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Abstract 

In the field of ecotoxicology, which studies the fate and effects of contaminants on biota, 

concentration-response experiments (toxicity tests) are conducted to determine the sensitivity 

of a single species to a toxicant. Critical Effect Concentrations (CECs) are estimated from the 

results of toxicity tests, to provide a measure of the tolerance threshold for that species. Once 

CECs have been generated for a sufficient number of taxa, the values are then used to establish 

a distribution of sensitivity estimates for the ecosystem, known as a species sensitivity 

distribution (SSD). It is from a SSD that environmental guidelines values (GVs) are frequently 

derived by estimating the Protective Concentration for x% of the community (PCx). 

Success in GV derivation requires the development and application of statistical approaches 

that improve the interpretation and application of ecotoxicological research. The methods we 

use to analyze ecotoxicological data to obtain CECs, together with the methods used to derive 

SSDs, impact the quality of the derived GVs. As such, reliable, user-friendly, and accurate 

statistical methods are critical to ensuring derived GVs are effective for environmental 

protection.  

In this thesis, I focus on three different areas to improve the analysis and modeling of 

ecotoxicological data. First, I investigate how additional stressors, such as differing 

environmental conditions, can be incorporated into traditional dose-response modeling. Second, 

I investigate the use of alternate methods to calculate CECs to improve the analysis of data from 

tests with extended exposure durations. Lastly, I present three new approaches to constructing 

SSDs, the first approach integrates variation around each CEC estimate via the direct integration 

of raw toxicity test data. The second and third approaches are an extension of the presented 

integrated model with the use of a heavy-tailed distribution and the use of a truncated 

distribution.  

Toxicity tests typically investigate the response of a single species to a single contaminant under 

standardized and optimized environmental conditions in the laboratory. However, organisms 

are not often exposed to chemical or environmental stressors in isolation. Multiple stressor 

experiments provide a method to study how environment variability (i.e. temperature, pH, and 

salinity) can alter an organism's response to a contaminant. Yet, there is no standardized 

statistical method that allows you to easily incorporate these additional stressors into dose-

response regression, the most commonly used toxicity analysis method.  
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In Chapter 2, I present an extended dose-response regression method that simultaneously 

calculates Lethal Concentration estimate for x% of the population (LCx), with integrated 

handling of control mortality, for each stressor combination studied. The outcome of this model 

is a consistent framework to provide interpretable results that meaningfully deal with 

environmental variables and their possible impacts on the LCx estimates. To provide easy 

access to this model, it was incorporated into an R-package. 

We illustrate this method with data for a subantarctic marine invertebrate, to investigate its 

response to copper under levels of increasing temperature and decreasing salinity. These 

environmental conditions, intended to reflect future climate change scenarios, have the potential 

to impact the survival of individuals exposed to copper. The use of our model reveals that, while 

the additional stressors were not found to interact, a punctuated increase in temperature 

contributed to a significant decrease in the LCx estimate (indicating increased sensitivity).  

While dose-response regression is the main methodology to analyze ecotoxicological data, its 

resulting metric of sensitivity, the EC/LCx, is criticized for its dependency on exposure duration. 

The No Effect Concentration (NEC) is widely suggested as an improvement to the EC/LCx, as 

it represents a concentration threshold below which no effect occurs, irrespective of the 

exposure duration. 

There are two commonly proposed dose response analysis methods to calculate NECs for the 

development of environmental quality guidelines. One method uses segmented regression to 

estimate an NEC in an empirical model, the other uses a mechanistic, toxicokinetic-

toxicodynamic (TKTD) model to parameterize the time course of survival. To date, the use of 

either of these NEC models has been limited, due the increase in computational complexity and 

lack of user friendly software packages or code.  

In Chapter 3, I compare NEC estimates from the two model types to LCx estimates from 

traditional dose-response regression. To do this, I use survival data through time for four 

Antarctic marine invertebrates in response to copper. For Antarctic biota, toxicity tests are 

conducted at low temperatures and typically require an extended exposure to illicit an acute 

response, with tested durations regularly extending up to 42 days. Without knowledge of the 

life history of Antarctic biota and the likely duration and nature of exposure they would 

experience in situ, EC/LCx values are limited in their ecological relevance.  

The use of NEC models with Antarctic data shows that TKTD models provide an NEC and 

have the potential to provide information about the biological response of individuals. However, 
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they are computationally difficult. Segmented regression provides an adequate approximation, 

assuming the NEC estimated from the mechanistic model is a true threshold. I also find that 

LCx values estimated from the later observation times, are generally similar to NECs. This is 

likely due to LCx values decreasing (indicating an increasing sensitivity) with time until an 

asymptotic, incipient value is reached.  

This work highlights the time dependency of CEC values in the derivation of guidelines, 

especially for Polar Regions where the response of organisms is slow. In all regions, without 

the use of extended toxicity tests, the use of dose-response regression may over-estimate CECs, 

unless the likely in situ exposure duration is known. However, the use of dose-response 

regression may be reasonable if toxicity tests are extended until an incipient LCx can be 

estimated or extrapolated. 

Typically, inclusion of sensitivity estimates (CECs) into a SSD is currently limited in that only 

the mean point estimate for a species is used. Any variation around the data point is not included. 

The effect of incorporating this variation into SSDs has been little studied, despite being a 

possible improvement in the derivation of GVs.  

In Chapters 4 and 5, I present three new approaches to constructing SSDs to include estimates 

of variation. In Chapter 4, I look at the integration of the analysis of raw dose-response data 

into the construction of SSDs. The addition of CEC variation into the SSD, using simulated 

data, did not greatly change the resulting distribution nor the PC values estimated from them. 

The lack of difference in results is likely due to the simulation of data that meets the assumptions 

of the distribution. Chapter 5 presents an extension to the integrated Bayesian SSD, which uses 

a truncated distribution to fit data below the mean CEC estimate. Often the upper tail of the 

distribution on the right, where the most tolerant species lie, affects the fit of the distribution at 

the lower tail on the left. A truncated SSD, estimated with a heavy tailed t-distribution, proved 

to be a reliable estimator of PCx values when fit to data simulated to represent a range of 

scenarios intended to reflect commonly encountered characteristics of SSD data sets. The 

truncated distribution allows better focus on the distributions below the median where high PC 

values for 90, 95, or 99% of species (PC90, PC95, or PC99) are estimated. 

By improving the tools used to analyze toxicity data we not only improve our understanding of 

the fate and effects of contaminants but provide more reliable information for the derivation of 

environmental GVs. The work presented in this thesis describes important improvements in 

statistical modeling tools in ecotoxicology, which incorporate ecological relevancy into LCx 
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estimates, show reduced time-dependency in CECs, and add flexibility and robustness into the 

construction of SSDs. This work contributes to improving methods in risk assessments by 

providing more accurate CECs and improved methodologies for guideline derivation for 

environmental protection.  
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Chapter 1: General Introduction 

1.1 Ecotoxicology as the basis for Environmental Quality Guidelines 

Ecotoxicology, the study of the fate and effects of contaminants in the environment, is founded 

on recognition that biota can tolerate toxicants to varying degrees. By testing the responses of 

biota to toxicants, we can understand and predict their effects on natural communities (Newman 

1995, 1998, Chapman 2002, Hodkinson and Jackson 2005). Today, ecotoxicological studies 

are used to determine a quantitative measure of individual species’ response to a disturbance, 

stressor, or contaminant, known as a Critical Effect Concentration (CEC). Once a suitable 

number of CECs have been generated, they are combined to form a community assessment of 

sensitivity, in what is known as a Species Sensitivity Distribution (SSD). These distribution 

models form the basis of environmental quality guidelines.  

Environmental quality guidelines are used to evaluate the risks of contaminants to ecological 

and human health where the release of toxicants to the environment cannot be avoided or when 

remediation of a contaminated site is needed (ANZECC & ARMCANZ 2000). As the health of 

surface and ground water, soils, sediments, estuarine, and marine environments are all affected 

by human activities, guidelines provide scientifically-based approaches for environmental 

management. 

To develop guidelines, a standardized framework is used to identify and characterize 

environmental hazards, estimate the probability of adverse effects, and evaluate the likelihood 

of exposure in the environment. Quantifying the relationship between the exposure and effects 

measured within an ecotoxicological study, requires the use of statistical modeling to provide 

a measure of probability that effects occur, seen as a sensitivity estimate of an individual (CEC) 

or community (SSD) (van Straalen 1997, Chapman 2002, Worth and Balls 2002). As these 

statistical models are the tools and methods to understand the fate and effect of contaminates, 

they play an important role in ecotoxicology and guideline derivation.  
 

1.2 Toxicity Testing 

Critical Effect Concentrations are estimated for single species concentration-response 

experiments, further referred to as toxicity tests. During a standardized and controlled toxicity 

test, organisms are exposed to a range of toxicant concentrations, and after an exposure duration, 

a biological endpoint, typically survival, growth, or reproduction, is measured for every 

concentration tested. The observed toxicity within the experiment is a function of both exposure 
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duration and concentration; generally, as either factor increases, the probability of adverse 

effects occurring also increases (Newman and McCloskey 1996).  

Toxicity tests evaluate one of two types of sensitivity, acute or chronic. The 

ANZECC/ARMCANZ (2000) guidelines define bioassays assessing chronic toxicity as 

measuring “an adverse effect that occurs as the result of exposure to a chemical for a substantial 

proportion of the organism’s life span or an adverse sub-lethal effect on a sensitive early life 

stage,” which should be greater than 10% of the organism’s lifespan. In contrast, acute toxicity 

is defined as “an adverse effect that occurs as the result of a short exposure period to a chemical 

relative to the organism’s life span,” which is typically less than four days of exposure 

(Newman 1998, ANZECC & ARMCANZ 2000, Warne et al. 2013). Chronic data are the 

preferred choice for deriving protection levels to toxicants as they are more appropriate for the 

guideline aim of establishing long-term protection of the environment (Warne et al. 2013). 

However, acute tests are more common due to the difficulty of the lengthened exposure duration 

necessary for assessing chronic endpoints. 

1.3 Critical Effect Concentration Estimation 

To quantitatively assess the risks of acute or chronic exposure to a contaminant, statistical 

models have been developed to estimate the exposure concentration above which adverse 

effects are likely to occur. This level is known as the threshold concentration, and is represented 

as CEC (van der Hoeven et al. 1997, Crane and Newman 2000, Grist et al. 2006, OECD 2006, 

Baas et al. 2009, Forfait-Dubuc et al. 2012).  

Three types of CEC estimates are commonly used: the Lowest or No Observed Effect 

Concentration (LOEC/NOEC), the Effective or Lethal concentration for x% of the tested 

population (EC/LCx), and the No Effect Concentration (NEC). These are based on three 

different statistical methods: hypothesis testing, dose-response regression, and threshold-

parameter modeling, respectively. The estimates from these methods differ, and these subtle 

differences must be considered when interpreting and comparing toxicity tests for 

environmental guideline derivation and risk assessment.  

Here, we examine the three main statistical methods used to obtain CECs, detailing the 

application, limitations, and benefits of their use.  
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1.3.1 LOEC/NOEC via Hypothesis Testing 

Until recently, hypothesis testing was the primary method used to analyze toxicity data. 

However, substantiated criticisms beginning in the 1990’s have limited their acceptance in the 

ecotoxicological community (Laskowski 1995, Kooijman 1996). Hypothesis testing uses an 

ANOVA to determine if a given tested concentration is significantly different [statistically] 

from the control. Post-hoc testing then determines the LOEC and NOEC. The LOEC is the 

lowest tested concentration where the mean response differs significantly from the control, and 

the NOEC, the highest tested concentration/dilution at which the mean response is not 

significantly different from the mean response of the control (Crane and Newman 2000). As 

these are actual discrete tested concentrations rather than modeled threshold estimates, there 

are no confidence intervals associated with either estimate. 

Several assumptions are made when using hypothesis testing to produce CECs, the most 

important of which is that there is a toxic threshold below which no effects occur (Crane and 

Newman 2000). This is followed by the assumptions that a monotonic decline in survival occurs 

with increasing concentrations, and exposure to a concentration is constant. The other 

assumptions are those that underlie any hypothesis testing, e.g. normality of errors, 

independence of observations, etc. The ease with which you can violate any of the assumptions 

has brought heavy criticism, some going so far as to call for a complete end to the use of 

hypothesis testing (Laskowski 1995, Kooijman 1996, Crane and Newman 2000, Verma et al. 

2012).   

 Limitations 

The strongest criticism in the use of NOEC as a CEC, is the risk of both Type I and Type II 

statistical errors limiting the reliability of results. Conventional hypothesis testing focuses on 

Type I error (α=0.05), where a false rejection of the null hypothesis declares a concentration as 

toxic when it is not. However, when no difference is detected, fundamentally, one cannot say 

there was no effect (Crane and Newman 2000). The use of a NOEC as the threshold 

concentration, therefore, makes the assumption that “absence of evidence is evidence of 

absence” (Delignette-Muller et al. 2011). Further, Type II error limits the reliability of results, 

as a concentration declared to be below the sensitivity threshold (the NOEC) may still elicit a 

toxic response that is not statistically significant (Laskowski 1995). When the response from a 

concentration fails to differ from the control and the probability of Type II error is not 

considered, it may mean that the true NOEC is a concentration that has not been tested (Warne 

and van Dam 2008).  
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Further, as the NOEC/LOEC is entirely dependent upon the experimental design of the test, the 

number of replicates and the exposure duration also affect the power of the test and hence the 

NOEC/LOEC (Isnard et al. 2001). This approach can only generate NOEC/LOEC values that 

are drawn from the discrete set of tested concentrations. The number of replicates used can 

influence the chance of detecting a difference; the greater the number of replicates and the better 

the accuracy of the test, the lower the NOEC value (van der Hoeven et al. 1997). The use of 

standardized tests reduces the influence of sampling designs on the NOEC/LOEC values, but 

the impact of sampling design is not always considered in management decisions and guideline 

reliability. 

Despite criticisms, hypothesis testing is still a commonly used method to determine a CEC. Its 

persistent use for guideline derivation and risk assessment is largely due to the ease of 

calculation and its continual presence in published studies and guideline frameworks (Crane 

and Newman 2000, Green et al. 2013). However, many international guideline bodies such as 

the ANZECC/ARMCANZ (now ANZG) are recommending a shift away from its use. 

1.3.2 ECx via Dose-Response Regression 

The Effective Concentration Estimate (ECx) was proposed to overcome the drawbacks of the 

NOEC (Stephan and Rogers 1985, van der Hoeven 1997). To calculate an ECx, a dose-response 

regression (DRR) curve is fit to the response data recorded on a specified day of, or the end of 

a toxicity test. The curve describes the relationship between the concentration and the 

magnitude of the response through a sigmoidal function (van der Hoeven 1997, Ritz and 

Streibig 2005). Using this curve, the concentration that exhibits an effect at x% is estimated. 

Unlike hypothesis testing, with DRR it is possible to calculate the confidence intervals of the 

fitted curve and the ECx estimate. Dose-response modeling is also used to calculate lethal 

concentrations (LCx) estimates from survival data. 

There are three main assumptions for DRR modeling. The first assumption is that the data 

contains at least two concentrations where a partial response is observed. The second 

assumption is that individuals are exposed to a constant concentration during the toxicity test. 

This second assumption is hardest to meet and the consequences of using this model with data 

from tests with non-constant exposure are unknown. The third model assumption is that the 

data display a monotonic response with increasing concentrations. Like the NOEC, which 

requires this assumption for post-hoc testing, in regression modeling it is required to fit the 

standard sigmoidal curves (Ritz 2010).  



5 
 

The two most common functions used to estimate a dose-response curve are log-logistic and 

log Normal (also known as log-probit), both of which produce similar results (Newman and 

Aplin 1992). The Weibull distribution is also used in DRR and is commonly found to be the 

best fit for concentration-response data (Isnard et al. 2001, Ritz and Streibig 2005, OECD 2006, 

Forfait-Dubuc et al. 2012). Descriptions on the mathematical foundation of these distribution 

functions for use in dose-response regression have been detailed in Ritz and Streibig 2005 and 

Ritz 2010. 

Two common methods to estimate the parameters for any distribution are Maximum Likelihood 

(more commonly used) and Bayesian estimation (Hoekstra 1991, Warne and van Dam 2008, 

Forfait-Dubuc et al. 2012). Other non-parametric methods such as Trimmed Spearman-Karber 

and Moving Averages, as well as Interpolation Methods are more appropriate when data fails 

to meet assumptions of DRR (Hamilton et al. 1977, Hoekstra 1991, Bedaux and Kooijman 

1994). Confidence intervals for ECx estimation can be calculated with likelihood ratio testing, 

the delta method, or via parametric methods such as bootstrapping and Bayesian methods 

(Hoekstra 1991, Faraggi et al. 2003).  

 Limitations 

The overarching limitation of dose-response regression is that ECx estimates are not necessarily 

threshold values (should sensitivity thresholds truly exist); rather, they are estimates which 

assume an effect occurs. Additionally, the choice of distribution, choice of x, and endpoint 

assessed all affect the ECx estimate and confidence intervals (Jager 2011, deBruyn and Elphick 

2013).  

In management, the choice of percentage level of ‘x’ often decreases in value when 

environmental concern is high (deBruyn and Elphick 2013). If management errs on a smaller 

value of x, it is possible the data will not allow for a calculation of x%, or the result will be 

accompanied by a large confidence interval (Isnard et al. 2001, deBruyn and Elphick 2013). 

However, a large confidence interval with a low x is not always the case. For example, Forfait-

Dubuc et al. (2012) found that a moderate response in survival increased the size of LC50 

confidence intervals, when in contrast LC5 and LC10 confidence intervals remained small. 

Ultimately, while an effect of any size ‘x’ can be calculated, the confidence limits surrounding 

an ‘x’ estimate increase where data are limited, and the precision of a point estimate dwindles 

(deBruyn and Elphick 2013). 
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Further, while NOECs are considered a threshold, it is difficult to say what ECx corresponds to 

a NOEC for guidelines (Crane and Newman 2000, Green et al. 2013), as even a low value of x 

implies some effect (Forfait-Dubuc et al. 2012). The most common ECx used in guideline 

derivation are the EC10 and EC50, but the same choice in ‘x’ for endpoints such as body size, 

reproduction, or mortality have different ecological consequences. As the interpretation of ‘x’ 

changes with endpoint it is difficult to standardize the choice of x in policy, as the resulting 

ECx may not be a true representation of the ecological consequences (Jager 2011).  

In addition to the difficulties in the choice of x, the choice in distribution used to fit the data 

can also affect the ECx estimate (Forfait-Dubuc et al. 2012). While the use of probit, log-logistic, 

or Weibull distributions is widely accepted (Bedaux and Kooijman 1994, Newman and 

McCloskey 1996, Ritz 2010, Candy et al. 2014, Delignette-Muller et al. 2014), the choice of 

model is often based on the most conservative estimate and the best visual fit to the data (Ritz 

2010, Forfait-Dubuc et al. 2012).  

Arguably the most important limitation of DRR modeling is the dependency of the ECx on the 

testing or exposure duration. Toxicity is known to be a factor of both exposure duration and 

concentration, and analyses that ignore duration are limited in the information they provide. 

However, this limitation is not fully recognized in guideline development. In testing protocols, 

the length of the toxicity test is often irrespective of the chemical properties, species, or likely 

exposure or environment in question. Instead, testing times are typically standardized and time 

dependencies ignored (Baas et al. 2010, Jager 2011). In survival bioassays, LCx values will 

decrease in time until an asymptotic value is reached. This is known as the incipient LCx 

(Newman 1998, van Ginneken et al. 2017). While the behavior of an LCx through time is 

understood, very little is known about the time dependence of ECx values (Álvarez et al. 2006) 

as how the ECx changes with increasing exposure depends on the response measured (Jager 

2011). In literature, it is more common to see a single ECx value published with little 

consideration as to how this might be affected by exposure duration. This is problematic in 

management especially when different endpoints of the same species and different choices in 

‘x’ will follow different curves (Álvarez et al. 2006). If the pattern in the rate of decrease in 

ECx or LCx through time can change between chemicals and species, great care should be given 

when comparisons are made (Baas et al. 2010).  
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 Benefits 

DRR remains the methodology that underlies modern risk assessment (Ritz 2010), despite 

critiscisms. The main advantages of DRR over hypothesis testing are that the estimation of 

LC/ECx values is not restricted to one of the tested concentrations, and the LC/ECx value is 

accompanied by a confidence interval. Further, improvements in software and programming 

have made the calculation of these estimates much easier, and even with some confusion in the 

choice of model, estimates are often similar between the distributions (Ritz 2010, Forfait-Dubuc 

et al. 2012). 

Dose-response modeling is most effective in risk management when the range of contaminant 

concentrations and exposure durations are either known or deemed ecologically relevant. In 

this case, Jager et al. (2006), a predominate critic of dose-response modeling, states that 

regression models are defensible when two conditions are met: 1) the model is used to 

interpolate only and 2) the curve and the data fit well.  

Further, adaptions to dose-response models are possible and newer models have emerged to 

overcome the assumptions of constant exposure and monotonic response, such as those for 

pulsed exposure and for responses that display hormesis (Ritz 2010, Ritz et al. 2015). 

1.3.3 NEC via Threshold-Parameter Modeling 

The newest proposed CEC for ecotoxicological data analysis is the No Effect Concentration 

(NEC) (Kooijman et al. 1996, Fox 2008). The NEC is a model parameter that represents the 

estimated threshold concentration below which a toxicant will not induce an effect in the 

population regardless of exposure duration. While the idea of a time-independent threshold of 

toxicity is still considered a theoretical construct, if it does exist, it is the ideal parameter on 

which to base a risk assessment, if it can be estimated (Van Der Hoeven 1997). The two most 

common methods to estimate NECs are Toxicokinetic-Toxicodynamic modeling (TKTD) 

which uses Dynamic Energy Budget (DEB) theory (Bedaux and Kooijman 1994, Kooijman et 

al. 1996, Jager et al. 2011), and segmented regression, a threshold approximation method, 

proposed by Pires et al. (2002).  

Due to the time-independency of the NEC threshold, international guidelines such as 

ANZECC/ARMCANZ (2000) and OECD (2006) have recommended a transition to the NEC 

as a CEC. Despite this, adoption has been slow, and use of the NEC is limited due to the 

complexity of the models used to estimate the threshold parameter. 
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The complexity of the models is largely due to the methods necessary to estimate the threshold-

model parameters. While Maximum likelihood can be used for parameter estimation, both 

model types benefit from the use of more complex Bayesian statistics (Fox 2010, Forfait-Dubuc 

et al. 2012). 

Bayesian statistics have become a powerful tool in scientific hypotheses testing by providing a 

method where the evidence about the true state is expressed in terms of degrees of belief about 

the model results given the data. In the Bayesian paradigm, knowledge of the model parameters 

are represented as probability distributions. The prior distribution p(θ), represents knowledge 

of the parameters θ before data is collected. The likelihood is the distribution, p(y|θ) of the 

observed data y, conditioned on the model parameters, and represents our understanding of the 

data collection process. The posterior distribution p(θ|y), is the distribution of the parameters θ, 

conditioned on the observed data y, and represents our knowledge of the parameters after the 

data has been observed. These are related by Bayes’ rule in Equation 1 (Lee 2004, McCarthy 

2007, Billoir et al. 2008, Fox 2010).  

 P(θ ∣ y) =
p( y ∣∣ θ ) p(θ)

∫ p( y ∣∣ θ )p(θ) dθ
 (1) 

There are several benefits of Bayesian methods to estimate the NEC model parameter. Bayesian 

methods provide some control over the results of the parameters. Bayes’ rule provides a 

mechanism for updating knowledge in the light of new data. The posterior contains all 

knowledge of the model parameters and can be summarized to generate point estimates and 

confidence regions. An understanding or expectation about the range of likely parameter values, 

such as the NEC, can be incorporated through the prior distribution. Therefore, the researcher 

can inject their own belief or experience onto the outcome of the model parameters (Lee 2004, 

McCarthy 2007). In ecotoxicology, information about model parameters can be elicited from 

the range of chosen concentrations, which are often chosen by the experimenter from their own 

previous knowledge (Forfait-Dubuc et al. 2012).  

 

 Toxicokinetic-Toxicodynamic Models 

Toxicokinetic-Toxicodynamic modeling simulates the time course of the process leading to 

toxicity. The first step, toxicokinetics, translates the internal processes that modify the 

concentration of a toxicant to an internal concentration over time. The second step, 
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toxicodynamics, quantitatively links the internal concentration to the effect (e.g. mortality) on 

the individual over time (Jager et al. 2011). 

The most commonly known TKTD framework is one proposed by Bedaux and Kooijman 

(1994), which models survival as a function of parameters that quantify the energy budget of 

the individuals and uses mechanistic modeling to quantify toxic effects on individual species 

(Bedaux and Kooijman 1994, Kooijman et al. 1996). This model assumes that the internal 

concentration leads to damage (which can be repaired at a certain rate), and in turn this damage 

leads to mortality. Toxicity only begins to take effect after the estimated internal concentration 

exceeds an NEC threshold. Model parameters for uptake and elimination can be estimated using 

Maximum-likelihood procedures, Monte Carlo simulation, and Bayesian methods (Bedaux and 

Kooijman 1994, Jager et al. 2004, Billoir et al. 2008). 

For one common implementation of this framework, the General Unified Theory of Survival 

(GUTS), it is not necessary to obtain the actual concentration in the animal tissues, only the 

concentration in the environment and the survival response of the individual. However, this one 

compartment model makes assumptions about the dynamics of the animal by using the time 

course of survival to estimate the elimination rate. The elimination rate then determines the 

time to reach equilibrium between the concentration in the organism and its environment (Jager 

et al. 2011).  

In the more complicated Dynamic Energy Budget models or DEBtox models, exposure to 

toxicants can be understood by analyzing the change in energetic parameters in response to 

exposure, such as an increase in maintenance costs (e.g. costs of growing new body tissue, or a 

decrease of the assimilation of energy from food) (Jager et al. 2004, 2006). These models 

incorporate a wide range of organism responses; growth, reproduction and survival, but it is 

also possible to include energetic process such as respiration, body composition and product 

formation (Jager et al. 2011). Using DEBtox is advantageous because the model incorporates 

the energy balance between physiologically different processes and gives insight into how 

compounds disturb these processes (Billoir et al. 2008). However, use of this model requires 

energy budget parameters to be estimated experimentally or informed from relevant literature, 

or when no data are available they are parameterized with non-informative priors (Billoir et al. 

2008).  

Despite substantial benefits of TKTD modeling for the generation of NECs, criticisms of this 

model do exist and adoption of TKTD methods has been slow (Delignette-Muller et al. 2017). 
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Model results are sensitive to starting values (Candy et al. 2014) and use of available software 

still requires expertise in model fitting (Delignette-Muller et al. 2017). In addition, use of the 

DEBtox model is not always possible as we do not always know enough about a species to 

estimate values for the internal biological process required to inform parameter estimation.  

 Segmented Regression 

An alternative approach for deriving an NEC estimate is to fit a dose-response model in which 

a threshold concentration is explicitly recognized in the model. Pires et al. (2002) provides a 

specific example which approximates the toxicity threshold using segmented regression. 

Similar to TKTD models, the NEC is a model parameter and a threshold above which toxicity 

occurs, regardless of the exposure duration. 

In the Fox (2010) adaption of the Pires et al. (2002) model, the method relates the measure of 

biological response to the tested concentrations via a model that includes three parameters: α is 

a ‘basal’ response, the response at zero/low-dose concentrations; β, which controls the rate of 

decay in the response; and γ, the NEC (Figure 3). The model, herein referred to as the Pires 

model, assumes the response is constant until a threshold NEC is reached, after which the 

response follows exponential decay. While this model does produce a time-independent NEC 

estimate, this model does not integrate the effects of toxicity through time. Little work has been 

done to compare NEC values generated using the Pires model to the mechanistic TKTD model.  

 

Figure 1. Pires model used to generate NEC: Influence of model parameters on the shape of the dose-
response model. The γ is the NEC threshold. Reproduced from Fox 2010. 
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 Limitations 

While the use of the NEC as a CEC appears to be ideal in risk assessment, the framework of 

threshold-parameter models generally remains outside the realm of conventional 

ecotoxicological practice (Fox 2010). Both TKTD and Pires-based methods are complex and 

require advanced statistical understanding. The practical use of Bayesian methods is highly 

computational and complex. Using these estimation methods has not been possible until recent 

decades when computing power and implementation of numerical methods such as Markov 

chain Monte Carlo (MCMC) became possible on desk-top computers (Fox 2010). In this case 

the use of information based theory methods can be valuable tool (Anderson 2008). Further, 

with any model fitting method, the results are model dependent and sensitive to starting values 

(Van Der Hoeven et al. 1997, Forfait-Dubuc et al. 2012, Delignette-Muller et al. 2017), and 

there are trade-offs between what is the scientifically best approach versus the practical 

applicability of the method.  

 Benefits  

It is proposed that the models to estimate an NEC are a better option in terms of precision and 

the scope of environmental protection (Forfait-Dubuc et al. 2012). The NEC represents a more 

meaningful value in terms of the threshold at which a species responds to a toxicant and is, 

therefore, currently the most suitable CEC for guideline derivation. 

In the argument of the use and validity of a threshold, Fox (2010) makes the important point 

that the inclusion of a threshold in the model does not presuppose the existence of threshold, it 

only allows for one to be estimated should the data justify it. The use of a “no-effect” threshold 

is already in use in risk assessment with the continued use of the NOEC, despite its poor 

statistical meaning (Forfait-Dubuc et al. 2012). Whether a threshold exists or not is not so much 

the question, it is whether its use is effective in risk assessment.  

1.4 Species Sensitivity Distributions and Guideline Derivation 

Once an acceptable number of CEC estimates based on single species toxicity tests have been 

assessed for a range of taxon, the CECs are then included into a Species Sensitivity Distribution 

(SSD), to provide a community level of sensitivity to a contaminant by describing the 

proportion of species impacted.  

The use of SSDs is underpinned by the well-validated belief that, at the community level, 

species generally have different although predictable responses to increasing concentrations of 

toxicants. SSDs are estimated from a sample of acute or, preferably, chronic CECs for a toxicant, 
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which can be described and visualized (Figure 2) by ordering CECs within a cumulative 

distribution function (Posthuma et al. 2002).  

The methodology for SSDs, originally proposed in the late 1970’s, has been used since the mid 

1990’s to determine environmental quality metrics for individual toxicants by deriving the 

probable impacts for a community (Ciffroy et al. 2013). The approach was largely developed 

by Kooijman (Kooijman 1987), Van Straalen and Denneman (1989), and Wagner et al. (Wagner 

and Løkke 1991), and the mathematical foundation and theoretical application of this method 

has been published in detail by Posthuma et al (2002). 

From a SSD, the hazardous concentration that is hazardous to y% of the population (HCy) is 

estimated. The HCy is also referred to as the Protective Concentration PCx, where y = 100-x%. 

The estimated PCx or HCy from a given SSD is used commonly as the guideline value (GV) 

for the contaminant. 

Interpretation of HCy/PCx estimates is done by reading the axes of the plotted distribution (see 

arrows in Figure 2). For GV derivation (called EQC in Figure 2), the PC95 or HC5, is found by 

matching the chosen percentile (y= 5) on the y axis, to the SDD curve and then to the 

corresponding concentration on the x-axis (Posthuma et al. 2002). The percentile, y, chosen for 

the GV can change depending on the current health or desired level of protection of the 

environment of concern (ANZG 2018).  

Figure 2. “The basic appearance of SSDs expressed as a CDF. The dots are input data. The line is a 
fitted SSD. Forward use (arrows from X →Y) yields the PAF as defined in [Posthuma 2002] Chapter 
4, or similar estimates of risk as defined by other authors…. Inverse use (arrows from Y→X) yield an 
EQC at a certain cutoff value, here the hazardous concentrations for 5% of the species (HC5).” 
Reproduced from Posthuma (2002), page 5. Each point on the curve represents a CEC from an 
individual species. 
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Since their proposal as a risk assessment method, SSDs have become a cornerstone of 

ecological risk assessment and environmental regulation. Internationally, SSDs are the 

predominant tool used to derive limits for contaminant concentrations for a receiving 

environment (Wheeler et al. 2002, Warne et al. 2013, Pathiratne and Kroon 2016). The success 

of SSDs in risk assessment is due to their capabilities to provide a decision maker with 

information about the possible outcomes due to increasing levels of contamination (Allard et 

al. 2009), as any concentration higher than the GV threshold poses a significant risk and triggers 

the need for management (Posthuma et al. 2002).  

1.4.1 Calculation Methods 

A SSD curve can be derived using frequentist, bootstrap, or Bayesian methods. Weibull and 

logistic distributions are commonly used with both frequentist and Bayesian methods, with no 

strong theoretical grounds for selecting one distribution over another (Posthuma et al. 2002). 

After the successful introduction of SSDs to derive guidelines, the log Normal (Wagner and 

Løkke 1991) and Gompertz distributions were introduced as alternatives (Newman et al. 2000). 

