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Abstract 
Natural steroidal estrogen hormones in swine wastes generated from 

Concentrated Animal Feeding Operations (CAFOs) have become a potential pollutant to 

many aquatic environments due to their adverse impacts on the reproductive biology of 

aquatic organisms.  In North Carolina, the swine CAFO industry is a major agricultural 

economic enterprise that is responsible for the generation of large volumes of waste.  

However, there is limited scientific understanding regarding the concentration, fate, and 

transport of the estrogenic compounds from these swine facilities into terrestrial and 

aquatic environments.  To address this issue, my research involved the development 

and application of integrated Bayesian networks (BNs) models that can be used to better 

characterize and assess the generation, fate, and transport of site-specific swine CAFO-

derived estrogen compounds.  The developed model can be used as decision support 

tool towards estrogen risk assessment.  Modularized and melded BN approaches were 

used to capture the predictive and casual relationships of the estrogen budget and its 

movement within and between the three major systems of a swine farrowing CAFO.  

These systems include the animal barns, the anaerobic waste lagoon, and the spray 

fields.  For the animal barn system, a facility-wide estrogen budget was developed to 

assess the operation-specific estrogen excretion, using an object-oriented BN (OOBN) 

approach.  The developed OOBN model provides a means to estimate and predict 

estrogen fluxes from the whole swine facility in the context of both estrogen type and 
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animal operating unit.  It also accounts for the uncertainties in the data and in our 

understanding of the system.  Next, mass balance melding BN models were developed 

to predict the natural estrogen fates and budgets in two lagoon compartments, the slurry 

and the sludge storage.  This involved utilizing mass balance equations to account for 

the mechanisms of flushing, sorption, transformation, settling, and burial reactions of 

estrogen compounds in the slurry and sludge storages.  As an alternative approach, a 

regression based BN melding approach was developed to both characterize estrogen fate 

and budgets as a result of the sequential transformation processes between natural 

estrogen compounds and to assess the seasonal effects on the estrogen budgets in the 

two different lagoon compartments.  Finally, a dynamic BN model was developed to 

characterize rainfall-driven estrogen runoff processes from the spray fields.  The 

dynamic BN models were used to assess the potential risk of estrogen runoff to adjacent 

waterways.   In addition, the dynamic model was used to quantify the effects of manure 

application rates, rainfall frequency, the time of rainfall and irrigation, crop types, on-

farm best management practices, seasonal variability, and successive rainfall and 

manure application events on estrogen runoff.   

The model results indicate that the farrowing barn is the biggest contributor of 

total estrogen as compared to the breeding and gestation operating barns.  Once the 

estrogen reaches the anaerobic lagoon, settling and burial reactions were shown to be 

the most significant factors influencing estrogen levels in the slurry and sludge, 
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respectively.  The estrogen budgets in the lagoon were also found to vary by season, 

with higher slurry and sludge estrogen levels in the spring as compared to the summer.  

The risk of estrogen runoff was predicted to be lower in the summer as compared to the 

spring, primarily due to the spray field crop management plans adopted.  The results 

also indicated that Bermuda grass performed more favorably when compared to 

soybean, when it came to retaining surface water runoff in the field.  Model predictions 

indicated that there is a low risk of estrogen runoff losses from the spray fields under 

multiple irrigation and rainfall events, unless the time interval between irrigation was 

less than 10 days and/or in the event of a prolonged high magnitude rainstorm event.  

Overall, the estrone was the most persistent form of natural estrogens in the three major 

systems of the swine farrowing CAFO.  
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1. Introduction 

1.1 CAFOs Implication for Environmental Impact and Endocrine 
Disrupting Chemical Risk 

The animal production industry has been expanded significantly in the United 

States in the last two decades.  Among the 1.3 million livestock farms in the U.S., about 

238,000 farms are considered as concentrated animal feeding operations (CAFOs).  

CAFOs are “agricultural facilities that house and feed a large number of animals in a 

confined area for 45 days in an area that does not produce vegetation”.  CAFOs annually 

produce more than 500 million tons of animal waste that can pose significant risks to the 

environment and public health.  In North Carolina (NC), swine farming is important 

economic industry.  Currently the state has approximately 2,400 major swine facilities, 

housing an estimated ten million hogs.  These facilities generate 19 million tons of waste 

per year (U.S. EPA, 1998).  The generated wastes are known to have elevated levels of 

organic matters and nutrients. 

The U.S. Environmental Protection Agency (EPA) has been paying great 

attention to the pollution potential of CAFOs and has been working on preventing and 

controlling water pollution from these facilities in accordance with the Clean Water Act.  

Currently, animal wastes are mostly treated through anaerobic digestion in a lagoon 

before applying the waste slurry from the lagoon onto croplands as a nutrient 

management practice (Cheng, 2003).  The application of the slurry on croplands is 

known as spray-field irrigation.  However, the existing practice is associated with the 
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risk of several pollutants, such as nutrients, metals, organic compounds, reaching 

adjacent rivers, streams, and groundwater either through accidental spills and/or field 

run-off.          

Recently there has been increased interest in assessing the impacts of animal 

born hormones in CAFO generated waste-stream on the aquatic environment.  This has 

been in response to the realization that steroidal estrogen hormones from CAFOs can be 

a major source of endocrine disrupting compound (EDC) contaminants.  EDCs are 

chemicals that cause negative effects on the endocrine systems of humans and wildlife.  

The EPA’s Risk Assessment Forum define EDCs as any “exogenous agent that interferes 

with the synthesis, secretion, transport, binding, action, or elimination of natural 

hormones in the body that are responsible for the maintenance of homeostasis, 

reproduction, development and/or behavior (U.S. EPA, 2005)”.  For example, the effects 

of estrogen hormones on the endocrine system has been shown to be responsible for the 

feminization of male aquatic species in water bodies even at the nanogram per liter 

levels (Tyler et al., 2005; Purdom et al., 1994).  At present, there is considerable evidence 

that points to the fact that CAFO wastes are a substantial source of hormonally-active 

materials, including high-potency natural and synthetic steroids, into surface and 

ground waters, as well as terrestrial systems.  Estrogen compounds have been found in 

139 streams in 30 states, with some reported levels as high as 112-200 ng/L (Koplin et al., 
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2002).  Additionally, 90% of all estrogen loads reaching the water bodies were attributed 

to the disposal of animal manure from CAFOs (Lange et al., 2002). 

While more attention is being placed on monitoring EDCs in the aquatic 

environment, there remains significant uncertainty concerning their release, fate, and 

transport.  These uncertainties have hindered the regulatory efforts to find sound 

scientific solutions to control the adverse impacts associated with hormone release from 

CAFOs.  Given that swine production will continue to be a major economic driver in 

NC, gaining a better understanding of the fate and transport of swine born-steroid 

estrogens in the soil and water environments is of great importance.   

 

1.2 Swine-born steroid hormones: assessment, modeling, and 
decision making 

Natural swine estrogens are excreted in both urine and feces of sows and guilts.  

Excreted estrogens come in two forms (Figure 1):  1) free estrogens such as estrone (E1), 

estradiol (E2), and estriol (E3); and 2) conjugated estrogens such as E1 sulfate, E2 sulfate, 

E1 glucuronide, and E2 glucuronide.  It is reported that free estrogens are bioactive at 

very low concentrations and the potency of E2 is much greater than that of E1 and E3 

(Hanselman et al., 2003).  Unlike free estrogens, there is no well-established 

understanding of the fate of conjugated estrogens at swine facilities.  However, the 

conjugated forms of estrogens may be hydrolyzed to the active free estrogens via waste 

microorganisms, which subject reversible transformations as well (Stephen et al., 2007). 
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The levels of natural swine estrogen and their relative distribution between their 

various forms, as well as their activity is a function of: 1) the age of the pigs, 2) the type 

of swine production operations, and 3) the different waste management technologies 

that are adopted (Kumer et al., 2005).  However, there remain large gaps in describing 

the distribution and activity of natural estrogen compounds from different swine 

CAFOs and in quantifying the fate of estrogen compounds in the lagoon as a function of 

the varying physical, chemical, and biological factors in these systems.  Moreover, few 

studies have been conducted to quantify and relate the mechanism of estrogens release 

to the potential impacts they have on the soil, groundwater, and surface water 

environments following their applications to croplands.  To properly establish this link, 

the effects of degradation, sorption, leaching, and runoff processes have to be taken into 

consideration (Fine and Breidenbach, 2003).  As a consequence, it is necessary to develop 

a comprehensive model that characterizes the release, fate, transport, and removal of 

estrogen compounds in swine facilities as well as their movement in affected 

environment systems. 
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Figure 1: Estrogen structure and transformation relationship (Stephen et al., 2007). 

 
Generally, chemical assessment models are performed as one of the many steps 

in a risk assessment study.  These models try to estimate the possibility and the extent of 

adverse effects resulting from exposure to a certain chemical.  Exposure is assessed on 

humans, animals, or on the ecological systems as a whole.  An environmental risk 

assessment generally follows three main steps (Figure 2): 1) hazard release and exposure 

assessment, 2) eco-toxicological effect assessment, and 3) risk characterization.  With 

respect to the hazard release and exposure assessment, the chemical emissions and 

releases are estimated and the chemical fate and distribution are assessed in the 

environmental compartment(s) of concern.  The assessment of the eco-toxicological 
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effects on organisms, try to quantify the potential impact of the target chemical by 

establishing a relationship between levels of exposure and their effect.  One example is 

developing a dose-response curve.  Finally, the risk characterization step involves the 

determination of the risk of an adverse health effect based on a comparison of outcomes 

from the two previous steps (ECETOC, 1994; Feijtel et al., 1997).   

 

 

Figure 2: Environmental Risk Assessment Process (ECETOC, 1994). 

 
My dissertation research aims to develop models that can help predict the release 

and fate of the estrogen compounds from swine CAFOs to environment.  These models 

can be applied to the first phase of estrogen risk assessment as highlighted by the red 

rectangular box in Figure 1.2.  More often than not, mathematical assessment models 

have been widely used to forecast the complex behavior of a substance in environments.  

In those models, mathematical equations are generally used to reproduce some of the 

behaviors and environmental processes that can affect the substance of interest as it is 
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released and transported in a system of interest.  However, the application of these 

mechanistic models for chemical assessment in a system where data are sparse is very 

limited (Bates et al., 2003).  The absence of data can lead to large uncertainties on the 

predicted variables given that the detail mechanistic processes cannot be supplied with 

enough data to account for variant environmental conditions (Reckhow, 1994).  It 

consequently limits the validity of the predictive models.  The use of point estimates for 

model variables also shows limitations when it comes to capturing the uncertainties 

associated with environment conditions.  Furthermore, the structure of these 

deterministic models is often rigid and do not allow for the incorporation of expert 

judgment concerning the operational systems.  Therefore, I have opted to adopt a 

probabilistic assessment modeling approach that allows us to transparently deal with 

many of the above-mentioned limitations while also providing a sound assessment and 

decision support tool. 

The adopted probabilistic assessment modeling approach can characterize the 

uncertainties in the model parameters as well as the environmental variability in the 

prediction of the chemical modeling in the environment.  It also represents the chemical 

estimates as predictive probability distributions instead of point estimates.  That allows 

for quantification of uncertainty.  In particular, the Bayesian network forecasting system 

offers a theoretical foundation and an operational framework for probabilistic 

forecasting via deterministic model of an arbitrary complexity while accounting for 
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uncertainty in the model structure and variables.  In addition, the Bayesian network 

presents a logical framework for better accounting of uncertainties in model inputs, 

representing natural variability, acknowledging uncertainties with the model structure 

and its parameters, and propagating uncertainties and information through to the model 

endpoints. Given these advantages, the Bayesian network model was adopted 

throughout this work. 

 

1.3 Dissertation Objectives and Overview  

This dissertation describes the development and application of Bayesian 

networks (BNs) to better characterize and assess site-specific swine CAFO-derived 

estrogen compounds.  The developed models try to take into account the magnitude and 

extent of hormone release, prediction of hormone fate and distribution, and assessment 

of risk of estrogen runoff from our site-specific spray fields in North Carolina.  

Modularized and melding BNs approaches were adopted to describe the predictive and 

casual relationships of the estrogen budget and its movement within and between each 

system.   

The main aims for the developed BN models include: (1) characterize the 

production, fate, and transport of natural estrogens from a prototype swine facility as a 

function of reproductive phase, (2) identify the physical, chemical, and biological 

parameters, influencing the distribution and fate of estrogen compounds throughout the 

facility system, (3) identify operational procedures that could be modified to reduce 
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estrogen output, (4) predict risks of estrogen to the aquatic ecosystem as a result of 

estrogen runoff from spray fields, (5) investigate new Best Management Practices 

(BMPs) to mitigate estrogen fluxes.   

Results from this research will contribute towards evaluating whether swine 

CAFO wastes are a significant source of endocrine disrupting chemicals to the 

environment and aid in developing risk management options to reduce natural 

hormones in CAFOs waste streams.  As a consequence, this research will provide the 

framework towards assessing and quantifying total estrogen budgets at other swine 

CAFOs. 

My dissertation document is supplemented by six chapters which collectively 

represent the outline and content of the dissertation.  Each chapter represents a 

component of my approaches to characterizing and predicting the causal relationships 

that affect estrogen fates and budgets throughout the swine CAFO facilities.  The 

various components on the overall BN model use different modeling approaches.  These 

approaches are explained in each of the chapters.  In Chapter 1, I describe the current 

swine CAFO management procedures and summarize the characteristics of estrogen 

compounds.  In Chapter 2, I document the general development of the BN modeling 

framework.  In Chapters 3, 4, 5 and 6, I explore the application of BNs towards modeling 

estrogen fates, stabilities, and runoff process.  The developed models account for the 

three main systems of the swine CAFOs, which include a barn facility, an anaerobic 
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lagoon, and the spray fields.  Specifically, Chapter 3 presents the model description for 

the estrogen excretion and budget estimation from a swine farrowing facility using an 

object-oriented BN approach.  Chapter 4 describes the developed mass balance 

embedded BN model that allows for predicting the natural estrogen fates and budgets in 

the anaerobic waste lagoon.  In Chapter 5, a regression embedded BN model is 

presented which characterizes the estrogen fates as a result of sequential transformation 

processes in the anaerobic waste lagoon.  Chapter 6 describes a dynamic BN model 

approach that allows for the characterization of rainfall-driven estrogen runoff processes 

from the spray fields. 
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2. Overview of Bayesian Network Development 

2.1 Introduction 

Bayesian networks (BNs) are a powerful modeling tool that encodes 

relationships of system features in a consistent and sound way and provides a reasoning 

tool among variables of interest in conditions of uncertainty (Charniak, 1991).  They 

were first developed by the artificial intelligence and machine learning community 

(Pearl, 1986, 1988, and Jensen, 1996) and successfully applied to a wide range of the 

fields including medical diagnosis, system maintenance, and reliability assessment.  BNs 

have also been applied to the environmental fields including water resource 

management, ecological risk management, and forest/land use management (Castelletti 

et al., 2007).   

A Bayesian network (BN) is a graphical model that encodes the relationship 

between the variables of the interest in terms of a set of conditional and marginal 

probabilities.  BNs are directed acyclic graphs (DAGs), which consist of a set of nodes 

and arrows.  Nodes represent the random variables of interest and the arrows represent 

informational or causal dependencies among the variables. Each node has several 

discrete states (either categorical or interval).  Causal dependencies are represented by a 

set of conditional probability tables.  The conditional probability table (CPT) for a given 

node describes the strength of the relationship between that node and its parent nodes.  

The probabilities that populate the CPT describe the chances of being in a specific state 
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given the states of its parents.  In the event a node does not have any parents, marginal 

probabilities are used to define its states (Pollino et al., 2007). 

