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ABSTRACT

IMPROVING RISK ASSESSMENT OF TRANSGENE INVASION:

ASSESSING THE ROLE OF UNCERTAINTY IN PREDICTIONS

By

Ashok Ragavendran

Genetically Engineered organisms (GEOs) have the potential to pose a threat to the envi-

ronment and it is imperative to develop scientifically sound methodologies for assessing

the associated ecological risks. The main emphasis of ecological assessment is for trans-

genic organisms that have wild relatives and are relatively difficult to contain or have

high dispersal capabilities (e.g., plants, insects and aquatic organisms). Key to managing

environmental threats of GEOs lies in the evaluation of the possibility of transgene intro-

gression into natural populations and this is currently accomplished by using deterministic

models of varying degrees of statistical and computational complexity. Accounting for

uncertainty in these assessments is vital for quantifying risks to make realistic predic-

tions and also to gain insight for guiding further research and effective policy towards

mitigating potential hazards.

Chapter l of this dissertation addresses the issue of quantifying the effects of demo-

graphic stochasticity on predictions for transgene introgression. This work generalizes

existing methodology by incorporating demographic stochasticity using a Monte Carlo

approach. Results show that considerable variation arises in the prediction distributions

of the transgene frequency and extinction probabilities, and also that the effects of de-

mographic stochasticity vary among fitness components. Most importantly, stochasticity

allows for increased persistence of the transgene beyond what the deterministic model

predicts, even for cases where the transgene would have been lost early.

In Chapter 2, another source of variability is addressed, which arises from uncertainty

in the estimated parameters on predictions. We estimate fitness components from exper-

iments, using genetically modified Zebrafish (Danio rerio), to be used as inputs into the





net fitness component model. Applying bootstrap approaches we show that estimates of

fitness components for the wildtype and transgenic genotypes present considerable varia-

tion, both in absolute and relative values, leading to extra variation in model predictions.

Results also show that even moderate variation in estimates of individual components

can generate large effects at the population level due to non-linearity and the interactions

among genotypes. The model predictions showed good agreement with results observed

in mesocosm experiments, indicating that realistic prediction in the case of GEO risk as-

sessment can be made using carefully constructed experiments and modeling approaches.

In Chapter 2 we also present a Copula methodology to incorporate dependencies among

fitness components due to life-history trade-offs, to assess their effects on model predic-

tions. Results show that assuming independence among fitness components can produce

overly conservative predictions. Further, correlations among absolute fitness components

differ from that among the relative values of fitness components, which are the final de-

terminants of transgene fitness.

Based on the simulations for the first two research chapters, there arose a clear need to

formalize approaches for exploring the parameter space while reducing the computational

burden. In Chapter 3, a global sensitivity analysis was considered to examine the effect

of parameters on the model. Meta-modeling using a Bayesian Gaussian Process (BGP)

was employed to improve the efficiency of sensitivity analysis and thus reduce the overall

computational burden without sacrificing model complexity. The predictions from the

BOP model are shown to provide satisfactory performance as an emulator. The choice

of a Bayesian approach is deliberate as this framework is flexible enough to incorporate

model extensions as well combine outputs across multiple models. Moreover, this choice

will facilitate integration with other areas in future.
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Introduction

Current rates of global environmental change due to anthropogenic modification of nat-

ural habitats have resulted in accelerated extinction of natural populations (Gaggiotti,

2003), leading to rapid changes in biotic interactions (Kareiva et a1., 1993) with conse-

quent ecological impacts. To formulate effective policy and regulations that can mitigate

these impacts ecological risk assessments have risen to prominence in the last decade,

especially in the context of new technologies that can potentially further stress natural

systems. Ecological risk assessment focuses on the relationships among one or more

stressors and their associated ecological effects and serves as a guide for regulatory deci-

sion making and provides insights into the possible exposures and concomitant hazards.

Recently, there has been an emphasis on making population-level risk an explicit con-

sideration in ecological risk assessments (Bamthouse and Sorenson, 2007), and more

importantly integrating genetics and population dynamics into model based approaches

(Nacci and Hoffman, 2008). Modern ecological risk assessments include modeling as a

fuI‘Ciarnental component to predict population trajectories and to quantify risks (Bamt-

hOUSe and Sorenson, 2007). Many types of population models have been developed for

use in ecological risk assessment with varying degrees of statistical and computational

Comp]exity (Bamthouse and Sorenson, 2007). In the past decade, advances in computing

teelirlOlogy have allowed for the emergence of complex simulation models as a primary

tool for ecological assessments. Simulations are recognized as a kind of experimental

s

ystel’h where a complex model formulation mimics the behavior of natural systems. This
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can help researchers investigate system behavior by manipulations that would be impos-

sible otherwise, either logistically or ethically (Peck, 2004).

Advances in the biotechnology realm combined with escalating demand for food

worldwide has fostered the growth of transgenic solutions for generating environmen-

tally friendly produce (Aemi, 2004) and is especially true in aquaculture wherein more

than 30 species are awaiting commercial release (Devlin et al., 2006). Transgenic tech-

nology is also gaining ground in livestock (Clark and Whitelaw, 2003) and crop produc-

tion (Pilson and Prendeville, 2004), but has not been widely received by consumers and

no transgenic animal has been approved for food consumption in the USA or elsewhere

primarily due to environmental concerns. The main emphasis of ecological assessment

is for transgenic organisms that have wild relatives and high dispersal capabilities (e.g.,

plants, insects and aquatic organisms; National Research Council, 2004). In this con-

text biological containment strategies will have to be employed if there exists potential

for hybridization with wild populations leading to introgression or speciation (National

Research Council, 2004). Clearly, potential environmental impacts of genetically engi—

neered organisms (GEOs) should be evaluated and regulated using a scientific approach

towards policy, wherefore research and assessment of impacts should capture the dynam-

ics under a spatio-temporal context relative to a comparator, usually the same organism

without the transgene (see reviews in Andow and Hilbeck, 2004; Andow and Zwahlen,

2006; Tiedje et al., 1989)). Scientific approaches for assessing the risks of transgenic

crops recognize the need to utilize an ecological basis (e.g. Andow and Hilbeck, 2004)

wherein population-level strategies employ the integration of genetics and demography

(Nacci and Hoffman, 2008).

Key to managing environmental threats of GEOs lies in evaluating the possibility

0f transgene introgression into natural populations and its resultant ecological impact

\Heclrick, 2001). The likelihood of invasion and the persistence of a transgene depends

on the fitness of the transgenic type relative to that of wildtype genotypes (Tiedje et al.,
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1989). The problem consists of two aspects: (a) prediction regarding the introgression of

the transgene into wild populations and the associated changes in genetic composition of

the population, and (b) predicting changes in ecological interactions following introgres-

sion and therefore ecosystem effects from changes in the wildtype population. Assessing

the environmental effects of GEOs requires information at multiple levels of biological

organization; for example, transgenic individuals may induce population-level effects by

altering biotic interactions (Devlin et al., 2004) which is shown to impact community and

ecosystem dynamics (Kareiva et al., 1993).

Current methodology for assessing the ecological risks and impacts of transgenic

organisms are based on a plethora of modeling frameworks ranging from verbal mod-

els (Knibb, 1997), reaction-diffusion methods (Soboleva et al., 2003), matrix popula-

tion models (Claessen et al., 2005; Garnier and Lecomte, 2006; Muir and Howard, 2001,

2002), and spatial transfer models coupling population dynamics and genetics (Meagher,

2003; Richter and Seppelt, 2004). A recurrent theme amongst these models is that they

are mainly developed for assessing the risk of transgenic crops and focus more on hy-

bridization with wild relatives of the modified crop species (Hails and Morley, 2005).

The last decade has also seen increased complexity in the modeling frameworks towards

predicting the fate of the transgene introgression into natural populations. Models of in—

trogression for transgenic crops evaluate gene flow based on pollen dispersal, for example,

incorporating exponential distance and directional effects of wind mediated pollen disper-

sal (Meagher, 2003) or transport equations of atmospheric physics coupled with popula-

tion dynamics and genetic models (Richter and Seppelt, 2004). Additionally, structured

pOpulation models combining dispersal (Garnier and Lecomte, 2006) and environmental

variability (Claessen et al., 2005) have also been employed in this context. More re-

cently the AMELIE modeling framework proposed for transgenic crops combines both

wvulation structure, stochasticity and dispersal (Kuparinen and Schurr, 2007). The con-

sequence of increased model complexity are twofold, the number of parameters in the
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model increases and the relationships among variables need not be linear. For example,

in the proposed AMELIE framework there are 29 parameters and this is the most sophis-

ticated model yet for risk assessment of transgenic crops.

Aquaculture is another area wherein there is a large and increasing diversity of GEOs

awaiting field release (Devlin et al., 2006) and there is a relative paucity of modeling

frameworks in this area. Most species used in aquaculture have natural populations in

the wild (e.g. salmon) and therefore, in conjunction with their dispersal characteristics,

create real potential for the transgenes to invade natural systems and cause perturbation at

the community and ecosystem levels. For the case of GE fish, Muir and Howard (2001;

2002) proposed a generic modeling framework based on matrix population models (sensu.

Caswell, 1989) that incorporates genetics and demography. Their model is based on an

age-structured population model characterized by six net fitness components (juvenile vi-

ability, adult viability, mating advantage, age at sexual maturity, female fecundity and

male fertility, and reproductive longevity). The utility of this modeling framework lies

in linking individual life history traits to population dynamics to provide insight into the

evolutionary fate of populations (Grant and Benton, 2000). Matrix population models are

widely employed in applied ecology to predict the fate of populations of economic and

conservation concern (Tuljapurkar, 1997). This approach provides a reasonable frame-

work to evaluate the probability of gene introgression in natural populations and has been

advocated as a tool for assessing risks of GE crops (Hails and Morley, 2005).

A characteristic feature of biological populations is the inherent variability arising

from chance events that individuals within the population experience influencing their

survival and reproduction. Sources of demographic variation can be divided into vari-

ation within individuals with the same vital rates (sensu. Pollard (1966)) and variation

in Vital rates among individuals (sensu. Fox and Kendall (2002)). Recent demographic

Studies of natural populations have underscored the importance of the role of variation,

both environmental and demographic, and is shown to be imperative in understanding the
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influence of anthropogenic modifications on natural populations (Boyce etal., 2006). For

example, it has been shown that variation in vital rates can signicantly affect outcomes of

demographic models with important ramifications, such as estimates of population growth

rate (Tuljapurkar et al., 2003) and persistence (Engen et al., 2005b). Uncertainty in es-

timated model parameters is another source of variation for model predictions in using

population models to predict population fate. In the context of matrix population models,

uncertainty in vital rates has been implemented using two broad schemes of resampling.

One involves resampling of the projection matrices over time for a single trajectory of the

forecast and the other involves sampling a random set of projection matrices, each having

their individual trajectories (e.g. Life-stage Simulation Analysis (LSA), Wisdom et al.,

2000). Many methods have been developed to elicit the effect of individual parameters of

the projection matrix on the overall growth rate of populations, such as elasticity analysis

(Grant and Benton, 2000; Caswell, 1989), and utilized in forecasting for management and

conservation (Morris and Doak, 2002). Monte Carlo approaches are specifically used in

this context to evaluate the effect of uncertainty in parameter estimates, especially in sit-

uations with limited field data or when analytical derivations of the model dynamics are

impossible or cumbersome (Tuljapurkar et al., 2003; Caswell, 1989).

It is also widely recognized that dependencies among the vital rates are also impor-

tant, especially for forecasting. Long standing considerations of these dependencies have

focused primarily on temporal correlations among the projection matrices (Tuljapurkar,

1990) accounting for environmentally driven correlation in vital rates, which is shown

to decrease extinction times (Inchausti and Halley, 2003). However, life history theory

has long recognized the importance of associations among vital rates in determining the

evolutionary fates of different genotypes in populations (Stearns, 1992). Recent studies

haVe shown that incorporating associations in the vital rates based on life-history theory

can modify evolutionary stable states (Koons et al., 2008) as well as modify estimates of

pOpulation growth rates (Ramula and Lehtila, 2005). Most approaches utilize an ad-hoc
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method of eliciting the role of correlations among the vital rates (e.g. Ramula and Lehtila,

2005; Wisdom et al., 2000), based on linear correlations to measure dependencies.

Using a modeling approach, the first step towards understanding system behavior lies

in extracting the relationship between variation in parameters and the resultant variation in

model output, known as uncertainty analysis (Saltelli, 2000). The next step is to examine

the contributions of the parameters to the variation in the output and their relative impor-

tance, also known as sensitivity analysis. A wide array of methods exist for sensitivity

analysis , both local and global, covered by an extensive literature (for a comprehensive

review see Saltelli, 2000). Local sensitivities have been widely used for simple models

of population dynamics as they are derivative based, usually can be analytically derived

and thus are not computationally intensive. For example, elasticity analysis performed

for population viability analysis (Caswell, 1989; Morris and Doak, 2002, PVA; see) using

stage-structured models are local methods, however, this is simple only if the response

is linear and monotonic. Global sensitivity analysis (GSA) for ecological models, using

variance-based techniques (an ANOVA like decomposition of the output variance), has

recently become prominent and provide insight on the relative importance of factors in

complex model settings. An accessible introduction to GSA using variance based tech-

niques can be found in Saltelli et a1. (2008) as well as two recent reviews introducing this

approach to ecological applications (Cariboni et al., 2007; Fieberg and Jenkins, 2005).

Previously, models based evaluation of the risks associated with transgene introgres-

sion have utilized a deterministic framework for the the dynamics of the population,

largely ignoring stochastic variation intrinsic to the populations as well as uncertainty

in parameter estimates. Using matrix projection models with environmental stochastic-

ity, Claessen et al. (2005) showed that extrinsic variation impacts the invasion risk and

Persistence of feral crops once transgene introgression has taken place. Prediction of

transgene introgression into natural populations is contingent on evaluating the relative

fitness of the transgenic type and the selection dynamics in natural populations. Fitness



of the transgene is associated with pleiotropic effects on fitness components which can

impact risk (Muir and Howard, 2001, 2002). Genotype x Environment (G x E) effects

(Devlin et al., 2006), when environments vary, can further compound the associated risk

and thus necessitates multiple model evaluations. Furthermore, accuracy of assessments

is compounded by the fact that transgenic phenotypic effect can only be deduced from lab-

oratory experiments, therefore creating uncertainties in the estimated parameters. Thus

constructing assessment models for transgene introgression within a predictive frame-

work necessitates research integrating the above facets of uncertainty in conjunction to

provide effective results for regulatory decision-making.

This dissertation research focuses on filling the lacunae in the existing methodology

for assessing risk of transgene introgression into natural populations. Specifically, this re-

search address the effects of demographic stochasticity and uncertainty in parameters on

predictions for transgene introgression using a modeling approach. Furthermore, this re-

search also provides some methodology improvements to existing modeling frameworks

so they can implement biological mechanisms in a realistic manner. Specifically, the fol-

lowing objectives are addressed : 1) Determine the role of demographic stochasticity in

modifying predictions of transgene introgression and the relative contributions of individ-

ual fitness components to the resultant variation, 2) Determine the role of uncertainty in

estimating parameters on model predictions of transgene introgression and 3) Assess the

global effect of parameters on model behavior using sensitivity analysis and the efficiency

of sensitivity analysis through meta-modeling using a Bayesian Gaussian Process, to re-

duce the computational burden. Each Chapter in the thesis addresses a specific objective.

Chapter 1 and Chapter 2 developed from the void in the existing literature on the impact

of stochasticity for making predictions. While working on Chapter 2, it was clear that it

Was important to account for correlations among fitness components to make predictions

realistic and biologically meaningful. However, current approaches are primarily ad-hoc





in their implementation of correlations and so we alternatively implemented a Copula ap-

proach (For an introduction to the theory of copulas see Nelsen, 2006) as formal method-

ology for incorporating correlations. Finally, based on conducting simulations for the first

two research chapters, there arose a clear need to formalize approaches for running them

and thus reduce the overall computational burden without sacrificing model complexity.

This led to the adaptation of meta-modeling using a Bayesian approach in Chapter 3. The

Bayesian framework is flexible enough to incorporate model extensions as well combine

outputs across multiple models, e.g. using hierarchical modeling for population ecology

(Clark, 2003) or model averaging (BMA; Gelman, 2004). With increased computational

power Bayesian approaches are becoming popular for assessments in conservation (Wade,

2000), population modeling (Millar and Meyer, 2000), population genetics (Beaumont

and Rannala, 2004) and evolutionary biology (OHara et al., 2008) and this choice will

facilitate integration with those areas in future. Finally, as part of the research program

a stochastic re-implementation of the net fitness component model(Muir and Howard,

2001) was also created, which will be deployed in the near future as software tool for

decision-makers.
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Chapter 1

Demographic stochasticity alters

predicted risk after a GEO invasion

1.1 Introduction

Escalating demand for food worldwide has fostered transgenic solutions for generat-

ing environmentally friendly produce, this is especially true in aquaculture (Aemi, 2004).