When data fails to conform to the shape of any distribution, bootstrapping can provide an 

alternate non-parametric way of estimating a SSD (Grist et al. 2002, van der Hoeven 2004).  

 Frequentist Methods 

For frequentist methods, maximum likelihood can be applied to both probit and log-transformed 

data and confidence intervals can be calculated from assumptions of the Normal distribution. 

Logistic regression is more complicated as it requires confidence intervals be calculated via 

Monte Carlo simulation or the delta method. However, SSDs produced using this method 

benefit from longer tails of the logistic distribution, which lead to more conservative estimates 

(Wheeler et al. 2002).  

While frequentist approaches are used to estimate SSDs, there are no direct means to include 

known variation (e.g. confidence intervals) around CEC estimates, and methods are limited 

when a chosen distribution fails to conform to the data (Wheeler et al. 2002).  

 Bayesian Methods 

Bayesian methods provide the most flexibility in SSD estimation as they can include 

uncertainty of the CEC estimates, or variation due to abiotic or biotic factors (Duboudin et al. 

2004). Bayesian SSD methods follow the same foundation as described in the threshold-

parameter modeling section (Equation 1), and any distribution used in frequentist SSD methods 

can be used in Bayesian methods. While Bayesian methods are more computationally difficult, 
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they show promise as robust PCx estimators. They allow the researcher to include prior 

knowledge about the toxicant into the calculation of the final SSD distribution, and they can 

account for differences among taxonomic groups (Hayashi and Kashiwagi 2010, Hickey et al. 

2012, Craig 2013).  

Bayesian methods are also able to produce similar GVs with less data. In a comparison of HC5 

(PC95) estimates for 21 substances, Ciffroy et al. (2013) found that with the use of informative 

priors in a Bayesian method, results from reduced samples sizes were comparable to frequentist 

methods from full data sets. Further, the use of informative priors reduces the risk of 

overestimating a PCx when sample sizes are small.   

 Limitations 

As SSDs are used as a tool to extrapolate answers outside of the provided information, intensive 

discussions have taken place on the principles, statistics, assumptions, data limitations, and 

applications of SSDs (Kooijman 1987, Forbes and Forbes 1993, Smith and Cairns 1993, 

Chapman et al. 1998, Relyea and Hoverman 2006, Böttger et al. 2012, Gottschalk and Nowack 

2013, Fox and Billoir 2013, Ciffroy et al. 2013, Del Signore et al. 2016).  

As SSDs are formed from a pool of CEC estimates that are representative of an ecological 

community, the choice of data and taxonomic groups included in a SSD influence the final 

shape of the distribution and the PCx estimates generated from it. This choice of data is more 

likely to affect the PCx estimate than is the statistical method or distribution used (Duboudin et 

al. 2004, Del Signore et al. 2016). As the common CECs, such as the NOEC and EC/LC50, 

have known shortcomings as a measure of effect, any extrapolation method (e.g. SSDs) based 

on their use shares their deficiencies (Newman and Clements 2008). Further, while the true 

sensitivity distribution of the community is unknown, it is not always possible to obtain a 

random and representative sample of species and meet model assumptions. Often certain 

taxonomic groups are over-represented, while other taxonomic groups, such as vertebrates, are 

under-represented (Van Der Hoeven 2004). Consequently, the usefulness of a SSD is based on 

the data used, as the quantity and quality of CEC estimate affects the reliability of the derived 

GV (Wheeler et al. 2002). 

Regulatory bodies such as ANZG (2018), OECD (2006), and the CCME (2007) require a 

minimum number of species and taxon be used. However, it is not understood if requirements 

provide adequate representation. Further, there is a trade-off between the desire to use fewer 
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but higher-quality sensitivity data, and the desire to use many data points to represent as many 

species as possible (Dowse et al. 2013).  

In addition to the number of species included in the SSD, the biological response of the species 

measured in the toxicity test, and the type of CEC used, both affect SSD reliability. Often a 

mixture CEC estimates from acute and chronic tests are used with unknown consequences 

(Ciffroy et al. 2013). A comparison of acute and chronic data revealed that acute data are on 

average a factor of ten higher in concentration than chronic data (Posthuma et al. 2002). 

Consequently, “safety factors” must be applied to acute data to correct for the possibility of 

overestimating a PCx with frequentist methods.  

While SSDs would ideally be generated from a substantial amount of data, there is a strong 

desire to reduce the amount of ecotoxicological testing in many regulatory jurisdictions 

(Merrington et al. 2014). Future research must, therefore, focus on extracting the most relevant 

information from a small quantity of data. There are several proposed methods to do this 

including: weighting SSDs toward ecologically important species; including the uncertainty 

around individual CEC estimates ; and including the relevance and prevalence of the species in 

the ecosystems in weighting estimates (Forbes and Forbes 1993, Duboudin et al. 2004, Hickey 

et al. 2012, Merrington et al. 2014, Kon Kam King et al. 2015b). These methods require the use 

of Bayesian statistics. Further, while some work has been done to include the uncertainty around 

the individual CEC estimate in a SSD (Zhao and Zhang 2017), what has been done has not been 

published in a way that is accessible to the greater ecotoxicological community, nor was it 

found to greatly change the resulting GVs. 

The greatest shortcoming of SSDs is their failure to include species interactions into the 

assessment and there is little information available on how to overcome this in the modeling 

framework. Further, the SSD approach requires substantial knowledge of the dominant and 

keystone species. However, this knowledge may not always be available or the species may not 

be testable (Newman and Clements 2008). It has been suggested that SSDs be validated by or 

used in conjunction with field data (Smetanová et al. 2014). However, this is rarely done and 

may be impossible for some environments.  

Species Sensitivity Distributions have been shown to be protective of endangered species 

(Raimondo et al. 2008). However, it is well understood that an SSD fails to account for 

ecological interactions including species interactions, ecological roles and niches, and the 

dominant and keystone species of the environment (Newman and Clements 2008). Yet, it is 
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unclear how to best incorporate this information. In addition, it remains untested whether SSD-

based management successfully protects the ecological community of concern. Despite these 

shortcomings, the SSD remains the most useful currently available regulatory tool for 

environmental management. However, work is needed to overcome the problems that have 

been acknowledged in the literature (Merrington et al. 2014). Bayesian methods provide the 

most flexibility to improve GV derivation, and the use of confidence intervals is little studied. 

Further, a focus upon the lower tails where PCx values are calculated is a possible novel 

improvement to guideline reliability, which remains largely unexplored. 

1.5 Statistical Review Conclusion 

The information captured by standardized toxicity testing has provided a quantitative, scientific 

basis for environmental regulation and risk assessment of thousands of chemicals and toxicants 

in jurisdictions around the world (deBruyn and Elphick 2013). Analyses of single species tests 

are improving as more ecologically relevant statistical methods are developed and made 

accessible. Dose-response regression still plays a successful role in guideline derivation, despite 

its dependence on exposure duration, and improvements in the method are possible. Threshold-

parameter models, like those used to calculate NECs, are the likely future of individual species 

ecotoxicology data analysis. However, complexity is currently limiting their use. Regardless of 

the model choice used to estimate CECs, Species Sensitivity Distributions have been 

successfully used to derive environmental quality guidelines for environmental management, 

and Bayesian methods show promise in overcoming many of the shortfalls of frequentist 

calculation methods. Ultimately, ecotoxicological data analysis is a complicated issue and any 

method will have shortcomings, but that does not limit their usefulness and success in 

environmental management.  

1.6 Antarctica as a Case Study for Improving Ecotoxicological Analysis Methods 

Quantitative methods to derive CECs and SSDs for the derivation of environmental quality 

guidelines are used in frameworks around the globe as standardized methods. Several countries, 

including Australia and New Zealand, Canada, Denmark, the Netherlands, the United Kingdom 

and the United States maintain similar regulatory bodies and water quality documents 

(ANZECC & ARMCANZ 2000, Warne 2002, OECD 2006, CCME 2007). Countries such as 

China and South Africa are adopting comparable strategies (Roux et al. 1996, APEC 2003, 

Zhao et al. 2018).  
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Antarctica has long been considered one of the last pristine environments. However, 

anthropogenic disturbance has left Antarctica and the surrounding subantarctic islands with a 

legacy of both direct and indirect human impacts. Environmental quality guidelines specifically 

for Antarctica would benefit Antarctic treaty nations who are committed to the management 

and remediation of impacts resulting from human activities in the region. 

For any jurisdiction, there is a need to incorporate regionally specific abiotic factors, levels of 

pre-existing disturbances, and information about the sensitivity of local biota to contaminant 

exposure, into regional and site-specific guidelines derivation (ANZECC & ARMCANZ 2000, 

Fojut et al. 2011). Antarctica has its own unique site-specific abiotic conditions and biological 

communities and guidelines developed elsewhere in the world are unlikely to be applicable to 

Antarctic and subantarctic regions. However, there are limitations and challenges associated 

with Antarctic toxicity data sets and the development of guidelines for Antarctica. Overcoming 

these issues with quantitative methods can also contribute to and help to improve guideline 

derivation methods globally. 

1.6.1 Recognized Impacts 

Human occupation of Antarctica has increased steadily since the first research stations were 

established in the 1940’s. Today, there are 90 active research stations in Antarctica, 40 of which 

are operated year-round. The majority of permanent research stations are established in ice-free 

coastal areas, which are the most accessible and habitable for human occupation. However, ice 

free areas make up less than 1% of total area of Antarctica, yet contain the greatest diversity of 

flora and fauna (Poland et al. 2003).  

While the climate and isolation of the Antarctic continent have limited anthropogenic 

disturbance, past and current management practices have led to a legacy of contamination 

(Snape et al. 2001). Impacts directly related to human activity have been identified at nearshore 

and terrestrial sites in Australia’s Antarctic Territory and subantarctic islands. Waste sites left 

from whaling processing activities and early exploration result in leachates and contaminated 

runoff of metals. The use of fuels for powering research stations and vessels, and sewage 

discharges from current research stations are ongoing concerns (Duquesne et al. 2000, King 

and Riddle 2001, Chapman and Riddle 2003, Weber and Goerke 2003, Chapman and Riddle 

2005, King et al. 2006a, Betts 2008, Hill et al. 2009, Tin et al. 2009, Payne et al. 2014, van 

Dorst et al. 2014). 
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In 1991, the recognition of the risk from ongoing anthropogenic activities prompted the 

adoption of The Protocol on Environmental Protection to the Antarctic Treaty, commonly 

known at the Madrid Protocol. Ratified in 1998, the Protocol committed signing parties to the 

comprehensive “protection of the Antarctic environment … including its wilderness and 

aesthetic values and its value as an area for the conduct of scientific research.” 

The Protocol detailed six areas, known as Annexes, in need of legislation for environmental 

protection. Annex I and VI detail environmental impact assessment and liability arising from 

environmental emergencies, respectively. Annex II through V detail the protection of flora and 

fauna, waste disposal, marine pollution, and the establishment of protected areas.  

While the general obligations for treaty signatories are to reduce the production, disposal, and 

discharge of contaminants either through specified means or “as far as practicable, so as to 

minimize impact”, no language within the Protocol provides a procedural framework to 

mitigate and manage the direct impacts from human activities.   

The establishment of environmental quality guidelines in Antarctica and subantarctic regions 

would provide a standardized framework for site specific risk assessment and remediation 

targets for impacted areas. Further, guidelines would provide a basis to meet the requirements 

of environmental protection established in the Madrid Protocol.  

1.6.2 Establishing Antarctic Guidelines 

The Australian Antarctic Division (AAD) has for the past decade had a research program 

investigating the effects of key contaminants, including metals and commonly used fuels on 

Antarctic biota (King and Riddle 2001, Snape et al. 2001, King et al. 2006b, Hill et al. 2011, 

Payne et al. 2014, Gissi et al. 2015, Alexander et al. 2016, Holan 2016). This has been done 

with an expectation to develop environmental quality guidelines for the Antarctic and 

subantarctic, largely based on the Australia and New Zealand framework (ANZECC & 

ARMCANZ 2000, ANZG 2018) .  

A key step in developing guidelines for Antarctica is to establish CEC estimates for native 

Antarctic biota from a range of ecological and functional groups. While there is a growing 

amount of toxicity data available, data are often problematic for traditional statistical analysis 

methods. When gaps in data exist for SSD derivation it is sometimes advocated to use GV or 

CEC estimates for similar species from differing regions in order to meet the selection criteria 

for a SSD. However, CECs based on tropical and temperate species are unlikely to be applicable 
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to the derivation of Antarctic specific guidelines (Snape et al. 2003, Chapman and Riddle 2005, 

Chapman et al. 2006).  

Antarctica’s unique biology and the specialized adaptions of Antarctic species have highlighted 

the need to adapt guidelines to incorporate testing and analysis methods that suit the intrinsic 

abiotic values of a local area or region (Sfiligoj 2013), including the additional stress 

experienced with the increasing threat of climate change (Holan 2016). Antarctic marine 

species have highly specialized adaptations to living in the cold waters in the region and are 

largely stenothermal, having a physical tolerance to a narrow thermal range (Peck 2002, Pörtner 

et al. 2006). Antarctic coastal water temperatures are low and stable with a mean annual 

temperature of 1.8 °C (Clarke 1988), with winter averages of -2 °C and summer averages of 

+1 °C (McClintock et al. 2008). The evolutionary adaptions to the stable and cold temperatures 

of Antarctic marine waters have led to increased longevity and lower metabolic rates (Pörtner 

et al. 2007) and longer lifespans (Peck et al. 1997, Peck 2002). This is thought to change the 

way Antarctic organisms respond to contaminant exposure (Hodkinson and Jackson 2005), with 

contaminants likely to persist longer, in addition to being processed more slowly.  

As climate change is expected to significantly impact the Antarctic, and in Polar Regions more 

generally, it is important that we develop methods for Antarctic biota that assess species’ 

responses under the changing conditions predicted, such as those reflected in the reports on the 

United Nation’s International Panel for Climate Change (Stocker et al. 2013). However, 

ecotoxicological assessments often focus on the response of individuals to a single contaminant 

under laboratory conditions, limiting the ecological relevance of the CEC estimate. In reality, 

individuals are exposed to a range of environmental conditions that can act as stressors and 

affect the response of an individual to a contaminant. To improve our understanding of an 

organism’s response to a contaminant under different environmental conditions, multiple 

stressor experiments are often used. Yet, there is a lack of standardized analysis methods for 

multiple stressor experiments using DRR, which would provide a reliable technique to assess 

the effects of the additional stressors on the EC/LCx estimate.  

Further, the development of guidelines specific to Antarctica must consider the response of 

polar species to toxicity through time. While most ecotoxicological testing is based on a set 

exposure duration, the slow metabolism and often delayed response of Antarctic species limits 

the reliability of a set exposure duration, such as a 24 to 96 hour test commonly used in tropical 

or temperate acute survival tests. In contrast, the typical exposure duration in an acute toxicity 
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test with Antarctic species ranges from 7 to 14 days and can sometimes exceed 30 days (King 

and Riddle 2001, Sfiligoj et al. 2015, Holan et al. 2016). The extended life span of Antarctic 

species and hence the lengthened exposure duration required for acute tests, reduces the ease 

by which chronic estimates can be determined. Moreover, the differences in the response 

between polar, temperate, and tropical species through time mean that straightforward 

comparisons of time-dependent CECs, such as EC/LCxs, are not possible.  

Antarctic toxicity tests typically include observations at several time-points throughout the 

duration of the test, but CECs are only estimated at discrete times. Recent work incorporated 

the survival response to metals through time into LCx estimates for the Antarctic amphipod, 

Orchomenella pinguides. The statistical model developed incorporated both exposure 

concentration and duration using a generalized additive mixed model (Candy et al. 2014). The 

use of this method found that sensitivity increased with increasing exposure time; a common 

finding with most studies that estimate sensitivity through time (Sfiligoj et al. 2015). 

Unfortunately, while the model uniquely incorporated exposure duration into estimation and 

allowed for LCx estimates to be calculated for any day within the testing period, it did not 

improve the variability around the LCx estimates. Instead, the confidence limits increased in 

comparison to the traditional results of DRR at each observation time. 

The difficulties associated with obtaining and culturing the suitable numbers of individuals 

required for accurate testing and statistical analysis limits the data available for estimating 

CECs for Antarctic biota. Adapted and improved statistical methods are, therefore, necessary 

to derive reliable CECs and GVs from problematic data and ultimately improve the efficacy of 

Antarctic environmental quality guidelines under a range of environmental conditions. Further, 

improvements in the methods to calculate threshold CEC estimates as time-independent 

measures may eliminate the difficulties in comparing results between species tested at different 

durations. 

1.6.3 Analysis Limitations of Antarctic Ecotoxicology Data  

Toxicity studies on Antarctic and subantarctic species have, to date, typically used hypothesis 

testing or DRR to generate CECs. However, several recurring problems in the analysis of 

Antarctic data provide an opportunity to explore analysis method development. The main issues 

are more-than-ideal mortality in the control treatments, long test durations with multiple 

observation times, delayed response to contaminants, and highly variable responses at given 

test concentration. 
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When testing survival responses in ecotoxicological studies, mortality due to artificial and 

natural causes must be considered in deriving sensitivity estimates (Hoekstra 1991). Natural or 

control mortality, measured from the survival of individuals in the control treatments, is a 

regular occurrence in Antarctic survival data. In hypothesis testing, control mortality may limit 

the likelihood that a toxicant exposure is found to be statistically significant from the control. 

In DRR, toxicant response data must be corrected prior to analysis as even low levels of control 

mortality can lead to bias in LCx estimates (Hoekstra 1987). However, in DRR of survival data, 

control mortality is not typically included in the model. Instead, Abbott’s correction is used on 

dose-response data by adjusting the probability of mortality due to the contaminant, to account 

for mortality in the control treatments (Faddy et al. 2010). It is unclear how much bias is 

introduced into LCx values with Abbott’s correction, as any error around the control mortality 

estimate is unaccounted for.  

An additional consequence of control mortality in DRR is that LCx estimates, from a low value 

of ‘x’, are sensitive to small differences in the performance of control and reference test 

replicates. While variability in control performance is expected, its effect on the final LCx 

estimate and confidence interval is rarely considered (deBruyn and Elphick 2013). With the 

occurrence of higher than normal rates of control mortality in Antarctic data, what is needed is 

a standardized method to integrate control mortality into DRR using the mathematical formula 

outlined by both Hoekstra (1987) and Newman (2012).  

Another limitation to Antarctic data is the estimation of CEC values when an observed response 

is minimal at a given exposure duration, which is common with the delayed response of 

Antarctic invertebrates. In DRR, EC/LCx values must be calculated with interpolation 

procedures and the resulting confidence intervals increase due to the lack of information from 

the response data to shape the dose response curve. In some cases, EC/LCx values for Antarctic 

data cannot be calculated or confidence intervals are so large that they are not considered. In 

hypothesis testing, minimal response limits the ability to determine the NOEC. Van Der Hoeven 

(1997) noted that if NOEC estimates are determined to be the highest concentration, EC/LCx 

values (typically for higher values of ‘x’), cannot be determined. This phenomena highlights 

the problem that while NOEC estimates are highly criticized, EC/LCx estimates are not always 

possible, and can be above the highest concentration tested. However, threshold-parameter 

models have the potential to overcome issues of minimal response in estimating CECs, as they 

can include response data over the entire exposure duration.   
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Threshold-parameter models, like TKTD/GUTS and the Pires model, have the potential to 

overcome many of the obstacles to calculating CEC estimates for the derivation of Antarctic 

and subantarctic guidelines. Little is known about the biology of most of the tested Antarctic 

species, so the use of complex TKTD methods, like the models available with DEBtox, are not 

appropriate. However, use of the one-compartment TKTD models with acute survival data, 

such as GUTS, to estimate NECs may be a way forward to produce high reliability CECs. 

However, no one has directly compared EC/LCx estimates from toxicity tests with long 

exposure durations to NEC estimates.  

Currently, there are no environmental quality guidelines set for Australia’s Antarctic and 

subantarctic territories and there is a strong need for quantitative methods that provide 

ecologically realistic sensitivity estimates to derive Antarctic specific guidelines and inform 

risk assessment. Development of new analysis methods and review of existing methods for 

Antarctic ecotoxicological data will not only benefit the efforts to derive appropriate guidelines 

for the Antarctic environment, but improve guideline derivation worldwide.  

1.7 Aims and Objectives 

Research challenges exist in developing models for numerically derived measures of toxicant 

sensitivity for both individual species and communities, and their use in the development of 

guidelines and standards for environmental protection (Warne et al. 2013). There are many 

statistical methods available for the analysis of ecotoxicological data and while commonly used 

methods are suitable, there is a need to review and adapt methods to provide more ecologically 

informative estimates for guideline derivation.  

In this thesis, I explore several ways to use and adapt statistical methods to better analyze 

Antarctic toxicity data. In Chapter 2 of the thesis, I develop a method for DRR that provides a 

consistent framework to incorporate control mortality directly into LCx estimation, and allows 

for the assessment of the effects of multiple stressors on the LCx values. This work provides a 

method that incorporates the possible impacts that different environmental conditions may have 

on the sensitivity estimate (LCx) for a given toxicant, such as those expected with climate 

change.  

Chapter 3 investigates the application of threshold-parameter models to calculate NECs using 

data from toxicity tests with extended exposure durations for slow responding Antarctic biota. 

Using available R packages to implement two versions of the GUTS and the Pires model, I 

compare the NEC estimates to LCx estimates through time. This work examines if the more 



23 
 

computationally complex time-inclusive threshold-parameter methods improve our ability to 

generate more reliable CECs for Antarctic species.  

In this thesis, I also examine methods for the improvement of SSDs with simulated data. 

Chapter 4 provides a method for SSD estimation that incorporates the variation around CEC 

estimates for individual species into the guideline derivation process. The variation can be 

included either with the CEC estimate and confidence interval, or by directly estimating the 

SSD from the dose-response data. Chapter 5 presents a SSD method that focuses on the lower 

tail of the distribution, where PCx values are derived. By segmenting the distribution into parts, 

we limit the effect that the most tolerant species have on the distribution and focus on the impact 

of the most sensitive species, providing a robust method for the estimation of Guideline Values.  

1.8 Thesis Format 

This thesis contains six chapters. Chapters 2 through 5 are stand-alone research papers, written 

as separate manuscripts for publication. As such, there is an inevitable repetition of background 

material and statistical review, as well as some slight difference in formatting as required by 

specific journals, particularly of figures and tables. Chapter 2 has been published in 

Environmental Science and Technology. Chapter 3 has been formatted for Environmental 

Toxicology and Chemistry, where Chapter 4 will be submitted. Chapter 5 will be submitted to 

Environmental Science and Technology. Chapter 6 is a general discussion and synthesis of the 

major findings of this thesis. The contribution of authorship is outlined in the Statement of Co-

authorship at the start of this thesis. A single bibliography is presented at the end.  
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Chapter 2: Integrated Modeling of Survival Data from Multiple Stressor Ecotoxicology 
Experiments  

Abigael H. Proctor, Catherine K. King, Jessica R. Holan, and Simon J. Wotherspoon 

2.1 Introductory Statement 

In the previous chapter we provided a background to current methods for the analysis of 

ecotoxicological data, and the need for adapted models for Antarctic data sets. As mentioned, 

EC/LCx estimated from laboratory based toxicity tests on a single contaminant are commonly 

used for guideline derivation. Results however, are only relevant to the physico-chemical 

(abiotic) conditions under which tests were conducted (e.g. specific temperature, pH, salinity). 

To understand the sensitivity of organisms under differing environmental scenarios, a toxicity 

test can be conducted under a range of conditions simulating the possible abiotic conditions an 

organism may be exposed to; known as a multiple stressor experiment. 

Multiple stressor experiments are becoming more common as they can provide ecologically 

relevant information about how sensitivity differs with environmental change. However, there 

was no way to assess the impact of the additional stressors on the EC/LCx estimate. It is 

important to develop methods to directly assess the impacts of the stressors on the CEC 

(EC/LCx) estimate and provide a measure of proportional change in sensitivity with a 

punctuated change in environmental conditions. 

The following manuscript was published in 2017 as “Integrated Modeling of Survival Data 

from Multiple Stressor Ecotoxicology Experiments” in the journal Environmental Science and 

Technology, 2017, 51 (12), pp 7271-7277. It was co-authored by Abigael H Proctor, Catherine 

K. King, Jessica R. Holan, and Simon J Wotherspoon. The article as it appeared in the journal 

is in Appendix 1. The supporting information for the article is in Appendix 2.  
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2.2 Abstract 

Ecotoxicological assessments often focus on the response of an organism to an individual 

contaminant under standardized laboratory conditions. Under more ecologically realistic 

conditions however, individuals are likely to be exposed to a range of environmental conditions 

that have the potential to act as additional stressors. Multiple stressor experiments improve our 

understanding of an organism’s response to a toxicant under ecologically relevant conditions 

and provide realistic risk assessment data. To date, there is no standardized method for 

analyzing multiple stressor data using dose-response regression. We present a reliable 

technique to assess for the effects of additional stressors on an LCx estimate in a consistent 

framework, providing interpretable results which meaningfully deal with environmental 

changes and their possible impacts on sensitivity estimates to a toxicant. The method is 

applicable to any data set where toxicity tests are conducted at varying levels of one or more 

additional stressors. We illustrate the method with data from an experiment that investigates 

the effects of salinity and temperature on the sensitivity of the subantarctic isopod, Limnoria 

stephenseni to copper, where it is shown that the major change in LC50 can be primarily 

attributed to a specific temperature increase. This method has been incorporated into an R 

package available at github.com/ahproctor/LC50. 

2.3 Introduction 

The ultimate goal in ecotoxicology is to develop and apply tools and methods to acquire a better 

understanding of contaminant fate and effects in the biosphere (Newman 1998). Ecotoxicology 

assessments traditionally focus on generating sensitivity estimates for a single species to a 

single contaminant or stressor from experiments conducted under standardized laboratory 

conditions. However, the potential for environmental variability to alter an organism’s response 

to a contaminant remains unaccounted for. The inclusion of additional stressors within an 

ecotoxicity experiment provides a more realistic measure of a species’ sensitivity to a 

contaminant under a range of environmental conditions.  

Multiple stressor experiments are becoming more common in ecotoxicology as they improve 

our knowledge of the response of organisms to contaminants and provide more ecologically 

relevant risk assessment data (Heugens et al. 2001). The additional stressors extend the range 

of testing conditions to better reflect natural phenomena such as temporal changes in the 

environment or in food availability (Cairns et al. 1975, Liess et al. 2001, Kwok and Leung 2005, 

Willming et al. 2013, Li et al. 2014). In other cases, anthropogenic disturbances such as 
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additional contaminants from urbanization(Landis 2003) and increased agricultural industry 

have the potential to interact. One of the most prominent uses of multiple stressor ecotoxicology 

experiments is understanding how environmental factors associated with climate change (such 

as temperature, salinity, pH, ocean acidity, UV radiation) are likely to alter an organism’s 

response to a toxicant (Gama-Flores et al. 2005, Kimberly and Salice 2013). 

The LCx (the concentration that is lethal to x% of the tested population), is a commonly 

reported measure of the sensitivity of an organism to a contaminant. The LCx is typically 

estimated from survival bioassay data using dose-response regression, with LC50 values being 

the most commonly reported. However, there is little context of the biological significance of 

standard dose-response testing outside of laboratory conditions; the effect of x% that is 

observed is only relevant to the test procedure and not informative of any change or variations 

within the natural environment (Isnard et al. 2001). With the addition of another stressor to the 

experimental framework there is the possibility that there will be an increase or decrease in the 

LCx estimate. However, the analysis of multiple stressor experiments is recognized as a 

challenge in risk assessment (Landis 2003) and there is no standardized quantitative analysis 

method to test the effects of an additional stressor or stressors on a species’ response and 

sensitivity (LCx) to a given contaminant. 

Most conventional toxicity analysis software (e.g. ToxCalc™ or CETIS™, TidePool Scientific 

Software) is limited in that it can only provide an LCx in response to a single contaminant or 

stressor. The analysis of multiple stressor data currently occurs in two stages. Firstly, each 

combination of the additional stressors is treated as an independent bioassay for which an LCx 

is estimated. In the second stage, the impact of the additional stressors on the survival response 

is assessed through analysis of variance testing (e.g. MANOVA, ANCOVA, ANOVA, etc.) 

using either the LCx estimates or the raw data (Donker et al. 1998, Liess et al. 2001, Kwok and 

Leung 2005, Kimberly and Salice 2013). 

This two stage process has a number of potential issues. Both the new data and the LCx 

estimates are unlikely to meet ANOVA assumptions. The LCx for the toxicant is essentially 

estimated separately to the analysis of the effects of the additional stressors. Consequently, if 

the ANOVA indicates a reduced model should be fitted, the constraints imposed by the reduced 

model will not be reflected in the separate analysis of the LCx estimates. 

A further complication is that conventional toxicity analysis software is limited in its capacity 

to integrate background or control mortality, measured from the survival of individuals in the 
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absence of the toxicant. Traditional methods such as Abbott’s formula correct for control 

mortality separately to the calculation of the LCx estimate and, do not incorporate the error of 

the control mortality into the LCx estimate, nor the confidence around this estimate. The OECD 

(2006) recommends that control mortality be included as a parameter in the model to 

incorporate any estimate of error, as long as the parameter is constrained to a non-negative 

response. Hoekstra (1987) and later Newman (2012) have both outlined the mathematical 

structure to directly incorporate background mortality in LCx estimation. 

In this paper, we present an extended dose-response regression method that overcomes the 

deficiencies of the two-stage approach in traditional software, and provides a reliable 

framework for the analysis of multiple stressor data. This method simultaneously estimates LCx 

values with integrated handling of control mortality for each stressor combination and allows 

for the direct assessment of the impacts of the additional stressors to be tested in a familiar 

ANOVA style analysis framework. Analysis of deviance is used to test hypotheses about the 

impact of the additional stressors, and standard post-hoc multiple comparisons are used to 

pinpoint the nature of the treatment differences. This results in a standardized method for 

multiple-stressor data analysis, for bioassays that incorporate a factorial design of additional 

stressors, which can be used to investigate the impact of additional stressors on the sensitivity 

of an organism to a toxicant.  

We demonstrate this method with data from a multi-stressor experiment that tests the impacts 

of decreasing salinity and increasing temperature on the survival response to copper exposure 

for the subantarctic isopod, Limnoria stephenseni. The development of this method is useful 

for subantarctic and Antarctic toxicity data which, for unknown reasons, are typically 

characterized by substantial control mortality (>15-20%), and often produce dose-response 

curves that fail to meet model assumptions in traditional analysis methods. However, the 

multiple stressor model presented here is applicable and advantageous for all, as additional 

environmental stressors occur everywhere and their use in ecotoxicological studies is becoming 

more common.  

Using the subantarctic isopod data, this method is used to calculate an LC50 for each salinity 

and temperature combination, and to estimate the influence of the additional stressors on the 

estimated LC50 values.  
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2.4 Methods  
2.4.1 The Model 

An LCx for a toxicant is estimated by fitting a Binomial regression model of the form: 

 𝑦𝑦𝑖𝑖𝑖𝑖~𝐵𝐵𝐵𝐵𝐵𝐵�𝑁𝑁𝑖𝑖𝑖𝑖 ,𝜋𝜋𝑖𝑖𝑖𝑖� (2) 

 ℓ�𝜋𝜋𝑖𝑖𝑖𝑖� =  𝛼𝛼�𝑙𝑙𝑙𝑙𝑙𝑙 𝐶𝐶𝑖𝑖𝑖𝑖 − 𝑙𝑙𝑙𝑙𝑙𝑙 𝐿𝐿𝐶𝐶𝐿𝐿� + 𝑧𝑧 (3) 

Here yij is the number of survivors at the end of the trial from Nij individuals in replicate i, 

exposed to target toxicant concentration j. The proportion πij of individuals expected to survive 

is related through a monotonic link function ℓ to log Cij, the measured concentration of the 

toxicant, and the rate parameter α. Logit or probit links are typically used. The level of lethality 

is determined by the offset, z = ℓ ( x
100

), (that is x = 50 when LCx =LC50). This is a standard 

Binomial generalized linear model (McCullagh and Nelder 1989) re-parameterized in terms of 

LCx (Newman 2012b). 

To allow for control mortality, the fraction of individuals expected to survive can be broken 

down into two components, the fraction expected to survive in the absence of the toxicant q and 

the fraction expected to survive in the presence of the toxicant, at concentration j.  

