Statistical interpretations are more straightforward, serving

as a practical translation of the effect measure estimate quantity and clarifying whether this

�nding supports the a priori hypothesis. For instance, an effect measure estimate of 2.0 for a

predictor pertaining to oral tetracycline administration in a logistic regression corresponds to the
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following statistical interpretation: the odds of resistance among people given oral tetracycline

is twice the odds of resistance among individuals never given oral tetracycline. In contrast, the

contextual interpretation is more nuanced and encompasses potential biological explanations

for the observed effect estimates. Causal inference inherently falls into this latter category of

contextual interpretations. Building from the previous example, a contextual interpretation for

why this effect estimate was observed would be that antimicrobial use is known to select for

resistance outcomes among microbial populations.

For both statistical and contextual interpretations, it is important to explicitly state the assump-

tions needed for the interpretations to be valid ( 147). For statistical interpretations, one important

assumption is whether the data distributions required by the speci�ed statistical model are ap-

propriate for the data being analyzed. For contextual interpretations, and speci�cally for causal

inference, researchers must state the assumptions being made that allow for the observed effect

to be interpreted as causal. In particular, one necessary assumption for any causal interpretation

to be valid is that all potentially important covariates that can obscure the predictor-outcome

relationship are accounted for in the study design and analysis. Another important assumption is

that all major mechanisms in�uencing the disease outcome of interest are accounted for in the

study and statistical model. Researchers must address any potential biases that may impede a

causal interpretation (e.g. under-representation of exposed individuals), and ideally state how

these biases were accounted for. However, identifying assumptions for causal interpretations and

addressing potential biases requires having suf�cient existing knowledge about all important

assumptions and biases that can affect a causal interpretation. Thus, interpretations with this

classical approach are limited when there are unknown confounders or other complex mechanisms

in�uencing disease outcomes that are not accounted for in the study, as is often the case with

AMR epidemiology.

1.2.2 Limitations & Considerations for AMR Epidemiology

The previously described classical framework is widely used in epidemiological research, and is

conducive for integration with causal inference approaches. The classical framework is particularly
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useful for systems with well-understood causal mechanisms for the population-level occurrence

of a single disease outcome. Thus, only a limited number of the most important predictor

variables need to be considered. However, this approach is often poorly-suited in evaluating

AMR epidemiology for several reasons. First, it may be desirable to track multiple resistance

outcomes in AMR epidemiology. Second, AMR outcomes are in�uenced by complex and diverse

processes across multiple scales(7). Third, the causal mechanisms in�uencing resistance outcomes

are dynamic and context-dependent, varying across time and space in ways that are often

incompletely understood ( 19; 7). The remainder of this section will expand upon how these unique

considerations for AMR epidemiology complicate the application of the classical framework for

effectively identifying risk factors.

AMR is a System with Multiple Outcomes

AMR can be considered a system with multiple outcomes because a single microbial isolate

is susceptible or resistant to multiple antimicrobial drugs. Within the the classical framework,

the scienti�c question, causal model and hypothesis are all centered around comprehensively

understanding what in�uences a single disease outcome. However, the regression methods

most commonly used in the classical framework, such as generalized linear models, primarily

evaluate effects of predictors on a single disease outcome (14). Multivariate regression methods,

which quantify effects of predictors for multiple outcome variables, have been proposed for

epidemiological analyses (158; 114). However, applications of such multivariate methods have

been limited, and such multivariate methods do not integrate well into the hypothesis-driven

classical framework. Thus, for systems like AMR, which more realistically have multiple outcomes,

use of the classical framework and accompanying statistical methods limits the epidemiological

questions that can be evaluated. One way to effectively use the classical framework to evaluate

questions pertaining to AMR epidemiology is to focus only on a single resistance outcome in a

speci�c microbial strain (168). With this approach, however, microorganisms resistant to a single

antibiotic will be grouped together with those that are resistant to multiple antibiotics. This can

be epidemiologically problematic because the risk factors for single-drug resistance may differ
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substantially from those for multiple resistance outcomes (49).

There are several ways to usefully capture the occurrence of multiple resistance outcomes in a

single variable that can be used in the classical framework. First, there are variables that quali-

tatively capture the degree of resistance observed in a bacterial isolate. For example, multidrug-

resistance (MDR) describes an organism resistant to three or more antimicrobial drug classes

(37). Other variables capturing higher degrees of resistance include extensively drug-resistant and

pan-drug resistant ( 129; 37). Second, clinically-important speci�c resistance pro�les can be used

as a single outcome variable. For example, one common MDR pro�le of public health importance

among Salmonella entericaTyphimurium is the combined phenotypic resistance to ampicillin,

chloramphenicol, streptomycin, sulfonamide, and tetracycline (ACSSuT) ( 41). The ACSSuT phe-

notype is often genetically driven by the presence of several gene cassettes containing different

resistance genes within the same class-1 integron. Lastly, common resistance mechanisms can

capture multiple anticipated resistance outcomes within a single variable. For example, bacteria

within the Enterobacteriaceaefamily that produce extended-spectrum beta-lactamase enzymes, or

ESBL-producing Enterobacteriaceae, are a group of bacterial species known to be broadly resistant

to beta-lactam antibiotics because ESBLs inactivate penicillin and cephalosporin beta-lactam

antibiotics (148).

Using single variables to capture multiple resistance outcomes may be bene�cial for under-

standing how using one drug can select for resistance to an unrelated drug ( 49), and is necessary

for use within the classical framework. Yet, these variables also have limitations because rela-

tionships between distinct resistance outcomes cannot be explicitly considered, and resistance

outcomes are oftentimes not independent. For instance, if only considering a speci�c resistance

pro�le like ACSSuT as an outcome variable, it is possible to overlook other MDR organisms that

also possess the same class-1 integron but do not possess the exact gene cassettes needed to

produce the ACCSuT resistance pro�le. This can occur if an organism has fewer or more gene

cassettes with other resistance genes. Thus, using the ACCSuT pro�le as a resistance outcome risks

missing the important biological phenomenon related to MDR phenotypes and class-1 integrons.

Unique resistance outcomes can be related for many genetic, ecological, epidemiological and
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evolutionary reasons. For instance, two genes conferring resistance to antimicrobials from different

drug classes can be genetically linked on the same mobile genetic element (81); a pair of antibiotic

drugs from different drug classes are often prescribed simultaneously and therefore resistance

to both drug classes is selected for (37); the presence of a MDR ef�ux pump confers phenotypic

resistance to multiple antimicrobial drug classes ( 186); resistance genes may co-occur because

epistatic interactions may confer a considerable �tness advantage ( 61). Considering multiple resis-

tance outcomes can contribute to an improved understanding of AMR epidemiology. However,

these processes are challenging to capture with the classical framework, in part because multiple

outcomes cannot be ef�ciently considered in the same model.

An additional consideration when identifying AMR outcome variables are the multiple

types resistance outcomes that can be used in epidemiological research. The historical gold

standard for identifying resistance was to determine the minimum inhibitory concentration

(MIC), or the minimum antibiotic concentration needed to visibly inhibit microbial growth in

vitro, using phenotypic antimicrobial susceptibility testing (AST). Now, sequencing technologies

are increasing more accessible and microbial whole-genome sequences (WGS) more available,

allowing epidemiological research to use comprehensive resistance genotype data instead. Given

how WGS data can be generated potentially faster than AST data (194), epidemiologists must

now consider whether resistance genotypes or susceptibility phenotypes are the most appropriate

outcome variables for AMR. Several studies have demonstrated strong correlations between the

resistance genotype presence and susceptibility phenotypes among bacterial isolates collected from

surveillance programs ( 216; 137). Yet, it is still problematic to assume that resistance genotypes

and susceptibility phenotypes epidemiologically represent the same phenomenon. One reason is

that the resistance genotypes detected in a given isolate is highly contingent upon which resistance

gene database was used to identify the genes (29). Another reason is because gene expression is

in�uenced by a variety of environmental factors, which is especially the case for ef�ux pumps

(150); therefore, genotype presence does not guarantee the occurrence a predicted phenotype.

Furthermore, bacterial resistance genotypes and in vitro phenotypes may not necessarily correlate

with treatment success or failure among hosts due to a variety of other experienced by bacteria
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outside laboratory settings. For instance, the site of the infection within host, other microbial

community dynamics at the site of infection, and immunocompetence of the host can can alter

the expressed susceptibility phenotype of a pathogen within-host ( 47). There are several potential

facets of AMR outcomes, and their relationships are necessarily straightforward. It is consequently

important to consider the relationships between the different types of resistance outcomes that are

epidemiologically important.

AMR is a Complex, Multi-Scale System

In addition to being a system with multiple outcomes, AMR can be broadly considered a complex

and multi-scale system (19). Ecological, evolutionary and epidemiological processes occurring at

the microbial, host, and environmental levels can directly or indirectly in�uence the occurrence

of resistance among microbial populations in a context-speci�c way (Fig. 1.2). The complex and

multi-scale nature of AMR further challenges the application of the classical framework for AMR

epidemiology in several ways. First, oftentimes a large number of variables across diverse scales

can potentially in�uence AMR, and therefore warrant inclusion in the analysis. The statistical

methods commonly used in the classical framework (i.e. GLMs) are robust for large sample

sizes relative to the number of predictor variables included in the model (n >> P); however, these

regressions are unsuitable for models with large numbers of variables relative to the available

sample size, or for high-dimensional datasets where the number of variables is larger than

the number of observations (n < p)(95). This issue of dimensionality is further exacerbated by

advances in sequencing technologies that now enable the collection of large quantities of microbial

omics data that can be included in epidemiological analyses.

Second, the complex and multi-scale nature of AMR often means that there is insuf�cient

preexisting knowledge about all potential AMR risk factors to construct a well-informed a priori

causal model. One reason for this is because there are numerous potential variables across multiple

scales that can in�uence risk for AMR, and there is disparity in knowledge regarding the effect of

these variables. For instance, AMU is the major known risk factor for AMR and its effects have

been researched considerably more compared to other factors, like biocide use and environmental
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Figure 1.2: Depiction of diverse and multi-scale factors that directly and indirectly in�uence
bacterial resistance outcomes.
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management. Another reason is because the complex interactions among these multi-scale risk

factors for AMR can make identifying anticipated variable relationships in the a priori causal

model challenging. It is likely a large number of interacting predictors, not a single or a small

number of predictors, in�uence AMR dynamics in context-dependent ways ( 19). These predictors

may have complex relationships (e.g. mediation, confounding) that are dif�cult to untangle. Thus,

they are not only likely to be poorly understood, but also makes applying �ndings from previous

studies to new studies more challenging. These collectively introduce challenges to constructing a

scienti�c question, causal model and hypothesis based on existing knowledge, which is central to

the approach of the classical framework.