Transgenic technology is gaining ground in livestock (Clark and Whitelaw, 2003) and

crop production (Pilson and Prendeville, 2004), but has not been widely received by con-

sumers and no transgenic animal has been approved for food consumption in the USA

or elsewhere primarily due to environmental concerns. The potential for environmental

hazards are higher with organisms that have wild relatives and high dispersal capabilities

(e.g., insects and aquatic organisms National Research Council, 2004). Clearly, poten-

tial environmental impacts of GEOs should be evaluated and regulated using a scientific

approach towards policy, wherefore research and assessment of impacts should capture

the dynamics under a spatio-temporal context relative to a comparator, usually the same

organism without the transgene (see reviews in Andow and Hilbeck, 2004; Andow and
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Zwahlen, 2006; Tiedje et al., 1989). Assessing the environmental effects of GEOs re-

quires information at multiple levels of biological organization; for example, transgenic

individuals may induce population-level effects by altering interactions among individu-

als (Devlin et al., 2004) that can impact community and ecosystem dynamics.

Key to managing environmental threats of GEOs lies in evaluating the possibility

of transgene introgression into natural populations and its resultant ecological impact

(Hedrick, 2001). The likelihood of invasion and the persistence of a transgene depends on

the fitness of the transgenic type relative to that of wildtype genotypes (Tiedje et al., 1989).

The problem consists of two aspects: (a) prediction regarding the introgression of the

transgene into wild populations and the associated changes in genetic composition of the

population, and (b) predicting changes in ecological interactions following introgression

and therefore ecosystem effects from changes in the wildtype population. If it can be

shown that the probability of transgene introgression is null or very low then ecological

impacts need not be considered (Muir and Howard, 2004).

Previous studies have used a plethora of modeling approaches to evaluate the fate of a

transgene in populations (Hails and Morley, 2005). Models range in varying complexity

from verbal models (Knibb, 1997), reaction-diffusion methods (Soboleva et al., 2003),

matrix population models (Claessen et al., 2005; Gamier and Lecomte, 2006; Gamier

et al., 2006), and spatial transfer models coupled with population dynamics and genetics

(Meagher, 2003; Richter and Seppelt, 2004). For the case of GE fish, Muir and Howard

2001; 2002 found that the risk associated with transgene introgression depends on the

pleiotropic effects of a transgene on fitness components. Their analysis was based on

an age-structured population model characterized by six net fitness components (juvenile

viability, adult viability, mating advantage, age at sexual maturity, female fecundity and

male fertility, and reproductive longevity). They show that population extinction could

10





result when the transgene was influenced by both sexual selection through increased mat-

ing advantage of male transgenics and natural selection through reduced viability of ju-

venile transgenic offspring, the ”Trojan Gene” effect (Muir and Howard, 1999). Their

model falls under the aegis of matrix population models (Caswell, l989sensu. ), the util-

ity of which lies in linking individual life history traits to population dynamics (Grant and

Benton, 2000) and provides insight into the evolutionary fate of populations. Currently

these models are widely employed in applied ecology to predict the fate of populations of

economic and conservation concern (Tuljapurkar, 1997). This approach provides a rea-

sonable framework to evaluate the probability of gene introgression in natural populations

(Hails and Morley, 2005).

Muir and Howard’s model (Muir and Howard, 2001) can be considered an extension

of matrix population models to multiple genotypes in a deterministic setting. Real popu-

lations, however, consist of a discrete number of individuals that experience chance events

which influence their survival and reproduction, resulting in demographic stochasticity.

Earlier models of transgene introgression have been based primarily on a deterministic

approach. A notable exception is the use of matrix projection models with environmental

stochasticity (Claessen et al., 2005), which show that stochasticity impacts the invasion

risk and persistence of feral crops once transgene introgression has taken place. Sources

of demographic variation can be divided into variation within individuals with the same

vital rates (sensu. Pollard, 1966) and variation in vital rates among individuals (sensu. Fox

and Kendall, 2002). Most work on stochasticity in age-structured populations evaluates

the impacts of stochastic variation in vital rates (the parameters of the projection matrix)

(Tuljapurkar, 1997). However, almost all considerations of stochasticity on population dy-

namics largely ignore genetic variation within populations. Contrastingly, classical pop-

ulation genetics focuses mainly on the dynamics of allele frequencies and only implicitly

incorporates the effect of population size and age structure. Stochasticity in these models

is largely a function of random sampling of gametes from an finite pool i.e random genetic

ll
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drift and gloss over the effect of population dynamics (Ewens, 2004). Emerging studies

combining aspects of both, genetics and population dynamics, suggest that the interplay

can have significant impacts. For example, demographic stochasticity can influence the

effective population size in age-structured populations (Engen et al., 2005a) and selection

for stable population growth rates can favor genotypes with lower variance in vital rates

(Shpak, 2007). Prediction of transgene introgression into natural pOpulations is contin-

gent on evaluating the relative fitness of the transgenic type and the selection dynamics

in natural populations. Furthermore, accuracy of assessments is compounded by the fact

that transgenic phenotypic effect can only be deduced from laboratory experiments, there-

fore creating uncertainties in relation to Genotype X Environment (G x E) effects (Devlin

et al., 2006). Thus constructing assessment models for transgene introgression within a

stochastic framework necessitates understanding the role of stochasticity in both genetics

and demography.

In this study, we investigate the effect of demographic stochasticity, primarily within

individual variation in age structured models on the probability of fixation of a trans-

gene using a Monte Carlo implementation. To this end we pose the following questions:

How does demographic stochasticity affect predictions of extinction times relative to a

purely deterministic model? What are the relative contributions of fitness components to

stochastic variation, both individually and jointly? And finally, what is the impact on the

probability of fixation and the dynamics of the transgene?

1.2 Materials and Methods

1.2.1 Stochastic Net Fitness Component Model

Our model is an extension of Muir and Howards Net Fitness component approach (Muir

and Howard, 2001). A brief description of the deterministic model follows, for more

12



details see Muir and Howard 2001 and see Appendix A.

We assume a diallelic model conferring three genotypes in the population (transgenic

homozygote ww, wildtype homozygote WW, and the heterozygote Ww). The dynamics of

the population of each genotype, comprised of a vector of age classes, can be formulated

as:

Reproduction

t + 1 WW WW WW
"0,WW:FI :f(N xN and

t+1

n0,ww

__ WW.
—Ft

Survival

-t+l

 

 

Nww x NWW)

 

-——-) ———>

and NWW x NWW)

fl

 

——>

  t,

7‘ > ____,

1+ 1W 2 Fth .f(fiww xNWwJVWW X Nww

W ——-> —-) -——>

N W x NW and NW x NWW)

 

(1.1)

where the F4;; represents reproductive output for each genotype g (see Appendix A equa-

tion 5) at time t and are nonlinear functions of the reproducing individuals in all age

classes over all three genotypes; the Sg submatrices represent the age-specific survival

__)

parameters for each genotype g and ng represents the population vectors of each geno-

type. The model is not analytically tractable when there are multiple genotypes, except

under very simplified assumptions (Bodmer, 1965). Details on an comprehensive review

of the population genetic analysis of age-structured populations in the deterministic con-

text can be found in Charlesworth (1994).

The implementation of demographic stochasticity follows Pollard (1966), wherein the

13
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8
number of individuals na t’ within an age class a at time t, are random variables. The el-

ements of the projection Matrix A (i.e. age specific vital rates) are parameters underlying

8
a I over time and are therefore constant in all simula-

9

the distributions generating the n

tions. For example, the number of individuals surviving from age 1 (n1) to the next age

is a random draw from a binomial distribution, i.e. (n2 ~ Bin(n., s)), where s is the sur-

vival parameter (probability of survival) for all age 1 individuals. Similarly, stochasticity

related to the other components in the model are implemented using a Poisson process

for female fecundity, binomial processes adult and juvenile survival, and a multinomial

process for mating success (also see Appendix B for a more detailed explanation). Male

fertility and age of sexual maturity components were the only fitness components that

were applied in a deterministic manner.

1.2.2 Monte Carlo Implementation

We used a Monte Carlo approach to understand the dynamics in the total popula-

tion based on demographic stochasticity applied to the three genotypes in the popula-

tion. A thousand runs were performed for each scenario (see paragraph below; Ta-

ble 1.2) and each run stopped only when the total population reached the extinction

threshold or reached a maximum of 20,000 time steps which corresponds to approxi-

mately 250 generations. The model was implemented in the C++ programming lan-

guage and all random number generators were used from the GSL libraries (Galassi et al.,

2003)(http://www.gnu.org/software/gsl/).

Two different sets of runs (hereafter Runl and Run2) were performed. Runl consist

of eleven different scenarios of which the first four scenarios comprise stochastic imple-

mentation of each particular component singly (Scenarios F for Fecundity, M for Mating

Success, A and J for adult and juvenile viability respectively). The next five scenarios

correspond to stochastic implementations of combinations of components, to evaluate the

14
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joint contributions of each fitness component to the overall variation (e.g. Fecundity and

Juvenile viability: Scenario F+J; detailed notation in Table 2). Scenario 10 (3Mill) is

an implementation of stochasticity in all components with a larger starting population

size of three million individuals for the WW genotype and Scenario 11 (A82) was with

a reduced age structure (weekly rates instead of daily). We used the same parameters

for the fitness components for all scenarios based on a single combination of transgenic

juvenile viability and transgenic mating advantage (2-fold) that leads to extinction of the

total population (see Table 1.3 for paramter values used). Parameters for the simulations

were based on the values estimated for transgenic Medaka (Muir and Howard, 2001). A

numerical search algorithm was used to initially adjust the juvenile survival of the WW

genotype to start the initial population (NWW only) at a stationary stable age distribution

(i.e., AWW ~ 1). Adult male and female transgenic individuals (NWW) were introduced

into the population at 0.001% of the WW population size (60,000 individuals in a 1:1

sex ratio). Generation time was calculated as the average age of females to replace the

population (see Caswell, 1989, pg. 110) and all generation times reported are in terms

of the WW population only. We used quasi-extinction times defined as the time to reach

a threshold population size to alleviate confounding between the effects of demographic

stochasticity and error propagation due to rounding.

The second set of runs (Run2) was performed over a two-dimensional grid of param-

eter values for juvenile survival and mating success of the ww genotype (Table 1.3). To

speed up the simulations we used a weekly instead of daily age structure and the other pa-

rameters were adjusted accordingly. For each combination ofjuvenile survival and mating

success, we ran 200 simulations to obtain the distributions at that particular combination.

15
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1.3 Results

We present population trajectories and time to extinction for only four of the scenarios:

fecundity (F), mating success (M), juvenile viability (J), and F+M+A(adult viability)+J,

in the main text (see Table 1.2 for scenario descriptions). We focus on these scenarios as

they illustrate the main patterns in the results, but do present plots for all scenarios in the

appendix (see Fig. A. 1.1), and highlight some specific results for other scenarios.

At a threshold population size of ~ 100 individuals, the distribution of quasi-extinction

times was skewed to the right (Fig. 1.1; see also the quantiles in Table 1.1). The average

time to quasi-extinction (hereafter #QE’ calculated over all the 1000 runs) was centered

on the quasi-extinction time from the deterministic model (hereafter pdet) for scenarios

involving mating success and fecundity only (scenarios F & M, Fig. 1.1). Additionally,

variation around pQE for these components was low (%CV 1.3%, 0.6% and 1.26% re-

spectively, Table 1). In all other scenarios, the ,uQE was lower than, but close to, the ”det

(:t:5% Table 1.1). However, pdet was in the upper tail (2 75’hpercentile) of the distribu-

tion of quasi extinction times from the stochastic simulations, except for scenario J where

the fldet coincides with ,uQE (Fig. 1.1, Table 1.1, [.ldet percentile). The viability com-

ponent contributed most variation in the time to extinction, specifically juvenile viability

and any combination including it.

Other scenarios have similar trends to those used above, e.g., the distribution and

statistics of (quasi) extinction times for scenario F+M were similar to those of scenario F

or M and likewise scenarios A82 and 3mill are qualitatively similar to scenario F+M+A+J

(See Fig. A.1.1). Combinations with juvenile viability, i.e., scenarios with +J: A+J,

M+A+J, F+A+J, had very similar distributions and moments to those of scenario J (See

Fig. A.1.1 scenarios J, A+J, M+A+J, F+A+J, M+F+A+J).
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1.3.1 Fitness Components and Variance

When one fitness component was stochastic at a time, stochasticity in juvenile viability

(scenario J) led to the highest variance in trajectories of total population size and gene

frequencies, and stochasticity in fecundity (F) and mating success (M) led to the lowest

variances (Fig. 1.2a & Fig. 1.2b, See Fig. A. 1.2 & Fig. A.1.3 as well).

Stochasticity in fecundity and mating success components make significant contribu-

tions only when the population size is very small (Fig. 1.23, Scenarios F & M). Ana-

lytically, it can be shown that stochasticity in these components contributes to variation

only when the number of reproducing individuals are very low (see Appendix C) and this

is supported by our simulations, singly (scenarios F & M) or in combination (scenario

F+M).

In the case of viability, as expected (see Appendix C), juvenile viability has a larger

contribution to variance in population size (Fig. 1.2a) and transgene frequency (Fig. 1.2b)

than adult viability. In some circumstances, adult age classes contributed little to the

variances; for example, in scenario A in which only two populations went extinct out of

1000 simulations (see Fig. A. l .2.

Variance in total population size and transgene frequency follows a convex trajectory

over time increasing to a peak initially and then declining in all scenarios (Fig. 1.2a

& Fig. 1.2b). Declining population size results in concurrent increase of the %CV in

population size for all scenarios; however, in scenarios with a stochastic implementation

ofjuvenile viability, either jointly or singly (scenarios J, F+A+J, M+A+J etc), the %CV

in population size was _>. 50% at half the time to extinction, and the rate of increase was

almost exponential (See Fig. A. 1 .4a & Fig. A.1.4b scenario J and scenario F+M+A+J).

Importantly, the variance in total population size is initially lower than the sum of

variances of the individual genotype populations (around 15-20 generations, Fig. 1.2a)

and thereafter it is greater than the sum of the variances. This implies that the covariance
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of the WW genotype with the other genotypes changes both in sign and magnitude over

time when the allelic diversity is highest at the transgenic locus.

1.3.2 Allelic Frequency of the Transgene

In the deterministic model, there was no fixation of the transgene; the maximum trans-

gene frequency equalled 0.75, before the total population became extinct. Under stochas-

ticity, it is expected that the distribution of maximum transgene frequency (max(pww))

to be centered around the deterministic value. For all scenarios, the evolution of the av-

erage transgene frequency (pww) closely follows the deterministic trajectory. However,

variation in the transgene frequency over time was lower for scenarios F, M, and F+M,

than for scenarios that included stochasticity in those components, plus stochasticity in

viability (scenarios F+J, M+J, and F+M+J; Fig 1.2b).

An important distinction between the stochastic and deterministic models is that, in

the former, transgene frequencies can go to fixation in individual populations (pww = 1),

and the probability of fixation depends on the components that are stochastic (Fig. 1.4).

Furthermore, an important consequence of stochasticity is that the probability of fixa-

tion (Pr(pWW = 1)) was high when viability components were stochastic (scenarios J,

M+A+J, F+M+A +J; Fig. 1.4). There was no fixation of the transgene when only fecun-

dity or mating success components were stochastic (scenarios F, M, F+M; Fig. 1.4). The

persistence of the transgene was assessed as the proportion of simulations where the trans-

gene frequency (pww) is _>. 0.01 in 49 generations (Fig. 1.4). In the deterministic case

pww = 0.00176 (at wjuvenile viability=0.65, ww mating success=5) in 49 generations,

i.e. the transgene frequency is lO-fold lower than the persistence threshold. Contrastingly,

in the stochastic case 1.5% of the 200 simulated populations had pww 2 0.01.
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1.4 Discussion

The environmental risk associated with transgene introgression into natural populations

can be characterized using a simple probabilistic approach (Muir and Howard, 2002) as

Risk 0c Pr(HarmlHazard) >< Pr(Hazard) (1.2)

where Harm denotes the possible community impacts and Hazard denotes the possibility

of gene introgression and the symbol | represents the conditional operator. Risk can be

difficult to characterize given the potential for impacts at multiple levels of biological

organization, from populations to communities, except under straightforward situations,

e.g. the Trojan Gene hypothesis (Muir and Howard, 1999), wherein population extinction

occurs. Alternatively, if the probability of transgene introgression (Pr(Hazard)) is zero

(or close to zero) then the Risk is also very small.

Our results show that that predictions from a purely deterministic model can severely

underestimate the possible risks of extinction (Fig. 1.1; Scenario F+M+A+J). Demo-

graphic stochasticity is usually considered to be more important than other forms of

stochastic variation for small population sizes, usually 5 100 individuals (Lande, 1993).

It has been shown that the variance due to demographic stochasticity can contribute to

uncertainty in estimates of extinction times in age-structured populations (Engen et al.,

2005b). This also applies to the multi-genotype case and is supported in our simulations

wherein the (quasi) extinction times from the deterministic model are usually in the upper

percentiles of the distribution (Table 1.1).