 𝜋𝜋𝑖𝑖𝑖𝑖𝑖𝑖  = �
𝑝𝑝𝑖𝑖𝑖𝑖𝑞𝑞
𝑞𝑞

𝐶𝐶𝑖𝑖𝑖𝑖 > 0
𝐶𝐶𝑖𝑖𝑖𝑖 = 0 (4) 

The pij is then interpreted to represent the mortality induced by the toxicant and modeled 

through the link function, as before 

 ℓ �𝑝𝑝𝑖𝑖𝑖𝑖� = 𝛼𝛼�𝑙𝑙𝑙𝑙𝑙𝑙 𝐶𝐶𝑖𝑖𝑖𝑖 − 𝑙𝑙𝑙𝑙𝑙𝑙 𝐿𝐿𝐶𝐶𝐿𝐿� + 𝑧𝑧 (5) 

 ℓ(𝑞𝑞) =  𝛾𝛾 (6) 

To model the impact of additional stressors on the LCx, we relate the log LCx to the covariates 

describing the combination of additional stressors and allow for α, q, and γ to vary across each 

individual combination of stressors. The LCx values for each combination of additional 

stressors are estimated by fitting a Binomial regression model that relates survival to log 

toxicant concentration, adjusting for background mortality and assuming a linear relationship 

between log LCx and descriptors of the additional stressors. The full model takes the form: 
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 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖  ~  Bin (𝑁𝑁𝑖𝑖𝑖𝑖𝑖𝑖,𝜋𝜋𝑖𝑖𝑖𝑖𝑖𝑖) (7) 

 𝜋𝜋𝑖𝑖𝑖𝑖𝑖𝑖  = �
𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖
𝑞𝑞𝑖𝑖

𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 > 0
𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 = 0 (8) 

 ℓ1(𝑝𝑝𝑖𝑖𝑖𝑖𝑖𝑖)  = 𝛼𝛼𝑖𝑖(𝑙𝑙𝑙𝑙𝑙𝑙 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑙𝑙𝑙𝑙𝑙𝑙 𝐿𝐿𝐶𝐶𝐿𝐿𝑖𝑖) + 𝑧𝑧) (9) 

 log LCx𝑖𝑖  = 𝛽𝛽0 + 𝛽𝛽1𝐿𝐿1𝑖𝑖 + ⋯+ 𝛽𝛽𝑚𝑚𝐿𝐿𝑚𝑚𝑖𝑖 (10) 

 ℓ2(𝑞𝑞𝑖𝑖) = 𝛾𝛾𝑖𝑖. (11) 

Here, yijk is the number of survivors at the end of the trial from Nijk individuals in replicate i, 

exposed to target toxicant concentration j and combination k of additional stressors and actual 

measured concentration Cijk. The fraction of individuals expected to survive is πijk which, is 

split into the fraction qk of individuals expected to survive in the absence of the toxicant, and 

the fraction pijk expected to survive the additional mortality induced by the toxicant. The fraction 

pijk is related through a monotonic link function ℓ1 to the log of the measured toxicant 

concentration log Cijk, the log lethal concentration log LCxk, and the rate parameter, αk, specific 

to the combination of stressors. Similarly, the baseline survival fraction, qk, is related to a 

survival parameter γk, specific to the combination of stressors through a monotonic link function 

ℓ2. The lethal concentration LCxk specific to a stressor combination is related through a log link 

to a linear predictor constructed from covariates x1, x2,…, xm describing the combination of 

additional stressors. The baseline survival parameters γk, and rate parameters αk, are viewed as 

nuisance parameters, and inference focuses on the effects of the additional stressors and the 

LCx values. 

The model is fitted by standard maximum likelihood and tests of the effects of the additional 

stressor and their interactions are performed by analysis of deviance. Confidence intervals for 

model parameters, including the LCx, are constructed from the observed Fisher information, 

assuming asymptotic Normality (Pawitan 2001), and multiple comparison adjusted tests and 

confidence intervals for multiple comparisons are computed using the methods of Bretz et al 

(2011), assuming asymptotic Normality, using the ‘multcomp’ package in R (Bretz et al. 2008). 

The comparison of non-nested models can be performed with the AIC (Pawitan 2001). All 

analyses were performed in R 3.2.3 (R Core Team 2008). 

To facilitate the use of this standardized data analysis method we have developed an R (R Core 

Team 2008) package (https://github.com/ahproctor/LC50) specifically to fit multiple stressor 

data. Our model is only a slight departure from standard dose-response models, and in principle 
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this model can be fitted with conventional nonlinear modeling R- packages such as nlme 

(Pinheiro et al. 2016) and ‘drc’ (Ritz et al. 2015). The structure of our method, however, 

overcomes some of technical difficulties of the other packages and provides support for the 

post-hoc testing of multiple comparisons and display of effect sizes, making the package ideal 

for generalist users.  

2.4.2 Example Data Set 

The model was applied to determine the effect of temperature and salinity on the acute toxicity 

of copper to the survival of the subantarctic isopod, Limnoria stephenseni (Holan 2016). This 

multi-factorial experiment included three salinities (31, 33, 35 ppt), three temperatures (6, 8, 

10 °C) and five copper concentrations (0, 80, 170, 350, 550 µg/L). The salinities and 

temperatures used in tests were chosen to mimic the predicted levels associated with climate 

change in the subantarctic (Collins et al. 2013). Five replicates each containing eight individuals 

were used for each combination of salinity, temperature, and copper, within the factorial design. 

Survival of individuals at day 7 of the 14 day experiment were used for the analysis. Further 

details of the species collection and experimental set up are available in the supplementary 

material.  

2.5 Results and Discussion   

In this paper, we propose a statistically efficient method and standardized framework for the 

investigation of the effects of additional stressors on the sensitivity of an organism to a toxicant. 

Understanding the effects of additional stressors (including environmental variability) on 

sensitivity estimates such as the LC50 for a specific contaminant, is important to derive 

ecologically relevant regulatory guidelines under variable conditions and a changing 

environment (Underwood and Peterson 1988, Thrush et al. 2008).  

Table 1. Analysis of deviance for the main effects and interaction of salinity and temperature on 
copper LC50 values, for the subantarctic isopod, Limnoria stephenseni. 

Response: Survival DF Deviance Residual DF Res Dev Pr (>chi) 

NULL   206 262.86  

Salinity 2 5.00 204 257.87 0.08 a 

Temperature 2 28.30 202 229.57 7.15e-07 c 

Salinity:Temperature 4 2.69 198 226.88 0.61 
a Significant at the 0.05 < p ≤ 0.10 probability level 
c Significant at the p ≤ 0.001 probability level 
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We fit a factorial model that incorporates the impact of the additional stressors, salinity and 

temperature, and their interaction, on the LC50 for copper, for a subantarctic isopod. This model 

allowed for the testing of the stressor effects on the LC50 estimate within a familiar standard 

regression framework, while using an integrated approach for handling the varying rates of 

background mortality. 

In testing for the effects of the additional stressors on the LC50 estimate, an analysis of deviance 

shows strong evidence for the main effect of temperature (p < 0.0001) and weak evidence of a 

salinity main effect (p = 0.08), at the levels tested. There was no evidence of an interaction 

between the two additional stressors (p = 0.61) (Table 1). This has the usual interpretation used 

in a GLM framework (McCullagh and Nelder 1989), where the changes in LC50 due to 

Figure 3. Survival data for the subantarctic isopod, Limnoria stephenseni: Fitted survival curves 
(dashed lines) with overlaid copper LC50 estimates (solid lines) and confidence intervals 
(shaded bars) for the tested combinations of temperature and salinity. 
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increasing temperature and decreasing salinity are independent e.g. a change in temperature 

yields the same change in LC50 irrespective of the salinity and vice versa. Therefore, a reduced 

model is fitted, removing the interaction term, and is re-fitted to the data to obtain adjusted 

predictions of the log LC50 estimates. Note, had we used a two stage method that produces 

individual estimates of LCx and then compared estimates by ANOVA, removing this 

interaction would not change the estimated LCx values, but in our integrated model, removing 

the salinity and temperature interaction places an additional constraint on the LCx values.  

Although the model with additive effects, or the main effects only model, fits a restricted model 

for log LC50, it still fits a separate control parameter γ and rate parameter α for each treatment 

group. Estimated copper LC50 values, estimated background survival and the rate parameter 

are shown in Table 2. Following the model fit, the regression curves are predicted using the 

parameters from the reduced model. In addition, estimates of standard error provide the 

confidence intervals for the LC50 values (Figure 3).  

Estimates of control mortality (1-qk) and the response mortality (1-pijk) are simultaneously fitted 

by maximum likelihood and produced standard errors and confidence limits, which are 

incorporated into the LC50 calculation to produce more reliable measures of confidence in the 

Table 2. Model parameters and output including estimated background survival (γk) confidence 
intervals for each treatment, estimates and standard error of log LC50 values, and the rate parameter 
αk. Values are from the reduced model containing only additive effects of the treatments temperature 
and salinity on the survival response of the subantarctic isopod, Limnoria stephenseni, to copper 
exposure. *Expressed as a percent. 

Temperature 

(°C)|Salinity 

(ppt) 

Background 

Survival 

(γk)* 

Lower 

95%* 

Upper 

95%* 

Rate 

parameter 

(αk)  

LC50 

(µg/L) 

Lower 

95% 

(µg/L) 

Upper 

95% 

(µg/L) 

6|31 91 84 96 -3.10 388.4 335.7 449.3 
8|31 89 80 94 -3.26 367.4 314.0 429.8 

10|31 84 75 90 -8.42 263.5 225.8 307.5 
6|33 95 88 98 -2.84 467.1 401.1 543.8 
8|33 89 81 95 -3.03 441.8 382.1 510.8 

10|33 80 72 86 -9.60 316.9 264.6 379.5 
6|35 100 100 100 -6.30 322.7 287.2 362.6 

8|35 95 85 99 -1.86 305.2 259.8 358.6 
10|35 85 76 92 -3.92 218.9 187.8 255.2 
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estimates. Mean estimates of control survival ranged from 80 to 100% (Table 2). After 

accounting for control mortality, the effects of toxicity estimated in the model are the residual 

effects. Unlike a standard GLM model, the direct inclusion of a background mortality estimate 

reduces the possibility of bias, improving our ability to detect the effects of the additional 

stressors on the LC50 estimate. 

We have established a quantitative method (Equation 8) that meets the OECD (2006) 

recommendations to directly incorporate control mortality as a model parameter that is 

constrained to a non-negative response, using the method presented in Newman (2012) to 

integrate control mortality into the LC50 estimate. While mortality in control treatments is 

generally undesirable in tests, as long as it is spontaneous or natural mortality that does not 

affect the organism’s response to the toxicant, the presence of background mortality does not 

deem data as unreliable (Newman 2012b). 

Multiplicity adjusted pairwise comparisons reveal significant differences between treatment 

levels within a stressor. As the model is fitted with a log link, the confidence intervals for the 

differences in the coefficients relate to the differences in the log LC50, and must be back-

transformed to give confidence intervals for the ratio of expected LC50s. Although individual 

LC50 values differ, there is no interaction between the additional stressors, indicating that the 

ratio of LC50s by temperature is consistent across salinities and vice versa. For example, the 

ratio of LC50 for 35 and 31 ppt is the same across all temperatures. This ratio gives measure to 

how much the value increases or decreases with a change in conditions (Table 3). Where 

differences between two stressor levels are significant, the reduction in LC50 from an increase 

in temperature or decrease in salinity implies a change in toxicity with varying conditions. The 

strongly significant main effect for temperature in the analysis of deviance (Table 1) is largely 

driven by a decrease in survival at the highest tested temperature, 10 °C. An increase in 

temperature from 6 or 8 °C to 10 °C resulted in significantly increased toxicity of copper, with 

LC50 values respectively 68% (p < 0.001) or 72% (p = 0.002) lower (Table 3).  

In contrast, there is only weak evidence for the main effect of salinity (Table 1), with the only 

significant difference between 35 and 33 ppt (p < 0.0001) (Table 3). It is worth noting that 

differences in the 33 and 35 ppt salinity treatments (Figure 4) may allude to evidence of 

hormesis as the LC50s for the 33 ppt are the highest, and are significantly different from the 

ambient salinity of 35 ppt. However, this is not supported by multiple comparisons (Table 3), 

which shows no evidence for a significant difference between the response at 31 and 33 ppt. 
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The weak evidence for the effect of salinity should be investigated further as the appearance of 

hormesis may be complicating the analysis. 

Differences in ecologically relevant environmental conditions, such as changes in salinity and 

temperature used in this study, may cause a significant change in the estimated LC50 for a given 

contaminant. The ability to assess the changing risks of a contaminant with changing 

environmental conditions was possible with the presented analysis framework, where an 

increase in temperature resulted in a significant increase in toxicity, as seen by a decrease in the 

LC50 value (Figure 4). If only standardized optimal conditions are used to assess contaminant 

effects, sensitivity estimates obtained may over or under-estimate the potential impact a 

contaminant may have under varying environmental conditions outside the standard or ambient 

conditions tested. 

Investigations of the impacts of multiple stressors are valuable for Antarctic and subantarctic 

environments, where the imminent threat of climate change and the effects of human impacts, 

including contamination, are emerging topics of importance. In such environments, the 

Table 3. Results from pairwise multiple comparisons. Ratios for the difference of the LC50 
estimates between levels of a single stressor group, obtained by back transforming the difference of 
the lower and upper confidence intervals of pairwise multiple comparisons from the log scale. Both 
salinity and temperature are compared within treatments. For the comparisons of LC50 within a 
stressor the notation of x:y is used, for example the comparison of salinity 33 to 31 ppt, is 33:31. 

Stressor comparison Ratio 

difference of 

LC50 

 Pr (>|z|) 

Salinity (ppt) 

33:31 1.20 0.17 

35:31 0.83 0.11 

35:33 0.69 <0.0001 c 

Temperature (°C) 

8:6 0.95 0.95 

10:6 0.68 <0.0001 c 

10:8 0.72 0.002 b 
b Significant at the 0.001 < p ≤ 0.05 probability level 
c Significant at the ≤ 0.001 probability level 
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potential of additional stressors, such as increasing temperatures and decreasing salinity 

associated with climate change, to alter organismal responses to a contaminant must be factored 

into site specific risk assessments. In addition, substantial control mortality is common in 

ecotoxicological tests with Antarctic and subantarctic species and limits our ability to directly 

assess the effects of contaminants. Polar species are slower growing and longer living, and the 

slow uptake kinetics result in extended exposure durations to observe acute responses (King 

and Riddle 2001, Chapman and Riddle 2003, 2005, Holan et al. 2016). Antarctic and 

subantarctic species are often difficult to culture, and the extended test durations are a suspected 

cause of the increased rates of natural mortality in the control treatments. The lack of food and 

in vitro conditions combined with acute exposure times of 7-9 days, and often up to or greater 

than 28 days, increase the chance of mortality for these high latitudinal species, even in the 

absence of a toxicant. The use of subantarctic data in this study, therefore, functions as a highly 

relevant case study for the improvement of current ecotoxicological assessment methods. 

Environmental quality guidelines such as those for water quality in Australia (ANZECC & 

ARMCANZ 2000), incorporate LC50 estimates for a single contaminant from several taxa 

within the community into species sensitivity distribution (SSD) models. The extent to which 

environmental changes and additional stressors impact the effects of a contaminant on an 

ecosystem need to be incorporated into environmental quality guidelines, derived from SSDs, 

to account for all possible existing and future scenarios. In order to develop environmentally 

realistic SSDs to manage complex and variable systems, the influence of ecologically relevant 

conditions, such as the presence of additional abiotic stressors and additional contaminants, on 

LC50 estimates generated for toxicants must be considered within a standardized framework. 

This work provides a consistent approach to the analysis of multiple stressor experiments, using 

a standard dose-response method that integrates control mortality and provides a coherent 

means to assess the effects of additional stressors within a familiar GLM framework. The 

advantage of this model, over the two-stage approach, is that where there is no evidence for an 

interaction between the additional stressors the calculations for the LCx estimates are adjusted 

to fit the additive structure, where the total change in the log LCx is the sum of the changes due 

to each stressor. However, if there is a significant interaction in the ANOVA, then the effect of 

one factor on the LCx is dependent on the level of the other factor. Further, the results of within 

stressor comparisons provide a measure of how much the sensitivity estimate can vary with a 

change in environmental conditions. This information is valuable in risk assessments given the 

conditions of the experiment mimic those likely to occur in the environment. However, there is 
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no predictive power for the likely change in the LCx estimate outside of the conditions tested. 

A limitation of this model is that it makes no strong assumption about the relationship between 

control mortality and toxicant induced mortality. Both γk (which determines control mortality) 

and αk (which determines sensitivity to the toxicant) are treated as nuisance parameters, and are 

estimated separately for each stressor combination, with no functional relationship assumed 

between the parameters and the additional stressors. This is clearly simplistic and other 

interesting alternatives have been proposed (Jager et al. 2011, Liess et al. 2016). Our focus here 

has been on establishing the relationship between the LCx values and additional stressors, and 

a more refined treatment of control mortality will be the subject of subsequent work.  

Without the establishment of a standardized framework for the analysis of multiple stressor 

tests, the dose-response regression for a toxicant and the analysis of the additional stressors 

would be done in a two stage approach. The LCx results for each stressor combination would 

not be related to one another either through additive or interactive effects and the analyses 

would not inform how the additional stressors affect the LCx estimates. For example, if you fit 

Figure 4. Copper LC50 estimates and confidence intervals for the subantarctic isopod, 
Limnoria stephenseni, tested under a factorial framework of three temperatures (6, 8, 10 °C) 
and three salinities (31, 33, 35 ppt). 
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an additional stressor model in traditional software and determine that there is no interaction 

between the additional stressors, the two separate analyses will not allow re-calculation of the 

LCx’s to reflect this new knowledge. Further, data used for the ANOVA may not meet the 

model assumptions. The model presented here overcomes these limitations. By placing the 

analysis into a single model, the need for ANOVA assumptions is removed and the LCx 

estimates are updated to reflect the independent impacts of the additional stressors, should the 

analysis of deviance fail to detect an interaction between the additional stressors.   

The standardized method described in this paper is incorporated in an R package available at 

github.com/ahproctor/LC50. The package, by default, calculates separate control survival rates 

for each treatment group (𝑞𝑞𝑖𝑖) and the LC50 value is modeled using a probit link. Logit methods 

are also available. This package will calculate LC10 and LC5 values.  

This paper is intended to focus on the need for adopting reliable and standardized methods for 

a wider audience. The development of the R packages, here, is only a provision to the need to 

develop appropriate statistical analysis methods for standard toxicity testing protocols (van 

Dam et al. 2012) The method we are advocating here could be adopted within the dose-response 

modeling R- packages ‘drc’ (Ritz et al. 2015) and the non-linear modeling R package ‘nlme’ 

(Pinheiro et al. 2016), however the technical details of their implementation are not always 

straightforward. In the case of dose-response software, such as CETIS, the methods remove the 

user from the modeling process and result in the use of a two stage approach. To facilitate in 

the adoption of our method, particularly by the broader community, we have developed an R-

package as an easily accessible resource. 

In line with our goal of standardizing statistical analyses and providing ease of use, our package 

allows for easy ANOVA testing of the factorial arrangement of the experimental setup and 

multiplicity adjusted pairwise comparisons between levels of an individual stressor. In addition, 

there are several alternate applications and methods that can be used with this package. Control 

mortality can be estimated as a single rate for the entire experiment. Sub-lethal data can also be 

analyzed with this package to obtain ECx estimates. With sub-lethal data control survival (qk) 

is set to 1. Additionally, this package allows for quasi-likelihood estimation when data displays 

overdispersion, which is often due to inter-replicate variability (Delignette-Muller et al. 2014). 

In our analysis sample sizes were moderate, however, if sample sizes are small, parametric 

bootstrap is the recommended method of generating confidence intervals (OECD 2006) and as 

such, it is included in the package. Further, confidence interval ratio tests (Wheeler et al. 2006) 



 

39 
 

can be used for comparisons between levels within a single stressors. Lastly, this package has 

the capabilities to provide a Bayesian model to be used with the rjags package in R (Plummer 

2011). 

In conclusion, multiple stressor experiments are necessary to understand the ecological effects 

of contaminants and interacting additional stressors. The model we present here provides a 

method to enable a more detailed look at how environmental variation can affect the sensitivity 

of a species to a toxicant through the lens of the commonly used LCx measure. With the 

modified use of existing dose-response regression models it is possible to analyze the effects of 

multiple stressors, and include an integrated handling of control mortality, to provide 

information about how contaminant effects can change in the presence of additional stressors 

and further, establish a quantitative framework for ecologically relevant risk assessment.  

Acknowledgements: This research is supported by the Australian Government through an 

Australian Antarctic Science Grant (AAS project 4100 to King) and a Tasmanian Graduate 

Research Scholarship. 

Supporting Information: Additional methodological information describing handling 

procedures and testing protocols (Appendix 2). 

2.6 Synopsis 

The work in this chapter establishes a standardized method for the analysis of LCx values in 

multiple stressor experiments. Following the 2017 publication of this work, this method has 

been adopted by several authors. Mevenkamp et al. (2017) used this method to assess the effects 

of hydrostatic pressure on a marine nematode in response of acute exposure to copper in. 

Further analysis of the effects of climate change on four sub-Antarctic species has been 

published in Environmental Pollution (Holan et al. 2019). I am a co-author in the latter 

manuscript, the text of which can be found in Appendix 3.  

In the next chapter, we compare methods to calculate time-inclusive NEC estimates with 

Antarctic ecotoxicological survival data from extended exposure durations. Little work has 

been done to directly compare different types of CEC estimates for acute survival data, and the 

prolonged exposure durations of Antarctic species provides longer time series data to determine 

whether DRR and threshold parameter models provide reliable NEC and LCx estimates. 
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Chapter 3: A Comparison of NEC and LCx Estimates Through Time for Copper in 
Four Antarctic Marine Invertebrates 

Abigael H. Proctor, Catherine K. King, and Simon J. Wotherspoon 

3.1 Abstract 

How we best model dose-response data for single species toxicity tests is an ongoing discussion 

in ecotoxicology. The resulting quantitative measures of sensitivity, known as Critical Effect 

Concentrations (CECs) are important for the derivation of reliable environmental guidelines. 

The most commonly used CEC is the EC/LCx the effective or lethal concentration for x% of 

the population, at a given time. The No Effect Concentration (NEC) has been proposed as an 

ideal CEC, as it represents a maximum concentration that causes no effect, regardless of 

exposure duration. Mechanistic-based toxicokinetic-toxicodynamic (TKTD) models provide an 

effective way to calculate NECs but their routine use is limited due to mathematical and 

computational complexity. An empirical NEC threshold can also be estimated with more 

traditional regression techniques. In this paper, we compare NECs from two different TKTD 

implementations, and a regression model, to LC5, 10 and 50 values through time for four 

Antarctic marine invertebrates exposed to copper. Data for Antarctic species provides a case 

study for the use of NECs as extended durations are needed to observe acute responses, due to 

their slow metabolisms and the low temperatures at which toxicity tests must be conducted. The 

use of NEC threshold models shows promise in overcoming the time dependency of traditional 

dose-response modeling. However, implementation of mechanistic or regression models to 

calculate NECs was not straightforward, nor was it reliably robust across data sets. Even with 

limitations, models to estimate NECs are likely to provide more ecologically realistic CECs and 

may remove the need for safety factors or acute to chronic conversions when only acute 

responses are available for guideline derivation.  

3.2 Introduction 

Ecotoxicological studies assess the risks of toxicants to a species by quantitatively assessing 

the relationship between the exposure concentration and the response of a species, within a 

standardized and controlled experiment. By exposing organisms to a series of toxicant 

concentrations and measuring their response (such as survival, growth, or reproduction) after a 

fixed duration, we are able to estimate the concentration threshold above which adverse effects 

are likely to occur (OECD 2006, Forfait-Dubuc et al. 2012).  
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How a threshold is modeled is an important factor in the quality of the resulting sensitivity 

estimate. Currently, there are three main approaches to modeling used to analyze dose-response 

experiments, each resulting in a different Critical Effect Concentration (CEC). Traditional dose-

response regression (DRR) derives the effective or lethal concentration that affects x% of the 

population (EC/LCx) from a curve fit to the dose-response data at a given point in time. 

Threshold models, using either toxicokinetic-toxicodynamic (TKTD) techniques or segmented 

regression, estimate a no effect concentration (NEC) as a model parameter that represents a 

time-independent threshold below which no effect is ever likely to occur (Baas et al. 2009, Fox 

2010). The third CEC method uses hypothesis testing to determine the No Observed Effect 

Concentration (NOEC). 

Dose-response regression is the current, most commonly used methodology underlying risk 

assessment (Ritz 2010). However, application of EC/LCx values in management is not always 

straight forward, particularly in terms of the choice of an appropriate percentile for x (Baas et 

al. 2009). The EC/LC50 (x=50) is commonly reported due to the ease of estimation as the point 

of inflection on the dose-response curve. An EC/LC10 or EC/LC5 represents a level of effect 

that usually better aligns with the goals of risk assessment to limit harm to a population. 

However, it is difficult to say what x is comparable in practice to a NEC. Extreme x values (low 

or high) are also accompanied by higher error rates and calculation is not always possible (van 

der Hoeven 1997). Further, EC/LCx values are only relevant to the testing conditions of the 

experiment, particularly the exposure duration with values typically decreasing as  exposure 

time increases (Álvarez et al. 2006, Jager 2011). This time dependence adds difficulty in 

management decisions, as testing durations are not always relevant to realistic exposure 

scenarios, especially where in vivo exposure is unknown.  

The decrease in EC/LCx values with time, typically continues until an asymptotic, incipient 

threshold is reached (Baas et al. 2010, Chapman 2016, van Ginneken et al. 2017). However, 

little has been written about the use and effectiveness of extrapolated incipient LCx values, a 

seemingly comparable metric to the time-independent NEC (Jager 2014). 

Even with the difficulties of application, EC/LCx values have been successfully used in 

environmental management. However, DRR is limited in its ability to reliably compare 

responses between species and between chemicals (Álvarez et al. 2006, Jager 2011) and it 

cannot be used to predict a response under different exposure scenarios (Fox and Billoir 2013, 

Delignette-Muller et al. 2017).  
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In recent years the No Effect Concentration (NEC) has been increasingly recommended as a 

CEC that overcomes the limitation of the EC/LCx (Jager et al. 2004). There are two methods 

currently available to calculate NECs, both of which use Bayesian or maximum likelihood 

procedures.  

The first of these NEC threshold modeling types, originally proposed by Bedaux and Kooijman 

(1994), simulates the time course of processes resulting in toxic effects (Jager et al. 2011). 

Known as toxicokinetic-toxicodynamic (TKTD) modeling, this method assumes there is a 

mechanistic process for the action of the toxicant on the organism, where the NEC is a 

parameter in the model above which effects occur. The use of TKTD methods has been made 

popular by Jager et al. (2004) and the freely available modeling program DEBtox (within 

Matlab).  

A simplified version of the model, known as the General Unified Theory of Survival (GUTS) 

was developed for the use of survival data, which can be estimated as a four parameter 

stochastic death model (GUTS-SD), or a five parameter individual tolerance model, (GUTS-

IT), where the NEC parameter has an additional mean and standard deviation for the likely 

range of NECs among individuals (Forfait-Dubuc et al. 2012, Albert et al. 2016, Ducrot et al. 

2016). Variations of the GUTS model are available in DEBtox, as well as the analogous R-

packages ‘GUTS’ and ‘morse’. 

The second method of calculating an NEC is based on the model by Pires et al. (2002), and uses 

segmented regression to model the response, such as survival, where the response is minimal 

as long as the exposure concentration stays below the threshold NEC, and above which the 

response exhibits exponential decay (Fox 2010). This method uses a single set of parameters 

per observation day or one can fit a single NEC across days with different slope and asymptote 

parameters per day. The Pires model can be implemented using frequentist methods with the R 

package ‘drc’, or with Bayesian methods with published code like that found in Fox (2010).  

Finally, the third CEC method estimates the No Observed Effect Concentration (NOEC) using 

hypothesis testing. However, NOECs as a CEC are subject to extensive criticism as an analysis 

method that repeatedly violates the assumptions of hypothesis testing (Fox 2006, Newman 2008, 

Delignette-Muller et al. 2011, Jager 2011); and as such are no longer considered as a valid 

threshold and is not addressed here.  
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If ecotoxicologists are to predict the response of natural systems using laboratory studies, it is 

important to use a threshold that marks important changes in an ecosystem (Cairns 1992). Yet, 

any method to calculate a CEC must also be robust and reliable and it is necessary to recognize 

the strengths and weaknesses of the methods and their results when deriving reliable guidelines. 

Numerous discussions of the most appropriate methods for CEC estimation and their use in 

guideline derivation exist in the literature (van der Hoeven 1997, van Straalen 1997, Fox 2008, 

van Dam et al. 2012). NECs have been recommended as the preferred measure for guideline 

derivation in some regions (e.g. ANZECC & ARMCANZ 2000), with the GUTS-SD model 

included in the OECD (2006) guidelines for analyzing ecotoxicity data. Despite 

recommendations, the adoption of the NEC as a CEC has been slow and the use of TKTD 

methods is focused predominately toward the understanding of internal mechanisms of toxicity. 

The difficulty of model fitting and necessary computational expertise, especially with TKTD 

models, is the likely factor limiting the use of NECs as a CEC for standard survival toxicity 

data (Delignette-Muller et al. 2017, Baudrot et al. 2018c).  

Despite recommendations for the use of NECs, work is needed to test the robustness of the 

NEC with a range of toxicity data (Warne et al. 2013). Dose-response data for Antarctic species 

presents a unique opportunity to use complex non-standard data sets. In Antarctic ecosystems, 

species take longer to respond to exposure, likely due to slower uptake kinetics and lower 

metabolic rates (Peck 2002, Payne et al. 2014). To account for the delayed response, exposure 

times must be increased to appropriately estimate the sensitivity of Antarctic organisms 

(Sfiligoj et al. 2015). But traditional time-dependent dose response modeling remains 

problematic for Antarctic species, as it is difficult to know what exposure duration is ideal for 

EC/LCx values, and because data often fail to meet DRR assumptions (Proctor et al. 2017). 

However, the extended duration of toxicity tests and repeated observations through time for 

Antarctic biota provides a unique opportunity to look at the implementation and comparison of 

CEC estimates that account for the extended test durations and delayed response. 
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In this paper, we implement four different methods, using three different R-packages, to 

calculate three NECs and LC5, 10 and 50 values through time for copper in four Antarctic 

marine invertebrate taxa, an amphipod, copepod, gastropod and ostracod. The R-packages 

‘GUTS’ and ‘morse’ were used to estimate NECs with GUTS-IT and GUTS-SD models, 

respectively. The R-package ‘drc’ was used to calculate NECs using a model based off the Pires 

et al. (2002) method, fitting a single NEC across the days of testing duration. (Ritz et al. 2015). 

LCx values were also calculated using ‘drc’. The three NEC calculation methods were chosen 

for comparisons as they are currently, the only freely available methods for which model code 

has been packaged for use in R, and as such, are likely to be used in other studies in which 

NECs are calculated.  

Table 4. Tested copper concentration, days of recorded observations, and days used in each modeling 
type to calculate NEC and LCx estimates, for four Antarctic marine invertebrates the amphipod 
Orchomenella pinguides, the copepod, Paralabidocera antarctica, the microgastropod, Skenella 
paludionoides, and the ostracod, Bradleya antarctica. 

Taxa Copper 

Concentrations 

tested (µg/L) 

 

Survival 

Observation 

Days 

Days used in 

DRR# 

Days used in 

Pires model 

Days 

used in 

TKTDa 

methods  

Amphipod 0, 85, 170, 350, 

715+ 

0, 3, 6, 9, 12, 

15, 18, 21, 24, 

27, 30 

15, 18, 21, 

24, 27 

9, 12, 15, 

18, 21, 24, 

27, 30 

All 

Copepod 0, 9, 22, 45, 

77* 

0-9, 13 6:9, 13 3-8, 13 All 

Gastropod 0, 80, 217, 446, 

819, 1135* 

0, 2 ,4, 7, 10, 

14, 21, 28, 35, 

42 

21, 28, 35, 

42 

35, 42 All 

Ostracod 0,158, 345, 

629, 906, 

1048* 

0-6, 9, 13, 20, 

27, 34 

9, 13, 

20 ,27 ,34 

20, 27, 34 All 

* Tested concentrations were the average of the beginning and final measured concentrations for the duration 
of the exposure period 
+Tested concentrations were the average of the measured concentration for each water renewal at each 
observation point 
#DRR dose-response regression 
a Toxicokinetic-Toxicodynamic Modeling 
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3.3 Methods 
3.3.1 Dose Response Toxicity Data 

Survival data from toxicity tests using four Antarctic marine invertebrates in response to 

dissolved copper exposure through time was used in all models. Test species were the amphipod, 

Orchomenella pinguides, the copepod, Paralabidocera antarctica, the microgastropod, 

Skenella paludionoides, and the ostracod, Bradleya antarctica. The tested copper 

concentrations, test durations and observation times and days used in modeling are shown in 

Table 2. Copper concentrations used in analyses were the average of initial (start of the test) 

and final (test termination) concentrations measured in test solutions using an ICP-AES. For 

the O. pinguides experiment, published in Sfiligoj et al. (2015), which used renewal tests, the 

average of the renewal concentrations was used here as they differed little and can be assumed 

to provide a constant exposure. Further details of the toxicity tests with four Antarctic 

invertebrates are in Supplementary Material (Appendix 4.1 to 4.3).  