Third, the complex and multi-scale nature of AMR makes it challenging to comprehensively

account for all potential confounding among between predictor and resistance outcome. The

classical framework can be used to infer causality by stating the assumptions needed for causal

interpretations to be valid ( 147), and one of the most important assumptions is that all important

factors confounding the predictor-outcome relationship have been accounted for. However, there

are diverse pathways that exist connecting a given predictor and a resistance outcome because

AMR is a complex, multi-scale system. This explains why AMU is associated with speci�c

resistance outcomes in some contexts but not others. As a result, the sheer number potential

mechanisms that can explain a predictor-outcome relationship make it impractical to assume that

all potential confounding can be accounted for in a given epidemiological study on AMR.

AMR is a Dynamic System

An additional challenge when evaluating AMR epidemiology are the dynamic genomic and

evolutionary processes that can alter the causal effect of an exposure over observable time scales

and across contexts. Speci�cally, horizontal gene transfer, evolutionary �tness-altering mechanisms,

and changes in microbial population structure can all rapidly in�uence AMR dynamics and lead to

epidemiological confounding. The rapid changes induced by these processes often go undetected,

but meaningfully in�uence the causal model (Fig. 1.3); therefore, knowledge about important

confounding processes is unavailable to be incorporated into the causal model. The dynamic
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Figure 1.3: Dynamic processes driving AMR dynamics can meaningfully in�uence the causal
model, but often go undetected. Such processes include horizontal gene transfer, compensatory
mutation evolution, and population structure changes. Illustrated here are each of these processes
on the top, and their subsequent effect on the causal model in the form of a DAG on the bottom.

nature of AMR consequently challenges the application of the classical framework, which relies

heavily on comprehensive existing knowledge to inform the causal model. The remainder of this

section will explore the ways in which each of these dynamic processes can impact epidemiological

analyses and interpretations for risk factors of AMR.

Horizontal Gene Transfer. Horizontal gene transfer (HGT) refers to genetic variation that results

from acquiring novel genetic material from unrelated bacterial strains, versus through vertical

inheritance or de novomutations that naturally arise from bacterial cell replication. Mechanisms of

HGT are diverse and can occur by transformation, conjugation, or transduction via bacteriophage.

HGT events may result in the acquisition of extrachromosomal genetic material, or the integration

of novel genetic material into the chromosome via recombination. Oftentimes, HGT involves direct

or indirect transmission of a mobile genetic element (MGE) from one distinct bacterial lineage to

another. The types and mechanisms of action of different MGEs, such as plasmids, pathogenicity

islands, transposons, integrons and insertion sequences, are also diverse and reviewed elsewhere

(202).
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HGT events can affect AMR epidemiology in several ways. First, HGT events may result in

genetic linkage of unique resistance genes, which may confound associations between exposures

and resistance outcomes. For example, among strains with the class-1 integron conferring the

ACSSuT phenotype, chloramphenicol-resistance genes are genetically linked to ampicillin resis-

tance genes. Thus, although ampicillin and chloramphenicol are in completely different drug

classes, chloramphenicol resistance will be indirectly selected for among ACSSuT strains exposed

to ampicillin. Another way that HGT events in�uence AMR epidemiology is by enabling bacterial

strains never exposed to antimicrobial drugs to acquire resistance genes. Resistance-conferring

genes can be transmitted from one bacterial strain to another of the same or even different species

through HGT ( 9). Thus, when resistance-conferring genes are present in microbial community or

environment, microbes can acquire resistance without being exposed to antibiotics themselves.

Evolutionary Fitness-Altering Mechanisms. An important assumption underlying all antimicrobial

stewardship practices is that considerable �tness costs are associated with resistance-conferring

genes in absence of AMU. Under this assumption, the frequency of a resistance gene would be

expected to decrease in a microbial population after removing the antimicrobial exposure that

initially selected for the resistance gene. However, several complex evolutionary mechanisms can

in�uence the relative �tness effects of resistance genes in ways that in�uence and potentially

confound the effect of an exposure on a resistance outcome (61). For instance, compensatory

mutations can reduce the �tness costs associated with certain resistance genotypes. Epistasis

is another important evolutionary mechanism that occurs when the �tness effects of one gene

or mutation depend upon other genes and mutations present within the genome. Epistatic

interactions involving resistance genes can cause the observed �tness effects of carrying both

genes to differ from the anticipated �tness effects of each gene observed by itself. Thus, even if

two resistance genes each have deleterious �tness costs, it is possible for the combined �tness

effect of both genes to be bene�cial with positive epistasis. These mechanisms provides additional

explanations for why resistance can persist without antimicrobial exposure, and why resistance to

unrelated drug classes may be related.

Changes in Microbial Population Structure. Microbial population structure encompasses not just
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microbial community diversity, but also diversity within a single microbial species. Microbial

populations of a single species are often comprised of multiple lineages that are genotypically

and phenotypically diverse, thus enabling certain lineages to be more �t than others in a given

environment. Changes in ecological selective pressures, stochastic events, and natural variation

over time will cause the predominant and co-occurring conspeci�c microbial lineages to evolve

over time and space. These changes in microbial population structure may also in�uence the effect

of an exposure by altering the relative �tness effects of resistance genotypes and phenotypes.

For instance, selective sweeps will result in the clonal expansion of microbial lineages that were

more ecologically �t and outcompeted other conspeci�c lineages ( 117; 30). This will result in

the population-level �xation of any genes this lineage happened to carry (e.g. resistance genes),

regardless of whether those genes conferred the initial �tness advantage. Therefore, if a resistance

gene became �xed in a population after a selective sweep, a subsequent lack of antimicrobial

exposure may not result in a decrease in resistance gene frequency in the microbial population.

In addition to single-species microbial population structure, multi-species microbial com-

munity composition may also in�uence AMR epidemiology by altering relative �tness effects

of resistance genotypes and phenotypes (198). The most extreme examples are multi-species

microbial communities that produce bio�lms, which physically protect the microbial communities

from bactericidal and bacteriostatic effects of biocides and antimicrobial drugs. Microbes within

bio�lms are phenotypically resistant to antimicrobials, irrespective of whether the organisms

have resistance-conferring genes or whether the community has previously been exposed to

antimicrobial drugs. There are also more subtle examples of interspeci�c interactions can also

in�uence AMR dynamics within a microbial community, and have been described elsewhere

(30). Although these dynamic microbial processes occur rapidly and often go undetected, they

nonetheless play an important role in in�uencing AMR dynamics and can serve as important

confounders in AMR epidemiology.
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1.3 Data Learning Frameworks for AMR Epidemiology

Statistical learning includes a set of statistical and computational methods used to understand data

(93). Methods range in their �exibility and interpretability, and the choice of methods depends

on what task we aim to accomplish: prediction, inference, or knowledge discovery. The model

construction process based on statistical learning relies on the data and not upon a priori hypotheses

based on existing expert knowledge. This �exibility is advantageous for AMR epidemiology where,

for aforementioned reasons, drivers of resistance remain poorly understood and single a priori

hypotheses oftentimes cannot be feasibly generated. The classical analytical framework can be

used to accomplish statistical inference and, under certain circumstances, prediction. However,

its reliance on hypothesis testing and rigid assumptions limits its application for knowledge

discovery. Probabilistic graphical models (PGMs) are one class of �exible methods that can be

applied to perform inference, prediction, and knowledge discovery for AMR epidemiology.

PGMs are statistical models that encode the joint distribution of random variables in a graph

representation (101). In the graph, random variables are the nodes and the edges connecting

the variables encode the local parameters. Diverse variable relationships can be represented by

different classes of PGMs (Fig. 1.4). The two main classes of PGMs are Bayesian networks (BNs) and

Markov networks (MNs). In Bayesian networks, edges are directed and the associated parameters

are conditional probabilities (Fig.1.4A). In contrast to BNs, Markov networks represent symmetric

associations among variables as undirected edges (Fig.1.4B). Parameters for MNs are called

potentials and do not need to be probabilities (e.g. correlations). Bayesian networks are DAGs, so

they can be further used to represent causal relationships in epidemiology. Although MNs are

relatively underutilized in epidemiology, modeling unconditional (i.e. symmetric) relationships is

especially useful when considering variables that are associated with one another in non-causal

ways. For instance, undirected edges may be more appropriate when modeling joint distributions

of resistance outcomes because resistance outcomes are often non-causally associated with one

another (121). A third class of PGMs called chain graphs contains both directed and undirected

edges within the same graph (Fig.1.4C).
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Figure 1.4: Comparison of three types of probabilistic graphical models. (a) Bayesian networks
have directed edges connecting nodes and are commonly used in epidemiology in the form of
directed acyclic graphs, which illustrate the relationship between exposure variables (blue nodes)
and outcome variables (orange node), as shown here. (b) Markov networks have undirected edges
connecting nodes within a graph, here depicted with a dotted line. (c) Chain graphs utilize both
directed and undirected edges, with undirected edges connecting edges within the same layer
(denoted by the respective orange and blue colour schemes) and directed edges connecting nodes
between different layers.
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1.3.1 Learning Probabilistic Graphical Models for AMR

Although PGMs can be built based only on expert knowledge, it is not necessary ( 101). There may

not be enough prior information to build a PGM with high complexity and/or a large number

of variables, as is often the case with AMR. Thus, learning PGM structure and parameters from

data can be particularly useful for knowledge discovery in AMR epidemiology. Learning the

structure of the PGM underlying a given AMR dataset can help to identify the independencies

and dependencies among variables, even when we have limited pre-existing knowledge of their

underlying relationships. This is a useful feature of PGMs because it facilitates the evaluation of

mediation and confounding pathways among variables that are likely to occur in complex systems,

such as AMR. Larger numbers of variables can also be included in PGMs because they can more

�exible handle situations in which n > p compared to traditional regression-based analyses (126).