Transgene introgression acts as a perturbation and modifies the variances in predic-

tions of population size (Fig. 1.2a) which depends on the covariances among genotypic

frequencies. Although we are unable to derive any explicit analytical explanation for
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this phenomenon, it occurs under all scenarios and is independent of the form of age-

structure of the population or population size. Recent studies have reconsidered the role

of demographic variation in the context of predicting population dynamics, especially

when age structure (Engen et al., 2005b) or mating system (Legendre et al., 1999) are

taken into account. Demographic variances can range from 20-40% of the population

size (Saether et al., 2004) and can slow down biological invasions (Snyder, 2003), re-

duce stochastic growth rates (Engen et al., 2005a) and impact demographic parameters in

natural populations (e.g. avian populations (Saether and Engen, 2002) and Scandinavian

brown bear populations (Saether et al., 1998)). Effective population size (Ne) is shown to

be inversely related the demographic variance in age-structured populations (Engen et al.,

2005a). Therefore, our results suggest that transgene invasion into wildtype populations

has the potential to impact Ne and that demographic stochasticity can play an important

role in this process. This needs to be accounted for in risk prediction models of transgene

invasion and is especially valid within the context of using transgenic technology to re-

duce harvesting pressure on declining natural populations, such as the fisheries industry

(Muir, 2004).

We see in our simulations that demographic stochasticity can impact predicted fixa-

tion probabilities (Fig. 1.4), even in the absence of random sampling of alleles to form

Offspring (random genetic drift). The simulations are based on a one time introduction of

adult transgenic individuals and a low starting transgene allele frequency (pww = 0.001).

This is a conservative approach, both in the number and frequency of introduction. For

eXample, it is estimated that approximately 2 million farmed salmon escape every year

from net-pen aquaculture into north Atlantic populations (Naylor et al., 2005). This un-

derScores the importance for utilizing a stochastic framework to account for the role of

demography even when assessing baseline risks of transgene introgression.

An important insight derived from our results is that demographic stochasticity can

pron‘l<)l:e higher persistence of the transgene and make a significant contribution to the
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variance in predicted allele frequencies (Fig. 1.4). Demographic stochasticity elevates

persistence of the transgene even when the overall fitness of the transgene is lower than

the wildtype and predicted to be lost quite early in the deterministic context. This poses

an additional risk at two levels; First, under the context of G x E effects this creates

a potential for selection pressures on the transgenic type to vary over space and time

based on dynamic environmental regimes. Current rates of global environmental change

due to human populations can bring about rapid changes in biotic interactions (Kareiva

et al., 1993) and elevated persistence of the transgene may necessitate modification of the

estimated risk of impacts. Secondly, recent microevolutionary studies have questioned

the stability of the genetic variance-covariance matrix (G-matrix (Ferriere et al., 2004;

Jones et al., 2003)) and therefore, higher persistence of a transgene combined with the

pleiotropic effects has the potential to transform the adaptive landscape of introgressed

populations through the G-matrix.

Given the uncertainties associated with the evaluation of environmental risks attributed

to GEOs, concern has been expressed that experimentation and modeling may not be an

effective approach to make quantitative predictions and sound decisions (Kareiva et al.,

1996). In complex systems where experiments are impossible to conduct, simulations

using Monte Carlo techniques can provide an avenue of experimental evaluation making

it possible to derive insight into the plausible sets among competing hypothesis (Peck,

2004). The net fitness component approach provides an useful framework to link both the

genetics and population dynamics and our results show that each fitness component con—

tributes differently to demographic variances. Furthermore, it has been shown that there

are strong associations between demographic variance and life history characteristics (e.g

aVian populations (Saether et al., 2004)). Extensions incorporating life history trade-

Offs can be linked to the vital rates through the fecundity and survival functions (Roff,

1992) and therefore our modeling framework can also be useful in evaluating uncertain-

ties underlying the risk of transgene introgression based on life history characteristics.
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In conclusion, we can say that demographic stochasticity makes a significant contribu-

tion to uncertainty in predicting evolutionary trajectories in transgene introgression. This

certainly needs to be accounted for in evaluating the associated risks and the Net Fitness

component model provides a flexible framework not only to incorporate various sources

of stochasticity but also additional life history information.
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Scenario Mean Sthev %CV Variance Qu. 5% Qu. 95% Pdet ”der

percentile

F 62.504 0.671 1.073 0.450 61.422 63.603 62.060 0.257

M 62.088 0.397 0.640 0.158 61.470 62.748 62.060 0.490

J 65.487 20.414 31.172 416.714 53.277 79.471 62.060 0.500

A+J 58.698 13.799 23.509 190.415 48.334 72.062 62.060 0.779

F+M 62.506 0.787 1.260 0.620 61.277 63.904 62.060 0.300

F+A+J 58.859 17.552 29.821 308.071 48.081 70.560 62.060 0.760

F+M+A+J 58.144 10.810 18.592 116.862 48.380 70.084 62.060 0.781

M+A+J 58.273 14.307 24.552 204.687 47.780 71.217 62.060 0.775

3mill 83.473 9.087 10.886 82.573 75.373 93.139 87.349 0.822

AS2 65.333 18.971 29.037 359.889 57.004 74.641 63.662 0.501          
Table 1.1: Statistics and quantiles for the distribution of extinction times using a quasi-

extinction threshold of 100 individuals. The last column represents the percentile of the

distribution of extinction times wherein the value from the deterministic model falls under.
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Table 1.3: Seen.

iliI‘hLNIC. The



 

Stochastic Scenarios

Components
 

Fecundity

Mating Success

Juvenile Viability

Adult Viability

Fecundity and F+

Mating Success

Adult and Juvenile A+J

Viability

Fecundity, Adult F+A+J

and Juvenile Viability

Mating Success, Adult M+A+J

and Juvenile Viability

Fecundity, Mating Success F+M+A+J

Adult and Juvenile Viability

z
>
s
~
l
e

F+M+A+J:Initial population 3Mill

3 million individuals

F+M+A+J: Weekly A32

Age-Structure
 

Table 1.2: Scenario names and the associated components of fitness that were considered

stochastic. The scenario names will be used for reference in the text.
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Parameters

Simulation Genotype Juvenile Adult Female Male Age of Mating final

 

 

set viability viability Fecundity Fertility maturity Success Age

WW 0.9324 0.95 8.8 1 64 d. l 280 d.

Runl Ww 0.9292 0.95 8.8 l 64 d. 2 280 (1.

WW 0.9292 0.95 8.8 1 64 d. 2 280 (1.

WW 0.7432 0.698 8.8 1 9 wks 1 31 wks

Run2 Ww 0.61-0.75 0.698 8.8 l 9 wks 1-5 31 wks

by 0.01 by 0.2

ww 0.61-0.75 0.698 8.8 1 9 wks 1-5 31 wks

by 0.01 by 0.2

 

Table 1.3: Parameter values used in both sets of runs. 83 generations for all Scenarios in

Run 1 including AS2. Initial population size of the WW genotype was 60,000 individuals

in an I :1 sex ratio (30,000 males and 30,000 females). 60 adult individuals of the ww

genotype were introduced into the population with a 1:1 sex ratio in the 65 days age class

for simulation 1 and at 10 weeks of age for Run2.
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Figure 1.1: Distribution of extinction times for scenarios F, M, J and F+M+A+J at the

CluaSi—extinction threshold of 100 individuals. A kernel density estimate using a Gaus-

sian kernel is used for smoothing. The vertical bar represents the time to extinction in

the deterministic model at the quasi-extinction threshold (”der Table 1). Plots showing

distributions for all scenarios are available in the appendix (see Fig. A. 1 .4 in Appendix
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Figure 1.2: The evolution of variance over time for Scenarios F, M , J and F+M+A+J in

the total population size (Left Column Fig. 2a) and the transgene frequency (right column

Fig. 2b). Limit for the x-axis is chosen as the generation where at least 100 populations

were not extinct over all runs for each scenario. a) The trajectory of the log transformed

variance of the total population size (solid line) compared to the log transformed sum

of the variances (dotted line) over the individual genotypes. b) The trajectory of the log

transformed variance of the transgene frequency.
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Figure 1.4: The persistence probability defined as the proportion out of 200 populations

where pww _>_ 0.01. Contours of the persistence probability 0f the transgene after 49

generations (Run2). The lines represent contours of the persistence probability across

each combination of fitness components
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Chapter 2

Uncertainty in estimates of model

parameters in assessing the risk of

transgene invasion: Monte Carlo

approaches

2.1 Introduction

Ecological risk assessement focuses on the relationships among one or more stressors

and their associated ecological effects. It serves as a guide for regulatory decision mak-

ing and provides insights into the possible exposures and concomitant hazards. Recently,

there has been an emphasis on making population-level risk an explicit consideration in

ecological risk assessments (Barnthouse and Sorenson, 2007), and more importantly on

integrating genetics and population dynamics into model based approaches (Nacci and

Hoffman, 2008). Many types of population models have been developed for use in eco-

logical risk assessment. For a recent review and classification of such models see, for

example Barnthouse and Sorenson (2007). Risk assessment of the environmental hazards
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of genetically engineered organisms (GEOs) is one such area wherein population-level

strategies need to be employed and this necessitates the integration of genetics and de-

mography. Scientific approaches for assessing the risks of transgenic crops recognize the

need to utilize an ecological basis (e.g. Andow and Hilbeck, 2004). The main emphasis

is on transgenic organisms with dispersal strategies wherefore biological containment is

imperative because they have wild relatives (e.g. plants, insects, aquatic organisms and

microbes) with potential for hybridization leading to introgression or speciation (National

Research Council, 2004).

Current methodology for assessing the ecological risks and impacts of transgenic

organisms are based on a plethora of modeling frameworks ranging from verbal mod-

els (Knibb, 1997), reaction-diffusion methods (Soboleva et al., 2003), matrix popula-

tion models (Claessen et al., 2005; Gamier and Lecomte, 2006; Muir and Howard, 2001,

2002), and spatial transfer models coupled with population dynamics and genetics (Richter

and Seppelt, 2004; Meagher, 2003). A recurrent theme amongst these models is that they

are mainly developed for assessing the risk of transgenic crops and focus on transgene

introgression into wild relatives of the modified crop species (Hails and Morley, 2005).

Aquaculture is another area wherein there is a large and increasing diversity of GEOs

awaiting field release (Devlin et al., 2006) and there is a relative paucity of modeling

frameworks in this area. Most species used in aquaculture have natural populations in

the wild (e.g. salmon) and this, in conjunction with their dispersal characteristics, creates

real potential for the transgenes to invade natural systems and cause perturbation at the

community and ecosystem levels.

For the case of genetically engineered (GE) fish, Muir and Howard (2001; 2002) pro-

posed a generic modeling framework based on matrix population models (sensu.Caswell,

1989) that incorporates genetics and demography. Their model is based on an age-

structured population model characterized by six net fitness components (juvenile via-

bility, adult viability, mating advantage, age at sexual maturity, female fecundity and
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male fertility, and reproductive longevity). The utility of this modeling framework lies in

linking individual life history traits to population dynamics to provide insight into the evo-

lutionary fate of populations (Grant and Benton, 2000). Muir and Howard (2001) found

that the risk associated with transgene introgression depends on the pleiotropic effects of

a transgene on fitness components. Additionally, they showed that population extinction

results when the transgene is selected through increased mating advantage of transgenic

males, even with lower relative viability of transgenic juveniles, the ”Trojan Gene” effect

(Muir and Howard, 1999). Currently, matrix population models are widely employed in

applied ecology to predict the fate of populations of economic and conservation concern

(Tuljapurkar, 1997) and thus are also advocated as a reasonable framework for assessing

risks of GE crops (Hails and Morley, 2005).

Hitherto, most models for the evaluation of the risks associated with transgene intro-

gression have utilized a deterministic framework largely ignoring any stochastic varia—

tion, both intrinsic and extrinsic, underlying the dynamics. However, recent advances in

demographic theory have underscored the importance of the role of variation, both en-

vironmental and demographic, and is expounded to be imperative in understanding the

influence of anthropogenic modifications on natural populations (Boyce et al., 2006). For

example, it has been shown that variation in vital rates can signicantly affect outcomes of

demographic models with important ramifications, such as estimates of population growth

rate (Tuljapurkar et al., 2003) and persistence (Engen et al., 2005b). This is also relevant

in the context of GEO risk assessment and it has been shown previously that stochasticity,

both demographic (e.g.see Chapter 1) and environmental (e.g. Claessen et al., 2005), can

influence persistence probabilities, gene introgression and extinction times.

Uncertainty of model parameters is another source of variation for model predictions

of GEO risk and modeling approaches for transgene invasion have made feeble attempts

to account for this in predictive assessments (e.g. Claessen et al., 2005; Kuparinen and

Schurr, 2007). In the context of matrix population models, uncertainty in vital rates has
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been implemented using two broad schemes of resampling. One involves resampling

of the projection matrices over time for a single trajectory of the forecast and the other

involves sampling a random set of projection matrices, each having their individual tra-

jectories (e.g. Life-stage Simulation Analysis (LSA), Wisdom et al., 2000). However,

this incorporates only the effect of environmental variation through the vital rates. Many

methods have been developed to elicit the effect of individual parameters of the projec-

tion matrix on the overall growth rate of populations, such as elasticity analysis (Grant

and Benton, 2000; Caswell, 1989), and utilized in forecasting for management and con-

servation (Morris and Doak, 2002). Monte Carlo approaches are specifically used in this

context to evaluate the effect of uncertainty in parameter estimates, especially in situa-

tions with limited field data or when analytical derivations of the model dynamics are

impossible or cumbersome (Tuljapurkar et al., 2003; Caswell, 1989).

Along with uncertainty in the parameter estimation process, it has also been recog-

nized that dependencies among the vital rates are also important, especially under the

forecasting context. On one hand, long standing considerations of these dependencies

have focused primarily on temporal correlations among the projection matrices (Tul-

japurkar, 1990) as opposed to among the individual vital rates themselves. This accounts

for environmentally driven correlation in vital rates and is shown to decrease extinction

times (Inchausti and Halley, 2003). On the other hand, life history theory has long rec-

ognized the importance of associations among vital rates in determining the evolutionary

fates of different genotypes in populations (Stearns, l992). In the context of matrix popu-

lations models, recent studies have shown that incorporating associations in the vital rates

based on life-history theory can modify evolutionary stable states (Koons et al., 2008)

as well modify estimates of population growth rates (Ramula and Lehtila, 2005). Most

approaches utilize an ad-hoc method of eliciting the role of correlations among the vital

rates (e.g. Ramula and Lehtila, 2005; Wisdom et al., 2000), based on linear correlations
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to measure dependencies. Linear correlation is widely used, with its popularity stem-

ming from the ease of calculation. Although it is a natural scalar measure of dependence

in elliptical distributions (e.g. the multivariate normal and t distributions), it also has the

limitation that it is meaningful only on the linear scale. Therefore, using linear correlation

when random variables are not jointly elliptically distributed might prove very misleading

(Embrechts et al., 2003). While being largely unknown in the ecological literature, cop-

ulas have gained prominence for modeling dependence and are being extensively used in

the financial literature (6.g in risk management Embrechts et al., 2003) and the hydrolog-

ical sciences (Genest and Favre, 2007). Copulas provide a natural statistical framework

for jointly modeling multivariate distributions that incorporate dependence without re-

strictions on the nature of the univariate marginal distributions. There are many excellent

reviews in this area (e.g. Genest and MacKay, 1986) and we shall not attempt to do so

here (For an introduction to the theory of copulas see Nelsen, 2006).

In this study, we evaluate the effect of uncertainty in parameter estimates on predic-

tions of transgene invasion into natural populations using Monte Carlo approaches. We

utilize data collected from laboratory experiments to estimate fitness components for GE

zebrafish (Danio rerio). We use a non-parametric bootstrap approach (Efron and Tibshi-

rani, 1998) to study effects of uncertainty in the estimated parameters on predictions of

transgene introgression. Evaluations are restricted to the uncertainty in estimated fitness

components among the genotypes in the population and the concurrent changes in gene

frequencies over time. Since the experimental setup utilized allowed only independent

estimation of fitness components, we propose an extension to the bootstrap methodology

using a copula based approach to assess the effect of possible dependencies among the

fitness components. We examine if the combination of the two approaches can provide

a more realistic methodology for improving predictions in the risk assessment of GB or-

ganisms and therefore, more broadly be used as a general framework in applications of

structured population models for conservation.
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2.2 Model and Methods

2.2.1 Net Fitness Component Model

Our model is based on Muir and Howard’s Net Fitness component approach (Muir and

Howard, 2001), and a brief description of its deterministic version is given below. For

further details see Muir and Howard (Muir and Howard, 2001).

We assume a diallelic model with three genotypes in the population (transgenic ho-

mozygote ww, wildtype homozygote WW, and the heterozygote Ww). The dynamics of

the population of each genotype, comprising of the vector of age classes, can be formu-

lated as:

Reproduction

 7‘ > —> ———>.