3.3.2 Lethal Concentrations 

The ‘drc’ package provides excellent facilities for estimating lethal concentrations (LCx), as 

described in detail in Ritz et al. (2015). Two-parameter Weibull and Log-logistic models were 

fitted to each species through time and the most appropriate model for each species was 

determined by AIC model selection. These distributions were chosen as they are the most 

commonly found to be the best fitting in dose-response regression (OECD 2006, Ritz and 

Streibig 2012, Forfait-Dubuc et al. 2012). Then LC5, LC10, and LC50s were calculated for 

each species through time, for as many days in the test duration as were reliable to do so. 

3.3.3 NEC Estimates 

Three different models were used to calculate three NEC estimates, using three R packages: 

‘morse’, ‘GUTS’ and ‘drc’ for four Antarctic species and their responses to copper. The ‘morse’ 

(Baudrot et al. 2018a) and ‘GUTS’(Albert and Vogel 2017) packages implement two variants 

of the General Unified Theory of Survival model. The ‘morse’ package was designed to 

implement what is known as the stochastic death (SD) variant of the GUTS model as its default, 

while the GUTS package implements the proper model as its default, which allows for measure 

of individual tolerance (IT) amongst organisms. NEC estimates were also calculated across 

multiple time points with a model adapted from Pires et al. (2002) implemented in the ‘drc’ 

package (Ritz et al. 2015).  
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3.3.4 GUTS-SD with ‘morse’ 

In the GUTS-SD implementation within the ‘morse’ model, each individual is represented as a 

single homogeneous compartment. The internal concentration of the toxicant inside the 

compartment C(t), is related to the external, environmental concentration c of the toxicant by 

the toxicokinetic exchange equation 

 𝑑𝑑𝐶𝐶
𝑑𝑑𝑑𝑑

=  𝑘𝑘𝑑𝑑(𝐶𝐶 –  𝑐𝑐) (12) 

Where, 𝑘𝑘𝑑𝑑 is a rate constant that determines how quickly the internal concentration equilibrates 

to the environmental concentration. 

The model assumes there is a threshold concentration 𝑧𝑧 below which the individual experiences 

no toxicant related mortality. Above this threshold, the individual experiences a toxicant related 

hazard ℎ proportional to the excess 

 ℎ = 𝑘𝑘𝑠𝑠(𝐶𝐶 − 𝑧𝑧) (13) 

where 𝑘𝑘𝑠𝑠 is the “killing rate”, a constant reflecting the toxicity of the contaminant. In addition, 

the individual experiences a constant background hazard ℎ𝑏𝑏 , representing all non-toxicant 

related sources of mortality, so that total hazard is 

ℎ = �𝑘𝑘𝑠𝑠(𝐶𝐶 − 𝑧𝑧) + ℎ𝑏𝑏 , 𝐶𝐶 > 𝑧𝑧
ℎ𝑏𝑏 , 𝐶𝐶 ≤ 𝑧𝑧. 

(14) 

The survival 𝑆𝑆(𝑑𝑑) is the probability the individual survives to time 𝑑𝑑, and declines exponentially 

with the time integrated hazard 

 𝑆𝑆(𝑑𝑑) = 𝑒𝑒−∫ ℎ(𝑡𝑡) 𝑑𝑑𝑡𝑡𝑡𝑡
𝑡𝑡0  (15) 

So, if a sample of individuals is observed at times 𝑑𝑑0, 𝑑𝑑1, 𝑑𝑑2, … , 𝑑𝑑𝑛𝑛 and there are 𝑦𝑦0,𝑦𝑦1,𝑦𝑦2, … ,𝑦𝑦𝑛𝑛 

individuals remaining alive at each time, then the numbers of deaths ∆𝑦𝑦𝑖𝑖 = 𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖−1 in each 

interval will be Multinomially distributed 

 (∆𝑦𝑦1,∆𝑦𝑦1, … ,∆𝑦𝑦1,𝑁𝑁 − 𝑦𝑦𝑛𝑛)~ Multinom �𝑦𝑦0, �p1, p2, … , pn, 1 − S(tn)�� (16) 

with probabilities 𝑝𝑝𝑖𝑖 = 𝑆𝑆(𝑑𝑑𝑖𝑖) − 𝑆𝑆(𝑑𝑑𝑖𝑖−1). 
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3.3.5 GUTS-IT with ‘GUTS’ 

The default model in the ‘GUTS’ package is identical to that in ‘morse’, except for some minor 

notational differences. Where the model in ‘morse’ keeps the threshold concentration z a fixed 

parameter, in ‘GUTS’ z is a log Normal random effect  

 log 𝑧𝑧  ~ N(𝜇𝜇,𝜎𝜎2) (17) 

that varies from individual to individual (IT). Where the ‘morse’ model estimates the 

parameters 𝑘𝑘𝑑𝑑, 𝑘𝑘𝑠𝑠, ℎ𝑏𝑏, and 𝑧𝑧, GUTS estimates parameters 𝑘𝑘𝑟𝑟 = 𝑘𝑘𝑑𝑑, 𝑘𝑘𝑖𝑖 = 𝑘𝑘𝑠𝑠, ℎ𝑏𝑏, 𝜇𝜇 and 𝜎𝜎, and 

the mean z is  

 𝐸𝐸(𝑧𝑧) = 𝑒𝑒𝜇𝜇+𝜎𝜎2/2. (18) 

In the GUTS- SD model in ‘morse’ individuals with identical exposure have the same 

probability of surviving to any given time but die randomly. In ‘GUTS’, the GUTS-IT model 

is an individual threshold model – the threshold concentration z varies from individual to 

individual, and so individuals with identical exposure do not necessarily have the same 

probability of surviving. The implementation of the GUTS-IT model into the R-package GUTS 

was done by Albert et al. (2016). Code to fit our data was adapted from the authors’ website 

https://www.ecotoxmodels.org/guts/. 

The above is a simplified description of the GUTS model, the details of which have been 

previously described in Jager et al. 2011, and can also be found in Ashauer 2010, Albert et al. 

2016, and Delignette-Muller et al. 2017. 

3.3.6 Pires Model 

Unlike either GUTS model, the model of Pires et al. (2002) is not predicated on the assumption 

of any underlying physical mechanism that modulates the survival of an individual through 

time; it is simply a dose-response model that assumes the toxicant has no effect below some 

minimum threshold, the NEC. If now 𝐶𝐶 is the environmental concentration of toxicant, the Pires 

model may be written, 

 𝑝𝑝(𝐶𝐶) = �𝑑𝑑 exp(−𝑏𝑏(𝐶𝐶 − 𝑒𝑒)), 𝐶𝐶 > 𝑒𝑒
𝑑𝑑, 𝐶𝐶 ≤ 𝑒𝑒 (19) 

where 𝑝𝑝(𝐶𝐶) is the probability of survival, 𝑑𝑑 is the background survival, 𝑏𝑏 is a rate constant 

reflecting the toxicity of the toxicant, and 𝑒𝑒 is the NEC. 
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The strength of the Pires model is that it can estimate an NEC from data for a single time point 

or it can combine information from multiple time points to produce a single integrated estimate. 

Either approach can be done with the ‘drc’ package. To include multiple days the NEC 𝑒𝑒 is 

fixed while the background survival and rate constants 𝑑𝑑 and 𝑏𝑏 to vary for each day. In this way, 

data from multiple time points can be combined to provide a single unified estimate of the NEC. 

3.3.7 Model Fitting and Checking 

Both the Pires Model and the Weibull and Log-Logistic models were fitted in ‘drc’ by 

maximum likelihood and standard model checking and diagnostics procedures were applied as 

described by Ritz et al. (2015). 

Both variants of the GUTS models are fitted with Markov Chain Monte Carlo (MCMC). The 

‘morse’ package largely automates the fitting process, even to the point of selecting appropriate 

priors based on user data (Delignette-Muller et al. 2017). The ‘GUTS’ package relies on the 

‘adapt MCMC’ package (Scheidegger 2018) to fit the model, using 3 to 4 chains with 20000 to 

90000 iterations, and requires the user to specify appropriate priors (Albert et al. 2016). Both 

packages use the ‘CODA’ package (Plummer et al. 2006) for analysis and diagnostic checking 

of model output. In GUTS, a burn-in of 5-10000 samples was used followed by the use of 

diagnostic pair plots to check for parameter correlation. All R packages were run with R version 

3.4.4 (R Core Team 2008).  

3.4 Results and Discussion  

While the NEC remains the most desired metric for guideline derivation (van der Hoeven 1997, 

Fox 2010), the complexity of the currently available methods has limited its adoption in the 

ecotoxicological community. The TKTD models, GUTS-SD (‘morse’) and GUTS-IT (‘GUTS’), 

produced similar NEC estimates. However, the R package ‘morse’ provides an easy to use 

format to overcome the initial hurdles of modeling in comparison to the ‘GUTS’ package. . 

Further, NEC estimates from the Pires model and LCx values from the extended exposures 

produce similar CEC values to the TKTD methods for all four Antarctic species.  
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Dose-response regression remains the most common tool used to establish CECs for species, 

despite the time dependency of the results. A log-logistic distribution was used to calculate LCx 

values for all four species in this study, as there was no difference in likelihood values between 

the Weibull and log-logistic distribution for amphipods and gastropods, and as likelihoods were 

lower for log-logistic distribution in the copepods and ostracods (Table 3). For all species, LCx 

values could not be calculated for every observation day, due either to inadequate response or 

too high mortality (Table 2). As expected, LCx values decreased with increasing exposure 

duration. Confidence intervals also tended to decrease with time, most notably for LC50 values 

(Figure 5).  

 

Table 5. Negative log-likelihood values for the dose-response regression models for four Antarctic 
marine invertebrates The amphipod, Orchomenella pinguides, the copepod, Paralabidocera 
antarctica, the microgastropod, Skenella paludionoides, and the ostracod, Bradleya antarctica to 
measure LCx concentrations. 

Distribution 

for DRR 

Model* 

Amphipod Copepod Gastropod Ostracod 

Log-

logistic† 

-68.84 -96.99 -327.42 -246.4 

Weibull† -65.44 -108.771 -356.25 -292.92 

Likelihood 

ratio value 

14.25  23.55 57.668 93.05  

*Models were tested in R using the ‘drc’ package 
†Model was a two-parameter model with five degrees of freedom 
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Figure 5. LC5, LC10, and LC50 results through time from dose-response regression using a 2-
parameter log-logistic model in the R-package ‘drc’. The amphipod Orchomenella pinguides (A-C), 
the copepod, Paralabidocera antarctica (D-F), the microgastropod, Skenella paludionoides (G-I), 
and the ostracod, Bradleya antarctica (J-L). 
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In contrast to LCx values, a single NEC estimate was produced for each model. Across the 

methods and taxa there was little consistency in the robustness of NEC model types, or in the 

NEC values in comparison to LCx values (Figure 6). Despite similarities between the TKTD 

model fits (Figure 7), the ‘GUTS’ package resulted in the lowest NEC estimates for all species 

and the model itself was difficult to implement. The ‘morse’ package provides a user-friendly 

Figure 6. Median Critical Effect Concentration (CEC) estimates and 95% credible intervals for the 
two versions of the General Unified Theory of Survival model, calculated using the R-packages 
‘GUTS’ and ‘morse’, as well as the mean NEC estimate from the Pires based model calculated using 
the R-package ‘drc’ for four Antarctic invertebrates in response to copper exposure. The amphipod 
Orchomenella pinguides (A), the copepod, Paralabidocera antarctica (B), the microgastropod, 
Skenella paludionoides (C), and the ostracod, Bradleya antarctica (D). LCx values from ‘drc’ given 
are from the final observation day. Dotted lines are LC5, dashed lines are LC10, and dot-dashed 
lines are LC50s. 
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method to estimate NECs but resulted in large confidence intervals for gastropods and ostracods 

(Figure 6C and D). The Pires model within the ‘drc’ package provided a consistently reasonable 

approximation of the NEC for three species. However, the Pires model did produce a visible 

threshold in the model fit for all species, regardless of the starting values (Figure 8). For all 

species, the lowest LC10 calculated was contained within at least one of the NEC confidence 

intervals. The LC5 values typically fell below all three NEC estimate except for ostracods and 

amphipods. The lowest LC50 fell within a NEC confidence interval for three species and fell 

above all three NEC estimates only in the ostracods (Figure 6). For amphipods, the range of 

mean NEC estimates was 3.1 to 16.7 μg/L (Table 4 and Table 5). The results from all three 

models had overlapping confidence intervals (Figure 6A), with the LC10 from the final 

observation point (day 27) at 13.5 μg/L, falling within range of the ‘morse’ and Pires model 

estimates (Figure 6).While the model fit for both TKTD models appears reasonable (Figure 7A 

and B), the Pires model failed to show a clear threshold (Figure 8A) across days, with a non-

significant p-value and a large standard error for the NEC that included 0 µg/L (Table 4 and 

Table 5). 

For copepods, the spread of NEC estimates ranged from 3.8 to 18.6 μg/L (Table 4 and Table 

5). The LC10 for the final observation (day 14) was 3.3 μg/L, falling below all three NEC 

estimates (Figure 6B). In the copepods, the early decline in survival of the highest 

concentrations and the decline in control mortality between day 10 and 14 limited the fit of the 

background hazard (hb) in ‘morse’ Figure 7D), while with ‘GUTS’, the hb parameter was 

defined in the priors, as is recommended in the literature (Albert et al. 2016). In contrast, the 

Pires model fit the data reasonably well for all days included (Figure 8B).  
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The gastropod data was the most difficult to fit, and had the largest range of NEC estimates, 

with ‘GUTS and ‘morse’ having estimates of 4.1 and 20.7 µg/L (Table 4 and Table 5), 

respectively. The NEC estimate in ‘morse’ had the largest confidence interval range of all 

species (Table 5). In ‘GUTS’ the range was limited by a narrow prior (see Supplementary, 

Section 2.4). The Pires model was only fit to day 35 and 42 with a NEC estimate of 78.9 µg/L 

(Figure 8C). The final LC10 estimate at day 42 was 25.5 µg/L (Figure 8C). The difficulty in 

fitting the gastropod data is likely due to the species’ delayed response to copper exposure 

compared to the other three species (Figure 7E-F).  

The ostracod data appeared to produce the most reliable results for all models. This is likely 

due to the lack of control mortality and the spread of tested concentrations resulting in 0 to 100% 

(Figures 7G- H and 8D). The NECs ranged from at 52.8 μg/L to127.7 μg/L (Table 4 and Table 

5). The LC10 estimate at day 35 was similar to TKTD estimates of NEC at 81.2 μg/L. The 

difference in the NEC between the GUTS-SD and GUTS-IT models is likely due to the limited 

prior placed on the background hazard in ‘GUTS’, and the individual tolerance (sd) mean 

estimate of 12.9 μg/L (Table 5). For ostracods, fitting of the Pires model was restricted to days 

(20, 27, 34) where more than 50% mortality was seen in at least a few of the concentrations 

tested (Figure 8D).  

Table 6. NEC parameter estimates and 95% confidence intervals from the Pires model in ‘drc’, for 
four Antarctic taxa, the amphipod, Orchomenella pinguides, the copepod, Paralabidocera 
antarctica, the microgastropod, Skenella paludionoides, and the ostracod, Bradleya antarctica in 
response to copper 

Taxa NEC Estimate  t-value p-values 

Amphipod 12.5 [0.5, 24.5] 1.03 0.299 

Copepod 18.7 [18.1, 19.5] 24.63 <.0001 

Gastropod 78.9 [71.4, 86.4] 10.51 <.0001 

Ostracod 127.7 [117.8, 137.6] 12.87 <.0001 
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Applying the TKTD models requires a much higher level of expertise than the other methods 

considered, and this may explain the failure to widely adopt TKTD modeling (Delignette-

Muller et al. 2017, Baudrot et al. 2018c), especially for guideline derivation. The two TKTD 

methods used in this study, present difficulties in model fitting because of the required 

knowledge of R, sensitivity to starting values, and the correlation of parameters. The packages 

default to different GUTS models, with ‘morse’ fitting GUTS-SD and ‘GUTS’ fitting the 

GUTS-SD model, however they are both able to handle all GUTS variants.  

Where they differ is in their difficulty of application, ‘morse’ simplifies model fitting at the 

expense of model flexibility, and ‘GUTS’ allows for adaptability in the model and model fitting, 

but assumes a higher level of user expertise. 

The ‘GUTS’ package was the most difficult to apply due to computational complexity and 

expertise needed, taking 3 to 20 minutes per species depending on the number of iterations 

needed. The ‘morse’ package is far easier to apply with code taking roughly 3 min per species 

to fit the model and with far less work required in the initial model setup. Further, this package 

provides fitted curves and model outputs allowing for easy inspection of model fit through 

posterior predictive checks. Median parameter estimates for both packages are in Table 5. 

The success of for fitting any TKTD method is influenced by the starting values of the 

parameters and correctly defining priors (Kooijman et al. 1996, Delignette-Muller et al. 2017). 

The authors of the ‘morse’ package argue the need for weakly informative log Normal priors 

and to make it easy, they impose priors and starting values on the parameters through their own 

internal function (Delignette-Muller et al. 2017). In contrast, the ‘GUTS’ package vignette and 

accompanying paper (Albert et al. 2016) detail ways to find parameter starting values and the 

bounds for the prior distributions. In our experience, these initial steps to model fitting increased 

the difficulty of the methods as the choice in priors and starting values had an impact on fitting 

time, chain convergence, and parameter results. For example, fitting the copepod and ostracod 

data took longer than the other species after the limited priors for hb were defined.  
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The additional sd parameter in the default GUTS-proper model of ‘GUTS’ package, added 

unnecessary complexity to the model. We found that the random effect needed a very narrow 

and limited prior (less than 20% of the starting value for z), otherwise final sd values tended to 

reach values 10 times the estimated NEC value. We expect that this was because there was little 

information in the data about the random effect parameter, as typically, the mean value given 

for sd prior was the resulting mean of the posterior (see Appendix 4.4.3). This limits our 

Figure 7. Dose-response survival data (points) for copper exposure through time along with the 
model fits of GUTS for the GUTS-IT model using the ‘GUTS’ R package (A, C, E, G), and the 
model fits for the GUTS-SD model using the ‘morse’ package (B, D, F, H), for four Antarctic 
marine invertebrates, the amphipod, Orchomenella pinguides (A and B), the copepod, 
Paralabidocera antarctica (C and D), the microgastropod, Skenella paludionoides (E and F), and 
the ostracod, Bradleya antarctica (G and H).  
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confidence in the assumption of individual tolerance within the population, and the need to use 

the GUTS-IT model for Antarctic species. Further, there was a lack on convergence of the 

MCMC algorithms for all four species using with the GUTS-IT model in ‘GUTS’ (see 

Appendix 4, Fig A 6, 7, 9, 10, 12, 13, 15, 16), and the model parameter results should, in 

principle, not be used. While there was also a lack of convergence in the GUTS-SD model in 

‘morse’ with the gastropod data (see Appendix 4, Fig A 20), the lack of convergence for all 

four species is another strong argument against the use of the GUTS-IT.  

In a recent paper, ‘morse’ authors Baudrot et al. (2018b) state that it is difficult to choose 

between GUTS-SD and GUTS-IT based on the parameter estimates, the posterior distribution, 

or the correlation of parameters. Instead, the authors argue the choice should also be based on 

the experimental design and biological objectives, but there are no general rules to apply. 

In fact, a major difficulty of the GUTS models is the correlation of parameters. There is an 

inherent positive correlation between the dominant rate constant, kr or kd and the z threshold 

parameter (Albert et al. 2016). The consequence of this is that the model can produce several 

sets of values for kr and z, each of which is equally likely. Delignette-Muller et al. (2017) state 

that, in their work with ‘morse’, this is due to having only three tested concentrations in addition 

to the controls, and only observing effects on survival in the highest tested concentration. 

However, they also state that Bayesian methods seem to limit the correlation between 

parameters. In our data sets this does not seem to be the case, as we saw the trend of positive 

correlation for the kr and z parameters in all four species, all of which were tested with four or 

five concentrations with observed mortality at the lower concentrations (see Appendix 4, Figure 

A 8, 11, 14, 17). We also observed a negative correlation between the killing rate, kk, and the 

threshold z, and kk with the dominant rate constant, kr. 

While strength of the Bayesian approach to TKTD modeling is the better predictions of the non-

linear relationship between parameters, the correlation plots show strong evidence of a 

nonlinear dependence between kr and kk parameters. The joint posterior of the two parameters 

is “L-shaped” and mean of the distribution may not be a good summary, as it can lie outside the 

region of high density in posterior and may not be not be representative of likely parameter 

estimates. 
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In contrast to the GUTS model, the Pires model is a much simpler method that provides an 

approximation of the NEC estimated with TKTD modeling. Within the NEC function of the 

‘drc’ package we were able to calculate a threshold for a single day or across days. We chose 

to calculate across days in hopes that each day would help to inform the NEC (e), but this may 

not have been the best choice. If the Pires model proves to be truly time independent than adding 

more days and concentrations to the analysis should improve the ability of the model to find 

the threshold. However, if this assumption is not true, by fitting a single intercept to many days, 

the true threshold may be overestimated. For example, in the copepod data (Figure 8B) fitting 

only day 14, the NEC would be lower due the low survival at the higher concentration. However, 

the inclusion of the preceding days moved the threshold to the right, increasing the NEC 

concentration.  

Table 7. Mean parameter estimates from GUT models in ‘morse’g and ‘GUTS’f packages for four 
Antarctic species, the amphipod Orchomenella pinguides, the copepod, Paralabidocera antarctica, 
the microgastropod, Skenella paludionoides, and the ostracod, Bradleya antarctica in response to 
copper.  

R 

package 

Taxa za. hb
b kr/kd

c  kk/ks
d  Sde  

GUTS Amphipod 3.1 [1.3,9.00] 0.007 0.012 0.0069 1.7 

 Copepod 3.8 [1.0,8.4] 0.018 

 

0.039 

 

0.35 1.8 

 Gastropod 4.1 [1.5, 13.1] 0.003 0.002 0.002 2.8 

 Ostracod 52.8 [23.1, 82.3] 0.001 0.020 0.001 12.9 

morse Amphipod 16.7 [9.5, 26.5] 0.002 0.130 .005  

 Copepod 11.1 [4.2, 14.3] 0.027 0.12 0.078  

 Gastropod 20.7 [8.3, 908.9] 0.004 0.009 0.001  

 Ostracod 77.2 [47.0, 10.7] 0.002 0.041 0.001  
a z, the threshold parameter or NEC (µg/L) and Bayesian credible interval 

b hb background mortality, measured in individuals/day 

c kr/kd, dominant rate constant in GUTS/morse (d-1) 

d kk/ks, killing rate for GUTS/morse (µg/L/day) 

e Sd, measure of individual tolerance for the threshold (ug/L) 

f The ‘GUTS’ package in R uses the the GUTS-proper model, and uses the additional sd parameter as a    
measure for individual tolerance 

g The ‘morse’ package in R defaults to the GUTS-SD model 
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As was the case with the TKTD methods, starting values, the data, and control mortality require 

special consideration in the Pires model. Too much or too little toxicant-induced mortality, the 

range of concentrations tested, and the observation intervals used limited the ability to fit an 

intercept across days and consequently, only certain day were used for each species (Table 2). 

This was most notable for the ostracods and amphipods. For amphipods, the absence of 

treatment concentrations between 0 and 100 µg/L meant that the model was sensitive to the 

starting values for the threshold parameter and led to larger confidence interval. For ostracods, 

only the final three observations days were used, as mortality at the earlier time points was too 

low to produce a reasonable threshold estimate (Figure 7A and D).  

Figure 8. Pires model fits by concentration for each day, using ‘drc’, of the concentration-response 
data for each day for the amphipod Orchomenella pinguides (A), the copepod, Paralabidocera 
antarctica (B), the microgastropod, Skenella paludionoides (C), and the ostracod, Bradleya 
antarctica (D). 
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One benefit of fitting the Pires model across days was its ability to fit different b and d 

parameters for each day using the NEC.3 function in the ‘drc’ package. As the b parameter 

adjusts to fit the increased control mortality with time, control mortality was better accounted 

for than in the TKTD model, which only has a single rate and tended to overestimate control 

mortality. This is best seen in the copepods (Figure 8B), where the higher rate of control 

mortality could be accounted for with the separate fitting of the b parameter (see Appendix 

4.4.3). This is in contrast to the TKTD methods, where the control mortality of day 14 forced a 

steeper rate in the hb parameter in ‘morse’ and required a narrow prior in ‘GUTS’ which 

increased the time for model fitting (Figure 7C and D).  

While the estimates for NECs were quite similar across models (Figure 6), the main difference 

is in how the three NEC models view the threshold parameter. Using the parameter results of 

the GUTS-SD model from ‘morse’, plotting the predicted survival for each species takes the 

shape of a curve that decreases in concentration with time reaching an asymptotic NEC (Figure 

5). The decline in survival after the threshold is dictated by the killing parameter kk while the 

steepness of the threshold curve is dictated be kr, the dominate rate parameter. The solid line in 

the plots are the thresholds estimated from the Pires model.  

In ecotoxicological studies we are often limited to short exposure durations in standardized tests. 

This study found that the Pires model can provide a reasonably accurate approximation, 

assuming the TKTD threshold is the true threshold. This approximation appears to be best at 

the later exposure durations, particularly in the amphipod and ostracod data (Figure 9A and D).  
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If we were to plot predicted survival with the GUTS-IT model, the sharp distinction between 

the light and dark shading in Figure 9, which is the threshold, would be blurred as the threshold 

varies from individual to individual. Given that individual tolerance adds variation to the true 

threshold value, we argue that we cannot think of this threshold as a valid no effect 

concentration as individuals below the NEC are still affected by that concentration. The idea 

that a threshold can be different for individuals may be a useful theory in understanding the 

mechanistic response to a toxicant, however it conflicts with the interpretation of an NEC for 

guideline derivation.  

Further, the choice to use the GUTS models ultimately means one believes there is a directly 

relationship between the external concentration, the internal concentration, and the hazard rate. 

If this mechanism is an incorrect assumption, the Pires model would serve as a better choice 

because it serves as an approximation of the NEC that would be obtained in a TKTD model, 

without the need to choose which model may be the best or correct one.  

 

3.4.1 CECs for Guidelines 

Antarctic ecotoxicological data serves as a case study for the use of NEC models for guideline 

derivation because the duration of exposure must normally be increased to observe an acute 

Figure 9. Plotting the prediction of survival for the four Antarctic invertebrates, the amphipod 
Orchomenella pinguides(A), the copepod Paralabidocera antarctica (B), the microgastropod (C), 
Skenella paludionoides, and the ostracod, Bradleya antarctica (D), by concentration and time from 
the parameter results of the GUTS-SD model from the package ‘morse’. The solid line is the NEC 
estimate (e) from the Pires model estimated from 'drc'. 
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response. By comparing process-based models to dose-response regression through time we 

can see that time-independent CECs provide a more ecologically robust measure of sensitivity, 

especially in acute survival testing. The use of an NEC as an arguably chronic measure, may 

also remove the need for safety factors and acute-to-chronic conversions, which are used often 

to account for normally short testing times and uncertainty in estimates in acute toxicity tests.  

The use of TKTD modeling is rapidly improving our understanding of the mechanisms behind 

toxicity, thereby improving our predictions of species sensitivity based on phylogeny by using 

GUTS parameters as a proxy (Ashauer et al. 2016). We can also use TKTD methods to predict 

survival, and to extrapolate responses to emerging contaminants and to species responses which 

are difficult to culture and test, like those in the polar regions (Fahd et al. 2017).  

The adaptability of TKTD models also allows us to better understand the effects of 

contaminants under realistic exposure conditions and to predict recovery times (Jager et al. 

2011, Ashauer et al. 2015, Ducrot et al. 2016), both of which are useful in risk assessment. 

Further, the estimation of TKTD parameters can inform population models (i.e. individual 

based models, matrix population models, etc.), which are a promising, likely way forward in 

risk assessment (Gergs et al. 2016, Thursby et al. 2018).  

Despite the benefits of GUTS modeling, the mixed results show that the methods may not be 

robust across data sets in terms of CEC calculation. The authors of these models have tested 

them with real and simulated data (Albert et al. 2016, Delignette-Muller et al. 2017), but when 

“messy” non-ideal data are used, such as the present study, the time and effort to use the models 

increases and the reliability of the results decreases. However, overcoming the difficulties of 

estimation and model fitting may be worth the benefits of a time-independent metric.  

In lieu of overcoming computational complexity, we also argue that if it appears that an 

incipient LCx value has been reached, it may be reasonable to use LC10 for guideline derivation, 

without the use of a safety factor or acute to chronic ratio. While the use of any LCx other than 

0 implies that a certain percentage of effect is appropriate for guidelines (van der Hoeven 1997, 

Fox 2008), there is little to suggest that the incipient LCx would not imply a relevant threshold. 

The NECs and LCx values from the final day, in the results presented here, are likely similar 

because the tests are extended and the LC5, 10 and 50 values are approaching the x-axis, and 

may be considered the incipient lethal concentration (Figure 5).  
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Incipient LCx values are rarely used in ecotoxicology, despite being a possible CEC hybrid 

between a threshold and measured effect. The lack of use of the incipient LCx is likely due to 

short exposure durations of standard testing, the uncertainty of extrapolation, and the lack of 

confidence around an extrapolated estimate. Lengthening testing times may remove the need to 

extrapolate to incipient values, if control mortality is reasonable. The use of incipient LCx 

estimates may be especially valuable in the reanalysis of existing survival data. However, many 

tests are based on sublethal endpoints, generating ECx values, and it is unclear if an incipient 

ECx exists (Baas et al. 2010). 

While it is only in the longest exposure durations that the LC5 and LC10s for amphipods and 

ostracods and the LC50s for copepods and gastropods were similar to NEC values (Figures 5 

and 6), these results are comparable to those in Forfait-Dubuc et al. (2012). The authors of that 

study found that across nine different contaminants for Daphnia magna, NECs values were 

typically contained within the non-incipient LC5 to LC50 confidence intervals. While Van Der 

Hoeven (1997) wrote that it will not be possible to distinguish between ECx and NEC model 

estimates when data are limited and Forfait-Dubuc et al. (2012) state the lack of difference in 

their results was likely due to the lack of tested concentrations, it is unknown what would 

constitute an acceptable amount of data or number of tested concentrations. Following the 

results in this study, it may be reasonable to use low x values for LCx estimates from tests with 

extended exposure durations or extrapolated incipient LCx values in place of NEC estimates.  

Two overarching issues remain with ecotoxicological data analysis, the extrapolation of CEC 

values outside the range of concentrations tested and the handling of control mortality through 

time. First, the consequences of extrapolating values outside the tested range is an issue in 

modeling as it increases the uncertainty around estimates and forces reliance on the assumed 

form of the model. The ‘morse’ package gives a fair warning that values have been extrapolated 

and indeed, all our NEC values are outside the range of concentrations tested. Second, most 

ecotoxicological assessment methods hold control mortality as a single value, either as a rate 

or constant. Flexibility in handling of control mortality will need to be improved if TKTD 

methods become the norm in CEC estimation, especially with species that are slow to respond 

to contaminants (such as those in the Antarctic). Further, had control mortality been a greater 

issue for each day, then it would have been necessary to use three-parameter Weibull and log-

logistic models to estimate LCx values.  
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Changes in testing design may also help to improve estimates and overcome modeling hurdles 

in both DRR and the two threshold-parameter (Pires and TKTD) models. There has been a call 

in toxicity testing to include more concentrations especially at the lower end of the range tested, 

reduce the number of replicates within each concentration, and increase the number of 

observations points through time to maximize the interpretive power of the data generated 

(Heckmann et al. 2010). Increasing the number of lower concentrations tested may limit the 

need for models to extrapolate values. The difficulty in finding any threshold value with the 

Pires model in the amphipod data, would likely be reduced by including concentrations below 

100 μg/L in tests (Figure 8A). With longer exposure durations, the lower concentrations allow 

for better estimation of LCx values as the effects are delayed and mortality in the higher 

concentrations is too high to reliably fit a dose response curve. With any model type, higher 

concentrations are helpful in finding the threshold in shorter time durations. Further, species 

with few observation time points and few concentrations tested were the hardest to fit, such as 

the amphipod and gastropod data, respectively (Figure 7A-B and E-F). Increased and 

lengthened temporal resolution also allows one to relax the assumptions of constant exposure 

and partial mortality in the TKTD methods (Jager 2014), should that be necessary. However, 

none of the solutions mentioned are likely to remove the need for extrapolation, the 

consequences of which, have yet to be examined in the context of risk assessment. Arguably, 

given that acute-to-chronic ratios and safety factors are often used when deriving guidelines, 

perhaps the extrapolation of NEC or LCx values outside the tested concentrations is not as grave 

a concern.  