Furthermore, PGMs can include multiple outcome variables and different variable classes.

This is advantageous for AMR epidemiology, where it is important to consider multiple resistance

outcomes which can be either continuous, ordinal or binary variables. Furthermore, the drivers of

resistance are constantly evolving and, as a result, factors that previously were not associated with

AMR risk can become risk factors over observable periods of time. Utilizing the PGM learning

framework enables us to not only learn about variables with poorly understood causal effects,

but also to update our knowledge about the dynamic evolution of AMR in a more timely fashion.

Taken together, PGMs have several advantages for AMR as a complex system, in which multiple,

context-dependent paths across diverse scales can connect a predictor variable to an outcome.

1.3.2 Learning PGMs from Data

The broad approach to PGM learning can be considered the reverse of the classical analytical

approach. In the classical approach, the scienti�c question that is well-informed by expert knowl-

edge drives the model structure construction, which informs parameter estimation and data

collection methods. In contrast, in PGM learning the data drive the model structure construction

and parameter estimation, and these learned models can be used to update our understanding

about the scienti�c question (Fig.1.5). This PGM learning approach can similarly be broken down
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Figure 1.5: The approach for the learning framework provides a useful alternative to epidemio-
logical analysis. Under a learning framework, the data drive the model structure construction and
parameter estimation, which can advance understanding about the scienti�c question.

into broad steps, which are described as follows.

Step 1: Evaluate the Data

Data relevant to AMR may contain clinical outcomes, antimicrobial exposures, and microbial

genotypes and resistance phenotype, among other variables. At this stage, expert knowledge may

be useful to screen for biologically relevant variables. Speci�cally, researchers must consider which

variables warrant inclusion in the model based on how accurately a variable represents underlying

biological phenomena, and how biologically interpretable any effect estimate associated with this

variable would be. It is also important to consider which variables in the dataset most appropriately

represent outcome(s) of interest, which represent predictors, and which can represent both. It is

also important to to consider the classes of variables to be included in the PGMs (e.g. continuous,

ordinal, categorical, binary), and whether the analysis will contain variables of the same or of

mixed classes. In general, learning PGMs for mixed data is more challenging and may require

integrating several algorithms ( 172). For very large datasets, further feature selection may take

place in the data pre-processing step using �ltering methods (76).

Step 2: Structure Learning

Structure learning refers speci�cally to the data-driven process of applying an algorithm to

identify dependencies, or relationships, among all variables in the PGM. Structure learning is the

most intensive step in the PGM learning process, and often bene�ts from incorporating expert

knowledge. After the PGM structure has been learned using this algorithm, the structure must be
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evaluated for biological interpretability and analytical soundness.

Algorithm Selection. The type of PGM class and characteristics of the data will dictate what

algorithms are suitable for learning the model structure. For MNs, the primary component of

structure learning entails identifying which edges in the model are present or absent because

edges are undirected. However, for BNs there are two components that must be learned because

edges are directed. After identifying which edges are present in the BN, the directionality of those

edges must subsequently be inferred. For chain graphs, structure learning involves identifying

edge presence for both directed and undirected edges. Depending on the analytical approach

employed for chain graph learning, the directionality of directed edges may or may not need to

be learned with an algorithm.

Structure learning algorithms for BNs and MNs generally fall under one of two major ap-

proaches (though others exist): 1) constraint- or independence-based approaches, and 2) score-

based approaches (185). Independence-based or constraint-based algorithms use data to identify

independencies among variables, which are then used to constrain the network structure. Score-

based algorithms generally compares several model structures for a given dataset and based

on scores capturing how well these structures explain the data. Hybrid algorithms employing

both constraint- and score-based approaches also exist and aim to leverage strengths from each

approach. To date, all documented algorithms for learning chain graph structures are constraint-

based (181).

The most suitable approach for a given PGM learning task depends on several factors –

including dataset features, analytical goals, and other key analytical considerations. In general,

constraint-based approaches are well suited for datasets with large numbers of observations

and for density estimation goals. In contrast, score-based approaches are well-suited for smaller

datasets with more noise, and for achieving the goals of prediction and knowledge discovery.

Applications and detailed descriptions of speci�c algorithms are beyond the scope of this paper

and have been reviewed elsewhere (185; 101).

High-Dimensional & Incomplete Data. Algorithm selection for structure learning may require

additional considerations with regards to variable selection and missing data. Especially with
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greater availability of microbial sequences and electronic medical record data, datasets pertaining

to AMR epidemiology are becoming increasingly high-dimensional. Furthermore, with more

variables to consider, there is also a higher likelihood of incomplete data in large datasets. Several

methods and algorithms used for PGM learning are able to address these important analytical

issues. Thus, we highlight two score-based methodologies that address issues associated with high-

dimensional datasets and incomplete data that are potentially applicable to AMR epidemiology

research.

Feature-selection methods, which are analogous to variable- and model-selection procedures

for GLMs (e.g., forward selection, backward elimination), are especially useful for PGMs using

high-dimensional datasets. With large numbers of variables in a PGM, spurious associations are

likely to be included, making it challenging to meaningfully interpret every edge in the PGM.

Thus, for such contexts it is desirable to induce sparsity in the PGM. One popular feature selection

method is L1 regularization, also called LASSO. L1-regularization induces sparsity by applying

a penalization on the L1 norm of the parameter vector, thereby biasing them towards zero and

causing the edges with smaller magnitudes to disappear from the graph ( 191). LASSO can be used

to perform structure learning and parameter estimation by identifying all remaining edges with

non-zero coef�cients after penalization. LASSO is more commonly used to learn undirected edges

in MNs, and is less frequently used to learn BN structure. However, LASSO has been successfully

applied to learn directed graphs ( 169), and can be used in conjunction with other BN-speci�c

algorithms to learn the BN structure (115).

Large observational datasets used in epidemiological research frequently have missing data,

which introduce analytical challenges. One pre-analytical data processing strategy is to remove

all observations from the dataset with any missing observations. However, this will result in

a loss in statistical power and could potentially bias the analytical results if certain data are

non-randomly missing. Gradient Ascent and Expectation Maximization algorithms can be applied

to learn structures and/or parameters of BNs and MNs while accounting for missing data ( 101).

Although accounting for missing data is more representative, applying these methods can also be

computationally challenging thereby limiting their broader application.
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PGM structure learning can also account for hidden variables, which are treated as extreme

versions of missing data. Use of hidden variables may be bene�cial in instances where a variable

is known to in�uence the system (e.g., a confounder) but data for that variable is unavailable

(23). Because hidden variables are treated as extreme versions of missing data, structure learning

algorithms that account for hidden variables are even more computationally intensive. However,

this analytical capacity is highly desirable for AMR, where we often �nd unanticipated associations

between resistance outcomes and exposures.

PGM Structure Learning & Review. Once an algorithm has been identi�ed, it can be applied to

facilitate structure learning of the PGM. There are two potential options for applying an algorithm

in practice: 1) use an already established program that can execute the desired algorithm, or 2)

create a new function to execute the desired algorithm. While already established packages are

much more convenient, packages only exist for well-established and commonly used algorithms.

As a result, if the most suitable algorithm for a PGM learning task is more sophisticated or less

commonly used, it may be necessary to create a new function. New functions oftentimes use

other existing functions and packages as dependencies, and the creator of the function is more

familiar with how the algorithm works. Regardless, if using existing packages either directly or

as a dependency, it is worth remembering that not all packages are equally well maintained and

therefore may not be consistently reliable over time.

Currently, several open-source and licensed software are available for BN structure learning

and in different programming languages. Software for BN structure learning has been extensively

summarized in Scanagatta et al. 2019. Less software exists for MN and chain graph structure

learning. However, the advent of open-source sharing of code facilitates the use of methods

developed by others but not formally published as licensed software.

Step 3: Parameter Estimation

The parameters associated with edges in a PGM can be estimated and quanti�ed once the PGM

structure has been learnt. Parameters typically capture the strength of the association and the

directionality (i.e. positive or negative). Parameter estimation and structure learning are often
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accomplished using the same algorithm. Thus, all the previously discussed structure learning

algorithms simultaneously estimate parameters. In general, parameters can be estimated using

either maximum likelihood or Bayesian methods.

Step 4: Model Evaluation & Interpretation

Finally, it is important to evaluate the PGM after learning its structure and parameters. It is �rst

important to analytically evaluate the learned structure and parameters. The analytical stability

of the model structure can be evaluated in a few ways. First, one can evaluate quanti�cations of

model �t using metrics like Akaike Information Criterion for maximum likelihood approaches and

Bayesian Information Criterion for Bayesian approaches. Additionally, the stability of the PGM

structure can be assessed by identifying the impact removing speci�c edges and/or nodes on the

resulting structure and �t of the model. Additionally, it is important to analytically evaluate the

parameters. Con�dence intervals can be generated for parameters either by quantifying residual

errors or through bootstrapping methodologies, therefore providing some measure of con�dence.

Moreover, it is imperative to compare the learned model to existing knowledge. As is the case

for regression-based statistical analyses, correlation also does not necessarily equate to causation

with PGMs. Comparing the learned PGM model structure against existing knowledge the systems

driving AMR dynamics provides important context as to whether results are substantiated by other

scienti�c studies. Thus, expert consideration remains crucial for appropriately contextualizing the

�ndings of a PGM learned from data.

1.3.3 Analytical Interpretations & Limitations

Regardless of the speci�c algorithm used to learn the PGM, the model learning process involves

assessing several different potential models and comparing them to one another. There are two

circumstances in which expert knowledge is necessary for interpreting results of PGM learning:

�rst when there are several structures that encodes the same independencies (called I-equivalence),

and second when there are multiple models that �t the data comparably well.

In PGMs, it is possible for different PGMs of the same dataset to be I-equivalent. When this
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occurs, the same dependencies can be explained by different model structures and it is dif�cult to

ascertain which I-equivalent structure most appropriately represents the underlying processes of

the data. One way to discern among I-equivalent structures is to compare metrics of model �t

to the data, such as AIC and BIC. There will always be a single model that best �ts the data for

a given metric. However, oftentimes several models may �t the data comparably well, and the

best-�tting model may depend on which model-�tting metric is used.