"6+niW = FIWW :f (NWW x NWW and NWW x NWW)

 

> %

t+ 1w ___ Fth .f(fiww x NWw’NWW X Wu»

 

 

no, W .

and NWW x NWW)

, —" ———> > >

nt+l = Fww if NWw waw and Nww waw

O,ww 1

Survival

. _, -t+l _ . - ___, .1

"WW SWW 0 0 "WW

—-> ——>

”WW 2 0 SWW 0 x "WW (2.1)

nww 0 0 SWW nww

J L -      
where g = WW, Ww or w are the wildtype, heterozygote and transgenic genotypes re-

spectively; the Ftg (g = WW, Ww or ww) represents reproductive output for each geno—

type g at time t and are nonlinear functions of the individuals of reprodutive age across

all three genotypes; the Sg submatrices represent the age-specific survival parameters for
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each genotype g; and t}? represents the population vectors of each genotype. The model is

not analytically tractable when there are multiple genotypes, except under very simplified

assumptions (Bodmer, 1965). Comprehensive review of the population genetic analysis

of age-structured populations in the deterministic context can be found in Charlesworth

(1994). Hereafter the WW genotype will be referred to as the WT genotype and the ww

genotype as the TG genotype respectively.

2.2.2 Experimental Setup

The experimental setup is described in Muir et.al.(2006). Briefly, fitness components

were measured for zebrafish individuals (Danio rerio) for the transgenic (TG) and the

Wildtype (WT) genotype in the laboratory as follows. Age of maturity was measured for

10 females as the day on which they started laying eggs. Fertility of males and fecundity

of females for the TG genotype was estimated from reciprocal crosses of WT males with

TG females and vice versa. A total of 20 mating pairs were used for each cross. From

an additional experiment, crosses of WT x WT matings (10 replicates) were available

and these data were used to estimate the fecundity and fertility components for the WT

genotypes. To estimate viability, 50 individuals (1:1 sex ratio) of each genotype (TG 2

reps; WT 4 reps) were followed from the fry stage and the number surviving in each

replicate tank counted at approximately 30 day intervals. The replicate was assumed to

have matured once females in each replicate started laying eggs. This experiment was

terminated once the females stopped laying eggs after 501 days. To estimate mating

success three different ratios of WTzTG (10:2, 5:5, 2:10) males were mated with 12 WT

females with two replicates for each ratio. The total number of eggs laid were collected

and the offspring genotypic proportions recorded after hatching.

Validation Experiment: Mesocosm: Two replicated mesocosms were set up with a

starting population size of 500 adults (1:1 sex ratio) with 5:1 ratio of WTzTG genotypes.
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Each mesocosm was followed for 10 generations and the time to loss of the transgene, and

the frequency of WT to TG genotypes was recorded. The mesocosm protocol involved

collecting the fry from each replicate and randomly selecting individuals from each repli-

cation to start the next generation with the same starting population size. Thus effectively

we monitor the change in gene frequency over generations independent of population

regulation.

2.2.3 Data Analysis

For each fitness component specific probability models underlying the data generating

mechanism were assumed and a maximum likelihood approach was used to estimate the

parameters. Standard distributions generally used for modeling applications in ecology

were considered as follows: Fecundity ~ P0isson(A); Fertility ~ Beta(a,,3); Age of

Sexual Maturity ~ L0gN0rmal(,u,o-2); Viability, both juvenile and adult, were assumed

to be a non-linear function of age with Gaussian errors, as detailed below. Where possible

analyses were conducted accounting for possible interactions among the genotypes, e.g.

the Age of Sexual Maturity component was analyzed separately for the WT x WT, WT x

TG and TGXTG combinations, using an ANOVA decomposition to test for any reciprocal

effects. A brief description of the analysis for each component follows below.

Age OfSexual Maturity: Based on the empirical distribution of the data, we assumed

a Lognormal distribution for age of sexual maturity and analyzed the data with a linear

model after log transforming the response variable. The location and scale parameters for

the log-normal distribution were obtained by back-transformation using bias correction

(Beauchamp and Olson, 1973).

Fecundity: Fecundity of females was assumed to follow a Poisson distribution with

parameter A, denoting the expected number of eggs produced per female over the life-

time. To estimate A a generalized linear model with a log link function was specified.
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Reciprocal effects of the genotype on fecundity was assessed by using the genotype of

the mate as a factor.

Fertility: Fertility of males was assumed to follow a Beta distribution with parameters

a and [3, where the average fertility is given by 3%}, the expectation from the Beta

distribution.

Viability: Viability was modeled as an age dependent mortality function of the number

of individuals entering a cohort using non-linear regression. We assumed a non-linear

model with Gaussian residuals, with the mortality over age as an exponential function of

cohort size and a constant mortality rate (z), which translates into N, = Noe—zt + ei,where

t = l, 2, 3... are the age classes; z represents the mortality parameter, assumed constant

for all age intervals; and e,- ~ N(0, 0'2).

Mating Success: Since there were only two replicates for each combination of WTzTG

proportions, the relative mating advantage was calculated for each replicate and averaged

over the replicates for each combination. The average was compared to the expected pro-

portions using a chi-square test. For each replicate the expected proportion of offspring

genotypes was calculated as the product of the frequency of WT males and the number of

offspring. The WT genotype was chosen since it was the recessive genotype and therefore

the phenotype uniquely identifies the genotype. The ratio of the expected proportion to

the observed proportion of WT offspring gives the relative mating advantage (disadvan-

tage) of the WT genotype. The underlying assumptions are that there are no segregation

distortion, probability of fertilization and hatching are the same for all genotypes.

All analysis of the experimental data were done using the statistical package R (Team,

2009). The parameters of the Beta distribution were estimated using a maximum likeli-

hood approach by the fitdstr function from the MASS library. For nonlinear regression

the nls function from the nlme package was used.
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2.2.4 Monte Carlo Approach

Non-Parametric Bootstrap: Independence among vital rates We implemented a

script in R to estimate the bootstrap distributions of the estimated parameters for the

fitness components. For each fitness component the data were sampled with replacement

and then analyzed with the corresponding statistical model to get parameter estimates for

each bootstrap sample. We used 1000 bootstrap samples for estimating the uncertainty

in the parameter estimates. Alternatively, for the viability component, since the available

dataset was fairly small across the life-span of the experiment we resampled the residuals

from the fitted model to generate the bootstrap distributions (Efron and Tibshirani, 1998).

This bootstrap strategy may involve some extra model assumptions, thus it was used in

this case only because of the limited experimental samples size.For estimating viability.

Dependencies using Copulas To assess the effect of dependencies among the fitness

components we also extended the bootstrap methodology using a copula approach. We

used a multivariate copula to incorporate dependencies among the joint distribution of fit-

ness components. Previously dependencies have been accounted for in an ad-hoc fashion

using linear correlations, either through incorporating pair-wise correlations (e.g. Ramula

and Lehtila, 2005) or a transformation from the multivariate normal (e.g. Morris and

Doak, 2002). The copula approach provides a formal statistical methodology to estimate

dependencies as well generate samples from the joint distribution of correlated random

variables. The principal advantages of this approach are that the marginals distributions

are not restricted and can be from any family of distributions. Copulas encompass a num-

ber of existing multivariate distributions and provide a flexible framework for generating

more distributions(see Genest and Favre, 2007; Nelsen, 2006; Embrechts et al., 2003,

for a review). Briefly, a copula is a function that defines the joint distribution of a set of

random variables based on their univariate marginal distributions (Genest and MacKay,

1986). If F(X) and G(Y) are the marginal distributions of two random variables X and
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Y with a joint density H(X, Y), then we can rewrite the joint distribution H(X, Y) as a

function of the marginals H(X, Y) = C(F(X), G(Y)), where the function C(-, -) represents

the copula.

We used the R package copula (Yan, 2007) for working with copulas. To generate

samples from the joint multivariate distribution of the fitness components, we assumed a

Gaussian Copula for the Fertility, Fecundity, Age of Sexual Maturity and Viability com-

ponents with correlation structure as shown below, based on potential trade-offs in life

history (Stearns, 1992): ‘

1 P12 P13 P14

P21 1 P23 P24

P31 P32 1 P34

  _ P41 P42 P43 1 ,

where p represents the correlation coeflicient among pair of fitness components; 1, 2, 3

and 4 represent the Fertility, Fecundity, Viability and Age of Sexual Maturity components

respectively; and p12 = p21 = 0, p13 = p31 2 ——0.5, p14 2 p41 2 0.5, p23 = p32 2

—0.5, p24 = p42 2 0.5 and p34 :2 p43 = —0.5.

The copula approach allows us to generate replicate multivariate samples incorporat-

ing the underlying correlation structure, similar to a parametric bootstrap. The data we

collected is not amenable for directly estimating the copula parameters and for illustra-

tion we sampled from a multivariate distribution with absolute values of correlations set to

0.5. For simplicity, we assumed the viability parameters were normally distributed, with

mean and variance based on the estimates from the original data. All other parameters

were based on the estimated marginal distributions of the data. A 1000 bootstrap sam-

ples with 100 observations each were generated from the joint distribution of the fitness

components, and the same statistical models as the section above were used to estimate

the fitness parameters. Sample sizes were unequal among the fitness components evalu-

ated in our experiments. Therefore, to reproduce the marginal distributions in the copula
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approach that were similar to the bootstrap distributions of estimates, we used adjusted

sample sizes (~ 100) for all components.

Simulations For each set of bootstrap estimates of the fitness components we ran the

net fitness component model to generate distributions of the evolution of transgene fre-

quency. The estimated values for the mating success component was based only on two

reps for a particular WTzTG combination. Therefore we ran three different sets of simu-

lations for each estimated value of the WTzTG combination. To reduce model complexity

and error propagation we used a reduced age-structure, so the model represented weekly

instead of daily time steps. This necessitated re-parameterization of the estimated vital

rates to ensure that the dynamics of the reduced model closely follows that of the original

age structure. Under the theory of matrix population models (Caswell, 1989), the domi-

nant eigenvalue (/1) of the projection matrix is representative of the long-term dynamics of

the population and is based on the primitivity and irreducibility of the projection matrix.

Any new representation should try to mimic the dynamics of the original parameteri-

zation based on x1, the generation time and the age distribution (Yearsley and Fletcher,

2002). Our re-parameterization was carried out as follows: Estimated fertility of males

was unchanged and estimated fecundity of females was rescaled by a factor of 7 to reflect

weekly fecundity instead of daily fecundity. Adult viability was rescaled by raising the

viability to the 7th power, so that the overall survival of the adults over the adult stage of

individual genotypes in the population remained the same. We used a Genetic Algorithm

(Wall, 1996) to optimize the juvenile viability parameter such that the resultant ll param-

eter of the reparameterized model and the generation times were equivalent to that of the

daily model, to reproduce the same dynamics. This resulted in the optimum WT juvenile

viability being lower than the TG juvenile viability in the weekly model relative to the

daily model. The juvenile viability was the parameter chosen to be modified during the

optimization since it was the worst estimated fitness component due to small sample size
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i.e. there were only 6 data points over 2 reps for the TG genotype and 12 points over 4

reps for the WT genotype to estimate this component, over ~ 90 and ~ 60 day intervals

respectively.

2.3 Results

Estimates of fitness components for the Transgenic (TG) and the Wildtype (WT) geno-

types are given in Table 2.1. For all fitness components the WT had higher relative fitness

values and therefore in this case it is expected that the transgene will be lost from the

population. The mating success for each of the different proportions (WTzTG combina-

tions) were different as there was some frequency dependence in mate choice (Table 2.1).

Calculations of the estimated asymptotic growth rate (4WT 21.0422 and 4TG =1.0213)

based on average parameter values indicated that WT was the favored allele. Additionally,

the WT males had greater relative mating advantage taking on three possible values (1.16,

1.93 and 5 times that of TG). The deterministic model based on the estimated values of

the fitness components estimated the transgene lost (fixation of the WT allele W) within

16.17, 6.68, 3.69 generations with increasing mating advantage of the WT males respec-

tively. All generation times are reported with respect to the WT genotype and calculated

based on the average time for a female to replace herself (Caswell pg 110).

2.3.1 Independence among vital rates: Non-Parametric Bootstrap

Distribution of Parameters The distribution of the bootstrap estimates of the fitness

component parameters are given with the associated summary statistics (Table 2.1; Fig.

A.2.1). As mentioned above, not only does the WT genotype have higher fitness on

average over all the individual components (Table 1), but also it has higher fitness under

all combinations of the fitness components. This is shown by the low probability of the

relative values (TG/WT) of the fitness components being < l for all sets of the bootstrap
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estimates (Table 2). Since the WT genotype has a higher relative male mating advantage,

it is expected that the transgene will be lost under all conditions (Fig. 2.1), i.e there is

no possibility of a “Trojan Gene” effect (Muir and Howard, 1999). With the exception

of female fecundity, the distributions of the fitness component estimates had a relatively

low variation around the expected values as seen by the %CV of the estimates (Table

2.1). Fecundity estimates for both WT and TG had a greater than expected variance

due to overdispersion relative to the Poisson distribution in the original data (results not

shown). This can be easily accommodated by using a different probability model, e.g. the

negative binomial, although in our case the nonparametric bootstrap method captures this

extra variation (Table 2.1; %CV for fecundity). Uncertainty in the estimates of the fitness

components results in variation in the estimated As for each genotype,calculated from

the dominant eigenvalue of the projection matrix, and also their relative values, hereafter

 ’lrel- The ’lrels ranged from ~94%-99% (:TG respectively Table 2.2) compared to

~ 97% based on the averages for the individual genotypes. While the shift in ’frel is

relatively small (~ :1:3%) across all simulations, this induces substantial changes in system

dynamics. These changes can be seen by the large %CV of the fixation times, relative to

% change in Are] across all three scenarios of mating advantage for WT males (Table

2.3).

Transgene frequency The distribution of the time to fixation for the WT genotype is

given in Figure 2.2 for the three different values of male mating success. As the mating

advantage of the WT genotype increases the average time to fixation of the WT genotype

decreases in a nonlinear fashion. Concurrently, the variance in the time to fixation of

the WT genotype also decreases. For both genotypes the fixation times are relatively

stable to the variation across any individual fitness component as seen by the relatively

flat surface 2-dimensional kernel density estimates,except for the fecundity of the TG

genotype (Fig. A22 and A23). This is also the case for the relative values (Fig. 2.3)
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and is independent of the values of male mating success. The distribution of fixation times

of the WT genotype show dependence only with respect to the distribution of the As of

the WT and TG genotypes and this relationship also holds for the drels (Fig. A.2.2, Fig.

A.2.3 & Fig. 2.3).

2.3.2 Copulas: Dependence among fitness components

Distribution of Parameters By design the marginal distributions of the estimated pa-

rameters were elicited to be similar to that of the independent configuration (Fig. A.2.1;

Table 2.1), however, the COpula induces correlations among the parameters that restricts

the multivariate distributions to a reduced subset of possible configurations (Fig. 2.4). As

expected, the pairwise joint distribution of the parameters are different under the copula

approach even though the marginal distributions are the same. Since fertility and fecun—

dity are for different sexes we did not simulate them to have any correlations, although

this can be easily accommodated in this approach. The relationship of the joint distri-

bution of relative fitness parameters are not similar to their relationship at the absolute

scales (Fig. 2.5 vs Fig. 2.4). Including dependencies among the fitness components can

modify the joint distribution of the relative fitnesses as revealed by pairwise comparison

of their distributions (Fig. 2.5), which exhibit negative correlations (Spearman’s corre-

lation (Rho); Table 2.3b). For example, in our case we see that although in the absolute

scale the correlation between fertility and sexual maturity is positive (Fig. 2.4), the rela-

tive values of these fitness components are negatively correlated (Fig. 2.5). Dependencies

also induces changes in the marginal distributions of the relative fitness values for all

components with increased dispersion (Table 2.2), except for sexual maturity where the

dispersion is reduced. Additionally,dependencies restrict the possible values of /1re,8, rel-

ative to the independence approach, wherein the distribution is more concentrated with

~ 40% reduction in the dispersion (Table 2.2).
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Transgene Frequency The average time to fixation for the WT genotype was similar

in comparison to the scenario under which there were no dependencies among the fitness

components (WT mating success 1.93 vs 1.93(C) Table 2.3a). The trajectory of the av-

erage over the replicates with dependencies were similar to that of the average over the

independent replicates (Fig. 2.1). With dependencies among vital rates the distribution

for the fixation times changes with a reduced dispersion relative to the independence ap-

proach (Fig. 2.2). Comparison across individual components show that the probability of

fixation is not related to the any of the components in both the WT and the TG genotypes

(Fig. S2). In the case of the relative fitness components, it can be seen that the distri-

bution of the fixation times show linear trends as a function of the relative fitness for the

fecundity and sexual maturity components (Fig. 2.3). In the case of ’lrels’ the linear trend

observed with dependencies has a greater slope compared to the independence scenario

(Fig. 2.3). In all cases, the joint distribution of fixation times and relative fitness compo-

nents are more concentrated and show lower dispersion than the independence scenario

(Fig. 2.3). Finally, the distribution of fixation times have reduced mean and variance as

well when dependencies are present among vital rates (Table 2.3a).