The development of a BN consists of two parts, a qualitative and a quantitative 

part.  The qualitative part involves the development of the graphical structure of the 

network that explicitly represents the variables of interest along with their inter-

relationships.  The quantitative part, on the other hand, assigns a marginal or a 

conditional probability that best describes each of these relationships.  Ideally both parts 

can be derived from the data collected for variables of interest (Wiegerinck, 2005).  When 

enough data is available, machine learning algorithms can be applied to construct the 

model (Heckerman, 1996).  However, when the available data is scarce, BNs can be 

constructed with the help of subject area experts by means of knowledge engineering 

techniques.  Over the last decade the implementation of expert elicitation techniques to 

build BNs has become a popular methodology to adopt when modeling environmental 

systems where adequate data is lacking.   

The mathematical background of the approach is extensively covered by 

Neapolitan (1990), Lauritzen (1996), Pearl (2000), and Jensen (2001).  Here, I only 

describe some essential steps for the development process of BN. 
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2.2 Model Development Process 

There are the three main tasks to develop a BN model, these include: 1) the 

construction of the model structure, 2) the parameterization of model variables, and 

finally 3) model validation.  In this section, I will focus on the these three tasks based on 

the knowledge engineering based method, as it is the most applicable for this project. 

 

2.2.1 Structure Development 

 In this step, experts are interviewed to elicit their information on the model 

domain.  Generally, two different types of elicitation techniques are used to capture 

domain information: structured and unstructured techniques.  In the structured method, 

the cognitive maps of the domain concepts are predefined by the modelers and are 

provided for the experts who are asked to specify additional and/or refine the provided 

links.  The structured approach is more appropriate for domains, which are not clearly 

established, for confirming and validating expert knowledge rather than for eliciting 

expert knowledge.  On the other hand, the unstructured approach focuses on eliciting 

the unknown systems through a set of in-depth qualitative questions such as: “What are 

the main factors associated with estrogen loading in swine facilities?”  This approach 

tends to elicit the uncertain and unfamiliar model domain, through a set of iterative 

interviews. Broad questions are asked first to extract the main variables.  Subsequent 

questions are then presented to the experts based on their responses to the previous 

questions.  This process can help identify the related key variables and the cause-effect 
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relationships between the variables in the model domain.  The unstructured eliciting 

approach, thus, helps to represent the BNs structure by a consistent set of beliefs about 

the system.  After the elicitation process, the BNs model is structured as a network of 

variables and their interactions, which are characterized by nodes and directed arrow 

links respectively.  As mentioned earlier, nodes are associated with random variables, 

while the links represent a conditional probabilistic dependence between the nodes and 

indicate a certain causal direction.  In other words, an arrow from one node (parent 

node) to the other node (child node) implies that the probability distribution of the child 

node is conditional on the state of its parent nodes (Shachter, 1988).  For example, let’s 

look at a simple BN structure dealing with the water quality in a lake (Figure 3).  For the 

prediction of water quality in the lake, four variables were elicited and connected by the 

cause-effect relationships with directed links.  Figure 3 shows that the condition of a 

certain water quality measure in the lake depends on the condition of its trophic level, 

which is in turn affected by other causal nodes such as nitrogen and phosphorus loads 

in this example. 

It is crucial to find the most relevant variables to a specific problem, and to define 

links in the best possible way.  In general, a link transfers information between two 

nodes.  The transferred information can be interpreted in terms of four possible 

meanings: likelihood (lake eutrophication is more likely to increase than decrease), 

conditioning (if nutrient leaching increases, then lakes will be more eutrophic), relevance 
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(whether the lake will become more eutrophic depends on whether there will be 

increased nutrient input) or causation (increasing nutrient input will enhance lake 

eutrophication problems) (Pearl, 1988).  With this information, posterior probability 

distributions are calculated for each node.  The key idea is that new information 

introduced in the BN can be propagated to any direction.  This feature has been realized 

by bi-directional information flow in links.  The nodes are able to merge information and 

to update each node locally (Varis, 1995). 

 

 

Figure 3: BN model of water quality in lake (Castelletti et al., 2007). 

 
My dissertation work utilized both structured and unstructured techniques to 

build the estrogen BN for the barn facility.  The unstructured approach was applied for 

eliciting the structure of the estrogen loading budgets from the swine facilities in 

Chapter 3, while the structured approach was adopted to build the estrogen fate model 
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in the lagoon in Chapter 4 & 5 and the estrogen runoff model from the spray field in 

Chapter 6.     

           

2.2.2 Parameter Development 

Once the topology of BN is constructed, the CPTs need to be specified in order to 

describe the strength of the causal relationships between variables while also 

incorporating uncertainty and natural variability.  The probabilities for the CPTs can be 

obtained either from the data, elicited from experts, or estimated by other models.  The 

expert elicitation process is particularly useful when observed data is scarce or 

unattainable.  For instance, if we are to elicit the probability of exceeding a certain water 

quality standard based on a defined trophic level (Figure 4), we would ask the expert the 

following question “What is the probability that a certain water quality standard 

exceeds the state defined standard in the lake given a specific trophic state?”  Typically, 

the expert can provide his/her belief and confidence into the probability values by 

reporting a metric such as the mean, median, or mode and a measure of spread such as 

the variance or standard deviation (O’Hagan et al., 2006).  In the event that we have data 

and we want to use it in order to infer the probabilities in the CPTs, different automated 

learning processes such as the Lauritzen Spiegelhalter method (LS) (Lauritzen and 

Spiegelhalter, 1990), the expectation maximization algorithm (EM) (Dempster et al., 

1977), and the gradient descent algorithm (GD) (Norsys, 2005) can be used.  The more 

data is attainable for a system, the greater the certainty is in the values assigned to the 
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populated CPTs.  Moreover, the information elicited from the expert can be combined 

with the collected data to update the probability values in the CPTs.  As shown in Figure 

4, the weight placed on the expert’s belief is incorporated with the data to generate 

updated CPTs.  These weightings are usually considered to be equivalent to an 

assumptive data sample size (Pollino et al., 2006).  Updating can be achieved by 

applying Bayes’ Theorem, relating the conditional and marginal probabilities of 

variables. 

 

Figure 4: Process of obtaining the conditional probabilities (Pollino et al., 2006). 
 
 

CPTs can also be populated by adopting the results generated from other known 

models or determined equations as meta-modeling approach in two ways.  First, the 

node can be assigned by the conditional probabilities between two modeled quantities 
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(Figure 5(a)).  These conditional probability distributions can be derived from the input-

output relationships of more complicated models based on data.  Second, belief 

networks can combine high resolution models, not only as input-output relations, but as 

stand-alone models (Figure 5(b)).  The models that can be embedded in a belief network 

are, for instance, deterministic, non-linear steady-state models and statistical models 

(Varis, 1997).   

 

 

Figure 5: Two meta-modeling approaches (Varis, 1997). 

 
By populating the CPTs throughout the BN model, the probabilities of the states 

associated with endpoint nodes are calculated as posterior probability using Bayes’ 

theorem, referred as locally updated (O’Hagan et al., 2004).  This updating property 

allows the CPTs of each variable to be populated and updated with more current data as 

it becomes available.  As a consequence, the BNs can be used either to diagnose causes 

for a particular outcome node using a bottom-up reasoning approach or to predict the 

effects of a certain input variable on the endpoint while using a top-down reasoning 

(Castelletti et al., 2007).  In my dissertation works, the combinations of all methods, 
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including available data, expert knowledge, and process models, were utilized to assess 

the conditional and marginal probabilities. 

 

2.2.3 Model Validation 

After parameterization of BNs, the final major task is to evaluate the model.  

Where possible, the BNs model should be validated by newly sampled data to verify 

predictive accuracy.  This evaluation assesses the discrepancy between the model 

predictions and the actual values.  If data are being used to parameterize CPTs, data can 

be divided into a training data and a test set for evaluation.  Another evaluation test is to 

assess the trends in model predictions and to see whether they are consistent with past 

field observations.   

Expert review is also important to evaluate BN models.  This can be performed 

through a structured-review of the model.  If the model receives positive feedback, the 

model is considered as a reasonable representation of the model domain.  If not, the 

model needs further refinements to reduce the model uncertainties and improve the 

quality of model predictions. 

Sensitivity analysis is another approach to evaluate the model by measuring the 

sensitivity of the probabilities in the CPTs of the query nodes as a consequence of 

changes to parameters and inputs.  In general, two types of sensitivity analyses can be 

performed: sensitivity to findings and sensitivity to parameters.  Sensitivity of findings 

assesses the change of the BNs’ posterior distributions under different conditions, while 
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sensitivity of parameters evaluates the effect of altering the parameters on the posterior 

distributions.  In sensitivity to findings, the properties of d-separation are used to 

determine the influence of evidences on a target node.  For example, entropy and 

mutual information are useful metric that can be used to quantify sensitivity to findings 

(Pollino et al., 2006).  In my dissertation works, the combinations of all methods 

mentioned above were utilized for the evaluation of BN models. 
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3. Modeling Total Natural Estrogen Budget in a Swine 
Farrowing Facility 

3.1 Introduction 

Since swine CAFOs have been recognized as a significant contributing source of 

estrogen compounds to the environment in North Carolina, it is important to assess the 

potential discharge of estrogens in waste from CAFO facilities.  Despite the problematic 

issue of aquatic ecosystem disruption by the presence of estrogenic compounds derived 

from swine CAFO facilities, data on swine hormone excretion are scarce.  Most of the 

existing knowledge on steroid hormones in excrements comes from the pregnancy 

diagnosis where the fecal hormone excretion data are used to determine the 

reproductive stage of the sows (Johnson et al., 2006).  Data on estrogen excretion from 

other life stages is thus limited. 

With these limitations, the quantities of total hormone excretion from other life 

stages of hogs are usually estimated based on the available data from fecal estrogen 

concentrations.  For example, estimating the total daily estrogen mass in the excreta is 

usually based on the sum of the fecal and the urinary hormone levels.  Yet since no data 

is available for the urinary hormone levels, the amount of urinary hormone that is 

excreted is often obtained by adopting a ratio estimate that links the urinary and fecal 

estrogen in the excreta.  Moreover, many studies also assume that an individual animal 

excretes a constant volume of feces, 2 kg faces/d (Lange et al., 2002 and Johnson et al., 

2006).  While adopting this approach seems reasonable, it often results in the reporting 
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of a single number on the total estrogen excreted without taking into account the 

variations of the hormonal levels in the fecal and urine wastes.  The variation of estrogen 

excretion is well documented and is known to vary with the different reproductive stage 

of the sows, from sow to sow, and from a variety of site specific factors.  These factors 

include the growth stages, the confinement housing type, and the waste management 

system configuration (Lange et al., 2002).  As a result, the magnitude of estrogen 

excretion per pig is associated with considerable uncertainty.  Failing to account 

properly for these uncertainties can lead to the inaccurate estimation of estrogen in the 

excreta.   

Given the limitations to incorporate the variability and uncertainty into 

estimation of estrogen levels excreted in swine wastes, in this chapter, a total facility 

estrogen budget model was developed to build a detailed site and operation-specific 

estrogen excretion model using an object-oriented Bayesian network (OOBN) model 

approach.  The facility that we choose to model is a swine farrowing facility that breeds 

sows to produce new litters of piglets, which are raised until they are weaned from their 

mothers.  Such an operation is called a farrow-to wean operations.  Under such an 

operation, the farrowing facility consists of three separate barns: the breeding barn, the 

gestation barn, and the farrowing barn.  Each of these barns is generating its own type of 

waste-stream with different levels of natural estrogens such as estrone (E1), 17β-

estradiol (E2), and estriol (E3).  Therefore, the OOBN model was constructed to estimate 
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and predict estrogen fluxes from the whole swine facility in the context of both estrogen 

type and animal operating unit, while also accounting for the uncertainties in the data 

and in our understanding of the system.  The development process of an OOBN and 

model findings were discussed as follows. 

 
3.2 Methods 

3.2.1 Description of Swine Facility 

The study site is a corporate, farrowing swine production facility located in Hoke 

County, North Carolina which is centrally located in North Carolina’s swine producing 

region (Figure 6).  The facility consists of two farms, Farm 1 and Farm 2.  Particularly, 

Farm 2 was investigated for this study.  Each farm houses 2500 hogs and operates 

independent breeding, gestation, and farrowing barns.  The breeding barn houses 1000 

weaned female pigs, which are artificially inseminated once they exhibit signs of estrus.  

In the gestation operation, 1104 pregnant sows are confined during 84 days of gestation 

period.  The farrowing barn houses 384 lactating sows and piglets.  Once piglets reach 

10-15 lb, they are conveyed to nursery operations.  All three barns utilize an uncovered 

anaerobic lagoon, into which urine and solid wastes are flushed weekly with lagoon 

slurry water via under floor collection pits.  Stored liquid waste is periodically land 

applied by sprinkler irrigation to spring and summer crops.   
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Figure 6: Swine facilities in the Farm 1 & Farm 2 (B: breeding barn, G&G1: gestation 
barn, F: farrowing barn). 
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3.2.2 Observational Data Analysis 

In order to assess the estrogen excreted by pigs in the breeding, gestation, and 

farrowing barns, the urine and fecal wastes were sampled from twelve representative 

hogs in each of the three barns on September, 2008 and May, 2010 and analyzed for 

natural estrogen composition (Appendix C).  Exploratory analyses were performed on 

the dataset to identify the potential relationships of estrogen concentrations among the 

different barns and to characterize the distribution of three different estrogen 

compounds, estradiol (E2), estrone (E1), and estriol (E3).  According to the box-plot 

analyses (Figure 7 and 8), the concentration of estrogens in urine and feces wastes shows 

a large variation within barns as well as between barns.  In urine wastes of all three 

barns, the E1 concentrations appear to be prominent in terms of magnitude and 

variation of concentrations while E2 and E3 concentrations are minor compared to E1.  

Particularly, the magnitude of estrogen concentrations in the farrowing urine wastes 

shows a widest variation up to 12000 ng/L (Figure 7).  On the other hand, the 

distribution of estrogen concentrations in the feces wastes from all three barns show 

totally a different pattern compared to the estrogens in urine wastes.  For example, in the 

breeding barn, the E3 concentrations show to be dominant, followed by E1 and E2 

concentrations while the gestation and farrowing feces wastes appear to have E1 the 

most, followed by E3 and E2 concentrations.  In the context of magnitude of estrogen 
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concentrations, the estrogens from farrowing feces wastes show about 10-fold higher 

magnitude than it in the breeding and gestation feces wastes (Figure 8).    

 

Figure 7: Box plots of natural estrogens in urine wastes from animal operating units. 
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Figure 8: Box plots of natural estrogens in feces wastes from animal operating units. 
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3.2.3 Object-Oriented Bayesian Network (OOBN) Framework 
Approach 

An object-oriented probabilistic graphical model is a model framework for large-

scale and repetitive knowledge representation using Bayesian Networks (BNs).  Similar 

to the object-oriented programming paradigm, an OOBN defines the framework of a 

network as a class with each network fragment, called an object, being produced by 

instantiating the class (Jensen and Nielsen, 2007).  Objects within OOBNs indicate either 

model variable nodes or instantiations of network classes called instance nodes.  An 

instance node is a single unit node that encapsulates an entire network fragment.  In an 

OOBN, instance nodes are denoted as squares with input and output interfaces 

represented by ellipses with shadow dashed line and shadow bold line borders, 

respectively.  The hierarchy of an OOBN model, characterizing the total facility estrogen 

budget is described in the Figure 9.  Since the swine farrowing facility in this study is 

operated based on the sow reproductive cycle (i.e., pre-estrus, estrus, and lactation), the 

OOBN structure for the total facility estrogen budget is modeled using these three 

different units within the swine barns.  Therefore, the collection of repetitive structures 

of the three estrogen types within each barn is a unit component of the OOBN structure.  