Although PGMs represent more than simple correlations, the same cautionary principle of

“correlation does equal causation” still applies. Learned models accurately re�ect the dataset they

were learned from, but still may not meaningfully elucidate the underlying processes of data that

we seek to understand. Incorporating expert knowledge can provide important context to the

learned models. It is also important to evaluate whether an observed dependence structure in the

learned PGM is biologically plausible. Even after incorporating for expert knowledge, it is still

possible for multiple models to be equally viable.

1.4 Leveraging Classical & Data Learning Frameworks for AMR Epidemiology

Complementarity of Classical & Learning Frameworks

Upon discussing applications of both the classical analytical framework and model learning

framework, it is clear that both frameworks provide distinct and valuable paradigms for advancing

knowledge in AMR epidemiology. The major strengths of the classical framework involve its

conceptual robustness, which facilitates integration with causal inference approaches. Considerable

bias is addressed in the classical analytical framework because the researchers utilize existing

knowledge to identify a testable hypothesis, which entirely informs the study design and analysis

prior to beginning the study. This compels researchers to identify and account for all potential

confounders that may bias attempts to test the hypothesis in a manner similar to experimental

studies. Additionally, a priori speci�cation of the analysis plan ensures that results are interpreted

within the scope of the study objectives, and discourages manipulation of results to induce more

attractive �ndings (e.g., p-hacking).
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Figure 1.6: Schematic and relationship between processes in the classical (in purple) versus
learning (in blue) analytical frameworks.

Despite these conceptual strengths, the classical framework is vastly limited by its strong

dependence on pre-existing expert knowledge of the system. This means that any new knowledge

gained from testing a hypothesis in a given epidemiological study is completely constrained by

what pre-existing evidence supports the evaluation of the hypothesis. For systems as complex as

AMR epidemiology where much remains unknown regarding the effects of diverse risk factors,

this signi�cantly limits the breadth of factors that can be comprehensively explored. Moreover,

the classical framework is analytically limited by their reliance on analytical methods that are

better suited for simpler systems than AMR. For instance, methods like GLMs are well-suited

for single-outcome systems with a relatively small number of predictors. However, this context

simply is not the case for AMR epidemiology.

In contrast, the major strengths of the model learning framework involve its analytical robust-

ness and �exibility. The analytical methods commonly employed for PGM learning are well-suited

for modeling complex systems, are tractable for high-dimensional datasets, and can employ

advanced methods to address incomplete data. Furthermore, the learning aspect of the model

learning framework enables the discovery of new knowledge using existing data in a way that

is not limited by existing knowledge. Yet, a major limitation of model learning frameworks in

the context of AMR epidemiology is the less formalized integration of expert knowledge and

bias accountability. Not interrogating a speci�c hypothesis makes interpreting the �ndings of
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model learning much less straightforward, and paradoxically reliant on expert knowledge to

provide appropriate context. It is possible for model learning approaches to identify a meaningful

association between two variables that that are actually biologically unrelated. Although model

learning frameworks do not rely on existing knowledge to construct and execute a PGM learning

task, sound and judicious data inclusion and model interpretations are paradoxically much more

reliant on expert knowledge oftentimes after observe the analytical results.

Integrating Classical & Learning Frameworks for AMR Epidemiology

Given the complementary nature of the classical and model learning frameworks, leveraging both

frameworks will maximize the potential for learning insights about AMR epidemiology (Fig. 1.6).

Below are speci�c proposed ways that both frameworks can be integrated to advance knowledge

in AMR epidemiology.

1. Apply the PGM learning framework to data previously collected for other studies or purposes.

Oftentimes, even hypothesis-based studies collect more data than the initial study intends to

use. In AMR epidemiology, for instance, it is common to store samples and bacterial isolates

in freezers for future use. Now, these previously collected isolates and samples collected

can be sequenced to acquire new data. Thus, high-dimensional genomic, metagenomic,

proteomic, and transcriptomic data from samples that have already been described in

publications are now available for new analysis, and PGM learning is a well-suited analytical

framework for such secondary data analysis. Additionally, data collected as part of AMR

surveillance systems can also bene�t from being analyzed with a PGM learning framework.

Although surveillance data are not collected under a hypothesis-based research context, they

are still rich datasets from which new knowledge can still be learned.

2. Use learned PGM �ndings to inform hypotheses to be explicitly evaluated in future prospective studies

using a classical analytical framework. The PGM learning framework is well-suited for learning

complex relationships between variables using high-dimensional datasets. However, the clas-

sical framework is better suited for systematically evaluating causality using observational
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data, and experimental studies are even better suited for testing causality by controlling all

potential confounders. Thus, learned PGMs serve as an invaluable tool for identifying rela-

tionships among predictor variables that ultimately in�uence resistance outcomes. These can

subsequently inform hypotheses to be tested in prospective observational or experimental

studies designed to evaluate speci�c causal pathways identi�ed with PGM learning. This is

especially bene�cial if there are several I-equivalent model structures, or if there are several

distinct models that �t the data comparably well. Integrating both frameworks in this way

can maximize the elucidation of complex causal pathways driving AMR epidemiology.

3. Use PGM learning to clarify the necessary conditions for causal interpretations using the classical

analytical framework. Epidemiological studies using the classical analytical framework rely

on expert knowledge to identify assumptions needed, and therefore what conditions are

necessary, to infer causal interpretations. Typically, known assumptions can be checked

with a descriptive statistics table in a classical epidemiological study. However, another way

to evaluate these assumptions is by learning a PGM. The bene�t of this approach is that

the structure will also be learned, and therefore additional information about predictor

relationships can be revealed in a way that a descriptive table will not capture. This approach

can also clarify whether any unknown assumptions are being made that may in�uence

causal interpretations. This can be done by incorporating more variables than were focused

on in the primary analysis, or by including hidden variables.

4. Model AMR epidemiology as a complex system using a PGM learning framework using data

previously interrogated with the classical analytical framework. Although the classical analytical

framework is poorly-suited for modeling complex systems, it can be used to interrogate

a simpler component of a complex system. When diverse data on different components

of the same AMR epidemiology system are available, it is likely that �ndings for these

components were modeled and analyzed separately for publication using the classical

framework. PGM learning provides the opportunity to model these diverse data on the same

system together as a complex system, and potentially shed new insights. For example, AMR
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surveillance programs often culture individual samples for diverse bacterial species; yet only

the collective results for individual bacterial species are published. If metadata are available

regarding which samples were positive for which bacterial species, and resistance data were

available for those bacterial isolates, then this data could all potentially be integrated in the

same PGM learning task. There may also be sets of pathogens for which AMR, virulence,

and biocide resistance data exist, but are considered separately for analysis and publication.

The PGM learning framework would also be suitable for integrating these diverse data on

the same bacterial population to potentially gain a new understanding of the relationship

between these distinct bacterial features.

1.5 Conclusions

Epidemiological frameworks for understanding AMR in observational settings are critical for ad-

vancing knowledge about AMR, and therefore identifying mitigation strategies for this important

public health challenge. However, existing classical analytical frameworks have limitations when

applied to AMR epidemiology due to the complex nature of the drivers of AMR. These limitations

are exacerbated by the increasing availability of data that can be included in AMR epidemiology

analyses. We propose an alternative analytical framework based on learning probabilistic graphical

models to ful�ll the current analytical gaps that exist in AMR epidemiology research. Furthermore,

we propose the integration of both classical and data learning analytical frameworks to maximize

the potential for learning about drivers for AMR using observational data. Causal inference for

complex systems using high-dimensional data still requires the appropriate integration of expert

knowledge and we advocate for future research on causal inference with learned PGMs.
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CHAPTER

TWO

USING CHAIN GRAPHS TO IDENTIFY RISK FACTORS FOR

FLUOROQUINOLONE- AND MACROLIDE-RESISTANCE AMONG

CAMPYLOBACTER COLI FROM SWINE HOSTS

2.1 Introduction

Drug-resistant Campylobacteris classi�ed as a serious public heath threat in The Centers for

Disease Control and Prevention's (CDC) (2019) report on antibiotic resistant threats. Every year

in the United States alone, Campylobacterspp. causes an estimated $270 million in direct medical

costs and 1.5 million infections, 29% of which have decreased susceptibility to �uoroquinolones

or macrolides (39). These antibiotic classes are used to treat severeCampylobacterinfections in

older and immunocompromised patients ( 207). Campylobacteriosis is caused most commonly

by the consumption of contaminated food and water, and through direct contact with animals

(96). Livestock are common reservoirs for Campylobacterspecies, thus understanding the factors

that drive antimicrobial resistance at the farm-level is necessary to effectively control and mitigate

drug-resistant Campylobacter. Yet, such a task is not straightforward because bacterial resistance

outcomes are driven by diverse and complex ecological and evolutionary mechanisms that cause

risk factors to be context-dependent (19).

One major challenge in understanding drivers of AMR is the limited understanding of how
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factors beyond antimicrobial exposure contribute to AMR risk. Although antimicrobial use

in human and veterinary medicine is a widely accepted risk factor for AMR among enteric

pathogens, establishing clear associations between antimicrobial exposures and AMR outcomes

remains challenging (168). While antimicrobial exposure imposes selection pressures for resistant

microorganisms, reduced or complete absence of antimicrobial exposure oftentimes does not

correspond to either a reduction in bacterial resistance or reversion to susceptibility ( 11; 86). Given

how bacteria have used resistance mechanisms to protect themselves from other microorganisms

for millennia prior to modern medicine, it is important to consider the diverse range of factors

beyond medical and veterinary antimicrobial use that can in�uence bacterial AMR outcomes ( 10).

Known antimicrobial exposures in a speci�c host species only captures a subset of all potential

microbial exposures that may drive resistance outcomes in a Campylobacterpopulation. Heavy

metals and biocides may also select for resistance (203). When identifying additional factors that

in�uence AMR dynamics in agricultural settings, it may also be important to consider practices

that modify microbial interactions, such as biosecurity and husbandry practices. Although some

studies have identi�ed certain biosecurity-related factors that in�uence AMR epidemiology, there

is still a limited understanding of how biosecurity practices can be modi�ed to affect AMR risk

(53).

An additional barrier for understanding AMR dynamics are the methodological challenges

associated with analyzing the epidemiology of AMR. Regression-based methods traditionally

used in epidemiological analyses are well suited for understanding relationships between a

single disease outcome of interest and a relatively small number of potential risk factors ( 54).