Advances in ecotoxicology will likely require a complete switch to methods that describe a 

species response as a function of time and concentration. The Pires model can provide the 

simplest method to approximate an NEC. With experience, guidance, and further developments 

in model fitting techniques, the average user can begin to calculate NECs via TKTD methods, 

especially with the use of ’morse’. If efforts do not provide reasonable results or a more 

complex model is needed, more complicated methods like ‘GUTS’ or the full TKTD model 

(DEBtox), are recommended. In all methods, starting values affect the success of the model and 

it is likely that users will need to try several starting values after careful consideration of the 

parameters. However, while DRR has well established disadvantages, if results are not different 

from time-independent models, there may be less concern for rapid shifts to NECs.  
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It should be noted that there are other papers which provide possibilities for calculation of the 

NEC metric such as Fox (2010). However, these methods are unlikely to overcome the required 

level of computational understanding nor the uncertainty that is present in the data. 

3.4.2 Conclusion 

The use of models with a threshold parameter currently provides the best method for 

ecotoxicological analysis of survival data and these models can provide information about the 

time-course of response of a species. However, the possibility to overlook mistakes in these 

methods is high. Using data for four Antarctic invertebrate species we found that data structure 

affects modeling difficulty. Methods were not robust across species, and more observation 

points and a better spread of concentrations would improve model fit. NEC results obtained 

here were similar to LC10 estimates calculated from the longer exposure durations and it, 

therefore, may not be unreasonable to use incipient LC10 estimates for guideline derivation. In 

comparing NEC models, there is little to suggest that a NEC from any method will be more 

reliable, particularly in the case of SSD derivation, if exposure durations are sufficient. If the 

Pires model is truly an approximation of a mechanistic threshold, then the use of the ‘drc’ 

package is recommended for NEC estimation. However, the increased information resulting 

from TKTD modeling remains valuable in predictive modeling for species and ecosystems.  
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3.5 Synopsis 

This chapter illustrates that the exposure duration of the toxicity test affects the resulting CEC 

value, unless threshold parameter models are used to estimate NEC, or durations are sufficient 

enough to produce incipient LCx values. With the development of guidelines, the use of LCx 

estimates from the lengthened exposure duration of an acute survival test may be reasonable in 

guideline derivation as the exposure durations are sufficient enough to produce LCx values 

nearer the incipient threshold.  
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The next chapter focuses upon the derivation of Species Sensitivity Distributions (SSDs). 

Critical Effect Concentrations are used to produce environmental quality guideline values 

through the construction of SSDs. As random samples of CECs are used from a range of taxa 

within a community, the absence of variance around CECs in SSD estimation methods limits 

the information used to derive Guideline Values. To address this issue, an integrated method is 

proposed for SSD derivation that directly estimates CEC values within the SSD model. By 

integrating the analysis of toxicity test survival data into a single SSD model, uncertainty 

surrounding individual species’ response is propagated into the final PCx estimate, thereby 

improving the relevancy of species sensitivity distributions and, therefore, the GV derived. 
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Chapter 4: An Integrated Method Using Raw Toxicity Test Data to Construct Species 
Sensitivity Distributions: A Novel Approach to Include Individual Species Variation 

Abigael H. Proctor, Catherine K. King, and Simon J. Wotherspoon 

4.1 Abstract 

Species Sensitivity Distributions (SSDs) are the cornerstone of ecological risk assessment as 

the tool to combine individual species sensitivity estimates, known as Critical Effect 

Concentrations (CECs), into a distribution to represent the sensitivity of a community. From 

the SSD, the Protective Concentration for x% of the community (PCx) is derived and used to 

establish environmental guideline values (GVs). However, the classical method used to 

construct SSDs includes only the mean CEC estimate for each individual species, without any 

measure of the uncertainty around each estimate. Valuable information about the precision of 

individual CECs is, therefore, ignored. In this study, we present a SSD model, which integrates 

the analysis of concentration-response survival data directly into the SSD derivation process 

using Bayesian methods. This integrated model is novel in that it can also accommodate CEC 

interval data (mean CEC ± variance) into the SSD, which is useful when raw toxicity data are 

not available, as is often the case for CECs reported in the literature. Using this integrated 

Bayesian model, we evaluate whether the inclusion of uncertainty around the sensitivity of 

individual species into a SSD alters the PCx values obtained. Using simulations of raw survival 

data, we fit the proposed integrated Bayesian SSDs using a Normal distribution and calculate 

log PC90, PC95 and PC90 values for a range of data scenarios, which include different 

proportions of raw data and LCx interval data. We also estimate PCx values from a classical 

method for SSD derivation, which involves fitting a cumulative distribution using the mean and 

variance of logarithmically transformed mean CECs (without any measure of variation). The 

log PCx values from the range of data scenarios and the classical method are compared to the 

known true PCx values taken from the log Normal distribution used to simulate the data. Little 

difference in median log PCx values was found between the classical and integrated approach 

(using any mix of raw and interval data). However, this pattern is only true for data that meets 

the assumption of the chosen SSD distribution. While the use of simulated data implies that an 

integrated Bayesian model does not change the outcome of the PCx estimates, the proposed 

method results in the development of a standardized approach to SSDs, which includes both 

raw toxicity data and interval data into a single integrated analysis for guideline development.  
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4.2 Introduction 

Species Sensitivity Distributions (SSDs) are used internationally to derive environmental 

quality Guideline Values (GVs). The use of SSDs is underpinned by the well-validated belief 

that, at the community level, populations of species generally have different, although 

predictable responses to increasing concentrations of toxicants (Fox 2010). From a SSD, GVs 

are determined as a Protective Concentration for x% of the community (PCx). In risk 

assessment this is known as the Hazardous Concentration to y% of the community (HCy, where 

y= 100-x). Most commonly, a PC95 or HC5 (a concentration which is protective for 95% of 

the community) is used as the GV.  

Typically, GVs are derived in two key stages: first, the sensitivity of individual species to a 

given contaminant, commonly known as Critical Effect Concentrations (CECs) are estimated 

from concentration-response experiments, or toxicity tests. Then, a cumulative distribution 

curve is fit to the data (Posthuma et al. 2002). PCx values are then simply the 100-x percentiles 

of the cumulative distribution. 

To accurately estimate a PCx, the CECs included in a SSD are a random and representative 

sample from the community, with a minimum number of species from a minimum number of 

taxa included (e.g. 8 species from 4 taxa for Australian and New Zealand Guidelines) (Newman 

et al. 2000, Wheeler et al. 2002, Warne et al. 2013). However, commonly used SSD methods 

only use mean CEC estimates and ignore any uncertainty around the CEC estimate.  

Until recently the CECs most commonly included in SSDs were the No Observed Effect 

Concentrations (NOEC), which are obtained using hypothesis testing and have no 

accompanying confidence intervals. Currently, the most commonly used CEC is the Effective 

or Lethal concentration to x% of individuals (EC/LCx), which are estimated from dose-

response regression and are generally accompanied by a measure of uncertainty. Since interval 

data (the CEC mean and variance) are available, and are important in cases when there is low 

certainty around the estimate, SSD methods should be standardized to include this information.  

In principle, GV derivation could be improved by combining the two stages into a single process 

where the estimation of CECs (e.g. EC/LCx values) is integrated directly into the SSD 

derivation process. In practice, a SSD that simultaneously estimates both the CECs and PCx 

value directly from the raw data should improve reliability, as a single-stage process allows for 

any uncertainty in the CEC estimate to fully propagate through to the estimation of the GV 
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(Kon Kam King et al. 2015b). However, as raw toxicity data are not always available for every 

species, this process must also be able to incorporate CECs interval data (mean and variance). 

Bayesian methods provide a simple mechanism for incorporating variation around CECs into 

SSDs to better estimate PCx/HCy values. Use of Bayesian methods begins with some prior 

knowledge about the model parameters, which can then be updated with data to produce a 

posterior distribution of those parameters. From the posterior distribution of the parameters (e.g. 

the final mean and variance of a Normally distributed SSD) probabilistic statements can be 

made (Hickey et al. 2012). Due to model flexibility of Bayesian estimation, ecotoxicological 

literature has seen an increase in the use of Bayesian methods to estimate PCx/HCy values 

(Grist et al. 2006, Billoir et al. 2008, Hickey et al. 2008, Fox 2010, Hayashi and Kashiwagi 

2010, Craig 2013, Ciffroy et al. 2013, Zhao and Zhang 2017).  

In this study, we provide a method for estimating a SSD through a single integrated Bayesian 

model that allows for the inclusion of variation of the CEC estimates in SSDs by directly 

incorporating into the derivation process, the probit regression model used to estimate CEC 

values from toxicity test data. Due to the possible unavailability of raw toxicity data, this model 

includes the means to incorporate interval data into the SSD. 

To understand how GV values differ between this integrated approach and the more classical 

two-stage approach we estimate PCx with both methods from data survival simulated by 

randomly drawing LCx values from a log Normal distribution. While several distributions are 

commonly used in dose-response modeling, the case of Normally distributed log CEC values 

was selected to provide a simple illustrative example. 

For the classical frequentist approach, we estimate PCx values with simulated data using the 

method of moments, where the mean and variance of the simulated log LCx values are used to 

estimate the SSDs. The PC90, PC95, and PC99 values obtained from the classical approach and 

the proposed integrated SSD, were compared to the ‘true’ PCx taken from the distribution that 

was used to simulate the data. 

Further, to see how GV differ when only interval data are available, we replaced increasing 

numbers of raw toxicity data with their mean LCx and variance to examine if PCx values 

changed. In practice interval data could be values taken from literature, a range of LCx 

estimates for a single species, or results from a previous experiment.  
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Using the simulated data, we compare differences between median PC90, PC95, and PC99 

values estimated with both the proposed integrated Bayesian SSD, using different proportions 

of raw toxicity data and interval data, and the classical SSD method using CECs only. Simulated 

toxicity test data provides a method to examine the precision of PCx estimates from the 

proposed SSD method, as the true PCx values for the community are known from the 

distribution used to simulate the data. Further, to examine the performance of the methods and 

data scenarios, we use coverage rates to measure the proportion of confidence intervals from 

the simulations that contain the known true PCx, where we nominate a proportion of 95% as 

ideal performance.  

4.3 Methods 

This method integrates the analysis of raw toxicity data directly into the SSD estimation 

procedure, using a typical dose-response regression model for survival data, and is capable of 

handling CEC interval data (CEC mean and variance) in the SSD derivation process. With 

survival data, interval data are assumed to be LCx values with standard error.  

4.3.1 Integrated SSD model 

To estimate raw toxicity data within a SSD through a single integrated procedure, we propose 

fitting a model in which the CEC values are fitted as random effect in an appropriate dose-

response regression model, to all species simultaneously. For example, using the idea that the 

LCx for a single species can be estimated by fitting the appropriate probit model (Proctor et al. 

2017), we can extend the model similar to Kon Kam King et al. (2015b) to construct a SSD by 

fitting the probit model reparametrized in terms of the log LCx, assuming the LCx to be a log 

Normal random effect 

 

𝑦𝑦𝑖𝑖𝑖𝑖 ∼ Bin(𝐵𝐵𝑖𝑖𝑖𝑖 ,𝜋𝜋𝑖𝑖𝑖𝑖)

𝛷𝛷−1(𝜋𝜋𝑖𝑖𝑖𝑖) = 𝑟𝑟𝑖𝑖(log LCx𝑖𝑖 − log 𝐶𝐶𝑖𝑖𝑖𝑖) + 𝛷𝛷−1 �1 −
𝐿𝐿

100
�

logLCx𝑖𝑖 ∼ N(𝜇𝜇,𝜎𝜎2).

 (20) 

Here 𝑦𝑦𝑖𝑖𝑖𝑖  is the number of survivors from an initial cohort of 𝐵𝐵𝑖𝑖𝑖𝑖  individuals of species 𝑗𝑗 

exposed to a concentration 𝐶𝐶𝑖𝑖𝑖𝑖 of the toxicant, and 𝜇𝜇 and 𝜎𝜎2 are the parameters of the SSD.  

Estimates of LCx interval data (i.e. species without raw toxicity data) can be incorporated into 

the model by assuming the LCxs are Normally distributed about their true values 

 LCx𝑖𝑖ˆ ∼ N �LCx𝑖𝑖 , �̂�𝜎𝑖𝑖
2�, (21) 
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where LCx𝑖𝑖ˆ  is an estimate of LCx for species 𝑗𝑗 with estimated standard error �̂�𝜎𝑖𝑖. Estimates of 

HCy/PCx are computed as the x=100-y percentile points of the 𝑁𝑁(𝜇𝜇,𝜎𝜎2) distribution from 

Equation 20. 

The model is readily fitted within a Bayesian framework using standard MCMC techniques. 

Credible intervals for HCy/PCx follow immediately from the joint posterior for 𝜇𝜇 and 𝜎𝜎2 (see 

Appendix 5.4). Note that if no raw data are available, Equation 20 reduces to the analogue of 

the two-stage approach of the classical method, which incorporates the variability of the CEC 

estimates.  

4.3.2 Data Simulation 

To test how PCx values change when the uncertainty around the estimation of LCx values is 

propagated into SSD derivation, dose response data for 30 species were simulated from 

Equation 20 for a known μ and σ.  

The number of tested individuals 𝐵𝐵𝑖𝑖𝑖𝑖 was assumed constant within each species but allowed to 

vary across species and was randomly drawn from a set of values ranging from 10 to 24. 

Similarly, the number of test concentrations, 𝐶𝐶𝑖𝑖𝑖𝑖, also varied across species and was randomly 

selected to be 6, 8 or 10. For each species, the tested concentrations were evenly spaced from 

the 0.05 quantile to the 0.99 quantile of the assumed Normal distribution for the log LCx𝑖𝑖 . The 

rate parameter, ri, for each species was uniformly selected from the interval 1 to 1.4. 

4.3.3 Replacing Raw Toxicity Data with Interval Data 

To examine how the replacement of raw toxicity data with interval data affects PCx values in 

the integrated model, data for 30 species was simulated and then the data for m randomly 

selected species was replaced with the estimated LCx𝑖𝑖ˆ  and �̂�𝜎 and incorporated into the SSD 

using Equation 21. To see how PCx values change with different proportions of interval data, 

SSDs were fit to the simulated data sets for m species of interval data and n-m species of raw 

toxicity data from 100% use of raw toxicity data (n=30) through to 100% use of CEC data 

(n=0), as well as 5 combinations of the two in between (n=5, 10, 15, 20, 25).   

The estimated LCx𝑖𝑖ˆ  and �̂�𝜎  for interval data were derived by fitting the standard probit 

generalized linear model of LCxs (Proctor et al. 2017) 
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𝑦𝑦𝑖𝑖 ∼ Bin(𝐵𝐵𝑖𝑖,𝜋𝜋𝑖𝑖)
𝛷𝛷−1(𝜋𝜋𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1log 𝐶𝐶𝑖𝑖 ,

 (22) 

where 𝑦𝑦𝑖𝑖 denotes the number of survivors from an initial cohort of 𝐵𝐵𝑖𝑖 individuals exposed to a 

concentration 𝐶𝐶𝑖𝑖  of the toxicant, 𝛷𝛷  is the Normal distribution function and 𝛽𝛽0  and 𝛽𝛽1  are 

regression coefficients to be estimated. The LCx can then be estimated as 

 LCx = exp ��𝛷𝛷−1 �
𝐿𝐿

100
� − 𝛽𝛽0� /𝛽𝛽1� (23) 

and standard errors and confidence intervals for LCx can be estimated by the delta rule or 

bootstrap (Newman 2012b). 

4.3.4 The Classical SSD 

To compare the integrated method to the classical frequentist approach (the second stage of the 

classical method), the SSD is fitted to the CECs using the method of moments, where the mean 

and variance of the LCx values or point estimates are the mean and variance of the log Normal 

distribution, from which the PCx values are the appropriate percentiles of the fitted log Normal 

distribution.  

4.3.5 Model Comparisons 

For each scenario of raw to interval data using the integrated method, and for the classical 

approach using CEC only, we use 2000 simulations of data for 30 species and estimate the 

median PC90, PC95, and PC99 values and their variance. The distribution of the 2000 PCx 

values for each scenario are then compared to each other, and to the true PCx value taken from 

the distribution used to simulate the data. 

Using the estimated variance, or confidence intervals, we compare the coverage rates of the 

different approaches, which is the proportion of simulation where the 95% confidence interval 

of the PCx values contains the known true PCx, taken from the distribution used to simulate the 

data. The level of ideal coverage is nominated as 95%. The SSD model presented here was 

implemented in R 3.4.3 (R Core Team 2008), with the Bayesian methods implemented using 

JAGS (Plummer 2011). The code has been included in Appendix 5. 

4.4 Results 

In Figure 10, violin plots are used to visualize the distribution of the PC90, PC95, and PC99 

estimates for each of 2000 simulations used to construct SSDs, where the width of the violin 

corresponds to the density of PCx values produced across the simulations. The distributions of 
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PCx values were similar between the classical approach and the integrated Bayesian approach 

under all scenarios of raw and interval data. 

Figure 11 shows the coverage rate of the confidence intervals generated across the 2000 

simulations, where the bars are the fraction of confidence intervals that contain the known true 

PCx value.  

The simulated data in this study is consistent with the assumptions of the Normal distribution 

used to fit the Classical and integrated SSD approaches. As such, all the models reproduced the 

PCx values well, regardless of the proportion of interval data used in the integrated Bayesian 

method (Figure 10). However, the classical method does appear to have slightly higher average 

of median PC99s. 

Despite similarities across the distributions of PCx estimates for both SSD (Figure 10), the rates 

of coverage for the classical approach compared to the integrated Bayesian approaches with all 

data scenarios, reveal a difference in performance between the distributions (Figure 11). 

Regardless of the proportion of interval data used, the integrated Bayesian SSD produced 

Figure 10. The distribution of PC90, PC95, and PC99 values for 2000 simulations of data fit using 
the two SSD approaches, the Classical approach (C) and the integrated Bayesian approach using a 
Normal distribution (N). For the integrated approach SSDs were fitted using n numbers of raw data 
in the data set, for n= 0, 5, 10, 15, 20, 25, and 30, and 30-n numbers of interval data. The black line 
is the ‘true’ median PCx value taken from the distribution used to simulate the data. 
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confidence intervals that approached the nominated 95% level (Figure 11). In contrast, the 

classical approach produces confidence intervals that are too short, as is common when 

bootstrapping confidence intervals (Chernick 2008), and as such has coverage rates below the 

nominated 95% level.  

4.5 Discussion 

Species Sensitivity Distributions have become the mainstay of ecological risk assessments 

because they provide information about the probabilities of risk along a gradient of contaminant 

levels (Posthuma et al. 2002, Wheeler et al. 2002, Allard et al. 2009, Fox 2010, Warne et al. 

2013, Dowse et al. 2013, Pathiratne and Kroon 2016, Boeckman and Layton 2017). The PCx 

values that are derived from SSDs provide a measure of risk for a community that is useful for 

regulatory purposes. However, SSDs are only as good as the method used to construct the SSD 

as well as the data that are included.  

In principle, an integrated procedure for SSD construction should provide a more accurate and 

representative estimate of community sensitivity. However, the results from this study show 

that when the characteristics of the data are sufficient to meet the assumptions of a Normal 

Figure 11. Coverage rates of PCx confidence intervals for SSDs fit to 2000 simulations of data 
using the two SSD approaches, the Classical frequentist approach (C) and the integrated Bayesian 
approach using a Normal distribution (N). Coverage rates represent the proportion of time the 95% 
confidence interval of the estimated PCx value included the true median PC90, PC95, and PC95 
values. For the integrated approach SSDs were fit using n numbers of raw data in a data set, for n= 
0, 5, 10, 15, 20, 25, and 30, and 30-n numbers of interval data. The grey line is the nominated 95% 
level of coverage. 
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distribution, incorporating variation around those data points into the SSD process does not 

produce a PCx that differs from the classical method. This lack of difference is likely due to the 

simulated data meeting the assumptions of the Normal distribution. What may differ, however, 

is the likelihood that the confidence interval of the PCx value generated contains the true PCx 

value, albeit an unknown value when real data are used.  

Our use of simulated data is useful for understanding the overall impact of using raw data and 

interval data as we know the “true” distribution of sensitivity. However, this simulation 

represents an ideal scenario in that the LCx values never fall outside the range of tested 

concentrations. The simulated sample sizes and number of test concentrations were large, but 

it was difficult to know how to choose realistic test concentrations and a realistic 𝑟𝑟 parameter 

for each species. Realistically, SSDs would rarely be constructed with so few limitations.  

The integrated Bayesian SSD model proposed here provides a possible method to standardize 

the inclusion of variance for individual species sensitivities as well as a way to integrate the 

analysis of raw survival data directly into the SSD derivation process. Including variation in the 

data may not be as important as including a sufficient sample of species from the community 

(Duboudin et al. 2004). However, as we work toward improving SSDs, including variance 

around CEC estimates improves its ecological relevancy. Even if the resulting PCx value does 

not change greatly, there is an assurance that the uncertainty around a species’ response has 

been considered.  

It is important that methods become readily available to provide the facilities that include both 

raw and interval data, or even CECs. Recent work by Zhao and Zhang (2017) incorporated 

intervals of EC50 estimates in Bayesian SSDs. Similar to our results, they found that the HC5 

(PC95) values derived from the Bayesian SSD were very similar to those derived using the 

classical frequentist approach using only CECs. However, the authors noted that incorporating 

intervals of CECs for a species is a benefit for deriving GVs, as it eliminates the question of 

how to handle a number of CECs from repeated testing on the same species (Zhao and Zhang 

2017). Further, the use of Bayesian hierarchical model similar to ours, developed by Kon Kam 

King et al. (2015b), showed little effect on the SSD. However, they argued that the propagation 

of uncertainty from the raw data into the SSD may be unreasonable as it induced a larger 

uncertainty on the result. We argue that the larger uncertainty may be of benefit as the interval 

is more likely to have captured the true value.  



76 
  

The use of interval estimates in place of CECs for the construction of SSDs is a significant step 

to building more relevant SSDs (Zhao and Zhang 2017). This is because a SSD that can make 

use of all available data is advocated as being more objective (Forbes and Calow 2002, Kon 

Kam King et al. 2015b). However, these methods are still limited to those with a computational 

understanding of Bayesian modeling. For their use to become standard in guideline derivation 

they need to be made publicly available in a user-friendly format. The model presented here is 

the first step to providing publicly available facilities to construct SSD, which can use a mix of 

raw test data, interval data, and CECs, allowing researchers to construct a SSD with whatever 

range of data types are available to them.  

Continued use of classical frequentist approaches to SSD modeling for guideline derivation 

may be appropriate if the lower performance rates of the PCx values that are generated are 

recognized. Further, comparisons of laboratory based HC5 (PC95) to CEC estimates of 

threatened species and HC5 estimates derived with field data, have shown laboratory based 

SSDs can be useful predictors of protective concentrations for natural communities (Raimondo 

et al. 2008, Del Signore et al. 2016). However, possible improvements in the adaptation of 

SSDs with Bayesian methods, such as those that weight data to account for taxonomic 

differences or those that allow for the inclusion of variation, add environmental realism to SSDs, 

which may improve their environmental relevancy and, therefore, our confidence in their 

application. 

The inclusion of species variance, either with interval data or raw toxicity data may be 

particularly useful and relevant in cases where data exists for only a small number of species. 

Additional work with this integrated method should look at the application of real data, 

including both large and small data sets. Further, this method can also be used to assess how 

PCx values change when small data sets are supplemented with values found in the literature. 

While the use of real world data sets, where the true distribution of sensitivity is unknown, 

should be examined using the approach described in this study, complete toxicity data sets for 

more than a few species are rare, and data repositories such as U.S. EPA’s ECOTOX database 

have not standardized the inclusion of confidence intervals around CEC estimates.  

Further improvements that could be built into this model might include, options to handle 

repeated toxicity tests or, the use of other CEC estimation methods such as a threshold 

parameter model to estimate NECs. NECs are the preferred CEC measure of a species 

sensitivity identified in the 2000 Australia/New Zealand Water Quality Guidelines (ANZECC 
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& ARMCANZ 2000).The Pires segmented regression model (Pires et al. 2002) has been shown 

to be a reasonable approximation of a no effect threshold with survival data (Chapter 3, Fox 

2010), and this model is a candidate for deriving NEC estimates for species within a SSD. The 

improvement of SSD modelling is highly encouraged as a  the development of a model to 

produce time-resolved SSDs by Kon Kam King et al. (2015a) integrated the analysis of raw 

data via TKTD methods and showed that the classical approach may be underproductive in the 

example of their data set. However, any new method needs to be approachable and practical, 

and likely be tested with simulated data to show the possible outcomes against a range of data 

types.  

Our ongoing reliance on SSDs to provide a means of deriving reliable and meaningful 

environmental guidelines means that any work to improve their ecological relevancy is a useful 

undertaking. While the differences between the integrated SSD and the classical approach are 

minimal for ideal data sets, this method provides facilities that eliminate the need to estimate 

toxicity data separately, and allows for the inclusion of CEC variance when raw experimental 

data are not available, or a range of values are present in the literature.  

As we work to improve analysis methods for toxicity data and guideline derivation, methods 

need to be presented in user friendly formats to improve their adoptability for guideline 

frameworks everywhere. The novel method presented in this study is the first step to providing 

a widely applicable method for the integration of raw toxicity data and interval data into the 

construction of SSDs, which eliminates the two-stage approach to SSDs and incorporates the 

uncertainty around the sensitivity of species through to the derivation of GVs. 

4.6 Synopsis 

This chapter provides a novel method that integrates analysis of raw toxicity data from 

concentration response experiments into the construction of SSDs. By incorporating dose-

response regression into the SSD process, we can directly estimate PCx values without first 

gathering the CEC estimates. Further, use of interval data when raw data are not available will 

not have an impact on the PCx value. However, it is difficult to know how to simulate data that 

has all the characteristics of a real-world data set. In the next chapter we look at the use of two 

extensions to the integrated SSD in the chapter and test them using data simulated to have 

characteristics that represent a subset of the problems seen.  
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Chapter 5: Focusing on the Lower Tail: A Novel Use of Truncated Distributions to Fit 
Species Sensitivity Distributions for Guideline Derivation 

Abigael H. Proctor, Catherine K. King, and Simon J. Wotherspoon 

5.1 Abstract 

Species Sensitivity Distributions (SSDs) are the mainstay for ecological risk assessments, as 

the mechanism by which we combine individual species sensitivity estimates into a single 

cumulative distribution to predict risk for the whole community. The concentration that is 

protective to x% of the community (PCx) is estimated from the 100-x percentile of the SSD. 

Current methods to derive SSDs fit the distribution curve to a set of data intended to be a random 

and representative sample of sensitivity estimates for species within a community. However, 

the most tolerant species on the upper tail of the distribution can affect the fit of the lower tail. 

This lower tail is where PCx values are estimated from, with the commonly chosen percentiles 

of 1, 5, or 10% (PC90, PC95, or PC99) used for environmental guidelines. When data deviates 

from the assumed distribution, the resulting SSD can produce inaccurate PCx estimates. 

Deviations are typically caused by the inclusion of extremely sensitive or tolerant species, data 

which displays multimodality, and data that includes several similar estimates of sensitivity. In 

this study we develop methods for SSD derivation that focus on the lower tail of the distribution. 

First, we propose fitting SSDs with an integrated Bayesian model using heavy tailed 

distributions, which are capable of fitting extremely sensitive species without unduly 

influencing the PCx estimates. Second, we propose a method to fit only the bottom half of the 

distribution to data below the median estimate, called a truncated distribution. We use six 

simulated distributional scenarios that are intended to reflect common characteristics of species 

sensitivity data sets, to examine the performance and precision of five SSD approaches: the 

classical approach, an integrated Bayesian approach using a Normal distribution and our three 

proposed approaches within the integrated model, the heavy tailed distribution and two 

truncated distributions, one heavy tailed and one Normal. Across the 2000 simulations for each 

of the six scenarios, the truncated heavy tailed distribution proves to be the most robust 

estimators of PC90, PC95, PC99 values. This is particularly true when data reflected scenarios 

where tolerant species have similar sensitivities or were extremely tolerant. The heavy tailed 

distribution produced robust estimates of PCx values when extremely sensitive species were 

present. The data for a SSD is limited to what is available for a community or region. However, 

the provision of robust SSD methods for the estimation of PCx values is possible and necessary, 
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and both the heavy tailed and the truncated heavy tailed distributions should be considered as 

possible SSD approaches for reliable guideline derivation.  

5.2 Introduction 

Species Sensitivity Distributions (SSDs) are used as a regulatory tool to combine estimates of 

sensitivity to a contaminant for individual species into a cumulative distribution to predict a 

proxy measure for community sensitivity. From the SSD, a contaminant concentration that is 

theoretically protective of a given proportion (x) of species is determined (PCx, protective 

concentration to x%). In risk assessments this is often expressed as the hazardous concentration 

to a given percentage (y) of species (HCy), where y = 100-x (Batley et al. 2014).  

The choice of y percentile is typically between 1, 5 and 10% (PC99, PC95, and PC90), 

depending on management goals or the baseline health of the environment (ANZECC & 

ARMCANZ 2000), but a PC95/HC5 (protective to 95% of the community and hazardous to 

5%) is most commonly used. It is the PCx/HCy estimated for a community, further referred to 

as PCx, which is deemed to be the guideline value (GV). When the environmental concentration 

exceeds the GV, it triggers the need for management (ANZECC & ARMCANZ 2000).  

To effectively estimate a PCx, one must assume the appropriate fit of a given distribution to a 

representative and random sample of comparable species sensitivity estimates from the 

community (Forbes and Calow 2002). The species sensitivity estimates, commonly known as 

Critical Effect Concentrations (CECS), are calculated from concentration response experiments, 

typically using dose-response regression to estimate the Effective or Lethal Concentration 

which affects x% of individuals (EC/LCx). The sample of CECs, the choice of distribution for 

the SSD, and the method used to calculate confidence intervals (i.e. bootstrap or delta method) 

all affect the PCx estimates (Aldenberg and Jaworska 2000, Newman et al. 2000, Wheeler et 

al. 2002, van der Hoeven 2004). Logistical considerations may place limits on the amount of 

single species data available, in turn limiting reliability of estimates. However, we can improve 

the way we estimate SSDs to derive GVs and overcome limitations in the data, by changing our 

assumptions about the distribution. 

Proposed revisions to the Australian and New Zealand Water Quality Guidelines (Batley et al. 

2014) recommend checking SSD data for multimodality, which may result from taxa-specific 

sensitivity, or from the mode of action of the chemical. If strong evidence of multimodal data 

is apparent (i.e. calculation of a large bimodality coefficient), it is recommended that the data 

be split and only the most sensitive species used in the SSD (Batley et al. 2014). However, 
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multimodality is an extreme way in which data fails to meet the assumptions of a distribution 

and may not always be detectable. Less obvious failures are more likely to be encountered and 

may be just as likely to impact GV estimates.  

While it is recommended that only the most sensitive taxa should be used for SSDs when clear 

gaps between the data exist, this idea is motivated by the desire to be conservative in risk 

assessments (Del Signore et al. 2016). The suggestion to split data is done by choice and 

disregards the assumption that species are randomly chosen.  

Even when a SSD is unimodal, if the GV is generated from 10 to 50 species, then it is likely 

that a few CECs will fall below the PC95. However, it is also possible to see PCx values 

extrapolated below the lowest data point (Batley et al. 2014). When there is little data around 

the PCx estimate, we are reliant on the precise form of the tail of the assumed distribution to 

define the GV.  

With the classical frequentist ‘method of moments’ approach to SSDs, PCx values are estimated 

from the cumulative distribution fit to the log of sensitivity data using only the mean estimate 

for each species. With this approach, species that are extremely tolerant or sensitive change the 

mean and variance of the cumulative distribution, which then changes the shape of the 

distribution and its tails. As guidelines are established to protect 90-99% of species, it seems 

reasonable that efforts to produce SSDs focus on the lower tail of the curve, where HCy/PCx 

values are generally estimated from.  

Current SSD methods use the entire distribution curve fit to all species, with the potential for 

the more tolerant species to influence the fit of the lower tail. In the case of multi-modality, 

when only a sub-set of the data are used, derived GVs tend to favor the most sensitive species. 

What is needed is a family of SSD approaches that are robust solutions to the common 

distributional failures of sensitivity data. 

The use of the flexible, heavy tailed distributions in SSDs has the potential to capture 

information about the most sensitive species (and the most tolerant) due to the longer tails, 

without conservatively biasing estimates. As we are interested in protecting the most sensitive 

species, without biasing PCx estimates to the lowest included sensitivity values, we propose 

and present the use of heavy tailed distributions, such as the t distribution, to fit SSDs. 