In this case, three repetitive estrogen compounds in each barn operation are considered 

as object nodes, instance nodes, and each instance node will be consisted of nodes to 

predict the estrogen loads in each barn.  The total estrogen budgets, thus, can be 

assessed by connecting of nine instance nodes.  The class structure is depicted in the 
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Figure 11 for this particular network framework developed using Hugin software 

(HUGIN, 2007).  The shaded nodes encapsulated within the object in Figure 11 indicate 

the part of the class that is connected outside the object.   

 

 

Figure 9: Object-oriented BN model hierarchy. 

 

3.2.4 Model Development 

The development of the BN structure and subsequent probability estimations has 

been undertaken through a combined approach that uses expert knowledge, literature 

values, and collected data. 
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3.2.4.1 Elicitation for OOBN Structure 

The causative model structure was formulated to assess the total mass of 

excreted estrogen on the basis of expert knowledge of the swine barn hierarchy (Figure 

9).  For each barn unit component, the relevant model variables were identified through 

unstructured, iterative elicitation processes with a swine facility expert and a 

toxicologist.  Figure 10 describes the elicited model components, which show how 

information about the swine population, their wastes, and the flushing process affect the 

estrogen loadings in each barn.  With these model variables, the BN structure was 

constructed by connecting variables according to the cause-and-effect relationships 

among the requisite variables of interest.  Experts helped to revise the model structure 

until they believed the model represented the causal pathway.   

Figure 11 shows one of sub-BN model structures to predict an estrone (E1) 

excretion budget in a breeding barn.  This structure describes that each barn’s estrone 

loading budget depends on the magnitude of three estrogen sources: urine, feces, and 

the lagoon flushing slurry.  The relative effect of these sources depends on the number 

of swine, the volume of swine manure production, and wasted drinking water.  The 

causal structure of the BN can be propagated to assess the variation in swine waste and 

the lagoon flushing operation into the variability of the estrogen flux.  Varying these 

components allows a comparison of the relative contribution of different types of 

estrogen compounds to be made.  Figure 11 shows the whole object BN model structure, 



 

31 

constructed within Hugin (HUGIN, 2007).  This OOBN structure provides a way to 

predict the total estrogen budgets by combing the estrogen loadings from the three 

different barns.  This OOBN model also allows us to assess how operational practices 

might impact the estrogen fates and distributions.   

   

Volume of Urine

Volume of
Flushing Slurry 

Volume of Feces 

Volume of  Wasted Water

Total Manure

Swine
Weight

 

Figure 10: Description of swine barn model components. 
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Figure 11: Example of sub-BN structure for estrone in a breeding barn within the 
OOBN model for total barn estrogen budgets. 
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3.2.4.2 Derivation of Quantitative Relationships 

The OOBN provides a conceptual understanding of estrogen loading sources 

within the swine barn facility.  The next step involves quantifying marginal or 

conditional probability distributions indicated by the linkages in the graphical model.  

Prior to parameterization, all node variables were discretized into states which represent 

possible outcomes.  In this study, all variables were defined as numerical interval nodes 

to represent the possible distribution of variable quantity.  After discretization, the 

probability distributions of each node were generated.  Figure 12 shows the method 

used to generate the probability distribution of each node.  For marginal nodes 

highlighted with a pink, sample data and literature values were used to generate the 

frequency distribution.  The marginal probability distributions for the input variables of 

estrogen levels in urine and feces wastes were determined by deriving predictive 

distributions of estrogen concentrations in wastes from each barn unit given observed 

samples.  Since we only have twelve samples of hog wastes for each barn unit, the 

uncertainty in the sampling distribution of estrogen concentrations would be exposed in 

inference to define a true distribution of estrogen concentration.  To quantify the 

uncertainty of a small sample size and assess a more accurate distribution of estrogen 

concentration, the predictive distributions of estrogen concentration were derived using 

Monte Carlo simulation by generating the likely values of estrogen concentrations given 

the observed data.  For the Monte Carlo simulation, first, the underlying distribution of 
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slurry E1 samples was assumed to have a log-normal distribution with mean ݕത and 

standard deviation ߪത as a reference.  Since the sample mean ݕത is a random variable from 

a normal distribution and sample standard deviation ߪത is a random variable from an 

inverse chi-square distribution, the pair of likely mean (µ) and standard deviation (σ) 

values were generated based on those two distributions.  Then, the likely values of y 

(estrogen concentration) were simulated using the likely mean (µ) and standard 

deviation (σ) values.  By repeating this process of generating likely values of μ, σ, and y 

many times, the predictive distributions of estrogen concentration in urine and feces 

wastes were constructed for each operating unit, represented by log normal 

distributions with predicted mean and standard deviation of estrogen concentrations 

(Table 1).  The input values for manure production and wasted drinking water rate 

nodes were obtained from literature values (ASABE standard, 2005) and consulting with 

a barn expert, respectively (Table 2).  

The conditional distributions for all intermediate nodes indicated with blue lines 

were generated by deterministic equations which arise from the mass balance 

relationship.  Figure 12 describes the quantitative links among the variables and their 

corresponding equations under all intermediate nodes. 
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Figure 12: Description of model parameter quantification. 
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Table 1: Predictive Distribution for estrogens in urine and feces wastes 

 

 

Table 2: Swine Information for Input Nodes 

Operating 

Unit 

Swine  

Number 

Manure Production 

(L/d/animal) 

Wasted Water 

(L/d/animal) 

Breeding 500 Lognormal (1.5, 0.252) 11-31 

Gestation 1602 Lognormal (1.5, 0.252) 11-31 

Farrowing 384 Lognormal (2.43, 0.182) 11-31 

Waste 

Type 

Operating 

Unit 

E2 

Distribution 

E1 

Distribution 

E3 

Distribution 

Urine Breeding Lognormal (-6.17, 2.772) Lognormal (4.24, 1.852) Lognormal (-4.79, 3.842) 

 Gestation Lognormal (-2.8, 5.632) Lognormal (5.09, 2.352) Lognormal (-3.27, 5.52) 

 Farrowing Lognormal (-3.47,6.082) Lognormal (0.73, 5.32) Lognormal (-3.35, 6.552) 

Feces Breeding Lognormal (-4.82, 2.982) Lognormal (-1.78, 2.62) Lognormal (-3.6, 3.992) 

 Gestation Lognormal (-4.16, 3.382) Lognormal (-1.78, 2.992) Lognormal (-4.31, 3.692) 

 Farrowing Lognormal (-1.5, 4.272) Lognormal (0.44, 3.242) Lognormal (-1.76, 4.62) 
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3.3 Results and Discussion 

Under the OOBN model structure, the OOBN model was compiled and the 

model outputs were analyzed according to the hierarchy of model structure of a swine 

farrowing facility from a lower to higher hierarchy (from I to II direction in Figure 13) in 

terms of the estrogen budgets.  First, the characteristics of estrogen budgets were 

discussed in the context of an estrogen type as well as waste sources for each barn 

highlighted by an orange box in Figure 13.    Then, the total estrogen budgets, including 

all estrogen types, were diagnosed in the context of a barn type with respect to urine and 

feces wastes as well as all of wastes including urine, feces, and recycling slurry wastes 

highlighted by a blue box in Figure 13.  The analysis of model evaluations was also 

discussed. 

 

Figure 13: Hierarchy for model output analyses.  

I 

II 
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3.3.1 Prediction of Estrogen Level Distribution by Estrogen Types and 
Waste Sources  

The distribution of estrogen levels was analyzed in the context of an estrogen 

type as well as waste sources for each barn.  According to the model outputs, the 

concentration distribution of daily excretion of natural estrogens in urine and feces 

wastes was predicted to differ by both estrogen type and animal operating unit (Figure 

14).  For example, the major form of natural estrogen in the breeding barn appears to be 

E1 with more than 70% of E1 concentrations above 300 ng/L up to 6000 ng/L.  This is 

followed by E3 and E2, which are likely to have 91% of concentrations falling below 600 

ng/L and 100% of concentrations below 300 ng/L, respectively.  On the other hand, the 

predicted estrogen concentrations from gestation and farrowing barn wastes show the 

wider probability distribution up to 60000 ng/L concentration.  Particularly, in the 

gestation barn wastes, E1 is also predicted to be a major metabolite by having relatively 

even distribution up to the concentration of 18000 ng/L, while more than 91% of E2 and 

E3 concentrations reside below 600 ng/L.  In the farrowing barn, the models predicted 

that the major estrogen metabolites are E2 and E3, having more than 98% and 82% above 

300 ng/L up to 60000 ng/L, respectively, while more than 79% of E1 concentrations 

predicted to be below 600 ng/L.  The reason that E2 and E3 concentrations are relatively 

higher than E1 concentrations in the farrowing barn, unlike the other two barns, could 
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be due to higher E2 and E3 levels in feces wastes, but lower E1 level in urine wastes 

compared to the other two barns (Figure 7).   

Overall, model results reflect that the estrogen metabolites produced by 

farrowing barn animals would have the highest potency since the E2 concentration are 

prominent up to the higher concentration range of estrogen distribution, followed by the 

gestation and breeding barn animals.   

  In the context of daily estrogen budgets considering all waste sources, including 

urine, feces, and recycling lagoon slurry not included in previous analysis, the predicted 

concentration distributions of each metabolite in the total wastes exhibited similar 

distribution patterns in terms of both magnitude and variations of concentration 

throughout the possible states of estrogen concentrations in all three barns (Figure 15).  

This indicates that much higher magnitude of estrogen concentrations of the recycling 

lagoon slurry dampens the variation of smaller concentration states in combined 

estrogen concentrations of urine and feces wastes only.  Particularly, the estrogens from 

recycling lagoon slurry wastes shift more than 90% of E1 concentrations to be above 

3000 ng/L while the E2 and E3 concentrations are to be distributed below 1500 ng/L and 

600 ng/L, respectively, in all three barns.  This result reflects that controlling estrogen 

levels in the recycling slurry wastes would be a key management option to prevent 

further risk of estrogens to environments.    
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Figure 14: Distribution of estrogen levels in urine and feces wastes for each operating 
facility. 
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Figure 15: Distribution of Estrogen levels in urine, feces, and flushing slurry wastes 
for each operating facility. 
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3.3.2 Prediction of Total Estrogen Budget Distribution by Operating 
Units and Waste Sources 

In the context of total estrogen budgets (Figure 13- II tier), the model shows that 

the distributions of total estrogen concentration varied by both operating units and 

waste sources.  For instance, the total estrogen concentrations of the urine and feces 

wastes in the breeding barn are predicted to have between 0 and 6000 ng/L with more 

than 90 % of estrogens below 3000 ng/L.  The gestation barn facility has the distribution 

of total estrogen concentrations between 150-6000 ng/L with about 57% concentrations 

within 1000-6000 ng/L.  The animals in the farrowing facility are predicted to generate 

the range of 600-10000 ng/L of estrogens with more than 92% having above 1500 ng/L.  

This indicates the animals in the farrowing barn are the highest contributor of estrogen 

compounds amongst the three different operating facilities, followed by gestation and 

breeding facilities (Figure 16(a)).  This reflects that the estrogen excretion is differed by a 

reproductive state, where the pregnant and/or lactating pigs in the farrowing facilities 

generate more estrogens (Lange et al., 2002).   

With respect to total daily estrogen budgets considering all waste sources, 

including urine, feces, and recycling lagoon slurry, the models predict that total estrogen 

levels in all three barns were drastically inflated by having more than 90% of total 

estrogen concentrations above 3000ng/L up to 60000 ng/L.  Under these conditions, we 

also observed that the farrowing barn animals are the biggest contributor of estrogens, 
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followed by gestation and breeding barn animals, by having more than 85% 

concentrations falling above 6000 ng/L up to 60000 ng/L (Figure 16(b)).  Overall, the 

model results reflect that adjusting the management practice of a farrowing barn change 

in total numbers of animals or recycling slurry wastes will impact total estrogen mass 

flux from the swine facilities to the storage lagoons.   

 

 

Figure 16: Distribution of estrogen levels in urine, feces, and flushing slurry wastes 
by operating units. 
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3.3.3 Model Evaluation 

3.3.3.1 Sensitivity Analysis 

The sensitivity analysis was performed to find the most influence variable that 

predicts the estrogen budgets in each barn.  We used the concept of mutual information 

to highlight sensitivity.  The mutual information values quantify the effect that one 

variable has on a target variable.  In this analysis, we calculated the mutual information 

for the variables affecting the E1 loadings, which are major estrogen metabolite mass in 

all three operating barns (Table 3).  Table 3 shows that the E1 concentration in the 

recycling lagoon slurry wastes has the largest effect on determining the E1 budgets in all 

three animal facilities.  This confirms that adjusting the lagoon management practice will 

impact the estrogen mass flux from the swine facilities to the lagoon storages.   

 
Table 3: Example of sensitivity analysis for the E1 concentration 

 

Model Variables 

      Mutual Information 

Breeding Gestation Farrowing 

E1 concentration in flushing slurry wastes 0.7 0.53 0.26 

Volume of flushing wastes 0.11 0 0.06 

Total manure 0.06 0 0.01 

Volume of feces wastes 0.06 0 0.01 

Volume of urine wastes 0.05 0 0.01 

Manure production rate 0.05 0 0.01 
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3.3.3.2 Comparison with Flushing Data 

For the evaluation of model prediction, the predicted total estrogen 

concentrations were compared with the observed total estrogen levels in the barn 

flushing gutters where six waste samples were collected from each barn flushing gutter 

and analyzed for total estrogen concentrations on 2009 and 2010 (Figure 17).  Figure 17 

shows that the total estrogen concentrations of flushing samples represented by asterisks 

were matched with the predicted total estrogen concentrations within the corresponding 

states of estrogen levels predicted by BN models.  This indicates that the OOBN model 

approach is proved to be adequate to predict the total estrogen budgets.  

 

 

Figure 17: Comparison of model prediction of total estrogens with observed flushing 
data. 
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4. Mass Balance Melding Bayesian Network Model: 
Predicting Estrogen Fate and Budget in a Swine Waste 
Lagoon 
 
4.1 Introduction 

Anaerobic lagoons are widely used to treat and store swine wastes generated 

from confined swine production facilities in North Carolina. The lagoon slurries are 

periodically sprayed on the fields as manure.  This practice may potentially contribute to 

the distribution of natural estrogens into the environment, which raises environmental 

concerns.  It is thus important to identify the fate and budget of estrogens in the lagoon 

in order to tract the distribution and concentrations of these compounds throughout the 

facility.  Yet, there is very limited knowledge and data available to fully understand the 

behavior and the fate of estrogen compounds in swine lagoons  

Upon transport of swine wastes from the barn facilities to the lagoons, estrogens 

undergo several biotic and abiotic processes. These include partitioning between solid 

and liquid phases, chemical and microbial transformation, settling, and burial processes. 

Moreover, the processes occur between two different layers, the slurry and the sludge.  

In this chapter, a Bayesian network (BN) model is developed, while accounting 

for mass balance. This hybrid approach integrates both mechanistic and probabilistic 

elements and can be used to better understand and predict the fate and budget of 

estrogen compounds within the swine lagoon primary treatment system.  This approach 
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utilizes mass balance equations to account for the mechanisms of flushing, sorption, 

transformation, settling, and burial reactions of estrogen compounds in both the 

anaerobic lagoon slurry and sludge.  These equations are integrated within the 

fundamental structure of a BN.  The BN was then used to account for the uncertain 

input variables and to propagate this uncertainty through the model. Output variables 

are thus represented by probability distributions rather than by point estimates.  The 

details of model development and the case study for our lagoon system are described as 

follows. 