However, such analytical methods are not always well-suited for studies that aim to understand

drivers of AMR for several reasons. First, AMR is often more appropriately considered as an

epidemiological problem with multiple outcomes of interest, rather than a single outcome. Second,

existing methods do not effectively evaluate the relationships among multiple resistance outcomes,

which may be important for AMR where distinct resistance genotypes may be genetically linked

(81). Lastly, the potential variables to be included in models on AMR epidemiology are numerous

and diverse, thus becoming an increasingly high-dimensional problem (i.e. with more measured
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variables (p) than observations (n)). For enteric bacteria like Campylobacterspp. which survive

in diverse environments, extensive data on numerous and diverse exposures can be available,

making the epidemiological analyses of risk factors more challenging.

Recent advances in sequencing technologies have made microbial -omics data more available

and accessible than ever before (29). This has resulted in more opportunities to incorporate

large amounts of relevant molecular-level data, in addition to traditional exposure data, into

epidemiological models on AMR. The increasing availability of microbial whole-genome sequences

has particularly enabled the use of genomic and resistance genotype data in AMR epidemiology

studies. While this wealth of molecular data provides valuable opportunities to better understand

risk factors for AMR outcomes, the challenge of how best to analyze these diverse data types

in AMR epidemiology remains. For instance, the presence of a gene experimentally shown to

confer resistance can be assumed to correspond to an observed resistance phenotype, as many

studies have used whole-genome sequence data to predict phenotype with high sensitivity and

speci�city ( 50; 216). However, this assumption may not hold because variations in gene expression

and potential gene-environment interactions can impact the resistance phenotypes expressed

in natural microbial populations ( 87). There is an critical need for analytical methods that can

untangle complex relationships between diverse data types, and are therefore better suited for

identifying epidemiological risk factors for AMR.

Probabilistic graphical models are a class of statistical models composed by random variables

(represented as nodes) and edges encoding direct dependence relationships among nodes (101).

Recent advances in graph learning for mixed and multi-layer data are quickly expanding their

application in biomedical sciences (59; 172; 109). While directed acyclic graphs have been long

used to address causality in epidemiology by making explicit the relationships between exposures

and outcome (147), the application of graph modeling in epidemiological large datasets is limited

(71; 125).

The objective of this study was to identify risk factors for macrolide- and �uoroquinolone-

resistance among an extensively characterized population of C. coli from swine farms. We are

speci�cally aim to identify risk factors at the host exposure and microbial genotype scales.
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For that purpose, we developed and applied a new and more analytically suitable framework

for AMR epidemiology which utilizes multi-layered Gaussian chain graphs (Fig. 2.1). Chain

graphs are a type of probabilistic graphical model that represent a hybrid between Bayesian and

Markov networks ( 101), and have received increased attention in other �elds for their utility in

modeling complex biological systems ( 139; 164; 181). In this study, we applied this framework to

identify risk factors for resistance among phenotypically and genotypically characterized C. coli

isolated from agricultural swine populations with comprehensively documented management

practices. An important feature about the sampled swine populations is that they were reared

under either conventional or antibiotic-free (ABF) production systems, and had well-documented,

heterogeneous lifetime exposures to various antimicrobials and livestock husbandry practices ( 152).

Using our chain graph-based framework we were able to identify host exposure and microbial

resistance genotype risk factors for multiple bacterial resistance outcomes (see directed edges in

Fig.1), while simultaneously evaluating the relationships between the resistance outcomes (see

undirected edges in Fig.1).

Previous research on this population of C. coli found considerable levels of resistance to �uoro-

quinolone and macrolide antibiotics ( 152). Most notably, the prevalence of macrolide-resistance

was > 20% and not signi�cantly different between isolates from conventional versus ABF produc-

tion systems. Thus, we hypothesize that risk factors pertaining to agricultural biosecurity practices

would be important predictors of macrolide-resistance, especially in absence of antimicrobial

exposure; whereas factors pertaining to antimicrobial use would be important predictors �uo-

roquinolone resistance. We additionally hypothesize that genoytpes known to confer macrolide-

and �uoroquinolone-resistance would be signi�cantly associated with those resistance pheno-

types. Speci�cally, we anticipate presence of the gyrA T86I mutation would sign�cantly predict

�uoroquinolone resistance phenotypes, and that the 23S rRNA A2075G mutation would predict

macrolide resistance phenotypes (1; 122).
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Figure 2.1: Proposed analytical framework for evaluating risk factors for phenotypic resistance
among C. coliat the host and microbial scales using multi-layered Gaussian chain graph models.
Here, directed edges or edges with arrows depict relationships in which resistance phenotypic is
conditionally associated with a risk factor. In contrast, undirected edges without arrows depict
relationships in which two distinct resistance phenotypes are unconditionally associated with one
another.

2.2 Methods

Overview of the Data

The data used for this study were collected from 18 cohorts of 35 pigs longitudinally sampled

from birth till death between October 2008 - December 2010 in North Carolina, USA. Pigs were

reared under either conventional or antibiotic-free (ABF) production systems. These two systems

differed considerably in several management practices, but most notably in the administration

of antimicrobial drugs to pigs. During each of the three swine production stages, i.e. farrowing,

nursery and �nishing, livestock management questionnaires were administered to producers

to ascertain antimicrobial use, biocide use, biosecurity practices, and other animal husbandry

practices. Fecal and environmental samples were collected �ve times over the course of the pigs'

lifespan (Fig.2.2). Environmental samples included soil, feed, water, and surface swabs. All samples

were cultured for Campylobacterspp., and 2898C. coli isolates were subjected to broth microdilution
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Figure 2.2: Sampling scheme for longitudinally followed agricultural swine cohorts from conven-
tional and ABF farms.

antimicrobial susceptibility testing (AST) (CAMPY Sensititre panel; Trek Diagnostic Systems, Ohio).

For each isolate subjected to AST, the minimum inhibitory concentrations (MIC) were determined

for azithromycin (AZI), cipro�oxacin (CIP), erythromycin (ERY), gentamicin (GEN), tetracycline

(TET), �orfenicol (FFN), nalidixic acid (NAL), telithromycin (TEL), and clindamycin (CLI). More

details about the production systems, sampling methods, and molecular techniques used to

characterize the C. coli isolates used in this study can be found in (152).

Of the 2898C. coli isolates that were phenotypically characterized via AST, 1466 were whole-

genome sequenced using the Illumina MiSeq platform as part of the US FDA GenomeTrakr project

(FDA). DNA were extracted from C. coliisolates based on manufacturer protocols using the Qiagen

DNeasy Blood and Tissue Kits. DNA libraries were prepared using Nextera XT DNA Library

Preparation Kits, then sequenced using Illumina MiSeq v2 (500 cycle) chemistry kits and �ow

cells. Once whole-genome sequences were obtained and submitted to NCBI, the associated FASTQ

�les for C. coli isolates used in this study were downloaded from GenBank using the fasterq-dump

function from the NCBI SRA Toolkit (v2.10.8) ( 111), de novoassembled using the Shovill (vs 1.0.4)
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implementation of SPAdes (v3.12) (18), then annotated using Prokka (v1.14.6) (173). Afterwards,

genomes were screened for AMR genes and other virulence factors using AMRFinderPlus (v3.10.5)

(66). Resistance genes with> 90% coverage and> 60% identity were considered to be present in

the genome. Quality scores for all sequenced genomes were ascertained using Quast (v5.0.2) (74).

To be included in the analysis, the genome size had to be 1.4-2.0 Mbp, which is the expected

genome size of Campylobacterspp. Additionally, only genomes with � 200 contigs, N50 � 25 kb,

and L50 � 50 were included in the analysis. Of the 1466 C. coli that were whole-genome sequenced,

1282 had suf�cient quality scores. The Sequencing Read Archives identi�ers for all C. coli isolates

considered for inclusion in this study are listed in Appendix A.

All sequenced C. coli isolates with complete AST data and suf�cient genomic quality scores

were considered for inclusion in chain graph analyses. The algorithm we use to learn chain

graphs from data requires complete observations (116). Therefore, observations and variables with

missing data were eliminated from the analysis. First, any C. coli isolates with missing data for

variables pertaining to antimicrobial exposure were excluded from the analysis. Of the 1282 C. coli

with suf�cient quality scores, 1082 isolates had complete antimicrobial exposure data and therefore

quali�ed for �nal study inclusion. Afterwards, other variables with any missing observations

or zero variance were excluded from analysis. Binary variables with very low variance ( < 1%

prevalence) were also excluded from the analysis. Collinearities among variables in the dataset

were identi�ed as any variable pair with correlations � j 0.7j based on a correlation matrix of all

exposure and genotype variables. Variables were then removed from the analysis until no variable

pairs with correlations � j 0.7j remained. The �nal dataset of conventional C. coli isolates included

683 observations and 46 predictor variables, and the dataset for ABF C. coli isolates included 399

observations and 33 predictor variables. A list and detailed explanation of all included predictor

variables for the conventional chain graphs are given in Appendix B. The list and description of

all included predictors for the ABF chain graphs are given in Appendix C.
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2.2.1 Conceptual Framework for Chain Graph Models

We aimed to identify risk factors at the host exposure and microbial genotype scales for macrolide-

and �uoroquinolone-resistance among C. colifrom swine farms. While host exposure and microbial

genotype variables can independently and directly in�uence phenotypic resistance outcomes,

relationships among host exposure and microbial genotype variables can also in�uence the

effect of a risk factor at either scale on resistance phenotype outcomes. Therefore, evaluating the

relationships among host exposure and genotype data layers is of interest. However, Gaussian

chain graphs are limited to analyzing outcomes with Gaussian distributions. The Gaussian

distribution assumption holds for phenotype outcomes, which can be considered on a continuous

scale, but not genotype outcomes which are better represented by binomial distributions. Thus,

host exposure-microbial genotype variable relationships cannot be directly assessed with our

chain graphs methods. As a result, we indirectly assess host exposure-genotype relationships

using an approach analogous to regression-based assessment of confounding or mediation in

traditional epidemiological analyses.