2.3.3 Validation with Mesocosm Data

The validation experiments had only two reps and in both reps the transgene frequency

drops to zero within 10 generations. We extracted the 99% prediction intervals for all

three scenarios of mating success for 10 generations, by calculating the generation time

for every bootstrap replication based on the vital rates for that particular replication. The

prediction intervals for transgene frequency with WT mating success=l.16 envelopes

both mesocosm realizations, while the prediction intervals envelopes only one replicate
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when WT mating success=l.93 (Fig. 2.6). The scenario with the highest mating suc-

cess predicts reduction in transgene frequencies to be much faster than the observed re-

alizations. The results should be interpreted with some caution in the light of only two

stochastic realizations available from the experimental results. The 99% intervals can be

misleading if the density of the distribution is not symmetric, as in our case, and this is

can be visualized by the vioplots (Fig. 2.6).

2.4 Discussion

In Chapter 1 it was shown that demographic stochasticity, arising from variation at the in-

dividual level, can alter predictions of the risk associated with transgene invasion. Specif-

ically, for the “Trojan gene’ effect demographic stochasticity can reduce extinction times

relative to the deterministic model and more generally increase the persistence of the

transgene in the system. Here we consider the eflect of uncertainty in estimated parame-

ters on model predictions applying the non—parametric bootstrap approach.

The bootstrap is a flexible resampling approach, in implementation and application,

and its use is advocated to assess uncertainties in parameter estimation when using struc-

tured population models (Caswell, 1989; Wisdom et al., 2000; Morris and Doak, 2002).

Models of transgene invasion have focused on the invasibility of the transgene (e.g Sobol-

eva et al., 2003; Meagher, 2003; Gamier and Lecomte, 2006) and do not explicitly incor-

porate uncertainty associated with estimating parameters, due to a combination of lack

of data and model complexity. This has already come under criticism in the context of

model of population viability analysis (PVA) in conservation biology (Fieberg and Ellner,

2003). Our results, using the bootstrap procedure, show that uncertainty in estimation

of model parameters contributes to considerable variation in predictions of the loss of

the transgene (Fig. 2.1). Furthermore, bootstrapping is useful when evaluating the uncer-

tainty of functions of model outputs (e.g. fixation time) which are analytically intractable.
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This is especially relevant in the context of GEO invasion, where the overall population

growth rate (11), as well as genotype specific growth rates, (xlg) are non—linear functions

of the vital rates of all genotypes, unless simplifying assumptions are made regarding fre-

quency dependence (Bodmer, 1965; Charlesworth, 1994) or density dependence (Benton

and Grant, 1996). Using a bootstrap assessment of uncertainty in estimated vital rates, a

re-analysis of data in avian populations showed predictions of extinction risk were mod-

ified (Saether and Engen, 2002). In our case, we see that variation in fixation times of

the WT genotype are considerably higher in magnitude (Table 2.3), relative to variation

in the estimated parameters (Table 2.1).

2.4.1 Dependence vs Independence

There is substantial theory from a life history evolution perspective, which links vital

rates to fitness and elucidates the mechanistic basis underlying covariation in vital rates

(Roff, 1992; Steams, 1992). It is acknowledged that covariation among vital rates is an

important determinant towards making realistic predictions and ignoring this can lead to

spurious conclusions (Coulson et al., 2005). Using the copula approach, our predictions

incorporating dependencies among fitness components show that prediction intervals can

be over-estimated when dependencies are ignored (Fig. 2.6). Estimating covariation of

vital rates has been fraught with difliculty and most work have utilized ad-hoc methods

to incorporate correlations, usually using the well known Pearson correlation coefficient

(e.g. Ramula and Lehtila, 2005). For instance, Morris and Doak (2002) recommend uti-

lizing a multivariate Normal distribution incorporating correlations and transforming the

resultant Normal marginal distributions to the distributions of interest. However, it is well

known that correlations in the original scale are not an one-to-one transformation on the

underlying normal scale. The Pearson correlation coeflicient is appropriate only for ellip-

tical distributions such as the Normal since it is a linear operator (Embrechts et al., 2003).
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Recently, there has been a re-emergence of a less known statistical approach to model de-

pendence among arbitrary distributions based on their univariate marginal distributions,

the copula approach. Our results using this approach also show that correlations among

the estimated vital rates can provide more realistic predictions by excluding regions of the

parameter space that are highly unlikely (Fig. 2.5). An additional observation that stems

from our results is that dependencies among the absolute values of fitness components

induces correlation among relative fitness values. In our case, this occurs in the opposite

direction to correlations on the absolute scale (Table 2.3b, Fig. 2.4 vs Fig. 2.5). While

this may be a statistical artifact arising from ratios of the two random variables, this mer-

its further study as the final determinant of selection is based on relative fitnesses and not

absolute values.

2.4.2 Considerations of experimental methods

A decade ago there was little faith in the concept of combining models and short-term

experiments to make predictions about transgene invasion into natural populations. The

main contributions from invasion theory was considered to be on guidance towards setting

up monitoring schemes and sampling programs that will be cost-effective in detecting a

problem invasion (Kareiva et al., 1996). Comparisons of the prediction distributions ver—

sus trajectories of the validation data show surprisingly good agreement (Fig. 2.6). This is

an optimistic outlook considering that there are only two replicates and also considering

that correlations can modify the predictions. However, the present results do provide the

promise that models combined with data can provide a realistic predictive framework for

risk assessment of GEO’s.

Although experimental data was available to estimate fitness components, there were

pitfalls in our experimental design for the current study. Our experiments were good
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enough to provide estimates of the marginal distributions of fitness components as re-

flected in the agreement of our model predictions with the validation data (Fig. 2.6). How-

ever, the current design is not amenable to estimating the underlying correlation structure

among vital rates and resulting in over or under estimates of the bounds when assessing

uncertainty. Incorporating the Copula approach allows for a rigorous statistical method-

ology that provides a framework to extend current modeling methodology by accounting

for covariation in vital rates and making predictions more realistic. This extension can

be of great utility in the context of GEO risk assessment due to the necessity for making

quantitative predictions of transgene invasion.

Data requirements for utilizing a Copula approach principally comprises of simultane-

ously collecting variables on the vital rates. The basic premise that there exists an unique

Copula for continuous multivariate joint distributions provides an avenue for statistical

estimation not only on the marginal distributions, but also on the underlying correlation

structure. Likelihood based methods already exist (e.g in the copula package) to estimate

the parameters for a copula based on the functional form of the copula and the marginal

distributions. The necessity of jointly measurements for data collection can be easily

accommodated when conducting laboratory experiments to estimate fitness components.

For example, fertility (fecundity for females), sexual maturity and viability, in both adults

and juveniles, can be measured on the same replicates, by estimating them concurrently

for the entire cohort. While this would entail separate measurements for the two sexes

the net fitness component model can be easily modified to accommodate the different sets

with the added bonus of increasing predictive accuracy. Once the joint measurements are

available, there are many methods currently available to estimate the joint distributions

using the copula approach. This is an active area of research which includes develop-

ment of methodology for making model choice based on different copulas. The proposed

modifications to designing experiments can also be applied in general to even population

viability assessments (PVA) using matrix population models.
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2.4.3 Conclusions

Models to assess transgene introgression into natural populations need to incorporate eco-

logical principles in a biologically meaningful manner. Concurrently, variation is ubiq-

uitous in natural populations and contributes to uncertainty in the resultant estimates of

population level parameters. In this study we show that accounting for the uncertainties

using the non-parametric bootstrap can generate more realistic predictions of transgene

fate. We also illustrate extensions to modeling dependencies among fitness components

using copulas that can enhance predictions by incorporating biological relationships. In

the event that data collected is not amenable to estimate the copula parameters, this can

still be a powerful tool to assess the effect of different types of correlation patterns e.g.

in sensitivity analysis. Additionally, demographic stochasticity can also be incorporated

in the model (see Chapter 1) and while this will make predictions even more uncertain,

this is certainly more realistic. Further extensions are possible such as linking forecasting

data on experimental drivers with elements of the transition matrices (Gotelli and Elli-

son, 2006), thus emulating long-term environmental change. Thus evaluation of uncer—

tainties can lead to methodological enhancements, in both data collection and modelling

approaches, paving the way for effective decision-making and policy.
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Wildtype 2.5% Per. lst Qu. Median Mean 3rd Qu. 97.5% Per. std. dev %CV
 

Fecundity 16.651 19.920 22.380 22.670 25.020 30.435 3.648 16.090

Fertility 0.465 0.474 0.478 0.478 0.483 0.491 0.007 1.416

Viability 0.991 0.992 0.992 0.992 0.992 0.992 0.000 0.032

Sexual 65.709 67.120 67.920 67.840 68.610 69.808 1.066 1.571

Maturity

zl 1.036 1.040 1.042 1.042 1.044 1.048 0.003 0.300
 

Mating Success repl: 1.16 rep2: 1.93 rep3: 5
 

Transgene 2.5% Per. lst Qu. Median Mean 3rd Qu. 97.5% Per. std. dev %CV
 

Fecundity 3.840 5.616 6.779 6.838 7.892 10.536 1.723 25.205

Fertility 0.370 0.391 0.402 0.402 0.413 0.434 0.016 4.061

Viability 0.984 0.985 0.986 0.986 0.986 0.987 0.001 0.070

Sexual 90.970 94.710 96.430 96.370 98.180 101.500 2.709 2.811

Maturity

,1 1.009 1.019 1.020 1.020 1.022 1.024 0.004 0.358 
 

Table 2.1: Summary statistics of the bootstrap estimates of fitnesses and 2 (the finite rate

of increase) for the Wildtype (WT) and transgenic (TG) genotypes. The TG (w allele)

was dominant in our case and this assumption was made for all fitness components in the

model.
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Parameter

TG/WT

2.5% 1 st Qu. Median Mean 3rd Qu. 97.5% std.dev. %CV

 

Fertility

Viability

Fecundity

Sexual

Maturity

11

0.7697

0.9922

0. 1601

0.6630

0.9662

0.8175

0.9932

0.2400

0.6901

0.9764

0.8403

0.9937

0.2991

0.7042

0.9789

0.8414

0.9937

0.3095

0.7046

0.9783

0.8655

0.9943

0.3674

0.7192

0.9810

0.9091

0.9952

0.5282

0.7510

0.9850

0.0364 4.3253

0.0008 0.0772

0.0929 30.0009

0.0224 3.1783

0.0046 0.4688
 

Copula
 

Fertility

Viability

Fecundity

Sexual

Maturity

4c  

0.7645

0.9922

0. 1685

0.6678

0.9737

0.8133

0.9931

0.2454

0.6924

0.9773

0.8401

0.9937

0.3037

0.7064

0.8413

0.9937

0.3178

0.7070

0.8696

0.9942

0.3719

0.7208

0.9791 0.9791 0.9809

0.9242

0.9952

0.5655

0.7468

0.9844

0.0404 4.7988

0.0008 0.0783

0.1012 31.8354

0.0208 2.9450

0.0028 0.2867
 

Table 2.2: Summary statistics for the relative fitnesses and ,1 (the finite rate of increase)

of the WT and TG genotypes for all scenarios. The relative fitnesses are based on the

ratio TG/WT. Although, the average values are the same for the Copula and the Non-

parametric bootstrap approaches, the distribution of the relative values are different. The

same joint distribution of all the estimated components were used for the scenarios differ-

ing in relative mating success of the WT males.
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3a). Summary Statistics of Fixation times

 

 

 

WT Mating 2.5% lstQu. Median Mean 3rd Qu. 97.5% Std.dev %CV

Success

1.16 5.677 11.300 14.680 20.600 21.220 77.561 21.186 102.847

1.93 3.949 5.956 6.469 6.727 7.204 10.441 1.630 24.233

5 2.410 3.038 3.230 3.225 3.435 3.960 0.356 11.036

1.93(C) 5.324 6.036 6.480 6.764 7.148 9.965 1.227 18.145

 

 

3b). Correlations among relative Fitness Components

WT mating Success 1.93 Fertility Viability Sexual Fecundity

 

Maturity

Fertility - -0.00921 0.00035 0.00088

Viability - - - 0.05483

Sexual maturity - - - -0.04022

Fecundity - - - -

 

WT mating Success 1.93 (C) Fertility Viability Sexual Fecundity

Maturity

 

 
Fertility — -0.4622499 -O.4597631 0.015746

Viability - - - —0.37283

Sexual maturity - - - 0385899

Fecundity - - - -

 

Table 2.3: Summary statistics of the fixation times for the WT genotypes. Fixation is

defined as the time where the TG gene frequency < 0.001. The Scenarios indicate the

relative mating success of the male WT genotype and the scenario suffixed with (C) was

implemented using the Copula approach.
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Figure 2.1: Evolution of the TG gene frequency over time for the deterministic models

based on the expected values as well s the average over all bootstrap replications for the

three different values of mating success of WT males (1.16, 1.93 and 5 respectively).

The trajectory for the average over the bootstrap replications implementing the Copula

approach overlays the trajectory for the corresponding independent approach. Legend

text should be interpreted as follows: D - represents deterministic models, B - represents

average over bootstrap replications, C - represents average over bootstrap replication im-

plementing dependencies; 1.16, 1.93 & 5 — the numbers represent the mating success of

the WT genotype in that scenario.
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Figure 2.2: Distribution of the time to fixation of the Wildtype (WT) genotype defined as

the time the TG allele frequency is < 0.001 for the three different mating success values

of the WT genotype (1.16, 1.93 and 5 respectively).
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Figure 2.3: Distribution of the fixation times versus the distribution of relative fitness

components and ,1. Contours represent regions of the joint distribution using 2D kernel
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ing dependence using copula, while the contours in black represent the corresponding

bootstrap scenario (i.e relative WT male mating success=1 .93).
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Figure 2.4: Pairwise scatterplots of the parameters showing the relationship between pa-

rameters under the independent bootstrap and the copula approach. The set of scatter

plots above the diagonal show parameter combinations under independence. The set of

scatterplots below the diagonal show dependence induced among the possible parame-

ter combinations based on the specified correlations, here -0.5 between viability and all

others, 0.5 between fecundity, fertility and the age of sexual maturity and 0 between fe-

cundity ad ferility as they are among different sexes.
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nel density estimate. Contours connected by solid lines indicate the distributions in the

scenario incorporating dependence using copula, while the contours drawn with dotted

lines represent the corresponding bootstrap scenario (i.e relative WT male mating suc-

cess=l.93). The contour levels indicate probabilities from 0.1 to 1 with a 10% difference

in probability among adjacent levels.
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Figure 2.6: Comparison of the trajectories of gene frequency of the validation experiment

from those generated from the model predictions, with the associated 99th percentiles

of the prediction distribution at each generation. A) Represents the prediction distribu-

tion when the WT has a relative mating advantage of 1.16 B & D) the relative mating

advantage of the WT =1.93 C) WT relative mating advantage =5 and D) Additionally,

incorporates dependence using a copula approach. Legend text in the plots are: rep1 &

rep2 - Mesocosm replicate,mean - Mean over 1000 bootstrap replicates, 0.5% & 99.5%-

the 99% intervals over the bootstrap replications.
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Chapter 3

Probabilistic Sensitivity Analyses of

Models for Ecological Risk Assessment:

A Case Study Using the Net Fitness

Component Model for Assessing Risk of

Genetically Engineered Fish

3.1 Introduction

Modern ecological risk assessments include modeling as a fundamental component to pre-

dict population trajectories and to quantify risks (Barnthouse and Sorenson, 2007). In the

past decade advances in computing technology has promoted the emergence of simulation

models as a primary tool utilized in this respect (e.g. Wisdom et al., 2000). Simulations

models can be seen as another kind of experimental system in ecology and evolution,

wherein a complex model formulation mimics the behavior of natural systems. This can

help researchers investigate systems behavior by manipulations that would be impossible

60



 



otherwise, either logistically or ethically (Peck, 2004). For example, using simulations

based on digital organisms, with computer programs that self-replicate, mutate, compete

and evolve, it was shown how complex functions can originate by random mutation and

natural selection over approximately 15,000 generations (Lenski et al., 2003).

Population level ecological risk assessment of anthropogenic impacts in natural en-

vironments has advanced towards using a combination of modeling informed through

field data. While these models can be complex, there is impetus towards integrating both

the genetics and demographic aspects through modeling approaches to better understand

these impacts (Nacci and Hoffman, 2008). Similarly, ecological risk assessment for ge-

netically engineered organisms (GEOs) is no different and employs models of varying

complexity towards quantification of risks. GEOs that are considered to have potential

ecological impacts are species that have natural wild populations and are diflicult with

regards to containment of the transgenes (e.g. plants, fish and insects). The last decade

has seen the emergence of a variety of modeling approaches towards predicting the fate of

the transgene introgression into natural populations with varying degrees of complexity.

Models of introgression for transgenic crops evaluate gene flow based on pollen dispersal,

for example, incorporating exponential distance and directional effects of wind mediated

pollen dispersal (Meagher, 2003) or transport equations of atmospheric physics coupled

with population dynamics and genetic models (Richter and Seppelt, 2004). Additionally,

structured population models combining dispersal (Gamier and Lecomte, 2006) and en-

vironmental variability (Claessen et al., 2005) have also been employed in this context.

Recently, AMELIE, a modeling framework combining both population structure, stochas-

ticity and dispersal has been proposed for transgenic crops (Kuparinen and Schurr, 2007).