 
4.2 Description of Swine Lagoon Facility 

Two rectangular anaerobic lagoon treatment facilities are located next to two 

swine farrowing barns (Figure 18).  The capacity of each lagoon is designed for 10 

million gallons of wastes, including accumulated liquid and sludge wastes from 2500 

sows as well as temporary storage for rainfall and wastewater inputs.  This wastewater 

storage capacity is designed to store and treat manure for 180 days composed of about 

44,000 gals/d of liquid waste accumulation and 23 ft3/d of sludge accumulation.  The 

lagoon depth is 10 feet with 1 foot freeboard and was constructed with 3% side slopes.  

The rectangular length and width of a lagoon are 547 feet by 309 feet.  Lagoon liquid 

slurry is regularly applied to the spray fields during the growing season when it reaches 

the maximum wastewater storage level.   
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Figure 18: Pictures of anaerobic lagoon facility. 

 

4.3 Observed Lagoon Estrogen Data Analysis  

A total of 64 waste samples from the lagoon were collected to identify the 

variability of estrogen concentrations across a swine lagoon between 2009 and 2010.  In 

particular, 48 random samples were collected from the lagoon slurry layer at three 

different depths across eight different locations, while 16 samples were collected from 

the lagoon sludge layer at one representative depth across the same eight locations.  The 

estrogen levels were analyzed for estradiol (E2), estrone (E1), and estriol (E3) using a 

LC/MS-MS spectrometer for the lagoon slurry and the sludge compartments (Appendix 

C).  An exploratory analysis of estrogen data was conducted to examine the range of 

estrogen concentrations across both lagoon depth and sampling location.  Figures 19 and 
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20 show box-plots of estrogen concentrations with regard to the sampling locations and 

depths in the lagoon slurry layer for the years 2009 and 2010.  Both figures show that the 

estrogen levels and distributions vary by both location and depth for both years.  

Overall, the estrogen levels in 2010 are much higher than those measured in 2009, 

indicating potential monthly or seasonal variations in the estrogen levels.  In addition, 

the E1 levels appear to be prominent compared to the other two estrogen metabolites in 

both years.  Figure 21 shows the distribution of estrogen concentrations in the lagoon 

sludge layer for the years 2009 and 2010, showing similar patterns in estrogen variations 

in the slurry.   Yet, the magnitudes of all of estrogen levels in the sludge storages 

appeared to be 16 times higher than the slurry estrogens on average.  

In order to verify the significance of the variability in the estrogen concentrations 

across depth and location, ANOVA tests were performed. The results indicated no 

significant difference in the estrogen concentrations between lagoon depths and 

locations (Table 4).  Therefore, the lagoon slurry layer was considered homogenous and 

was modeled as a continuously stirred tank reactor (CSTR) system.  For the lagoon 

sludge layer, a statistical analysis could not be performed due to the fact that we had 

only one sampling point between locations.  However, we also considered the sludge 

layer to be represented by a CSTR system for the modeling purpose.  
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Table 4: Significance test by one-way ANOVA test for lagoon slurry storage 

 

Date 

 

Samples by 

P-Values 

Estradiol Estrone Estriol 

2009 Depth 0.64 0.81 0.56 

Location 0.31 0.23 0.28 

2010 Depth 0.58 0.19 0.57 

Location 0.15 0.86 0.43 
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Figure 19: Natural estrogen distribution at 8 different locations in the lagoon slurry storage on 2009 (2s-8s) and 2010 (s1-
s8).  The sampling locations were same in both years, but the different labels were used to plot. 
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Figure 20: Natural estrogen distributions at three different depths in the lagoon slurry storage on 2009 (D1-D3) and 2010 (1D-3D).  

The depth of D1&1D, D2&2D, and D3&3D represents 6 inches below lagoon surface, 24 inches below lagoon surface, and 24 
inches above lagoon sludge surface, respectively. 
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Figure 21: Natural estrogen distributions in the lagoon sludge storage by a sampling 

date. 

 

4.4 Model Development 

4.4.1 Model Overview 

The lagoon system was assumed to be a well-mixed slurry liquid layer underlain 

by a well-mixed sludge layer, as depicted in Figure 22.  Based on the observed data 
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analysis above, there is no significant difference of estrogen concentrations among 

lagoon waste samples across lagoon location and depth, supporting the assumption of a 

well-mixed system.  Since a lagoon operation is subject to constant waste loads from 

swine farrowing barns within a month, the lagoon system is considered a steady-state 

condition by month given a certain season.  Also, a local equilibrium condition was 

assumed since the coupling reaction rates of estrogen metabolites would be faster than 

the input-output or purging rates.   

 

 

Figure 22: Schematic of major mechanisms on an estrogen fate and budget in the 
lagoon. 

 
Then, the BN model structure was derived by combining major mechanisms 

depicted in Figure 22, which are components of mass balance equations of estrogen 
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budget and fate in the lagoon.  The quantitative relationships between the BN model 

nodes were established with probability distributions of equations in a two layered 

lagoon system.  The elicitation process also supplemented to describe the additional 

influence of physical environment conditions on the estrogen fates in the lagoon.  

 

4.4.2 Description of Estrogen Mass Balance Equations in the Lagoon 

 For a completely mixed lagoon system, the mass balance equations for the total 

estrogen compounds in the slurry and sludge compartments were based on major 

mechanisms depicted in Figure 22.  Each estrogen is partitioned into dissolved and 

particulate fractions and transformation is considered between the estrogen metabolites.  

The settling and burial processes are net losses on the mechanisms of estrogen cycling 

inside the lagoon.  Figure 23 represents the differential equations describing the change 

in total natural estrogen compounds and the steady-state estrogen concentrations in 

slurry and sludge lagoon storage.  These mass balance-based models attempt to 

integrate the significant factors that determine the fate of estrogens in the lagoon system.  

For the prediction of each estrogen concentration, the equilibrium ratio equations were 

derived using the reaction mass balances for each estrogen compound and embedded 

into the BN model to predict an estrogen budget for both slurry and sludge 

compartments (Figure 24).  In this way, each estrogen fate and budget can be predicted 

by incorporating the interrelated effects of both environmental factors and mechanistic 
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processes.  Each component of the model that consists of a set of mass balance equations 

is represented as a BN node as shown in the next section. 

 

Figure 23: Mass balance equations for total estrogens in the lagoon slurry and sludge 
layers (E: slurry total estrogen concentration, Es: sludge total estrogen concentration, 

V: lagoon volume, k: E3 degradation rate, F3: fraction of E3 compound, A: lagoon 
surface area, F3: fraction of particulate concentration, Vs: settling rate, kb: burial rate). 
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Figure 24: Equilibrium ratio mass balance equations for three different estrogens in 
both slurry and sludge lagoon compartments (ET: total estrogen concentration, E1: 

estrone concentration, E2: estradiol concentration, E3: estriol concentration, K: 
equilibrium ratio between E2 and E1, K1: equilibrium ratio between E1 and E2, K2: 

equilibrium ratio between E1 and E3). 

 

4.4.3 Bayesian Network Structural Development 

The causal structure of a Bayesian network (BN) was constructed for total natural 

estrogens and each estrogen budget based on the above mass balance budgets (Figure 23 

and 24) of estrogen compounds.  Figure 25 and 26 show BN model structures in the 

lagoon sludge and slurry layers, respectively.  The BN consists of three interlinked sub-

information sections: management information, reaction information, and fate 

information.  Most of the main model nodes were derived from the components of mass 

balance equations and connected by the causal relationships.  Within the management 
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information section, the waste handling nodes (e.g. irrigation, flushing, and barn input) 

were incorporated to evaluate how the waste management strategies impact estrogen 

fate in the lagoon.   

 

 

Figure 25: Bayesian network structure of total estrogen budget in the lagoon slurry 
layer. 

 
The environment variables were also included to incorporate the effects of rainfall and 

evaporation on the lagoon volume.  With this structure, we can assess the fate of 

estrogens under different combinations of environmental conditions and facility of 
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lagoon operations.  The reaction information sections include the nodes of chemical and 

physical processes, describing the influence of transformation, settling, and burial 

mechanisms on estrogen fate.  These nodes probabilistically determine and compare 

how each mechanism contributes to purging estrogen compounds in the anaerobic 

lagoon system.  In the fate information section, the model endpoint node can predict the 

estrogen concentration in both lagoon layers.  Particularly, the object-oriented BN model 

approach was used to encrypt interrelated relationships between lagoon slurry and 

sludge layers, highlighted by gray color nodes (Figure 25 and 26).   

 

 

Figure 26: Bayesian network structure for total estrogen budget in the lagoon sludge 
layer. 
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4.4.4 Parameterization of Model Variables   

With the causal structures leading from the inputs of barn estrogen loading 

through related processes to the estrogen fate in lagoon, the next step was to quantify 

the strength of causal relationships between the variables by assigning marginal and 

conditional probabilities.  Prior to parameterization, all variables were discretized into 

four or five states with equal or quantile intervals, which represent possible outcomes.  

In this study, all variables were defined as numerical interval nodes.  After 

discretization, the marginal probabilities were assigned for the parentless variables (e.g. 

precipitation, irrigation, flushing, etc.) to represent the prior knowledge about 

frequencies of each state.  The frequency data for environmental nodes were obtained 

from National Climate Data Center (NCDC) and operational variables were obtained 

from the facility manager.  Where no data are available for the marginal nodes in the 

reaction information section, the probabilities were adopted by interpolating the data 

based on the mass balance relationships using the observed estrogen data combined 

with the expert knowledge.  The conditional probabilities were generated for the 

remaining intermediate nodes by embedding the mass balance equations.  By means of 

Monte Carlo simulation in the HUGIN software, probabilities of each state of the child 

nodes, conditioned on every possible combination of states of its parent nodes, were 

calculated explicitly by generating a number of samples (25 by default) within each 
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interval and estimating the frequency for the corresponding states.  With this method, 

the inherent variability of the environmental and parameter uncertainty can be captured 

in the probability frequency distributions.  Overall, the link strength enables us to take 

into account the structural uncertainty of the model.  A more detailed explanation to 

quantify each node is provided in Appendix A. 

 
4.5 Results and Discussion 

4.5.1 Evaluation of Model Prediction  

The predictive accuracy of the developed BN model was assessed indirectly 

through assessing individual estrogen budget, using the analysis of likelihood findings.  

This is based on the evidence of the total estrogen concentrations in the slurry and 

sludge storages on 2009 (Figure 27).  The likelihood distributions for each estrogen 

concentration were then compared with the frequency of each estrogen concentration in 

both lagoon slurry and sludge layers (Figure 28 and 29). 

Figures 28 and 29 show that our model tends to overpredict the estrogen 

concentrations in the higher states of each estrogen concentration in both slurry and 

sludge layers.  This discrepancy could be caused by the uncertainties of other fate 

mechanisms such as settling and degradation reactions.  However, the overall model 

trends are relatively consistent with field observations, indicating that the model is 
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adequate to predict the probability distribution of each estrogen concentration as a 

function of equilibrium ratio and total estrogen concentrations.   

 

 

Figure 27: Analysis of likelihood evidence of total estrogen concentration in the slurry 
layer given the observed 2009 total estrogen concentrations in the slurry. 
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Figure 28: Comparison BN model outputs with observed estrogen data in the slurry 
given the observed 2009 total estrogen concentrations in the slurry. 
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Figure 29: Comparison BN model outputs with observed estrogen data in the sludge 
given the observed 2009 total estrogen concentrations. 
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information to highlight sensitivity.  The mutual information values quantify the effect 

that one variable has on a target variable.  In this analysis, we calculated the mutual 

information for the variables affecting total estrogen concentration under the different 

lagoon models (Table 5 and 6).  Table 5 shows that for the lagoon slurry layer, the barn 

estrogen input concentration node has the largest effect on determining the estrogen 

budgets, followed by the settling rate.   

 
Table 5: Sensitivity analysis for total slurry estrogen concentrations 

Model Variables Mutual Information 

Barn estrogens input 0.37 

Settling Rate 0.16 

Inflow TSS concentration 0.13 

Fraction of particulate estrogens 0.004 

Lagoon waste outflow rate 0.001 

Slurry TSS concentration 0.0005 

 
 
In the sludge layer, the settling rate has the largest effect, followed by the barn estrogen 

input (Table 6).    This indicates that adjusting the swine barn facility management 

practice as well as enhancing the physical process of the settling process could reduce 

the estrogen mass budget in the lagoon.  The results also tell that the effect of the 
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physical environmental such as rainfall, irrigation, and lagoon volume as well as 

management factors including irrigation and flushing were less significant as compared 

to the effect of estrogen input from the swine barn facilities.  The biological degradation 

mechanism was also shown to have a minor effect on reducing the estrogen compounds 

from both lagoon layers.   

 
Table 6: Sensitivity analysis for total sludge estrogen concentrations 

Model Variables Mutual Information 

Settling Rate  0.24 

Barn estrogens input 0.23 

Slurry total estrogens 0.22 

Slurry E1 0.17 

Inflow TSS concentration 0.14 

Burial reaction 0.14 

Slurry E3 0.05 

Slurry E2 0.04 

Fraction of particulate estrogens 0.02 

Sludge degradation reaction  0.003 

Slurry TSS concentration 0.003 
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4.5.3 Prediction of Average Total Estrogen Budget in the Lagoon 

The average total estrogen budgets predicted by BN models was depicted in the 

context of the major sources and sinks of estrogen compounds in both lagoon 

compartments along with the percent total mass accounted for by each mechanism 

(Figure 30).  It is clearly shown that the settling reaction accounts for the highest removal 

mechanism in the lagoon slurry storage, while the burial reaction proved to be the most 

significant factor to eliminate the estrogen levels in the sludge storage.  The result also 

shows that the estrogen losses by degradation reactions are minor in both storages.  The 

results thus concur with the findings of the sensitivity analysis.   

 

 

Figure 30: Average total estrogen budgets predicted in lagoon slurry and sludge 
storages. 
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4.5.4 What-If Scenarios for Lagoon Management   

Based on the sensitivity analysis, it appears that the estrogen levels in the lagoon 

could be reduced by controlling the estrogen inputs from swine barn facilities or 

enhancing the settling reaction in the lagoon.  Thus, “what-if” scenarios were developed 

to verify the effect of these management options on the total estrogen budgets and find 

the best possible management option.     

 
4.5.4.1 Effect of Swine Barn Estrogen Inputs on Estrogen Budgets in the Lagoon 

The effect of barn estrogen inputs was assessed by simulating “what-if” 

scenarios considering three ranges of barn estrogen inputs (low:0-10000 ng/L, medium: 

30000-40000 ng/L, and high: 60000-70000 ng/L) (Figure 31).  The model findings show 

that the levels of total estrogens differed by the magnitude of the barn estrogen inputs in 

both lagoon slurry and sludge compartments.  The more barn estrogens enter into the 

lagoon, the higher the estrogen in both lagoon layers.  This confirms that adjusting 

estrogen input concentrations will reduce the estrogen levels in the lagoon.  Particularly, 

Figure 31 shows that the low level of estrogen input would drastically lower the 

estrogen levels in both lagoon storages.    
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Figure 31: Effects of barn estrogen inputs on total estrogen budgets in the slurry (a) 
and the sludge (b) lagoon layers. 
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storages (Figure 32).  This indicates that estrogen compounds in the slurry layer are 

more likely to bind the suspended particles and settle into the sludge layer.  Higher TSS 

reduces the estrogen compounds in the sludge layer via the burial reaction, which is a 

function of inflow TSS concentration.  In the context of best management practices, 

aiming at reducing estrogen levels in the lagoon, this finding implies that the use of 

organic polymers or inorganic coagulants could enhance the binding and thus reduce 

estrogen levels effectively. 
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Figure 32: Effect of inflow TSS on total estrogen budgets in slurry (a) and sludge (b) 
lagoon layers. 
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5. Regression Melding Bayesian Network Model: 
Predicting Estrogen Fate and Budget in a Swine Waste 
Lagoon 
 
5.1 Introduction 

Swine waste in North Carolina is managed predominantly through anaerobic 

lagoons, which are regarded as a major reservoir of natural estrogens.  The periodic use 

of lagoon slurries as spray field manure for waste disposal may cause the release of 

natural estrogens into the environment, which raises environmental health concerns.  It 

is thus important to identify the fate and budget of estrogens in the lagoon to further 

prevent the disrupting effects of estrogens in the environment.    