Confounders and mediators are variables that alter the estimated effect of a predictor on an

outcome (180; 159). Confounding refers to a variable that explains the relationship between a

predictor and an outcome because it is associated with and potentially a cause of both; thus,

failure to account for a confounder will result in an obscured or biased interpretation for the effect

of a predictor on an outcome. A mediator lies on the causal pathway between a predictor and an

outcome and therefore clari�es the causal mechanisms of the outcome – i.e., the predictor is causal

of the mediator, which is in turn causal of the outcome. For regression models evaluating the

effect of a predictor on an outcome, including either a confounder or a mediator as an additional

independent variable will typically result in an attenuated effect of the predictor towards the

null ( 128). However, a phenomenon called suppression can also occur with confounding or

mediation, in which inclusion of that variable can actually increase the magnitude of the predictor's

effect (45; 196). Regardless of the statistical manifestation, it is important to note that including

confounders and mediators in regression models will yield statistically similar results. Thus,

confounders and mediators cannot be statistically discerned from one another and must be
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identi�ed on conceptual grounds (128).

For the variables evaluated in this study, it is biologically plausible for host exposures to either

confound or mediate the effect of a genotype on resistance phenotype (bottom row of Fig.2.3). For

instance, a host exposure can confound the genotype-phenotype effect if it independently favors

expression of a resistance phenotype and selects for a certain microbial genotype that does not

mechanistically contribute to the former resistance phenotype. A host exposure can also mediate

a genotype-phenotype effect if an environmental exposure effects the expression of a resistance

genotype (e.g. heavy metal exposure on ef�ux pump expression). It is also biologically possible

for resistance genotypes to confound or mediate the effect of a host exposure on a resistance

phenotype (top row of Fig.2.3). For example, genotype can mediate the effect of a host exposure if

that exposure selects for a genotype, and the genotype presence is a strong and reliable predictor

of resistance phenotype. A genotype can also confound the effect of an exposure on a resistance

phenotype if, for example, a microbial strain is likely to carry a resistance genotype that confers a

resistance phenotype, and also happens to survive better in certain environments for reasons not

associated with the presence of the resistance genotype.

In this study, we explored the possibility of potential confounding or mediation occurring

among host exposure and microbial genotype variables with respect to their respective effects

on resistance phenotype. We accomplished this by learning three distinct chain graphs in which

resistance phenotype variables comprised the outcome data layer and variables from the following

scales comprised the predictor data layer: 1) microbial genotype, 2) host exposure, 3) microbial

genotype & host exposure (Fig. 2.4). We subsequently compared the effect estimate for a given

predictor on a resistance outcome in the chain graph with single-scale predictors ( i.e.microbial

genotype or host exposure) to the effect estimate observed in the chain graph with multi-scale pre-

dictors (i.e.microbial genotype and host exposure). For a given predictor-outcome pair, differences

in the presence, magnitude or direction of an effect estimate among the single-scale and multi-scale

chain graphs suggest potential confounding or mediation among host exposure and resistance

genotype variables with respect to their effect on resistance phenotypes. However, we cannot

identify whether confounding or mediation is occurring based on our statistical results alone
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Figure 2.3: Hypothetical causal diagrams illustrating genotype predictors (top row) and host
exposures (bottom row) as direct predictors in the left column, mediators of the other variable
type in the middle column, and confounders of the other variable type in the right column.

(128), as these processes are conceptually distinguished and better investigated with mechanistic

research.

2.2.2 Chain Graph Learning

To accomplish our study objectives using the previously described framework, chain graphs with

the following predictor and outcome variables were learned from the C. coli data: 1) microbial

genotypes ! microbial phenotypes, 2) host exposures ! microbial phenotypes, and 3) host expo-

sures & microbial genotypes ! microbial phenotypes. Several host exposure variables, such as

antimicrobial exposure and biosecurity practices, were highly correlated with swine production

system. Consequently, separate chain graph models were learned using C. coli isolated from

conventional and those from ABF swine farms. In total, six unique chain graphs were learned for

this study.

In the chain graph models learned for this study, variables are represented as nodes that

belong to one of three data layers: host exposures, microbial resistance genotypes, or microbial
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Figure 2.4: Practical framework of speci�c chain graphs learned in this study. Microbial resistance
phenotype variables were used as the outcome variables for all chain graphs. A illustrates the
chain graph with microbial genotype predictors, B illustrates the chain graph with host exposure
predictors, and C represents the chain graph with both microbial genotype and host exposure
predictors. A and B represent the chain graphs with single-scale predictors, whereas C represents
the chain graph with multi-scale predictors. This framework facilitates the identi�cation of risk
factors at the microbial genotype and host exposure scales while also considering interactions
among variables in both scales. This is the executed framework in this study, as apposed to the
proposed framework in Figure 2.1.
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susceptibility phenotypes (Fig. 2.1). Relationships among these variables are represented by edges

connecting two nodes. A single chain graph quanti�es two types of relationships among variables

in a predictor data layer and an outcome data layer. First, the probability of an outcome variable

conditional upon a predictor variable is quanti�ed and represented as a directed edge ( b). Second,

unconditional joint distributions among outcome variables are quanti�ed and represented with

undirected edges (W). In the chain graphs of this study, undirected edges speci�cally represent

non-trivial, penalized partial correlations among log 2 transformed MICs of the nine antibiotic

susceptibilities tested for C. coli. The outcome variables for each chain graph learned in this study

were log2 transformed MICs of the nine antibiotic susceptibilities tested for C. coli.

The structure and parameters of these chain graphs were learned using a penalized maximum

likelihood method developed by ( 116). The algorithm to learn the chain graphs is an iterative

process with the following steps: 1) regress the outcome data layer on the predictor data layer, 2)

identify the conditional edges ( b) connecting nodes in these different data layers, and 3) identify

the partial correlations ( W) connecting nodes within the outcome data layer. This steps are repeated

until model convergence. The resulting b edge adjacency matrix encompasses all effect estimates

in which a predictor variable had a signi�cant, conditional association with a resistance phenotype

outcome (a =0.05) after accounting for any variation also explained by other predictor variables in

model. The W edge adjacency matrix represents the non-trivial penalized partial correlations that

remain after accounting for conditional associations explained by the b edge adjacency matrix.

LASSO and GLASSO L1 regularization methods were used to parameterize the chain graphs

and induce sparsity in the b and W edge adjacency matrices, respectively (191; 69). The l and r

penalties determine which b and W edges, respectively, are included in the �nal model or reduced

to zero. Using lower penalties leads to the inclusion of more edges. All l and r penalties used in

our chain graph were determined using a stability selection procedure, and had relatively small

magnitude ( < 0.1) (118).

Bootstrapping was used to generate 95% con�dence intervals for all b and W effect estimates.

For each of the six distinct chain graphs, a total of 200 bootstrapped samples were obtained

and subjected to the same chain graph learning algorithm as applied to the whole datasets,
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except for the stability selection procedure. Instead of deriving unique l and r penalties for

each bootstrapping iteration, chain graph models for each bootstrapped sample used the same l

and r penalties identi�ed from the chain graphs using the entire conventional and ABF datasets.

Bootstrap sample sizes were half that of the whole sample size (340 for conventional and 198

for ABF). The resulting b and W effect estimates from each bootstrapping iteration were used to

generate 95% con�dence intervals. All analyses for this study were conducted in R (v3.6.3).

2.2.3 Parameter Interpretations

In each chain graph, a beta edge represents an association between a predictor variable and a

speci�c log 2-transformed MIC. Thus, a b edge for a binary predictor variable with a value of

1.0 can be interpreted as follows: after accounting for all other predictor variables in the model,

the presence of this binary predictor was associated with an observed 2-fold dilution increase in

MIC for a given antibiotic. Several beta edges with magnitudes < 1.0 were learned in these chain

graphs, and are included in results tables. However, we focused on predictor variables with b

edge magnitudes � 1.0 because these edges correspond to microbiologically detectable changes in

MIC and were therefore they are more biologically relevant. The presence of an W edge between

two phenotype nodes represents a non-trivial penalized partial correlation among these two MICs

after accounting for all outcome variation explained by the predictor variables and other outcome

variables. Presence of anW edge therefore suggests that there are other variables explaining this

correlation among outcome variables exist and are not included in the model.

An observed beta edge can be explained in one of three ways: 1) the association represents

a causal mechanism between a predictor and a given MIC phenotype, 2) the predictor variable

is associated with another factor not included in the model that is mechanistically causal of

phenotype, or 3) the association is spurious. The most likely explanation will depend on the

biological plausibility of a causal mechanism, existing evidence to support a causal explanation,

and the distribution of known confounding factors associated with the predictor variable.
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2.2.4 Graphical Metrics

In addition to the b and W edge parameter values, several global graphical metrics were also

quanti�ed. The edge density represents the number of edges learned in the network out of all

possible edges, and can be quanti�ed for both b and W edge adjacency matrices. Additionally,

becauseb edges with magnitudes � 1.0 are of greater interest, the density of edges with magnitudes

� 1.0 were also calculated for each chain graph. To better interrogate qualitative differences in risk

factors for each resistance phenotype of interest, we also calculated the densities of all edges and

edges with magnitudes � 1.0 for subgraphs of each each resistance phenotype. To assess model

�t to the data, the Bayesian information criterion (BIC) was also quanti�ed for each chain graph.

Similar to the Akaike Information Criterion, a lower BIC correspond to models that �t the data

better than a higher BIC.

2.3 Results

The chain graphs learned in this study enabled the identi�cation and effect estimate quanti�cation

of predictor variables ( b), or risk factors, signi�cantly associated with multiple resistance outcomes

(a =0.05) while simultaneously accounting for the unconditional associations ( W) among resistance

outcomes. We will �rst summarize the overall chain graph �ndings using graphical metrics.

Afterwards, we will describe risk factors of �uoroquinolone-resistance and macrolide-resistance

among C. coli from both conventional and ABF production systems. For that purpose, we will

focus on the subgraphs for each antibiotic class resistance outcome.