We also present a potential method for SSD modeling that is resilient to the influence of very 

tolerant or very sensitive species on the PCx estimate. To do this we fit a truncated distribution 
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to only to the lower 50% of species. Using a truncated distribution provides a method to focus 

on the lower tail of the distribution, where GV are derived. We further combine the use of the 

heavy tailed distribution with the use of a truncated distribution to form a novel method for the 

estimation of PCx values. 

To test the performance of the heavy tailed and truncated distribution estimates, we simulate 

survival data from different distributional scenarios that are intended to reflect the 

characteristics of different sensitivity data sets one might encounter (such as those found in 

Batley et al. 2014). Simulated data with part of, or a whole t-distribution, reflects a situation in 

which there are a few extremely sensitive and tolerant species. The use of expanded tails above 

the median of the Normal distribution reflects a situation in which there is a wide range of 

tolerant species, and a compressed distribution above the median, representing a scenario in 

which there are many moderately tolerant species with similar sensitivity.  

Simulations were used to compare the performance of the classical approach, the integrated 

Bayesian approach using a Normal distribution, and our three proposed approaches, the heavy 

tailed t-distribution, the truncated half Normal distribution and the truncated half t-distribution. 

To see how well the five SSD approaches estimate PC values with the simulated distributional 

scenarios, we observe how often the median PC90, PC95, and PC99 values are overestimated 

or underestimated. Additionally, for each scenario we compare coverage rates – how often the 

95% confidence interval of the PCx estimate contains the known true PCx from the simulation 

– to the nominated ideal coverage rate of 95%.  

5.3 Methods 
5.3.1 Species Sensitivity Distribution Models 

As described in the previous chapter, a SSD can be fitted through a single integrated procedure 

in which the CECs is viewed as a random effect in an appropriate dose-response model fitted 

to all sample species. For example, for log Normally distributed LCx, the SSD is estimated by 

fitting a probit model reparametrized in terms of log LCx, assuming LCx to be a log Normal 

random effect 

 

𝑦𝑦𝑖𝑖𝑖𝑖 ∼ Bin(𝐵𝐵𝑖𝑖𝑖𝑖 ,𝜋𝜋𝑖𝑖𝑖𝑖)

𝛷𝛷−1(𝜋𝜋𝑖𝑖𝑖𝑖) = 𝑟𝑟𝑖𝑖(log LCx𝑖𝑖 − log 𝐶𝐶𝑖𝑖𝑖𝑖) + 𝛷𝛷−1 �1 −
𝐿𝐿

100
�

LCx𝑖𝑖ˆ ∼ N(LCx𝑖𝑖, �̂�𝜎𝑖𝑖
2)

logLCx𝑖𝑖 ∼ N(𝜇𝜇,𝜎𝜎2)

 (24) 
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where 𝑦𝑦𝑖𝑖𝑖𝑖 is the number of survivors from an initial cohort of 𝐵𝐵𝑖𝑖𝑖𝑖 individuals from species 𝑗𝑗 

exposed to a concentration 𝐶𝐶𝑖𝑖𝑖𝑖  of the toxicant, LCx𝑖𝑖ˆ  is an LCx estimate for species 𝑗𝑗  with 

estimated standard error �̂�𝜎𝑖𝑖 that is derived outside the integrated SSD model, and 𝜇𝜇 and 𝜎𝜎2 are 

the location and dispersion parameters of the SSD. Estimates of HCy/PCx (where x=100-y) are 

the taken from the yth percentile point of the Normal distribution with the mean μ and variance 

σ2. 

We propose two general mechanisms for constructing more robust estimators of PCx. Firstly, 

we propose replacing the assumed distribution of CECs in the model with a suitable heavy 

tailed alternative (Berger et al. 1994), so that estimates of PCx are not influenced by a small 

number of extremely sensitive species. Secondly, to remove any undue influence of the most 

tolerant species on PCx values, we propose computing the CECs for individual species and 

fitting the model only to species below the median CEC (Equation 21). 

For the heavy tailed alternative, we propose replacing the Normal distribution in Equation (20) 

with a suitable t distribution with an exponentially distributed degrees of freedom (Berger et al. 

1994). 

 

𝑦𝑦𝑖𝑖𝑖𝑖 ∼ Bin(𝐵𝐵𝑖𝑖𝑖𝑖 ,𝜋𝜋𝑖𝑖𝑖𝑖)

𝛷𝛷−1(𝜋𝜋𝑖𝑖𝑖𝑖) = 𝑟𝑟𝑖𝑖(log LCx𝑖𝑖 − log 𝐶𝐶𝑖𝑖𝑖𝑖) + 𝛷𝛷−1 �1 −
𝐿𝐿

100
�

LCx𝑖𝑖ˆ ∼ N(LCx𝑖𝑖, �̂�𝜎𝑖𝑖
2)

logLCx𝑖𝑖 ∼ t𝜈𝜈(𝜇𝜇,𝜎𝜎2)
𝜈𝜈 ∼ Exp(𝑎𝑎)

 (25) 

where t𝜈𝜈(𝜇𝜇,𝜎𝜎2) is the Student’s t distribution with location parameter 𝜇𝜇, dispersion parameter 

𝜎𝜎2, and degrees of freedom 𝜈𝜈, and Exp(𝑎𝑎) is the exponential distribution with rate parameter 

𝑎𝑎. Species with point estimates and confidence intervals are treated as before.  

The SSD model in Equation (24) is limited in that it is equally influenced by highly sensitive 

and highly tolerant species. To counter the bias this censoring introduces, the distribution of the 

LCxs are assumed to be truncated above the median. For log Normal LCx, the model becomes 
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 (26) 
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and is fitted only to those species with log LCx below the median log LCx. Here, 

N(𝜇𝜇,𝜎𝜎2)𝐼𝐼(𝜇𝜇,∞) denotes the Normal distribution truncated above 𝜇𝜇. 

These two approaches can be combined to yield another SSD approach based on the truncated 

model with t distribution.  

This gives four estimators for the log Normal LCx problem, the original estimator (N) (Equation 

24), the t estimator (T) (Equation 25), the half Normal - the Normal estimator truncated above 

the median (HN) (Equation (26), and the half t - the t- distribution truncated above the median 

(HT). 

For the classical approach to SSDs, we fit a Normal distribution (C) to the point estimates of 

the simulated LCx values, using the frequentist method of moments. The mean and variance of 

the simulated log LCx point estimates is used as the mean and variance of the fitted Normal 

SSD distribution. While there are several distributions available for SSD estimation, we choose 

the Normal distribution to simplify the process. PCx values are then calculated from the 

classically fitted Normal distribution. This classical approach requires the use of Bayesian 

bootstrapping to estimate PC confidence intervals, with a large number of samples required for 

reliability. 

5.3.2 Simulated Distributional Scenarios 

We simulate six different scenarios of raw dose response data by first forming the SSD and 

then randomly choosing points, or species estimates, from the curve. We then use the chosen 

points to estimate raw toxicity test survival data. Details about the simulation framework are 

described in more detail in Chapter 4. For each scenario, dose-response data was generated for 

30 species, as this is recommended as the sample size required to produce PC estimates with 

reasonable variance (Newman et al. 2000); and LC10 values estimate were used as they are the 

recommended LCx for Australia and New Zealand guidelines (ANZG 2018). 

The six different distributional scenarios considered were simulated with different distribution 

shapes where the location µ and dispersion σ2 of the distribution differ above and below the 

median. The six scenarios were: 

1)  Log LCx values simulated from a Normal distribution where µ=3.2 and σ2=2.56. (Simulated 

scenarios 2 through 6 present alternate distribution shapes with the same location and 

dispersion unless otherwise noted.)  
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2)  Log LCx values simulated from a Normal distribution above the median and a t-distribution 

below with degrees of freedom ν=2. This represents a scenario in which there are a small 

number of extremely sensitive species. 

3)  Log LCx values simulated from a Normal distribution with dispersion increased by a factor 

of 5 above the median, stretching the upper tail of the distribution. This represents a scenario 

in which there are a wide range of tolerant species, including extremely tolerant ones.  

4) Log LCx values simulated from a Normal distribution, but the upper tail of the distribution 

is compressed by decreasing the dispersion by a factor of 5. This represents a scenario in 

which there are many mildly tolerant species.  

5) Log LCx values simulated from a t distribution below the median and expanded Normal 

above the median with dispersion increased by a factor of 5. This represents a scenario in 

which there are a small number of extremely sensitive species and a wide range of tolerant 

species.  

6) Log LCx values simulated from a t distribution below and compressed Normal above the 

median with dispersion decreased by a factor of 5. This represents a scenario in which there 

are extremely sensitive species and only moderately tolerant species. 

5.3.3 Evaluation of Performance of SSD Approaches 

For each of the five SSD approaches, we simulate 2000 data sets and evaluate the performance 

of the SSD approach on the precision of PCx values by looking at how the distribution of the 

calculated median PC90, PC95, and PC99 values relates to the “true” PC values, i.e. how often 

the PCx values overestimate or underestimate the true PCx. We also evaluate performance on 

the proportion of 95% confidence intervals containing the known true PCx value. The 

proportion, or coverage rate, is ideal when the 95% confidence intervals cover the true PCx 

value a nominated 95% of the time. Example simulations for scenario 1 fitted with the four 

integrated Bayesian SSD approaches compared to the classical approach are shown in Figure 

12. 

The SSD methods and simulations presented here were implemented in R 3.4.3 (R Core Team 

2008), with the Bayesian methods implemented using JAGS (Plummer 2011). The code has 

been included in Appendix 5. 
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5.4 Results 

In Figure 13 we use the violin plots to show the distribution of PC90, PC95, and PC99 values 

estimated with the five different SSD approaches for the 2000 simulations conducted for each 

of the six scenarios. Plots can be interpreted similarly to a histogram where the width of the 

‘violin’ represents the density of the log PCx values. Figure 14 shows the coverage of the 

confidence intervals generated across the 2000 simulations, where the bars are the fraction of 

confidence intervals that contain the known true PCx value. 

Figure 12. Example of the simulated data from scenario 1 of Normally distributed data, fitted with 
a SSD using a Normal and t distribution fitted to the entire data set, and half Normal and t 
distributions fitted to the lowest 50% of the data. Blue points and lines are the simulated CEC data 
with confidence intervals, and the fitted SSD. The grey shaded area is the confidence interval for the 
fitted blue line. Red points and lines are the actual values from the original distribution used for 
simulation, and the green line is the classical approach using a Normal distribution fit to only the 
point estimates of the simulated data. 
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Scenario 1: Full - Normal distribution 

In this scenario the simulated data is consistent with the assumptions of all the models and 

reproduces log PCx values well, however the t and half-t distributions produced slightly 

conservative PC99 estimates (Figure 13). For all approaches except the classical method, 

performance was ideal with confidence intervals reproducing the nominated level of 95% 

coverage (Figure 14). The classical method produced coverage rates of less than 90%, implying 

that the confidence intervals for the PCx values were too short. 

Figure 13. The distribution of 2000 Protective Concentration values for x% (PCx) of the 
community, for x= 90, 95, and 99, for the five Species Sensitivity Distributions (SSDs) used to fit 
six distributional scenarios of simulated data. The SSDs used are the Classical approach (C),  and 
the integrated Bayesian approach with the Normal (N) and t distributions (T), and the truncated 
half Normal (HN) and half t-distributions (HT). The black line is the true median PCx values taken 
from the distribution used to simulate the data. Scenario 1 is simulated from the Normal 
distribution, 2 is a t distribution below the median and Normal above, 3 is Normal below with a 
stretched upper tail, 4 is Normal below with a compressed upper tail, 5 is t below the median and 
stretched Normal above, and 6 is t below and compressed Normal above. 
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Scenario 2: Normal distribution above; t-distribution below 

In this scenario, simulating a few very sensitive species, the data only meets the assumption of 

the half t-distribution. All SSD approaches tended to yield log PCx values that were larger than 

the actual PCx value (Figure 13), but only the half t and t-distribution tended produced coverage 

rates which approached the nominated 95% level (Figure 14). The Normal distribution had the 

poorest coverage rates with less than 60% of the confidence intervals containing the log PC95 

and PC90 values and less than 15% for PC99s. 

Scenario 3: Normal distribution, expanded above the median  

Scenario 3 corresponds to data sets in which a large fraction of species are extremely tolerant. 

All the non-truncated distributions performed poorly. The full distributions yielded 

conservative estimates by underestimating the log PCx values (Figure 13). Only the truncated 

SSDs yielded PCx values near the known true value and coverage rates which approached the 

ideal 95% level (Figure 14). 

Figure 14. The plotted coverage rates (the number of times the 95% confidence interval included the 
true median PCx value) for each of the five SSDs fitted to each of the six simulated distributional 
scenarios of data. The SSDs used are the Classical frequentist approach (C), the integrated Bayesian 
approach with Normal (N) and t distributions (T), and the truncated half Normal (HN) and half t 
distributions (HT). Scenario 1 is simulated from the Normal distribution, 2 is a t-distribution below 
the median and Normal above, 3 is Normal below with a stretched upper tail, 4 is Normal below with 
a compressed upper tail, 5 is t below the median and stretched Normal above, and 6 is t below and 
compressed Normal above. 
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Scenario 4: Normal distribution, compressed above the median 

In scenario 4, the tolerant species are all mildly tolerant. In this case, the truncated distributions 

had coverage rates at the nominated 95% level across the PCx values (Figure 14). The full 

distributions had similarly precise estimates of PCx values (Figure 13), but the coverage rates 

were far lower (<75%) (Figure 14). The t-distribution had coverage rates above the nominated 

95% level, suggesting that the confidence intervals produced were too large.  

Scenario 5: t below, and Normal expanded above the median 

For scenario 5, simulating a few very sensitive and many tolerant species, the half t distribution 

had the best overall performance with coverage rates near the nominated 95% level despite 

overestimating log PCx values. However, the Normal and t-distributions had the most precise 

estimation of PC99 values and yielded coverage rates near the nominated 95% level (Figures 

13 and 14).  

Scenario 6: t below, and Normal compressed above the median 

In scenario 6, simulating several species with similarly tolerant LCx values and a few extremely 

sensitive species, all distributions tended to overestimate the actual PC values. However, the t-

distribution produced the smallest range of estimates and reasonable coverage rates for log 

PC99 and PC95 values (Figures 13 and 14). The half t-distribution had coverage rates near the 

95% level for PC95 and PC90 values, but the coverage rate was greater than the 95% level for 

log PC99 values (Figure 14). All other distributions had poor coverage rates of less than 75%. 

5.5 Discussion 

Truncated distributions (half Normal and half t) were found to be the most robust methods to 

estimate PC values in this study. In all six distributional scenarios, the half t distribution 

produced PCx values with  the highest rates of coverage, with 95% confidence intervals most 

likely (> 95% of the time) to contain the known true PCx value. The half t distribution also, 

typically, had the smallest range of estimates when data was simulated with distributions which 

were expanded or compressed above the median (Scenarios 3 to 6) (Figure 13). Further, while 

the half t often produced a more broadly distributed range of PC99 values, the distribution of 

PC95 and PC90 values was often smaller than in other distributions. The half Normal 

distribution did not perform as well as the half t but was more robust than the full distributions 

when the data set had many tolerant species or species with similar tolerances and did not 

contain extremely sensitive species (Figure 13, scenarios 3 and 4).  



90 
  

As expected, all SSD approaches were the most robust for PC90 values across scenarios, as 

there is more information to estimate a percentile closer to the median. This is reflected in 

Figure 13 by the shorter ‘violins’, which are centered closer to the true values.  

For data sets simulating a range of tolerant species (scenarios 3 and 5), the half t distribution 

and half Normal distributions were far more likely to produce estimates near the true log PC 

values than were other distribution types (Figure 13). In guideline derivation, fitting full 

distributions in Scenario 3 reflects the commonly seen SSD where PCx values are extrapolated 

below the lowest CECs available, producing overly conservative estimates. The half Normal 

and half-t were far more robust in this scenario, producing confidence intervals which 

approached the nominated level of coverage (Figure 14).  

Scenario 5, which simulated a data set with a few very sensitive species and many very tolerant 

species, may mimic a data set with detectable or undetectable bimodality. In this case, the 

truncated distributions were far more robust estimators as they were more likely to produce 

estimates near the true PC95 and PC90 values. While a case of bimodality or a clear gap in 

sensitivity between species in the data set might lead one to split the data (Batley et al. 2014, 

Warne et al. 2018), the truncated distributions, particularly the half t, would remove the need 

for judgement with regards to a split, and could possibly include more data in the SSD than 

grouping sensitive data based on visual assessment. 

It was a challenge for the models to produce accurate PCx values when the rage of CEC 

estimates was large, as they were in scenarios 2, 5 and 6. In these cases, the PCx values were 

typically overestimated, but on occasion they were also severely underestimated (as shown by 

long skinny tails in Figure 13). Further, in scenarios 3 and 5, when the range of tolerant species 

was expanded to have extremely tolerant species, the tail had a greater impact on the distribution. 

In all cases where a wide range of either sensitive or tolerant species, or both, were present 

(scenarios 2, 3, 5 and 6), the half t and t-distributions were the reliable estimators. The 

distributions produced both a narrow range of values near the true log PC95 and PC90s and the 

best coverage rates for all four scenarios (Figure 14). 

While we expected the classical approach to SSDs to have consistently poorer performance 

than the Bayesian approaches, the classical SSD had better coverage rates than did the 

integrated Bayesian approach using the Normal distribution when simulated data contained 

several moderately tolerant species with similar LCx values (Figure 14, scenarios 2 and 6, PC95 

and PC90s).  
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In assessing the performance of the model, the use of coverage plots highlights the importance 

of using the confidence intervals of PC estimates in guideline derivation. When data sets display 

characteristics that are atypical of any assumed distributions, the broader confidence intervals 

of a robust approach, such as the half t distribution, can reflect the greater uncertainty in the PC 

estimates and give broader confidence intervals.  

Given that finding a true PCx value that is fully representative of the sensitivity of a community 

is not feasible, SSD modeling, like any regulatory tool, requires a balance between being overly 

cautious (underestimating sensitivity) and under-protective (overestimating sensitivity) 

(Belanger et al. 2017), and is a decision for regulators, to be made on a case by case basis, as 

the management consequences differ. However, using the performance methods presented in 

this paper, this and further work with simulated data can reveal how accurate SSDs are likely 

to be with different data scenarios. This may provide valuable information for meeting 

protection goals or in identifying if GVs are likely to be realistic. Further work is required to 

test the use of truncated SSDs with real data, particularly bimodal data and small data sets. Both 

are common in guideline development. As the half-Normal distribution requires one less 

parameter for estimation, it may be a better alternative for smaller data sets than the half-t.   

While no one SSD model consistently out-performed the others across the distributional 

scenarios, the truncated distributions, especially the half-t distribution, were generally the most 

robust, except for PC99 values. However, PC99s are generally only used for areas with high 

conservation value with the recognition that values are extrapolated (Batley et al. 2014). When 

a PC99 value is needed for guidelines, the results in this and similar research can provide 

information about which SSD approach and distribution to use. Decisions can be based on the 

characteristics of the data set and the previous reporting of performance. Based on the results 

of this study, a t-distribution is likely the best for estimating PC99 values, unless data is like 

scenario 3 with no extremely sensitive species and many tolerant ones. 

We recommend the continued development and use of truncated SSDs for guideline derivation. 

Truncated SSDs can be developed with the use of other commonly used distributions (e.g. Log-

logistic, Burr type III, etc.) (Hickey and Craig 2012, Batley et al. 2014). Further, we note that 

they can be fit to any percentage of the available data. We chose to remove the segment of the 

distribution above the median producing a half distribution, but theoretically, the distribution 

can could be truncated anywhere (i.e. to contain 30, 40, or 70% of the data). 
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To effectively estimate a PCx for a community, it is assumed that sensitivity estimates that are 

included within a SSD are a random and representative sample from the community and meet 

the assumptions of the distribution. However, the availability of species estimates cannot 

always be controlled, and inclusion of species estimates in SSDs is not always a representative 

random sample from the community in question. The use of truncated SSDs overcomes the 

influence of the most tolerant species on the fit of the lower tail of the distribution and eliminates 

the need to subjectively separate out sensitive species in the case of multimodality. By working 

to improve the ways we estimate the SSD, such as the use of truncated distributions here, we 

can provide methods which can be consistently applied to data to derive reliable guidelines. 
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Chapter 6: Thesis Discussion 

6.1 Overview 

Developments in ecotoxicological analysis methods provide important tools to improve our 

understanding of the fate and effects of contaminants in the environment and to produce 

ecologically relevant environmental quality guidelines. Work in this thesis has addressed 

several key issues and research needs in the global ecotoxicological community including the 

integration of multiple stressor data into DRR, improvements in CEC estimates, and two 

approaches to SSD which incorporate species variation through to the derivation of GV and a 

novel application of truncated distributions to derive GV. 

Antarctic data sets provided ideal examples with which to address some of these issues due to 

their unique characteristics, especially the delayed response times and high rates of control 

mortality observed in testing. To address research needs for better estimates in ecotoxicological 

assessments in single species toxicity tests, we developed a method to assess the effects of 

multiple stressors on EC/LCx estimates and looked at the use of three different CEC estimation 

methods for acute survival data from tests with multiple observation times collected over 

extended durations. 

The limited knowledge of the combined effects of multiple stressors on individuals, populations, 

and communities hinders the development of sound risk-assessment and management strategies 

(Stahl et al. 2013, Van den Brink et al. 2016, 2018). Multiple stressor experiments are 

particularly relevant in the context of climate change, and are increasingly used to understand 

how environmental variation alters the sensitivity of a species to a toxicant. The model outlined 

in Chapter 2 provides a consistent framework for quantifying the effects of multiple stressors 

on a species response to contaminant exposure, using EC/LCx values. The method has been 

standardized into a publicly available framework, which can be used to analyze concentration 

response experiments conducted under a factorial arrangement of stressor combinations. It has 

already been adopted and used in two studies to look at the effects of climate change in the 

subantarctic (Holan et al. 2019) (Appendix 3), and to assess the possible effects of deep sea 

mining in different marine environments (Mevenkamp et al. 2017). By providing a publicly 

available framework we have increased the utility of the model and provided a consistent output 

for risk assessment and guideline derivation frameworks used globally.  

While EC/LCx estimates are currently the most common CECs estimated from toxicity test data 

sets, their limitations are well recognized. As toxicity is a function of both exposure 
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concentration and duration, it is important to work toward the standardization of models and 

use of CECs that consider the effects of contaminants through time. The work presented in 

Chapter 3 shows that use of NECs as the standard for CECs is a reasonable step forward for 

time-independent guideline derivation. While computational complexity has limited the use of 

threshold-parameter models thus far, the ‘morse’ package to estimate the TKTD model, GUTS, 

and the segmented regression model (Pires model) in the already popular R package ‘drc’, are 

user friendly applications that can facilitate calculation of NECs from survival data.  

Further, the work in this thesis was the first to show that segmented regression provides an ideal 

approximation of the NEC threshold produced with TKTD methods, and that extended 

exposure durations can produce incipient LCx values comparable to no effect thresholds. As 

the use of NECs become standard, being able to use existing survival data to calculate a 

theoretically chronic and time-independent metric  reduces the need for further toxicity testing 

(Jager et al. 2006). Threshold-parameter models may also produce more preferable CEC 

estimates to include in SSDs for environmental quality guideline derivations, as recommended 

under the ANZG (2018) guideline framework.  

As it is important that work to improve ecotoxicological data analysis pays equal attention to 

SSDs, the focus is switched to improving SSD models in the second half of this thesis. In 

Chapters 4 and 5 we looked at the adaptation of Bayesian SSD methods to include CEC 

variation, and developed a novel Bayesian SSD model that focuses solely on the lower tail of 

the distribution, called a truncated SSD. 

In Chapter 4 we use simulated data to present a method that integrates the analysis of raw 

concentration response data, or CEC interval data into the SSD derivation process. In this way, 

the variation around individual CEC estimates is able to be included in SSDs. This work 

revealed that when ideal data are used to derive SSDs, the final PCx values differ little between 

the integrated Bayesian and the classical methods. What does differ is the likelihood that the 

confidence interval will contain the true PCx for the community.  

While the use of simulated data limited the ability to see the effect of using CEC variance in 

SSD estimation, the method is the initial step in producing a standardized framework to 

analyzing raw toxicity data within a SSD. The additional facilities to include interval data mean 

that a range of CEC types and values from external sources can be used, such as those found in 

the literature. Further, even though the PCx values did not differ greatly when CEC variation 

was included, there is the assurance that this uncertainty has at least been considered. 
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In practice, GV will never be estimated from ideal data and there is a need for a robust SSD 

approach that can overcome the common issues associated with CEC data estimates available 

for SSDs (Batley et al. 2014). 

To overcome the issues with SSD estimation when data fail to meet the assumptions of a chosen 

distribution, we presented three SSD approaches in Chapter 5, which build upon the model 

presented in the previous chapter. These methods focus on the lower tail of the distribution, 

where PCx values are estimated. First, we adapted the model in Chapter 3 to use a heavy tailed 

distribution, the t-distribution, which is capable of handling a few extremely sensitive species 

without the PCx values being biased toward those lower data points. The second method uses 

a truncated SSD, which fits the lower half of the SSD to all data below the median CEC, 

removing the influence of the most tolerant species on the PCx value. These models resulted in 

three new possible approaches for SSD estimation, the t-distribution, truncated t-distribution, 

and the truncated Normal distribution. From these approaches, we proposed the truncated t-

distribution to be the most robust at estimating PCx values. These distributions, along with the 

integrated Bayesian SSD approach using the Normal distribution, and the classical frequentist 

method were used to estimate PCx values under six different simulated data scenarios. These 

were built to reflect common issues observed in CEC data sets used in SSDs, such as the 

presence of extremely tolerant or extremely sensitive species, or when several species display 

similar, moderately tolerant responses. 

Across the six different distributional scenarios of data, the t-distribution and the truncated t-

distribution were the most likely to produce confidence intervals which contained the true PCx 

value taken from the distribution used to simulate the data, and they were the most likely to 

produce PC95 and PC90s estimates closest to the true PCx values. The truncated t-distribution 

was also the most likely to produce confidence intervals which contained the true PCx value. 

From the work in Chapter 5, we’ve produced a novel approach to SSDs that provides a 

consistently reliable estimation of PCx values without the need to consider the data used, or if 

taxa differ greatly in their sensitivity responses. 

The work in this thesis has presented methods to overcome key issues with ecotoxicological 

analysis used for GV derivation and addresses the usability of available methods. From this 

work, several themes have evolved around improvements to experimental design and 

considerations of analysis methods, which provide insight into future directions for research in 

this area.  
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6.2 Considerations for Toxicity Test Design and Data Analysis Methods 

Increased use of improved statistical analysis methods, such as those presented in this thesis, 

will require changes to guideline derivation documents and testing methods (van Dam et al. 

2012). Several suggestions for improvements to experimental design in standard toxicity tests 

arose from the work in Chapter 3 in which three dose-response modeling techniques were used 

to compare CEC estimates for Antarctic invertebrates.  

Current experimental design for single species toxicity tests typically use a geometric series of 

test concentrations, aimed to obtain responses ranging from 0 to 100%, with a minimum of two 

partial responses at a single time point at the end of the test (Jager 2014). When toxicity tests 

are conducted through time, there is a need to have high concentrations which elicit a quick 

response at short durations, as well as low concentrations which elicit a response at longer 

exposure durations. In Chapter 3, observation days were excluded in both NEC and LCx 

estimation when too little or too much mortality was recorded (Table 2). Further, when 

observation times were more than a couple days apart, the steep decline in survival that helps 

inform the CEC was often missed for the concentration (Figure 7). More test concentrations 

and more observations points through time would have increased the amount of useable data.  

Our recommendations fall in line with those for the segmented regression model in Pires et al. 

(2002), who recommended spacing concentrations evenly between zero to up to three to four 

times the expected NEC value, which can likely be approximated from previous experiments 

(e.g. LC10 or NOEC values), or from the response of a similar species. However, following the 

results of the work in this thesis, these recommendations would likely improve testing design 

regardless of the anticipated analysis method. 

An issue with increasing the number of concentrations, particularly with Antarctic species, is 

the often limited number of individuals available. However, the large number of replicates 

(generally >4) typically used per concentration in a toxicity test, is an design feature of 

hypothesis testing (van der Hoeven 2004). There is an increasing understanding that testing 

more concentrations with fewer replicates would improve experimental design (Ritz 2010). 

This is reiterated in Australian and New Zealand guidelines, which now recommend that 

approach and also suggest adding more concentrations at the lower end of the tested range 

(Batley et al. 2014). 

However, it can be argued, that when species are slow to respond, such the gastropods in 

Chapter 3, an emphasis on higher concentrations may improve the estimation of NEC values 
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(Figure 9), as would an increased number of observation points through time for the ostracod 

and copepod data.   

Toxicity test data for a region can be limited by species availability, time, and expense, 

especially for biota that are threatened or hard to obtain and culture (Wang et al. 2014). When 

access to a region is limited, such as the case for Antarctica, toxicity tests cannot always be 

easily repeated. This emphasizes the need to establish robust models that will produce 

reasonable CEC estimates with non-ideal data. Considering this in light of the test data used in 

Chapter 3, we recommend the use of the TKTD model GUTS to analyze survival data as it was 

the most robust to issues with CEC estimation. Further, the GUTS model is capable of 

producing NEC and LC50 values when data fail to meet the assumptions of constant exposure 

and partial mortality (Jager 2014). While the Pires model did provide a reasonable 

approximation of the TKTD NEC, and may be useful for the development of guidelines with 

existing data, it does so without providing any information about the mechanisms of toxicity, 

which may be of interest. Additionally, time-to-event models may be a valuable tool for slow-

responding Antarctic species. Future testing methodologies would need to consider the need 

for more precise time of death observations.  

If testing designs are lengthened to better assess the effects of toxicity through time, special 

consideration will need to be given to control mortality. Estimation of control mortality is 

already integrated into the DRR framework in ‘drc’ (Ritz and Streibig 2005) and we provided 

a similar framework in our multiple stressor model in Chapter 2. However, if NECs are desired, 

then consideration should be given to the choice of model if significant control mortality is 

present in the data. In the GUTS model, control mortality is estimated at a single rate that was 

difficult to fit when mortality increased sharply in later exposure durations (Figure 7C, D, E, 

and F). In contrast, the Pires model can fit different background survival, d, intercepts (Equation 

19) to each day and was able to incorporate the increasing control mortality with relative ease.  

Guideline frameworks require a minimum number of species in a SSD to assure ‘reliable’ 

guidelines, with some guideline frameworks additionally requiring the inclusion of a range of 

representative taxa, such as the use of fish, plants, and invertebrates (OECD 2006, CCME 2007, 

Batley et al. 2014). However, it is not always possible to obtain a sufficient number of CECs 

for representative taxa, especially for ecosystems with low biodiversity or difficult access to 

test organisms. Therefore, in such cases, we need to use models that can give the best CEC 
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estimates possible with limited data. Further, we need SSD approaches that can incorporate 

interval data from literature values into the SSD derivation process.  

Following our work in Chapter 3, we argue that the use of NEC or incipient LCx values can 

serve as a proxy measure of chronic toxicity. We propose their use as a proxy because NECs 

can be estimated using existing survival data, which eliminates the need for acute-to-chronic 

ratio conversions when data are incorporated into SSDs, and instead, provides a realistic 

measure of no effect. This is particularly advantageous as acute and chronic data are often 

combined in a SSD to meet minimum data requirements. However, it should be noted that 

guidance on the use of NECs has yet to be developed for Australian and New Zealand guidelines 

(Batley et al. 2014).  

The construction of a SSD when CEC estimates for less than eight species are available is an 

ongoing issue in GV derivation (Ciffroy et al. 2013, Batley et al. 2014). Ciffroy et al. (2013) 

found that basic Bayesian SSDs fit using a Normal distribution with a joint Gamma distribution 

were able to produce robust PC95 (HC5) estimates with fewer data than when frequentist 

methods were used. The use of simulated data with any SSD approach could reveal what 

distributions and models would be best at deriving PCx values with the highest coverage rates 

when only small data sets (i.e. <10 species) are available, as it is the case for Antarctic 

ecosystems. 

Further, to meet minimum requirements for many guideline frameworks, the framework for GV 

derivation may allow the use of data from the scientific literature. Following the criteria laid 

out in Batley et al. (2018), the use of data from the literature can even be valuable to GV 

derivation. The integrated Bayesian SSD models presented in Chapter 4 and 5 are capable of 

handling interval data from the literature, either as a range of values from repeated tests for the 

same species or a mean and variance estimate.  

As SSD are used globally, any approach developed must be able to serve the cultural and 

ecological purpose of any region (Boeckman and Layton 2017). We argue that in addition to 

global application, the development of SSD needs to assume a parsimonious approach to 

ecological relevancy that is user friendly to all. We believe that continued development of the 

truncated SSD using interval data will provide an approach to guideline derivation that will be 

robust to common issues of toxicity data sets observed worldwide. 
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6.3 Future Research Directions 

Through the successful development of a multiple stressor model, a study of CEC estimates 

with toxicity test data from lengthened exposure durations, and the development of two 

integrated Bayesian SSD models, several directions for future research have arisen.  