Once swine wastes reach the lagoons, estrogens go through a series of biotic and 

abiotic processes including partitioning between solid and liquid phases, chemical 

transformation, settling, and burial processes.  Generally, the adoption of a process-

based model can be useful to describe and quantify all the processes that govern the 

stability and fate of estrogen compounds in the lagoon.  While the incorporation of such 

elaborate mechanisms into the model structure would provide a great understanding to 

predict the estrogen fate, calibrating such a detailed model require an intensive data 

collection effort at a fine spatial-temporal scale.  These set of requirements are not 

available for the specific swine waste lagoon system under study.  Moreover, since 

estrogen data collection is costly and time-consuming, measuring all conditions of 
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estrogen dynamics is generally impossible, which limits the adoption of a process-based 

model.   

Given the shortcomings of adopting a mechanistic model, I have opted to 

develop an empirically derived model that focuses on the relationship between the input 

variables and the endpoints of interest.  Since the measured estrogen concentrations 

represent the net result of multiple processes, we can attempt to characterize these 

relationships by examining the empirical relationships linking these estrogen 

compounds.  This probabilistic approach tries to capture the uncertainty of such 

complex and stochastic mechanisms. 

In this chapter, a regression melding Bayesian model approach was developed to 

probabilistically predict the fate and budget of natural estrogen compounds in anaerobic 

swine waste lagoon.  The model is an integration of a regression model and a Bayesian 

network model.  Unlike the mechanism-based model, the regression models were 

derived to quantify the relationships between the natural estrogen compounds along the 

transformation pathway (Figure 33).  The models were constructed for two different 

lagoon compartments and melded into the Bayesian network to predict the distribution 

of estrogen fate and budget.    In addition, the seasonal variations in estrogen fate and 

budget were also examined as they relate to irrigation practices on spray fields.   
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Figure 33: Chemical transformation pathways of natural estrogens. 

 

5.2 Methods 

5.2.1 Data Description of Estrogen Transformation Pathway 

48 waste samples from the lagoon slurry layer and 16 waste samples from the 

lagoon sludge storage were collected between 2009 and 2010.  The estrogen levels were 

analyzed for estradiol (E2), estrone (E1), and estriol (E3) using LC/MS-MS (Appendix C).  

Figure 34 and 35 present the distributions of natural estrogen compounds as well as the 

bivariate co-plots between estrogen compounds in the lagoon slurry and the sludge 

compartments, respectively.  The blue dots represent waste samples collected in the 

spring season on 2010, while the red dots are for waste samples collected in the summer 

season on 2009.  The bivariate co-plots show that estrogen compounds have positive 

correlations with each other in the direction of a transformation pathway, but with 

different degree of correlations by season, highlighted by the blue boxes.  In particular, 

data show variation of estrogen levels as well as the distribution by season, implying 

seasonal difference of the biological and physio-chemical mechanisms on the estrogen 
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fate in the lagoon.  These differences compel us to model the fate of estrogen compounds 

for the two different seasons, using the transformation-based relationship between 

estrogen compounds in both lagoon storages.  In this study, the back-conversion process 

between E2 and E1 were not considered since the BN model does not allow for the 

developing of cyclical model structures. 

 

 

Figure 34: Scatter plot matrix for natural estrogens in the lagoon slurry compartment. 
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Figure 35: Scatter plot matrix for natural estrogens in the lagoon sludge compartment. 
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model endpoints, total estrogen concentration and E2-equivalent concentration (EEQ) 

were selected for each lagoon compartment in order to assess the combined effect of 

total estrogenic activity of lagoon wastes.  Within the section of an embedded regression 

model, three different types of estrogen nodes were connected throughout the 

transformation pathway.  Given the option of season node between spring and summer, 

the effect of season can be propagated to assess the variation on the fate of each estrogen 

metabolite as well as in the variability of total estrogenic activity (Figure 36).   

 

 

Figure 36: Regression embedded Bayesian network structure for the lagoon estrogens.  
Red lines represent the relationships estimated by linear regression models. 



 

78 

 

This simple and concise structure, thus, allows capturing the uncertainties of the effect 

of both seasons and lagoon environments to predict estrogen fates in terms of individual 

and total estrogen budgets.   

 

5.2.2.2 Bayesian Network Parameter Estimation 

With the causal structures leading from estradiol (E2) to estrone (E1) through 

transformation pathways across two different lagoon storages, the next step was to 

quantify the strength of causal relationships between the variables by assigning 

marginal and conditional probabilities.  Prior to parameterization, all node variables 

were discretized into states which represent possible outcomes.  In this study, all 

variables were defined as numerical interval nodes to represent the possible distribution 

of variable quantity.  After discretization, the probability distributions of each node were 

generated.  For marginal nodes of E2 concentration in both slurry and sludge lagoon 

storages, the observed data were used to generate the frequency distribution.  To 

prevent the uncertainty of small sample sizes of lagoon wastes and assess more accurate 

distribution of estrogen concentration, the predictive distributions of E2 concentration 

were derived using Monte Carlo simulation by generating the likely values of E2 

concentrations given the observed data.   

For the Monte Carlo simulation, first, the underlying distribution of E2 samples 

was assumed to have a log-normal distribution with mean ݕത and standard deviation ߪത as 
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a reference (Ott, 1995).  With the assumptions that the sample mean ݕത is a random 

variable from a normal distribution and sample standard deviation ߪത is a random 

variable from an inverse chi-square distribution, the pair of likely mean (µ) and 

standard deviation (σ) values were generated based on those two distributions.  Then, 

the likely values of y (E2 concentration) were simulated using the likely mean (µ) and 

standard deviation (σ) values.  By repeating this process of generating likely values of μ, 

σ, and y many times, the predictive distributions of E2 concentration were constructed 

in the slurry and sludge lagoon wastes (Figure 37).  Figure 37 shows the predictive 

distributions (red dot line) of E2 in each lagoon compartment overlapped on histograms 

of observed data with respect to two seasons, summer and spring.   

The conditional probabilities for intermediate variable nodes indicated by the red 

lines in Figure 36 were modeled through linear regression models.  The parameters of 

regression models were estimated using ordinary least squares regression.  Figure 38 

and 39 show the fitted lines with the model coefficients.    The R2 values indicate that the 

regression models explain the variability of all estrogen concentrations relatively well, 

except for the E1 and E3 concentrations of the lagoon slurry wastes in the spring and the 

E3 concentration in the lagoon sludge storage in the summer (Table 7). 
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Figure 37: Marginal distributions of E2 in the lagoon slurry and sludge storages in the 
summer and spring seasons.  The blue and red curves represent the modeled 

distribution and the histograms are generated from the measured (LC/MS-MS) 
estradiol (E2) data. 
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Figure 38: Linear regression models for estrogen transformation pathway in the 

lagoon slurry storage. 
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Figure 39: Linear regression models for estrogen transformation pathway in the 
lagoon sludge storage. 
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Table 7: Conditional probability distributions for E1 and E3 nodes 

 
 

5.3 Results and Discussion 

The full Bayesian network (BN) was implemented in HUGIN, a commercially 

available software program for evaluating BN models.  Here, the outputs of BN models 

were discussed with regard to the predictive accuracy and sensitivity analysis of the 

model and the effects of season and lagoon compartment on the estrogen fate and total 

estrogen budget. 

 
 

Waste Season Conditional Distribution   R2 

Slurry Spring E1 LogNorm(7.92+0.18 * log(E2), 0.0562) 0.16 

E3 Norm(341+0.0014 * E1, 592)  0.2*10-3 

Summer E1 Norm(3287+15.1 * E2, 6752) 0.82 

E3 Norm(-96+0.053 * E1, 49.62) 0.74 

 Sludge Spring E1 Norm(8142+9.27 * E2, 188902) 0.93 

E3 Norm(5774+0.033 * E1, 27872) 0.40 

Summer E1 LogNorm(6.5+0.54 * log(E2), 0.22) 0.79 

E3 LogNorm(3.3+0.35 * log(E1), 0.542) 0.07 
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5.3.1 Evaluation of Model Predictions on Estrogen Fate 

For evaluation of the developed BN model, the predictive accuracy of the BN 

model was assessed by plotting the predictive probability distributions for E1 and E3 

concentrations modeled alongside the frequency of E1 and E3 concentrations measured 

in lagoon slurry wastes.  Figure 40 and 41 show that BN model in general tends to 

underpredict for the most of estrogen concentration states, while it circumstances over 

prediction for a certain state.  For example, the E1 concentration in the spring is 

predicted to be between 6300 ng/L and 9800 ng/L.  This discrepancy could be caused by 

the uncertainties derived from regression models.  However, the overall trends in model 

prediction are consistent with field observations, indicating that the model is adequate 

to predict the distribution of estrogen concentrations as a function of embedded 

regression models.   
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Figure 40: BN model prediction of slurry E1 concentration (left axis) versus E1 
observed data (right axis) distribution in the spring and summer. 
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Figure 41: BN model predictions of slurry E3 concentration (left axis) versus E1 
observed data (right axis) distribution in the spring and summer. 
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has on a target variable.  In this analysis, the mutual information for the total estrogen 

concentration related to the other variables was estimated in both lagoon storages 

(Figure 42).  Figure 42 shows that the E1 concentrations have the largest effect on 

determining the total estrogen budgets, indicating that E1 is the key driver in the model 

prediction, followed by E2 and E3 concentrations in both lagoon storages.   This 

indicates that E2 is rapidly oxidized to E1, while E1 is relatively slow to oxidize to E3 in 

both lagoon storages.   

 

    

Figure 42: Mutual information between the target node (total estrogen concentrations 
in the lagoon slurry and sludge) and natural estrogen variables in the lagoon slurry 

(left) and sludge (right) storages. 

 

5.3.3 Prediction of Seasonal Effect on Estrogen Fate in the Lagoon 
Compartments  

The probability distributions of estrogen fate and budget were computed by 

propagating the season node for each season (Figure 43 and 44).  As expected, the 

estrogen levels are predicted to differ by season.  Overall, the probability of seeing 

elevated estrogen (E2, E1, and E3) concentrations is substantial in the spring season 

compared to the summer.  For example, in the lagoon slurry storage, there is a 90% 
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probability that estrogen concentrations in the spring exceed 800 ng/L for E2, 6300ng/L 

for E1, and 200ng/L for E3 (Figure 43).  In the summer, the corresponding concentrations 

for E2, E1, and E3 are much lower as is evident by their respective probability 

distributions (Figure 44).  This reflects that removal mechanisms of estrogen 

compounds, such as microbial degradation, in the summer could be more active than in 

the spring due to higher temperature.  Moreover, with respect to the total estrogen 

potency in the lagoon slurry, the model shows that the major contribution of estrogen 

for both seasons is the E1 form, followed by E2 and E3.   

In the lagoon sludge storage, the estrogen fate shows the same trend as in the 

slurry compartment, yet the predicted concentrations are significantly higher in 

magnitude over all estrogen metabolites.  Elevated sludge E2 and E1 concentrations in 

the spring are predicted particularly to be high with probability 71% for E2 

concentrations to exceed 8700 ng/L.  Similarly, E1 has a probability of 73% to exceed the 

85000 ng/L concentration (Figure 43).  The estrogen levels in the summer exhibit lower 

than in the spring with lower probabilities 56% and 61% for E2 and E1 concentrations to 

exceed 8700 ng/L and 85000 ng/L, respectively (Figure 42).  The E3 concentrations are 

also predicted to be much lower in the summer, with 99% of E3 concentrations falling 

below the 6000 ng/L level, while in the spring, only 11% of E3 concentrations are below 

6000 ng/L.  This implies that the removal rate of estrogens in the summer is enhanced as 
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compared to the spring season.  Additionally, it is confirmed that E1 is the most 

contributing compound in terms of total estrogenicity.  

Overall, the model prediction indicates that different anaerobic conditions in the 

lagoon compartment can impact both the rates and mechanisms of estrogen 

transformation and degradation.  The model also confirms that estrogen concentrations 

depend on each other.  Therefore, once one of the estrogen concentrations is known, we 

could estimate the associated probabilities of the other estrogen compounds using the 

probabilistic reasoning of both diagnostic inference (bottom-up reasoning) and 

descriptive reasoning (top-down reasoning) in the BN model.  This can help in reducing 

the sampling cost by analyzing one of estrogen compounds, instead of all estrogens to 

verify their fate.  
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Figure 43: Prediction of natural estrogen fate in the lagoon storage in the spring, 2010. 
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Figure 44: Prediction of natural estrogen fate in the lagoon storage in the summer, 
2009. 

 

5.3.4 Prediction of Total Estrogenic Activity 

The assessment of the combined effects of estrogens in the lagoon waste can be 

measured by the total estrogenic activity in a lagoon sample in terms of both sum of 

concentration addition and E2-equivalent concentration (ng/L-EEQ).  The sum of 

concentration addition is simply determined by adding the concentrations of a given 

estrogen compound, while the E2-equivalent concentration is estimated by equation 1: 
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EEQINST = (Conc.) * (REP)                                                                                      Equation 1 

where EEQINST is the relative estrogenic activity (ng/L), Conc. is the concentration of 

given estrogen compound (ng/L), and REP is the relative estrogenic potency compared 

to E2 as measured by a biological assay of the yeast estrogen screen (YES) (Yakou et al., 

1999).  The following REP values of 0.087 and 0.009 were used for E1 and E3 in the BN 

model, respectively.  

The nodes of ‘Total Estrogen Conc (TEC)’ and ‘Total EEQ (EEQINST)’ in the model 

(Figure 43 and 44) show the predicted distributions of total natural estrogenic activity in 

both lagoon compartments.  The models reveal that the total estrogenic activity also 

varies by season and by lagoon compartment.  For example, more than 97% of the TEC 

in the slurry waste are predicted to be between 6741-18245 ng/L in the spring, while the 

corresponding range in the summer drops sharply to 0-11231 ng/L.  We also see that the 

magnitude of TEC in the sludge waste is much higher than that in the slurry waste.  This 

confirms that the sludge wastes have more potential to be a reservoir for estrogens and 

the temporal difference could be a major factor for the degradation of estrogen 

compounds. 

With regard to the EEQINST, the models predicted the same trends as TEC.  In 

other words, estrogenic potency is much higher in the spring and the sludge waste than 

in the summer and the slurry waste.  For instance, the sludge waste showed the EEQ 
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levels are predicted to distribute within the range of 15000-40000 ng/L-EEQ and 7600-

23000 ng/L-EEQ, while the EEQ of slurry waste spanned on 1400-3000 ng/L-EEQ and 

300-1400 ng/L-EEQ in the spring and summer, respectively.  This indicates that the 

EEQINST metric is consistent with TEC.  
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6. A Dynamic Bayesian Network Model for Rainfall 
Driven Estrogen Runoff from Swine Spray Fields 
 
6.1 Introduction 

The land application of animal wastes has been widely adopted as a waste 

management practice for swine confined animal feeding operations (CAFOs) in North 

Carolina.  Since the animal wastes applied to spay fields contain elevated levels of 

hormones, there is a potential risk to contaminate soils, surface, and subsurface waters.  

It has been reported that estrogenic hormones from manure fertilization may reach 

aquatic environments through surface water runoff following spray applications (Shore 

and Shemech, 2003).  Due to its strong potency as an endocrine disrupting chemical, 

estrogens can be hazardous to organisms, causing the feminization and development of 

intersex of male fish populations (Hansen et al., 1998; Jobling et al., 1998).  To better 

predict and mitigate these impacts, a decision support tool is needed that can simulate 

the fate of estrogens via surface runoff transport and sediment loss processes driven by 

rainfall.   