The b and W edges pertaining to �uoroquinolone resistance in conventional and ABF C. coliare

presented �rst (Figs.2.5&2.6). Afterwards, the b and W edges pertaining to macrolide resistance

among C. coli from both production systems are presented (Figs.2.7&2.8). Appendix D contains all

the estimated effects and 95% con�dence intervals for all b edges observed among conventional

chain graphs with single-scale and multi-scale predictor variables. Appendix F contains all the

estimated effects and 95% con�dence intervals for all b edges observed among ABF chain graphs

with single-scale and multi-scale predictor variables.
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2.3.1 Graphical Metrics & Comparisons

The density of b and W edges, and BICs for each chain graph are given in Table 2.1. The density of

all beta edges in the genotype predictor chain graphs were higher than in chain graphs with host

exposure predictors. b edge densities were comparable among conventional versus ABF chain

graphs for the chain graphs with single-scale predictors ( i.e.genotype or host exposure predictors),

despite the unequal numbers of predictors considered in conventional versus ABF chain graphs

(see Appendices B,C,D and F). However, there was a much higher b edge density in the ABF

multi-scale chain graph compared to the conventional one. Furthermore, when only considering b

edges with magnitudes > 1, edge densities were considerably higher among all three ABF chain

graphs.

The number and density of W edges were consistent across all chain graphs for both production

systems (Table 2.1). This suggests that resistance phenotypes are similarly associated with one

another across ABF and conventional production systems. However, presence of these W edges

also re�ects that considerable variation in resistance outcomes still was not accounted for by the

predictor variables evaluated. Appendix E contains all the estimated effects and 95% con�dence

intervals for all W edges observed among conventional chain graphs with single-scale and multi-

scale predictor variables. Appendix G contains all the estimated effects and 95% con�dence

intervals for all W edges observed among ABF chain graphs with single-scale and multi-scale

predictor variables.

2.3.2 Risk Factors for Fluoroquinolone Resistance

Findings Across Production Systems

Among all ABF and conventional chain graphs with single- and multi-scale predictors, the T86I

point mutation in the gyrA gene was a consistently important predictor of �uoroquinolone-

resistance, with strong magnitude effects on phenotypic resistance to cipro�oxacin and nalidixic

acid. In the conventional chain graphs, presence of the gyrA T86I mutation corresponded to a

64-fold dilution increases in cipro�oxacin MIC (Fig.2.5 & Appendix D), which is equivalent to the

45



Table 2.1: Global graphical metrics for all six learned chain graphs in this study. Edge densities
represent the proportion of all possible edges that are present in the graph. The densities and
number of b and W edges in each graph are shown here, along with BICs for each graph.

difference between a MIC of 0.25 and 16.0mg/mL. Meanwhile among ABF isolates, presence of

the gyrA T86I point mutation corresponded to a 16-fold dilution increase in cipro�oxacin MIC

in the genotype predictor chain graph, and a 128-fold dilution increase in the multi-scale chain

graph (Fig. 2.6& Appendix F). This observed difference in effect size between the single-scale

and multi-scale ABF chain graphs suggests that the gyrA point mutation could explain additional

variation in cipro�oxacin MIC that was captured by host exposure predictors, potentially through

mediation or confounding. Nonetheless, these large, positive effect estimates likely re�ects a

causal relationship because they are consistent with prior experimental work �nding the T86I

point mutation in the gyrA gene to be the most important �uoroquinolone-resistance genotype

among Campylobacterspp. (70).

Among C. coli from both conventional and ABF swine farms, presence of the gyrA T86I point

mutation was also associated with at least an eight-fold dilution increase in MIC for the quinolone

drug nalidixic acid. This is unsurprising given how �uoroquinolones are a derivative of quinolone

antibiotics, and therefore have similar structures, mechanisms of action, and mechanisms of
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Figure 2.5: Chain subgraph focusing on �uorquinolone and quinolone resistance phenotype
outcomes among C. coli from conventional swine farms. A illustrates the subgraph for the
genotype single-scale predictor chain graph. B depicts the host exposure single-scale predictor
chain subgraph. C depicts the multi-scale chain subgraph with both genotype and host exposure
predictor variables. Host exposure variables are illustrated with teal colored nodes, microbial
resistance genotypes as purple nodes, and microbial resistance phenotype as yellow nodes.
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Figure 2.6: Chain subgraph focusing on �uorquinolone and quinolone resistance phenotype
outcomes among C. coli from ABF swine farms. A illustrates the subgraph for the genotype single-
scale predictor chain graph. B depicts the host exposure single-scale predictor chain subgraph. C
depicts the multi-scale chain subgraph with both genotype and host exposure predictor variables.
Host exposure variables are illustrated with teal colored nodes, microbial resistance genotypes as
purple nodes, and microbial resistance phenotype as yellow nodes.

resistance. Yet, the magnitude of the effects for the T86I gyrA point mutation were larger for

cipro�oxacin MIC compared to nalidixic acid. This suggests this point mutation is more effective

at conferring resistance against �uoroquinolone versus quinolone antibiotics in this population of

C. coli.

Cipro�oxacin and naladixic acid are related antibiotic drugs with similar mechanisms of action,

and therefore mechanisms of resistance (63). As a result, prior to conducting the analysis we
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expected cipro�oxacin MIC would have a strong positive penalized partial corrleation ( W) with

naladixic acid MIC, and for shared predictor variables to have similar effects on each resistance

phenotype. However, we observed an unexpected pattern among the three chain graphs in which

cipro�oxacin and nalidixic acid resistance phenotypes had common predictors other than the

gyrA T86I mutation. In the conventional genotype predictor (Fig.2.5A), ABF genotype predictor

(Fig.2.6)A), and ABF multi-scale predictor chain graphs (Fig.2.6C), any common predictor to both

cipro�oxacin and nalidixic acid resistance phenotypes had a negative effect on cipro�oxacin MIC

and a positive effect on naladixic acid MIC. For instance, in the multi-scale predictor ABF chain

graph, use of quaternary ammonium compound disinfectants was associated with a four-fold

dilution decrease in cipro�oxacin MIC and a four-fold dilution increase in naladixic acid MIC

(Fig. 2.6C). Additionally, the W edges connecting these two phenotypes were negative in two of

these chain graphs (Figs. 2.6A&C, G.1, and G.3; see Appendix G), and a positive small magnitude

in the third (Figs.2.5B and E.3, See Appendix G). This is in contrast to the W edges connecting

cipro�oxacin and naladixic acid MIC in the other graphs, which were positive and had relatively

large magnitudes (Figs. 2.5B, 2.5C, 2.6B; see Appendices E and G).

This unusual pattern is unlikely due to a biological explanation, given how closely related

these two drugs are. Instead, this is more likely explained by analytical features of the dataset.

For instance, this observed pattern may be an artifact of the differences in tested MIC ranges

for cipro�oxacin ( � 0.015 to > 64 mg/mL) and naladixic acid ( � 4 to > 64 mg/mL). Speci�cally,

the lowest tested naladixic acid concentration being so much higher than the lowest tested

cipro�oxacin concentration makes it such that any predictors explaining variation of naladixic

acid MIC < 4mg/mL cannot be properly evaluated. It also means that, compared to cipro�oxacin,

a shorter range of values and consequently less variance in naladixic acid MIC can be used assess

predictor effects. These can potentially introduce analytical bias into the application of this chain

graph method, which relies on assuming a Gaussian distribution of the residuals for outcome

variables.
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Conventional-Speci�c Fluoroquinolone Resistance Predictors

There were several risk factors for �uoroquinolone resistance that were only observed among

C. coli from conventional swine farms. Administration of penicillin-G, a b-lactam antibiotic, to

swine hosts was associated with lower cipro�oxacin MIC. Penicillin-G exposure was associated

with a four-fold dilution decrease in cipro�oxacin MIC in the single-scale predictor chain graph,

and a two-fold dilution decrease in the multi-scale predictor chain graph. This difference in

magnitude may be explained by confounding or mediation between penicillin exposure and

microbial genotype variables. However, there are some potential biological explanations for this

association. For example, it is possible that penicillin-G exposure selects for resistance to b-lactam

antibiotics, which carries a �tness cost to Campylobacterspp. Thus, having both �uoroquinolone-

and b-lactam-resistance would be evolutionarily unfavorable for the pathogen and selected against.

This explanation is further supported by the fact that only 1/204 isolates with the gyrA T86I

point mutation was exposed to penicillin-G. While �tness tradeoffs are biologically possible

(22), to date there is no evidence supporting a �tness tradeoff between �uoroquinolone- and

b-lactam-resistance in Campylobacterspp.

Another viable explanation is that penicillin-G exposure is a proxy for not being exposed to

enro�oxacin, the one �uoroquinolone antibiotic that some swine hosts in this study were exposed

to. Penicillin-G, enro�oxacin, and another b-lactam antibiotic ceftiofur were only administered

via injection to piglets requiring medical treatment shortly after birth during the farrowing

stage, and which of the three drugs was administered varied by cohort. Thus, penicillin-G

exposure may be negatively associated with cipro�oxacin MIC because it is mutually exclusive

of enro�oxacin exposure, which is expected to be positively associated with cipro�oxacin MIC.

However, this explanation seems less plausible because enro�oxacin exposure itself was not found

to be signi�cantly associated with cipro�oxacin MIC.

Other microbial genotypes and host exposures were signi�cantly associated with cipro�oxacin

and naladixic acid MIC in chain graphs with single-scale predictors , but not those with multi-

scale predictors. In the single-scale predictor chain graphs, blaOXA-489 gene presence, tet(O)

gene presence, and reported rodents on farm were all associated with two- to four-fold dilution
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decreases in cipro�oxacin MIC, and reported pressure wash cleaning was associated with a

two-fold dilution increase. Additionally, tet(O) gene presence and strict batching of distinct pig

cohorts at the room-level were both associated with a two-fold dilution increase in naladixic acid

MIC. None of these associations were anticipated based on prior knowledge; however, none were

observed in the multi-scale predictor chain graphs. This suggests that these effect estimates are

potentially spurious, or weakly explain variation in �uoroquinolone and quinolone resistance

among C. coli from conventional farms.