Structured population models have also been used for assessing the risk of transgene in-

trogression in GE fish populations (Muir and Howard, 2001) and with stochasticity adding

further complexity (see Chapter 1).
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The above models are examples of the increasingly complex models utilized for pre-

diction in assessing risks associated with potential environmental consequences of trans-

gene introgression into natural populations. The consequence of increased model com-

plexity are twofold: the number of parameters in the model increases and the relationships

among variables need not be linear. For example, in the proposed AMELIE (Kuparinen

and Schurr, 2007) framework, the most sophisticated yet for transgenic crops, there are

29 parameters, and our simplified model has 10 parameters. The first step towards mak-

ing sense of system behavior under these circumstances lies in extracting the relation-

ship between variation in parameter values and the resultant variation in model output,

known as uncertainty analysis (Saltelli, 2000). The next step is to examine the contribu-

tions of the parameters to the variation in the output and their relative importance, also

known as sensitivity analysis. A wide array of methods exist for both local and global

sensitivity analysis, as well as an extensive literature and one recent comprehensive re-

view can be found in Saltelli (2000). Local sensitivities have been widely used for sim-

ple models, which usually can be analytically derived as they are derivative based, and

thus are not computationally intensive. For example, elasticity analysis performed for

population viability analysis (PVA, Caswell, 1989; Morris and Doak, 2002) using stage-

structured models are local methods, however, this is simple only if the response is linear

and monotonic. Global sensitivity analysis (GSA) has recently become prominent using

variance-based techniques (an ANOVA like decomposition of the output variance) and

provide insight on the relative importance of factors in complex model settings. Briefly,

let y = f(x1 , x2 . . . xk) denote the output of a simulation model with x,- (i = 1, 2, . . .k) the

input variables, with an joint probability distribution giving rise to uncertainty in y. If the

input factors are orthogonal then the variance of y, V( Y), for a model with k factors can
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be decomposed as:

V(Y)=ZVi+Z Zovij+-"+Vl2...k

i j>z

where Vi = V(E(YlX,-)) , Vij = V(E(Y|Xi,XJ-)) — Vi — Vj and so on. A model with only

Vi

175’

which explains the amount of variance due to factor 1'. If the model is completely additive

Vi terms is called additive and the first order sensitivity indices are defined as S ,- =

then ZiS i = 1, else we can use another measure the total sensitivity index Tll- defined

as:

 

V(E(le_i))

Ti:(1- V(Y) )ZSi+Z.Sfi+ Z Sijk+"'

J¢t j¢i,k=fii

which is the amount of variance explained by the factor X,- and all other interactions

involving that factor. Both sensitivity indices have a quite general applicability, since

they apply to a very wide range of non-linear models i.e. they are “model-free” and rely

on only a few assumptions, namely the output has to be square integrable and the variance

is an adequate measure of dispersion. An accessible introduction to GSA using variance

based techniques can be found in Saltelli et a1. (2008) as well as in two recent reviews

introducing this approach to ecological applications (Cariboni et al., 2007; Fieberg and

Jenkins, 2005).

Recent rapid technological advancements, both in computing and data generation (e.g.

genomics), has facilitated wider use of complex models for biological applications and

this is also true of applications in population ecology (e.g. PVA). However, increase in

model complexity results in increased computational time, both in terms of computational

burden as well the parameter combinations used. In the area of systems engineering com-

plex computer models are the rule rather than the exception, especially as experimental

evaluations are costly. For example aerospace applications (Gramacy and Lee, 2008)
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involve a large number of parameters during the prototype development phase and sim-

ulations as experiments are heavily utilized. This field is mature with formal methods

for the design and analysis of computer experiments (e.g. see Fang and Sudjianto, 2006;

Santner et al., 2003). Meta-modeling of the computer model is an approach which is

used to increase efliciency when using computer experiments, known as an emulator in

the literature. This involves using a surrogate model to simulate the computer model

itself and is done using a wide variety of statistical regression techniques, from polyno-

mial regression to spline smoothing methods (Fang and Sudjianto, 2006). The standard

Bayesian approach to meta-modeling in the literature is to use a stationary Gaussian Pro-

cess (GP)(Santner et al., 2003; Oakley and O’Hagan, 2004). The GP is conceptually

straightforward and it easily accommodates prior knowledge in the form of covariance

functions for the model output, as well as for input distributions (Oakley and O’Hagan,

2002), and returns estimates of predictive confidence. Mathematically, GPs are equiva-

lent to many well known models (e.g. Bayesian linear models, spline models, large neural

networks; see Rasmussen and Williams, 2005) and have also seen use in geostatistics as

kriging and environmental modeling (e.g. Wikle et al., 1998). GP models may be easier

to handle and interpret than, for example, neural networks (Plate, 1999).

The Bayesian framework is advantageous in that it is flexible to incorporate model

extensions as well combine outputs across multiple models, e.g. using hierarchical mod-

eling for population ecology (Clark, 2003) or Bayesian model averaging (BMA; Gelman,

2004). With increased computational power Bayesian approaches are becoming popular,

and also recommended due to their flexibility, for assessments in conservation (Wade,

2000), population modeling (Millar and Meyer, 2000), population genetics (Beaumont

and Rannala, 2004) and evolutionary biology (OHara et al., 2008).

In this study we apply Bayesian Gaussian Process (BGP) models for sensitivity anal-

ysis of a risk assessment model for transgene invasion, the net fitness component model
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(Muir and Howard, 2001, 2002). We use experimental and simulation data from a previ-

ous study (see Chapter 2) to conduct GSA for the model. We use both the Monte Carlo

approach (Saltelli et al., 2008) and the BGP model approach (Gramacy, 2007; Oakley

and O’Hagan, 2004) for GSA analysis and evaluate the impact of sampling designs for

parameter selection, specifically random sampling and Latin hyper-cube sampling. Given

that the number of model evaluations are reduced using the BGP model, we also conduct

a GSA by extending the previous dataset with two additional variables, the dominance ef-

fect of the transgene and the mating success of the wildtype, as a case study. We had not

done this previously as there was insuflicient information from the experimental data for

those variables to estimate their underlying distribution in the population. We illustrate

the flexibility of the BGP model by evaluating the effect of the uncertainty distributions

for these two variables using GSA of the model.

3.2 Materials and Methods

3.2.1 Gaussian process modeling

The model description closely follows that of Gramacy (2007). Let X be a input matrix of

k covariates with n observations and a single response variable Z. Then the hierarchical

generative model for the stationary GP is as below:

The model output Z(response) depend on multivariate inputs X (explanatory vari-

ables) as

2 - 2 2
ZIB,0' , K ~ Nn(F,B,0' K) 0' ~ [G(aa/2,q(,/2)

Where ,8 are linear trend coeffecients and 02K is the covariance of a mean-0 process,K

is an correlation matrix and ,B is independent of 02K in the prior. Using a hierarchical
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approach the mean function can be modeled as

3102. r2,w,n0 ~ wawz, r2.W) r2 ~ IG<aT/2,qT/2)

P0 ~ Nmow) W“1 ~ mow—hm)

F = {1 X} can be used to add covariates to the mean function, W is an k x k matrix

representing the covariance of the mean function; N, [G and W are the normal, Inverse-

Gamma and Wishart distribution. Constants ,u, B, V, p, (to, (10,01, qr are treated as

known. The GP correlation function K is chosen from a seperable power family, thus

assuming anisotropic correlations, with fixed power p0, but known range and nugget

parameters. Correlations take the form K(xi,xj) = K‘(xi,xj) + gdi, j where g is the

nugget, 6,31- is the Kronecker delta function and K* is a true correlation representation

from a parametric family as follows:

 

. ._ .Po
1ku xkjl

* — _

K (xi,led) — exp{ E dk }

The implementation for the markov chain monte carlo sampling (MCMC) involves a

Metropolis within Gibbs approach. The derivation of the full conditionals and the imple-

mentation of the MCMC is given in detail in Gramacy and Lee (2008) and all parameters

except those within the K(-, -) function can be sampled using the Gibbs step.

3.2.2 The net fitness component model

We used an age structured model with three genotypes (WW , Ww and ww), the Wild-

type, heterozygote and the transgenic homozygote, respectively. The details of the model

implementation is given in Chapter 1 and appendix 1. Hereafter the WW genotype will
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be referred to as the WT genotype and the ww genotype will be referred to as the TG

genotype respectively for notational simplicity.

3.2.3 Monte Carlo simulations

We use three different sets of simulations to conduct GSA using the Monte Carlo ap-

proach. Previously, we used experimental data to evaluate uncertainty in estimates of

fitness components (refer Chapter 2) and generated samples from the joint uncertainty

distributions of the estimated fitness components. This was done using Monte Carlo ap-

proaches for each fitness component independently by non-parametric bootstrap. We use

the data set from the non-parametric bootstrap for estimating sensitivity indices and this

data set will hereafter will be referred to as MC-data. The data set had already been

modified for a reduced age-structure using the genetic algorithm approach. The MC-data

consisted of 1000 samples and we split it into two sets of 500 samples each to estimate

the first order sensitivity indices (hereafter SI) and the total sensitivity indices (hereafter

TI) using the Monte Carlo approach. Let A be the matrix of N1 x k inputs, where N1

represents the first 500 samples, and B the matrix of the other 500 samples and let Ayi

represent the model output using the ith row of the A matrix, and similarly for Byi- Fi-

nally, we create a new matrix C(i) for each input variable xi which contains the columns

for that variable from A and all other columns from B and we denote the model output as

Cyi- Following Saltelli et a1. (2008) we can estimate the S 1,- as follows:

. . . 2

._ Var(E(Y|Xl-) _ Ay-C y(') - foz _ (UN) 21‘ = 1.42%“ an -fo

1 ‘ V(Y) — _

   

.2 .2

A)’ 'A y-fo “/1021: 1Ayi Ayi -fo

where the Sli is the first order sensitivity index for variable x,- and is expressed as a

fraction of V( Y) that is explained by that variable;Ay, By and Cy represent the vector of

outputs for matrices AB and C respectively. Thus the S Ii’s range from 0-1. The TIi for
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an input i is calculated as follows from the evaluations of matrix B and C:

. (i)_ .2 .2
_ Var(E(Y|X_l-) = M yC f0 = (l/N)23yicyi-fo

T1,- = 1
V(Y)

   

A2 A2

134 'YA “f0 (”ME/137,437 -f0

where the Tll- is the total sensitivity index for variable i and represents the sum of vari-

ances that includes the first order and all higher order interactions that involve the variable.

If Tli is 0 then it implies that the variable is non-influential with regards to the output. If

it is close to the S 1i then it implies that the interactions with other variables are negligible

in their influence on the output and the role of the variable is mainly additive.

Since the TG genotype is dominant in our case, both the transgenic homozygotes and

heterozygotes have the same values for fitness components, and thus there were only ten

input variables to the model. They were the five fitness components for the WT and TG

genotypes, namely: fertility, fecundity, juvenile viability, adult viability and age of sexual

maturity. We had to do a total of 500 x 10 + 2 evaluations to estimate all the SI and TI,

and this will hereafter be referred to as MC2-data. Additionally, we used Latin hyper

cube sampling to generate a space filling design of 2 sets of 200 samples each,for the 10

input variables. The combined data set of 400 samples will hereafter be referred to as the

LHS-data. To sample from the marginal distributions of the fitness components we used

an inverse transformation of the cumulative distribution function. We used this design to

estimate the SI and TI, using the same protocol above, resulting in a total of 200 x 10 + 2

simulation, hereafter referred to LHSZ—data.

3.2.4 Bayesian Gaussian Process (BGP) Approach

We used the BGP approach to fit a meta model to the output distributions using the fol-

lowing samples: a random sample of 300 observations each from the MC-data and the

LHS-data. The models will hereafter be referred to as GP-MC and GP—LHS, respectively.
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The data samples from the MC-data were used as the training samples and the remaining

samples used as a test set to evaluate the predictive performance based on residual mean

square error (rmse). We also used samples from the other data sets created as test sets to

evaluate the performance of the GP model predictions for both the GP-MC and GP—LHS

models. For example, we evaluated the predictions of the GP-MC with respect to the

MC2-data as well as the LHS-data.

As a case study we evaluated the risk of transgene introgression using the BGP ap-

proach. We created a third simulation data set which included the dominance of the TG

genotype and the mating success of the WT genotype as additional variables, hereafter

referred to as FULL-data. The dominance effect of the TG genotype was chosen from an

Uniform (0,1) distribution, and the mating success of the WT genotype from an Uniform

(1,5) distribution. Simulations were conducted and the GP model, hereafter referred to as

GP-FULL, was used for conducting global sensitivity analysis of the FULL-data.

Evaluations of global sensitivity indices, both first order and total, is simple once the

GP model has been fit and we calculated the S1 and TI for all data sets above for compar-

ison. Additionally, using the GP-FULL model we calculated the sensitivity indices using

two forms of uncertainty distributions of the dominance and the WT mating success vari-

ables. The first is the default uniform distribution and the second form for the uncertainty

distributions used a scaled beta that reflects our prior information on the marginal dis—

tributions of those parameters. For both variables, we evaluated uncertainty distributions

with modes close to the two extremes of the range of the data. For the dominance effect of

the transgene, which ranged from 0-1, we used modes at 0.1 and 0.9 respectively. For the

WT mating success, we used modes at 1.5 and 4.0 respectively. Since the GP approach

used here is a fully Bayesian approach using MCMC, we also used diagnostics to assess

convergence of the MCMC for the final models.

For all analysis we used the R statistical environment (Team, 2009) and the appropri-

ate packages. BGP model fitting was done using the tgp package (Gramacy, 2007). The
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tgp package is extremely useful and provides functions for sensitivity analyses which

lets us specify the uncertainty distribution for the matrices used to calculate the sensitiv-

ity indices. The sens functions were used to generate the global sensitivity indices, both

first order and total. Additionally, the 1hs package was used to generate the Latin hyper

cube samples for the LHS-data. As the resulting values are on the unit hypercube, the

inverse CDF of the marginal distributions from the MC-data was used to obtain the input

values for LHS-data. We use the coda package to evaluate the convergence and serial

correlation of the MCMC.

3.3 Results

3.3.1 Global Sensitivity analysis: Monte Carlo approach

The variance in the output as well as the estimated first order sensitivity indices (SI) and

total sensitivity indices (T1) are given in Table 3.1 for all analyses using the MC-data and

the LHS-data. For the MC-data the SI and TI indices are not within the admissible range

(0—1) (Figure 3.1A and B), which occurs because the variance in output is not correctly

estimated by the random sampling design (MC-data var(y) = 4407.818 vs MC2-data

var(y) = 54210.4). The joint distribution from the random sampling does not encompass

regions of parameter space that have very low probability and therefore would necessitate

a larger number of runs. Even using the estimates of variances from the MC2-data runs

does not improve results much. The SI for the MC2-data identifies the juvenile viability of

the TG genotype as the most influential factor (Figure 3.1C). A space-filling design (e.g.

the Latin hyper cube LHS-data) samples the entire parameter space and gives a much

better estimate of the output variance (LHS-data var(y) = 349242). For the LHS-data,

the SI indices ranked age of sexual maturity of the WT genotype as the most influential

input followed by juvenile viability and fecundity of both genotypes (Figure 3.1E). The
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TI indices indicate that the effect of all the components identified as influential by the

SI are not additive and that there are interactions among them (Figure 3.1B, D and F).

All the components show higher order interactions as measured by the difference TIi-Sli,

even factors that do not have any first order effects. Adult viability and fertility of both

genotypes are only influential as interactions with the other components as measured by

the difference in T1 and SI. The TI indices are relatively consistent for both the MC-data

and the LHS-data, however the SI indices vary among the two sampling designs.

3.3.2 Bayesian Gaussian Process (BGP) models

3.3.2.1 BGP Predictions

The GP approach is able to produce a near perfect fit for the MC-data as well as the

LHS-data(rmse=0.0004 and rmse=0.00029 respectively) for the data on the transformed

scale. For the MC-data the GP-MC model produced good predictions for the test sets

from the MC-data and the MC2 data (rmse=25.3639, Figure 3.2C; rmse=56.4734, Figure

3.2E). The predictions are not very accurate for the LHS-data outside the range of training

samples (rmse=487.5 Figure3.2D). However, when the input parameters were within the

range spanned by the training samples the GP-MC predictions are accurate. For the LHS-

data the GP—LHS model produced good predictions for both test sets, MC-data and MC2-

data (Figure 3.3C and D) and the absolute deviations were < :40 units for about 90% of

the original values (Table 3.2). The GP-LHS model predictions are not very accurate at

the upper limit of the fixation times, even in the case of the training set (Figure 3.3A and

B). This is mainly caused by the effect of the reduced age structure resulting in reduction

of age of sexual maturity for the WT genotype to only two values (9 and 10 weeks), with

a very low probability for the larger age.
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3.3.2.2 Global Sensitivity analysis: Gaussian Process approach

SI indices for the GP-MC model and the GP-LHS models show that the juvenile viability

component, for both WT and TG genotypes, had the largest first order effect with the TG

genotype having the highest effect (Figure 3.4; Table 3.1).