The multiple stressor model presented was developed for single species toxicity tests, but it is 

unclear how the information gained from the multiple stressor model can be incorporated into 

a SSD. If the multiple stressor experiment has been repeated for a sufficient number of species 

in the community, the measures of proportional change in the LCx estimates under the tested 

conditions may be useful to produce extrapolation factors for guideline values, or multiple GV 

for different conditions. This would allow for the derivation of GVs and accompanying 

adjustment factors that modify the guidelines to the characteristics of the environment (i.e. 

salinity, temperature, increased UV, etc.). 

A more tangible option would be to include the range of LCx values in our integrated Bayesian 

SSD as interval data. Another option is to use the lowest LCx value in the SSD, particularly 

with the truncated SSD if the stressor has a significant effect and produces a substantially lower 

LCx estimate. However, as the development of the integrated Bayesian SSD was tested with 

simulated data, more experience may be needed with the model before a decision can be made 

on how to handle the range of LCx values produced.  

Further, the analysis of multiple stressors integrated into threshold-parameter models to 

estimate NECs may produce a similar value of proportional change but would do so in the 

context of a no effect threshold. With TKTD methods, a multiple stressor model may also reveal 

how the physical response changes by investigating changes in the non-threshold TKTD 

parameters. 

The use of multi-compartment TKTD methods, such as DEBtox, also have the potential to 

reveal information behind the mechanisms causing the delayed response of Antarctic species. 

In most cases little is known about the biology of tested species, as the process of obtaining and 

culturing biota is difficult and costly and test endpoints are mostly limited to survival and some 

behaviors (King and Riddle 2001, Payne et al. 2014, Sfiligoj et al. 2015, Alexander et al. 2016, 

Brown et al. 2017). Investigating the mechanisms that lead to toxicity would also improve our 

understanding of the metabolic processes, lifecycles, growth and fecundity of biota. Until we 

know more about the biology of Antarctic and subantarctic species and the internal mechanisms 
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that lead to toxicity, we are limited in the information we can use for risk assessments in the 

region. 

The use of TKTD methods, for any region, also allows for extrapolation of effects across 

biological levels of organization including the extrapolation of individual based effects to 

population level consequences. Assessing the risk of contaminants with population models is 

an up and coming approach to ecotoxicology (Forbes and Calow 2015, Forbes et al. 2016, 

Schmolke et al. 2017), with the few studies published showing promise in their application and 

use (Salice and Miller 2003, Gergs et al. 2016, Schmolke et al. 2017, Thursby et al. 2018). The 

use of population models for the subantarctic and Antarctic has a high potential for 

understanding and managing the risks of human impacts particularly in the context of climate 

change. 

As control mortality limits our ability to separate natural mortality from toxicant induced 

mortality, it is important to have CEC estimation methods which can account for mortality in 

the control treatments. This is especially true for species that are sensitive to laboratory 

conditions, such as those found in the Antarctic. One consistent issue with CEC estimation for 

the TKTD method is the handling of control mortality. In Chapter 3 we saw that the estimation 

of control mortality through time of a single rate limited the fit of the hb parameter (Equation 

14, Figure 7). Development of TKTD methods with a variable rate of control mortality would 

improve the parameter estimates for slow responding species, such as those in the Antarctic. 

In Chapters 4 and 5 when integrating the DRR model into the construction of the SSD, we 

ignored the estimation of control mortality to limit computational complexity and to simplify 

the simulation of data. Future work with the integrated SSD approach would benefit from 

including of estimates of control mortality within the model, otherwise the use of real data with 

control mortality would need to be adjusted using Abbott’s correction (Hoekstra 1987). 

Future work with the integrated Bayesian SSD and truncated SSD models using real data, 

including scenarios of small data sets, a mix of literature and locally derived values, and 

problematic data sets would reveal more about the performance and robustness of the method.  

The use of coverage rates to examine the performance of SSD methods also warrants further 

investigation. The coverage rates were low for some distributions or data scenarios, despite the 

confidence interval containing a median PCx near to the true value (Chapters 4 and 5). 

Additionally, it is often the 50% confidence interval that is used for PCx estimates (Aldenberg 

and Slob 1993, Warne et al. 2013). Coverage of the true PCx values would likely be reduced if 
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50% confidence intervals were used when constructing SSD with the data scenarios presented 

in both chapters. Ultimately, if the aim of guidelines is to get a PCx estimate as close to the true 

value as possible than consideration of confidence interval with real data and the coverage rate 

with simulated data is necessary when constructing SSDs, as it can adjust our belief about the 

accuracy of the GV in relation to the characteristics of data set.  

To make the integrated and truncated Bayesian SSDs available to researchers, the approach 

would need to be packaged in a user-friendly format, similar to the multi-stressor model. Further 

research could also explore the implementation of the approaches presented in Chapters 4 and 

5 with a wider range of distributions, such as the Weibull, Burr, and log-logistic (Hickey and 

Craig 2012, Batley et al. 2014).  

6.4 Closing Remarks 

Improvements in statistical analysis methods for ecotoxicological data not only enhance our 

understanding of the fate and effects of contaminants in the environment, they also help provide 

better information for the regulation and management of contaminants.  

Use of Antarctic data created a unique case study for the development of the multiple stressor 

model. This integrated method not only met the needs for research in the subantarctic region 

but also provided a standardized method that is applicable to the analysis of any multiple 

stressor toxicity test.  

Extended exposure durations and the multiple observation times used in toxicity tests with 

Antarctic biota provided a unique opportunity to investigate the use of threshold-parameters 

models and the ease of their application. Using Antarctic data revealed that lengthened acute 

survival tests can produce incipient LCx values which are comparable to NEC estimates.  

Using simulated data to explore the proposed integrated Bayesian SSD and the truncated SSD, 

we were able to examine how robust the methods can be, at accurately estimating PCx values. 

By knowing the “true” PCx for the community (via the simulation) we were able to provide 

strong evidence that the truncated SSD with the t-distribution (half t) was a robust estimator for 

data which fails to meet the distributional assumptions.  

The research conducted within this thesis is a considerable contribution to important 

improvements in the statistical modeling tools used in ecotoxicology. Development of 

statistical methods for ecotoxicology must consider their availability to its audience in the 

government, industry, and research sectors. By addressing issues in ecotoxicological analysis 
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in the context of ecological relevancy and user availability we have made substantial 

improvements for development of guidelines for environmental protection worldwide.   
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Appendix 4: Supporting Information for Chapter 3 

Supplementary Information: Given time, it all comes out in the wash: A comparison of 
NEC and LCx estimates for copper in four Antarctic marine invertebrates 

Abigael H. Proctor*, Catherine K. King, and Simon J. Wotherspoon 

 Collection of Tests Species 

The amphipods, Orchomenella pinguides, were collected with invert traps through sea ice off 

shore from Davis station in Prydz Bay, Antarctica. The benthic harpactacoid copepod, 

Paralabidocera antarctica, samples were taken by plankton tow, off shore from Davis station, 

in Prydz Bay, Antarctica in 2012/13, where testing was also conducted. The microgastropods, 

Skenella paludionoides were collected using dip nets of approx. 1-3 m, from macrophytes on 

nearshore rocky habitats in the Windmill Islands near Casey station, Antarctica in 2006. The 

ostracod, Bradleya antarctica, were collected from near shore environments at Casey Station, 

East Antarctica. Both the microgastropods and the ostracods were collected during the 2006/7 

field season and transported to culturing facilities at the Australian Antarctic Division in 

Tasmania, where tests were conducted and 2007. 

 General Toxicity Test Methods 

For all species, tests were completed with filtered sea water (FSW) with a salinity of 34 ± 1 ppt 

and stored in a constant temperature cabinet (CTC) set at 0 ±1 °C, with a pH of 7.99-8.05, and 

dissolved oxygen of 90%. The test containers were covered with a lid to avoid evaporation. 

Metal concentrations in test solutions were analyzed using an ICP-AES,OES or ICPMS. Stock 

solutions were prepared in high-density 250 mL polyethylene NALGENE screw cap bottles 

using Milli Q water and the metal salts CuSO4. Test exposure solutions were prepared by 

diluting metal stock solutions with FSW. 

 Toxicity Test methods for each species: 

For the amphipods, testing was done with water renewals every three days, the details of the 

tests can be found in 1. Tested copper concentrations ranged from 82 to 775 µg/L and an average 

of each concentration was used in this work as values differed little between renewals and 

constant exposure can be assumed. Each replicate contained 10 adult O. pinguides exposed to 

200 mL of test solution in capped 250 mL polypropylene containers. A small square of acid 

washed, plastic mesh (6 x 4 cm) was added to each container to provide a habitat for amphipods 
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to cling to. Granulated fish pellets (Granumarin, Sera) were dispensed to each replicate ~ 18 h 

before each water change. Mortality observations also coincided with water changes and water 

sampling on days 3, 6, 9, 12, 15, 18, 21, 24, 27 and 30.  

For the copepods, tests were conducted for 14 days, with water renewals on day 5. Nominal 

copper concentrations ranging from 12.5 to 75 µg Cu/l were prepared using FSW and then 

stored refrigerated in 250 mL high-density polyethylene bottles. Tests were completed in 70ml 

plastic vials that contained 50 ml of the stock solutions. The test containers were covered with 

a lid to avoid evaporation. Each treatment had 4 replicates and controls, with ten individuals in 

each replicate. No additional air, food or water was provided over the test period. The test 

solutions were sampled to use for analysis, they were filtered through a 0.22um Millipore 

syringe filter and acidified with 1% ultra-pure HNO3. The samples were taken at 0 days, at the 

5 day pre water change, the 5 day post water change and the final day.  

For the microgastropods tests were then run on 21 d old young-adults. Tests were run for 12 w 

with observations taken on days 2, 4, 7 and then weekly thereafter. Water changes occurred 

weekly. Only data until week 7 was used in the study as the control mortality remained 

negligible until this time. Nominal test concentrations ranged up to 2000 µg Cu/L. Tests were 

conducted in 70 mL plastic vials (acid washed with HNO3), containing 50 mL of test solution. 

Each test concentration included four replicates (or five for controls), with up to 15 gastropods 

randomly added to each test vial. 

For the ostracods, individuals were exposed for 10 weeks, the test animals were exposed to 

metals in non-renewable static tests in vials containing 50 mL of the test solution. Nominal 

concentrations ranged up to 1000 µg Cu/L Test solutions were renewed in weekly water 

changes. Ten test animals were introduced into each of 3 to 5 replicate vials per treatment at 

test commencement, and were exposed for 10 weeks during which periodic observations were 

made. 
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 Supplementary Results and Model outputs 

Plotted Data by day and concentration 

Figure A 1. Concentration-response data plotted by day and concentration for four Antarctic species in 
response to copper. 

A4.4.1. DRR 

Using the drc package, we first looked at the likelihood values for 2-parameter Weibull 
fct=W1.2() and Log-logistic models fct=LL.2(). We then calculated LC5,10, and 50 
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values for each species for as many days as was possible (See main text). Here the log-logistic 
model results and LCx values and standard error for each species, as well as the plotted dose-
response curve for each day. 

Amphipod 
anova(W12, LL2) 

##  
## 1st model 
##  fct:     W1.2() 
## 2nd model 
##  fct:     LL.2() 

## ANOVA-like table 
##  
##           ModelDf  Loglik Df LR value p value 
## 1st model       5 -66.102                     
## 2nd model       5 -69.535  0   6.8657       0 

summary(LL2) 

##  
## Model fitted: Log-logistic (ED50 as parameter) with lower limit at 0 and
 upper limit at 1 (2 parms) 
##  
## Parameter estimates: 
##  
##                Estimate Std. Error t-value   p-value     
## b:(Intercept)  -2.37337    0.28786 -8.2448 < 2.2e-16 *** 
## e:15          137.38548   12.92792 10.6270 < 2.2e-16 *** 
## e:18           66.28707    8.46166  7.8338 4.698e-15 *** 
## e:24           49.82601    8.01991  6.2128 5.205e-10 *** 
## e:27           35.44714    7.78853  4.5512 5.334e-06 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Figure A 2. DRR curve fits for Amphipods for days 15, 18, 24, 27 
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Estimated effect doses of Amphipods, read with e:day:x% in the first column. 

## 
## Estimated effective doses 
## 
## Estimate Std. Error    Lower    Upper 
## e:15:5   39.7328     7.4935  25.0458  54.4198 
## e:15:10  54.4351     8.5208  37.7347  71.1355 
## e:15:50 137.3855    12.9279 112.0472 162.7237 
## e:18:5   19.1707     4.5711  10.2114  28.1299 
## e:18:10  26.2644     5.4002  15.6803  36.8485 
## e:18:50  66.2871     8.4617  49.7025  82.8716 
## e:24:5   14.4100     3.9401   6.6876  22.1324 
## e:24:10  19.7421     4.7577  10.4172  29.0670 
## e:24:50  49.8260     8.0199  34.1073  65.5447 
## e:27:5   10.2515     3.3733   3.6399  16.8632 
## e:27:10  14.0449     4.1845   5.8435  22.2463 
## e:27:50  35.4471     7.7885  20.1819  50.7124 

Copepods 
## 
## 1st model 
##  fct:     W1.2() 
## 2nd model 
##  fct:     LL.2()

## ANOVA-like table 
## 
## ModelDf  Loglik Df LR value p value 
## 1st model       6 -695.84
## 2nd model       6 -684.06  0   23.553       0 

## 
## Model fitted: Log-logistic (ED50 as parameter) with lower limit at 0 and
 upper limit at 1 (2 parms) 
## 
## Parameter estimates: 
## 
## Estimate Std. Error  t-value   p-value
## b:(Intercept) -2.51574    0.17881 -14.0695 < 2.2e-16 *** 
## e:7 19.54819    1.77069  11.0399 < 2.2e-16 *** 
## e:8 16.89087    1.57128  10.7497 < 2.2e-16 *** 
## e:9           15.82859    1.49019  10.6219 < 2.2e-16 *** 
## e:10 13.21056    1.28577  10.2745 < 2.2e-16 *** 
## e:14 7.84306    0.89531   8.7602 < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
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Figure A 3.. DRR curve fits for Copepods for days 7, 8, 9, 10, 14 

 

Estimated effect doses of copepods, read with e:day:x in the first column. 

lcxc<-ED(LL2, c(5,10,50), interval="delta") #calculates LC5,10 and 50 estim
ates 

##  
## Estimated effective doses 
##  
##         Estimate Std. Error    Lower    Upper 
## e:7:5    6.06466    0.78836  4.51949  7.60982 
## e:7:10   8.16203    0.94418  6.31148 10.01258 
## e:7:50  19.54819    1.77069 16.07770 23.01867 
## e:8:5    5.24025    0.69479  3.87848  6.60201 
## e:8:10   7.05251    0.83458  5.41677  8.68826 
## e:8:50  16.89087    1.57128 13.81121 19.97053 
## e:9:5    4.91068    0.65666  3.62366  6.19770 
## e:9:10   6.60897    0.78982  5.06095  8.15700 
## e:9:50  15.82859    1.49019 12.90787 18.74930 
## e:10:5   4.09846    0.56155  2.99785  5.19907 
## e:10:10  5.51586    0.67785  4.18729  6.84442 
## e:10:50 13.21056    1.28577 10.69050 15.73061 
## e:14:5   2.43324    0.38243  1.68370  3.18278 
## e:14:10  3.27474    0.46806  2.35735  4.19213 
## e:14:50  7.84306    0.89531  6.08828  9.59783 

Gastropods 
##  
## 1st model 
##  fct:     W1.2() 
## 2nd model 
##  fct:     LL.2() 
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## ANOVA-like table 
## 
## ModelDf  Loglik Df LR value p value 
## 1st model       5 -356.25
## 2nd model       5 -327.42  0   57.668       0 

## 
## Model fitted: Log-logistic (ED50 as parameter) with lower limit at 0 and
 upper limit at 1 (2 parms) 
## 
## Parameter estimates: 
## 
## Estimate Std. Error t-value   p-value    
## b:(Intercept)   -1.69973    0.18636 -9.1209 < 2.2e-16 *** 
## e:21 2140.13639  396.51137  5.3974 6.761e-08 *** 
## e:28 2140.13639  396.51137  5.3974 6.761e-08 *** 
## e:35 134.05986   19.10153  7.0183 2.246e-12 *** 
## e:42 92.73286   14.90658  6.2209 4.942e-10 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Figure A 4. DRR curve fits for gastropods for days 21, 28, 35, 42 

lcxg<-ED(LL2, c(5,10,50), interval="delta") #calulcates LC5,10 and 50 estim
ates 

## 
## Estimated effective doses 
## 
## Estimate Std. Error     Lower     Upper 
## e:21:5   378.5412    69.2038  242.9042  514.1783 
## e:21:10  587.5335    96.2203  398.9451  776.1218 
## e:21:50 2140.1364   396.5114 1362.9884 2917.2844 
## e:28:5   378.5412    69.2038  242.9042  514.1783 
## e:28:10  587.5335    96.2203  398.9451  776.1218 
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## e:28:50 2140.1364   396.5114 1362.9884 2917.2844 
## e:35:5    23.7121     6.4505   11.0695   36.3548 
## e:35:10   36.8036     8.5161   20.1123   53.4948 
## e:35:50  134.0599    19.1015   96.6215  171.4982 
## e:42:5    16.4023     4.8200    6.9553   25.8494 
## e:42:10   25.4580     6.4488   12.8186   38.0974 
## e:42:50   92.7329    14.9066   63.5165  121.9492 

Ostracods 
##  
## 1st model 
##  fct:     W1.2() 
## 2nd model 
##  fct:     LL.2() 

## ANOVA-like table 
##  
##           ModelDf  Loglik Df LR value p value 
## 1st model       6 -292.92                     
## 2nd model       6 -246.40  0   93.052       0 

##  
## Model fitted: Log-logistic (ED50 as parameter) with lower limit at 0 and
 upper limit at 1 (2 parms) 
##  
## Parameter estimates: 
##  
##                 Estimate Std. Error t-value   p-value     
## b:(Intercept)   -2.75090    0.17709 -15.534 < 2.2e-16 *** 
## e:10          1058.13040   92.00199  11.501 < 2.2e-16 *** 
## e:14           540.92206   40.24298  13.441 < 2.2e-16 *** 
## e:21           299.60172   23.46599  12.768 < 2.2e-16 *** 
## e:28           219.62217   17.61697  12.466 < 2.2e-16 *** 
## e:35           180.42388   14.67858  12.292 < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
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Figure A 5. DRR curve fits for Ostrocods for days 10, 14, 21, 28, 35 

 

lcxg<-ED(LL2, c(5,10,50), interval="delta") #calulcates LC5,10 and 50 estim
ates 

##  
## Estimated effective doses 
##  
##          Estimate Std. Error     Lower     Upper 
## e:10:5   362.8186    34.6371  294.9311  430.7061 
## e:10:10  476.0527    42.0988  393.5407  558.5648 
## e:10:50 1058.1304    92.0020  877.8098 1238.4510 
## e:14:5   185.4748    18.8010  148.6256  222.3241 
## e:14:10  243.3608    22.0011  200.2394  286.4822 
## e:14:50  540.9221    40.2430  462.0473  619.7968 
## e:21:5   102.7294    10.9934   81.1827  124.2761 
## e:21:10  134.7908    12.9310  109.4464  160.1352 
## e:21:50  299.6017    23.4660  253.6092  345.5942 
## e:28:5    75.3055     8.1862   59.2609   91.3501 
## e:28:10   98.8080     9.6569   79.8808  117.7352 
## e:28:50  219.6222    17.6170  185.0936  254.1508 
## e:35:5    61.8649     6.8152   48.5073   75.2225 
## e:35:10   81.1727     8.0507   65.3936   96.9518 
## e:35:50  180.4239    14.6786  151.6544  209.1934 

A4.4.2. Pires Model with ‘drc’ 

Fit the Pires model, allowing parameters b and d to vary with time, with holding e (the NEC) 

fixed across days. Using the drm(type= 'binomial', fct=NEC.3()) with drc package. 

Found below for each species, the Parameter estimates for b and d for each day can be found. 

 Amphipod 
##  
## Model fitted: NEC with lower limit at 0 (3 parms) 
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## 
## Parameter estimates: 
## 
## Estimate Std. Error  t-value   p-value
## b:Dayf3       2.8886e-04 2.5463e-04   1.1344   0.25661    
## b:Dayf6       6.2707e-04 2.9998e-04   2.0904   0.03658 *
## b:Dayf9       1.2641e-03 1.1362e-04  11.1254 < 2.2e-16 *** 
## b:Dayf12      2.6153e-03 3.0635e-04   8.5371 < 2.2e-16 *** 
## b:Dayf15      5.5608e-03 7.5168e-04   7.3978 1.385e-13 *** 
## b:Dayf18      1.3091e-02 2.1593e-03   6.0628 1.338e-09 *** 
## b:Dayf21      1.6249e-02 2.8112e-03   5.7800 7.471e-09 *** 
## b:Dayf24      1.8090e-02 3.2558e-03   5.5563 2.755e-08 *** 
## b:Dayf27      2.7793e-02 6.0025e-03   4.6302 3.652e-06 *** 
## b:Dayf30      2.7793e-02 6.0025e-03   4.6302 3.652e-06 *** 
## d:Dayf3       1.0000e+00 7.2540e-03 137.8543 < 2.2e-16 *** 
## d:Dayf6       1.0000e+00 7.1201e-03 140.4473 < 2.2e-16 *** 
## d:Dayf9       1.0000e+00 7.0565e-03 141.7123 < 2.2e-16 *** 
## d:Dayf12      1.0000e+00 7.0570e-03 141.7042 < 2.2e-16 *** 
## d:Dayf15      1.0000e+00 7.0615e-03 141.6122 < 2.2e-16 *** 
## d:Dayf18      1.0000e+00 7.0675e-03 141.4917 < 2.2e-16 *** 
## d:Dayf21      1.0000e+00 7.0679e-03 141.4848 < 2.2e-16 *** 
## d:Dayf24      1.0000e+00 7.0678e-03 141.4878 < 2.2e-16 *** 
## d:Dayf27      1.0000e+00 7.0675e-03 141.4923 < 2.2e-16 *** 
## d:Dayf30      1.0000e+00 7.0675e-03 141.4923 < 2.2e-16 *** 
## e:(Intercept) 1.2457e+01 1.1999e+01   1.0382   0.29916    
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Copepods 
## 
## Model fitted: NEC with lower limit at 0 (3 parms) 
## 
## Parameter estimates: 
## 
##        Estimate Std. Error t-value   p-value    
## b:Dayf5 0.0530938  0.0080456  6.5991 4.137e-11 *** 
## b:Dayf6 0.0833543  0.0143667  5.8019 6.557e-09 *** 
## b:Dayf7 0.1139537  0.0231572  4.9209 8.616e-07 *** 
## b:Dayf8 0.1582794  0.0407649  3.8827 0.0001033 *** 
## b:Dayf9 0.1802358  0.0501169  3.5963 0.0003228 *** 
## b:Dayf10       0.2873801  0.0902000  3.1860 0.0014424 ** 
## b:Dayf14       0.6238888  0.2014820  3.0965 0.0019582 ** 
## d:Dayf5 0.9372408  0.0223098 42.0103 < 2.2e-16 *** 
## d:Dayf6 0.9237473  0.0240454 38.4169 < 2.2e-16 *** 
## d:Dayf7 0.9170697  0.0248708 36.8733 < 2.2e-16 *** 
## d:Dayf8 0.8855883  0.0285887 30.9768 < 2.2e-16 *** 
## d:Dayf9 0.8768436  0.0296343 29.5888 < 2.2e-16 *** 
## d:Dayf10       0.8586627  0.0317480 27.0462 < 2.2e-16 *** 
## d:Dayf14       0.7072547  0.0416083 16.9979 < 2.2e-16 *** 
## e:(Intercept) 18.5692192  0.7537931 24.6344 < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Gastropods 
## 
## Model fitted: NEC with lower limit at 0 (3 parms) 
## 
## Parameter estimates: 
## 
## Estimate Std. Error t-value   p-value    
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## b:Dayf35       0.0091792  0.0017773  5.1649 2.406e-07 *** 
## b:Dayf42       0.0146707  0.0034182  4.2919 1.771e-05 *** 
## d:Dayf35       0.8933907  0.0458991 19.4642 < 2.2e-16 *** 
## d:Dayf42       0.8248252  0.0664031 12.4215 < 2.2e-16 *** 
## e:(Intercept) 78.8847998  7.5009621 10.5166 < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

Ostracod 
##  
## Model fitted: NEC with lower limit at 0 (3 parms) 
##  
## Parameter estimates: 
##  
##                 Estimate Std. Error t-value   p-value     
## b:Dayf14      1.6309e-03 1.7483e-04  9.3287 < 2.2e-16 *** 
## b:Dayf21      4.2797e-03 5.4812e-04  7.8079 5.794e-15 *** 
## b:Dayf28      7.8151e-03 1.2735e-03  6.1367 8.426e-10 *** 
## b:Dayf35      1.1730e-02 2.2189e-03  5.2866 1.246e-07 *** 
## d:Dayf14      9.7621e-01 1.5841e-02 61.6240 < 2.2e-16 *** 
## d:Dayf21      9.7664e-01 1.6087e-02 60.7092 < 2.2e-16 *** 
## d:Dayf28      9.7560e-01 1.6923e-02 57.6505 < 2.2e-16 *** 
## d:Dayf35      9.7367e-01 1.8300e-02 53.2052 < 2.2e-16 *** 
## e:(Intercept) 1.2766e+02 9.9225e+00 12.8661 < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

A4.4.3. ‘GUTS’  

The GUTS package was used to model the GUTS-proper model for the four antarctic species. 

This package does MCMC sampling with the adaptMCMC package. Code for this package can 

be found at https://www.ecotoxmodels.org/guts/. 

This section shows the code used to establish priors, the results from MCM sampling, Gelman 

statistics, pair plots for parameters, for each species. 

Amphipods 

Define the log prior for Amphipods 

Prior Par 1 (hb) Par 2 (kr) Par 3 kk Par4  (z or 

m in 

figures 

below 

Par5 sd 

Values .01<Par 1< ∞ .15<Par 2< ∞ .01<Par 3< ∞ undefined 5< Par 5 <  ∞ 

Table A 1. Priors for GUTS- IT model with 'GUTS' package with amphipod data 

logprior <- function( par ) { 
  logp <- if(par[3] > 0.02 || par[2] > 0.15 || par[1]> 0.01 ||par[5] >5) -I
nf else 0 

https://www.ecotoxmodels.org/guts/


145 

  logp 
} 

MCMC mixing and Gelman Stats for Amphipods for GUTS-proper model parameters 

MCMC burn in was 1000 for Amphipods  
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Figure A 6. Mixing and density results for ‘GUTS’ parameter estimate, for Amphipods 
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Figure A 7. Gelman Statistics for 'GUTS' parameter estimates, Amphipods 

Output for Output for parameter estimates, mean and quantiles 
## 
## Iterations = 10000:40000 
## Thinning interval = 1 
## Number of chains = 4 
## Sample size per chain = 30001 
## 
## 1. Empirical mean and standard deviation for each variable, 
##    plus standard error of the mean: 
## 
##  Mean SD  Naive SE Time-series SE 
## hb 0.0007421 0.0007156 2.066e-06      2.083e-05 
## kr 0.0120180 0.0069442 2.005e-05      4.648e-04 
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## kk 0.0069271 0.0043349 1.251e-05      5.584e-04 
## m  3.0701540 2.3323842 6.733e-03      6.720e-02 
## sd 1.6635328 1.3566928 3.916e-03      2.401e-02 
##  
## 2. Quantiles for each variable: 
##  
##         2.5%       25%      50%      75%    97.5% 
## hb 1.838e-05 0.0002172 0.000527 0.001042 0.002648 
## kr 3.052e-03 0.0063078 0.010608 0.016335 0.028065 
## kk 2.204e-03 0.0036664 0.005470 0.008807 0.017895 
## m  1.758e-01 1.3066655 2.507889 4.285732 8.990755 
## sd 5.444e-02 0.5210255 1.287966 2.560049 4.686295 

Pair plots for GUTS parameters for Amphipod 

 

Figure A 8. Correlation plot for ‘GUTS’ parameters, Amphipods. Density of joint distribution plotted 
with red lines. 

 

Copepod 

Log prior for copepods 

Prior Par 1 (hb) Par 2 (kr) Par 3 kk Par4   (z or 

m in 

figures 

below) 

Par5 sd 
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Values .01<Par 1< ∞ .2<Par 2< ∞ .01<Par 1< ∞ undefined 2< Par 5 <  ∞ 

Table A 2. Priors for GUTS- IT model with 'GUTS' package with copepod data 

logprior <- function( par ) { 
  logp <-if(par[1]>.01 || par[3] > 0.1 || par[2]>.2|| par[5]> 2 
    ) -Inf else 0 
  logp 
} 
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MCMC mixing and Gelman Stats for copepods for GUTS-proper model parameters 

 

Figure A 9. Mixing of results and densities for the parameters from the 'GUTS' mode for Copepods 
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Figure A 10. Copepod Gelman statistics for 'GUTS' results for Copepods 

Output for parameter estimates, mean and quantiles 

Burn in was 20000 for copepods 

## 
## Iterations = 20000:40000 
## Thinning interval = 1 
## Number of chains = 4 
## Sample size per chain = 20001 
## 
## 1. Empirical mean and standard deviation for each variable, 
##    plus standard error of the mean: 
## 
## Mean SD  Naive SE Time-series SE 
## hb 0.0007501 0.0007412 2.621e-06      2.647e-05 
## kr 0.0111890 0.0070093 2.478e-05      7.579e-04 
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## kk 0.0077376 0.0048311 1.708e-05      7.846e-04 
## m  2.8416175 2.2904642 8.098e-03      8.630e-02 
## sd 1.6949340 1.3912925 4.919e-03      3.025e-02 
##  
## 2. Quantiles for each variable: 
##  
##         2.5%       25%       50%      75%    97.5% 
## hb 1.983e-05 0.0002105 0.0005226 0.001047 0.002765 
## kr 2.940e-03 0.0050312 0.0096620 0.015739 0.027214 
## kk 2.265e-03 0.0037781 0.0059870 0.011428 0.018384 
## m  1.542e-01 1.1284004 2.1902935 3.964986 8.766460 
## sd 5.584e-02 0.5046106 1.2990640 2.671730 4.713402 

Pair plots for GUTS parameters for copepod 

 

Figure A 11. Correlation plot for Copepod ‘GUTS’ parameters. Density of joint distribution plotted with 
red lines. 

. 

 

Gastropod 

Define the log prior 
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Prior Par 1 (hb) Par 2 (kr) Par 3 kk Par4 m (z 

or m in 

figures 

below) 

Par5 sd 

Values undefined undefined .06<Par 3< ∞ 1000 < Par 

4 

20< Par 5 <  ∞ 

Table A 3. Priors for GUTS- IT model with 'GUTS' package with gastropod data 

logprior <- function( par ) { 
  logp <- if(par[3] > 0.6 || par[4]> 1000 || par[5]> 20 ) -Inf else 0 

  logp 
} 
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MCMC mixing and Gelman Stats for gastropods for ‘GUTS’ model parameters 

Figure A 12. Mixing of results and densities for the parameters from the 'GUTS' 
mode for Gastropods 
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Figure A 13. Gastropod Gelman stats for Gastropods 

 

Output for parameter estimates, mean and quantiles 

Burn-in for gastropods was 10000 

##  
## Iterations = 20000:40000 
## Thinning interval = 1  
## Number of chains = 4  
## Sample size per chain = 20001  
##  
## 1. Empirical mean and standard deviation for each variable, 
##    plus standard error of the mean: 
##  
##         Mean        SD  Naive SE Time-series SE 
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## hb 0.0007501 0.0007412 2.621e-06      2.647e-05 
## kr 0.0111890 0.0070093 2.478e-05      7.579e-04 
## kk 0.0077376 0.0048311 1.708e-05      7.846e-04 
## m  2.8416175 2.2904642 8.098e-03      8.630e-02 
## sd 1.6949340 1.3912925 4.919e-03      3.025e-02 
## 
## 2. Quantiles for each variable: 
## 
## 2.5%       25%       50%      75%    97.5% 
## hb 1.983e-05 0.0002105 0.0005226 0.001047 0.002765 
## kr 2.940e-03 0.0050312 0.0096620 0.015739 0.027214 
## kk 2.265e-03 0.0037781 0.0059870 0.011428 0.018384 
## m  1.542e-01 1.1284004 2.1902935 3.964986 8.766460 
## sd 5.584e-02 0.5046106 1.2990640 2.671730 4.713402 

Pair plots for GUTS parameters for gastropod 

Figure A 14. Gastropod. Correlation plot for ‘GUTS’ parameters. Density of joint distribution plotted 
with red lines 

Ostracod 

Define the log prior 
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Table A 4. Priors for GUTS- IT model with 'GUTS' package with ostracod data 

 

logprior <- function( par ) { 
  logp <- if(par[3] > 0.01 ||par[5] >20) -Inf else 0 
} 

Prior Par 1 (hb) Par 2 (kr) Par 3 kk Par4 m (z 

or m in 

figures 

below) 

Par5 sd 

Values undefined undefined .01<Par 1< ∞ undefined 20< Par 5 <  ∞ 
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MCMC mixing and Gelman Stats for Ostracods for ‘GUTS’ model parameters 

 

Figure A 15. Mixing of results and densities for the parameters from the 'GUTS' 
mode for ostracods 
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Figure A 16. Gelman stat plot for ostracod parameter results for ‘GUTS’.  