Computer simulation models have been developed to quantify field-scale or 

watershed-scale pollutant transport and runoff through the processes of rainfall-runoff, 

soil losses, nutrients, and sediment transportation (Vadas et al., 2007; Dabrowski, et al., 

2002).  However, commonly used models, such as SWAT (Arnold et al., 1998), 
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ANSWERS (Bouraoui and Dillaha, 1996), GLEMS (Leonard et al., 1987), or EPIC 

(Williams et al., 1983), do not have a capability to simulate the process of estrogen 

transfer from surface application of manures to runoff.  Moreover, there are no such 

models to account for the variation and uncertainty of runoff transport caused by 

several factors such as manure application rate, topography and rainfall characteristics, 

vegetative cover, and farming practice in spray fields. 

In this chapter, a dynamic Bayesian network (DBN) model was developed to 

simulate estrogen losses through surface runoff and sediment transport from swine 

manure spray-fields.  The model is an integration of the sediment loss model from the 

modified universal soil loss equation (MUSLE) (Williams, 1975) and an SCS-CN curve 

runoff model (Mockus, 1972).  The model assesses estrogen mobility as a function of 

rainfall intensity and land use management.  The DBN model outputs are described by 

probabilistic distributions of estrogen concentrations from runoff and in spray soils with 

consideration of temporal changes.  Based on these outputs, we can assess the degree of 

off-site movement of estrogens and verify the potential environmental significance of 

estrogen inputs into the stream.  Particularly, this model is designed for use in field 

situations where estrogen runoff data are not available to parameterize a mechanistic 

model. The dynamic probability model also provides a means to handle the 

uncertainties associated from the sediment and runoff models.   
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This DBN model was applied to our field site to verify the risk of field-specific 

estrogen runoff.  Specifically, the effects of (1) manure application rate, (2) rainfall 

frequency and time of rainfall occurrence after the application of manures, (3) crops and 

on-farm best management practices, (4) seasonal variation, and (5) successive rainfall 

and manure application events, were evaluated to predict the estrogen concentration via 

surface water runoff and soil erosion processes from swine spray fields.  The model only 

simulates the estrone (E1) concentration, since E1 is the dominant estrogen metabolite in 

our field site.  The theoretical background of the DBN model development process and 

the model application are presented below.   

 

6.2 Description of Study Site 

6.2.1 Spray Field Sites  

A total of 121.4 acres of spray fields are located around the swine facilities in our 

study site (Figure 45).  The spray fields are used to grow crops, such as soybeans, wheat, 

corn, and Bermuda grass.  As a waste management practice, the lagoon slurry wastes are 

regularly applied onto the spray fields as a fertilizer for spring and summer crops 

throughout March to October.  There is no land application allowed during the winter 

season (Nov-Feb).  The frequency and volume of fertilization are determined by the 

level of lagoon storage, environmental factors, and nutrient management.  In our field 

site, the rule of thumb is that the lagoon storage levels should be kept around two feet of 
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the freeboard at all times by applying the waste in the spray fields.  As a result, the 

amount of land application varies as a function of the lagoon management, nutrient 

management of lands, season, rainfall, and crops.         

 

 

Figure 45: The photo of spray fields around the swine barns and lagoons. 

 
According to the geographic information system (GIS) analysis using the USDA-

NRCS soil dataset, the major type of soils in our spray fields is primarily fine-loamy soil 

(Figure 46 and Table 8).  The soil erodibility varies from 0.02 to 0.32 based on the erosion 

factors (K) in Table 8 obtained from the USDA-NRCS Soil Data Mart.  The slope 

distribution is within 0.004-2.2% based on the analysis of the digital elevation model 

(DEM) (Figure 47), indicating that our field site is relatively flat.   
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Figure 46: Soil type distribution in the spray field site. 

 

 

Figure 47: Slope distribution in the spray field site. 
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Table 8: Percent of soil types and the property of erodibility 

Soil Name Soil Family Percent Erosion (K) 

NoA Fine-loamy 43% 0.2 

Co Fine 0.01% 0.32 

CaB Sandy 21% 0.02 

AuA Loamy 0.3% 0.2 

Ra Fine-loamy 23% 0.17 

Ly Fine-loamy 2.5% 0.2 

Mc Fine 3.7% 0.24 

GoA Fine-loamy 1.1% 0.24 

Pg Fine-loamy 1.6% 0.17 

Wo Coarse-loamy 1.1% 0.17 

 

6.2.2 Hydrological Environment Data Analysis 

Since our concern is to investigate the potential risk of estrogen runoff after 

rainfall events into watersheds, it is necessary to identify where the nearest watersheds 

are located and the frequency and magnitude of precipitation.  Using the national 

hydrography dataset (NHD), the map of water bodies was drawn near our spray fields 

(Figure 48).  Figure 48 shows there are no such streams adjacent to our field site.  
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However, swamp marshes and canal ditches are located on the downside of our field 

sites, which could be affected by the potential estrogen runoff.   

 

 

Figure 48: Watershed map around the spray field site. 

 
The frequency and magnitude of precipitation were identified based on four years of 

daily precipitation data, obtained from the National Climatic Data Center (NCDC) 

(Figure 49).  Throughout the years, the intensity of rainfall ranged between 0.1-3.4 

inch/d, and most of the major precipitation had an intensity of less than 1 inch/d.       
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Figure 49: Frequency of precipitation in the spray field. 

 

6.3 Model Development 

6.3.1 Mathematical Model Overview for Estrogen Transport in Surface 
Runoff 

The conceptual structure of the estrogen runoff model was derived by 

establishing a mass balance of estrogens in the top 1 cm of soil in the spray fields.  

Particularly, in this study, the pesticide model described by Haith (1980) was adopted to 

describe the estrogen compounds in runoff water and in soils after rainfall events.  The 

mathematical equations derived below were used to quantify the relationships between 

variables as conditional distributions in the Bayesian networks.       
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After the lagoon liquid waste is applied, the amount of estrogen compounds lost 

for each runoff event is dependent upon the estrogen remnant on the spray fields.  In the 

model, it is considered that the estrogen compounds that percolated below the top soil 

are not available for runoff and that the active runoff zone is in the first 1 cm of soil as 

shown in Figure 50 (Donigian and Crawford, 1976).  Since the estrogen compounds are 

considered to decay exponentially in the soil (Xuan, 2008), the residues of the estrogen 

mass in the top soil can be estimated by an exponential decay rate with time if a 

rainstorm occurs t days after application as follow: 

 
Et = Eo exp(-αt)                         Equation 2 

 
where Et is the estrogen mass in the surface soil (kg/ha); Eo is the initial estrogen content 

of the top surface soil layer immediately after application (kg/ha), which is usually equal 

to the application rate; and α is the estrogen degradation rate (day-1), which can be 

expressed as: 

 
α = ln2 / t1/2         Equation 3 

 
In this model, it is assumed that degradation is independent of soil pH, soil moisture 

content, temperature, and ambient conditions. 
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The estrogen runoff losses are estimated by two major transport events, surface 

runoff and soil erosion, in terms of two different forms of estrogens: dissolved forms (Es) 

in runoff water and adsorbed forms (Ew) in the eroded soil particles (Figure 50).  

Therefore, the total estrogen available for runoff (Et) is the sum of the two forms of 

estrogen mass, which can be described by a linear adsorption coefficient, Kd, as follows: 

 
Et = Es +Ew           Equation 4 

 es = Kd * ew                             Equation 5 

 
where Es and Ew are potentially available adsorbed and dissolved forms; and es and ew 

are adsorbed and dissolved estrogen concentrations on soil particles (mg/kg) and in soil 

water (mg/L), respectively.     

 

 

Figure 50: Description of estrogen runoff processes by rainfall. 
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The potentially available adsorbed and dissolved estrogen levels for runoff can be 

obtained by combining the function of soil properties as follows: 

Es = Et / (1+Θ/Kd*ρ)                Equation 6                

Ew = Et / (1+(Kd*ρ/ Θ))               Equation 7 

 
where Θ is available water capacity (cm/cm); and ρ is soil bulk density (g/cm). 

Consequently, the actual adsorbed (Ers) and dissolved (Erw) estrogen runoff 

losses are calculated by the relationships with runoff (Q), rainfall (P), and soil loss (Sl): 

 
Ers = (Sl / 100* ρ) * Es                 Equation 8 

Erw = (Q /P) * Ew                Equation 9 

      
For the dissolved estrogen runoff loss, Es will be distributed into runoff, percolation, and 

available soil water.  It is assumed that the distribution of rainfall into these three 

pathways is proportional.  In this model, the Modified Universal Soil Loss Equation 

(MUSLE) is used to estimate the soil loss by a rainfall event on day t (Williams, 1975): 

 
Sl =(11.8/A)(Vtqt)0.56K(LS)CSP            Equation 10 

 
where K, LS, C and SP are the standard soil erodibility, topographic, cover, and 

supporting practice factors, respectively;  A is the field area (ha); Vt is the runoff volume 
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(m2); and qt is the peak runoff (m2/sec).  The runoff is estimated by the Soil Conservation 

Service Curve Number Equation (SCS-CN) (Mockus, 1972): 

 
Q = (P – 0.2S)2 / (P + 0.8S)             Equation 11  

where S is a retention parameter, which is a function of soil, crop management, and 

antecedent rainfall. 

The total estrogen remaining (Etr) in the surface soil after the rainstorm is given by: 

 
Etr = Et – Ers – (1-  Θ/P)*Ew            Equation 12  

 

6.3.2 Application for Bayesian Network Structure  

The Bayesian network (BN) was structured to represent the process of estrogen 

runoff driven by a rainfall event based on the above theoretical background and the 

guidance of experts (Figure 51).  The BN model structure consists of three main parts 

interlinked, including estrogens in spray fields before rainfall, estrogen transport 

processes, and estrogens in spray fields and runoff water after rainfall.  Within the first 

sub-section, the estrogen mass in spray fields before rainfall is designed to be modeled 

by the application rate of lagoon slurry and the decay rate.  Thus, this structure can 

measure the resistance of estrogen compounds in the spray fields by means of the 

probability distribution of predicted changes in estrogen concentrations as a result of the 

amount of land application of slurry.  In the transport section, the nodes of runoff and 
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soil erosion processes were incorporated to describe the functions of estrogen 

transportation by rainfall events.  The effect of rainfall magnitude on estrogen mass is 

delivered through the connections with the surface runoff process and an erosion factor.  

Since the soil loss is a function of the land management and conservation practice nodes, 

the best management practices to reduce the estrogen loss by soil erosion can be verified 

by doing what-if analysis.  Finally, the probability of degree of estrogen mobility can be 

predicted by the model endpoints, which are the estrogen concentration remaining in 

the soil and in the runoff water after rainfall.  It is believed that this model structure will 

help to guide long-term management strategies for estrogen runoff in the soil and 

receiving runoff water.   
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Figure 51: Bayesian network structure for estrogen runoff model. 

 

6.3.3 Quantification of Bayesian Network Parameters 

  The relationships between model nodes were quantified by the mathematical 

equations derived in the model overview.  Figure 52 describes what equations are 

specifically embedded to which nodes.  Based on these equations, the conditional 

distributions were generated by means of Monte Carlo simulation in the HUGIN 

software.  In other words, the probabilities of each state of the child nodes, conditioned 
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on every possible combination of states of its parent nodes, were calculated explicitly by 

generating a number of samples within each interval and estimating the frequency for 

the corresponding states.  In this way, the model uncertainties derived from the 

mechanistic models, including the SCS-CN runoff model and soil erosion model, can be 

captured in the probability frequency distributions.  For the marginal nodes, observed 

data, expert elicitation, and literature values were used to derive the frequency of each 

variable.  A more detailed explanation to quantify each node is provided in Appendix B.   

  

 

Figure 52: Embedded equations to quantify the probabilities in a Bayesian network. 
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6.3.4 Dynamic Bayesian Network Model for Multiple Rainstorms and 
Liquid Slurry Applications 

The above BN model (Figure 51) applies only to a single rainstorm following a 

single lagoon slurry application.  To extend the model for multiple rainstorms and 

slurry applications, the dynamic Bayesian network (DBN) was developed by connecting 

BN models through temporal links (Figure 53).  In the DBN model, the model endpoint 

variable in the previous BN model is a variable with a child in the later time slices, and 

the input variables are parents from earlier time slices.   

 

 

Figure 53: Framework of a dynamic Bayesian network. 
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In this way, the process can be repeated for an arbitrary number of rainfall events or 

slurry applications.  Therefore, the DBN model can provide an analysis of the 

cumulative effects of multiple storms and slurry applications on estrogen fate in soil and 

runoff water.   

 

6.4 Results and Discussion 

6.4.1 Evaluation of Model Prediction  

The predictive accuracy of the developed BN model was assessed by plotting the 

model predictive probability distribution for E1 residual concentrations alongside the 

frequency of E1 residual concentration measured in soil samples collected from the 

spray field.  Since soil samples were collected 7 days after slurry application during the 

spring season, the BN model was also compiled to predict E1 concentrations 7 days after 

slurry application.  Figure 54 shows that our model tends to overpredict the E1 residual 

concentrations beyond the concentration of 77000 ug/ha, while for the rest of E1 

concentrations states the model tends to underpredict.  This discrepancy could be 

caused by the uncertainties in the measured slurry E1 concentrations and the amount of 

the slurry application at the time of field irrigation day.  This difference could also be 

due to analytical measurement error or to failure to incorporate E1 loss factors in the 

model. These losses include wind and infiltration losses in the subsurface.  However, the 

overall trends in model prediction are relatively consistent with field observations, 
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indicating that the model is adequate to predict the probability distribution of E1 

concentrations as a function of slurry application.   

 

 

Figure 54: BN model prediction versus the frequency of observed data for E1 residual 
concentration in spray fields. 

 
Since we have evidence of E1 residual concentrations in the soil after irrigation 

application, we can infer indirectly the likelihood distributions for the slurry E1 

concentration and the rate of slurry application using the analysis of likelihood findings 

(Figure 55).  The findings show that there is a 90 % probability that the E1 concentrations 
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in the applied lagoon slurry is within the range of 9,000-12,000 ng/L, while the 

likelihoods for the quantity of irrigated slurry within the range of 10,000-30,000 and 

40,000-50,000 gal/ha is 40% and 42%, respectively.  

 

                     

Figure 55: Analysis of likelihood evidence of E1 concentration in soil. 

 

6.4.2 Prediction of Estrogen Transport during a Single Rainfall Event  

The changes in estrogen persistence, irrigation rate, rainfall characteristics, 

topography, vegetative cover, and farming practices affect the surface water runoff, soil 

erosion, and ultimately the off-field estrogen transport to surface water.  Several “what-

if” model scenarios were developed to examine the effects of those factors on predicting 

E1 runoff concentrations. 