ABF-Speci�c Fluoroquinolone Resistance Predictors

There were several risk factors associated with cipro�oxacin- and naladixic acid resistance only

among C. coli isolated from ABF farms. In both chain graphs with single- and multi-scale

predictors, presence of the K43R amino acid substitution on the rpsL gene was associated with

a two-fold dilution increase in naladixic acid MIC but not cipro�oxacin MIC. This �nding is

unexpected because therpsL K43R mutation is known to confer resistance to the aminoglycoside

drug streptomycin, and is not known to confer �uoroquinolone resistance. While potential

biological explanations cannot be completely ruled out, it is also worth noting that data sparsity

can in�uence these observed results. Only 15 out of 399 ABF C. coli isolates had the rpsL K43R

mutation. Furthermore, especially low variance in naladixic acid resistance was observed, as only

6 isolates had naladixic acid MICs of 64mg/mL leaving 393/399 isolates with MICs of either 4 or

8mg/mL. Thus, the association between the K43R amino acid substitution on the rpsL gene and

naladixic acid MIC may be due to chance.

No other resistance genotypes were associated with microbiologically detectable changes

in cipro�oxacin or naladixic acid MIC in the multi-scale predictor ABF chain graphs. In the

genotype predictor ABF chain graph, several resistance genotypes that confer resistance to

non-�uoroquinolone antibiotics were associated with considerable changes in cipro�oxacin and

naladixic acid MIC. Speci�cally, presence of the aad9, blaOXA-489, and lnu(C) genes were all

associated with four- to eight-fold dilution decreases in cipro�oxacin MIC. The rpsL K43R and 50S

L22 A103V amino acid substitutions were also associated with similar decreases in cipro�oxacin
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MIC. In contrast, presence of all of these genotypes and plus the blaOXA-193gene were associated

with two- to four-fold dilution increases in naladixic acid MIC. These associations are unexpected,

given the previously experimentally identi�ed mechanisms of action for all these resistance

genotypes. Combined with the fact that none of these effects were observed in the multi-scale

predictor chain graph, there is no reason to assume any biological mechanistic explanations for

these associations.

Two distinct host exposure variables were associated with cipro�oxacin MIC in both ABF

chain graphs with host exposure predictors and multi-scale predictors. Use of disinfectants with

quaternary ammonium compounds (QACs) was associated with an eight-fold and a four-fold

dilution decrease in cipro�oxacin MIC in the single- and multi-scale predictor chain graphs,

respectively. Additionally, isolates sampled from the nursery and �nishing stages had an eight-

fold dilution decrease in cipro�oxacin MIC compared to C. coli isolated from the farrowing stage.

This suggests an age-related effect of cipro�oxacin resistance among pigs never medically exposed

to antibiotics. However, the vast majority of ABF C. coli isolates (N=394/399) had cipro�oxacin

MICs < 0.5mg/mL, which is lower than the 1.0 mg/mL breakpoint for cipro�oxacin resistance. Thus,

any effect these predictors have on cipro�oxacin resistance likely do not not in�uence clinical

resistance outcomes.

Exposure to QAC disinfectants, nursery stage predictors, and �nishing stage predictors were

also associated with naladixic acid resistance in the multi-scale predictor chain graphs. However,

these effects were all associated with an increased MIC for naladixic acid (as opposed to decreased

MIC for cipro�oxacin), and either had a smaller magnitude effect or no observed effect in the

host exposure predictor chain graphs. These discrepancies in b edge magnitude and presence

is suggestive of potential confounding or mediation among these host exposure and genotype

variables with regards to thei effects on naladixic acid resistance. However, data sparsity among

naladixic acid MIC may also contribute to the presence or absence of these effects.

Other host exposures were signi�cant predictors of naladixic acid MIC in the single-scale chain

graph, but not the multi-scale chain graph. Speci�cally, reported presence of chickens or ducks on

the farm, observed gastrointestinal signs among sampled hosts, and zinc supplementation to pigs
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were all associated with a two-fold dilution increase in naladixic acid MIC. However, the presence

of these edges similarly should not be overinterpreted as they were not present in the multi-scale

predictor chain graph and sparsity concerns over naladixic acid MIC remain.

2.3.3 Risk Factors for Macrolide Resistance

Findings Across Production Systems

Across all chain graphs, presence of the A2075G point mutation on the 23S rRNA gene was

the most consistent and strongest predictor of macrolide resistance. Among conventional and

ABF isolates, presence of this point mutation was associated with a 32-fold dilution increase in

erythromycin MIC, and the magnitude of this effect was consistent across chain graphs (Figs.

2.7 and 2.8). Among conventional isolates, presence of the A2075G23S rRNA point mutation

was associated with a 64- and 128-fold increase in azithromycin MIC in the single- and multi-

scale predictor chain graphs, respectively. In ABF chain graphs with single-scale and multi-scale

predictors, presence of this point mutation was associated with a 256-fold dilution increase in

azithromycin MIC. These large effect estimates for the A2075G 23S rRNA point mutation are

consistent with experimental evidence showing that this point mutation confers high-levels of

macrolide resistance and is the most predominant macrolide-resistance conferring genotype in

Campylobacterspp. (72).

The 23S rRNA A2075G mutation was also a consistent predictor for telithromycin and clin-

damycin MIC among all C. coli isolates. Presence of this mutation was associated with a two- to

eight-fold dilution increase in MIC to telithromycin and clindamycin in conventional and ABF

chain graphs (Figs. 2.7 and 2.8). Antibiotic drugs in the ketolide, streptogramin, and lincosamide

drug classes all have similar mechanisms of action as macrolide drugs, and therefore are often

grouped under macrolides ( 108). Given how telithromycin and clindamycin are members of

the ketolide and lincosamide antibiotic classes, respectively, it is unsurprising that the A2075G

23S rRNA mutation is also associated with lincosamide and ketolide resistance. However, the

effect magnitudes for this mutation on clindamycin and telithromycin MIC were much smaller

compared to the mutation's effect on macrolide MICs. This corroborates that this mutation is most
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effective at conferring macrolide resistance.

None of the chain graphs learned in this study found the A103V amino acid substitution of

the L22 protein in the 50S ribosomal subunit ( 50S L22A103V) to be associated with MIC to any

macrolide or related drug (Figs. 2.7 & 2.8). Experimental studies have found that mutations in the

L22 ribosomal protein conferred modest levels of macrolide resistance in some bacterial species

(149). As a result, the 50S L22A103V has been suspected to potentially confer macrolide resistance

in Campylobacterspp. (72). However, other experimental studies have not identi�ed similar effects

in Campylobacterspp. (46), nor have observational studies identi�ed associations between 50S L22

A103V and phenotypic macrolide resistance (88). Our �ndings are consistent with these latter

studies in Campylobacterspp., suggesting the 50S L22A103V mutation has minimal effect on

macrolide resistance in this population of C. coli.Yet, it is possible macrolide resistance conferred

by the 50S L22A103V mutation in Campylobacterspp. is mediated by CmeABC ef�ux pumps ( 33).

This mechanism is possible in our population of C. coli because genes encoding for CmeABC

ef�ux pumps were detected in all C. coli in this study, and differential expression of these ef�ux

pumps determines phenotype (46).

Overall, predictors between azithromycin and erythromycin MIC had the same directionality

and often similar relative magnitudes of effect (Figs. 2.7 and 2.8). Additionally, all W edges

connecting azithromycin and erythromycin MIC were positive and had the largest magnitudes

(Figs.E.1 and G.3; see Appendices E and G). This suggests that, even after accounting for variation

explained by the predictor variables, there still is still a high degree of correlation among these

two macrolide resistance phenotypes. This makes sense given how closely related azithromycin

and erythromycin are. Furthermore, azithromycin and erythromycin MIC were both tested against

the same wide range of concentrations (� 0.015 to> 64 mg/mL), and therefore are not subject to

the same potential numerical biases as may be the case for cipro�oxacin and naladixic acid MIC.

Conventional-Speci�c Macrolide Resistance Predictors

Several risk factors for macrolide resistance only pertained to conventional C. coli isolates. In the

conventional multi-scale predictor chain graph that considered 46 resistance genotype and host
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exposure predictor variables, only three predictors were signi�cantly associated with microbiolog-

ically detectable differences in MIC to macrolides and related drugs ( b > 1.0). These predictors

included the 23S rRNA A2075G point mutation, which was previously discussed, blaOXA-193gene

presence, and observed respiratory signs among sampled swine hosts. Theb edges associated with

these three predictors were present in the conventional chain graphs with both the single-scale

and multi-scale predictors, with the effect magnitudes for blaOXA-193and observed respiratory

signs being lower in the multi-scale predictor chain graph. This attenuation of effect magnitude in

the multi-scale predictor chain graph is typically observed when comparing models with more

predictors to those with fewer.

Observed respiratory signs among sampled swine hosts from conventional farms was associ-

ated with a two-fold dilution increase in azithromycin and erythromycin MIC in the multi-scale

predictor chain graph. The effect magnitude was higher in the host exposure predictor chain

graph, where observed respiratory signs was associated with an eight- and four-fold dilution

increase in azithromycin and erythromycin MIC, respectively. This attenuation of effect magnitude

in the multi-scale predictor chain graph suggests that the effect of observed respiratory signs on

macrolide resistance can partially be explained by the addition of resistance genotype variables

into the model. It also is biologically plausible for host health status to in�uence resistance

outcomes among bacteria isolated from these hosts. For instance, among cystic �brosis patients,

the combination of high levels of antibiotic exposure, chronic polymicrobial respiratory infec-

tions allowing for the accumulation of susceptibility reducing mutations, and the environmental

conditions within the host lungs caused by the disease all uniquely in�uence the evolution of

antimicrobial resistance within these hosts (161; 178).

In both conventional chain graphs with single-scale and multi-scale predictors, the presence of

the blaOXA-193gene was associated with a four-fold and two-fold decrease in azithromycin MIC,

respectively. This may represent a potential �tness tradeoff between macrolide resistance and

blaOXA-193, which encodes for a b-lactamase protein that confers resistance to penicillin and other

b-lactam drugs. However, it is also possible that this association can be explained by linkage to

another genetic feature that is mechanistically negatively associated with azithromycin resistance,

55



Figure 2.7: Chain subgraph focusing on macrolide, lincosamide and streptogramin resistance
phenotype outcomes among C. coli from conventional swine farms. A illustrates the subgraph for
the genotype single-scale predictor chain graph. B depicts the host exposure single-scale predictor
chain subgraph. C depicts the multi-scale chain subgraph with both genotype and host exposure
predictor variables. Host exposure variables are illustrated with teal colored nodes, microbial
resistance genotypes as purple nodes, and microbial resistance phenotype as yellow nodes.
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