 

Mean Parameter Estimates for ostracods and quantiles 

Burn-in was 5000 

##  
## Iterations = 5000:90000 
## Thinning interval = 1  
## Number of chains = 4  
## Sample size per chain = 85001  
##  
## 1. Empirical mean and standard deviation for each variable, 
##    plus standard error of the mean: 
##  
##         Mean        SD  Naive SE Time-series SE 
## hb 8.283e-04 1.391e-04 2.386e-07      1.240e-06 
## kr 2.285e-02 8.417e-03 1.443e-05      4.666e-04 
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## kk 2.010e-03 1.609e-03 2.759e-06      1.570e-04 
## m  5.238e+01 1.546e+01 2.651e-02      5.480e-01 
## sd 1.189e+01 5.738e+00 9.840e-03      1.084e-01 
##  
## 2. Quantiles for each variable: 
##  
##         2.5%       25%       50%       75%     97.5% 
## hb 4.848e-04 7.503e-04 8.626e-04  0.000939  0.000994 
## kr 6.736e-03 1.702e-02 2.364e-02  0.028986  0.037934 
## kk 1.014e-03 1.154e-03 1.384e-03  0.001966  0.007416 
## m  2.314e+01 4.153e+01 5.277e+01 63.149225 82.349174 
## sd 7.532e-01 7.425e+00 1.294e+01 16.884277 19.721648 

Pair Plots for GUTS parameter estimates, Ostracods 

 

Figure A 17. Correlation plot for ‘GUTS’ parameters for Ostracods. Density of joint distribution plotted 
with red lines 

A4.4.4. ‘morse’ 

Using the morse package to model the GUTs-SD model, here are the priors as defined by morse, 

the parameter estimates, MCMC results, and post-posterior checks for each of the four Antarctic 

species. Additionally, there are the final model results for the ‘morse’ package in fitting the 

GUTS-SD model to establish NECS  

These are the prior established and final model results for the ‘morse’ package in fitting the 

GUTS-SD model to establish NECS  
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Amphipods ‘morse’ parameter results 
##      median               Q2.5              Q97.5           
##  Min.   : 0.000251   Min.   :0.000010   Min.   : 0.001881   
##  1st Qu.: 0.001337   1st Qu.:0.000805   1st Qu.: 0.002678   
##  Median : 0.023517   Median :0.012924   Median : 0.040365   
##  Mean   : 4.185805   Mean   :2.375765   Mean   : 6.632179   
##  3rd Qu.: 4.207985   3rd Qu.:2.387885   3rd Qu.: 6.669866   
##  Max.   :16.695937   Max.   :9.477201   Max.   :26.446106 

Copepods ‘morse’ parameter results 
##      median              Q2.5             Q97.5          
##  Min.   : 0.02755   Min.   :0.01487   Min.   : 0.03647   
##  1st Qu.: 0.06552   1st Qu.:0.02723   1st Qu.: 0.11282   
##  Median : 0.09512   Median :0.04882   Median : 0.15336   
##  Mean   : 2.81665   Mean   :1.09394   Mean   : 3.66412   
##  3rd Qu.: 2.84625   3rd Qu.:1.11553   3rd Qu.: 3.70466   
##  Max.   :11.04881   Max.   :4.26326   Max.   :14.31332 

Gastropods ‘morse’ parameter results 
##      median               Q2.5              Q97.5          
##  Min.   : 0.000526   Min.   :0.000228   Min.   :  0.0203   
##  1st Qu.: 0.003096   1st Qu.:0.001051   1st Qu.:  0.0338   
##  Median : 0.006953   Median :0.002705   Median :  0.4795   
##  Mean   : 5.182834   Mean   :2.085513   Mean   :227.4601   
##  3rd Qu.: 5.186691   3rd Qu.:2.087166   3rd Qu.:227.9058   
##  Max.   :20.716906   Max.   :8.336415   Max.   :908.8613 

Ostracods ‘morse’ parameter results 
##      median              Q2.5              Q97.5           
##  Min.   : 0.00081   Min.   : 0.00049   Min.   :  0.00144   
##  1st Qu.: 0.00164   1st Qu.: 0.00072   1st Qu.:  0.00319   
##  Median : 0.02161   Median : 0.01126   Median :  0.03644   
##  Mean   :19.31421   Mean   :11.75546   Mean   : 26.84405   
##  3rd Qu.:19.33417   3rd Qu.:11.76599   3rd Qu.: 26.87730   
##  Max.   :77.21280   Max.   :46.99882   Max.   :107.30190 
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MCMC fits for Morse 

 

 

 

Figure A 18. Parameter mixing and density results for GUTS-SD 
model with 'morse', for Amphipods. 



 

163 
 

 

Figure A 19. Parameter mixing and density results for GUTS-SD 
model with 'morse', for Copepods. 
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Figure A 20. Parameter mixing and density results for GUTS-SD 
model with 'morse', for Gastropods. 
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Figure A 21. Parameter mixing and density results for GUTS-SD 
model with 'morse', for Ostracods. 
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Post Posterior Checks 

 

Figure A 22. Post posterior plot checks provided by ‘morse’ to check the model fits of the GUTS-SD 
model parameters for the four Antarctic species 
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Appendix 5: Supporting Information for Chapters 4 and 5 

A. Proctor, C. King, S. Wotherspoon 

Chapter 4 uses the model and code, Chapter 5 uses the original model and code, and model as 

described in the truncated distributions section. Both Chapters use the simulated data 

description and the classical SSD. 

 Integrate Bayesian SSD model 

To make the LCx estimate explicit in the model, the dose-response model for a single species 

is reparametrized as 
𝑦𝑦𝑖𝑖 ∼ Bin(𝐵𝐵𝑖𝑖,𝜋𝜋𝑖𝑖)

ℓ(𝜋𝜋𝑖𝑖) = 𝑟𝑟(logLCx − log𝐶𝐶𝑖𝑖) + ℓ �1 −
𝐿𝐿

100
�
 

Where 𝑦𝑦𝑖𝑖 is the number of survivors from an initial cohort of 𝐵𝐵𝑖𝑖  individuals in the 𝑗𝑗 treatment, 

𝐶𝐶𝑖𝑖  is the toxicant concentration, LCx  is the lethal concentration at which 𝐿𝐿  percent of the 

population are affected, 𝑟𝑟  is a rate parameter and ℓ, the link function. For the purpose of 

estimating LCx, 𝑟𝑟 is a nuisance parameter. 

To estimate the species sensitivity distribution (SSD), logLCx is viewed as a random effect with 

an appropriate distribution (Normal or t to allow a robust alternative) 
𝑦𝑦𝑖𝑖𝑖𝑖 ∼ Bin(𝐵𝐵𝑖𝑖𝑖𝑖 ,𝜋𝜋𝑖𝑖𝑖𝑖)

ℓ(𝜋𝜋𝑖𝑖𝑖𝑖) = 𝑟𝑟𝑖𝑖(logLCx𝑖𝑖 − log𝐶𝐶𝑖𝑖𝑖𝑖) + ℓ �1 −
𝐿𝐿

100
�

log(LCx𝑖𝑖) ∼ F(𝜃𝜃)

 

where 𝑭𝑭  is the species sensitivity distribution dependent upon parameters 𝜽𝜽  and 𝒊𝒊 , which 

indexes the species. 

 Data Simulation  

We assume the raw data are supplied as a data frame where each row corresponds to a sample 

and with columns 

• s - the species indicator 
• C - the toxiicant concentration 
• n - initial number of individuals 
• y - the number of survivors 

It’s difficult to simulate data from this model because it’s difficult to know how to choose the 

realistic test concentrations and realistic 𝒓𝒓 parameter for each species. 
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To allow some flexibility, the simulation generates a random LCx by species number, and 

allows n and r, and the quantiles qlwr and qupr corresponding to the upper and lower test 

concentrations to be specified by species. 
simLCx <- function(nspecies,rlogLCx,r,n,m,x=10,qlwr=0.005,qupr=0.995) { 
 
  ## Make parameters species dependent 
  r <- rep(r,length.out=nspecies) 
  n <- rep(n,length.out=nspecies) 
  m <- rep(m,length.out=nspecies) 
  qlwr <- rep(qlwr,length.out=nspecies) 
  qupr <- rep(qupr,length.out=nspecies) 
 
  ## Generate logLCx for each species 
  logLCx <- sort(rlogLCx(nspecies)) 
  #logLCx <- 2*mu-logLCx 
 
  ## Generate a range of test concentrations equally spaced on a log 
  ## scale, and common to all species. 
   
  ##This needs to  change.  
  upr <- logLCx - (qnorm(qlwr)-qnorm(1-x/100))/r 
  lwr <- logLCx - (qnorm(qupr)-qnorm(1-x/100))/r 
 
  logCs <-unlist(mapply(seq,from=lwr,to=upr,length.out=m,SIMPLIFY=FALSE)) 
  logLCx <- rep(logLCx,m) 
  r <- rep(r,m) 
  n <- rep(n,m) 
 
  data.frame(r=r, 
             logLCx=logLCx, 
             s=factor(rep(1:nspecies,m)), 
             C=exp(logCs), 
             n=n, 
             y=rbinom(sum(m),n,pnorm(r*(logLCx-logCs)+qnorm(1-x/100)))) 
} 

Estimate logLCx with a simple GLM, calculating standard errors and correlations by the delta 

method 
LCx.glm <- function(d,x=10) { 
  q <- qnorm(1-x/100) 
  lcx <- function(d) { 
    fit <- glm(cbind(y,n-y)~1+log(C),family=binomial(link=probit),data=d) 
    ## Estimate logLCx and r 
    b <- unname(coef(fit)) 
    est <- c((q - b[1])/b[2],-b[2]) 
    J <- matrix(c(-1/b[2],0,-(q-b[1])/b[2]^2,-1),2,2) 
    ## Compute covariance by delta method 
    V <- J%*%vcov(fit)%*%t(J) 
    ##R <- cov2cor(V) 
    ##data.frame(s=d$s[1],logLCx=est[1],r=est[2],logLCx.se=sqrt(V[1,1]),r.s
e=sqrt(V[2,2]),cor=R[1,2]) 
    data.frame(s=d$s[1],logLCx=est[1],r=est[2],logLCx.se=sqrt(V[1,1])) 
  } 
  do.call(rbind,lapply(split(d,d$s,drop=TRUE),lcx)) 
} 
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 Classical Approach 

For the log Normal distribution, we can get simple estimates by calculating the mean and 

standard deviation of the log LCx and use these to generate HC1, HC5 and HC10. This ignores 

any uncertainty in the estimates and just fits a log Normal distribution to the estimated LCs. We 

can estimate confidence intervals by Bayesian bootstrap, but we must take a large number of 

samples to get any reliability. 
bbHC <- function(logLCx,p,n.boot=50000,log=TRUE) { 
  n <- length(logLCx) 
  hc <- matrix(0,n.boot,length(p)) 
  for(k in seq_len(n.boot)) { 
    w <- rexp(n,1) 
    w <- w/sum(w) 
    mu <- sum(w*logLCx) 
    sigma <- sqrt(n/(n-1)*sum(w*(logLCx - mu)^2)) 
    q <- qnorm(p,mu,sigma) 
    hc[k,] <- if(log) q else exp(q) 
  } 
  t(apply(hc,2,quantile,prob=c(0.5,0.025,0.975))) 
} 

 Integrated Bayesian SSD Using a Normal Distribuion 

If we assume the SSD is log Normal, based on a probit link and a common “x” for each species. 

We incorporate values reported in the literature by assuming they are Normally distributed 

about the true values with a reported precision, and the JAGS code is essentially of the form 
model { 
  ## Raw dose response data 
  for(k in 1:N) { 
    y[k] ~ dbinom(p[k],n[k]) 
    probit(p[k]) <- r[s[k]]*(loglcx[s[k]]-log(C[k]))+offset 
  } 
  ## Values reported in literature 
  for(k in 1:Nrep) { 
    val[k] ~ dnorm(loglcx[srep[k]],prec[k]) 
  } 
  ## Random loglcx for all species 
  for(k in 1:M) { 
    loglcx[k] ~ dnorm(mu,tau) 
  } 
  ## Priors for r for observed species 
  for(k in 1:Nraw) { 
    r[sraw[k]] ~ dexp(r.a) 
  } 
  ## Priors for mu and tau 
  mu ~ dnorm(mu.mu,mu.tau) 
  tau ~ dgamma(tau.a,tau.b) 
  sigma <- 1/sqrt(tau) 
} 

The jags SSDN function accepts two data frames. The d.raw data frame contains raw dose 

response data, in the format described above. The d.est data frame has columns 
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• s - the species indicator 
• logLCx - an estimate of the logLCx for the species 
• n - an estimate of 𝑟𝑟 for the species 
• logLCx.se - the standard error of the estimate of the logLCx for the species 
• reported - whether this is a value reported in the literature or is an estimate for the raw 

data. 
At minimum, d.est has one row for each species and gives initial estimates of log LCx and r 

for that species (either of which might be NA). Optionally, this data frame may contain additional 

rows giving estimates of log LCx and the corresponding standard errors logLCx.se obtained 

from the literature. There may be multiple rows for each species, and estimates can be provided 

for species for which there is no raw data. 
jagsSSDN <- function(d.est,d.raw=NULL,x=10, 
                    mu.mu=0,mu.tau=0.001,tau.a=0.001,tau.b=0.001,r.a=0.1, 
                    n.chains=4,n.adapt=500) { 
 
  if(!requireNamespace("rjags",quietly=TRUE)) { 
    stop("jagsSSD requires the rjags package to be installed", call. = FALS
E) 
  } 
 
  offset <- qnorm(1-x/100) 
 
  bugs.model <- " 
model { 
  ## Raw dose response data 
  for(k in 1:N) { 
    y[k] ~ dbinom(p[k],n[k]) 
    probit(p[k]) <- r[s[k]]*(loglcx[s[k]]-log(C[k]))+offset 
  } 
  ## Values reported in literature 
  for(k in 1:Nrep) { 
    val[k] ~ dnorm(loglcx[srep[k]],prec[k]) 
  } 
  ## Random loglcx for all species 
  for(k in 1:M) { 
    loglcx[k] ~ dnorm(mu,tau) 
  } 
  ## Priors for r for observed species 
  for(k in 1:Nraw) { 
    r[sraw[k]] ~ dexp(r.a) 
  } 
  ## Priors for mu and tau 
  mu ~ dnorm(mu.mu,mu.tau) 
  tau ~ dgamma(tau.a,tau.b) 
  sigma <- 1/sqrt(tau) 
}" 
 
  ## Estimate initial parameters 
  d.est$s <- factor(d.est$s) 
  N <- NROW(d.raw) 
  if(N > 0) d.raw$s <- factor(d.raw$s,levels=d.est$s) 
  sraw <- sort(unique(as.numeric(d.raw$s))) 
  r <- d.est$r[!d.est$reported] 
  r <- r[match(levels(d.est$s),d.est$s[!d.est$reported])] 
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  r <- r[seq_len(max(0,which(!is.na(r))))] 
  loglcx <- tapply(d.est$logLCx,d.est$s,mean) 
 
  mu <- mean(loglcx) 
  tau <- 1/var(c(loglcx,2*mu-loglcx)) 
   
  ## Return the compiled JAGS model 
  model=rjags::jags.model( 
    textConnection(bugs.model), 
    data = list( 
      "M" = nlevels(d.est$s), 
      "N" = N, 
      "Nrep" = sum(d.est$reported), 
      "srep" = as.numeric(d.est$s[d.est$reported]), 
      "Nraw" = length(sraw), 
      "sraw" = sraw, 
      "s" = match(d.raw$s,levels(d.est$s)), 
      "C" = d.raw$C, 
      "n" = d.raw$n, 
      "y" = d.raw$y, 
      "val" = d.est$logLCx[d.est$reported], 
      "prec" = 1/(d.est$logLCx.se[d.est$reported])^2, 
      "offset" = offset, 
      "mu.mu" = mu.mu, 
      "mu.tau" = mu.tau, 
      "tau.a" = tau.a, 
      "tau.b" = tau.b, 
      "r.a" = r.a), 
    inits=list(r=r,loglcx=loglcx,mu=mu,tau=tau), 
    n.chains = n.chains, 
    n.adapt = n.adapt, 
    quiet=TRUE) 
} 

 Heavy Tailed t-distribuion 

JAGS - t 
The model that assumes the SSD is t distributed essentially the same, but the random LCx’s are 

now t distributed, and we adopt a hierarchical structure for the degrees of freedom 𝝂𝝂, 
model { 
  ## Raw dose response data 
  for(k in 1:N) { 
    y[k] ~ dbinom(p[k],n[k]) 
    probit(p[k]) <- r[s[k]]*(loglcx[s[k]]-log(C[k]))+offset 
  } 
  ## Values reported in literature 
  for(k in 1:Nrep) { 
    val[k] ~ dnorm(loglcx[srep[k]],prec[k]) 
  } 
  ## Random loglcx for all species 
  for(k in 1:M) { 
    loglcx[k] ~ dt(mu,tau,nu) 
  } 
  nu ~ dexp(nu.a) 
  nu.a ~ dunif(0.01,0.5) 
   
  ## Priors for r for observed species 
  for(k in 1:Nraw) { 
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    r[sraw[k]] ~ dexp(r.a) 
  } 
  ## Priors for mu and tau 
  mu ~ dnorm(mu.mu,mu.tau) 
  tau ~ dgamma(tau.a,tau.b) 
  sigma <- 1/sqrt(tau) 
} 

jagsSSDT <- function(d.est,d.raw=NULL,x=10, 
                    mu.mu=0,mu.tau=0.001,tau.a=0.001,tau.b=0.001,r.a=0.1, 
                    n.chains=4,n.adapt=500) { 
 
  if(!requireNamespace("rjags",quietly=TRUE)) { 
    stop("jagsSSD requires the rjags package to be installed", call. = FALS
E) 
  } 
 
  offset <- qnorm(1-x/100) 
 
  bugs.model <- " 
model { 
  ## Raw dose response data 
  for(k in 1:N) { 
    y[k] ~ dbinom(p[k],n[k]) 
    probit(p[k]) <- r[s[k]]*(loglcx[s[k]]-log(C[k]))+offset 
  } 
  ## Values reported in literature 
  for(k in 1:Nrep) { 
    val[k] ~ dnorm(loglcx[srep[k]],prec[k]) 
  } 
  ## Random loglcx for all species 
  for(k in 1:M) { 
    loglcx[k] ~ dt(mu,tau,nu) 
  } 
 
  nu ~ dexp(nu.a) 
  nu.a ~ dunif(0.01,0.5) 
 
  ## Priors for r for observed species 
  for(k in 1:Nraw) { 
    r[sraw[k]] ~ dexp(r.a) 
  } 
  ## Priors for mu and tau 
  mu ~ dnorm(mu.mu,mu.tau) 
  tau ~ dgamma(tau.a,tau.b) 
  sigma <- 1/sqrt(tau) 
}" 
 
  ## Estimate initial parameters 
  d.est$s <- factor(d.est$s) 
  N <- NROW(d.raw) 
  if(N > 0) d.raw$s <- factor(d.raw$s,levels=d.est$s) 
  sraw <- sort(unique(as.numeric(d.raw$s))) 
  r <- d.est$r[!d.est$reported] 
  r <- r[match(levels(d.est$s),d.est$s[!d.est$reported])] 
  r <- r[seq_len(max(0,which(!is.na(r))))] 
  loglcx <- tapply(d.est$logLCx,d.est$s,mean) 
   
  mu <- mean(loglcx) 
  tau <- 1/var(c(loglcx,2*mu-loglcx)) 
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  ## Return the compiled JAGS model 
  model=rjags::jags.model( 
    textConnection(bugs.model), 
    data = list( 
      "M" = nlevels(d.est$s), 
      "N" = N, 
      "Nrep" = sum(d.est$reported), 
      "srep" = as.numeric(d.est$s[d.est$reported]), 
      "Nraw" = length(sraw), 
      "sraw" = sraw, 
      "s" = match(d.raw$s,levels(d.est$s)), 
      "C" = d.raw$C, 
      "n" = d.raw$n, 
      "y" = d.raw$y, 
      "val" = d.est$logLCx[d.est$reported], 
      "prec" = 1/(d.est$logLCx.se[d.est$reported])^2, 
      "offset" = offset, 
      "mu.mu" = mu.mu, 
      "mu.tau" = mu.tau, 
      "tau.a" = tau.a, 
      "tau.b" = tau.b, 
      "r.a" = r.a), 
    inits=list(r=r,loglcx=loglcx,mu=mu,tau=tau), 
    n.chains = n.chains, 
    n.adapt = n.adapt, 
    quiet=TRUE) 
} 

 JAGS – Truncated Half Normal Distribuion 

In the half Normal model, we assume the upper half of LCx estimates have been discarded, and 

assume the random effects are truncated above the mean. For simplicity we will assume all data 

for the missing half is already discarded, and so we need only add a truncation to the distribution 

of the random effects. 
jagsSSDHN <- function(d.est,d.raw=NULL,x=10, 
                    mu.mu=0,mu.tau=0.001,tau.a=0.001,tau.b=0.001,r.a=0.1, 
                    n.chains=4,n.adapt=500) { 
 
  if(!requireNamespace("rjags",quietly=TRUE)) { 
    stop("jagsSSD requires the rjags package to be installed", call. = FALS
E) 
  } 
 
  offset <- qnorm(1-x/100) 
 
  bugs.model <- " 
model { 
  ## Raw dose response data 
  for(k in 1:N) { 
    y[k] ~ dbinom(p[k],n[k]) 
    probit(p[k]) <- r[s[k]]*(loglcx[s[k]]-log(C[k]))+offset 
  } 
  ## Values reported in literature 
  for(k in 1:Nrep) { 
    val[k] ~ dnorm(loglcx[srep[k]],prec[k]) 
  } 
  ## Random loglcx for all species 
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  for(k in 1:M) { 
    loglcx[k] ~ dnorm(mu,tau)T(,mu) 
  } 
  ## Priors for r for observed species 
  for(k in 1:Nraw) { 
    r[sraw[k]] ~ dexp(r.a) 
  } 
  ## Priors for mu and tau 
  mu ~ dnorm(mu.mu,mu.tau) 
  tau ~ dgamma(tau.a,tau.b) 
  sigma <- 1/sqrt(tau) 
}" 
 
  ## Estimate initial parameters 
  d.est$s <- factor(d.est$s) 
  N <- NROW(d.raw) 
  if(N > 0) d.raw$s <- factor(d.raw$s,levels=d.est$s) 
  sraw <- sort(unique(as.numeric(d.raw$s))) 
  r <- d.est$r[!d.est$reported] 
  r <- r[match(levels(d.est$s),d.est$s[!d.est$reported])] 
  r <- r[seq_len(max(0,which(!is.na(r))))] 
  loglcx <- tapply(d.est$logLCx,d.est$s,mean) 
 
  mu <- max(loglcx) 
  tau <- 1/var(c(loglcx,2*mu-loglcx)) 
   
  ## Return the compiled JAGS model 
  model=rjags::jags.model( 
    textConnection(bugs.model), 
    data = list( 
      "M" = nlevels(d.est$s), 
      "N" = N, 
      "Nrep" = sum(d.est$reported), 
      "srep" = as.numeric(d.est$s[d.est$reported]), 
      "Nraw" = length(sraw), 
      "sraw" = sraw, 
      "s" = match(d.raw$s,levels(d.est$s)), 
      "C" = d.raw$C, 
      "n" = d.raw$n, 
      "y" = d.raw$y, 
      "val" = d.est$logLCx[d.est$reported], 
      "prec" = 1/(d.est$logLCx.se[d.est$reported])^2, 
      "offset" = offset, 
      "mu.mu" = mu.mu, 
      "mu.tau" = mu.tau, 
      "tau.a" = tau.a, 
      "tau.b" = tau.b, 
      "r.a" = r.a), 
    inits=list(r=r,loglcx=loglcx,mu=mu,tau=tau), 
    n.chains = n.chains, 
    n.adapt = n.adapt, 
    quiet=TRUE) 
} 

 JAGS –Truncated Half t-distribuion 

The half-truncated t model is essential identical 
jagsSSDHT <- function(d.est,d.raw=NULL,x=10, 
                    mu.mu=0,mu.tau=0.001,tau.a=0.001,tau.b=0.001,r.a=0.1, 
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                    n.chains=4,n.adapt=500) { 
 
  if(!requireNamespace("rjags",quietly=TRUE)) { 
    stop("jagsSSD requires the rjags package to be installed", call. = FALS
E) 
  } 
 
  offset <- qnorm(1-x/100) 
 
  bugs.model <- " 
model { 
  ## Raw dose response data 
  for(k in 1:N) { 
    y[k] ~ dbinom(p[k],n[k]) 
    probit(p[k]) <- r[s[k]]*(loglcx[s[k]]-log(C[k]))+offset 
  } 
  ## Values reported in literature 
  for(k in 1:Nrep) { 
    val[k] ~ dnorm(loglcx[srep[k]],prec[k]) 
  } 
  ## Random loglcx for all species 
  for(k in 1:M) { 
    loglcx[k] ~ dt(mu,tau,nu)T(,mu) 
  } 
 
  nu ~ dexp(nu.a) 
  nu.a ~ dunif(0.01,0.5) 
 
  ## Priors for r for observed species 
  for(k in 1:Nraw) { 
    r[sraw[k]] ~ dexp(r.a) 
  } 
  ## Priors for mu and tau 
  mu ~ dnorm(mu.mu,mu.tau) 
  tau ~ dgamma(tau.a,tau.b) 
  sigma <- 1/sqrt(tau) 
}" 
 
  ## Estimate initial parameters 
  d.est$s <- factor(d.est$s) 
  N <- NROW(d.raw) 
  if(N > 0) d.raw$s <- factor(d.raw$s,levels=d.est$s) 
  sraw <- sort(unique(as.numeric(d.raw$s))) 
  r <- d.est$r[!d.est$reported] 
  r <- r[match(levels(d.est$s),d.est$s[!d.est$reported])] 
  r <- r[seq_len(max(0,which(!is.na(r))))] 
  loglcx <- tapply(d.est$logLCx,d.est$s,mean) 
   
  mu <- max(loglcx) 
  tau <- 1/var(c(loglcx,2*mu-loglcx)) 
 
  ## Return the compiled JAGS model 
  model=rjags::jags.model( 
    textConnection(bugs.model), 
    data = list( 
      "M" = nlevels(d.est$s), 
      "N" = N, 
      "Nrep" = sum(d.est$reported), 
      "srep" = as.numeric(d.est$s[d.est$reported]), 
      "Nraw" = length(sraw), 
      "sraw" = sraw, 
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      "s" = match(d.raw$s,levels(d.est$s)), 
      "C" = d.raw$C, 
      "n" = d.raw$n, 
      "y" = d.raw$y, 
      "val" = d.est$logLCx[d.est$reported], 
      "prec" = 1/(d.est$logLCx.se[d.est$reported])^2, 
      "offset" = offset, 
      "mu.mu" = mu.mu, 
      "mu.tau" = mu.tau, 
      "tau.a" = tau.a, 
      "tau.b" = tau.b, 
      "r.a" = r.a), 
    inits=list(r=r,loglcx=loglcx,mu=mu,tau=tau), 
    n.chains = n.chains, 
    n.adapt = n.adapt, 
    quiet=TRUE) 
} 

 Support Functions 

Some specialist summary functions 
summary4 <- function(x) c(mean=mean(x),quantile(x,prob=c(0.5,0.025,0.975))) 
loglcx.summary <- function(fit) { 
  t(apply(do.call(rbind,fit[,grep("loglcx",colnames(fit[[1]]))]),2,summary4
)) 
} 
pnorm.summary <- function(fit,loglcx) { 
  ps <- do.call(rbind,fit[,match(c("mu","sigma"),colnames(fit[[1]]))]) 
  cbind.data.frame(logLCx=loglcx,t(sapply(loglcx,function(loglcx) summary4(
pnorm(loglcx,ps[,1],ps[,2]))))) 
} 
qnorm.summary <- function(fit,p) { 
  ps <- do.call(rbind,fit[,match(c("mu","sigma"),colnames(fit[[1]]))]) 
  cbind.data.frame(p=p,t(sapply(p,function(p) summary4(qnorm(p,ps[,1],ps[,2
]))))) 
} 
pt.summary <- function(fit,loglcx) { 
  ps <- do.call(rbind,fit[,match(c("mu","sigma","nu"),colnames(fit[[1]]))]) 
  cbind.data.frame(logLCx=loglcx,t(sapply(loglcx,function(loglcx) summary4(
pt((loglcx-ps[,1])/ps[,2],ps[,3]))))) 
} 
qt.summary <- function(fit,p) { 
  ps <- do.call(rbind,fit[,match(c("mu","sigma","nu"),colnames(fit[[1]]))]) 
  cbind.data.frame(p=p,t(sapply(p,function(p) summary4(ps[,1]+ps[,2]*qt(p,p
s[,3]))))) 
} 

 Data Simulation for Six Scenarios in Chapter 5 

As before we assume the LCx for some species are reported rather than estimated 
simulate <- function(sim,ndrop=25,nspecies=30) {  
 
  ## Simulate data 
  d <- simLCx(nspecies,rlogLCx,x=10, 
              r=runif(nspecies,1.0,1.4), 
              n=sample(c(10,12,15,18,20,24),nspecies,replace=T), 
              qlwr=runif(nspecies,0.005,0.05), 
              qupr=runif(nspecies,0.9,0.999), 
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              m=sample(c(6,8,10),nspecies,replace=T)) 
   
  ## Simulate the species to drop 
  spdrop <- sample(levels(d$s),ndrop) 
  ## The raw data for the non-dropped 
  d.raw <- d[!(d$s %in% spdrop),] 
   
  ## Estimates from individual species models 
  d.est <- LCx.glm(d) 
  d.est$reported <- d.est$s %in% spdrop 
   
   
  ## Discard species in the upper tail 
  d.est$keep <- d.est$logLCx <= median(d.est$logLCx) 
  d.est1 <- d.est[d.est$keep,] 
  d.raw1 <- d.raw[d.raw$s %in% unique(d.est1$s),] 
   
  p <- c(0.01,0.05,0.1) 
  ## What do we report for the actual?? 
   
  ## Classical estimator 
  tabC <- cbind(p=p, 
                mean=qnorm(p,mean(d.est$logLCx),sd(d.est$logLCx)), 
                bbHC(d.est$logLCx,p,log=TRUE)) 
   
   
  ## Fit the full Normal model 
  jagsN <- jagsSSDN(d.est,d.raw) 
  update(jagsN) 
  fitN <- coda.samples(jagsN,c("mu","sigma"), 2000) 
  tabN <- qnorm.summary(fitN,p) 
   
  ## Fit the full t model 
  jagsT <- jagsSSDT(d.est,d.raw) 
  update(jagsT) 
  fitT <- coda.samples(jagsT,c("mu","sigma","nu"), 2000) 
  tabT <- qt.summary(fitT,p) 
   
   
  ##Fit the half Normal model 
  jagsHN <- jagsSSDHN(d.est1,d.raw1) 
  update(jagsHN) 
  fitHN <- coda.samples(jagsHN,c("mu","sigma"), 2000) 
  tabHN <- qnorm.summary(fitHN,p) 
   
  ## Fit the half t model 
  jagsHT <- jagsSSDHT(d.est1,d.raw1) 
  update(jagsHT) 
  fitHT <- coda.samples(jagsHT,c("mu","sigma","nu"), 2000) 
  tabHT <- qt.summary(fitHT,p) 
 
  rbind(cbind.data.frame(Type="C",tabC), 
        cbind.data.frame(Type="N",tabN), 
        cbind.data.frame(Type="T",tabT), 
        cbind.data.frame(Type="HN",tabHN), 
        cbind.data.frame(Type="HT",tabHT)) 
} 

Example of parameter definition for a scenario 

An example of simulate log LCx from a distribution that is Normal above and below the median 
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mu <- 3.2 
sigma <- 1.6 
nu <- 50 
a <- 1 
rlogLCx <- function(n) { 
    r <- runif(n) 
    ifelse(r < 0.5, 
           mu+sigma*qt(r,nu), 
           mu+a*sigma*qnorm(r)) 
} 
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