For the MC-data the GP-MC also ranks the fecundity of both genotypes and the sexual

maturity of the TG genotype higher than the other components (Table 3.1). Additionally,

we can estimate the main effects for the fitness components at no extra cost and deduce

the relationship between individual fitness components and the response (Figure 3.4). In-

creasing juvenile viability of the TG increases the time to fixation of the WT, whereas

increase in WT fecundity results in the decrease of the fixation time. Comparisons with

the Monte Carlo approach reveal that the method is unable to detect the smaller effects,

which is a function of both the sampling method used as well as the number of model eval-

uations. The Monte Carlo approach to calculating SI with the MC-data performs worse

even though it takes a total of 6000 model evaluations compared to the GP approach for

the same data which used 300 model evaluations as the test set. The total sensitivity

indices reveal that all components have higher order effects and that the response is sen-

sitive to combinations of the factors (Fig 3.4). This results is reflected in the Monte Carlo

approach, however the TI estimates are much higher in that case.

For the LHS-data the GP—MC also ranks the juvenile viability components, for both

the WT and TG genotypes, as the factor with the highest eflect (Table 3.1; Figure 3.5).

Additionally, now there is a clear indication that the age of sexual maturity and the fe-

cundity components for both genotypes have first order effects as well (Figure 3.5). The

main effects plots show the trends of the scaled response to the input. Fixation times

increase or decreases alongwith the important factor identified by S1. For example, the

slope of fixation time is positive with respect to TG viability. As for the MC-data the TI
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indices reflect that all components have higher order effects and the fertility and adult vi-

ability components are only important in interactions with the other components. Results

compare much more favorably to the Monte Carlo approach with regard to the SI indices

except for a difference in rank among the top three factors.

For evaluating the SI the GP methods provide more realistic estimates when the pa-

rameter space is not completely spanned, whereas the results are more consistent between

approaches when the converse is true. The Monte Carlo approach suffers more from sam-

ple size compared to the GP approach. The TI estimates show differences in both mag-

nitude and rank among the two methods, although one remarkable resemblance among

both approaches is the consistency of those estimates for both data sets.

3.3.3 A Case study: Predictions for a model of transgenic Zebrafish

The GP-FULL model approach produces reasonable fit to the fixation times for the FULL-

data in the transformed scale (rmse=3.428e_04; Figure 3.6A). On the original scale the

model is unable to fit three extreme observations which leads to a higher than expected

rrnse (rmse=17l.942), although the fit improves once those observations are removed

(rmse=20.7l7). This is the case for the test dataset as well (rmse=134.2; Fig 3.6B), where

there is noticeable improvement once observations > 2000 are dropped (rmse=20.7l7;

Figure 3.6C). Model predictions as measured by the mean absolute deviations from the

true vales are approximately within :t40 days for 90% of the observations on the back-

transformed scale (Table 3.1).

Sensitivity analysis of the model input variables reveals that mating success of the

WT genotype is the most important factor followed by the juvenile viability and fecun-

dity. However, all factors where the SI~0 exhibit interaction effects as revealed by the

high difference in the TI-SI (Table 3.3). Changing the uncertainty distribution produced

changes in the model sensitivity to the input factors and gives new insight into model
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behavior. Increasing the dominance of the transgene increased the SI of mating success

of the WT genotype, while the opposite trend is noticed for the fecundity and juvenile vi-

ability components. The TI values are reduced at both values of dominance for all fitness

components (Table 3.3, Figure 3.7). Shifting the WT mating success distributions results

in increased SI values all components except for the mating success component itself

which decreases under both conditions (Table 3.3; Figure 3.8). In the case of TI, shifting

the WT mating success to lower values creates a corresponding reduction for most com-

ponents. However, shifting mating success to the upper extreme results in the decrease of

TI for most components, except for WT fecundity, fertility and juvenile viability which

show increased TI values (Table 3.3). A significant result derived overall is that the WT

mating success fails to have any main effect on the model when the distribution is shifted

to the upper extreme (Figure 3.8 Main effects).

3.4 Discussion

Previously, we have shown that uncertainty arising from demographic stochasticity (see

Chapter 1) and estimation of model parameters (see Chapter 2) can influence predictions

of transgene introgression into natural populations. However, when parameters are un-

known or diflicult to estimate we had to make simplifying assumptions when using them

in modeling due to computational and analysis constraints. For example, the experimental

setup to estimate mating success in the previous study could not provide enough infor-

mation on the underlying distribution for that component. It is not feasible to explore

all possible candidate distributions using our simulation model and meta-modeling of

computer experiments provides an attractive alternative to explore the parameter space

in a reasonably eflicient manner. In this study we explore the utility of using Bayesian

Gaussian Process models for meta-modeling and illustrate their application for sensitivity

analysis of the model.
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Ecological risk assessments are based on increasingly complex modeling of ecolog-

ical phenomena and model using a variety of statistical and computational approaches

(Barnthouse and Sorenson, 2007), the case of risk assessment for genetically engineered

organisms (GEOs) being one such example. Recent advances in computational power

have fostered the use of complex models for ecological level phenomena and the pos—

sibility of using computer simulations as experimental surrogates (Peck, 2004). While

the concept of using computationally demanding models are relatively new in ecologi-

cal applications, this is the norm in areas such as engineering design wherein a mature

literature exists towards design and analysis of simulations (Fang and Sudjianto, 2006;

Santner et al., 2003). An important consideration in these areas is the development of

a meta-model, an emulator that can be used to approximate the simulation model over

most regions of the parameter space and this is usually constructed using statistical data-

analytic methods. Emulators can therefore provide an eflicient method of exploring model

behavior and Bayesian Gaussian Process (BGP) models have recently become prominent

in this area (Oakley and O’Hagan, 2004; Santner et al., 2003). Furthermore, the flexibility

of a Bayesian approach makes these models attractive for consideration in ecological risk

assessment. Our results, using the BGP approach for the net fitness component model

of GEO risk assessment, show overall good performance as an emulator for prediction

of simulation output using the fitted model (Figure 3.2, Figure 3.3, Figure 3.6 A, B and

C). While the BGP models consistently had difficulty in predicting the times to fixation

of the WT genotype at the extremes of the distribution, this can be attributed to the fact

that this is a preliminary assessment of the model performance using the general setup of

the R package tgp. We can expect further improvements from including modifications to

our specific case and this is certainly an area for further research. Using the BGP model

provides substantial improvement in the computing time to explore the parametric space

as well as the scope for additional analysis such as sensitivity analysis.

A direct consequence of increased model complexity is that the number of variables
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and parameters underlying the model increases substantially, as well as the functional re-

lationships among them. Model sensitivity analysis then provides insight as to what fac-

tors influence the output of interest and thus help narrow down important inputs (Saltelli,

2000). Most efforts for sensitivity analysis in ecological risk assessments have been

derivative based, using analytical approaches (Caswell, 2008, 1989), and thus are confined

to local perturbations of the parameters. Global sensitivity analysis (GSA), specifically

variance based approaches, are attractive in that they can accommodate nonlinear/non-

additive effects and thus are “model free”, although they can be computationally expen-

sive since they use Monte Carlo methods for evaluations (Saltelli, 2000; Saltelli et al.,

2008). These methods are however gaining prominence in ecological applications (Cari-

boni et al., 2007; Fieberg and Jenkins, 2005) as they can facilitate comparisons across

studies and thus potential ability to learn collectively from multiple results. For example,

a recent review of sensitivity analysis for spatial PVA’s emphasized the need to standard-

ize methods by applying GSA and develop tools for the same (Naujokaitis-Lewis et al.,

2009). The Bayesian approach using BGP meta-modeling allows for calculation of the

GSA sensitivity measures and sensitivity analysis to be undertaken using far fewer num-

bers of model runs in comparison to Monte Carlo methods (Oakley and O’Hagan, 2004).

In our study, we initially used results from the previous simulations, based on a Monte

Carlo approach (Saltelli et al., 2008), to conduct GSA and our estimates were not within

admissible ranges (Figure 3.1), even for 500 runs of the model, whereas the BGP model

produced reasonable estimates even with this data set (Figure 3.1)). Using the recom-

mended Latin hyper cube sampling approach we arrived at reasonable estimates of sen-

sitivity indices with the Monte Carlo approach, although this required 2400 simulations.

The BGP approach provides very similar estimates using 300 simulations at a fraction of

the computational cost.

An additional advantage to using the BGP model is that of prior specification on the

uncertainty distribution of the input variables (Oakley and O’Hagan, 2002). This lets us
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use the fitted model for evaluating the effect of modifying underlying distributions when

they are not available for the model parameters, without running further simulations. Pre-

vious studies for GEO risk assessment have utilized an uniform distribution within the

range of the parameter space to generate random inputs (Claessen et al., 2005; Kuparinen

and Schurr, 2007). For the case study of the net fitness component model, we evalu-

ated two additional components for which we did not have experimental estimates of the

underlying distribution. Results show that the modifying uncertainty distributions can

result in modification of model behavior and the resultant sensitivity measures, although

in a biologically meaningful manner, and thus provide additional insight on the effects

of factors. For example, shifting the WT mating success distribution towards the upper

extremes results in complete loss of importance for the component. This makes intuitive

sense biologically, for above a certain threshold of WT mating success values the only

deviation from complete loss of the transgene occurs if some other component is strong

enough to counteract this effect.

The main caveat of a fully Bayesian approach, as used here, is ensuring that there is

MCMC convergence.This can be problematic as inference on the BGP scales poorly with

the number of data points typically requiring computing time that grows with the cube

of the sample size. Storlie and Helton (2008) provide a comprehensive review of using

smoothing methods such as GAM’s and LOESS in the context of sensitivity analysis,

though they do not provide explicit methods to conduct global sensitivity analysis. The

Monte Carlo approach for sensitivity analysis is easy to implement but costly in the num-

ber of model runs required for analysis. More importantly, current methods of GSA are

restricted to orthogonal or independent inputs, as there is considerable difficulty in evalu-

ating the high dimensional integrals that arise in estimation when considering correlations

among inputs. We have shown in context of risk assessment of GEOs that correlations

among the fitness components exist due to to life history trade offs and have important
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ramifications for model predictions, and this is true more generally for most natural pop-

ulations.

As illustrated by our results, the BGP approach enjoys good emulator properties and

also provides means to conduct sensitvity and uncertainty analysis with significant sav-

ings in computation time. The tgp package (Gramacy, 2007) also provides additional

functionality such as adaptive sampling and partitioning of the paramater space (Gra-

macy and Lee, 2008), which can be used for further analysis. Bayesian Gaussian Procss

methods also enjoy the Bayesian advantage of being able to specify priors and thus pos-

sible model extensions using data from other sources. For example, it is possible to add

an additional error term and model the noise as a second Gaussian Process, in addition to

the deterministic output (Goldberg et al., 1998), and perhaps provide an avenue to model

demographic stochasticity. Further extensions, within the Bayesian framework, can in-

clude combining environmental data using a time series approach for producing realistic

predictions of temporal trajectories (Gotelli and Ellison, 2006)
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Analysis 1 MC LHS GP-MC GP—LHS

Component 8.1. T1 S.I. T1 S.I. TI S.I. TI

1W 0 1.0505 0.1117 0.9569 0.1237 0.6036 0.1212 0.5210

JT 0.311 0.9317 0.1552 0.9267 0.1987 0.7067 0.1661 0.6046

AW 0 1.0987 712-04 1.063 0.0308 0.3834 0.0230 0.3918

AT 0 1.0977 0.0018 1.0527 0.0281 0.3854 0.0277 0.3956

FrW 0 1.0988 8e—04 1.0639 0.0255 0.3868 0.0244 0.3930

FcW 0 1.0979 0.1103 0.9546 0.0486 0.4420 0.0592 0.4397

FrT 0 1.0988 6e_04 1.0618 0.0317 0.3916 0.0230 0.3975

FCT 0.0016 0.9767 0.0894 0.9658 0.0359 0.4286 0.0426 0.4357

sW 0 1.071 0.2175 0.8967 0.0313 0.5109 0.1015 0.5710

sT 0.0022 1.0264 0.0079 1.0223 0.0543 0.4441 0.0583 0.4501
 

Table 3.1: The mean of the first order Sensitivity indices (SI) and the total sensitivity

indices (TI). The subsecript for the fitness components represent the genotypes: W- WT

genotype and T - TG gneotype. The fitness components are as follows: J - Juvenile

viability, A- adult viability, Fr— Fertility of male, Fc- Fecundity of females and S- age of

sexual maturity.
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GP—MC prediction quantiles
 

ICSI SCI 25% 50% 75% 90%
 

model

training

LHS-data

MC2-data  

6.5e—05 0.00015 0.00033 0.00056

0.4390 1.0892 2.5824 7.4562

2.0151 6.3550 21.8629 121.9078

0.6864 2.0021 5.9359 20.5598
 

GP-LHS prediction quantiles
 

1681 861 25% 50% 75% 90%
 

model

training

MC-data

MC2-data  

5.82e“5 0.00014 0.00026 0.00039

0.6382 1.5568 6.9838 38.3397

3.3608 8.3949 15.2161 33.9908

3.9021 8.8574 20.8094 39.6219
 

GP-FULL prediction quantiles
 

 

test set 25% 50% 75% 90%

model 0.0002 0.0004 0.0007 0.0010

training 2.1915 5.1806 10.6909 24.4652

test 4.4369 9.9096 22.3818 49.4247 
 

Table 3.2: Summary statistics for the fitted models GP—MC GP—LHS GP—FULL. Quan-

tiles repesent absolute deviations of predicted values from the true values. The model

represents the deviations from the fitted values on the transformed scale and the training

set represent the deviations from the fitted values back transformed to the original scale
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Fitness Both Dominace Mating Success

Uniform mode=0.l mode=0.9 mode=l.5 mode=4

SI TI SI TI SI TI SI TI SI TI

JW 0.089 0.405 0.109 0.377 0.115 0.367 0.127 0.405 0.188 0.525

IT 0.025 0.301 0.022 0.225 0.026 0.220 0.030 0.242 0.032 0.288

AW 0.023 0.299 0.024 0.230 0.024 0.216 0.029 0.243 0.031 0.294

AT 0.023 0.298 0.023 0.210 0.023 0.198 0.026 0.218 0.027 0.267

FrW 0.022 0.299 0.025 0.270 0.025 0.257 0.037 0.293 0.043 0.345

FcW 0.103 0.422 0.110 0.373 0.098 0.342 0.108 0.379 0.191 0.527

FrT 0.023 0.299 0.023 0.232 0.024 0.217 0.029 0.242 0.030 0.294

FcT 0.024 0.304 0.024 0.224 0.024 0.218 0.028 0.243 0.031 0.292

SW 0.048 0.358 0.031 0.238 0.039 0.240 0.035 0.259 0.044 0.321

ST 0.025 0.299 0.024 0.209 0.024 0.198 0.026 0.222 0.027 0.269

MW 0.364 0.693 0.330 0.642 0.364 0.680 0.255 0.558 0.046 0.309

Dom 0.039 0.330 0.044 0.262 0.024 0.199 0.047 0.285 0.071 0.366     
 

Table 3.3: Summary of Global sensitivity analysis for the case study. First order (SI) and

total (TI) sensitivity indices are presented for the FULL-data. Uniform column represent

uniform distributions for both the mating successand dominance components, while the

Dominace and mating success columns represent the modifications of the uncertainty

distributions.
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Figure 3.1: Global sensitivity analysis using the Monte carlo approach. A) and B) First

order (SI) and total sensitivity (TI) indices for the MC-data respectively C) and D) SI and

TI using the full variance from the MC2-data. E) and F) SI and TI for sensitivity analysis

using the LHS-data.
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Figure 3.2: Bayesian gaussian process model predictions using the model fitted for the

MC-data. A) Predictions from the GP—MC for the data used for model fitting after trans-

formation B) Backtransformed predicted values to the orginal scale for the fitted values

and the response C) Model predictions from the test set of the MC-data D) Predictions

for the LHS-data as the test set E) Predictions using MC2-data as the test set F) observed

response versus backtransformed response
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Figure 3.3: Bayesian gaussian process model predictions using the model fitted for the

LHS—data. a) Predictions from the GP-LHS for the data used for model fitting after back—

transforming predicted values b) Model predictions before backtransforming the response

to the original scale 0) Predictions using MC-data as the test set (1) Predictions using the

MC2-data as the test set
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Concluding Remarks

This dissertation work focused on improvement of methods to predict transgene intro-

gression into natural populations using modeling approaches. Models to assess transgene

introgression into natural populations need to incorporate ecological principles in a bi-

ologically meaningful manner by accounting for variation that generates uncertainty in

the predictions. Variation is ubiquitous in natural populations arising intrinsically due

to chance events, i.e. demographic stochasticity, resulting in variability in estimates of

population level parameters. The overarching objective of this research was to assess the

impact of different sources of variability on model predictions, thus providing realistic

bounds for predictions that can be subsequently used for policy and regulation.

Chapter 1 of this dissertation looked at the effect of demographic stochasticity on pre-

dictions, and the relative contributions of fitness components to the resultant variability.