 

6.4.2.1 Characteristics of E1 Persistence in Soil before Rainfall 

To verify the persistence of E1 in spray field soil before a rainfall event, a “what-

if” scenario analysis on E1 persistence in spray soil was performed at 0, 1, 7, and 60 days 
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following slurry applications under for spring and summer conditions (Figure 56).  The 

results show that the predicted E1 residual concentrations will be reduced drastically 60 

days after slurry application. The probability that E1 concentrations will be below 250 

ug/ha in the spring is around 80%, as compared to the initial E1 concentration 

distribution of 1,200,000-2,500,000 ug/ha following irrigation (Figure 56(a)).  In the 

summer, the probability that E1 concentration would be below 250 ug/ha is almost 100 

% (Figure 56(b)).  This indicates that most of E1 would transform into other types of 

metabolites of estrogen, such as estriol, or mineralized completely after 2 months of 

irrigation.  This also suggests that the removal mechanisms of E1 (such as microbial 

degradation) could be more active in the summer than in the spring due to higher 

temperatures.  
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Figure 56: Prediction of E1 residual distributions in spray field soil at different times 
(0, 1, 7, and 60 days) after irrigation in the spring (a) and summer (b). 
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6.4.2.2 Effects of Seasonal Irrigation Rate, Crop Type, Soil Moisture Condition on 
Estrogen Runoff Loss 

 To examine the effects of irrigation application rate, crop type, and season on the 

E1 runoff loss, six model simulations were run under the nutrient management plans 

defined for our specific spray fields, where soybean and Bermuda grass are grown in the 

spring and summer seasons with buffer strip control practices, respectively.  Under the 

“what-if” scenarios of three (low, medium, and high) magnitudes of slurry application 

rates per season assuming 30-40 mm/d of rainfall occurred 7 days after application, the 

model findings show that the variations in applications rates are relatively insignificant 

on the distributions of E1 runoff loss in the summer (Figure 57(b)).  However, in the 

spring season, it was predicted that higher magnitude of slurry application generates 

more runoff losses of E1; losses could be up to 15000 ug/ha (Figure 57(a)).  This seasonal 

difference is caused by different vegetation cover and antecedent soil moisture 

conditions in the spray field soils, which change the magnitude of a runoff event.  Since 

Bermuda grass has a higher holding capability of water than soybean in terms of a 

retention parameter, it is predicted that there could be about 10 times fewer runoff 

events occurring in the summer than the spring.  Low runoff rates could also be due to 

low soil moisture conditions in the summer season, which promotes water retentions 

into the subsurface soil and this reduces the volume of surface runoff (Figure 58).    
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Overall, the model findings suggest that Bermuda grass is more resistant to 

surface runoff events given 30-40 mm/d of rainfall in our fields.  This correspondingly 

implies that there could be lower risks of estrogen contamination to adjacent waterways 

and ecosystems in the summer given 30-40 mm/d of rainfall regardless of the application 

rates.  On the other hand, in the spring, it is recommendable to have low slurry 

application to prevent the high concentrations of estrogen runoff loss to the aqueous 

environment (Figure 57(a)).  

 

 

Figure 57: Prediction of E1 runoff loss distributions for different magnitudes (low, 
medium, and high) of irrigation rates in the spring (a) and summer (b). 
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Figure 58: BN model outputs in HUGIN for spring (above) and summer (below) 
seasons given the “what-if” scenario.  Red and green bars represent the scenario 

conditions and the probability distribution of model predictions given conditions, 
respectively. 
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6.4.2.3 Characteristics of Estrogen Mass Transports under Different Rainfall 
Magnitudes  

Since the estrogen runoff losses are a function of the variation in rainfall events, 

the effect of rainfall magnitude was investigated by simulating several “what-if” 

scenarios for three magnitudes of rainfall events (low: 0-10 mm, medium: 30-40 mm, and 

high: 60-75 mm) on the E1 runoff losses.  E1 runoff losses were assessed in terms of two 

different forms of E1, namely dissolved and adsorbed E1 forms in runoff water and the 

eroded soil particles. Two different scenarios were assessed, one for the spring and the 

other for the summer season.  The model findings show that overall, the higher the 

magnitude of the rainfall events, the higher E1 runoff losses are for both seasons (Figure 

59).  However, the magnitude of E1 losses is much higher in the spring as compared to 

the summer for both medium and high rainfall events. For the low rainfall events both 

seasons are predicted to generate a similar magnitude of E1 losses.  

In the context of different forms of E1 losses, we can see similar probability 

distributions of E1 losses in both forms of E1 throughout the E1 concentrations with a 

small difference on magnitude of losses at each state, except under the low rainfall 

event.  In the summer, the dissolved form of E1 losses is predicted to be more dominant 

than the adsorbed E1 phase under high rainfall event, while both low and medium 

rainfall events show to have a similar magnitude of E1 losses where more than 80% of 

E1 losses are predicted to have below 10 ug/ha E1 losses as both phases of E1.   
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Overall, the model findings indicate that the E1 transport by soil erosion is more 

prevalent than E1 transport by surface runoff during low rainfall events for both 

seasons.  On the other hand, at higher magnitudes of rainfall the more E1 loss by surface 

runoff in the dissolved form increases. Yet, the difference with the adsorbed form of E1 

loss is insignificant.  With regard to the seasonal variation on the effect of rainfall 

magnitudes, the model findings confirmed that the different vegetation types affect the 

distribution of E1 losses. Bermuda grass is more effective in preventing E1 runoff losses 

than soybean.   
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Figure 59: Comparison of effect of rainfall magnitude on estrogen transports by 
surface runoff and soil erosion in the spring (a) and summer (b) seasons. 
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6.4.3 Prediction of Estrogen Runoff Transport by Successive 
Irrigation and Rainfall Events  

Since the spray fields are managed under multiple slurry applications and 

experience several rainstorm events, the magnitude and distribution of estrogen runoff 

losses are affected by rainfall frequency, rainfall timing, and time of the slurry 

application.  To examine the effect of successive irrigation and rainstorm events on E1 

runoff losses, a dynamic Bayesian networks (DBN) model was developed and 

implemented by connecting BN models through temporal links.   

 
6.4.3.1 Characteristics of Estrogen Runoff Losses under Multiple Irrigation and 
Rainfall Events 

The characteristics of E1 runoff losses under multiple irrigation and rainfall 

events were examined by simulating “what-if” model scenarios for three time intervals 

of successive irrigation and rainfall events for both spring and summer seasons based on 

the adopted nutrient management plan for our fields (Figure  60).  For an easier 

understanding, the timeline for the second and third slurry application and rainfall 

events were described as cumulative count days followed by the beginning time of the 

first slurry application and rainfall event.  Particularly, for this analysis, low (0-10 mm) 

rainfall events were assumed to occur in all three cases since more than 90 % of rainfalls 

occur within the low (0-10 mm) range as defined in our model. 
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Figure 60: “What-if” scenario set-up in dynamic BNs. 

 
Given these scenarios, the model shows that more than 90% of E1 runoff losses 

are below 206 ug/ha and the difference in E1 losses among the three irrigation and 

rainfall events is minor in both seasons (Figure 61).  In addition, the E1 runoff losses 

appear to decrease as time lapses.          

This is largely due to the degradation process of E1 in the soil during the interval 

of slurry applications, which reduces the amount of E1 residuals in the soil.  For 

example, in the spring, more than 90% of E1 residuals are below 330,000 ug/ha in the 

previous irrigation event at time 1 and 2 irrigation events (third row variables in Figure 

62), the cumulative effect of E1 concentrations is insignificant to the magnitude of E1 
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concentration in the next slurry application at time 2 and 3 where more than 90% of E1 

concentrations are within 770,000-2.5*106 ug/ha (Figure 62).  In addition, the E1 

degradation process in the top soil before a rainstorm promotes E1 reduction in the 

surface soil (second row variables in Figure 62), which subsequently leads a similar 

amount of E1 runoff loss given same magnitude of rainfalls.  Overall, the model findings 

suggest that there is a low risk of estrogen runoff losses under multiple irrigation events 

if the time interval of irrigation is longer than 10 days. 

 

 

Figure 61: The effect of successive irrigation and rainfall events on E1 runoff losses. 
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Figure 62: HUGIN outputs for successive irrigation and rainfall events in spring.  
Initial E1 in soil is the E1 concentration right after slurry application.  E1 in surface 
soil is the E1 concentration in the surface soil right before a rainfall event.  The E1 

before next irrigation is the residual E1 concentration in the soil after the rainfall and 
before next irrigation. 
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6.4.3.2 The Effect of Rainfall Magnitude in Multiple Irrigation and Rainfall Events 

Since low (0-10 mm) magnitude rainfall events are the mostly likely to occur low 

E1 runoff losses during multiple irrigation events, the effect of higher magnitude of 

rainfall on E1 runoff losses were investigated by simulating ‘what-if’ scenarios with 

three different magnitudes of rainfalls in spring and summer seasons.  Particularly, 

those simulations were performed at the final time line, time 3, of multiple irrigation 

scenarios above to examine the impact under successive irrigations and rainfall events 

(Figure 63).  According to the model outputs, the high (6-70 mm) magnitude of rainfall is 

predicted to have more than 15% chance of E1 runoff losses above 1300 ug/ha while all 

of the E1 runoff losses by both low and medium rainfalls would be less than 1300 ug/ha 

in the spring.  In the summer, even high magnitude of rainfall is likely to lead more than 

98% of E1 runoff losses to be less than 206 ug/ha.  This seasonal difference could be 

caused by the antecedent soil condition and the vegetation type.  Unsaturated soil 

conditions, which occur more frequently in the summer as compared to the spring, 

reduce the runoff from the spray fields.  Also, as seen with the single rainfall event 

discussed above, the Bermuda grass appears to be more effective in preventing surface 

runoff losses from spray fields when compared to soybean. This is largely a function of 

the higher water storage capacity. 
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Overall, the findings confirm that there is likely to be low risk of significant E1 

runoff losses unless there are a periods of prolonged high magnitude rainstorm events. 

 

 

Figure 63: The effect of rainfall magnitudes on E1 runoff losses under multiple 
irrigation events. 
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7. Conclusions 
 Given the limited scientific understanding regarding the release, fate, and 

transport of the estrogenic compounds from swine facilities, the development of a 

quantitative and probabilistic estrogen assessment model is of high priority to prevent 

further risk of estrogen contamination and manage ecological assets effectively.  In this 

research, we have developed integrated Bayesian network (BN) models to explore and 

predict the behavior of estrogens through swine farrowing facilities.  Our developed 

models provide the framework towards assessing and quantifying  estrogen budgets 

from animal barns,  waste lagoon,  spray fields, and ultimately to adjacent waterway.  

Our developed models are capable of accounting for the environmental uncertainty in 

its prediction of estrogen fate and transport. 

We found that significant portion of the generated estrogen is released from the 

swine barns is attributed to the absolutely higher estrogen levels in the recycling lagoon 

slurry waste compared to the estrogen levels in the urine and feces wastes from barn 

animals.  We also found that the major estrogen metabolite is estrone (E1), with E1 

concentrations exceeding 300ng/L more than 95 % of the time.  Predicted E1 

concentrations were sometimes as high as 60000 ng/L.  In the context of the operating 

units, the farrowing barn was found to be the biggest contributor of total estrogen as 

compared to the breeding and gestation operating barns.   
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For the estrogen reaching the anaerobic waste lagoon, it was found that settling 

and burial reactions were the most significant factors affecting estrogen levels in the 

slurry and sludge, respectively.  The effect of the physical environmental factors, such as 

rainfall, evaporation, lagoon volume, and management actions, were found to be less 

significant as compared to the effect of settling and burial reactions.  Similarly, biological 

degradation was found to have a minor effect on reducing estrogen compounds from 

both lagoon layers.  These findings indicate that best management practices need to 

focus of measures that enhance the settling and burial reactions.  Such measures include 

the use of organic polymers or inorganic coagulants.  It should be noted that the 

adoption of these mitigation measures would help to reduce estrogen levels effectively 

without significantly changing current lagoon management plans.   

Estrogen budgets in the lagoon were found to vary by season, with higher slurry 

and sludge estrogen levels in the spring as compared to the summer. These seasonal 

differences reflect higher microbial degradation in the summer.  In the lagoon system, 

the dominant estrogen metabolite was also found to be estrone (E1), which persisted in 

the spray fields following application of lagoon slurry wastes.   

 Upon application of lagoon slurry wastes to the spray fields and given rainfall 

events, it was found that the magnitude of E1 runoff losses are much higher in the 

spring as compared to the summer, primarily due to the adopted spray field crop 
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management plans.  Planting Bermuda grass in the spray fields was able to retain a 

larger portion of the surface water runoff in the field as compared to soybeans.  Overall, 

model predictions indicated that there is a low risk of estrogen runoff losses from the 

spray fields to the adjacent water bodies even under multiple irrigation and rainfall 

events.  Yet, if the time interval between irrigations was less than 10 days and/or in the 

event of a prolonged high magnitude rainstorm event, then runoff losses become a 

significant pathway of estrogen delivery to adjacent water bodies.   

 According to a suite of model evaluation methods, our developed BN models 

were found to be consistent with the observed data in each system.  Nevertheless, it is 

recommended that further field-monitoring data should be gathered and that the model 

parameters are updated.  

This work is a major stepping stone towards the development of a full watershed 

level estrogen delivery model that can connect the spray-fields runoff model to the 

ecological heath of aquatic organisms in nearby water bodies.  Furthermore, the 

development of models that incorporate cost and benefit functions are expected to our 

model findings and present robust and tractable mitigation measures aimed at limiting 

estrogen contamination from swine CAFOs.   
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Appendix A: Parameter Estimation for a Mass Balance Embedded Bayesian Network 
 

Table A1: Data for input nodes in the lagoon slurry storage model. 

Variable                                                          Data Units 

Management Information 

Precipitation Monthly average national precipitation data for 2005-2009 inch/month 

Evaporation Monthly average national evaporation data  for 2005-2009 inch/month 

Irrigation Discharge Monthly data of irrigation data in our field on 2009 and 2010 m3/month 

Flushing Discharge Estimated flushing rates for our barn facility m3/month 

Barn Total Estrogen Input Barn flushing sampling data  ng/L 

Waste Inflow Rate Estimated monthly inflow rates based on our barn management plan m3/month 
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Table A1: Continued 

 

 

 
 

 Variable                                                      Data Units 

Reaction Information 

E3 Degradation Rate Interpolated data using mass balance equations  /month 

Barn Inflow TSS Interpolated data based on the ratio of solids and suspended TSS in the slurry  mg/L 

Slurry TSS Measured data in our lagoon slurry storage mg/L 

Estrogen Fate Information 

Equilibrium Ratio of E1/E2 Estimated ratio based on the sampled data in the lagoon  

Equilibrium Ratio of E1/E3 Estimated ratio based on the sampled data in the lagoon  
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Table A2: Equations to generate conditional probability tables for intermediate variables in the lagoon slurry storage model 
 

           Variable                         Equations for Conditional Probability Tables    Units 

Management Information 

Slurry Depth Change (Waste Inflow- Waste Outflow)/Surface Area + (Rain – Evaporation)*0.25 m/month 

Waste Outflow Rate Flushing + Irrigation m3/month 

Barn Waste Loading Barn Inflow * Barn Total Estrogen Input *1000 ng/month 

Reaction Information 

Lagoon Slurry Volume Slurry Depth Change * Surface Area  m3/month 

Fraction of E3 1/ (K2+(K2/K1)+1)  

E3 Degradation Reaction Lagoon Slurry Volume * E3 Degradation Rate * Fraction of E3 m3/month 

Settling Rate (Waste Inflow * Inflow TSS – Waste Outflow * Slurry TSS)  

/ Surface Area * Slurry TSS 

m/month 
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Table A2: Continued 

Variable                                      Equations for Conditional Probability Tables Units 

 Reaction Information  

Fraction of Particulate  kd (2.45*10-4 ) * TSS / 1 + kd (2.45*10-4 ) * TSS  

Settling Reaction Settling Rate *Surface area * Fraction of Particulate Estrogens m3/month 

Estrogen Fate Information 

Total Estrogen   Barn Input Loading / ((Outflow + Degradation Reaction + Settling 

Reaction)*1000) 

ng/L 

E1 Concentration Total Estrogen / (1+1/K1 + 1/K2) ng/L 

E2 Concentration Total Estrogen / (1+K1 + K1/K2) ng/L 

E3 Concentration Total Estrogen / (1+K2 + K2/K1) ng/L 
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Table A3: Data for input nodes in the lagoon sludge storage model 

Variable                                                    Data Units 

Sludge Reaction Information 

Sludge Depth Measured data in the lagoon sludge storage m/month 

Estrogen Fate Information 

Equilibrium Ratio of Es1/Es2 Estimated based on the sampled data in the sludge storage  

Equilibrium Ratio of Es1/Es3 Estimated based on the sampled data in the sludge storage  

 

 



 

   

 

135 

 
 
 
 

 
Table A4: Equations to generate conditional probability tables for intermediate variables in the lagoon sludge storage model 

 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

Variable                            Equations for Conditional Probability Tables Units 

Sludge Reaction Information 

Lagoon Sludge Volume Sludge Depth Change * Surface Area  m3/month 

Fraction of Es3 1/ (Ks2+(Ks2/Ks1)+1)  

Es3 Degradation Reaction Lagoon Sludge Volume * Es3 Degradation Rate * Fraction of Es3 m3/month 

Burial Reaction [(Waste Inflow * Inflow TSS – Waste Outflow * Slurry TSS) /  

Surface Area * (1-porosity) * Sludge Density] * Surface Area 

m3/month 
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Table A4: Continued 
 

Variable                            Equations for Conditional Probability Tables Units 

Estrogen Fate Information 

Total Estrogen  Settling Reaction * Slurry Total Estrogen / 

 (Es3 Degradation Reaction + Burial Reaction) 

ng/L 

E1 Concentration Total Estrogen / (1+1/Ks1 + 1/Ks2) ng/L 

E2 Concentration Total Estrogen / (1+Ks1 + Ks1/Ks2) ng/L 

E3 Concentration Total Estrogen / (1+Ks2 + Ks2/Ks1) ng/L 
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Table A5: Physical data for lagoon 

 

 

 

 

 
                  a. Biological & Agricultural Engineering Dept, 1994 
                    b. Cheng, 2002 
 

 

 

 

 

 

 

 

 

 

 

 

Variable Value Unit 

Lagoon Surface Area 13989 m2 

Sludge Densitya 8.9  lb/gal  

Sludge porosityb 0.86  
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Appendix B: Parameter Estimation for a Dynamic 
Bayesian Network 
 

B.1 Model Subsection of Estrogen before Rainfall 

B.1.1 ECL Node: Slurry Estrone Concentration 

The marginal probability of the input variable, estrone (E1) concentration of the 

lagoon slurry, was determined by deriving a predictive distribution of E1 concentration 

given observed samples.  Since we only have one day sampling of E1 slurry during 

spring and summer seasons, the uncertainty of sampling distribution of E1 

concentration would be exposed in inference to define a true distribution of E1 

concentration.  To quantify the uncertainty in a small sample size and assess more 

accurate distribution of E1 concentration, the predictive distributions of E1 

concentration were derived using Monte Carlo simulation by generating the likely 

values of slurry E1 concentrations given the observed data.  For the Monte Carlo 

simulation, first, the underlying distribution of slurry E1 samples was assumed to have a 

log-normal distribution with mean ݕത and standard deviation ߪത as a reference.  Since the 

sample mean ݕത is a random variable from a normal distribution and sample standard 

deviation ߪത is a random variable from an inverse chi-square distribution, the pair of 

likely mean (μ) and standard deviation (σ) values were generated based on those two 

distributions.  Then, the likely values of y (E1 concentration) were simulated using the 
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likely mean (µ) and standard deviation (σ) values (Qian, 2009).  By repeating this 

process of generating likely values of μ, σ, and y many times, the predictive 

distributions of E1 concentration were constructed for spring and summer seasons as 

shown in Figure B1. 

 

 

Figure B1: Predictive distribution for estrone (E1) concentration  
in the spring and summer. 
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B.1.2 AR Node: Irrigation Application Rate 

The seasonal slurry application rates were estimated based on the nutrient 

utilization plan for our field site during spring and summer seasons on 2010.  Figure B2 

shows the histograms of irrigation rates for two seasons, respectively. 

 

 

Figure B2: Distribution of irrigation rates for summer and spring seasons. 
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decay rate model by being proportional to the residual E1 concentration in soil.  This 

observation is consistent with the E1 degradation value reported by other study (Xuan, 

2008).  Since we do not have observed E1 residual data for summer, the degradation rate 

of E1 in summer was obtained by multiplying 1.99 to the degradation rate in spring 

based on the difference in literature values (Xuan, 2008).  Then, the probability 

distributions of E1 decay rate were generated in HUGIN by assuming the log normal 

distribution with the estimated values of mean and standard deviations.   

 

 

Figure B3: Estrone decay rate in our spray field site in the spring. 

 
 

 

0 10 20 30 40 50 60

0.
0

0.
5

1.
0

1.
5

2.
0

Lapsed Day

E
1 

R
es

id
ua

l i
n 

S
oi

l (
ng

/g
)

Fitted Model: y= 1.66*exp(-0.21*t)



 

142 

 

B.1.4 P node: Precipitation  

The distributions of precipitation in spring and summer were derived based on 

data from the National Climatic Data Center (NCDC).  Figure B4 shows the histograms 

of precipitation frequency for two seasons, respectively. 

 

 

Figure B4: Distributions of precipitation by season. 

 
B.2 Model Subsection of Estrogen Transport Process 

B.2.1 Modified Universal Soil Loss Equation (MUSLE) Nodes 

To propagate and estimate the potential soil erosion loss model embedded in 

HUGIN, the values of model parameters were estimated for each component of the Eq. 

6.6 of MUSLE.  For the cover management (C) and conservation practice (SP) factors, the 

 Spring Precipitation

Rainfall (mm)

D
en

si
ty

0 10 20 30 40 50 60 70

0.
0

0.
1

0.
2

0.
3

0.
4

Summer Precipitation

Rainfall (mm)

D
en

si
ty

0 50 100 150

0.
0

0.
1

0.
2

0.
3

0.
4



 

143 

 

uniform probability distributions were assigned for each crop, including soybeans, corn, 

and Bermuda grass and for erosion control practices, including buffer strips, crop 

rotation, and terracing, respectively (Table B1).  For the values of soil erodibility factor 

(K), the geographic information system (GIS) analysis was used to analyze the soil type 

of our field site using the USDA-NRCS Soil Data Mart and the average weighted value of 

k was estimated as 0.156 (Table B2).     

 
Table B1: Distribution functions for cover (C) and  

conservation practice (SP) factors 
 

Cover Factor (C) Distribution Management (SP) Distribution 

Bermuda-grass Uniform [0.01, 0.02] Buffer strips Uniform [0.1, 0.5] 

Corn Uniform [0.1, 0.3] Crop rotation Uniform [0.1, 1] 

Soybean Uniform [0.2, 0.3] Terracing Uniform [0.2, 1] 
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Table B2: Estimation of soil erodibility factor 

Soil Family Soil Type (%) Erosion Factor (K) Weighted K 

Fine-loamy 0.432 0.2 0.0865 

Fine 0.001 0.32 0.0004 

Sandy 0.214 0.02 0.0043 

Loamy 0.026 0.2 0.0052 

Fine-loamy 0.226 0.17 0.0384 

Fine-loamy 0.025 0.2 0.0050 

Fine 0.037 0.24 0.0089 

Fine-loamy 0.011 0.24 0.0027 

Fine-loamy 0.016 0.17 0.0027 

Coarse-loamy 0.011 0.17 0.0019 

Average 

  

0.156 

 

The slope length and steepness factor (LS) was estimated as 0.94 by the following 

equation (Neitsch et al., 2011): 

 
LS = (L/22.1)m(0.065 + 4.56*sin(α) + 65.41*sin2(α))                     Equation B1 

,where L was 1123 (m), m was 0.60*(1-exp(-35.835*0.57))= 0.599, and sin(α)  was 

estimated as 0.497 (%) using the GIS. 
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The peak flow runoff (qt) was assessed as a function of 0.052 * runoff (Q) (m3/s) based on 

the rational method as follows (Neitsch et al., 2011): 

 
qt = Runoff coefficient  *  Rainfall intensity (mm/hr)  * Area (km2) / 3.6     Equation B2 

 
,where runoff coefficient is Q/P, rainfall intensity is P/tconc= P/2.6 hr, and area is 121.4 

acres. 

 
A.2.2 SCS Curve Number Surface Runoff Model Nodes 

To assess the amount of surface runoff using the Soil Conservation Service (SCS) 

Curve Number model embedded in HUGIN, the curve numbers (CN) were assessed as 

a function of the soil’s permeability, land use, and antecedent soil moisture conditions.  

With the analysis of soil type and hydrologic group in our field site, the weighted CN 

values were estimated for the corresponding crops under the soil moisture condition II 

(AMC II) (Table B3).  For the soil moisture condition of AMC I and AMC III, the 

following equations were used to correct the values of CN, which was plugged into the 

HUGIN (Chow et al., 1988):  

 
CN(I) = 4.2*CN(II) / (10-0.058*CN(II))                                                                     Equation B3 

CN(III) = 23*CN(II) / (10-0.058*CN(II))          Equation B4
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Table B3: Estimation of curve numbers for each crop under AMC II 

   Bermuda Corn Soybean 

Soil Family Soil Type (%) Hydrologic Group CN Weighted CN CN Weighted CN CN Weighted CN 

Fine-loamy 0.432 B 58 25.07 75 32.42 80 34.58 

Fine 0.001 D 78 0.10 86 0.11 90 0.11 

Sandy 0.214 A 30 6.42 64 13.70 71 15.20 

Loamy 0.026 A 30 0.78 64 1.66 71 1.84 

Fine-loamy 0.226 B/D 58 13.10 75 16.95 80 18.08 

Fine-loamy 0.025 C 71 1.79 83 2.09 87 2.19 

Fine 0.037 D 78 2.88 86 3.17 90 3.32 

Fine-loamy 0.011 B 58 0.66 75 0.85 80 0.91 

Fine-loamy 0.016 B/D 58 0.91 75 1.18 80 1.26 

Coarse-loamy 0.011 B/D 58 0.67 75 0.86 80 0.92 
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Appendix C: Explanation of Estrogen Analytical Method  
 
C.1 Extraction and Preparation of Liquid Samples for Hormone 
Analysis 

 
Urine, barn flush, lagoon slurry, and lagoons sludge samples were centrifuged in 

order separate liquid and solid fractions.  For lagoon slurry samples only, an aliquot of 

each un-centrifuged sample was retained for the analysis of suspended solids. 

Centrifugation was repeated until no further precipitate was observed.  The resulting 

liquid was then filtered in series through 2μm and 1.2μm nominal pore size baked glass-

fiber filters (Millipore). 100 to 500 ml of liquid sample was then was extracted using 6ml, 

500mg C18 solid-phase extraction (SPE) cartridges (Supelco, Bellefonte, PA).  Prior to 

sample extraction, SPE cartridges were pre-conditioned with 4ml methanol (5% by 

volume) followed by 4ml reagent grade water. Samples were loaded onto SPE cartridges 

at a rate of 10-15ml/minute.  After extraction, the SPE cartridges were rinsed with 2ml 

water, and then eluted with two 4ml aliquots of methanol.  The sample extracts then 

were evaporated to near dryness, with 10µl of reagent grade water added to each extract 

in order to prevent evaporation to complete dryness.  Extracts were reconstituted to a 

volume of 1ml with ethanol, transferred to a 2ml glass chromatography vial and stored 

at -20°C until analysis. 150μl aliquots of each 1ml extract were transferred to 2ml 

chromatography vials with 200μl glass inserts and shipped overnight on ice to the USGS 

Organic Geochemistry Research Laboratory (OGRL), Lawrence Kansas for analysis of 
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estrone (E1), 17β-estradiol (E2), and estriol (E3).  Liquid sample extracts were logged and 

stored at -10°C as they waited further processing. 

For hormone analysis, two 50μl aliquots of each liquid extract was amended with 

either a 7 compound internal standard (ISTD) mix or an ISTD- 43 analyte standard mix 

and then diluted to a final volume of 0.5 ml. Thus, the final concentration of the ISTD 

spiked, A aliquot, and ISTD-analyte spiked, SA aliquot was 4μg/L. The spiked and 

diluted sample aliquots then were stored at -10°C until analysis (Matejicek et al., 2007). 

 
C.2 Extraction and Preparation of Solid Samples for Hormone 
Analysis 

 
Solid samples (feces, barn flush solids, lagoon slurry and sludge solids, and soil) 

were freeze dried and stored at -20°C until further processing.  All samples were 

weighed before and after freeze-drying, in order to determine the moistures content of 

the solids.  Aliquots of each dry solid sample were taken to determine organic carbon 

content. The remainder of each freeze-dried sample then was shipped on ice to OGRL. 

These solid samples were logged and stored at -10°C as they waited processing. 

Aliquots of each freeze-dried sample was weighed, mixed in a mortar and pestle 

with an equal mass of diatomaceous earth, and packed into 22 or 33-ml stainless steel 

cells with a glass-fiber filter at the bottom of the cell. The sample size for each type of 

freeze-dried samples was as follows: 
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 Lagoon slurry composite and individual site samples: 0.25 to 1 g 

 Lagoon sludge: 1 g 

 Barnflush: 1 g 

 Manure: 7 g 

 Soil: 10 g 

 
The stainless steel cells then were filled with Ottowa sand, capped, and loaded 

onto the accelerated solvent extractor. The lagoon solid, barn flush solid, and feces 

samples were extracted at 50°C and 1500 psi with two 2 min static cycles, 120 sec purge 

cycle, and approximately 45ml of extraction solvent. The soil samples were extracted 

using a 50/50 50mM (pH=6) citric/methanol solution. The lagoon, barn flush and manure 

samples were extracted using a 50/50 methanol/ethylacetate solution, and then were re-

extracted into separate vials with a 50/50 methanol/water solution. 

Soil extracts were evaporated to a volume of 5ml. The two methanol/ethylacetate 

and methanol/water extracts for the other sample types were evaporated to 5ml and 

20ml, respectively, and then combined and evaporated to less then 5ml. The sample 

eluates of all the solid sample types then were transferred to a 50ml polytheylene 

centrifuge tubes, and 45ml of acetonitrile was added to precipitate proteins. The samples 

then were centrifuged at 4°C and 13,000xg for 30 min. The liquid eluate then was 

decanted into a 60ml amber glass vial and evaporated to a volume of 1ml. Each sample 
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aliquot then was diluted with 50ml of water to which 1ml of a 5% EDTA solution was 

added. The samples then were extracted on a 200mg HLB cartridge (Waters Corp., 

Milford MA) using a method modified from XXX 2000X. The sample eluates then were 

evaporated to 10μl and brought to a final volume of 1ml with a solution of 90/10 

water/ethanol.  

For hormone analysis, two 100μl aliquots were pipetted into 2ml, silanized glass 

chromatography vials. One aliquot (A) was spiked with 25μl of a 1 ng/μl each of an 

internal and surrogate standard mix as well as 25 μl of methanol. The second aliquot 

(SA) was spiked with 25μl each of a 1 ng/μl internal, surrogate, and analyte mix. Both 

the A and the SA aliquots were brought to a final volume of 0.5ml using a 90/10 

water/methanol solution (Matejicek et al., 2007). 

 
C.3 Hormone Analysis Using Liquid Chromatography/Tandem 
Mass Spectrometry 

 
Samples were analyzed for E1, E2, and E3 using liquid chromatography/tandem 

mass spectrometry in negative-ion mode and multiple-reaction monitoring. Compounds 

were separated using a water-methanol gradient and ionized by post-column infusion of 

10mM ammonia hydroxide at 0.012 ml/min. Samples were separated using either an 

Atlantis dc18 3μm, 150x3 mm, or a Kinetex C18 2.8μm, 4.6x100mm analytical columns. 

Each compound was identified using retention time, protonated parent molecule mass, 
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and the ratio of the ISTD normalized areas of the quantifying and confirming ion 

daughter masses. Quantitation of E1, E2, and E3 was performed using and internal 

isotope dilution standard curve that ranged from 0.0005 to 500μg/L. Dilution factors 

from the sample processing were used to convert the liquid and solid extract determined 

concentrations to the actual hormone concentrations in the samples. 
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