This was accomplished by conducting stochastic simulations of transgene introgression

for combinations of fitness components contributing to demographic stochasticity. All

simulations were conducted using a stochastic re-implementation of the net fitness com-

ponent model (Muir and Howard, 2001, 2002) and results were assessed for two sets

of predictions: the transgene frequency in the populations and the time to extinction

of the natural population. Results from this work show that demographic stochasticity

not only contributes to uncertainty in predictions, but also that it can reduce the average

time to extinction. More importantly, assessment of gene frequencies revealed that de-

mographic stochasticity can elevate persistence of the transgene far beyond predictions
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within a purely deterministic framework. Additionally, it was seen that stochasticity in

the juvenile viability component contributed the most to variability in predictions, while

stochasticity in the fecundity and mating success component did not have any substantial

influence. Thus this work highlights the importance of using a stochastic framework to-

wards making realistic predictions when using modeling approaches for risk assessment.

The results of Chapter 2 underscores the impact of uncertainties in estimated param-

eters on model predictions. Transgenes used for genetically engineering organisms can

be derived from sources that are phylogenetically disparate. This is the case for our

model organism, a genetically modified zebrafish (the Glo-Fish), where the gene produc-

ing fiorescence is derived from a sea-anemone. This necessitates the evaluation of fitness

components using laboratory experiments, at least for the transgenic individual, since the

possibility of the same genotype occurring under natural conditions is almost nil. Using

the non-parametric bootstrap to assess the uncertainty in parameter estimates and incor-

porate it into model predictions, our results here show that we can can generate more

realistic predictions of transgene fate as validated against a mesocosm experiment. Given

that the experimental settings used to estimate the fitness components did not allow us

to study the interdependencies among them, we also implemented a copula approach to

assess the effect of such correlations. This application lent insights into the limitations of

the current experimental set-up and we proposed enhancements that can facilitate better

estimation. In the event that data collected is not amenable to estimate the copula param-

eters, this can still be a powerful tool to assess the effect of different types of correlation

patterns within a sensitivity analysis framework.

The direct simulation methods applied in Chapters 1 and 2 posed significant compu-

tational burdens, which will increase with extensions to the current modeling framework.

For example, linking forecasting data on experimental drivers with elements of the transi-

tion matrices (Gotelli and Ellison, 2006) for emulating effects of long-term environmental
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change. Therefore, to exhaustively evaluate model behavior we applied global sensitiv-

ity analysis methods, which are computationally demanding when based on Monte Carlo

methods. The results using these sensitivity measures provide measures on the impor-

tance of individual fitness components on model behavior over different regions of the

parameter space, which can be used to direct future research. For example, the model

is not very sensitive to mating success of the wildtype genotype when the distribution of

mating success is 2 3. Thus further model evaluations in this region can be fixed at a

single value for the mating success component. To alleviate this computational burden, in

chapter 3 we applied a meta-modeling approach using Bayesian Gaussian Process mod-

els, which can be used not only to derive sensitivity measures but also to explore differing

forms of uncertainty distributions of the parameters. Our results show that this approach

performs very satisfactorily and the choice of the Bayesian paradigm can be of immense

utility for further extending the model, e.g. to incorporate demographic stochasticity.

The results from this dissertation are not specific to the transgenic system and can

be broadly applied in areas of conservation and demography. The work on demographic

stochasticity highlights the need to examine evolutionary trajectories combining genetics

and population dynamics, for which the transgenic system was a suitable model as the

exact genetic modification underlying the phenotype is known. This work used two less

known methodological aspects, the copula approach and the Bayesian Gaussian Process

meta-modeling, that are widely suited to modeling applications in ecology. Thus results

from this research can be used to enhance not only the predictive framework for trans-

gene introgression, but also to foster methodological developments in broader areas of

ecology.
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Appendix A

Description of the model

Let ng t represents the number of individuals in a particular age class a (where a =

O, l, 2,. . . , m ) of genotype g (g 2 WW, Ww or w) at time t. The composition of the total

population in an age class at any given time t can be written as the sum of numbers across

genotypes N510?! = 2g N: t' The dynamics of the population vector of age classes

——9 -’—> —-’>

Nttotal(= 28 N?) , where N? represents the population vector of an individual genotype

g at time t, can be represented using a matrix approach

- 1

NWWE
—)

___.)t

-—)

Nyw
L .  

where A8 is the projection matrix for genotype g. In the deterministic case, the projection

matrix A8 is composed of parameters for fecundity and survival (see SI Table 82 for

details on the parameters used in the Monte Carlo runs). In the simplest case, i.e., for a
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single genotype with m age classes we can write,

  

0 0 f] fk -

"O

s] 0 0 O .

__, __, :

Nz+1=AXNt= 0 32 0 0 x . (A.2)

"m

L 0 0 0 Sm_1‘ ‘ A  
where the fi’s denote the fecundity functions/parameters,k is the num ber of fecund age

classes and the si’s denote the survival parameters, AA, is the population vector at time t

(For further details on analysis of the dynamics of the population in the deterministic case

refer to Caswell (Caswell, 1989)). This can be extended as a partitioned matrix involving

the fecundity functions and the survival functions for all three genotypes as in equation

(2) (See Methods). As seen in equation (2), the survival functions can be partitioned

to form individual submatrices for each genotype (Sg) which are independent of each

other. However, the fecundity functions are nonlinear because they depend on all three

genotypes (both the male and female fractions) as underlined below for the WW genotype

 

 

 

 

F

WW _ WW WW WW WW

Nt+l ‘ Nf,t f, S’WWx WWPt ‘W

A WW WW WW Ww
Nf,t f erWXWWp +... +

WW WW WW WW
sO N0,t +"'+Sa,t Na,t (A.3)

where N??? is the population size of the wildtype at time t + l ,f3 is the fecundity of

females of genotype g, sf; represents the survival transitions from age classes, Sig] x g2

represents the proportion of offspring of genotype g produced by mating of females of

mgN51

genotype gj with males of genotype g2, and p‘tg = ——’§— represents the relative

28 mgNm, t

mating success of males of genotype g with mating advantage m (this assumes that mating
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advantage can be predicted from marginal frequencies of males, i.e. does not interact with

genotype of female). Therefore from equations (2) and (3) it is seen that the individual

projections matrices for each genotype is not a linear function of the population for that

genotype alone, and the overall projection matrix A is a nonlinear function of population

size across all genotypes. When the transgenic genotype has a higher relative mating

advantage, the fecundity functions (i.e. the first two lines of the R.H.S in equation (3))

are a decreasing function of time whereby the number of WW offspring produced from

the Wwf x WWm or Wwf x me matings are lower than the number of Ww and ww

offspring produced by the WWf x me or WWf X wwm matings.
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Appendix B

Stochastic implementation for the

fitness components

B.l Fecundity of females

The number of eggs laid by each female is assumed to follow a Poisson distribution with

parameter A, the expected number of eggs laid by an individual female. Assuming that

the eggs laid by each female in a time step are independent and identically distributed

(iid) random variables, for each time step the number of females that reproduce per geno—

type over all ages (Ni.
, rep

produced by the available females in a genotype g was simulated as a Poisson variable

= 2a n‘; a) were calculated and the total number of eggs

with parameter N? repA . It is easily verified that the sum of n iid Poisson variables with

parameter A is also Poisson, with parameter nA (Casella and Berger, l990)

B.2 Mating success of males

Relative mating success is defined as the relative proportion of individuals that mate

weighted by the mating advantage that an individual of a particular genotype enjoys.
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Let

 

fg _ N§ex
sex _ g

Zg Nsex

denote the relative frequency of individuals of a particular genotype g in a specific sex.

Then the relative mating success M§ex is a function of the mating advantage m‘Eex and

the relative frequency f5,x where

8 g

Mg _ msex X fsex !

sex — g F
g

28 msex x fsex

Assuming that the number of individuals of a particular sex that are available for repro-

duction at any time is Nfep, sex, the realized number of individuals is the re-weighted

. . . . real, g g g .

number With the mating successes as weights, that IS Nrep sex ~ Msex x Nrep, sex, in

the deterministic context. In the stochastic model, after we calculate the relative mating

success M8 as given above, we assume the number of individuals of a particular sex that

actually mate as a random draw from the available Nggfral, where Ngggral = 2g N§ex9

from a multinomial distribution with parameters given by the Mgex’s, i.e,

,real I t 1. WW W
N§ep, sex ~ Mulzuvsgxa ,Mm M3833. M3,?)

and the probability of mating is calculated as

 

real, g

g _ Nrep, sex

psex — Nreal,g

zg rep, sex

All females are assumed to reproduce and mating occurs at random, i.e., the probability

of a female pairing with individual male from any genotype depends only on the relative

proportion of each genotype and their mating advantage.
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B.3 Survival from age class a to a + 1

The event of an individual surviving from age a to a + I can be considered a Bernoulli

random variable with probability of survival sa. Assuming independence across individ-

uals and a constant survival parameter, the number of individuals surviving from age a to

a + l in one time step is a binomial random variable, i.e. Na + 1, t + 1 ~ Bin(Na, t; sa).
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Appendix C

Analytical results on effect of

stochasticity in each fitness component

on variation

C.1 Fecundity

For stochasticity in fecundity of feeadtotoc males, assuming that all eggs are fertile the

number of offspring entering the population at time t (N5 1‘) is a Poisson variable with

g _ g _ g
E(N0,t)—Var(NO,t)—Nf,rep,tA.

If Ng A >> O, the Poisson distribution tends to a Gaussian process as N8 ~

f,rep,t 0,t

_ g _ g . . . .

N ([1,0'), where ,u — Nf, rep, tA and 0' — ’Nf, rep, tA’ and it is again Simple to see

that the %CV declines exponentially as the product Ng A increases. In our simu-
f rep,t

lations A = 8.8 and for N3 = 50 for an arbitrary time t we can calculate the 99%
f, rep, I

intervals as (387,496), which implies that the probability the number of offspring pro-

duced is smaller than 387 or greater than 496 is 0.0]. As Ng increases this bound
f, rep,t
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decreases and so we can expect stochasticity in the fecundity component should make

significant contributions only when the population size is very small

C.2 Mating Success

Given the way we calculate relative mating success (see Appendix B) for a genotype

g, the realized number of males is a random variable from a multinomial distribution

with parameters M,gn, the relative mating success, and, 2g N§ep m, the total number of

males present. Conditional on the parameters for the other genotypes, we know that the

realizations of males for genotype g1 , is a Binomial random variable i.e

real, 81 g1 g2 3NrepJn ~ Bin[ZN§ep m;Mm lM ,Mg

with expectation and variance given by:

real, g

EN[rep,m 1]: MngNgrep,m

and

Var[N;:;f9mgl]= Mg](l-M81)ZNgrep,m

However, in the model the final prolbability of mating with a male of genotype g by any

Nrea , gl

8

female is given by the p% =

28 Nrep, m

, whereby taking expectations and variances we
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have

   

Nrmeal, gl —1 l

g _ rea,gl

E[pm —E——-——ZN—T— =ZN3rep,mm] E[Nm ] (01)

g rep,m

and

Nrnfagl, g1 ‘2 real

Var[p§n]=Var——— :[ZNreP m] Var[Nm ’81] (C2)

ZgNgrep,m

  

From equations (4) and (5) we can see that the contribution of the mating success com-

ponent to the variance will be really low and therefore we can expect stochasticity in this

component to only influence the mean of the process unless the number of reproducing

males are very low (Fig. 1, Fig. 3, scenario M).

c.3 Viability

In the case of adult andjuvenile viability, since we assume that Na + 1 t + 1 ~ Bin(Na I; sa),

where N61,; is also ~ Bin(Na _ 1, t _ 1;sa _ 1) and so on, the unconditional distribution

ofN +1 1 +1is~Bin(Na_ ]t_1;sasa_1)with expectation

E[Na,+1t+1]=SaSa—1Na—1,t—1

and variance

varlNa+l,t+1]= Sasa+ l (11 —SaSa+ 1)Na— 1,t— 1'

Since Na _ 1, t _ 1 itself is a radom variable, we can extend this all the way to the the first

age class at time t— a and therefore write the expectation and variance at a particular time
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I for a particular age class a as:

a

E[Na+1,t+l]=[( n Sk]N0,t—a] (C3)

and

VarlNa+1,t+1]=[[ [g] Sk][1—kfi Sk

k=l =1

 

NO, I- _ a] (C.4)

where N0 t— a represents the number of offspring born at an earlier time t — a. From

equations (3),(6) and (7) we can see that the overall variance of the population at time

t + 1 for a genotype g is given by Var [N;g ] = 2?: 1 Var [N5 t + 1], assuming that
+ 1

the covariances among age-classes are independent. if the No, I _ a are not very different

across age classes, then contributions to variance from each age classes is based on the

product

a a

H sk [1 — n sk ((3.5)

k = l k = 1

That is the contribution of each age class to variance in population size depends on the

survivorship upto that particular age class. The variance is therefore a weighted sum of

the offspring produced from time t—a to time t— 1. Hence, the highest contributions to the

overall variance are from those ages where the expression in equation [8] is maximized,

which usually occurs in age classes in the middle of the age distribution. For example, in

the daily model

a a

H Sk l — n Sk

k = l k = l

is maximized when a = l l and is > 0.05 in the interval a : (2,43). Therefore, we expect

the most contribution to variance to occur from these earlier age classes.
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Appendix D

Additional plots for Chapter 1
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Figure A.1.1: Distribution of extinction times for all scenarios at a quasi-extinction

threshold of 100 individuals. A kernel density estimate using a Gaussian kernel is used

for smoothing. The vertical bars represent the time to extinction for the deterministic

model.
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Figure A. 1 .2: The evolution of average total population size over time for all scenarios and

the quantiles of population size over time. The dashed blue line represents the evolution

from the deterministic model, while the green lines represent the 5% and 95% quantiles

respectively. The red line represents the average population size over 1000 runs at each

time step. Population numbers have been log transformed for better visualisation.

105



  

         

  

 

 

  

 

  
  

  

      
    
  

  

 

    
  

  

 

 

  
  

 

    

 

d-cqj SCF/I’ '; SCIM “/5

93 O. - .

E 0. st.

9 2'0 3'0 4'0 5'0 6'0 7'0 8'0 9 2'0 3'0 70 . 5'0 6'0

generation ’ generation

670.. c0]

90. oi

E 0.2 0.2

° 9 2'0 3'0 4'0 5'0 6'0 7'0

generation

are ,0. SczF+A+J .........#7:”:_________ _

90: ",,.—:____.__._“__m
C ,-o-“‘::::---------

E O.“ x”\-...___ 9.1 """ . “N......

C’20 30 40 .50 60 70 920 30 40 _50 60

generation generation

c.10- m- SC:M+A+J ”xi___________

ed: 0'1

E 9' 0.2

c’2'0 30 4'0 5'0 6'0 0

generation

d-cql <91

20. O.

E 0.1 0.2 """" ”"w...

0 2'0 3'0 4'0 56 750 9 2'0 3'0 4'0 5'0 6'0 7'0

generation generation

. _ _ ../______

610.1 80.3%" --———-"" _______

20'

E o \ ~
0 r %—   
 

2 3'0— 4'0 5'0 6'0 7'0 8'0 9'0

generation

Figure A.1.3: The evolution of average transgene frequency over time for all scenarios

and the quantiles of the transgene frequency at time step. The dashed blue line represents

the evolution from the deterministic model, while the green lines represent the 5% and

95% quantiles respectively. The red line represents the average population size over 1000

runs at each time step.

106



  

    
 

c
>
/
o
C
V

3
0

1
2
0

(
D

9 Z

c
y
o
C
V

2
‘l

.
9

.
3

B C
D

0 g

 9
.

 

  

 

 
     
  

  

 
   
  

  

0 1'0 2'0 30 4'0 5'0 60 0 1'0 2'0 3'0 4'0 50 6'0

generation generation

N

:53. Se: F v—'j Sc: F

5 ‘ 5:0:

o\° o\°o'
LO:

.

0 10 20 30 40 50 60 ° 0 10 20 30 40 50 60

generation generation

3. 8ch o: 8ch

a ‘ 5‘5
09914 093.

‘ 4

O . . . . . . . 1' o-. . . . . . .

0 10 20 30 40 50 60 0 10 20 30 40 50 60

generation generation

Sc: F+M+A+J SC: F+M+A+J

 

c
i
/
o
C
V

0
.
4
‘
0
‘

.
L
O
O

%
c
v

1
0

:
0
.

17
10

     
0 1'0 2'0 3'0 4'0 5'0 6'0 70 0 1'0 20 3'0 4'0 5'0 6'0 70

generation generation

Figure A.1.4: The evolution of the coeffecient of variation(%CV) for the runs over time
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where at least 100 populations were not extinct. l) The y-axis represents the trajectory of

the %CV for the total population size. 2) The y-axis for the right column represents the

trajectory of the %CV of the transgene gene frequency.
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Appendix E

Additional plots for Chapter 2
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Figure A2. 1: Marginal distribution of the bootstrap parameter estimates for the Wildtype
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Figure A.2.2: Comparison of the fixation time as a function of fitness components for the

Wildtype(WT) genotype. The dashed contour lines represent the scenario incorporating

dependence using the copula approach
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